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Abstract 

Prenatal and neonatal studies around Hypoxia-Ischemic have shown that the brain injury caused by 

lack of oxygen evolves over time and this evolutionary process provides a window of opportunity 

for possible treatments for a few hours post HI insult. The motivation of this research was to 

develop real-time automated algorithms for accurate and reliable identification and quantification 

of the potential biomarkers of evolving HI brain injury that emerge as particular micro-scale 

epileptiform HI transients in a profoundly suppressed electroencephalographic (EEG) background, 

after a severe HI insult; during the period in which the brain injury is still treatable. Hence, this 

thesis will address the above issues by making three major scientific contributions.  

The first scientific contribution of this thesis is to introduce a novel heuristic automated technique 

based on the fusion of Wavelets and template matching classifiers for the reliable identification of 

the post HI sharp wave transients in the 1024Hz sampled EEG of asphyxiated in utero preterm fetal 

sheep as a method for examining the adaptations to HI insults. 

The second scientific contribution of this study demonstrates, for the first time that HI micro-scale 

sharp wave transients from the in utero preterm sheep models are indeed a biomarker for HI and 

significantly correlate with subcortical neuronal loss in caudate and the dentate gyrus of the 

striatum and hippocampus, respectively. The results have advance impact by demonstrating that it 

is possible to time localize where the occurrence of the automatically identified HI micro-scale 

sharp waves correlate with brain damage.  

The last main contribution of this thesis is to demonstrate how advanced signal processing 

approaches based on the combination of Wavelets-thresholding classifiers can be used for real-time 

and accurate identification of HI spikes and Stereotypic Evolving Micro-scale Seizures (SEMS) 

transients. It also assesses the effect of drugs (particularly MgSo4) on the number of automatically 

identified sharp transients present in the EEG, post HI insult. The results of this thesis emphasize 

the importance of early identification of the HI micro-scale transients and substantiate where in 

time is possible to optimally fight against the spread of injury before it becomes irreversible. It is 

hoped that the findings of this research will be of benefit for future works in this interesting field. 



 

ii 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

iii 
 

 

 

 

“Impossible” is a word that has not been defined in my dictionary 

    

            I would either find or make a way…. 
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Chapter 1 

Introduction to Hypoxic Ischemic Encephalopathy  

1.1. Introduction 

A healthy delivery of a baby is an expectation of all parents, however, a range of adverse perinatal 

events can affect an infant’s life at birth which can lead to life-long disorders. Hypoxia-ischemia 

(HI: reduced oxygen delivery and perfusion), before or during birth, is one such adverse event, and 

is the leading cause of neonatal death and brain injury (encephalopathy) (Harrison and Goldenberg, 

2016, Gopagondanahalli et al., 2016, Petrou, 2003). 

Hypoxic-ischemic encephalopathy (HIE) occurs in 1-3/1000 live births at term, and HI insults are 

suggested to be more common in preterm births with rates around 5-9/1000 live births 

(Gopagondanahalli et al., 2016, Logitharajah et al., 2009, Low et al., 2003, Behrman and Butler, 

2007). Further, preterm infants are at risk of impaired neurodevelopment in response to even mild 

HI insults, and they are prone to experiencing combinations of insults (such as HI and inflammation 

under conditions such as chorioamnionitis) or repeated insults before and after birth (Dammann 

and Leviton, 2013, Hagberg et al., 2015). 

HI injury contributes significantly to the development of a number of long-term neurological 

conditions ranging from epilepsy, learning difficulties, cognitive disorders and attention 

deficit/hyperactivity disorder (ADHD) to major motor disorders such as cerebral palsy, hearing and 

visual impairments and mental retardation and preterm infants are higher risk of these morbidities 

(Behrman and Butler, 2007, Harrison and Goldenberg, 2016). Such conditions are a burden to 

individuals and their families, and to our health care systems. In the USA alone, the caring costs of 

premature infants have been assessed to be double the direct costs of AIDS (Hodek et al., 2011). 
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Even late preterm or near term birth is associated with significant costs (Johnston et al., 2014, Khan 

et al., 2015). In New Zealand these costs have not been assessed in the same manner, but are likely 

to be very similar given that preterm birth is a leading cause of loss of life-time health (Ministry of 

Health, 2016). 

Thus interventions which prevent or reduce the adverse effects of HI make a significant difference 

to individuals, their families and to society as a whole (Eunson, 2015). Currently, however, we do 

not have any specific neuroprotection treatments for preterm brain injury, but therapeutic 

hypothermia is used for term brain injury (Gunn and Groenendaal, 2016, Johnston et al., 2011, 

Natarajan et al., 2016). Development of this treatment was possible because many pre-clinical and 

clinical studies have demonstrated that injury evolves over time, and there are windows of 

opportunity to intervene in the cell death cascade (Gunn and Groenendaal, 2016, Natarajan et al., 

2016, Gunn and Bennet, 2016, Bennet et al., 2010, Gopagondanahalli et al., 2016). However, this 

treatment is only effective in around 50% of babies, and in large part this is because many babies 

are born with injury having progressed beyond the therapeutic window of opportunity (Gunn and 

Groenendaal, 2016, Bennet et al., 2010). Currently, we lack biological markers (biomarkers) to 

detect clearly the phases of brain injury and thus whether an infant will benefit from treatment 

(Gunn and Groenendaal, 2016). The focus of my thesis was on the real-time assessment of 

electroencephalographic (EEG) micro-scale waveforms as a potential biomarkers, and to develop 

automated algorithms for accurate and reliable identification, quantification and analysis of these 

particular waveforms. 

This chapter details the medical background required in the following chapters regarding the 

automatic identification of potential biomarkers of hypoxic brain injury within the EEG of preterm 

fetal sheep after hypoxic-ischemic insult. In the following sections I will discuss the following; the 

causes of perinatal HIE, how injury evolves over time, current biomarkers and their limitations, 

perinatal EEG monitoring and the evidence that micro-scale EEG epileptiform transients may be a 
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useful biomarker for detection of evolving injury. Finally, I will discuss the use of fetal sheep 

models as a method for examining the adaptations to HI insults, and fetal EEG monitoring.  

1.2. Hypoxic Ischemic Encephalopathy – causes and timing 

HI insults before or during birth are a significant contributor to perinatal mortality and morbidity 

(Gunn and Groenendaal, 2016, Natarajan et al., 2016, Gopagondanahalli et al., 2016, Blencowe et 

al., 2013, Oza et al., 2015). HI insults around the time of birth, can be defined as asphyxia as there 

is usually a significant reduction in oxygenation (hypoxemia), increased carbon dioxide 

(hypercapnia) and mixed respiratory and metabolic acidosis. Reduced perfusion (ischemia) is a 

common feature of the asphyxia insult. The potential causes in utero include compression of the 

umbilical cord, utero-placental insufficiency, impaired or malformed placental growth, abruption 

of the placenta where a part of the placenta may detach from the uterus, placenta praevia where the 

placenta sits low and may block the neck of the uterus, maternal hypotension or hypovolaemia, and 

maternal hypertension (such as occurs with pre-eclampsia) (Low, 2004, Jonsson et al., 2014, 

Mwaniki et al., 2012).  

Asphyxia accounts for 23% of neonatal deaths worldwide and is a significant contributor to 

morbidity (World Health Organization, 2005). Asphyxia largely occurs during labour for term 

infants, but many asphyxia insults reportedly occur well before, particularly for the preterm 

newborn (Mwaniki et al., 2012, Gunn and Groenendaal, 2016, Tan, 2014, Garfinkle et al., 2015, 

Chan and Baergen, 2012). In term infants, it is suggested that 50-80% of neonatal encephalopathy 

is related to HI insults before or during birth (Ahearne et al., 2016, Takenouchi et al., 2012). The 

rate of asphyxia during labour in preterm births is not well understood, as it is not reported for 

many centers (Logitharajah et al., 2009). However, the rate is reported to be 5-9/1000 live births 

vs 1-3/1000 live births for term (Gopagondanahalli et al., 2016, Logitharajah et al., 2009, Low et 

al., 2003, Behrman and Butler, 2007). The incidence of encephalopathy resulting from HI at birth 

is higher, with 50% are moderate or severe vs term of whom 15% are moderate or severe (Low, 
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2004, Vannucci, 2000). For the preterm fetus, injury such as cerebral palsy may occur before birth 

rather than asphyxia at birth (Tan, 2014, Ellenberg and Nelson, 2013, Mcintyre et al., 2015). This 

indicates that the risk of HIE is much higher in babies born preterm (Inder and Volpe, 2000, 

Logitharajah et al., 2009, Back, 2015, Drury et al., 2014c, Merchant and Azzopardi, 2015, Low, 

2004). In New Zealand alone, more than 80% of the 500 or babies who are born very prematurely 

survive every year (Bennet and Gunn, 2007).  

Although, the survival rates of high risk preterm babies has been significantly improved over the 

last few decades, the survival is often associated with debilitating morbidity and disability (Arpino 

et al., 2010, Edwards et al., 2010, Low et al., 1983, Schiering et al., 2014, Miller et al., 2004, 

Ferriero, 2004, Graham et al., 2008). About 5 to 15% of premature infants between 23 and 30 

weeks suffer severe handicaps such as cerebral palsy and 25 to 60% of the surviving premature 

infants will develop neurodevelopmental impairment (Bennet and Gunn, 2007). 

Neurodevelopmental disability is mediated by loss of grey and white matter cells, and development 

of the neural network that varies as a function of the type of insult and the age at which insults like 

hypoxia-ischemia occur (Back et al., 2007). HIE in term infants is associated with a water-shed 

pattern of cortical injury, which is susceptible to low perfusion, intragyral white matter loss, and 

basal ganglia-disruption patterns that involves deep grey nuclei, the hippocampus and perirolandic 

cortex as well as the thalamus (Groenendaal and de Vries, 2016, Shankaran et al., 2015, Ortinau 

and Neil, 2015, Khwaja and Volpe, 2008, Robertson and Perlman, 2006).  Extreme patterns of 

injury such as intraventricular haemorrhage and cystic white matter lesions are more commonly 

seen in preterm infants, but improvements in clinical care has seen these severe injuries decline 

(Ortinau and Neil, 2015). Preterm injury is preterm infants are characterised as largely diffuse white 

matter injury, with microcystic lesions, and subcortical neuronal injury, but little acute cortical 

injury (Khwaja and Volpe, 2008, Brumbaugh et al., 2016, Ortinau and Neil, 2015, Back and 

Rosenberg, 2014, Penn et al., 2016, Boardman et al., 2010). In the longer-term preterm infants are 

at greater risk of reduced volumes of subcortical neuronal populations, corpus callosal area, 
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reduced cortical folding and reduced white matter volume (Khwaja and Volpe, 2008, Brumbaugh 

et al., 2016, Ortinau and Neil, 2015, Back and Rosenberg, 2014, Penn et al., 2016, Boardman et al., 

2010). For preterm infants, impaired neurodevelopment is in part related to delayed maturation of 

oligodendrocytes (Back and Rosenberg, 2014, Penn et al., 2016, Bennet et al., 2013). These 

changes in the cerebral architecture are associated with changes in neural connectivity and an 

impaired neural network (Miller and Ferriero, 2009, Ball et al., 2014, Ball et al., 2013, Ball et al., 

2015, Smyser and Neil, 2015, Smyser et al., 2016). 

1.3. The evolution of brain injury and the window of opportunity for treatment 

Neuroprotection and neurorepair strategies are feasible because brain injury evolves time during 

recovery after the end of an HI insult, with most brain cells dying after the HI insult not during the 

insult (Figure 1.1)  (Merchant and Azzopardi, 2015, Gunn and Bennet, 2009)  (Merchant and 

Azzopardi, 2015, Gunn and Bennet, 2009, Drury et al., 2014c, Drury et al., 2010). The insight 

behind this type of brain injury suggests that HIE has an evolving nature and is not a single event 

(Gunn and Thoresen, 2006). Most of our understanding about the evolution of perinatal brain injury 

comes from term animal and clinical studies (Gunn and Groenendaal, 2016, Wassink et al., 2014). 

These studies have demonstrated that for treatments such as therapeutic hypothermia, which is 

currently the only therapy for HIE in term infants, that there is an optimal window of opportunity 

to start treatment (latent phase), and that treatment must extend out through the secondary phase 

(Gunn and Groenendaal, 2016, Wassink et al., 2014, Davidson et al., 2016). There are data to 

suggest that preterm brain injury may evolve over similar latent and secondary phases (Bennet et 

al., 2006, Bennet et al., 2010, Wassink et al., 2014, Hyttel-Sorensen et al., 2015).  
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Figure 1.1: Phases of Cerebral Hypoxic Injury after a severe reversible HI insult 

The phases of the injury are sequentially discussed below. 

Primary phase: 

A reduction in oxygen reduces the energy supply to the cells, compromising the ionic control of 

cell function (Wassink et al., 2014, Kristian and Siesjo, 1998, Rothman and Olney, 1986). This 

subsequently causes a sever fall in the EEG power. Lack of oxygen leads to progressive cellular 

depolarization allowing sodium, calcium and water to enter cells, while potassium is lost out of 

cells. This primary phase of energy loss causes cytotoxic edema (cell swelling (Wassink et al., 

2014, Kristian and Siesjo, 1998, Rothman and Olney, 1986, Kalogeris et al., 2012, Raichle, 1983). 

The reuptake failure and the excessive depolarization lead to significant extracellular accumulation 

of excitatory amino acids (EAAs) in the cells which causes further depolarization of the cells (see 

Figure 1.1) (Johnston, 2005, Burd et al., 2016).  

EEG activity is significantly reduced during the primary phase, and has been shown in the near-

term sheep fetus that this is neuroprotective and is in part mediated by adenosine, at least in the 

initial phase (Hunter et al., 2003). Cerebral perfusion transiently increases or is maintained around 

baseline levels, and as hypoxia increases, blood flow begins to fall as blood pressure decreases, 
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eventually leading to profound compromise (Bennet, 2017, Drury et al., 2012). The fetal responses 

to asphyxia are similar in term and preterm fetuses, but the preterm fetus can tolerate a much more 

prolonged duration of asphyxia due to high glycogen content in the heart, as recently extensively 

reviewed (Bennet, 2017). Clinical studies have reported detrimental outcomes if oxidative 

metabolism does not recover (Drury et al., 2010, Azzopardi et al., 1989, Blumberg et al., 1997, 

Roth et al., 1997). 

Latent phase: 

After the end of asphyxia, there is an initial reperfusion phase, in which cerebral perfusion is often 

increased above baseline, accompanied by a transient partial increase in EEG power (Figure 1.2) 

(Kalogeris et al., 2012, Wassink et al., 2014, Dean et al., 2006c, Dean et al., 2006a, George et al., 

2004, Bennet et al., 2010, Bennet et al., 2012, Drury et al., 2012, Drury et al., 2014a, Drury et al., 

2014b, Davidson et al., 2014, Bennet et al., 1999). This reperfusion phase typically lasts for 10-30 

minutes, in term and preterm fetuses (Kalogeris et al., 2012, Wassink et al., 2014, Dean et al., 

2006c, Dean et al., 2006a, George et al., 2004, Bennet et al., 2010, Bennet et al., 2012, Drury et al., 

2012, Drury et al., 2014a, Drury et al., 2014b, Davidson et al., 2014, Bennet et al., 1999). With the 

increase in reperfusion, cerebral oxidative metabolism is re-established. Following reperfusion, 

cerebral blood flow falls, with a nadir typically around 1-2 hours (Kalogeris et al., 2012, Wassink 

et al., 2014, Dean et al., 2006c, Dean et al., 2006a, George et al., 2004, Bennet et al., 2010, Bennet 

et al., 2012, Drury et al., 2012, Drury et al., 2014a, Drury et al., 2014b, Davidson et al., 2014, 

Bennet et al., 1999). Cerebral and peripheral hypoperfusion is seen in fetal, neonatal and adult 

animals after HI insults (Rosenberg, 1986, Ten and Pinsky, 2002, Hossmann, 1997, Gidday et al., 

1996, Michenfelder et al., 1991). Hypoperfusion is not related to hypotension, but rather it is due 

to an actively mediated vasoconstriction through activation of the sympathetic nervous system 

(SNS), neurosteroids and adenosine, to name a few key regulators (Dean et al., 2006a, Quaedackers 

et al., 2004, Gidday et al., 1996, Nguyen et al., 2004, Yawno et al., 2007). In the preterm fetal 

sheep, hypoperfusion is sustained throughout the latent and secondary phases (Wassink et al., 2014, 
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Dean et al., 2006c, Dean et al., 2006a, George et al., 2004, Bennet et al., 2010, Bennet et al., 2012, 

Drury et al., 2012, Drury et al., 2014a, Drury et al., 2014b, Davidson et al., 2014, Bennet et al., 

1999). It is unlikely that cerebral hypoperfusion is mediated by endothelial dysfunction, but rather 

it appears that it blood flow is reduced to match sustained EEG suppression (i.e. matching of 

cerebral blood flow and metabolism) (Michenfelder et al., 1991, Jensen et al., 2006). Uncoupling 

of this matching of cerebral blood flow and metabolism can increase injury (Dean et al., 2006a, 

George et al., 2007, Dean et al., 2008, Lear et al., 2014). For the brain, the severity of injury is 

related to how quickly the brain becomes hypoperfused and for how long (Karlsson et al., 1994, 

Huang et al., 1999).  

However, we have observed in preterm fetal sheep that there is a period of cerebral hypoxia during 

the period where perfusion is at its nadir (Lear et al., 2014, George et al., 2004, Bennet et al., 2006, 

Bennet et al., 2010). We have previously shown in preterm fetal sheep that this period of hypoxemia 

is associated with peak numbers of epileptiform transients (low amplitude, high frequency events) 

(see chapter 7). As part of assessing the latent phase I have designated four distinct sub-phases 

within the latent phase: the reperfusion, early-latent (30 min -2 hours), mid-latent (2-4 hours), and 

late-latent phases (4-6 hours), with stereotypic evolving seizures characteristic of the secondary 

phase, often beginning to occur after 6 hours in preterm fetal sheep (Figure 1.2-B). The early-latent 

phase follows the reperfusion phase, and is characterized by a re-establishment of suppression of 

EEG power (Figure 1.2), an increase in EEG frequency secondary to the increasing numbers of 

epileptiform transients, the nadir of cerebral hypoperfusion, and a transient fall in cerebral 

oxygenation (Bennet et al., 2010, Abbasi et al., 2015, Abbasi et al., 2016a, Abbasi et al., 2014a, 

Abbasi et al., 2016b, Walbran et al., 2011, Lear et al., 2014, Dean et al., 2006a, Bennet et al., 2006, 

Dean et al., 2006c, Dean et al., 2006b, Bennet et al., 2007b). EEG suppression through the SNS 

and neurosteroids is induced as part of endogenous neuroprotection, with suppression of activity 

helpful to injured brain cells (Dean et al., 2006a, Dean et al., 2008, Dean et al., 2006c, Bennet et 

al., 2010, Bennet et al., 2007b, Dean et al., 2006b, Lear et al., 2014), However, these are insufficient 
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to prevent the induction of transients which appear to promote injury, given that increasing them is 

associated with injury, and decreasing them is associated with a reduction in injury (Bennet et al., 

2006, Dean et al., 2006b, Dean et al., 2006a, Bennet et al., 2010, Dean et al., 2006c, Bennet et al., 

2007b). During the mid-latent and late-latent phases, there is a partial increase in cerebral perfusion. 

Overall blood flow remains low, epileptiform transient activity persists, and EEG power begins to 

rise as the brain begins to move towards propagating high amplitude seizures in the secondary 

phase (Figure 1.2) (Dean et al., 2006a, Bennet et al., 2010, Dean et al., 2006c, Bennet et al., 2007b, 

Dean et al., 2006b, Lear et al., 2014, Bennet et al., 2006).  

While there are clearly events which can act to increase injury occurring during the latent phase, 

this phase is nonetheless one in which oxidative metabolism has been restored and mitochondrial 

function is relatively stable (Gunn and Bennet, 2016, Gunn et al., 1999, Gunn and Groenendaal, 

2016, Gunn et al., 1997). This appears important for implementing neuroprotection strategies such 

as therapeutic hypothermia (Gunn and Groenendaal, 2016, Wassink et al., 2014, Bennet et al., 

2010). Pre-clinical animal studies have shown that hypothermia is only neuroprotective when 

started during the latent phase, and most effective when started early (in the early- to mid-latent 

phases). The longer the delay, the less effective, and efficacy is lost when started in the secondary 

phase (Gunn and Groenendaal, 2016, Wassink et al., 2014, Bennet et al., 2010). 
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Figure 1.2: EEG activity before, during and after an asphyxial insult in a preterm fetal sheep at 0.7 of gestation. (A):  

Panel A shows the effect of a 25 minute period of asphyxia on EEG power, with a rapid reduction in activity during 

the primary phase, a general rise during the latent phase before the onset of high amplitude stereotypic evolving 

seizures which peak around 24 hours after the insult. EEG remains suppressed during the subsequent days but there 

is a general progressive increase in power over time. (B) Panel B is data from the same animal expanded to show the 

sub-phases of the latent phase. 

While high amplitude seizures are commonly seen in the secondary phase, they can be delayed in 

some infants (Lynch et al., 2012), are not always observed (seizures may not propagate to the cortex 

for measurement (Naim et al., 2015), and are not always measured accurately (seizure burden in 
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newborns is reportedly significantly under reported (Lynch et al., 2012). Thus, as discussed more 

in depth below, it is often difficult to determine where in the latent phase a newborn with HIE may 

be, or even if they are still in the latent phase and thus in the optimal window of opportunity for 

treatment with therapies that rely upon a stable phase of oxidative metabolism. 

Secondary phase: 

The window of opportunity for therapies that rely on a stable phase of mitochondrial function, such 

as therapeutic hypothermia closes when mitochondria begin to fail again leading to a secondary 

phase of loss of oxidative metabolism (Bennet et al., 2010, Gunn and Groenendaal, 2016, Hagberg 

et al., 2014, Wassink et al., 2014). The failure of oxidative metabolism continues over several days 

(around 48-72 hours) (Bennet et al., 2010, Gunn and Groenendaal, 2016, Hagberg et al., 2014, 

Wassink et al., 2014, Drury et al., 2010, Gunn and Thoresen, 2006, Gunn et al., 1998b, Gunn, 

2000). In term infants and fetuses, the secondary phase is associated with increased perfusion; and 

paradoxically the better the perfusion, the worse the outcomes, high amplitude seizures, and a 

secondary phase of cytotoxic edema (Wassink et al., 2014). In contrast, in preterm newborns and 

fetuses, there is no initial cortical injury, and thus no cortical cytotoxic edema, and cerebral blood 

flow remains low however, preterm fetuses and newborns also manifest seizures and experience a 

failure of oxidative metabolism (Bennet et al., 2010, Hagberg et al., 2014, Wassink et al., 2014, 

Bennet et al., 2012). The role of seizures in mediating injury is debated, and they do occur during 

hypothermia when treatment improves neurological outcomes (Gunn and Groenendaal, 2016, 

Wassink et al., 2014), but increasing evidence shows that sustained or intense seizure activity is 

associated with an increased risk of injury (Legido et al., 1991, Pisani and Spagnoli, 2016, 

Ramantani, 2013, Shah et al., 2010).    

Clinical neurodevelopmental outcomes at 1-4 years of age infants are significantly associated with 

intensity of the failure of neonatal oxidative metabolism in secondary phase at around 15 hours 

post birth asphyxia (Roth et al., 1997). The mechanisms mediating the loss of mitochondrial 

function during the secondary phase are not understood (Hagberg et al., 2014). However, data 
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suggest several mechanisms of action such as the failure of calcium, which entered the cell in the 

primary phase, to be sequestered properly, which may destabilize cell ion function and injure the 

mitochondria (Baumgartner et al., 2009, Hagberg et al., 2014, Ten and Starkov, 2012). Increased 

calcium, for example, can lead to a sustained opening of mitochondrial pores, which in turn 

prevents ATP from being produced, leading to the same failure of cellular ionic function seen 

during the primary phase (Baumgartner et al., 2009, Hagberg et al., 2014). 

Tertiary phase: 

The secondary phase is followed by a tertiary phase where brain metabolism re-stabilizes and the 

brain begins to repair and reorganize its architecture to account for lost cells (Back and Rosenberg, 

2014, Bennet et al., 2012, Bennet et al., 2013, Colbourne and Corbett, 1995, Dean et al., 2013, 

Fleiss and Gressens, 2012). It is during this phase that there is a switch from considering methods 

of neuroprotection to strategies that involve neurorepair through therapies such as stem cells and 

anti-inflammatory agents (Bennet et al., 2012, Colbourne and Corbett, 1995, Fleiss and Gressens, 

2012, Fleiss et al., 2014, Hagberg et al., 2014, Hagberg et al., 2015). The age at which an insult 

occurs will in large part determine which cell populations are affected. For example, in the preterm 

brain, oligodendrocytes are maturing and thus their loss has an impact on myelination, and in turn 

the connectivity within the neural network (Volpe et al., 2011). Further, it is clear that even when 

injury is mild or no event detected, being born prematurely can significantly impact on cell 

maturation, and it is suggested that oligodendrocytes may have impaired maturation to their final 

form (Back and Rosenberg, 2014, Bennet et al., 2013, Dean et al., 2013, Fleiss and Gressens, 2012). 

Chronic inflammation is believed to be a key mediator of impaired cellular maturation (Hagberg et 

al., 2015). Sustained EEG suppression with burst suppression patterns are predictive of adverse 

outcomes during this phase (Pressler et al., 2001).  

Studies conducted on near-term and term fetal animals (Gunn et al., 1998b, Gunn et al., 1997, Gunn 

and Bennet, 2009), term neonatal animals (Thoresen et al., 1995, Perlman, 2006, Wagner et al., 

2002, Northington et al., 2001) and neonatal humans (Shalak and Perlman, 2004, Gluckman et al., 
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2005, Zhou et al., 2010, Stevenson and Benitz, 2003) demonstrate that the injury shows a similar 

evolutionary pattern. However, there are very limited evidence from fetal preterm studies (Bennet 

et al., 2007b, Bennet et al., 2007a, Bennet et al., 2006) and preterm human neonates (Hyttel-

Sorensen et al., 2015, Jacobs et al., 2013b) suggesting that timing of the injury may be similar. 

Although, recent studies suggest that asphyxiated preterm and term fetuses respond to HI in a 

roughly similar manner; although the fetal preterms are shown to survive for a longer time (Gunn 

and Bennet, 2009, Wassink et al., 2007, Bennet, 2017). 

The use of biomarkers to detect the phases of evolving injury  

To be able to detect the infant at risk of injury; as not all HI insults lead to injury, and to implement 

the right type of treatment at the right time requires that we develop biomarkers. A biomarker 

allows for measurement of temporal changes in a physiological state to permit diagnosis and 

prognosis (Ahearne et al., 2016, Bennet et al., 2010, Merchant and Azzopardi, 2015, Satriano et 

al., 2017). A good biomarker should be a readily available technique or technology, one that is easy 

to use, and which preferably can be used continuously or repeatedly to allow for determination of 

the temporal changes (Bennet et al., 2010, Merchant and Azzopardi, 2015). Ideally, it should also 

be cheap, and thus affordable for wide spread use, and in low-income medical settings (Bennet et 

al., 2010, Merchant and Azzopardi, 2015). Biomarkers can be identified from biological samples 

using endocrinology, proteomics, metabolomics and transcriptomics, from imaging techniques 

such as ultrasound and MRI/MRS, and from physiological markers such as heart rate variability 

and EEG analysis. I will briefly outline some of the general approaches, and then focus my 

discussion on methods of brain monitoring, and EEG in particular. 

The utility requirements of biomarkers poses many challenges. For example, blood samples can be 

taken repeatedly, but with limitations about the amount of blood volume taken and there are issues 

with sampling with children who do not have catheters inserted for sampling (Bennet et al., 2010). 

Blood sampling is a particular issue for preterm infants, who are frequently anemic and require 

transfusions (Juul, 2012). Urine is easier to collect, but this represents a cumulative sample rather 
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than an accurate snapshot of events at the time of sampling (Ahearne et al., 2016, Bennet et al., 

2010, Merchant and Azzopardi, 2015, Satriano et al., 2017). Both sampling regimes then require 

the availability of the laboratory for the measurement of the biomarker, which can delay the 

assessment of the biomarker (Ahearne et al., 2016, Bennet et al., 2010, Merchant and Azzopardi, 

2015, Satriano et al., 2017).  

Currently, many factors are assessed in biological fluids, including lactate, neuron specific enolase 

(NSE), pro-inflammatory cytokines, actin, S-100β, GFAP (glial fibrillary acidic protein), ubiquitin 

carboxyl-terminal hydrolase (UCH-L1), tau protein, miRNA, lactic dehydrogenase (LDH), and 

creatine kinase BB (CK-BB). Many are useful for determining the severity of outcome in the long-

term, but “early” diagnosis often means 24 hours or more after the insult, thus they lack specificity 

for determining the latent phase (Bennet et al., 2010, Merchant and Azzopardi, 2015). Many, like 

cytokines, are elevated at birth, and predict adverse outcomes, but recent data in preterm infants 

show that they can remain elevated for a month, with little evident temporal changes that would 

allow determination of the phases (Leviton et al., 2016). Thus such markers have no usefulness in 

tracking phases of injury. 

To date, no reliable biomarkers have been determined to differentiate the sub-phases of the latent 

phase which help to diagnose the HI injury (Aridas et al., 2014, Beharier et al., 2012, Bennet et al., 

2010). However, neuro-proteins, plasma and oxidative biomarkers for some aspects of HIE 

(Serpero et al., 2013), but none have been shown to delineate the phases of injury as such HI micro-

scale transient do.  

A few number of studies have introduced potential biomarkers of the hypoxic brain injury. A recent 

research evaluates biological markers of hypoxia in neonates via analysis of blood compositions 

and suggests that this could provide a roughly accurate proof of hypoxic-ischemic brain injury in 

newborns and fetuses (Qureshi and Parvez, 2007). Assessing of the potential biomarkers within the 

blood, urine, and cerebrospinal fluid of human term neonates, a study has compared a data-base of 

110 publications and reported that the markers used in these clinical methods could provide 
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substantial information and predict long-term outcomes (Ramaswamy et al., 2009). A very recent 

clinical study has used aEEG signals alongside with power analysis of conventional EEG to predict 

seizures in HIE injured neonates (Jain et al., 2016). Similar to the findings of our research group at 

the University of Auckland, Jain et al suggest that early EEG activities could be used to predict 

subsequent EEG seizures in HIE injured neonates. They suggest that a flat tracing pattern within 

the first hour of a filtered aEEG signal could be the best predictor of later seizures. Jain et al suggest 

that EEG power could be a potential useful tool for prediction of early biomarkers and claim that 

an EEG power of less than 10 𝜇𝑉2 would be a potential biomarker to identify high-risk (90%) 

infants who would develop subsequent seizures (Jain et al., 2016). Most of the markers suggested 

in the above studies tend to focus on determining the severity of the injury rather than phases of 

injury. 

Brain monitoring methods 

There are a variety of different diagnostic techniques which can be used for monitoring the brain 

after an HI insult, such as computerized axial tomography (CT) scanning, functional magnetic 

resonance imaging (fMRI and MRI), magnetoencephalography (MEG), electroencephalogram 

(EEG) and electrocorticogram (ECoG), nuclear imaging (namely single-photon emission computed 

tomography (SPECT) scanning. (Huang and Castillo, 2008, Roland et al., 1998, Gieron-Korthals 

and Colon, 2005, Sie et al., 2000, Mercuri et al., 1999, Bhatnagar et al., 2000, Accardo et al., 2004, 

Bennet et al., 2010, Petrova and Mehta, 2006, Malmivuo, 2012, Eswaran et al., 2007). 

NIRS: The near-infrared region of the electromagnetic spectrum (~700 − 2500 𝑛𝑚 ) is used in 

the NIRS technique to provide non-invasive, in-vivo, real-time monitoring of tissue oxygenation 

(in practice, most clinical machines work below 1000 𝑛𝑚 as 1000 nm and above is the visible light 

spectrum) (da Costa et al., 2015, Hebden et al., 2002, Sood et al., 2015, Tichauer et al., 2006). The 

technique has limitations because it is a relative not quantitated measurement, however, pre-clinical 

experiments in animals has demonstrated that the utility of using NIRS to monitor the brain during 

and after an asphyxia insult (da Costa et al., 2015, Hebden et al., 2002, Sood et al., 2015). However, 
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one of the most useful biomarker signals is cytochrome oxidase (Bainbridge et al., 2014, Bennet et 

al., 2007b), but this chromophore is not available on modern machines. Clinically, NIRS is 

extensively used in both term and preterm infants, but its diagnostic and prognostic capacity 

remains elusive (da Costa et al., 2015, Sood et al., 2015, M Liao and P Culver, 2014). 

CT and MRI scans: As a non-invasive technique, CT scan employs X-ray technology to evaluate 

the brain, whereas magnetic waves technology is used for brain photography in the MRI devices. 

A CT scan takes a lot of X-ray images from various angles and finally combines the photos to 

creates cross-sectional images (tomographic) of the scanned region (Kalender, 2011, Webb et al., 

2014). The CT scan technique allows the user to visualize the inside area of a specific area/object 

without cutting or surgery (Damasio, 1995, Ambrose, 1973, Hounsfield, 1973). MRI is a medical 

diagnosis technology, which is based on the science of nuclear magnetic resonance and uses strong 

magnetic fields and radio waves to capture images from internal organs (Berry and Bulpitt, 2008). 

fMRI is a functional MRI neuroimaging method which employs the MRI technology to monitor 

brain’s neuronal  activity associated with changes in the cerebral blood flow (Huettel et al., 2004, 

Aguirre et al., 1998, Belliveau et al., 1991). This technique measures the energy consumption of 

the brain cells and highlights what parts of the brain are mostly active by measuring the contrast 

between oxygen-rich and oxygen-poor regions (Friston et al., 1998). Recent research have used CT 

and MRI to diagnose HI brain injury in preterm babies and find relevance to phases of injury (Neil 

and Inder, 2004, Chao et al., 2006, Huang and Castillo, 2008). However, the limitations of these 

techniques such as cost, moving sick children, lack of continuous and repeated measures are the 

major obstacles ahead of using these methods (Accardo et al., 2004, Woodward et al., 2006). 

Magnetic resonance spectroscopy (MRS) is a special type of MRI that has been recently used in 

HI experiments to observe oxidative metabolism and allows to determine the most powerful HI 

biomarker, however, this technique has many issues with cost and transport etc (Thayyil et al., 

2010, Wintermark et al., 2014, Chau et al., 2012). 
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MEG: Another non-invasive brain activity monitoring technique is 

magnetoencephalography (MEG) (Stufflebeam et al., 2009, Hämäläinen et al., 1993). The flow of 

electrical currents are caused by the electrochemical activities of charged ions within the brain cells 

(Jefferys, 1995, Somjen, 2004, Kirschstein and Kohling, 2009). The flow of ionic currents 

generated by a large number of neurons creates an electromagnetic field that is measurable outside 

the skull. A MEG scanner directly measures the brains’ absolute neuronal activity and possesses 

accurate spatial localization characteristics even during a subject’s head movements. MEG allows 

for precise ongoing high-resolution recordings. Due to this feature it has been widely used for 

diagnosis of different brain disorders, recently (Hämäläinen et al., 1993, Stufflebeam et al., 2009, 

Babiloni et al., 2009, Hansen et al., 2010). Recently, MEG technology has been used for fetal brain 

diagnostic as well (Malmivuo, 2012, Haddad et al., 2011, Stephen et al., 2013, Sheridana et al., 

2010, McCubbin et al., 2010, Anderson and Thomason, 2013, Eswaran et al., 2005, Preissl et al., 

2005). Research shows that MEG offers a possible way to obtain signals of the necessary quality 

to be able to diagnose hypoxia (Vairavan et al., 2014, Sheridana et al., 2010). An important 

consideration is that MEG is completely contactless and does not require hospitalization, does not 

use any kind of radiation, and does not produce magnetic fields (it detects natural magnetic fields) 

(Vairavan et al., 2014, Sheridana et al., 2010). MEG equipment for monitoring fetal development 

has already been established at pilot stages and deployed in experimental trials (Vairavan et al., 

2014, Sheridana et al., 2010). However, this technique is relatively new and remains primarily 

experimental in use (Vairavan et al., 2014, Sheridana et al., 2010). 

SPECT: The amount of blood flow to and from a particular brain region can be measured by 

SPECT nuclear tomographic scanning technique (Warwick, 2004, Catafau, 2001). SPECT uses 

gamma rays and provides accurate 3D information in the form of cross-sectional slices of a 

particular brain region (Wernick and Aarsvold, 2004, Herman, 2009). This technique has been 

recently used to study different measures of human preterm brain during the first few weeks of life. 

However, this technique has its own risks such as radiation exposure (Roche‐Labarbe et al., 2010). 
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Unlike MRI and CT scans, SPECT scan represent how the brain cells function, which allows for a 

better understanding of the complex brain functions compared to other techniques.  

While many of these techniques can provide invaluable information on the development of brain 

injury, in practice they are costly to use, often only located in primary care centres, and cannot be 

readily used to provide either continuous or regular snapshots of the brain. Many are currently not 

used until the end of the first week of life, to provide information for diagnosis and long-term 

prognoses (Bennet et al., 2010, Merchant and Azzopardi, 2015). My thesis focuses on the use of 

EEG as a biomarker methodology, and in particular the use of the 2-4 lead systems. EEG recordings 

can be made at the bedside, and can offer continuous recordings, which allows for temporal 

assessment of changes in the brain from early after delivery. The technique is widely available and 

relatively cheap and easy to use. There is increasing use of EEG monitoring for both term and 

preterm infants, but a significant amount of research is required to facilitate a greater understanding 

about the utility of different waveforms for biomarker detection of phases of injury, diagnosis and 

prognosis.  

1.3.1. The electroencephalogram and electrocorticogram  

In 1875, the brain’s electrical currents were first discovered by a British physician, Richard Caton, 

by studying the exposed brains of monkeys and rabbits (Cohen, 1959). In 1929, ollowing Caton’s 

work, German neurologist Hans Berger used his radio to amplify and record the brain’s activity. 

He called the waves he measured the Elektrenkephalogramm (electroencephalogram) (Berger, 

1929). The electroencephalogram is now used to routinely record the electrical activity of the brain 

via electrodes which can adhere to the surface of the scalp, or via needle electrodes inserted into 

the skin (Teplan, 2002, Niedermeyer and Lopes da Silva, 1993, Sanei and Chambers, 2013). 

Experimentally, this technique can be modified for more accurate assessment of brain waves, 

excluding electrical noise and movement artifact, but inserting electrodes to lie on the surface of 

the brain (or more typically on the surface of the dura or into brain tissue to allow for better signal 
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detection). This technique is referred to as the electrocorticogram (ECoG) (Daroff and Aminoff, 

2014). This latter technique is the basis of my PhD studies and was used to measure brain activity 

in the fetal subjects studied in this thesis  (Abbasi et al., 2015, Abbasi et al., 2016a, Abbasi et al., 

2014a, Abbasi et al., 2014b, Lakadia et al., 2016).  

EEG monitoring devices are routinely used both clinically and experimentally to study brain 

disorders such as seizures (Smith, 2005, Daroff and Aminoff, 2014, Safaie et al., 2013). In addition, 

the EEG has been used for the assessment of coma patients, and other conditions where 

consciousness is compromised (Kjaer et al., 2002, Voss and Sleigh, 2007), diagnostic of 

sleep disorders (Ahmed et al., 2009, Principe and Smith, 1982, Sitnikova et al., 2009, Young et al., 

1993, Flemons et al., 1999), neurosurgical monitoring of the brain activity during brain surgery 

(Nyström et al., 1978, Trebuchon et al., 2012, McGuire et al., 2003), and evaluation of the changes 

in dementia (Coben et al., 1985, Sanei and Chambers, 2013). I discuss the use of EEG in neonatal 

monitoring in a section further below.  

1.3.2. The propagation of electrical signals 

The anatomy of the brain at the hemispherical levels suggests that the brain’s structure can be split 

up to three different parts of cerebrum, cerebellum, and brainstem (Lancaster et al., 2000). The 

cerebrum itself consists of the right and left hemispheres, which are highly convoluted on the 

surface layer, known as the cerebral cortex, and considered as an important part of the cerebral 

neuronal system (Duvernoy, 2012). Local synaptic excitations of the dendrites of the neurons in 

the subcortical and cortical areas generate electrical currents in the brain’s neural network which 

then flow between the brain cells through synapses and propagate to the surface (Buzsáki et al., 

2012). Thus, EEG recordings from cerebral cortex mainly measure the electrical currents generated 

by a large population of neuronal cells (Nunez and Srinivasan, 2006). The electrical signals 

propagated to the surface are quite small, measured in microvolts (𝜇𝑉), and therefore require 

amplification (sometimes up to x10000). (Cooper et al., 2014, Tyner and Knott, 1983).  

http://www.webmd.com/hw-popup/dementia
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1.3.3. The electrocorticogram  

Direct EEG measurements from the cortical surface, particularly from above the dura, is called 

electrocorticography (Hill et al., 2012, Wilson et al., 2006, Stypulkowaki and Staller, 1987). The 

extradural space, shown in Figure 1.3, is the potential space between the endosteal layer of the dura 

mater and the cranial bones (Buzsáki et al., 2012). The implementation of ECoG electrodes can be 

performed either with or without a surgery, called intraoperative and extraoperative ECoG, 

respectively (Asano et al., 2009, Miller et al., 2007). In addition, the placement of the electrodes 

can be done either under general or local anesthesia (Kuruvilla and Flink, 2003), but unlike EEG 

is the ECoG technique is categorized as an invasive procedure (Hill et al., 2012). In the ECoG 

technique, the electrodes are surgically implanted just either below or above the dura matter (we 

implanted above). Therefore, the ECoG technique provides an exceptionally high signal to noise 

ratio and minimizes movement artifacts; while containing higher frequency components compared 

to the conventional scalp surface EEG recordings (Hill et al., 2012, Wilson et al., 2006). In addition, 

the ECoG technique also offers a higher temporal and spatial resolutions of less than 1 millisecond 

and less than 1 cm, respectively (Hill et al., 2012).  

The ECoG electrodes are designed flexible enough to ensure that the normal head movements are 

not causing injury to the brain (Viventi et al., 2011). It has been suggested that valuable high 

frequency brain waves, such as Gamma range waveforms (70-110Hz), originate from deeper 

structures of the neonatal and adult brain such as hippocampus and help for a better understanding 

of brain function (Bragin et al., 1995, Hirai et al., 1999, Canolty et al., 2006, Bragin et al., 2010, 

Engel Jr et al., 2009, Zijlmans et al., 2012, Wu et al., 2010, Jacobs et al., 2008, Le Van Quyen et 

al., 2006, Csibra et al., 2000). The Therefore, the ECoG technique is optimal for assessing brain 

activity in my experiments to capture fully all the waveforms, and to better inform clinical 

colleagues about the utility of these waveforms.  Although, I have technically used ECoG signals 

in this research, but this thesis uses “EEG” to discuss the signals. 
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Figure 1.3:  Subcortical layers of Brain (M. Wright, 2016) 

 

1.4. Brain waveforms  

Generally, normal and abnormal EEG waveforms are categorized according to their frequency 

bandwidth, general profile shape and amplitude (Stern and Engel, 2004, Sörnmo and Laguna, 2005, 

Teplan, 2002, Tyner and Knott, 1983, Babiloni et al., 2009). Many factors, such as the state of 

awareness, sleep, and the age of a patient as well as the locations on the scalp that EEG is recorded 

from, significantly affect the frequency and the profile shapes of the EEG waveforms (Stern and 

Engel, 2004, Sörnmo and Laguna, 2005, Teplan, 2002, Tyner and Knott, 1983, Babiloni et al., 

2009). However, generally, brain patterns are signals formed from common sinusoidal waves with 

amplitudes ranging from 0 to around 200 microvolts (Stern, 2005, Sörnmo and Laguna, 2005, 

Teplan, 2002).  

EEG waveforms can be classified to five major categories according to their frequency 

components: gamma, alpha, beta, theta, delta as well as infra-low waves (see Figure 1.4) (Blume, 

1999, Fisch B, and Spehlmann R., 1999, Niedermeyer and Lopes da Silva, 1993, Bronzino, 1995, 

Stern and Engel, 2004, Sörnmo and Laguna, 2005).  

EEG waveforms changes as a function of the time of day, sleep/wake activity, physical activity and 

behavioral mood (Teplan, 2002). For instance, it has been seen that higher frequency activity is 
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associated with higher brain activity (Sörnmo and Laguna, 2005, Canolty et al., 2006). Thus, 

frequency (measured in hertz (Hz)) plays a key role in the definition of normal or abnormal EEG 

waveform patterns (Sörnmo and Laguna, 2005).  

Fourier transformation of the raw EEG signals can be used for power spectral analysis of a 

particular waveform (see sections 2.3 and 2.4 of chapter 2 for Fourier transform analysis). The 

spectral analysis is a continuous signal ranging from 0 Hz up to half of the sampling frequency and 

can be used to demonstrate the dominant frequencies of the embedded sine waves of an arbitrary 

EEG section (Teplan, 2002). The major brain waveforms and their corresponding characteristics 

are demonstrated in Figure 1.4 and Table 1.1, respectively. 

  

Figure 1.4: Sample brain waveforms’ frequency behgavior (Hirshberg, 2013) 
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Table 1.1: Typical Frequency and Amplitude measurements of Brain waves 

Brain wave Frequency range Amplitude 

Gamma > 40 Hz 5-10 μV 

Beta 13-40 Hz 5-10 μV 

Alpha 8-13 Hz 20-200 μV 

Theta 4-8 Hz 10 μV 

Delta 0.5-4 Hz 20-200 μV 

The six main brain waves, which are generally based on EEG analysis of adults, are reviewed 

below: 

Gamma waves (Frequency: >40 Hz, Amplitude: 5-10𝜇𝑉) are generally the brain’s fastest waves 

with a frequency of 40Hz and more (Başar et al., 2001). They usually have the lowest amplitude 

values, usually less than 20𝜇𝑉. Generally, the brain does not generate this kind of brain wave under 

normal situations (Başar et al., 2001). They belong to higher brain cells activity and super-

consciousness brain states (Colgin et al., 2009, Crone et al., 2006). It has been also shown that 

gamma waves (with higher frequency components) originate from the deeper subcortical regions 

of the brain, specifically the hippocampal brain regions (Bragin et al., 1995, Hirai et al., 1999, 

Canolty et al., 2006). These brain waves mostly appear when a very large number of neurons fire 

simultaneously during a powerful brain functioning for processing of information (Colgin et al., 

2009). For a long time, researchers have been taken the gamma waves wrong as “brain noises” 

until they discovered these waves belong to highly attentive statues of the brain activity, 

consciousness and perception (Meador et al., 2002, Vanderwolf, 2000, Harris and Gordon, 2015).  

Beta waves (Frequency: 13-40 Hz, Amplitude: 5-20𝜇𝑉) are classified as "fast" activity. The 

amplitude of beta waves is slightly higher than gamma waves, but they occur in a lower frequency 

range and are associated with specific states of consciousness and alertness. These waves usually 

appear in normal waking consciousness, during a logical and analytical thinking process (e.g. 
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problem solving). These waves also appear when a person focuses on cognitive tasks and/or faces 

higher levels of anxiety and stress (Teplan, 2002). In addition, beta waves can appear in sleep as 

well as other unconscious states. 

Alpha waves (Frequency: 8-13 Hz, Amplitude: 20-150𝜇𝑉). The frequency of these patterns is 

lower than that of beta waves while they usually occur with higher amplitudes. They also appear 

in an EEG signal when the eyes are closed or when information is not actively processed by the 

brain (Barry et al., 2007). Thus, the alpha neural oscillations are associated with calmness and 

usually occur in a deeply relaxed mental state, during meditation and just before and after sleep 

(West, 1980, Khare and Nigam, 2000). In memory of the inventor of EEG, the alpha waves are 

often known as Berger’s wave (Sanei and Chambers, 2013). 

Theta waves (Frequency: 4-8 Hz, Amplitude: ~10𝜇𝑉). These brain waves are generally classified 

as "slow" activity and appear in slower frequency bands compared to the previously Alpha, beta, 

and gamma waves. These brain waves appear when a person is not in their normal conscious 

awareness state and exist during a light sleep or a very deep meditation (Baijal and Srinivasan, 

2010). This is also called the “twilight” state as it is normally experienced temporarily when 

someone drops off to sleep and as a switch from delta waves when waking up from a deep sleep. 

Delta waves (Frequency: 0.5-4 Hz, Amplitude: 20-200𝜇𝑉). These waveforms have the slowest 

frequency (often known as the slow waves) while, in general, tent to appear with high amplitudes. 

These types of EEG rhythms have been shown to be dominant in infants with less than a year old 

(Bennet et al., 2016). They usually appear in a dreamless and very deep sleep and meditation 

(Amzica and Steriade, 1998). 

Infra-Low (Frequency: <.5 Hz), which are also known as slow cortical potentials, are assumed to 

be the fundamental cortical rhythms that other brain waves are carried over them. Few studies have 

evaluated these brain waves, and the data show that it is hard to identify them accurately as due to 
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their very slow nature (Kirk, 2015). Although, it has been shown that they are related with the brain 

network function and timing (Kirk, 2015). 

The data discussed above is generic, and about the adult brain. The immature brain is, by definition, 

still producing new cells and developing the neural network, which is measured by the EEG. Thus 

waveform patterns and sleep/wake activity can be quite different. The focus of my studies has been 

on the preterm brain, where the brain waves are discontinuous in nature (Niemarkt et al., 2010). 

Further, my studies were undertaken in fetuses, which may not have periods of wakefulness and 

thus consciousness (Mellor et al., 2005). The purpose of the next section is to discuss the differences 

in normal EEG activity in the preterm neonatal and fetal brain, neonatal EEG monitoring, and 

pathogenic features of the EEG after an HI insult.  

1.4.1. Perinatal and immature EEG  

Monitoring of the newborn infants is being undertaken clinically more frequently as it is 

increasingly recognized that this methodology has utility as a biomarker of brain injury (Pavlidis 

et al., 2017, Rakshasbhuvankar et al., 2015), and because clinicians are realizing that adverse events 

such as seizures are significantly under-reported (Lynch et al., 2012, Murray et al., 2008b, Murray 

et al., 2008a). Conventional EEG (full lead-EEG, 10-20 electrodes) is considered the gold-standard 

method form monitoring EEG activity (Rakshasbhuvankar et al., 2015). However, this technique 

is not often used for infants due to the difficulties of getting a full set of electrodes onto the head, 

particularly in preterm babies. Further, not many hospitals have a pediatric or neonatal EEG 

specialist available and there is limited availability of equipment. This limits the usefulness of EEG 

recordings. Instead, limited lead (2-4 electrodes) EEG recordings are more commonly used in 

babies (Shah et al., 2008) with amplitude-integrated EEG (aEEG) a key method used for general 

EEG monitoring and for detection seizures (Shah et al., 2008, Rakshasbhuvankar et al., 2015, El-

Dib et al., 2009, Tsuchida et al., 2013). Guidelines for EEG monitoring of neonates are well 

described (Tsuchida et al., 2013). 
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By weeks 5-7, the embryo has established the rudimentary structures of the brain, and neurons are 

seen around day 42 (van den Heuvel, Marion I and Thomason, 2016, Stiles and Jernigan, 2010). 

Commonly, the electrical activity of the human brain is said to start between around 17 to 23 weeks 

of maternal gestation period (Khazipov and Luhmann, 2006, Kostović and Judaš, 2002, Kostović 

et al., 1995, Mrzljak et al., 1988, Mrzljak et al., 1992, Bergstrom, 1968, Watanabe et al., 1999, 

Lamblin et al., 1999, Sanei and Chambers, 2013, Hellström-Westas and Rosén, 2005, Hayakawa 

et al., 2001). However, the development of brain activity is not well studied as it is difficult to keep 

very young (<24 weeks) babies alive to study, and thus our information on early neural networks 

comes from in vitro studies.  For example, cell studies of human fetal tissues at 20-21 weeks have 

shown many cortical subplate neurons can exhibit spontaneous action potentials (Moore et al., 

2011). The spontaneous nature of these action potentials suggests that they are functional in this 

capacity in utero rather than only reactive to stimuli in the in vitro environment. More recently, 

EEG bursts have been detected in human infants as young as 23 weeks (O’Toole et al., 2017).  

There is evidence that the very early brain oscillates between quiescence and large amplitude bursts 

(spontaneous activity transients or SATS) (Vanhatalo et al., 2005b, Vanhatalo et al., 2005a), which 

help stimulate activity-dependent maturation of the neural network connectivity (Khazipov and 

Luhmann, 2006, Vanhatalo et al., 2005b, Vanhatalo et al., 2005a, Moore et al., 2011). The cortex 

of the human brain quadruples in size in the last three months of gestation (Hüppi et al., 1998). A 

robust neural network with highly connected cortical hubs (the rich-clubs in the neural network) 

are evident by 30 weeks of gestation (Ball et al., 2014). Functional connectivity can be impaired 

by preterm birth (Scheinost et al., 2016), and interestingly it has been shown to be weak in preterm 

fetuses who go onto be born preterm (Thomason et al., 2017). These data further support the 

concept that adverse events can happen well before birth.  

Definitive sleep state cycling between rapid-eye movement (REM) and non-REM sleep can be 

observed in the last 10 weeks of pregnancy, with immature sleep state cycling observed from 

around 26-27 weeks (Mirmiran et al., 2003, Kidokoro et al., 2010, Scher et al., 1995, Arteni et al., 
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2003, Hellström-Westas, 2006). An absence of cycling in the first 24 hours after birth in 27-32 

week humans is associated with adverse outcomes (Kidokoro et al., 2010). In my studies, I used 

the preterm fetal sheep at 0.7 gestation. At this age, the fetal brain is equivalent in maturation to 

the human brain at 28-32 weeks of gestation (Barlow, 1969). While the subcortical regions are 

myelinated, the cortex is not, and there is a significant proliferation of white matter cells during 

this period (Wassink et al., 2013, Volpe, 2009). At this age, there are two basic EEG patterns, tracé 

discontinue (discontinuous)in which bursts of EEG activity are interspersed with suppression of 

the EEG (Interburst interval), and tracé continue, where there is continuous EEG activity, with 

stable amplitude and frequency (Niemarkt et al., 2010, Scher et al., 1995, Niemarkt et al., 2011). 

These interburst intervals progressively become shorter over time and eventually disappear and the 

EEG becomes more continuous in nature, shifting from lower to higher frequencies, with 

progressive sleep state development (Scher et al., 1995). Our laboratory has shown that they are a 

feature of EEG activity in the 0.7 gestation sheep fetus, and can be altered by maternal exposure to 

the glucocorticoid dexamethasone (Davidson et al., 2011). 

A recent study evaluating the EEG of human fetuses at 29 weeks of gestation showed in one subject 

that the EEG consisted of mixture of theta (4-7 Hz) and delta (1-4 Hz) waves. While in subject two 

the EEG was found to consist of a mixture of theta and delta, with superimposed beta (13-30 Hz) 

and infrequently gamma (30-100 Hz) activity (Qureshi et al., 2016). Frequency analysis of the fetal 

sheep EEG has also been reported for delta, theta, alpha and beta frequencies (Davidson et al., 

2011, Keogh et al., 2012b, Schmidt et al., 2000), and from fetal preterm to term a change to a 

bimodal distribution of frequency clusters which denotes sleep state cycling (Szeto and Hinman, 

1985, Akay et al., 1994). 

1.4.2. The fetal sheep as an experimental model - Brain maturation in fetal sheep 

In my study, I used the chronically instrumented fetal sheep model and specifically the preterm 

fetal sheep. This model allowed me to study the immature brain, without the significant clinical 

and ethical difficulties associated with delivering a truly preterm animal (van den Heuij, Lotte G et 
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al., 2016). In essence we are treating the in utero environment as an intensive care unit, with the 

ewe taking care of gas exchange and nutrient supply. Thus, the fetus can be studied growing and 

developing without the confounding effects of anesthesia and the physiological stressors associated 

with delivery (van den Heuij, Lotte G et al., 2016). It is acknowledged, however, that the fetus lives 

in a very different environment to the newborn, and this a caveat to consider. However, as discussed 

below, the fetus does display similar EEG patterns to those observed in human newborns. This is, 

in large part, because the sheep has a gyrencephalic brain, unlike the rodent, which is often used 

for neonatal studies which has a lissencephalic brain.  

In my studies, I have utilized the 0.7 gestation sheep fetus as these ages approximate human brain 

development at 28-32 weeks before the onset of cortical maturation, and full term (Barlow, 1969, 

McIntosh et al., 1979, Patterson et al., 1971, Dobbing and Sands, 1970). I have used the umbilical 

cord occlusion paradigm at 0.7 gestation to induce a global insult as seen clinically that produces a 

clinically relevant pattern of brain injury characterised by sub-cortical neuronal injury and diffuse 

white matter injury (Bennet et al., 2009a, Bennet et al., 2007b, Bennet et al., 2007a, Bennet et al., 

2006, Bennet et al., 2009b, Dean et al., 2006c, Dean et al., 2006a, Drury et al., 2014b, Drury et al., 

2014a). An additional benefit to using the fetus is that the preterm fetus is very capable of tolerating 

at tolerating an insult duration that will produce the type of injury and changes to the EEG that 

allows me to study EEG waveforms after resolution of the insult to determine whether they provide 

utility as a biomarker (Bennet, 2017).  

1.4.2.1. The fetal EEG/ECoG  

In 1939, Barcroft and Barron were the first to suggest that fetal sheep with gestational period of 

145-150 days and fetal weight of ~3000 g at full term would be appropriate models for 

electrophysiological studies (Barcroft and Barron, 1939). The gestation period of sheep is quite 

long at around 147 days. This helps to get a proper fetal brain size at any developmental stage 

(McIntosh et al., 1979, Bernhard et al., 1959). Subsequently under general anesthesia Bernhard and 

colleagues demonstrated the changes in the electrocortical signals directly from the cerebral cortex 
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of fetal sheep at different gestational age ranged from 65 to 151 days (Bernhard et al., 1959). In the 

1970’s, Dawes and colleagues reported fetal ECoG and fetal behavior data using the chronically 

instrumented fetal sheep model (Dawes, 1977, Dawes et al., 1972, Dawes et al., 1970, Boddy et 

al., 1974). These and other studies showed that the preterm fetus, like the preterm human 

counterpart, had a discontinuous EEG, which began to mature into sleep states around 115 days 

(where term is 148-150 days gestation) (Mellor et al., 2005).  

Ruckebusche and colleagues showed that from neurophysiological point of view, no critical 

interaction was observed between the vital signals of the ewe (including EEG) and her fetus, and 

thus that the fetus was generating its own EEG activity (Ruckebusch, 1972). Szeto and colleagues 

undertook detailed spectral analysis of the fetal EEG and demonstrated the shift into two frequency 

domains denoting the high amplitude low frequency seen in NON-REM sleep and low amplitude 

and high frequency seen in REM sleep (Szeto, 1990, Szeto, 1992, Szeto and Hinman, 1985, Szeto 

et al., 1985). Richardson and colleagues examined the changes in cerebral oxidative metabolism 

during sleep state cycling demonstrating how REM sleep was associated with increased metabolism 

and explaining the utility of switching to NON-REM under conditions of moderate hypoxia to 

conserve energy (Richardson et al., 1989).  

Our group has further quantified the preterm fetal EEG, demonstrating the discontinuous nature of 

the ECoG at 0.7 gestation, frequency domains, and the nature of interburst intervals (Davidson et 

al., 2011). Analysis of the very many experiments undertaken which have evaluated fetal 

EEG/ECoG activity and fetal behavior, our group has determined that the fetus does not experience 

periods of wakefulness under normal or pathological circumstances (such as asphyxia) (Mellor et 

al., 2005). The placenta and the brain produces high quantities of pharmacological agents (such as 

neurosteroids and adenosine) that appears to keep the fetus in this unarousable unconscious state 

(Mellor et al., 2005). This does not, however, interfere with sleep state development.  

We have also demonstrated the pathological changes in the fetal ECoG after asphyxia (Bennet et 

al., 2010, Bennet et al., 2009a, Bennet et al., 2007b, Bennet et al., 2007a, Bennet et al., 2006, Bennet 
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et al., 2009b, Dean et al., 2006c, Dean et al., 2006a, Drury et al., 2014b, Drury et al., 2014a, Keogh 

et al., 2012a). Significant suppression of the EEG these studies have demonstrated that, like the 

preterm newborn, large amplitude stereotypic seizures can occur after asphyxia, starting after 6 

hours on average and peaking around 24 hours as discussed earlier in my introduction (Quaedackers 

et al., 2004, Lear et al., 2014, Drury et al., 2014a, Dean et al., 2006c, Dean et al., 2008, Bennet et 

al., 2012, Jellema et al., 2013, Ophelders et al., 2016). These seizures are evidence of a significant 

HI insult, and clinically their occurrence is sometimes, but not always, associated with adverse 

outcomes (Shah et al., 2010, Ramantani, 2013, Pisani and Spagnoli, 2016). However, they occur 

after the end of the latent phase and thus waiting for their occurrence to make decisions about 

treatment, takes us outside the optimal neuroprotection treatment latent phase (Quaedackers et al., 

2004, Bennet et al., 2006, Dean et al., 2008, Dean et al., 2006a). However, our group has evaluated 

features of the latent phase to examine whether there were features of the EEG that could perhaps 

be used as a biomarker during this phase. In the next section of my thesis I outline the data on the 

use of epileptiform transients. 

1.4.3. HI micro-scale epileptiform transients – the biomarkers of HI injury 

In general, severe abnormalities in the preterm and full term EEG activity include low-voltage, 

burst suppression and discontinues patterns (Patrizi et al., 2003). The discharges along the neonatal 

preterm and full term EEG have been classified into rhythmic, low-frequency discharges as well 

as spikes, sharp waves, slow waves, and their mixtures (Patrizi et al., 2003). Studies conducted on 

preterm infants demonstrate that an immature brain is able to produce quite variable type of EEG 

and maintained rhythmic discharges (Patrizi et al., 2003, Scher et al., 1994, Shah et al., 2010). In 

fact, preterm EEG is shown to be discontinuous comprising of mixed EEG amplitudes and 

frequencies, periods of inter-burst quiescent intervals and some micro-seizure activity (also see 

Figure 1.5 – HI EEG of preterm fetal sheep model) (Hayakawa et al., 2001, Patrizi et al., 2003). In 

terms of cortical myelination, the development of co-ordinated sleep states occur as the brain 

matures (Mellor et al., 2005, Mirmiran et al., 2003).  
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An epileptic seizure, often called as “electrical storms” in the brain, is a severe abnormal electrical 

discharge, which its sudden occurrence is due to excessive or synchronous neuronal brain activity 

(Litt et al., 2001, Litt and Echauz, 2002). A number of studies have been performed across the 

world for the identification of biomarkers of fetal and neonatal HI brain injury by analysis of 

epileptiform seizures and transients (Scher, 2003b, Sampath et al., 2014, Glass et al., 2009, Sun et 

al., 2016, Shah et al., 2012, Rowe et al., 1985, Kanhere, 2014, Cherian et al., 2009, Clancy, 1996, 

Chalak et al., 2014, Stevenson, 2009, Gunn and Bennet, 2009, Sheridana et al., 2010). Many 

different brain monitoring tools such as EEG, aEEG, ECoG, fMRI, MEG and NIRS have been 

employed to evaluate injury and for diagnostic and prognostic testing (Haddad et al., 2011, 

Sheridan et al., 2010, Sheridana et al., 2010, Preissl et al., 2005, Eswaran et al., 2005, Eswaran et 

al., 2007, Vairavan et al., 2014, Malmivuo, 2012, Toet et al., 2006, Petrova and Mehta, 2006, Peng 

et al., 2016, Wedegärtner et al., 2002, Wedegärtner et al., 2006, Garel, 2006, Gotman, 1982, Evans 

et al., 2010, Toet et al., 1999, Hellström-Westas et al., 2006, Sisman et al., 2005). Most studies 

have focused on the diagnostic and prognostic outcomes; i.e. will brain injury occur and if so how 

severe will injury, rather than establishing a biomarker which can determine the timing and phase 

of injury (Bennet et al., 2010). 

Hypoxic-ischemic EEG events during the latent phase of fetal sheep models are generally low- to 

moderate-amplitude (𝜇𝑉) transients similar to the subtle spikes and waveforms reported in both 

preterm and term human babies (Scher et al., 1993). Pre-clinical and clinical research has 

demonstrated that particular micro-scale epileptiform HI transients in the form of spikes, sharps, 

slow-waves, complex waves (spike being carried over a sharp or slow wave) as well as stereotypic 

evolving micro-scale seizures (SEMS) exist in association with a profoundly suppressed EEG 

background during the latent phase after a severe HI insult (see Figure 1.5) (Bennet et al., 2010, 

Bennet et al., 2006). The peak in numbers of transients, varies, but is generally been shown to occur 

in the early- and mid-latent phases of recovery after an asphyxia insult (Abbasi et al., 2015, Abbasi 
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et al., 2014a, Abbasi et al., 2016b, Bennet et al., 2006, Dean et al., 2006c, George et al., 2004, 

Lakadia et al., 2016).  

The characteristic waveforms seen are: spikes, characterized as having a duration of less than 70 

ms in the frequency band of >14.3 Hz (namely >40 Hz – Beta and Gamma waves), sharp waves 

that have a duration of 70-250 ms in the frequency band of 4-14.3 Hz (Alpha waves) and slow 

waves that have a duration of 250-400 ms in the frequency band of 2.5-4 Hz (Delta waves) (Abbasi 

et al., 2016b, Bennet et al., 2007b, Chatrian et al., 1974, Davidson et al., 2011, George et al., 2004, 

Keogh et al., 2012a, Scher, 2003a, Scher, 2003b, Walbran et al., 2011, Scher, 2002). SEMS have 

a relatively abrupt onset and termination and vary temporally in a frequency range of 1.8-3Hz being 

in the delta sub-band frequency (Abbasi et al., 2016b). All these forms of transients are observed 

throughout the latent phase and superimposed on a suppressed post- HI EEG amplitude background 

(Abbasi et al., 2014a, Bennet et al., 2007b, Davidson et al., 2011, George et al., 2004, Keogh et al., 

2012a, Walbran et al., 2011). 

Examples of pre- and post-insult raw EEG sections from preterm fetal sheep are shown in Figure 

1.5. A normal pre-HI insult EEG signal, sampled around 1 hour before occlusion, characterized by 

discontinuous activity comprising mixed EEG amplitudes and frequencies is shown in Figure 1.5-

A. Post-HI EEG sections containing micro-scale gamma spike and sharp transients superimposed 

on a suppressed EEG background, sampled at 2 hours post-HI insult, are shown in Figure 1.5-B 

and 1.5-C. Figure 1.5-D and 1.5-E demonstrate samples of SEMSs, slow waves and near high 

amplitude epileptiform seizures in the mid and late-latent phases,  post HI-insult. Lastly, sets of 

high amplitude stereotypic evolving seizures, sampled from secondary phase around 7 hours post-

insult, are depicted in Figures 1.5-F and 1.5-G. 

The definitions of post-HI spike and sharp waves in fetal sheep models are slightly different from 

the definition of conventional spike and sharp waves in human EEG (International Federation of 

Societies for Clinical Neurophysiology, 1974). This is not because sheep are different, but rather 

we have expanded our criteria to include more subtle events, which have been excluded in clinical 
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assessments in order to streamline clinical analysis. For example, fetal sheep HI sharp wave 

transient has been observed and defined with an amplitude of greater than 10 𝜇𝑉 which lasts 

between 70 and 250ms (Bennet et al., 2007b, Abbasi et al., 2016b). Collectively, the amplitude of 

fetal post-HI spikes and sharp waves in our data has been observed to vary from subtle small 

(<10𝜇𝑉) to large (>100-200𝜇𝑉). Although their amplitude have been reported to be greater than 

25𝜇𝑉 in the early-latent phase (Abbasi et al., 2016b, Bennet et al., 2006, Bennet et al., 2007b, Dean 

et al., 2006c, Dean et al., 2006a) and rise to values greater than 50𝜇𝑉 after maternal administration 

of dexamethasone, which is known to alter the fetal neural architecture (Davidson et al., 2011).  

Clinically, it is not clear when the latent phase ends and secondary phase starts as birth is not always 

time zero as the HI injury may be evolving from insults well before birth (Vannucci, 2000). Severe 

HI is often associated with delayed high amplitude stereotypic epileptiform seizures (see Figures 

1.2 and 1.5) which does not mean a long latent phase as there maybe evidence of clinical seizures 

(e.g. body movements, cardiovascular changes) before propagation of seizures to the cortex occurs. 

In other words, high amplitude stereotypic epileptiform seizures do not always mark the phases 

(the latent or secondary) and neither the risk of injury (reversible to irreversible) (Bennet et al., 

2010, Drury et al., 2010, Gunn et al., 1997, Gunn et al., 1998b). Experimental studies using sheep 

models demonstrate that high amplitude epileptiform evolving seizures have been seen in most of 

the cases but not all individuals who will go onto have injury (Bennet et al., 2007b, Bennet et al., 

2006, Bennet et al., 2010, Gunn and Bennet, 2009, Jacobs et al., 2013a). The importance of HI 

micro-scale transients is highlighted here when they can be used to determine when in time we are 

at. I will discuss this further in detail in section 1.5 and chapters 5-7. 

As discussed in the biomarker section above (section 1.3) most biomarker studies seek to determine 

a diagnosis and prognosis, rather than the phase of injury. Micro-scale transients have been shown 

to contribute in the injury, and occur primarily in the latent phase, and therefore are potential 

biomarkers of the HI brain injury during the primary recovery period (the latent phase) (Bennet et 

al., 2010, Bennet et al., 2007b).  
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Figure 1.5:  Examples of pre- and post-insult raw EEG sections: (A) normal pre-insult EEG activity containing various 

amplitudes and frequencies (1hr  pre-insult). Hypoxic-ischemic epileptiform transients along a suppressed EEG 

bachground (within the latent phase):(B) gamma spikes (1 hour post-insult), (C) sharps, a few spikes and complexes at 

sec 13 and 20 (2 hours post-insult), (D) Stereotypic evolving micro-scale seizures (SEMS) and slow waves (2 hours post-

insult), (E) Slow waves and near high amplitude epileptiform seizures (5 hours post-insult), (F and G) High amplitude 

evolving epileptiform seizures (secondary phase, 7 hours post-insult). 
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In addition, the frequency of epileptiform HI transients during the entire latent phase has been 

shown to clinically be correlated with the intensity of the injury and subsequent neuronal outcomes 

(Bennet et al., 2007b, George et al., 2004, Bennet et al., 2006, Bennet et al., 2010, Okumura et al., 

2003, Mandel et al., 2002, Biagioni et al., 1996). 

1.4.3.1. Pharmacological manipulation of epileptiform transient and the association with 

neural outcomes 

Biomarkers which can differentiate between the phases to allow us to identify those infants we can 

treat. It will also allow us to determine whether an insult will in fact cause injury, and the nature of 

that injury (Bennet et al., 2010). Experiments using preterm fetal sheep have demonstrated that, 

regardless of whether the HI injury develops later or not, the intensity of signal and overall EEG 

activity (mean EEG amplitude and intensity) are considerably suppressed during many hours post 

profound asphyxia (George et al., 2004). In contrast, EEG frequency is different between fetuses 

who will have no injury and those who will go onto develop injury (George et al., 2007, George et 

al., 2004, Bennet et al., 2010). Fetuses who will have injury experience an increase in EEG 

frequency, and this increase is associated with EEG micro-scale epileptiform transients during the 

latent phase (Gunn and Bennet, 2009, Bennet et al., 2006, Bennet et al., 2010, Jacobs et al., 2013a, 

George et al., 2004). Simultaneously with a noticeable gradual increase in the EEG power and 

cerebral blood flow, HI micro-scale epileptiform transients emerge in the signal only during the 

latent phase of recovery (see Figures 1.2 and 1.5) (Bennet et al., 2006, Bennet et al., 2010, Jacobs 

et al., 2013a, Okumura et al., 2003, Mandel et al., 2002, Biagioni et al., 1996, Gunn et al., 1997, 

Gunn et al., 1999, Marks et al., 1996). These transients are correlated with adverse outcomes 

(Bennet et al., 2007b, Bennet et al., 2010). Thus, they have the potential to be a biomarker which 

could be used as predictors of an HI insult.  

A number of studies have examined the effect of a variety of treatments on transients and the 

association with injury. In preterm fetal sheep at 0.7 gestation, maternal exposure to a single course 

of dexamethasone given 15 minutes after the end of the insult, during the latent phase, significantly 
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increased neural injury (Koome et al., 2013). This was associated with an increase in epileptiform 

transient activity, and the team had previously shown that steroids increased fetal neuronal 

excitability (Davidson et al., 2011). A follow-up study in preterm sheep fetuses, by Lear and 

colleagues (Lear et al., 2014) showed that increased epileptiform transient activity was associated 

with greater latent phase deoxygenation, as measured by NIRS. The team had previously shown 

that transients were associated with deoxygenation (Bennet et al., 2006). A more recent study has 

shown that steroids given before asphyxia induced catastrophic injury of the brain (Lear et al., 

2017). However, how transients were affected has not yet been evaluated.  

Using the same model, treatment with the glutamate antagonist, dizocilpine started at 15 minutes 

after the end of the insult and continued until for four hours (Dean et al., 2006c), cerebral 

hypothermia started at 90 min after the end of asphyxia and continued for 3 days (Gunn et al., 1997, 

Gunn and Drury, 2013), and administration of the SNS antagonist clonidine (Dean et al., 2008) all 

significantly attenuated epileptiform transient activity and improved neural outcome. Conversely, 

treatment with the SNS agonist, Idaxozan, significantly increased both transients and injury (Dean 

et al., 2006a, Dean et al., 2008).  

Collectively these studies demonstrate the association between transients and injury and their 

association with the latent phase of post-asphyxial recovery for the preterm brain at least (Fig 1.5). 

The relationship between transients and striatal damage in particular is examined in detail in chapter 

7. 

1.5. Therapeutic Hypothermia and brain cooling 

Preventing oxygen deprivation before or during birth requires accurate detection of the insult 

through use of heart rate monitoring and other techniques, and in a hospital setting (Lear et al., 

2016). While some cases can be prevented by quick caesarean delivery, many infants remain at risk 

of HIE and this is a particular problem in developing nations (Thompson et al., 1997, World Health 

Organization. Dept. of Child and Adolescent Health, 2000). Therapeutic cerebral hypothermia (or 
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brain cooling) has been shown to be effective for both human (excluding preterms) and animal 

babies with signs of moderate to severe HIE (Bennet et al., 2007b, Chalak et al., 2014, Davidson 

et al., 2015, Drury et al., 2014c, Gluckman et al., 2005, Gunn and Thoresen, 2006, Gunn and Drury, 

2013, Gunn and Bennet, 2009, Jacobs et al., 2013a, Merchant and Azzopardi, 2015, Shah et al., 

2010, Shankaran et al., 2005, Thoresen, 2011, Thoresen et al., 2013). Experimental investigations 

from both newborns and animal models suggest that hypothermia will be effective only if 

commenced early enough, within 2-6 hours of HI insult, during the latent phase of recovery (Battin 

et al., 2001, Bennet et al., 2010, Drury et al., 2014c, Eicher et al., 2005a, Gunn and Drury, 2013, 

Gunn and Bennet, 2016, Gunn et al., 1997, Gunn et al., 1998b, Gunn and Bennet, 2009, Gunn and 

Thoresen, 2015). 

Fortunately, this treatment has now been validated in many trials and is available at least for those 

infants who born at term (Battin et al., 2001, Battin et al., 2003, du Plessis and Volpe, 2002, Gunn, 

2000, Kracer et al., 2014, Massaro et al., 2015). However, despite more than a decade since the 

first clinical hypothermia trial began, the ability of clinicians to effectively and rapidly identify at 

risk babies and begin hypothermia has not been markedly improved (Gunn and Bennet, 2008). To 

date, no precise definition exist for the mechanisms, clinical studies have shown that only one infant 

out of every 6-8 benefits from hypothermic treatment, even if the cooling is started straight after 

birth and most treatment starts around 4 hours (Jacobs et al., 2013a). Many infants continue to die 

or go on to develop severe disability despite being treated and one of the main reasons behind this 

is a delay before treatment can be initiated. This highlights the fact that many newborns may have 

injury that has evolved beyond the latent phase by the time of birth, or are well into the late latent 

phase (Bennet et al., 2010).  

Thus, there is an urgent and unmet need to more efficiently diagnostic methods for the HI evolving 

brain injury.  In fact, the protective effects of the current hypothermia protocols are incomplete as 

many infants continue to die from HI brain injury or survive with handicap (Shah et al., 2010, Shah, 

2010). In fact, hypothermic methods have been shown to be neuroprotective if and only if started 
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early on within a few hours of HI, and if it doesn’t happen, then it would be still partially 

neuroprotective (Gunn et al., 1999, Gunn and Thoresen, 2006, Drury et al., 2014c, Bennet et al., 

2007b). Several clinical and experimental studies have shown that a moderate process of cooling 

started within a few hours after HI insult reduces brain damage and neuronal loss (Gunn and 

Gluckman, 2007, Eicher et al., 2005a, Hypothermia after Cardiac Arrest Study Group, 2002, 

Bernard et al., 2002, Shankaran et al., 2005, Gluckman et al., 2005, Jacobs et al., 2013a). In 

addition, it has been also shown that the recoverable window of opportunity for the injured brain 

cells closes once the latent phase is passed and after the secondary deterioration phase is begun 

(Gunn and Bennet, 2008, Gunn et al., 1999, Back, 2015, Drury et al., 2014c). Hypothermia is no 

longer protective past this point. Many infants continue to die or go on to develop severe disability 

despite being treated and one of the main reasons behind this is a delay before treatment can be 

initiated. However, at present, an immediate cooling is impractical as a large number of infants 

require to wait until resuscitation is done. Thus, considerable amount of time, often few hours, in 

which the HIE could be reliably diagnosable might have been already passed. Experimental studies 

strongly suggest that if hypothermia is delayed then a protracted cooling interval is necessarily 

required to gain a proper protection while the cooling process must be optimally continued until 

the secondary events within the secondary phase are fading out (Drury et al., 2010, Gunn et al., 

1997, Gunn et al., 1998b, Gunn et al., 1999). 

The cooling process has been shown to significantly contribute in the reduction on the rates of 

death and disability including cerebral palsy (Edwards et al., 2010, Zhou et al., 2010, Gunn and 

Thoresen, 2006, Gunn and Gluckman, 2007). It also results in overall improvement of cognitive 

function and helps to improve behavioral recovery (Edwards et al., 2010, Gunn and Thoresen, 

2006, Zhou et al., 2010). 
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1.5.1. Timing and Hypothermia  

Studies have shown that the measurement of cerebral energy metabolism after a severe HI insult 

suggests that a transiently recoverable phase for only a few hours post insult exists which later leads 

to a secondary phase of cerebral energy failure from almost hours 6 post insult (Figures 1.1 and 

1.2) (Thoresen et al., 1995, Roth et al., 1997, Drury et al., 2014c, Drury et al., 2010). Simulations 

of a 25-30 min of cerebral ischemia on near-term fetal sheep has shown that the secondary phase 

would start approximately 6 to 8 hours after reperfusion phase (see section 1.3 - evolving hypoxic-

ischemic (HI) injury) (Gunn et al., 1999). As mentioned before, the latent phase is associated with 

HI epileptiform transients, cell swelling, and extracellular accumulation of excitatory amino acids 

as well as intensive histologic injury correlations (Williams et al., 1990, Tan et al., 1996, Williams 

et al., 1991, Bennet et al., 2007b).  

There’s no evidence showing what type of events lead to final cell death and when exactly the 

injury becomes irreversible (Bennet et al., 2010). However, studies have demonstrated that the 

therapeutic hypothermia can be effectively protective only during the latent phase (early recovery 

phase, post HI-insult) before the start of high amplitude epileptiform seizures in the secondary 

deterioration phase (Gunn et al., 1999, Gunn et al., 1997, Gunn and Thoresen, 2006, Drury et al., 

2014c, Gunn and Bennet, 2008, Drury et al., 2010, Gunn et al., 1998b). 

Fetal sheep studies have shown that a prolonged hypothermia until just after the beginning of high 

amplitude epileptiform seizures would not contribute in the reduction of neuronal loss, significantly 

(Gunn et al., 1999). However, a delayed hypothermic therapy until the onset of high amplitude 

epileptiform seizures (6-8.5 hours after reperfusion phase) will be able to eliminate secondary cell 

swelling, although it will not have a considerable effect on neuronal loss (Drury et al., 2010, Gunn 

et al., 1999). Therefore, to be effective, clinical trials of therapeutic hypothermia suggest that 

newborns need to be brain cooled within 6 hours after birth (Shankaran et al., 2005, Eicher et al., 

2005a, Nagao et al., 2010, Thoresen et al., 2013, Wolff et al., 2009) and the process should be 

continued until the end of the secondary phase (Bennet et al., 2010, Gunn, 2000, Gunn and 
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Gluckman, 2007, Gunn et al., 1998b, Gunn et al., 1997). Although, to date, the optimal length of 

the cooling process is remained unclear but it has been shown that, to obtain acceptable 

neuroprotection results, treatment needs to be continued for over 48 to 72 hours (see Figure 1.1 and 

1.2) (Gunn and Thoresen, 2006, Edwards et al., 2010, Battin et al., 2001, Gunn et al., 1997). A very 

recent study suggests that brain cooling for 72 hours after cerebral HI in fetal sheep leads to better 

outcome compared to a partially neuroprotective cooling of 48 hours (Davidson et al., 2017). 

This indicates that although the cellular recover occurs in a very short period of time, during the 

latent phase, but complete repair needs longer periods of time. These data show that injury can go 

from being reversible to irreversible in a very short period of time.  

The existence of seizures in human babies who have been treated with hypothermia is somehow 

debatable. For instance, Gluckman, Shankaran and Thoresen have reported that hypothermia has 

possible effects on the reduction of seizures and their amplitude in the aEEG recordings (Gluckman 

et al., 2005, Shankaran et al., 2005, Thoresen et al., 2013, Hellstrom-Westas et al., 1995) and similar 

results are reported using EEG signals (Compagnoni et al., 2002) whereas Eicher, in 2010, has 

reported unexpected results showing more common clinical seizures in the hypothermic group 

compared to the normothermic group (Eicher et al., 2005b). 

1.5.2. Hypothermic experiments in animal models  

Studies conducted on patients and chimpanzees have also shown that focal cerebral cooling is 

generally associated with significant reduction of epileptiform activity (Karkar et al., 2002, 

Baldwin et al., 1956, Bennet et al., 2007b, Gunn and Gluckman, 2007, Hoehn et al., 2008, Shah, 

2010, Gunn and Thoresen, 2015, Shankaran et al., 2005). Experiments using rats show that brain 

cooling prevents the spreading of the depression within the cortex and slows down the propagation 

rate of the injury in adult rats, effectively (Takaoka et al., 1996, Ueda et al., 1997, Thoresen et al., 

1996, Clifton et al., 1991, Zhang et al., 1993, Coimbra and Wieloch, 1994). 
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Studies have reported that the severity of the HI injury is strongly associated with the post HI-insult 

hypoperfusion mechanism and cell death (Bennet et al., 2006, Marks et al., 1996, Beilharz et al., 

1995). It is well-known that in an effective hypothermia, every degree of reduction in temperature 

is associated with almost 5% of reduction in cerebral metabolism (Laptook et al., 1995, Erecinska 

et al., 2003). This relationship has been strongly supported by other animal studies conducted on 

neonatal rats and piglets (Sirimanne et al., 1996). 

Studies conducted on in utero pre-term and near-term fetal sheep models suggest that hypothermia 

reduces neuronal loss and prevents the later progress of hypoperfusion in the secondary phase if 

started with delays of both 1.5 hours (Bennet et al., 2007b, Gunn et al., 1997) and 5.5 hours (Gunn 

et al., 1998b) after reperfusion, post HI-insult, and continues for ~72 hours.  

Recent experimental and clinical evidences have also shown that even a delay of 3 hours before 

beginning of treatment is associated with worse outcomes than when started within the first 3 hours 

post insult (Drury et al., 2014c, Gunn and Bennet, 2009, Eicher et al., 2005b, Battin et al., 2001, 

Gunn et al., 1998a, Thoresen et al., 2013, al Naqeeb et al., 1999). In 1997 and 2004, Gunn et al. 

demonstrated that a 30 minute of umbilical occlusion followed by a moderate process of cooling 

started 90 minute after reperfusion and maintained for 72 hours post insult dramatically protects 

against brain damage and reduces neuronal loss across different brain regions of asphyxiated near-

term fetal sheep models (80% of gestation) (Gunn et al., 1997, Roelfsema et al., 2004). It has been 

shown that such a brain cooling process markedly delays the secondary hypoperfusion phase to 

almost 24 hours post HI-insult (Gunn et al., 1998b). A delay of 90 min post reperfusion has been 

chosen as it seems to be the shortest time that it might be possible to assess and stabilize a baby’s 

neurological status. 

Similar complementary experiments using preterm fetal sheep consistently shows that an extradural 

temperature reduction of ~5°C from 39.5±0.2°C to less than 34°C by a moderate cerebral 

hypothermia is markedly neuroprotective if initiated in the early latent phase (from 90 minutes after 

reperfusion: ~2 hours post HI insult), and continued to almost 70 hours post insult (Bennet et al., 
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2007b, Barrett, 2011). It has been shown that an initiated hypothermia in this phase could also 

prevent secondary cell swelling and reduces the cortical infarction (Drury et al., 2010, Barrett, 

2011, Bennet et al., 2007b, Gunn et al., 1997). It has been also shown that the moderate 

hypothermia significantly contributes in the improvement of the subcortical neuronal loss in 

striatum and reduces the average amplitude of HI epileptiform micro-scale transients during the 

early hours (< 6 hours); regardless of whether injury was later developed or not (Bennet et al., 

2007b, Gunn et al., 1997, Gunn et al., 1998b, Roelfsema et al., 2004, Barrett, 2011). In addition, it 

has been shown that hypothermia significantly contributes in the reduction of the average amplitude 

of the high amplitude epileptiform seizures from 135±59 to 67±21𝜇𝑉 (Bennet et al., 2007b).  

Complementary evidences, demonstrate that any delay in the cooling process after the end of early-

latent phase can be only partially neuroprotective and contributes less in the improvements of the 

outcomes (Kollmar et al., 2002, Gunn and Thoresen, 2015). In particular, it has been shown that a 

delayed cerebral hypothermia until before the onset of secondary post-ischemic high amplitude 

seizures (5.5 hours post reperfusion phase) which continues throughout the secondary phase for 

~72 hours could potentially improve the outcome of moderate to severe HIE (Gunn et al., 1998b, 

Roelfsema et al., 2004).  

Animal studies using near-term fetal sheep show that the post-ischemic hypothermic process of 

brain cooling will not be longer neuroprotective if started after the onset of high-amplitude 

epileptiform seizures and when the window of opportunity is closed (Gunn et al., 2005, Davidson 

et al., 2015, Gunn et al., 1999). In fact, no electrophysiological or histological protection has been 

reported if hypothermia is delayed further until after the establishment of high amplitude 

epileptiform seizures in the secondary phase (almost 8.5 hours post reperfusion phase) (Gunn et 

al., 1999). 

According to the discussion above and considering Figure 1.2, it is clear that the effectiveness of 

hypothermia decreases if initiated with longer delays after the hypoxic insult.  In the future 

chapters, I will later show how the frequency of the manually and automatically identified micro-
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scale HI sharp wave transients along the latent phase is correlated with brain damage. In fact, the 

number of sharp waves within the first hour post occlusion after reperfusion is significantly 

positively correlated with the number of striatal surviving neurons which means more number of 

sharp activities in this period is correlated with less damage. In contrast I will discuss that this 

correlation becomes significantly negative in the mid and late latent phase which is associated with 

more damage. Saying that, it could be inferred that a hypothermic process starting around 60-90 

minute after reperfusion will give a chance to the positively correlated brain activities to emerge 

and brain initialization is set; then suppresses the negatively correlated transients within the mid- 

and late-latent phases and helps for a better outcome. This behavior has been perfectly shown by 

Bennet et al using in utero preterm fetal sheep models (see Figure 1 of (Bennet et al., 2007b)). 

Bennet et al have reported that a close correlation exists between the numbers of HI EEG transients 

in the first 6 hours (30-min intervals basis) and striatal neuronal loss (after 3 days recovery) (Bennet 

et al., 2007b). As discussed before, they have demonstrated that, compared to the sham 

normothermic cohort,   hypothermia (initiated in 90 min after reperfusion) significantly reduces the 

average number of the epileptiform transients within the latent phase. In other words, an early start 

of the process of cooling prevents against emerging of the negatively correlated transients in the 

mid and late latent phases which would help for surviving of the neurons. Compared to near-term 

and term studies, using NIRS technique, Bennet et al have also demonstrated that timing of the 

evolutionary HI brain injury is similar for the preterm brain (Bennet et al., 2006).  

Therefore, considering the studies above, it can be inferred that the mechanism of suppression of 

the HI transients within the latent phase by hypothermia may significantly contribute in a 

hypothermic neuroprotection from evolving HI brain injury in a preterm brain if started within the 

early-latent phase. The hypothermic experiments also significantly highlight the importance of 

proper automatic identification of the biomarkers of the HI injury within the proven possible 

treatment time period to improve detection of the babies who will benefit from treatment. The 

discussion above is consistent with the recent clinical reports conducted on asphyxiated newborns 
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which conclude that as early as possible start of hypothermic process within less than three hours 

of birth highly improves outcomes (Thoresen et al., 2013). Thoresen et al. emphasize that to be 

neuroprotective, hypothermia must be started as soon as possible from the time of birth (Thoresen 

et al., 2013). 

Information provided in section 1.5 will be beneficial for the later discussion/conclusions in chapter 

7. 

1.6. Hypoxic-ischemic EEG signal analysis 

1.6.1. HI Epileptic seizure studies using amplitude-integrated EEG (aEEG) 

Previous clinical trials of therapeutic hypothermia used general EEG assessments (Gunn et al., 

1998a) or used what is known as amplitude-integrated EEG (aEEG) which is still in widespread 

use today (Lommen et al., 2007, Bourez-Swart et al., 2009, Shellhaas et al., 2007, Toet et al., 1999, 

Gluckman et al., 2005). Two lead amplitude-integrated EEG (aEEG) recordings are most 

commonly used to assess newborn’s filtered EEG (Toet et al., 2005, Hellström-Westas et al., 2003, 

Hellström-Westas et al., 2006). This type of EEG is a pattern recognition based technique, which 

uses highly filtered EEG signals to provide information about long-term trends in brain activity 

rather than allowing for real time assessment of brain activity (Shah and Wusthoff, 2015). This 

method is certainly not without its own virtues, and has been shown to have >70% positive 

predictive value for death or severe disability (Azzopardi et al., 2000, Azzopardi et al., 2008). 

Several different experimental and clinical attempts have been focused on the identification of the 

signs of HI brain injury using amplitude-integrated EEG (aEEG) monitoring technique. 

aEEG has been used to assess the EEG signal during the first 3 and 6 hours after birth using a 

Cerebral Function Monitor (CFM Lectromed) (Toet et al., 1999). This study, in 73 asphyxiate term 

infants, showed that t aEEG could be useful for the identification of infants who may be at risk of 

HIE. Toet et al also reported that aEEG did not provide detailed information on localization of the 

events and seizure activity that occur in the EEG background, although the overall changes of 



 
 

45 

 

activities could be trackable in this technique as the EEG amplitude is integrated over a certain 

period of time (Toet et al., 1999). Supporting this finding, it has been suggested that the application 

of aEEG technique is not recommended when studying of very fast low-amplitude seizure-like 

episodes that occur in a very short period of time (Toet et al., 2002). It is these events which my 

thesis focusses on as a potential biomarker (Bennet et al., 2010, Abbasi et al., 2016b).  

Further studies have demonstrated that aEEG can be used to evaluate changes in amplitude and 

seizues, which can be used to predict outcomes (Gluckman et al., 2005) (Lommen et al., 2007). 

Lommen and colleagues used Olympic brainZ machine recordings (CFM6000-Olympic Medical, 

Seattle, WA, USA) which were configured by a neurophysiologist for training of algorithms. The 

algorithm in this study has shown a sensitivity of more than 90% with one false positive detection 

per hour. They used five training sets, and noted that decreasing of the input training sets caused a 

significant reduction in sensitivity values of the Lommen algorithm, but overall this study showed 

the feasibility of an automatic background epileptiform activity detection using aEEG signals for 

clinical purposes (Lommen et al., 2007). 

Other studies confirm this finding. Shellhaas and colleagues conducted a study in neonates aged 

between 34 to 50 weeks to evaluate the detection sensitivity of neonatal seizures using a single 

EEG channel simulated from aEEG recordings (Shellhaas et al., 2007). This study also validated 

its results for seizure detection by neonatologists. This study argued that some seizure 

characteristics such as the type, duration, amplitude, and count per hour of the seizures correlated 

in the identification of neonatal seizures. However, it was argued that in some cases when the 

seizures were infrequent, short, or of low amplitude, it would be even hard for an expert to detect 

neonatal seizures on an aEEG (Shellhaas et al., 2007). This finding supports my earlier discussion 

on the differences between sheep and clinical EEG criteria.  

Other studies that aimed to classify and interpret seizure-like activity within aEEG signals of 

preterm and term infants did not conclude that information provided in an aEEG signal could be 

clinically useful (Hellström-Westas et al., 2006). However, a subsequent study by Bourez-Swart 
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and colleagues developed a detection algorithm for seizure patterns in post-HI EEG recordings in 

multichannel amplitude-integrated as single channel conventional EEG using twelve full-term 

neonate samples (Bourez-Swart et al., 2009). They studied ten second segments of post-HI EEGs 

from infants for seizures. This study has shown that the rate of the identification of seizure patterns 

was higher with multichannel aEEG in comparison with single channel aEEG. Thus, identification 

of the hypoxic-ischemic injury could be improved employing the multichannel aEEG signals 

(Bourez-Swart et al., 2009). 

As the aEEG signals are not generally suggested to be useful for early prediction of signs of HI 

brain injury, studies using standard EEG are reviewed in the next section. 

1.6.2. Post-HI seizure assessment using standard EEG 

Standard/conventional EEG has been shown to be a powerful tool for diagnostics of prenatal and 

neonatal brain injury that has been used for both preterm and full-term infants’ studies (Watanabe 

et al., 1999, Patrizi et al., 2003, Merchant and Azzopardi, 2015). Clinically it has been shown that 

more subtle events (HI “micro-seizures” or HI micro-scale epileptiform transient activity described 

in section 1.4.3 and Figure 1.5), cannot be detected by aEEG during the very early hours of injury 

(< 6 hours) and it is likely that this technique can only reliably determine injury in severe HIE 

neonates (Bourez-Swart et al., 2009, van Rooij et al., 2010, Sisman et al., 2005). In some cases 

aEEG alone does not suffice and requires standard EEG for early seizures identification (Evans et 

al., 2010). In other words, due to extra process of the signal in this technique, aEEG readily 

identifies large amplitude seizures and it does not readily allow for detection of more subtle low 

amplitude high frequency HI events (Merchant and Azzopardi, 2015, Evans et al., 2010) which our 

preclinical animal studies have shown are important (Merchant and Azzopardi, 2015, Bennet et al., 

2010). However, the raw underlying EEG signal has greater utility as it provides information about 

the complexity of the EEG signal. The raw EEG signal collection using 18-24 EEG leads is in fact 

the standard method used in adults which allows closer assessment of potentially pathological 
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features of the EEG (Shen et al., 2013, Trittenwein et al., 2006). Although, the full lead EEG 

requires specialist equipment and trained staff to read the EEG traces, which are seldom available 

in neonatal or pediatric practice. However, there is increasing use of the two lead EEG to collect 

raw data (Toet and Lemmers, 2009, Björkman et al., 2010, Shah et al., 2014, Glass et al., 2011, 

Shah et al., 2006). 

A number of other pre-clinical and clinical studies have been conducted to evaluate epileptiform 

transients in EEG recordings that have shown a correlation between events and outcomes. In 1999, 

Azzopardi demonstrated that two channel continuous EEG recordings taken within 12 hours of 

birth can help to predict the severity of neurological damage to the brain following birth asphyxia 

comparing 22 high risk infants with 11 healthy controlled ones (Azzopardi et al., 1999). The 

severity of HIE has been used as a criterion to classify normal and abnormal EEG recordings. EEG 

recordings in Azzopardi’s study commenced on average at 2h 50min after birth and lasted up to 12 

hours post-birth. Although the EEG was recorded relatively late, this study showed that continuous 

two channel EEG recordings can be useful for evaluation of the severity of brain insult early after 

birth asphyxia, accurately. 

Assessing EEG from both preterm and full-term neonates, clinical studies suggest that presence of 

abnormal spikes and sharp wave transients is significantly correlated with neurological outcome 

(Biagioni et al., 1996, Biagioni et al., 2000). Biagioni et al also have evaluated EEG features that 

have shown signs of HIE to distinguish between burst- and non-burst suppression patterns in EEG 

that would be a biomarker for severity of HIE (Biagioni et al., 1999). Using 93 preterm babies, 

Okumura et al demonstrated that the abnormal sharp transients within the EEG of preterm infants 

are strongly correlated with white matter injury (Okumura et al., 2003). Using 53 infants, Mandel 

et al show that EEG signal could be used alongside with sensory evoked potentials (SEPs) for early 

prediction of HIE in neonates (Mandel et al., 2002).  

Clinical and experimental EEG studies conducted on full-term and preterm infants as well as fetal 

sheep models, respectively, demonstrate that prolonged suppression of the EEG activity is 
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associated with adverse outcomes (Rowe et al., 1985, Williams et al., 1992, Spitzmiller et al., 

2007). However, there is a debate about early changes in EEG amplitude (Bennet et al., 2006, 

Bennet et al., 2010, Gunn and Bennet, 2009). Clinically, it has been shown that high amplitude 

seizures can be delayed and is debated to be associated with more damage (but not always) (Glass 

et al., 2009, Miller et al., 2002, Björkman et al., 2010, Shalak and Perlman, 2004). By the time that 

seizures have appeared, the infant is likely to have progressed beyond the window of opportunity 

for treatment (Gunn and Bennet, 2008, Gluckman et al., 2005). 

Studies conducted on term piglet models (Björkman et al., 2010), as well as human babies (Scher 

et al., 1993, Glass et al., 2009, McBride et al., 2000) suggest that presence, duration and frequency 

of HI seizures is potentially associated with the severity of perinatal HI brain damage and 

neurodevelopmental outcome. For this reason, the automatic identification of HI seizures has 

become an important topic to help early detection and treatment of affected babies before the injury 

progresses beyond the window of opportunity for treatment with neuroprotection agents. However, 

just a few studies have evaluated automatic analysis of hypoxic-ischemic seizures.  

A very recent clinical study has used aEEG signals alongside with power analysis of conventional 

EEG from 93 infants to predict seizures in HIE injured neonates (Jain et al., 2016). Similar to the 

findings of our research group, Jain et al suggested that early EEG activities could be used to predict 

subsequent EEG seizures in HIE injured neonates. They suggest that a flat tracing pattern within 

the first hour of aEEG signal could be the best predictor of later seizures. However, in our animal 

studies we have already demonstrated that the EEG amplitude is suppressed after HI insult, but this 

increases during the latent phase regardless of neural outcome. Jain et al suggest that, compared to 

aEEG technique, EEG power would be a better choice for prediction of early biomarkers that could 

be used to predict subsequent seizures (Jain et al., 2016). Jain et al claim that an EEG power less 

than 10 𝜇𝑉2 would be a potential biomarker to identify high-risk infants who would develop 

subsequent seizures (90% risk).  
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Automated seizure detection methods for neonates have been investigated since 1992 (Liu et al., 

1992). Since 2011, due to the enhancements in computer sciences (hardware/software) alongside 

with the enhancements in medical data acquisition techniques, automated detection methods have 

been reported to improve the accuracy of seizure detection in the HI EEG of human neonates 

(Korotchikova et al., 2011). These studies have demonstrated that quantitative EEG (qEEG) 

measures such as relative delta power, skewness, kurtosis, amplitude, and discontinuity can be used 

to separate between HIE grades. The neonatal brain research group from University College Cork, 

Ireland, have published a very valuable collection of studies regarding analysis of neonatal 

hypoxic-ischemic EEG. In 2010, Thomas et al developed a Gaussian Mixture Model (GMM)-based 

classifier for classification of post-HI seizures at 256Hz in the EEGs of 55 full-term neonates 

(Thomas et al., 2010). Around the same time, Temko et al developed a machine learning based 

classifier that employs support vector machines (SVMs) to discriminate between seizure and non-

seizure EEG epochs using EEGs from 17 full-term newborns (Temko et al., 2011a, Temko et al., 

2011b). Temko et al, determined that their SVM-based seizure classifier, validated over a large 

clinical dataset, performed as the best neonatal seizure detector with an average accuracy of 95% 

considering the hourly false detections. They suggested that this could reliably be reliably used in 

the neonatal intensive care units (NICUs) (Temko et al., 2011a, Temko et al., 2009).  

The same team have used probabilistic modeling methods that are designed based on the statistical 

location distribution of seizures from birth to improve the automatic prediction of seizures in the 

EEG of neonates exposed to HI (Temko et al., 2012). They have defined 55 statistical parameters 

extracted from both time and frequency domains of each EEG channel to be used in their 

probabilistic algorithm. Supporting this finding, Temko et al have developed an adaptive 

probabilistic EEG background modeling for identification of seizures using a total duration of 1479 

h from 38 neonates with signs of HIE. They validated their algorithm on 2540 hours of EEG 

obtained from 51 neonates and the results are promising with a very small number of hourly false 

detection of 0.24 (Temko et al., 2013). 
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By contrast, this research clearly differs by being concerned in the identification of HI micro-scale 

epileptiform seizures (particularly spikes, sharp wave and SEMS transients) in the latent phase of 

the EEG, before high amplitude seizures occur (for more information refer to chapters 5, 6 and 7). 

There is no current method for the accurate identification and quantification of these type of 

transients (particularly sharp waves) in the EEG after HI. Clinical data are often collected at a 

relatively low sampling rate of 64 Hz, which could also limit the accurate detection and 

quantification of transients (Bennet et al., 2006, Walbran et al., 2009, Walbran et al., 2011, Abbasi 

et al., 2014b). Signal acquisition in lower sampling rates also does not allow to researchers to collect 

useful neurophysiological information (such as high frequency oscillations) that are important for 

prediction of epileptic seizures (see section 2.13.1 of the wavelet chapter – chapter 2). The necessity 

of using automated algorithms for analysis of raw EEG is magnified when seeking to accurately 

detect the HI micro-scale transient biomarkers in the raw EEG when working with the large 

quantity of clinical data. 

Our laboratory has been working on an automatic identification of micro-scale seizures along a 

hypoxic-ischemic EEG signal have been started since 2009. Time-frequency techniques such as 

the short-time Fourier (STFT) (Walbran et al., 2009) and Haar wavelet transform (Walbran et al., 

2011) have provided some initial success in the detection of spike transients in the 64Hz sampled 

EEG of the hypoxic sheep. In 2009, Walbran et al suggested a semi-automated method based on 

the short time Fourier transform for the identification of epileptiform transients in the first 6-8 hours 

after hypoxia (the latent phase), particularly for spike detection in the fetal sheep model EEG signal 

(Walbran et al., 2009). The overall performance of this method was evaluated around 80% over 

three distinct periods within the latent phase of injury. The time-frequency multi-resolution WT 

technique has been employed for edge-detection along a hypoxic-ischemic fetal sheep EEG signal 

(Walbran et al., 2011). Walbran tried to automatically identify the potential biomarkers of hypoxia 

using Haar wavelets for spike identification in the preterm fetal sheep EEG signal, in utero. This 

study demonstrated how continuous wavelet transform could identify high frequency and micro-
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scale spike patterns along a low resolution 64Hz hypoxic-ischemic (HI) EEG signal (Walbran et 

al., 2011).  

1.6.3. Relation between sheep model and newborn data – primary investigation 

The major aim of this research was to focus on the micro-scale transients within the latent phase. 

Also, this research did not study the available neuroprotective treatments or their effects on the 

high amplitude epileptiform seizures within the secondary phase of the injury. In reality, it is 

difficult to determine where we are (and if we are) in the latent phase for infants, unless we are 

very close to the seizures. 

We have recently launched a clinical trial at Auckland Hospital (and also received an AMRF grant) 

to figure out if the same observations are translatable in newborn preterm babies. Our primary 

results are very promising. For instance, similar sharp waves (as seen in preterm fetal sheep) have 

been observed in the EEG signal from preterm human babies. More interesting, the EEG behavior 

is showing very close similarities to what we saw in Figure 1.2. Below I demonstrate some primary 

results from what we have seen in human babies compared to fetal sheep models. Figure 1.6-B 

demonstrates how the EEG from a sample preterm human baby highlights the same behavior from 

an asphyxiated preterm fetal sheep shown in Figure 1.6-A. The behavior shown in Figure 1.6-B 

suggests that the x-axis in Figure 1.6-B is not time zero similar to what is shown in Figure 1.6-A. 

In addition, Figure 1.7 compares the similarity of the observed sharp wave patterns within the latent 

phase of injury from a preterm fetal sheep and the EEG from a sample preterm human baby. These 

primary results will not be studied in the current thesis as they are out of the scope of the work. 
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A  

B  

Figure 1.6:  (A) Energy intensity of EEG from a preterm fetal sheep – pre/post HI,  

(B) Energy intensity of EEG from a sample preterm human brain post HI. 

 

Figure 1.7:  (A) A: 12 sharp patterns from a preterm human brain post HI, Sampling Frequency: 256Hz  

(B) 12 sharp patterns from a preterm fetal sheep brain post HI. Sampling Frequency: 1024Hz. 
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The skull is a huge barrier (with a very big electrical resistance) that might not allow spikes to 

propagate to the surface (this needs to be checked using the signals we have obtained in our clinical 

trial). Even if they have come to the surface, we might have been too late to capture them (mid- or 

late-latent phase). The type of spikes studied in my thesis are generally appear in higher gamma 

frequency range (~100-120Hz) with lower amplitudes. Certainly, it will be very marginal to capture 

them if we are using a clinical sampling frequency of 256Hz. 

These results are very promising and demonstrate how the sharp wave patterns can be used as 

prognostic biomarkers of the HIE. 

1.7. Objectives and scope 

During my PhD, I employed different signal processing methods such as Wavelets and template 

matching techniques and their combinations for the identification of the HI micro-scale hypoxic 

ischemic transients, particularly spikes and sharp wave transients, along the HI EEG of in utero 

preterm fetal sheep models post HI insult.  

Results from these methods were published as five conference papers (4‐5 pages each) in annual 

International Conference of the IEEE in Engineering in Medicine and Biology Society (EMBC) 

conference papers in Engineering in Medicine, and one journal article published in the 

‘International Journal of Neural Systems’ by World Scientific (impact factor: 6.085-2015). I also 

investigated the possible relationship between automatically identified HI sharp waves vs striatal 

and hippocampal neuronal loss and the facilitation of real-time detection of recovery from asphyxia 

in the in utero fetal sheep model. Results demonstrated how the HI sharp wave biomarkers correlate 

to the neuronal loss and can be used to predict the subcortical brain damage in our preterm fetal 

sheep cohort. Results from this study (chapter 7) are being prepared for submission to the journal 

Brain (impact factor 2015: 10.103). Publications are listed below: 
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Journal Articles: 

1- 2017: Abbasi, H., Bennet, L., Gunn, A. J., & Unsworth, C. P. (2017). Automatic Detection of Post 

Hypoxic-Ischemic Sharp Wave Biomarkers in the Mid-Latent Phase Correlate with Subcortical 

Neuronal Loss in Preterm Fetal Sheep. In preparation, Brain. 

2- 2016: Abbasi, H., Bennet, L., Gunn, A. J., & Unsworth, C. P. (2016). Robust Wavelet Stabilized 

‘Footprints of Uncertainty’ for Fuzzy System Classifiers to Automatically Detect Sharp Waves in 

the EEG after Hypoxia Ischemia. International Journal of Neural Systems, 1650051. 

Conferences published: 

3- 2016: Abbasi, H., Bennet, L., Gunn, A. J., & Unsworth, C. P. (2016, August). Identifying 

stereotypic evolving micro-scale seizures (SEMS) in the hypoxic-ischemic EEG of the pre-term 

fetal sheep with a Wavelet Type-II Fuzzy classifier. In Engineering in Medicine and Biology 

Society (EMBC), 2016 IEEE 38th Annual International Conference of the IEEE (pp. 973-976). 

IEEE. 

4- 2016: Lakadia, M. J., Abbasi, H., Gunn, A. J., Unsworth, C. P., & Bennet, L. (2016, August). 

Examining the effect of MgSO4 on sharp wave transient activity in the hypoxic-ischemic fetal 

sheep model. In Engineering in Medicine and Biology Society (EMBC), 2016 IEEE 38th Annual 

International Conference of the (pp. 908-911). IEEE. 

5- 2015: Abbasi, H., Gunn, A. J., Bennet, L., & Unsworth, C. P. (2015, August). Reverse Bi-

orthogonal wavelets & fuzzy classifiers for the automatic detection of spike waves in the EEG of 

the hypoxic ischemic pre-term fetal sheep. In Engineering in Medicine and Biology Society 

(EMBC), 2015 IEEE 37th Annual International Conference of the IEEE (pp. 5404-5407). IEEE. 

6- 2014: Abbasi, H., Unsworth, C. P., Gunn, A. J., & Bennet, L. (2014, August). Superiority of high 

frequency hypoxic ischemic EEG signals of fetal sheep for sharp wave detection using wavelet-

type 2 fuzzy classifiers. In Engineering in Medicine and Biology Society (EMBC), 2014 IEEE 36th 

Annual International Conference of the IEEE (pp. 1893-1896). IEEE. 
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7- 2014: Abbasi, H., Unsworth, C. P., McKenzie, A. C., Gunn, A. J., & Bennet, L. (2014, August). 

Using type-2 fuzzy logic systems for spike detection in the hypoxic ischemic EEG of the preterm 

fetal sheep. In Engineering in Medicine and Biology Society (EMBC), 2014 IEEE 36th Annual 

International Conference of the IEEE (pp. 938-941). IEEE. 

This thesis has been written based on the publications above and the methods in each paper/article 

will be detailed in the following chapters. In addition, the required signal processing basics as well 

as neurophysiological background information used in the above publications are comprehensively 

detailed in the chapters 1 to 3. 

In summary, the developed method in the second journal article (Abbasi et al., 2016b) were used 

for identification and quantification of HI sharp waves along the latent phase of the dataset in the 

first journal article (Abbasi et al. 2017). In this study, I demonstrated how the frequency of the 

automatically identified micro-scale HI sharp wave transients in this phase correlated with brain 

damage and neurophysiological outcome (see chapter 7). This study revealed several key 

observations. The first was that numbers of sharp waves correlated positively with caudate injury 

in the first hour of recovery (i.e. numbers correlated with less injury), suggesting early recovery of 

this region. However, subsequently numbers of transients correlated negatively with injury, 

suggesting that our measure reflected the transition to cell death. This study further highlighted the 

fact that we could detect injury in sample sizes as small as 10 minutes. My studies support the work 

on therapeutic hypothermia which emphasizes that treatment must start as early during recovery 

has possible (Gunn et al., 1997, Bennet et al., 2007b, Gunn and Drury, 2013), and clinically, 

preferably within three hours of birth (Thoresen et al., 2013). My study shows that our suggested 

automatic method could be used for early prediction of neonatal hypoxic-ischemic brain injury 

during the window of opportunity for treatment before the cellular damage converts to an 

irreversible state. 
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1.8. Summary 

Hypoxic-ischemia either before or during a difficult labor leads to major brain injury and death. A 

series of potential biological indices such as biochemical markers (through analysis of blood 

compositions) as well as particular type of bioelectrical seizure-like markers in the 

electroencephalogram (EEG) are shown to be useful for identification of fetal and neonatal HIE 

and outcomes. In this chapter, I discussed that the window of opportunity, or the latent phase, for 

identification and treatment of the HIE is quite narrow in time, maximum 6 hours post HI insult. 

This chapter also highlighted the fact that this period is not necessarily the same in human babies 

as asphyxia may occur well before birth while the baby is inside the womb. This chapter discussed 

the EEG and ECoG/iEEG technologies to be reliable methods for online monitoring of abnormal 

brain activity. I discussed how implanting of the electrodes would help for a better data collection 

from deeper brain structures with higher signal to noise ratios. The normal and hypoxic-ischemic 

epileptiform seizures along preterm fetal sheep EEG signal were then briefly reviewed. 

I discussed how perinatal cerebral hypoxic–ischemia brain injury evolves over time. Following 

this, a background on the characteristics of preterm EEG signals were introduced and general 

epileptic seizures were then described. Then brain maturation in preterm fetal sheep was explained 

and it was discussed why fetal sheep models are chosen for simulations of the HIE in our 

experiments. This chapter discussed that, to date, no exact biomarker has been reported for early 

diagnosis of the HI injury. It was discussed that conventional EEG has been shown to be a powerful 

tool for diagnostics of prenatal and neonatal HI brain injury at pre-clinical and clinical stages. It 

was also discussed that conventional EEG allows for online monitoring and subsequent automatic 

identification of the biomarkers of the HI injury that are shown to occur in the form of micro-scale 

transients along the EEG in both preterm and full-term infants. It was explained that biomarkers of 

the injury in the form of HI epileptiform transients occur in greater numbers primarily during the 

first 6 hours after oxygen deprivation (within the latent phase) when brain injury is still treatable. 
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Therefore, they represent an exciting new way to effectively and rapidly diagnose the evolving 

brain injury clinically, early on, before it becomes irreversible.  

I then explained that HI micro-scale epileptiform transients in the form of Gamma spikes and sharp 

waves emerging in the latent phase in the EEG recording post-HI are biomarkers of the cerebral 

hypoxic brain injury. I explained how the definitions of HI epileptiform spikes and sharp waves 

are slightly different compared to the similar conventional clinical seizures defined in human EEGs. 

The successful EEG studies that have addressed the potential biomarkers of the fetal and neonatal 

hypoxic-ischemic injury were then introduced. It was discussed that manual detection of HI 

transients is a time-consuming task that requires an individual physician to constantly monitor live 

EEG data for up to 8 or more hours at a time, for each baby. From thisI discussed how early 

automatic identification of these biomarkers can be useful to explain the timing of the evolutionary 

brain injury within the 3-6h post-HI insult and indicate sub-phases of the HIE at its very early 

stages when the brain cells have chance of recovery. The behavior of the HI Gamma spike patterns 

as well as their frequency and profile shapes within the sub-phases of the latent phase was then 

explained. It was inferred that early identification of HI Gamma spikes would be beneficial for 

early detection of HIE when the treatment could be neuroprotective. It was then discussed that 

alongside with the results of the current study, the literature suggests that these abnormal micro-

scale transients are significantly correlated with neurological outcome.  

It was pointed that in term infants, the only currently available neuroprotection treatment is 

therapeutic hypothermia (or brain cooling) that is shown to be effectively able to stop the spread of 

the evolutionary brain injury if started early on within the early recovery period (within less than 

3-6 hours) from birth. I discussed that consistent with the recent clinical achievements conducted 

on asphyxiated newborns, a moderate hypothermic mechanism initiated at 90 minute after 

reperfusion conducted on asphyxiated in utero preterm and near-term fetal sheep models markedly 

protects against brain damage and reduces neuronal loss across different brain regions. Such a 

cooling process is shown to significantly suppress the average number of micro-scale HI transients 
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along the latent phase of injury. Consistent with the recent clinical and experimental studies 

conducted on asphyxiated newborns as well as preterm and near-term fetal sheep, this chapter 

addressed why an early start of hypothermic process within the less than 2 hours of HI highly 

contributes to improve outcomes. 

A detailed literature review on automatic signal analysis methods used for identification of HI brain 

injury using amplitude-integrated EEG (aEEG) and EEG techniques were also represented. I 

discussed why aEEG is not a suitable choice for early prediction of HI injury compared to the EEG 

technique. In fact, I explained that aEEG cannot provide detailed information on localization of the 

micro-seizure activity that occur in the EEG background as is opposed to which our preclinical 

animal EEG studies have shown are very important. Finally, studies on automatic identification of 

micro-scale seizures along hypoxic EEG signal, performed by our research group at the 

Departments of Engineering Science and Physiology at the University of Auckland were reviewed.  

In the future chapters, I will first introduce my developed automatic algorithms for the 

identification of the HI micro-scale transients. Then I will demonstrate how and where in time the 

frequency of automatically quantified HI micro-scale epileptiform transients within the latent phase 

correlate with the brain damage. In other words, we will demonstrate how increase or decrease in 

the number of HI micro-scale transients is shown to correlate with injury and worsen or improve 

the brain damage, respectively. This highlights the necessity of accurate automatic identification 

of the HI transient biomarkers to determine at risk infants early on. In the future chapters it will be 

shown how the automatic quantification and identification of HI transients (mainly Gamma spikes 

and sharp waves) within the latent phase will help to determine where in time the brain injury 

exactly occurs. I will also demonstrate how the number of automatically quantified HI sharp wave 

transients within the early-latent phase are significantly positively correlated with the number of 

striatal and hippocampal surviving neurons; whereas the numbers of transients within the mid- and 

late-latent phase are markedly negatively associated with number of surviving neurons in these 

regions. The similarity of the results from automatically quantified transients using my developed 
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algorithms will be compared with manual quantifications and it will be shown how effectively the 

suggested methods perform. 

Finally the objectives and scopes of the current thesis were addressed through introducing of the 

publications that the current thesis is written based on. During my PhD, I developed different signal 

processing methods for the identification of HI micro-scale hypoxic ischemic transients such as 

gamma spikes, sharp wave transients and SEMS along the EEG of in utero preterm fetal sheep 

models post HI insult that will be discussed in detail. It was briefly highlighted how the results 

from these publications using in utero preterm fetal sheep models are linked to each other and to 

the literature; emphasizing the important role of HI gamma spikes and sharp waves for early 

prediction of post HI seizures and brain injury. 

In general, the medical background information required in the following chapters were detailed in 

this chapter and the behavior of preterm fetal sheep EEG post hypoxic-ischemia was discussed. 

This chapter also described how the HIE evolves over time until become irreversible and 

highlighted the importance of automatic identification of the HI micro-scale transient biomarkers 

of the injury during the window of opportunity for treatment.  
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Chapter 2  

Wavelet Transform Techniques 

 

2.1. Introduction 

Signal transformation techniques have been widely used for the characterization and analysis of a 

multitude of medical and biomedical signals as well as for non-medical applications. For instance, 

the applications of spectral analysis techniques in biomedical sciences have been reviewed in 

(Unser and Aldroubi, 1996, Bruce, 2001, Rangayyan, 2015). Spectral analysis have been also used 

in many studies for analysis of neurophysiological signals, such as identification of epileptiform 

activity in EEG (Goelz et al., 2000), signal processing of physiological signals (Lessard, 2005), 

identification of inter-seizure epileptic patterns (Bitter and Nobre, 1987), power spectral analysis 

of the brain activity in fetuses (Eswaran et al., 2012) and diagnostic of heart disorders (Pasterkamp 

et al., 1983, Rangayyan, 2015). Similarly, time-frequency wavelet-based methods have been also 

employed in epileptic seizure detection (Goelz et al., 2000, U. R. Acharya et al., 2012, Bruce, 2001, 

Rangayyan, 2015) and ECG diagnostic applications (Rodney Tan et al., 2007). 

As discussed in chapter 1, only a few studies have been performed on the automatic identification 

of neonatal epileptiform seizures along hypoxic-ischemic EEG/aEEG (Patrizi et al., 2003, Bourez-

Swart et al., 2009, Stevenson et al., 2013, Temko et al., 2009, Temko et al., 2011, Thomas et al., 

2010, Mathieson et al., 2016) (see chapter 1).  

This chapter details the required signal processing background, which will be used in the future 

chapters of this thesis. This involves the application of time-frequency analysis techniques with 

particular emphasis on wavelet techniques for the identification and quantification of HI 

epileptiform transients along EEG signals obtained from the in utero fetal sheep model. First, 
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spectral analysis using the Fourier Transform (FT) and Short-Time Fourier Transform (STFT) of 

an arbitrary signal is reviewed. We will then describe the limitations of the FT and STFT in feature 

localization of a signal and how Multi-Resolution Analysis (MRA) was developed to overcome the 

time-frequency limitations of the Short-Time Fourier Transform. The application of Mother 

Wavelets in the Wavelet Transform (WT) is then introduced. We will then discuss how the time-

frequency characteristics of arbitrary signal can be well-localized using the Wavelet Transform as 

compared to the FT. Certain requirements of the Mother wavelets as well as the corresponding 

selection criteria to be used in the Wavelet Transform (WT) are then reviewed. This is followed by 

description of the Continuous Wavelet Transform (CWT) technique and its applications. The 

ability of the WT-based filtering techniques and their weakness are then discussed. After that the 

relationship between the number of scale and frequency is reviewed. The basics of Discrete 

Wavelet Transform (DWT) and theory of filter banks are then briefly reviewed. The concepts of 

orthogonality and biorthogonality are then introduced and we highlight how biorthogonal wavelet 

bases are constructed. After that, the Inverse wavelet transform and thresholding of the WT are 

described. The spectral abilities of the localized time-frequency techniques in signal processing are 

then reviewed and the mother wavelet selection criteria is discussed after. In addition, the sampling 

theorem, anti-aliasing filters for down-sampling are introduced in appendix-I of the current chapter. 

In particular, it will be demonstrated in appendix-I that an FIR filter could be used to filter out the 

noise from EEG signals that is distorted by the 50Hz noise when being collected from the in utero 

environment.  

Overall, this chapter details the required signal processing background, that was implemented in 

the following chapters, on the application of time-frequency analysis techniques in the EEG signals 

obtained from in utero fetal sheep models. 
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2.2. The Concept of Signal Transformation 

In general, signal transformation techniques have been widely used in applications such as audio, 

image and signal processing (Akansu and Haddad, 2001, P. S. Addison, 2002, Rabiner and Gold, 

1975). A signal transformation allows one to map arbitrary continuous or discrete signals from the 

original domain (i.e. time domain) to a transformed domain (i.e. frequency domain) and vice versa 

(Akansu and Haddad, 2001, Boashash, 2015, S. Mallat, 2009, Rabiner and Gold, 1975). The main 

goal of a signal transformation methods is to simplify and also to extract important information 

from an arbitrary signal (Rioul and Vetterli, 1991a). 

In order to transform a signal from the original domain (i.e. time domain), an analyzing operator is 

used to map the signal to the transformed domain (i.e. frequency domain); similarly an inverse 

operator is used to reconstruct the original signal back from the signal components in the 

transformed domain through an inverse transform process (Boashash, 2015, Akansu and Haddad, 

2001). The basic concept of a signal transformation is shown in Figure 2.1.  

 

 

 

 

 

Figure 2.1: Signal transformation 

Fourier Transform (FT), Short Time Fourier Transform (STFT) and Wavelet Transform (WT) are 

the common type of signal transformations used in the signal processing field (L. Cohen, 1995). 

Using FT, STFT, and WT, a signal in time domain could be mapped, respectively, into frequency, 

time-frequency, or time-scale domains (Gröchenig, 2013, L. Cohen, 1995, Rioul and Vetterli, 

1991a). The aforementioned types of signal transformations are introduced in the following 

sections. 

Synthesizing Operator 
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Domain 
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2.3. The Fourier Transform and Frequency Analysis 

The Fourier Transform (FT) is a commonly-used signal transformation method in mathematical 

and physical problems (Ozaktas et al., 2001, Philips et al., 1995, Vretblad, 2006). This 

transformation technique was initially introduced in the early 19th century by Joseph Fourier when 

he was solving the heat equation along a metal plate (Grattan-Guinness, 1969). The Fourier 

transformation is a powerful tool for analyzing the spectral characteristics of an arbitrary signal 

(Andrews and Phillips, 2003). Basically, the FT decomposes a signal into the summation of its 

fundamental sinusoidal signals with different frequencies, amplitudes and phases (L. Cohen, 1995, 

Bracewell, 1965). The FT can be applied to both continuous, 𝑥(𝑡), and discrete, 𝑥(𝑘), signals 

where 𝑡 ∈ ℝ and 𝑘 ∈ ℤ (𝑘 = 𝐾𝛥𝑡), respectively. The Fourier transform of a continuous signal is 

given in equation (2.1): 

(2.1) 𝑋(𝑓) = ∫ 𝑥(𝑡)𝑒−𝑖2𝜋𝑓𝑡𝑑𝑡
∞

−∞
 

Where, 𝑋(𝑓) is the Fourier transformed signal and represents information about the average 

frequency components, 𝑓, along the entire signal 𝑥(𝑡) (Strichartz, 2003). The transformation 

term, 𝑒−𝑖2𝜋𝑓𝑡, will be used for each frequency component (𝑓) to construct the sinusoidal signals in 

the frequency domain (Folland, 1992, Strichartz, 2003). A Fourier transformed sample of a HI EEG 

signal in the time domain (sampled at 1024Hz), from a preterm fetal sheep, is shown in Figure 2.2. 

 

Figure 2.2: A sample HI EEG signal from preterm fetal sheep in the time domain (sampled at 1024Hz) (A),  

The corresponding Fourier spectral analysis (B) 
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It is clear in Figure 2.2 that the noise is mostly concentrated over 50Hz and its harmonic spectral 

components. 

As mentioned before, a signal could be rebuilt (reconstructed) from the transformed domain back 

into the primary domain. To reconstruct the original signal, 𝑥(𝑡), back into the time domain, the 

components of the transformed signal, 𝑋(𝑓), in the frequency domain are used in the Inverse 

Fourier Transform (IFT), as defined by equation below (2.2): 

(2.2) 𝑥(𝑡) = ∫ 𝑋(𝑓)𝑒𝑖2𝜋𝑓𝑡𝑑𝑓       
∞

−∞
 

In addition, discrete signals in the time domain can be also mapped into the frequency domain using 

the Discrete Fourier Transform (DFT) (Smith, 2007, Allen and Mills, 2004). In fact, in the reality, 

signals are sampled discretely at different sampling rates (i.e. 1
∆𝑡⁄ ). The DFT decomposes a 

discrete signal, 𝑥(𝑛) into its discrete fundamental periodic sinusoids. The analysis equation of the 

DFT (S. Mallat, 2009, S. Mallat, 2008) is defined as: 

(2.3) 𝑋(𝑘) = ∑ 𝑥(𝑛)𝑒
(

−𝑖.2𝜋.𝑘.𝑛

𝑁
)𝑁−1

𝑛=0             

In order to reconstruct the discrete signal in the time domain, the Inverse Discrete Fourier 

Transform (IDFT) is introduced and given as: 

(2.4) 𝑥(𝑛) =
1

𝑁
∑ 𝑋(𝑘)𝑒

(
𝑖.2𝜋.𝑘.𝑛

𝑁
)𝑁−1

𝑘=0            

Where, the signal 𝑥(𝑘) is defined over period N and 0 ≤ 𝑛 < 𝑁 (𝑛 = 0, … , 𝑁 − 1). 

As an example, the frequency components above 7 Hz (including the 50 Hz noise and its 

harmonics) can be removed from the sample Fourier spectral analysis shown in Figure 2.2-B (see 

Figure 2.3-A). The original fetal EEG segment can be then reconstructed back in the time domain 

by applying the inverse Fourier transform on the remained spectrums in the Frequency domain. 

Figure 2.3-A demonstrates the spectral plot shown in Figure 2.2-B after setting the frequency 

components above 7 Hz to zero (including higher frequency noise spectral components) and re-
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building the HI EEG signal from preterm fetal sheep in the time domain, Figure 2.3-B, using 

Inverse FT. Clearly, by removing some certain frequency components from the signal, the 

associated amplitudes are removed from the original signal and therefore, the signal shown in 

Figure 2.3-B indicates lower amplitudes for the corresponding time locations in Figure 2.2-A. 

Consequently, the spectral analysis technique can be used as a filter to filter out a certain frequency 

component(s) from a signal. 

 

Figure 2.3: Removing the noise spectral components from the spectral analysis shown in Figure 2.2-B (A)  

and re-building the HI EEG signal in the time domain using Inverse FT (B). 

 

From equation 2.1, the Fourier transform of a continuous signal calculates the inner products of 

𝑥(𝑡) with infinite sinusoidal functions (Rioul and Vetterli, 1991a, Champeney, 1987, Folland, 

1992). Therefore, the FT is most suitable when applied to a signal with a few sinusoidal 

components.  In contrast, the very useful embedded information within non-stationary signals, 

which mostly occur in the form of finite-time transients starting and ending at zero, cannot be 

revealed by the FT (Rioul and Vetterli, 1991a). In other words, for an abrupt sharp transient (e.g. a 

spike with zero values on either side), the FT needs to set infinite sinusoidal signals (with zero 

values on either side of the transient) to construct the sharp edges of the transient in the time 

intervals (S. Mallat, 2009, Rioul and Vetterli, 1991a). Therefore, FT would not be an appropriate 

transformation choice as it provides multiple sinusoidal functions in the frequency domain for a 

particular spike in the time domain. Consequently, the sinusoidal components of the Fourier 
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Transform restrict the FT to disclose the localization characteristics of an arbitrary signal in time 

domain (Rioul and Vetterli, 1991a, Galli et al., 1996). This limitation does not allow one to extract 

the valuable non-stationary features of a signal using Fourier transform (L. Cohen, 1995, Rioul and 

Vetterli, 1991a). This restriction could be interpreted by the “Uncertainty Principle” or “Heisenberg 

inequality” which implies that the product of the time and frequency resolutions of an arbitrary 

signal 𝑥(𝑡) cannot be lower than a certain value (S. Mallat, 2009, Meyer, 1992, Busch et al., 2007, 

Rioul and Vetterli, 1991a). If the time and frequency resolutions are defined as ∆𝑡 and ∆𝑓, 

respectively, then according to the Heisenberg inequality, the time-bandwidth product of ∆𝑡∆𝑓 ≥

(4𝜋)−1 should be satisfied (Gabor, 1946, Rioul and Vetterli, 1991a). In other words, Heisenberg 

inequality highlights that a signal cannot be highly concentrated in time and frequency 

simultaneously (Donoho and Stark, 1989). Therefore, due to the analytical restrictions of the FT 

for non-stationary signals, Dennis Gabor introduced a time-dependent frequency analysis method 

for simultaneous time-frequency analysis of an arbitrary signal while the linearity features are 

preserved (Gabor, 1946, Rioul and Vetterli, 1991a). The idea was to perform Fourier transform 

locally over small windows of limited length along the signal and assume the signal is 

approximately stationary within those periods. This time-frequency analytical method is mostly 

known as “Short-Time Fourier Transform (STFT)”, “Gabor Transform”, “Sliding Window Fourier 

Transform” and “Windowed Fourier Transform” (Rioul and Vetterli, 1991a, L. Cohen, 1995, Qian 

and Chen, 1999, Portnoff, 1980, Gröchenig, 2013, Kemao, 2004, Qian and Chen, 1993). The Short-

Time Fourier Transform is explained in the next section. 

2.4. The Short-Time Fourier Transform 

The Short-Time Fourier Transform (STFT) is generally a joint time-frequency Fourier-based 

transform representation which determines the sinusoidal frequencies and phases components of 

local intervals of an arbitrary signal 𝑥(𝑡) along time (Sejdić et al., 2009, Boashash, 2015, Chen and 

Ling, 2002, Rioul and Vetterli, 1991a). In practice, the STFT is performed by dividing the signal 

into shorter segments of equal length and applying a finite- energy window function, 𝑔(𝑡), 
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individually on each of the segments. The mathematical representation of the continuous-time 

STFT which maps a signal 𝑥(𝑡) into a two-dimensional time-frequency plane is given by: 

(2.5) 𝑋(𝑓, 𝜏) = ∫ 𝑥(𝑡)𝑔(𝑡 − 𝜏)𝑒−𝑖2𝜋𝑓𝑡𝑑𝑡         
∞

−∞
 

Where, 𝑔(𝑡 − 𝜏) is the fixed window function centered at position 𝜏. The term 𝑒𝑖2𝜋𝑓𝑡 demonstrates 

that the window is shifted along with frequency 𝑓. Obviously, coefficients obtained from the STFT, 

𝑋(𝑓, 𝜏), represent the degree of similarity between an arbitrary signal and a sinusoidal with an 

angular frequency of 2𝜋𝑓 in a certain period centered at 𝜏. In other words, the STFT provides useful 

time-variant spectral information of a signal and determines at what time and at what frequency a 

particular signal transient occurs.  

A sample HI EEG signal in the time domain (sampled at 1024Hz) from a preterm fetal sheep as 

well as its STFT spectrum using a Chebyshev window of size 256 samples are shown in Figure 

2.4. 

 

Figure 2.4: A sample HI EEG signal from preterm fetal sheep in the time domain (sampled at 1024Hz) (A),  

The corresponding Short-Time Fourier Transform spectrum using a Chebyshev window of size 256 samples (B). 

Figure 2.4 demonstrates that the STFT spectrum of the EEG section spectrum using a Chebyshev 

window of size 256 samples has provided beneficial spectral information of the original signal that 
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determines at what time the spectral components close to 4Hz that are related to sharp waves 

transients, within the EEG signal have occurred. 

Arrows in Figure 2.4-B clearly show the highlighted regions within the STFT spectrum. 

However, the precision of the calculations are extremely limited and affected by the chosen time 

and frequency resolutions of the moving window (Rioul and Vetterli, 1991a). Therefore, the STFT 

is not a flexible time-frequency approach as a certain size of the time moving window has been 

chosen for all frequencies. In the next step, a variable-sized windowing technique was introduced 

to overcome the time-frequency resolution limitations of the STFT. This technique is analyzing a 

signal along time considering multiple different frequency resolutions and therefore is called Multi-

Resolution Analysis (MRA). The MRA is briefly discussed in the next section. 

2.5. Multi-Resolution Analysis (MRA) 

The STFT analysis is strictly limited by a fixed time moving window which is considered for all 

embedded frequency resolutions along a signal. To overcome this drawback, in 1988, the idea of 

“Multi-Resolution Analysis (MRA)” or “Multiscale Approximation (MSA)” was introduced 

by Stephane Mallat and Yves Meyer to represent an arbitrary signal in the time-scale plane using 

flexible localized functions at different “scales” which are shifted (dilated) along time (S. Mallat, 

2009, Meyer, 1992, S. G. Mallat, 1989b, Meyer, 1989). Basically, the MRA technique deals with 

the frequency sub-bands analysis of a signal and works with the scaling functions (Poularikas, 

1998, S. G. Mallat, 1989b, Jawerth and Sweldens, 1994). The concept of “scale” is inversely related 

to frequency resolution which means a higher scale is related to a smaller frequency resolution and 

vice-versa (S. Mallat, 2009).  

The MRA could be obtained by considering varying time and frequency resolutions of ∆𝑡 and ∆𝑓 

in the time-frequency plane. According to the Heisenberg inequality, when ∆𝑓 changes then ∆𝑡 

changes as well while the inequality is still satisfied; in other words, a very small time resolution 

can be chosen at high frequencies vice versa. It is clear that this analysis method works well in real 

https://en.wikipedia.org/wiki/Stephane_Mallat
https://en.wikipedia.org/wiki/Yves_Meyer
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cases when the analyzing signal is composed of sharp transients with higher frequency components 

occurring in very small durations. 

Over an iterative procedure, this technique consecutively decomposes a signal into multiple levels 

of “approximations” which range from the highest to the lowest resolution. The MRA technique 

also provides a series of lost information between two successive series of approximation, called 

the “details” series (Gao and Yan, 2010, P. S. Addison, 2002, Rioul and Vetterli, 1991a).  The 

further “approximation” and “details” series can be calculated by hierarchical decomposing of the 

signal into the scaling functions, 𝜙𝑚,𝑛, and the corresponding wavelets 𝜑𝑚,𝑛. This method was the 

basics of a new form of signal transformation which is called the Wavelet Transform (J. Morlet, 

1983, D. Morlet et al., 1992). The concept of Multi-Resolutional Analysis will be further discussed 

in the Discrete Wavelet Transform section (section 2.8). A complete review of the Wavelet analysis 

is represented next. 

2.6. Wavelet Theory and the Wavelet Transform 

As discussed, despite the powerful spectral analysis of the FT and STFT, they are not suitable signal 

transformation choices when analyzing signals with transients and noise. The idea of Wavelet 

Transform (WT) was first introduced and developed by Morlet in the mid-1980’s to overcome the 

limitations of FT and STFT (Grossmann and Morlet, 1984, J. Morlet, 1983, Fourgeau, J Morlet G 

Arens E and Giard, 1982, S. G. Mallat, 1989a). The Wavelet theory and transform, which was then 

developed by Daubechies and Mallat in the late 80’s (Daubechies, 1992, S. G. Mallat, 2009, S. 

Mallat, 2009, Daubechies, 1990), represents a flexible Time-Frequency (T-F) multi-resolution 

platform that can decompose a signal into different frequency scales (S. G. Mallat, 2009, S. Mallat, 

2009).  

Wavelet techniques are highly useful for a broad facets of signal processing and have been 

employed for signal feature extraction as well as diagnostic assessments of biomedical signals 

(Akay, 1995, Akay, 1997, Petrosian and Meyer, 2013, P. S. Addison, 2002, S. Mallat, 2009, Unser 
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and Aldroubi, 1996). For example, they have been used in approximation and image processing for 

edge detection, noise reduction and compression/decompression (T. Acharya and Ray, 2005), 

pattern and discontinuity detection in higher derivative levels in the ECG signals (Saxena et al., 

2002), frequency decomposition of ultrasound images (Cincotti et al., 2001) and analysis of MRI 

signals (Healy and Weaver, 1992). In addition, wavelet techniques have been also extensively used 

in the time-scale analysis of EEG epileptiform activity (Ocak, 2009, U. R. Acharya et al., 2012, 

Senhadji and Wendling, 2002), separation of transients and epileptic spikes in EEG (Latka et al., 

2003, Jmail et al., 2011), diagnosis of ADHD (Ahmadlou and Adeli, 2010, Rubia et al., 2005) and 

Alzheimer’s diseases (Sankari et al., 2012, Adeli et al., 2008, Polikar et al., 1997).  

Particular properties of wavelets such as the ability to analyze signals that are localized in time 

have made them useful for signal processing purposes. The WT transforms a signal into time-scale 

plane and represents higher frequency components of a signal in smaller “scales” and vice-versa 

(Rioul and Vetterli, 1991a). Therefore, the WT is able to extract embedded high-frequency 

information with shorter intervals (i.e. sharp transients) as well as lower frequency components of 

a signal which occur with longer time intervals.  

Basically, the word “wavelet” refers to a localized brief wave-like pulse (P. Addison, 2004) which 

describes an oscillatory function defined in a limited time period. Based on the definition, a wavelet 

is designed to be as symmetric and smooth as possible where its amplitude increases from zero 

level and then falls back down to zero (P. Addison, 2004, P. S. Addison, 2002, Torrence and 

Compo, 1998). Typical mother wavelets of Mexican hat, Daubechies 2 and Reverse Biorthogonal 

2.8 which have been mostly used in this study are shown in Figure 2.5-A to 2.5-C. 

An initial mathematical model of wavelets was first introduced by Morlet in 1982 (Fourgeau, J 

Morlet G Arens E and Giard, 1982). Then, in 1984, Grossman and Morlet represented an analytical 

method for analysis of an arbitrary signal by scaling and shifting (dilation and translation) of a basis 

mother wavelet 𝜑(𝑡) along that signal.  

http://en.wikipedia.org/wiki/Signal_processing
http://en.wikipedia.org/wiki/Oscillation
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Generally, the wavelet transform is used to analyze unknown signals in different resolutions at 

different frequency ranges. This feature of the WT helps to localize the frequency components of 

a signal along the time axis. However, to obtain the best results from a WT, the nature of the 

analyzing signal and the required purposes from the analysis must be both considered. 

2.6.1. Wavelets mathematical requirements  

The function of a mother wavelet must satisfy the following criteria in order to be mathematically 

classifiable.  

1- A mother wavelet function must have finite energy.  

(2.6) ∫ |𝜑(𝑡)|2𝑑𝑡 < ∞ 
∞

−∞
        

This inequality demonstrates that a wavelet’s function must be square-integrable and 

bandpass. The terms “finite energy” and “bandpass” here imply that a mother wavelet 

function fluctuates similar as a “short” wave in time. 

2- The frequency representation of the above inequality is given as: 

(2.7) 𝐶𝜑 = ∫
|𝛹(𝑓)|2

𝑓
𝑑𝑓 < ∞       

∞

0
 

Here, 𝛹(𝑓) is the Fourier transform of the mother wavelet function 𝜑(𝑡). Equation 2.7 

demonstrates that the wavelet does not have any frequency component at 0 (no energy at 

zero frequency, 𝛹(0) = 0). In other words, the wavelet should have a zero mean 

(∫ 𝜑(𝑡)𝑑𝑡 = 0
∞

−∞
). Therefore, equation 2.7 is known as the Admissibility condition and 𝐶𝜑 

is the Admissibility constant (S. Mallat, 2009, P. S. Addison, 2002, Priestley, 1996). 

The zero mean criterion demonstrates the oscillatory nature of the wavelet 𝜑(𝑡), while the finite 

energy criterion ensures that the fluctuations of the wavelet pulse occurs in a short period of time. 

These criteria confirm that the function of 𝜑(𝑡) could be interpreted as a brief wave-like oscillation 

(P. S. Addison, 2002, Grossmann and Morlet, 1984, Huang, 2004). The basis function of a mother 
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wavelet can have either a real or complex function representation (P. S. Addison, 2002, S. Mallat, 

2009). The Haar, Gaussian, Meyer and Biorthogonal basis functions are examples of classical real 

valued wavelet functions whereas the Shannon and Morlet basis functions are classified in the 

complex valued mother wavelets category (Fugal, 2009).  

The time domain and frequency domain representations of the typical mother wavelets used in the 

current study are shown in Figure 2.5. Clearly, these wavelet functions could be considered as a 

bandpass filter with central frequency of 𝑓𝑐. The maximum magnitude of the frequency spectra in 

the frequency domain, obtained from the Fourier transform of a particular mother wavelet function, 

specifies the place of the central frequency 𝑓𝑐. In other words, 𝑚𝑎𝑥(|𝛹(𝑓)|) = |𝛹(𝑓𝑐)| (Rioul and 

Vetterli, 1991a).  

 

Figure 2.5: Typical normalized mother wavelet basis functions in the time domain. (A) Reverse Biorthogonal 2.8 

(Rbio2.8), (B) Mexican hat (second derivative of a Guassian), (C) Daubechies 2 (Db2) and the corresponding 

Frequency spectra demonstrated in (D), (E), (F), respectively. 

In general, different mother wavelets offer different localization characteristics of a particular 

signal, both in the time and frequency domain. This property is due to the different frequency 

characteristics of different mother wavelets and helps to employ them for various specific 
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applications. For instance, the Haar wavelet (or step function), which is known as the first and 

simplest wavelet basis mother wavelet, with a discontinuous and non-differentiable function (S. 

Mallat, 2008), represents suitable time localization properties for edge detection and analysis of 

sudden transitions within a signal. Although, the corresponding frequency spectra of this wavelet 

does not represent a good frequency localization behavior as its spectrum decays oscillatory. The 

Haar mother wavelet and its frequency spectra are shown in Figure 2.6.  

 

Figure 2.6: Haar mother wavelet basis functions (A) and its frequency spectra (B). 

2.6.1.1. Heisenberg uncertainty principle for wavelet functions 

In general, from the wave mechanics interpretation point of view, the Uncertainty Principle (see 

section 2.3) could be used to interpret how the levels of energy concentrations in both time and 

frequency domains change, simultaneously. Therefore, the Heisenberg inequality would help to 

describe how the time and frequency localization characteristics of different mother wavelets are 

limited (S. Mallat, 2009, Meyer, 1992, Busch et al., 2007, Rioul and Vetterli, 1991a, Gabor, 1946, 

S. G. Mallat, 1989b).  

The Uncertainty Principle discussed in section 2.3, can be expanded to wavelet theory and mother 

wavelet functions as well. For a particular mother wavelet 𝜑(𝑡) and its Fourier transform 𝛹(𝑓), 

the time and frequency energy concentrations (with ∆𝑡 and ∆𝑓 resolutions) can be defined, 

respectively, by equations (2.8) and (2.9). 
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(2.8) (∆𝑡)2 =
1

|𝜑(𝑡)|2 ∫ (𝑡 − 𝒖)2|𝜑(𝑡)|2𝑑𝑡         
∞

−∞
 

(2.9) (∆𝑓)2 =
1

|𝛹(𝑓)|2 ∫ (𝑓 − 𝛏)2|𝛹(𝑓)|2𝑑𝑓         
∞

−∞
 

Here, 𝒖 represents the location of the center of wavelet function 𝜑(𝑡) whereas 𝛏 is the center of 

𝛹(𝑓). 𝒖 and 𝛏  can be calculated from the following equations (2.10) and (2.11) (S. G. Mallat, 

1989b, S. Mallat, 2008, S. Mallat, 2009): 

(2.10) 𝒖 = ∫ 𝑡2|𝜑(𝑡)|2𝑑𝑡
∞

−∞
            

(2.11) 𝛏 = ∫ 𝑓2|𝛹(𝑓)|2𝑑𝑓 
∞

−∞
           

Hence, the product of the time and frequency energy concentrations of a particular mother wavelet 

is limited to the Heisenberg inequality. In other words, the time spread of a sample function can be 

reduced by using a certain scale while the total energy content is maintained (S. Mallat, 2009). This 

fact essentially helps when the choice of a particular wavelet is important for a specific application. 

For example, a visual scan through Figure 2.5 suggests that a Reverse Biorthogonal 2.8 mother 

wavelet would be a better choice for localization of the very high frequency transients in a signal 

compared to the Mexican hat and Daubechies 2 wavelets.  In the following sections, we will 

demonstrate how the choice of Reverse Biorthogonal 2.8 mother wavelet could localize and evoke 

the frequency characteristics of a spike transient if used as the transfer function in the WT. There 

are several different families of wavelet bases introduced and categorized based on their properties 

such as support functions both in the time and frequency domain, symmetry, number of vanishing 

moment etc. The wavelet families are briefly reviewed in the next section. 

2.6.2. The Wavelet Families 

Basically, the basis mother wavelet function 𝜑(𝑡), which previously introduced (see sections 2.6 

and 2.6.1), can be dilated (scaled: stretched or compressed) and translated (shifted) to generate 

series of a wavelet family (S. Mallat, 2009, A. Cohen and Ryan, 1995, Teolis, 2012). The choice 

of an optimized basis mother wavelet among all wavelet families is highly dependent on both the 
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nature of a particular application and the characteristics of the analyzing signal. The dilation and 

translation parameters of 𝑎, 𝑏 are considered to generate a series of wavelet family, represented as 

equation (2.12): 

(2.12) 𝜑𝑎,𝑏(𝑡) = 𝜑 (
𝑡−𝑏

𝑎
)                 

The degree of dilation of 𝜑(𝑡), which is inversely linked to frequency, is determined by the dilation 

factor (scaling) “𝑎” whereas the location of 𝜑(𝑡) is specified by the translation factor (shifting) “𝑏” 

(S. Mallat, 2009). In practical applications of the wavelet transform, the dilated (scaled) and 

translated (shifted) versions of a particular mother wavelet, φa,b, are correlated with a signal of 

finite energy. To ensure that the wavelets have similar energy levels at different scaling factors, the 

mother wavelets 𝜑𝑎,𝑏(𝑡) in equation 2.12 can be multiplied by a term a−1
2⁄  to obtain normalized 

wavelets, ‖𝜑𝑎,𝑏(𝑡)‖ = 1. 

(2.13) 𝜑𝑎,𝑏(𝑡) =
1

√𝑎
𝜑 (

𝑡−𝑏

𝑎
)            

The compact formula in equation 2.13 represents energy normalized format of mother wavelets 

𝜑𝑎,𝑏(𝑡) from the same wavelet family (P. S. Addison, 2002).  

To clarify this, the dilated and translated versions of the Mexican hat wavelet 𝜑𝑚𝑒𝑥ℎ in the time 

domain as well as the corresponding frequency spectra of their scaled basis functions in the 

frequency domain are demonstrated in Figure 2.7-A and 2.7-B, respectively. 

Mathematically, the Mexican hat mother wavelet (see Figure 2.5) can be obtained from the second 

derivation (
𝑑2

𝑑𝑡2) of the Gaussian basis function 𝑒
−𝑡2

2⁄ . Basically, different time resolutions of the 

𝜑𝑎,𝑏in the time domain results in various frequency resolutions (bandwidths) with different central 

frequencies in the frequency domain. 

For example, Figure 2.7-A demonstrates different formats of the Mexican hat mother wavelet 

𝜑𝑎,𝑏(𝑡) for different scaling and translation parameters of 𝑎 = 1,2,10 and 𝑏 = 20,55, 120 in the 



 
 

76 
 

time domain; whereas the corresponding frequency spectras 𝛹𝑎,𝑏(𝑓) with central frequencies, 

specified by 𝑓𝑐1, 𝑓𝑐2 and 𝑓𝑐3, are shown in Figure 2.7-B.  

 

Figure 2.7: (A) Time domain representation for Mexican hat mother wavelet with different dilation and translation 

values for “a” and “b” and (B) the corresponding frequency domain representations. 

As it can be seen from Figure 2.7, either stretching or compressing of the basis function of a mother 

wavelet in time-domain affects the frequency representation of the signal in Frequency domain and 

therefore this idea can be used for frequency-based filtering purposes, subsequently. In other words, 

from Heisenberg uncertainty principle, the time and frequency energy concentrations (∆𝑡2 and ∆𝑓2 

in equations 2.8 and 2.9) can only be affected by the dilation parameter, "𝑎". It means that, using 
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of 𝜑𝑎,𝑏(𝑡) instead of 𝜑(𝑡) in equations (2.8) and (2.9) results in: ∆𝑡 𝑎,𝑏
2 = 𝑎2∆𝑡2 and ∆𝑓𝑎,𝑏

2 =

1

𝑎2
∆𝑓2. Clearly, the width of the filter decreases as the number of scale increases. Figure 2.7 

demonstrates that stretching of a mother wavelet in time (higher scales) narrows down its support 

in the frequency domain and by that the center frequency of the mother wavelet moves toward 

lower frequencies. This feature can be used for demonstration of the slow changes and coarse 

characteristics of a signal. In contrast, in lower scales, the wavelet is more compressed and 

corresponds to higher frequencies which result in higher quality time resolution of rapid changes 

in the signal (S. G. Mallat, 1989b, S. Mallat, 2009, S. Mallat, 2008, P. S. Addison, 2002). 

2.6.3. Continuous wavelet transform 

The Continues Wavelet Transform (CWT) employs localized basis functions, over Fourier 

Transform methods, to pick out localized frequency features that exist along a signal in time-

domain. The CWT decomposes the initial signal to several time-series of different wavelet-scales 

(am) in the wavelet-domain (see Figure 2.8).  

 

Figure 2.8: General concept of the CWT and construction of Scale-Time representation (Scalogram)  

of a signal. (a1< a2 <a3) 
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In the CWT, a continuously scaled mother wavelet is continuously shifted along a signal and the 

correlation between the mother wavelets and the signal is determined over time (see Figure 2.8). 

Therefore, the calculated inner products in a Continuous Wavelet Transform (CWT) illustrate the 

similarity degree between an arbitrary signal and the scaled mother wavelets used in the transform. 

In comparison to the Fourier transform and Short-Time Fourier transform (STFT) in which the 

complex exponentials (𝑒𝑖𝜔𝑡) and windowed complex exponentials (g(𝑡)𝑒𝑖𝜔𝑡) are the analyzing 

functions, respectively (see equations 2.1 and 2.5), the mother wavelets are the analyzing functions 

in a CWT. Mathematically, continuous wavelet transform of a signal 𝑠(𝑡) in L2(ℝ)1 is obtained by 

the equation 2.14: 

(2.14) 𝐶𝑊𝑇(𝑎, 𝑏; 𝑠(𝑡), 𝜑(𝑡)) =
1

√𝑎
∫ 𝑠(𝑡)𝜑∗ (

𝑡−𝑏

𝑎
) 𝑑𝑡,       𝑎, 𝑏 ∈ 𝑹

∞

−∞
           

Here 𝜑(𝑡) represents the mother wavelet, “*” indicates complex conjugate, and the result is a 

function of two variables 𝑎, 𝑏. As discussed before, these variables are the dilation and translation 

factors of the mother wavelet, respectively. Results of the above integral represent the wavelet 

coefficients at a particular scale (dilation) of "𝑎 > 0" and at a certain position (translation) of "𝑏" 

for the basis mother wavelet. Thus, a sample continuous wavelet transform evaluates the similarity 

of the signal components at the different translated (shifted) and scaled (stretched or compressed) 

classes of the mother wavelet. Thus, a CWT of a signal is a representation of that signal when it is 

compared with a sample mother wavelet at different positions and scales. Therefore, a bigger 

amplitude in the CWT represent a higher similarity of the employed mother wavelet in the 

transform to the signal behavior at that particular point in time. The continuous wavelet transform 

would be a complex-valued function of position and scale if the mother wavelet of the transform is 

a complex wavelet such as complex Gaussian or complex Morlet while the signal has real values 

if the mother wavelet of the CWT is from a real wavelet family category (S. Mallat, 2009). 

                                                
1 L2(ℝ) is the space of square-integrable functions on the real coordinate. 
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Basically, higher frequency components appear in lower scales in wavelet decomposition whereas 

lower frequency components emerge in higher scales after a wavelet transform applied to a signal. 

Using a piece of raw EEG signal sampled at 1024Hz, this feature of the wavelet decomposition is 

shown in Figure 2.9A-D for when the number of scales increases. 

In practice, a well-matched basis wavelet with both signal and desired event features can be scaled 

or “stretched” to the same frequency as an anomaly, pulse, or other events of the signal. Time-

frequency features of a signal emerge in different points of different scales depending on the 

selected mother wavelet and the chosen values for the dilation and translation parameters. The 

scaled wavelet can be shifted (translated) in time to line up with desired events. In a wavelet 

transform, an appropriate scale and shifting values evokes information as the time and frequency 

of the desired event.  

 

Figure 2.9: Wavelet decomposition of a sample sharp wave using Mexican hat mother wavelet 

(A-D) 2D representation of the WT using different wavelet scales. 
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In other words, stretching and shifting (“dilating and translating”) of a chosen mother wavelet 

matches it with hidden events of the signal. This discloses the frequency and location of the desired 

event in time and helps to find a specific profile shape. However, due to the similar nature of the 

wavelet functions, the application of different scaled mother wavelets leads to obtain redundant 

information in the wavelet coefficients of a CWT, inevitably (Valens, 1999, Kaiser, 2010). The 

time-frequency analysis abilities of the CWT is discussed in the next section. It is also briefly 

reviewed how the CWT using different mother wavelets could provide redundant information. 

2.6.4. Interpretation of Continuous Wavelet Coefficients and Time-Frequency Analysis 

of CWT 

Wavelets generally perform well in the detection of discontinuities along an arbitrary signal as well 

as the singular points. Any abrupt transitions along the signal can be captured by the Wavelet 

transform and emerges as large absolute values in the wavelet coefficients of the CWT. To interpret 

how the CWT coefficients are dependent on the mother wavelet and the chosen scale, here we use 

an example. In general, the CWT coefficients from different scales analyze an arbitrary signal over 

time and frequency simultaneously and demonstrate how the frequency components of the signal 

vary over time. In the example below, we describe how the scale, 𝑎, and frequency, 𝑓, can be 

related. We will also show how the CWT coefficients localize an abrupt transition where the CWT 

represents the largest peak within the Time-scale plane. An epileptiform HI spike pattern along a 

1024Hz sampled EEG is used as the analyzing signal in the CWT (Figure 2.10-A). The CWT of 

this piece of signal, with 100 samples length, is calculated using Mexican hat, Reverse 

Biorthogonal 2.8 (rbio2.8), and Daubechies 2 wavelets over the first 128 scales, respectively. This 

generates a matrix of 128-by-100 for each CWT for each mother wavelet. Each row matches the 

CWT coefficients from each scale (128 rows) and, similarly, the dimension of the column 

represents the length of the signal. Figures 2.10-B, 2.10-C and 2.10-D demonstrate a color 

representation of the magnitudes of the CWT coefficients, using the above mentioned three mother 

wavelets, in the time-scale plane at each point of the matrix. It is clear that the CWT estimations 
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from each mother wavelet is slightly different, however, they similarly indicate the high and low 

frequency components along the sample signal.  

 

Figure 2.10: (A) an HI spike pattern and the corresponding absolute values of CWT using (B) Mexican hat,  

(C) Rbio2.8 and (D) Daubechies 2 wavelet families  (y-axis: scales 1- 128). (E) the colorbar which ranges from  

dark blue to red indicates the small to large absolue CWT coefficients. 

Examining the dilated and translated mother wavelet in the CWT along the original signal, it is 

obvious that the concentration of large-valued CWT coefficients at small scales is narrowed down 

to a region centered around points 41-43 in the time-scale plane and the absolute values of the CWT 
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coefficients are small elsewhere. This demonstrates how the CWT could provide beneficial 

information about the time-varying patterns along signals. Figures 2.10-B, 2.10-C and 2.10-D, 

demonstrate that the larger CWT coefficients occur in the vicinity of the spike pattern in the original 

signal. Thus, this feature could be used to localize an abrupt change in the signal best using smaller 

scales in the CWT. At small scales, it is ensured that the wavelet coefficients are only affected by 

a small support function of the mother wavelet (see Figure 2.8). This confirms that the larger CWT 

coefficients happen at scales closer to the center frequency of the spike pattern in the original EEG 

signal. In other words, Figure 2.10 implies the redundancy of the information from the CWT using 

different scaled mother wavelets. In section 2.7, it will be later discussed how these particular scales 

are related to the dominant frequency of the spike pattern. 

In Figure 2.8 of section 2.6.3, we briefly introduced how the scale-time representations of a signal 

can be used to build an Scalogram using the CWT. To clarify the above descriptions, the Scalogram 

surfaces of the time-frequency representation of the CWT coefficients using Gaussian2, Rbio2.8, 

and Db2 mother wavelets are shown in Figure 2.11.  

This figure helps for a better visualization of the frequency spectrum representations of the CWT 

coefficients and highlights the location and scale of the dominant energetic features within the 

signal when different mother wavelets are used in the CWT. The scales which representing the 

highest magnitudes from Gaussian2, Rbio2.8, and Db2 mother wavelets could be determined from 

Figures 2.11-B, 2.11-C ad 2.11-D, respectively. For instance, as indicated in Figure 2.11-B, the 

largest value from the whole set of rbio2.8 CWT coefficients for the spike pattern over the first 128 

scales happens at scale 7. 
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Figure 2.11: Surface plot of the CWT coefficients from Rbio2.8 mother wavelet (scales 1- 128). The colorbar 

represents the positive magnitudes in hot colors (e.g red) and the negative magnitudes in cold colors (e.g blue) 

Visual analysis of this figure implicitly suggests that scale 7 could be a suitable candidate to be 

used for the detection of this particular pattern in an HI EEG signal. The relationship between the 

number of scales and frequency is now reviewed. 
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2.7. Relationship between Scale and Frequency 

As discussed in the previous section, the WT could be considered as a band-pass filter with a band-

width around the central frequency of 𝑓𝑐 at each scale (refer to section 2.6-Wavelet Theory and 

Transform) (Akay, 1998). Although, there is no specific relationship exist between frequency and 

scale, but it has been shown that a wavelet at a certain scale with a specific sampling period (∆𝑡) 

can be mapped into a particular frequency in the frequency domain (HZ). Although the CWT is 

firmly introduced in the time-scale plane, but the CWT could be interpreted in terms of time and 

frequency instead of time and scale (Akay, 1998). According to the Heisenberg uncertainty 

principle, the product of ∆𝑡∆𝑓 should be always maintained constant for a particular function so 

that the inequality of ∆𝑡∆𝑓 ≥ (4𝜋)−1 is satisfied. A narrower function in the time domain with a 

small time resolution ∆𝑡 (small value for the scaling parameter “a”) results to a higher frequency 

resolution ∆𝑓 and vice versa. In fact, higher frequency components inherently appear in a shorter 

time periods so that the scaling parameter “a” is inversely related to frequency. This concept helps 

to interpret the CWT of a signal in terms of “frequency” instead of “scale”.  

To explain this relationship better, real examples are used in the following sections to describe how 

the number of scales of a particular mother wavelet associates to a certain frequency. This has been 

performed by analysis of wavelet-based energy distribution, wavelet power spectral density and 

interpretation of Pseudo-frequency approximation. 

2.7.1. Wavelet-based energy distribution 

The total energy within a signal at a particular scale 𝑎 can be described by the wavelet-based energy 

distribution of a wavelet at a certain scale as: 

(2.15) 𝐸(𝑎) =
1

𝐶𝜑
∫ |𝑇(𝑎, 𝑏)|2𝑑𝑏

∞

−∞
           

Where, 𝑇(𝑎, 𝑏) is the CWT of the signal at the scale and translation values of "𝑎" and "𝑏" and 𝐶𝜑 

is the admissibility constant, described before in section 2.6.1, respectively (P. S. Addison, 2002). 
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The normalized scale dependent wavelet energy spectrum plot of the spike pattern from Figure 

2.11 using rbio2.8 mother wavelet is demonstrated in Figure 2.12. The dominant powerful scales 

within a signal are highlighted with peaks in 𝐸(𝑎) (e.g. scale 7 in this figure). In other words, the 

plot describes that only one dominant energetic scale exist within the signal which is linked to the 

dominant oscillatory regime of the original spike pattern (scale 7 in this case). 

 

Figure 2.12: Scale dependent wavelet energy spectrum; Wavelet Energy distribution for the sample spike wave in 

Figure 2.11, using rbio2.8 mother wavelet 

Results from both Figures 2.11-B and Figure 2.12 verify the fact that an Rbio2.8 of scale 7 

represents the largest coefficients for the sample HI spike in a range of different scales used in the 

CWT. Therefore, this scale could be suggested as the best scale to be used for further analysis and 

identification of this type of spike pattern along the signal using rbio2.8 mother wavelet. 

2.7.2. Wavelet power spectral density 

The scale dependent wavelet energy spectra, 𝐸(𝑎), described in the previous section, could be 

converted to a frequency dependent wavelet energy spectra, 𝐸𝑤(𝑓), given as: 

(2.16) 𝐸𝑤(𝑓) =
1

𝑓𝑐𝐶𝜑
∫ |𝑇(𝑓, 𝑏)|2𝑑𝑏

𝜏

0
           

Where, 𝑓𝑐 is the scaled bandpass center frequency of the mother wavelet and 𝜏 is the length of the 

sample signal. Peaks in 𝐸𝑤(𝑓) demonstrate the dominant energetic frequencies within the signal 
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(P. S. Addison, 2002). The wavelet power spectral density of the aforementioned sample spike 

using rbio2.8 scale 7 is plotted in Figure 2.13. The peak of the graph suggests that the sample spike 

has a dominant frequency at 107.4 Hz.  

 

Figure 2.13: Frequency dependent wavelet energy spectrum; for the sample spike using rbio2.8 scale 7. 

In the following section, the relationship between the scale dependent wavelet energy spectrum 

(Figure 2.12) and the passband frequency of a mother wavelet at a particular scale is further 

discussed. Using the scaled bandpass center frequency,𝑓𝑐, of the mother wavelet, we will 

demonstrate how the associated frequency to a particular wavelet scale could be determined. 

2.7.3. Pseudo-Frequency approximation 

The pseudo-frequency, 𝑓𝑝, is used to represent an approximation for the relationship between 

frequency and scale for a specific mother wavelet (Abry, 1997, Rajagopalan and Ray, 2006, P. S. 

Addison, 2002). In wavelet analysis, it has been shown that the scale value can be related to 

frequency through determining of the central frequency of the basis mother wavelet, 𝑓𝑐. Basically, 

the spectral components are inversely proportional to the dilation (𝑓 ∝  1
𝑎⁄ , 𝑎 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑐𝑎𝑙𝑒) and this idea can be used to obtain an approximation for the relationship 

between the number of scale and frequency.  
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The associated frequency with a particular mother wavelet function at a certain scale is called the 

pseudo-frequency 𝑓𝑝. Analytically, the bandpass centre frequency of a mother wavelet can be used 

to calculate the pseudo-frequency: 

(2.17) 𝑓𝑝 =
𝑓𝑐

𝑎 × ∆𝑡
⁄    , (𝐻𝑧)           

Where, 𝑎 represents the scale, ∆𝑡 is the sampling period (e.g. 1/1024 or 1/64, etc) and 𝑓𝑐 is the 

center frequency associated with the mother wavelet in Hz. Clearly, the center frequency is changed 

to 
𝑓𝑐

𝑎⁄  when the wavelet is dilated with parameter 𝑎. The sampling period, ∆𝑡, is then used 

to correspond scale 𝑎 to the pseudo-frequency 𝑓𝑎 (Hz). 

Figure 2.14 shows how sinusoidal signals with different particular center frequencies could be 

matched with the pseudo-frequency of different mother wavelets at particular scales. For instance, 

the center frequency demonstration for the Daubechies 2 mother wavelet ‘db2’ is shown in figure 

2.14-A. 

In figure 2.14, the basic idea is to associate a purely sinusoidal periodic wave with frequency of 𝑓𝑐 

to a particular mother wavelet, where the Fourier transform of the mother wavelet is maximized 

using 𝑓𝑐. This basically shows that the main oscillations within a particular mother wavelet can be 

captured by the center frequency approximation. This confirms that significant large fluctuations 

would occur along the cross correlation coefficients series, described before as the Continuous 

Wavelet Transform (CWT), of an arbitrary signal when the pseudo-frequency 𝑓𝑝 of the mother 

wavelet is associated with the local dominant frequencies along the signal. Thus, the information 

from the formulation above can be used for a proper scale selection for analysis of a particular 

waveform. 



 
 

88 
 

 

Figure 2.14: Center frequency approximation for (A) Daubechies2 “Cent Freq: 0.6667”, (B) Daubechies7 “Cent 

Freq: 0.6923”, (C) Gaussian 2 “Cent Freq: 0.3”, (D) Gaussian 3 “Cent Freq: 0.4”, (E) Reverse Biorthogonal 2.8 

“Cent Freq: 0.5884”, (F) Biorthogonal 5.5 “Cent Freq: 0.6366” mother wavelets. 

Before we continue with the analytical study of the pseudo-frequency, the scaling behavior of a 

reverse biorthogonal mother wavelet (rbio2.8) over a sample spike pattern is visually checked first. 

Figures 2.15-A to 2.15-C demonstrate how increasing of the scale number can help to find the best 

matched scale with a sample spike pattern (frequency-wise and length-wise). Basically, an HI spike 

pattern in a 1024Hz sampled EEG signal occurs with a length of 8-12 sample points which is 

associated with a frequency band of 85-128Hz. As it is obvious from Figure 2.15-A and 2.15-B, 
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scales 1 to 4 are all within the spike while scales 5 to 7 are well-fitted over the sample spike and 

cover/overlap its triangular lines.  By increasing of the number of scale, typically scales 10 and 20 

shown in Figure 2.15-C, the mother wavelet is stretched out and diverges from the spike pattern. 

This visual assessment of the scaling behaviour of Rbio2.8 over the sample spike suggests that 

scales 5 to 7 of this mother wavelet can be the potential scales that could best represent the 

frequency characteristics of the sample spike pattern. 

Here, we demonstrate that the pseudo-frequency analysis for the rbio2.8 mother wavelet would 

represent the same results as previously discussed and demonstrated in Figures 2.11-B and 2.12. 

Results from analytical calculations of the pseudo-frequency, 𝑓𝑝, for rbio2.8 over a scale range of 

1 to 20 using equation (2.17) are shown in Table 2.1 and confirm that scales 5 to 7 of this basis 

wavelet provide the best frequency-band which best represents the dominant frequency of the 

sample spike. In other words, main oscillations within the scale range of 5 to 7 for rbio2.8 is 

suggested to be well-matched with the wave lengths corresponding to the spike length and capture 

its dominant frequency when the CWT of these scales is applied to the signal. Therefore, this 

technique can be used to find the well-matched scales of a particular wavelet with a particular 

pattern to be applied in the CWT of a signal for identification purposes. 
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Figure 2.15: Scaling of rbio2.8 mother wavelet over a sample HI spike pattern,  

(A) scales 1:4, (B) scales 5:7, (C) scales 10, 20 

Table 2.1, demonstrates the associated frequency range and wave lengths to the scale 5 to 7 of the 

rbio2.8. For a sample spike, sampled at 1024Hz, the wave length varies between 8 and 12 samples 

which is equal to the frequency range of 85 to 128Hz, respectively. This suggests that these scales 

could be the best choices to be used in the CWT to reveal information about events with frequencies 

close to this frequency band. 
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Table 2.1: Scale number, frequency and wavelength of rbio2.8 mother wavelet over the scale range of 1 to 20 

Scale Frequency Wavelet length 

1 602.491 1.700 

2 301.246 3.399 

3 200.830 5.099 

4 150.623 6.798 

5 120.498 8.498 

6 100.415 10.198 

7 86.070 11.897 

8 75.311 13.597 

9 66.943 15.296 

10 60.249 16.996 

11 54.772 18.696 

12 50.208 20.395 

13 46.345 22.095 

14 43.035 23.795 

15 40.166 25.494 

16 37.656 27.194 

17 35.441 28.893 

18 33.472 30.593 

19 31.710 32.293 

20 30.125 33.992 

 

Clearly, the demonstrated values for scales 5 to 7 in Table 2.1 are well-matched with the sample 

spike pattern’s frequency (85-128Hz) and length (8-12 points), respectively. These results also 

comply with the previously discussed results in Figures 2.11-B and 2.12 where the scale 7 was 

suggested as the best scale number to be used for analysis of the sample spike. 

2.8. Discrete Wavelet Transform 

In real situations, for signals that are sampled discretely, the Discrete Wavelet Transform (DWT) 

could be used in WT to obtain the temporal resolution feature of the transform. The DWT is a 

numerical analysis method which uses discretely sampled wavelet within the transform and 

localizes the frequency information in time. An original signal could be completely reconstructed 
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infinite summations of DWT coefficients (P. S. Addison, 2002). For a discrete signal 𝑥[𝑘], the 

discrete wavelet transform defined by: 

(2.18) 𝐷𝑊𝑇(𝑚, 𝑛; 𝑥[𝑘], 𝜑𝑚,𝑛[𝑘]) = ∑ 𝑥[𝑘]∞
𝑘=−∞ 𝜑𝑚,𝑛[𝑛 − 𝑘],      𝑎, 𝑏 ∈ ℤ            

Where, the discrete wavelet coefficients are calculated at scale 𝑚 (𝑚 ∈ ℤ). Basically, the DWT is 

obtained by passing a discrete signal through a series of filters (𝑔[𝑛] and ℎ[𝑛]), which decompose 

a signal into low-pass and high-pass resolution series representing the approximation and detail 

coefficient series, respectively. Mathematical representations of the approximation and detail 

coefficient series are given by 𝑦𝑙𝑜𝑤 and 𝑦ℎ𝑖𝑔ℎ: 

(2.19) 𝑦𝑙𝑜𝑤[𝑛] = ∑ 𝑥[𝑘]∞
𝑘=−∞ 𝑔[2𝑛 − 𝑘]           

(2.20) 𝑦ℎ𝑖𝑔ℎ[𝑛] = ∑ 𝑥[𝑘]∞
𝑘=−∞ ℎ[2𝑛 − 𝑘]             

The idea of decomposition could be hierarchically repeated to obtain further approximation 

coefficients and higher frequency resolutions of the detail series (P. S. Addison, 2002). This would 

generate a binary tree which is called filter bank (S. Mallat, 2009, P. S. Addison, 2002). A 

schematic of the decomposition tree is demonstrated in Figure 2.16. 

 

Figure 2.16: Multiresolutional decomposition using DWT 

Filter banks are broadly used in the generation of orthogonal and biorthogonal wavelet bases. The 

concept of orthogonality as well as orthogonal and biorthogonal wavelets are reviewed now. 
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2.9. Orthogonality  

In general, two vectors, 𝑣1 and 𝑣2 are orthogonal (𝑣1⟘𝑣2) if the inner product between the two 

vectors is zero (𝑣1. 𝑣2 = 0) (Bognár, 2012). Subsequently, this idea could be expanded to the 

functions. Two real functions 𝑓1(𝑥) and 𝑓2(𝑥) defined over the interval (𝑡1, 𝑡2) are called 

orthogonal if the inner product between the two functions is zero. The inner product of two real 

functions is defined as: 

(2.21) 〈𝑓1, 𝑓2〉 = ∫ 𝑟(𝑥)𝑓1(𝑥)𝑓2(𝑥)𝑑𝑥          
𝑡2

𝑡1
 

Where 〈𝑓1, 𝑓2〉 is the inner product of the two functions, known as the weighted integral over this 

period. 𝑟(𝑥) is a positive weight function (e.g. 𝑒−𝑥) that could be equal to 1 in simple cases 

(Sansone, 1959). The functions 𝑓1(𝑥)  and  𝑓2(𝑥) are orthogonal if 〈𝑓1, 𝑓2〉 = 0.  

2.9.1. Orthogonal Wavelet Bases 

The application of orthogonal wavelet basis is useful when reconstruction of an arbitrary signal 

with finite energy is purposed within very tight window frames (Rioul and Vetterli, 1991b, Teolis, 

2012, Heil and Walnut, 2006, Heil, 1990). In general, in the time domain, orthogonal wavelets can 

be denoted by wavelet functions (mother wavelet) 𝜑(𝑡) and scaling functions (known as father 

wavelet) 𝜙(𝑡) (Rioul and Vetterli, 1991b). The basis functions of these type of wavelet family also 

form an orthogonal basis (Rioul and Vetterli, 1991b). 

Basically, the wavelet functions role as band-pass filters (see section 2.6.2 and 2.7) that could be 

scaled to half of their bandwidths at each level. In other words, the mother wavelet can be 

approximated at different scales 𝑚 = 2𝑗  using an scaling equation that relates 𝜑(𝑡/2) to 𝜑(𝑡). The 

scaling functions are basically refinable functions that can be used to cover the entire of a particular 

spectrum (Rioul and Vetterli, 1991b). Although, to obtain the finest approximation, an infinite 

number of approximation levels are required, subsequently (see section 2.8). 
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According to the orthogonality, a sample function 𝑓(𝑥) can be orthogonally projected by a set of 

orthogonal functions (scaling functions) 𝜙𝑚,𝑛(𝑘): 

(2.22) 𝑃𝑓 = ∑ 〈𝑓, 𝜙𝑚,𝑛〉∞
𝑛=−∞ 𝜙𝑚,𝑛            

Where 𝑃𝑓 is the orthogonal projection of function 𝑓(𝑥) and the discrete approximation of 𝑓(𝑥) is 

provided by the inner products in equation 2.23 (S. Mallat, 2009): 

(2.23) 𝐴𝑝𝑟𝑥𝑚[𝑛] = 〈𝑓, 𝜙𝑚,𝑛〉           

Equation 2.23 could be rewritten in the discrete format of equation 2.14 as a convolution product: 

(2.24) 𝐴𝑝𝑟𝑥𝑚[𝑛] =
1

√𝑚
∫ 𝑓(𝑡)𝜙 (

𝑡−𝑚𝑛

𝑚
) 𝑑𝑡           

∞

−∞
 

Typically, Figure2.17 illustrates how the energy of the Fourier transform �̂�(𝑓) of the scaling 

function 𝜙𝑚,𝑛 for a sample orthogonal mother wavelet (Meyer wavelet) is concentrated around 

zero. In fact, complementary to the information in section 2.8, this figure shows that the discrete 

approximation 𝐴𝑝𝑟𝑥𝑚[𝑛] of a function 𝑓(𝑥) can be considered as a low-pass filter sampled at 

intervals 𝑚 = 2𝑗. 

 

Figure 2.17: (A) Scaling function of Meyer mother wavelet and (B) the corresponding Fourier transform. 

Normally, the application of the scaling functions helps to filter out the lowest levels within the 

WT which results in a proper approximation and covering of the entire spectrum. Orthogonal 
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wavelet bases are designed based on the aforementioned discrete filters. Mathematically, the 

scaling function is defined as equation 2.25: 

(2.25) 𝜙(𝑥) = ∑ 𝑎𝑘
𝑁−1
𝑘=0 𝜙(2𝑥 − 𝑘)             

Where 𝜙(𝑥) is called the refinement equation or the scaling sequence over the sequence of real 

numbers 𝑎𝑘 = 0, … , 𝑁 − 1. 

The equivalent wavelet with compact support 𝜑(𝑥) of finite length can be written as the linear 

combination of: 

(2.26) 𝜑(𝑥) = ∑ 𝑏𝑘
𝑀−1
𝑘=0 𝜙(2𝑥 − 𝑘)          

For orthogonal wavelets, any shifts of the scaling sequence by an even number of its coefficient 

series would result in an orthogonal vector to the original scaling sequence. In addition, the dilated 

versions of the orthogonal wavelets are related to each other by scaling equations and discrete 

filtering could be performed by rescaling (see section 2.8).  

2.9.2. Biorthogonality 

Consider vectors 𝑣1 and 𝑣2 are not orthogonal to each other, but could be linearly synthesized to 

form a “basis” format that any vector 𝑋 could be represented as a combination of [𝑣1 𝑣2]: 

(2.27) 𝑋 = 𝛼𝑣1 + 𝛽𝑣2                      

Finding of 𝛼 and 𝛽 will not be as easy as when [𝑣1 𝑣2] are orthogonal and a system of equations 

needs to be solved. However, to find 𝛼 and 𝛽, 𝑋 could be expressed and projected on new vectors 

of �̃�1 and �̃�2. The concept of biorthogonality is illustrated in Figure 2.18. 
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Figure 2.18: Concept of Biorthogonal bases in a 3D space. In this example, the paris of  

(𝒗𝟏, 𝒗𝟐) and (�̃�𝟏, �̃�𝟐) are biorthogonal. 

The pairs of (𝑣1, 𝑣2) and (�̃�1, �̃�2) are biorthogonal if their substitutions in equation 2.21 satisfy 

〈𝑣1, �̃�1〉 = 1 , 〈𝑣2, �̃�2〉 = 1 〈𝑣2, �̃�1〉 = 0 and 〈𝑣1, �̃�2〉 = 0 which imply 𝑣2⟘�̃�1 and 𝑣1⟘�̃�2. A 90° 

rotation of vectors �̃�1 and �̃�2 results in 𝑣2, 𝑣1, respectively (Narasimhan et al., 2011, R. M. Rao, 

1998). �̃�1 and �̃�2 are the dual basis of 𝑣1 and 𝑣2. Unlike an orthogonal basis, the dual basis in 

Biorthogonal basis do not need to be in the same space as the original basis functions (Narasimhan 

et al., 2011, R. M. Rao, 1998).  

2.9.3. Biorthogonal Wavelet Bases 

As an extension to orthogonal wavelets, Biorthogonal wavelet bases were first introduced based on 

the idea of filter banks in early 90s (A. Cohen et al., 1992, Vetterli and Herley, 1992, Vetterli and 

Herley, 1990, A. Cohen and Daubechies, 1992). For the construction of orthogonal wavelets, two 

filters of the same length ℎ[𝑛] and 𝑔[𝑛], corresponding to the wavelet are used for both 

decomposition and reconstruction. These filters are the low and high-pass decomposition filters 

(discussed in the DWT section, section 2.8) (S. Mallat, 2009). Biorthogonal wavelets are the 

generalized versions of the orthogonal ones and according to the definition of biorthogonality (see 

section 2.9.2), it could be inferred that two scaling filters are needed to construct a biorthogonal 

wavelet bases (Narasimhan et al., 2011). One scaling function will be used for low and high-pass 

filters in decomposition and the other one will be used for low and high-pass filters for 

reconstruction (four filters in total). Although, the scaling and wavelet functions of biorthogonal 
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wavelets are not necessarily of the same length (Narasimhan et al., 2011, R. M. Rao, 1998). Using 

equation 2.25, the scaling functions 𝜙(𝑡), �̃�(𝑡) and wavelet functions 𝜑(𝑡), �̃�(𝑡) of biorthogonal 

wavelets can be defined as:  

(2.28) 𝜙(𝑡) = √2 ∑ ℎ[𝑛]+∞
𝑛=−∞ 𝜙(2𝑡 − 𝑛),          �̃�(𝑡) = √2 ∑ ℎ̃[𝑛]+∞

𝑛=−∞ �̃�(2𝑡 − 𝑛)           

(2.29) 𝜑(𝑡) = √2 ∑ 𝑔[𝑛]+∞
𝑛=−∞ 𝜙(2𝑡 − 𝑛),        �̃�(𝑡) = √2 ∑ �̃�[𝑛]+∞

𝑛=−∞ �̃�(2𝑡 − 𝑛)             

The corresponding Fourier transform of the above equations are defined as: 

(2.30) �̂�(2𝑓) =
1

√2
ℎ̂(𝑓)�̂�(𝑓),             �̂̃�(2𝑓) =

1

√2
ℎ̂̃(𝑓)�̂̃�(𝑓)            

(2.31) �̂�(2𝑓) =
1

√2
𝑔(𝑓)�̂�(𝑓),             �̂̃�(2𝑓) =

1

√2
�̃̂�(𝑓)�̃�(𝑓)           

One wavelet 𝜑(𝑡) is used in the signal decomposition and the other wavelet �̃�(𝑡) is used for signal 

reconstruction. More information about constructing of biorthogonal wavelets are fully detailed in 

(Daubechies, 1992, S. Mallat, 2009, A. Cohen et al., 1992, R. Rao, 1999, R. M. Rao, 1998). As an 

example, the decomposition and reconstruction scaling and wavelet functions of Biorthogonal 

wavelet 5.5 are demonstrated in Figure 2.19. 

 

Figure 2.19: Biorthogonal wavelet 5.5 (A) decomposition scaling function 𝝓(𝒕), (B) decomposition wavelet function 

𝝋(𝒕) (C) reconstruction scaling function �̃�(𝒕), (D) reconstruction wavelet function �̃�(𝒕). 
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The biorthogonal wavelet bases are symmetric, orthogonal and possess desirable reconstruction 

capabilities which allows them to be used in both continuous and discrete wavelet transforms 

(Fugal, 2009).  

Application of biorthogonal wavelets as the transfer function in the wavelet transform results in an 

invertible transformation, although, the transformed signal is not necessarily orthogonal (Strang 

and Nguyen, 1996, Daubechies, 1992).  This type of wavelet family possesses a linear phase 

property and perfect symmetry which allows a proper signal and image reconstruction (Tran et al., 

2000, Chambolle et al., 1998, Antonini et al., 1992, Strela et al., 1999). Biorthogonal wavelet 

families are also useful for filter banks theory (Strang and Nguyen, 1996, Vetterli and Herley, 1992, 

A. Cohen et al., 1992). In the next section, Reverse Biorthogonal Wavelet bases are introduced. 

2.9.4. Reverse Biorthogonal Wavelet Bases 

Basically, Reverse Biorthogonal mother wavelets are obtained by swapping the scaling 

𝜙(𝑡), �̃�(𝑡) and wavelet 𝜑(𝑡), �̃�(𝑡) functions of a biorthogonal wavelet around. In other words, the 

decomposition scaling function of a particular biorthogonal wavelet is the reconstruction scaling 

function in a reverse biorthogonal wavelet and the decomposition wavelet function of that 

biorthogonal wavelet is the reconstruction wavelet function in a reverse biorthogonal wavelet. To 

illustrate this, the decomposition and reconstruction scaling and wavelet functions of Reverse 

Biorthogonal wavelet 5.5 are demonstrated in Figure 2.20. This figure could be compared to the 

Figure 2.19 where the decomposition and reconstruction scaling and wavelet functions of 

Biorthogonal wavelet 5.5 were shown. 
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Figure 2.20: Reverse Biorthogonal wavelet 5.5 (A) decomposition scaling function 𝝓(𝒕), (B) decomposition wavelet 

function 𝝋(𝒕) (C) reconstruction scaling function �̃�(𝒕), (D) reconstruction wavelet function �̃�(𝒕). 

2.10. The Inverse Wavelet Transform 

The original signal can be retrieved and reconstructed from the wavelet coefficients in the time-

scale domain back to the time domain by applying of the Inverse Continuous Wavelet Transform 

(CWT-1). Although, in practice, a CWT can be only defined if the CWT is invertible and the inverse 

transform of the signal exists. From mathematical aspect, the CWT is invertible only if a wavelet 

function have a Fourier transform that can satisfy the “Admissibility Condition”, given in equation 

(2.7). (S. G. Mallat, 1989b, P. S. Addison, 2002, Priestley, 1996, S. Mallat, 2009, Pathak, 2009, R. 

Rao, 1999, Young, 2012, Goswami and Chan, 2011). 

According to the “Admissibility Condition”, the Fourier transform 𝛹(𝑓) of the basis mother 

wavelet should have support function over non-negative frequencies. In addition, 𝛹(𝑓) should have 

a zero value at 𝑓 = 0 which is a redundant meaning that the mother wavelet function 𝜑(𝑡) should 

have a zero mean (P. S. Addison, 2002). If a mother wavelet can satisfy the Admissibility condition, 

then any finite energy signal, 𝑠(𝑡), can be reconstructed from the CWT coefficients by integrating 
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over all dilations (scales) and translations (locations) (P. S. Addison, 2002). The Inverse CWT of 

a signal is calculated using the bellow double-integral formula: 

�̂�(𝑡) =
1

𝐶𝜑
∫ ∫

1

𝑎2 𝐶𝑊𝑇𝑆(𝑎, 𝑏)𝜑𝑎,𝑏(𝑡) 𝑑𝑎 𝑑𝑏
∞

0

∞

−∞
  

(2.32)           =
1

𝐶𝜑
∫

𝑑𝑎

𝑎2

∞

0 ∫ 𝐶𝑊𝑇𝑆(𝑎, 𝑏)
1

√𝑎
𝜑 (

𝑡−𝑏

𝑎
) 𝑑𝑏

∞

−∞
             

Here, 𝜑𝑎,𝑏(𝑡) is the mother wavelet at the dilation and translation values of "𝑎" and "𝑏" and 𝐶𝜑 

represents the Admissibly constant which depends on the choice of mother wavelet. For the CWT-

1 integral, the analyzing signal 𝑠(𝑡) should be a real-valued function and the analyzing mother 

wavelet, 𝜑(𝑡), should have a Fourier transform with real values as well. It is important to note that 

the retrieved signal, �̂�(𝑡), from the CWT-1 is only an approximation of the original signal 𝑠(𝑡) and 

there is always an error between �̂�(𝑡) and 𝑠(𝑡) (|𝑒| = |𝑠(𝑡) − �̂�(𝑡)|). 

2.11. Thresholding in Wavelet Transform 

In general, the time-frequency analysis using the Wavelet Transform (WT) provides a roughly 

noise free representation of a signal. For example, a large number of the wavelet coefficients are 

valued around zero and the embedded information within the signal is emerged at a small number 

of wavelet coefficient series with considerably higher values (S. G. Mallat, 1989b, Jansen, 2012). 

This is the main principle fact behind nonlinear wavelet thresholding methods (Härdle et al., 2012, 

Moulin, 1994, Nenadic and Burdick, 2005, Poornachandra, 2008, Jansen, 2012). A sample section 

of HI EEG containing microscale spike transients and the corresponding Rbio2.8 wavelet transform 

of scale 7 are shown in Figure 2.21-A and 2.21-B, respectively.  
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Figure 2.21: (A) Sample HI EEG sampled at 1024Hz containing microscale spike transients superimposed on a noisy 

background, (B) the corresponding rbio2.8 CWT of scale 7. Threshold level: 𝝀 

Clearly, the small coefficients in Figure 2.21-B are related to the background noise in the EEG 

section whereas the high amplitude coefficients represent the location of the important information 

than noise (spikes in this our case). This idea helps to replace the smaller coefficients of the CWT 

with zero and reconstruct a signal with less noise through an inverse CWT process. This method 

allows for a simultaneous compression and noise reduction of an arbitrary signal, consequently. 

The wavelet thresholding technique is purposed to keep the bigger wavelet coefficients which lead 

to a noise free output signal. To obtain a wavelet thresholded signal, the steps below need to be 

follow sequentially (Coifman and Donoho, 1995, Jansen, 2012): 

1- Calculate the WT of the original signal (containing the noise), 

2- Determine a thresholding method and the corresponding threshold value of 𝜆, 
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3- Update the WT coefficients, 𝐶𝑎,𝑏 according to the thresholding method and calculate the 

updated coefficients 𝐶𝑎,𝑏
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑒𝑑, 

4- Perform the Inverse wavelet transform (WT-1) on the updated coefficients 𝐶𝑎,𝑏
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑒𝑑. 

So far, we know that the procedure above would remove the smaller confidents and leaves the rest 

untouched.  

Magnitude thresholding and scale thresholding of the WT coefficients are considered as the two 

major wavelet thresholding methods. These two techniques are briefly studied in the following 

sections. 

2.11.1. Wavelet Magnitude-Thresholding 

As discussed in the previous section, the basic concept behind a magnitude-thresholding process is 

to obtain the large wavelet coefficients and remove the embedded noise by neglecting the smaller 

coefficient values (Johnstone and Silverman, 1997, Zhong and Cherkassky, 2000, Jansen, 2012).  

The wavelet magnitude-thresholding technique, or wavelet shrinking, which was first introduced 

in early 90s, could be performed using two different schemes of hard or soft thresholding 

techniques (Donoho and Johnstone, 1994). Figure 2.22 demonstrates the hard and soft thresholding 

functions. The hard-thresholding is explained in the next section.  

 

Figure 2.22: (A) Hard Thresholding, (B) Soft Thresholding functions. 
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2.11.1.1. Hard Thresholding 

In the Hard Thresholding (HT) method, the WT coefficients with absolute values above a certain 

threshold level, 𝜆, are kept and the rest of the coefficients are set to zero (see Figure 2.21) (Jansen, 

2012).  Figure 2.22-A demonstrates the output coefficients of a hard-thresholding function 𝐶𝑎,𝑏
𝐻𝑇 

versus an arbitrary input wavelet coefficient series 𝐶𝑎,𝑏. The corresponding mathematical 

representation is shown by equation (2.33). 

(2.33) 𝐶𝑎,𝑏
𝐻𝑇 = {

𝐶𝑎,𝑏   ,   |𝐶𝑎,𝑏| > 𝜆

0   ,       |𝐶𝑎,𝑏| ≤ 𝜆
            

Where, 𝐶𝑎,𝑏
𝐻𝑇 is the hard thresholded wavelet coefficient series (or wavelet shrinkage) for the scale 

and translation indexes of 𝑎 and 𝑏, respectively. The thresholding level is also denoted by 𝜆. 

Generally, the degree of shrinking depends on the threshold value causing a continuous output 

signal (Donoho and Johnstone, 1994, Jansen, 2012).  

A sample interval from the wavelet transformed signal of Figure 2.21-B and the corresponding 

hard-thresholded signal are shown in Figures 2.23-A and 2-23-B, respectively. 

2.11.1.2. Soft Thresholding 

The HT naturally creates some sharp edges at the threshold values in the output signal while these 

edges are removed in the Soft Thresholding (ST) method (see Figure 2.22). Unlike the hard 

thresholding, the continuity of the output signal is preserved in the ST technique and the amplitude 

of the output WT coefficients are decreased to the threshold value 𝜆 if they are above a certain 

threshold level (see Figure 2.22). This feature of the ST offers important mathematical advantages 

over the HT when dealing with more sophisticated signals (Jansen, 2012). 

Figure 2.22-B demonstrates the output coefficients of a soft-thresholding function 𝐶𝑎,𝑏
𝑆𝑇  versus an 

arbitrary input wavelet coefficient series 𝐶𝑎,𝑏. The shrinkage/contraction level of the output is 

determined by the threshold level as defined by equation (2.34): 
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(2.34) 𝐶𝑎,𝑏
𝑆𝑇 = {

𝐶𝑎,𝑏 − 𝜆      ,     𝐶𝑎,𝑏 > 𝜆   

0                 ,   |𝐶𝑎,𝑏| ≤ 𝜆

𝐶𝑎,𝑏 + 𝜆      ,     𝐶𝑎,𝑏 < −𝜆

            

Where, the thresholding level is also denoted by 𝜆 and 𝐶𝑎,𝑏
𝑆𝑇 is the soft thresholded wavelet 

coefficient series (or wavelet shrinkage), at the scale and translation indexes of 𝑎 and 𝑏, 

respectively (Donoho, 1995, Jansen, 2012, Donoho and Johnstone, 1994).  

The soft-thresholded version of the signal shown in Figure 2.23-A is demonstrated in Figure 2-23-

C. This clearly illustrates the behavior of the thresholding functions previously discussed in Figure 

2.22. It is clear that the threshold level, 𝜆, is an essential parameter in equations (2.33) and (2.34) 

to obtain a HT or ST. The estimation of the threshold level is briefly reviewed in the next section. 

 

Figure 2.23: (A) A sample piece of wavelet transformed signal taken from Figure 2.21-B, (B) Hard-thresholded 

version of the signal shown in A, using 𝝀 = 𝟓, (C) Soft-thresholded signal of A using 𝝀 = 𝟓. 
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2.11.1.3. Thresholding Level assessment 

Before applying the hard or soft thresholding techniques to a signal, it is important to know what 

threshold value should be chosen for the analysis. A very small threshold value results to obtain 

similar output signal to the input which might be still noisy; whereas larger threshold values create 

a lot of zeros in the CWT coefficient series and eliminate a large part of information from a signal.  

Basically, several methods have been suggested for choosing of an optimized value for the 

threshold level 𝜆. In general, the thresholding level of a CWT coefficient series is highly dependent 

on the type of embedded noise within the original signal (e.g. stationary or non-stationary, colored 

or white) as well as the Wavelet transform itself (Donoho, 1995, Donoho, 1992, P. S. Addison, 

2002, Jansen, 2012, Donoho and Johnstone, 1994).  

For example, the embedded noise level within a signal can be used to estimate the threshold level 𝜆. 

In this case, despite the energy level of a signal, the energy of the noise is not restricted to a number 

of coefficients. Therefore, the noise approximator could be applied to the decomposition series of 

a particular noisy signal to estimate the noise level.  

The exact information about either the embedded noise or the background information within a 

signal is often unknown. Therefore, it will not be trivial to choose a certain threshold value. For 

CWT coefficients, the threshold value 𝜆  

1- can be a certain constant value which is either applied to all coefficients series of all scales 

or some particular scales or 

2- can be an adaptive (varying value) based on the scale. 

In 1994, a Universal thresholding method based on the separation of the white Gaussian noise from 

a signal, was detailed by Donoho and Johanstone to measure the threshold 𝜆 (P. S. Addison, 2002, 

Donoho and Johnstone, 1994). The Universal thresholding level 𝜆𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑎𝑙 , also known as 

VisuShrink method, is defined by equation (2.35): 

(2.35) 𝜆𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑎𝑙 = �̂�(2𝑙𝑛𝑁)
1

2⁄              
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Where, �̂� is the estimated standard deviation of the embedded noise within the studied signal and 

(2𝑙𝑛𝑁)
1

2⁄  represents the estimated maximum value of the white noise with unit standard deviation 

and length of 𝑁. 

Based on the definition, the application of the universal thresholding method is somehow limited. 

For instance, if a large part of the original signal contains only noise, then the application of 

𝜆𝑢𝑛𝑖𝑣𝑒𝑟𝑠𝑎𝑙 results in setting a large part of the coefficients to zero and removing a large number of 

coefficients at small scale values (P. S. Addison, 2002, Donoho and Johnstone, 1994, Jansen, 2012). 

To overcome the drawbacks of this method and reduce the risk of thresholding, Donoho and 

Johanstone introduced a scale-independent thresholding method, known as SureShrink, which uses 

CWT coefficients at each scale to estimate the threshold value (Donoho and Johnstone, 1995, P. S. 

Addison, 2002). They later developed the SureShrink and introduced another method called 

Hybrid. A number of other methods based on Bayesian approach (Chipman et al., 1997, Vidakovic, 

1998) and cross validation (Jansen and Bultheel, 1999) were later introduced to obtain lowered 

scale dependent threshold levels.  

2.11.2. Wavelet Scale Thresholding 

In addition to the wavelet magnitude-thresholding, the WT coefficients can be also thresholded 

according to the number of scales defined in equation (2.36). 

(2.36) 𝐶𝑎,𝑏
𝑊𝑆𝑇 = {

𝐶𝑎,𝑏  ,       𝑎 ≤ 𝑎𝜆

0      ,        𝑎 > 𝑎𝜆

            

Where, the wavelet scale-thresholded coefficient series at scale and translation indexes of 𝑎 and 𝑏, 

respectively, is denoted by 𝐶𝑎,𝑏
𝑊𝑆𝑇. The thresholding scale is indexed by 𝑎𝜆. The concept of 

wavelet scale-dependent thresholding is illustrated in Figure 2.24. This figure demonstrates the 

Rbio2.8 CWT of scale 7 at sample point 42 (previously shown in the scalogram Figure 2.10-C. 

This technique allows to set the CWT coefficients at very large scales to zero and keep the data 
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containing information at lower scales. Clearly, this technique would be useful when fast transients 

or edges in the analyzing signal are of interest. 

 

Figure 2.24: Wavelet Scale-dependent thresholding. 

In addition, depending on the type of the basis wavelet used in the WT, the wavelet scale-

thresholding enables to evoke frequency localization characteristics of the components that mostly 

contribute to the signal energy at the chosen frequency band (Donoho, 1995, Jansen, 2012). 

Therefore, as an important concept, the relationship between “scale” and “frequency” should be 

taken into account before the wavelet scale-thresholding (WST) is applied.  

As previously discussed in section 2.7, the idea of the Scale-Frequency relationship is to find a 

wavelet scale, 𝑎, with a totally periodic sinusoidal signal of frequency 𝑓𝑝 ≈ 𝑓𝑐. For example, scale 

7 highlighted in the scale-dependent wavelet energy spectrum of rbio2.8 (Figure 2.12) could be 

used as the thresholding scale, 𝑎𝜆. This suggests that using of this scale would well extract the 

signal’s components (e.g. a spike pattern) with close frequency characteristics to the rbio2.8 at scale 

7. In general, choice of a proper wavelet to be used in the WT is highly important to localize 

particular frequency components of a signal. For this reason, both the nature of the analyzing signal 

and the type of mother wavelet should be both considered in the analysis. Typical selection criteria 

of a suitable mother wavelet are introduced in the next section. 
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2.12. Wavelet Selection Criteria 

In practice, the choice of the basis wavelet function and the number of scale is important to the 

outcomes of the wavelet analysis. The properties of the mother wavelet must be critically 

understood to obtain an optimal analysis of the signal of interest using that particular mother 

wavelet. In this section, we introduce quantitative measures for evaluation of basis mother wavelets 

and the best well-matched number of scale to be used in the WT. In general, an appropriate initial 

wavelet family is determined visually inspecting the similarities that a wavelet function have to a 

particular pattern. However, this would not be sufficient and in the following sections, we discuss 

how the Energy, Shannon Entropy and cross correlation criteria could be used to determine a proper 

mother wavelet at a certain scale number. The concepts of Energy and Shannon Entropy are 

introduced now. 

2.12.1. Energy and Shannon entropy 

An arbitrary signal can be uniquely represented by its energy content. Therefore, the energy level 

that a continuous signal 𝑥(𝑡) contains can be measured as: 

(2.37) 𝐸𝑥(𝑡) = ∫|𝑥(𝑡)|2𝑑𝑡                

Similarly, the amount of energy of a discrete sampled signal 𝑥(𝑘), 𝑘 = 1,2, … 𝑁, can be calculated 

by: 

(2.38) 𝐸𝑥(𝑘) = ∑ |𝑥(𝑘)|2           𝑁
𝑘=1 

Where, 𝑁 is the total number of data samples representing the length of the discrete signal 𝑥(𝑘).  

The amount of energy for arbitrary continuous and discrete signals, at a particular scaling parameter 

𝑎, can be measured based on the signal’s wavelet transform coefficients, represented in equations 

(2.39) and (2.40), respectively.  

(2.39) 𝐸𝐸𝑛𝑒𝑟𝑔𝑦(𝑥) = ∫|𝑇(𝑎, 𝑏)|2 𝑑𝑏              

(2.40) 𝐸𝐸𝑛𝑒𝑟𝑔𝑦(𝑥) = ∑ |𝑇(𝑎, 𝑘)|2         𝑁
𝑖=1 
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Here, 𝑁 is the total number of wavelet coefficients in the wavelet coefficients series of 𝑇(a, 𝑘). 

Peaks in 𝐸𝐸𝑛𝑒𝑟𝑔𝑦 highlight the particular frequency components along the signal corresponding to 

the “Pseudo-frequency” of the scale used in the energy equation. In other words, high amplitude 

values of the wavelet coefficients series using that particular scale emerge when events with the 

corresponding frequency occur in the signal. Therefore, from the signal processing point of view, 

the WT of a signal would be more effective if a higher energy index is obtained for a particular 

event along the signal, consequently. 

2.12.2. Minimum Shannon entropy 

Quantitatively, the energy distribution of a wavelet coefficients series could be represented by 

Shannon entropy criterion (P. S. Addison, 2002, Cover and Thomas, 1991, Gao and Yan, 2010, 

Yang and Wang, 2015) given as:   

(2.41) 𝐸𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑥) = − ∑ 𝐸𝑖 .  𝑙𝑜𝑔𝑝
𝐸𝑖          𝑁

𝑖=1 

Where 𝑝 = 2 and 𝐸𝑖 are the normalized energy of wavelet coefficients at a particular scale 𝑎 

calculated as below: 

(2.42) 𝐸𝑖 =
𝑇(𝑎, 𝑏)2

𝐸𝐸𝑛𝑒𝑟𝑔𝑦(𝑥)⁄           

Where 𝑇(𝑎, 𝑏) is the wavelet transform coefficient series with ∑ 𝐸𝑖
𝑁
𝑖=1 = 1. Equations (2.41) and 

(2.42) indicate that the entropy content of the WT coefficient series is bounded by: 

(2.43) 0 ≤ 𝐸𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑥) ≤ 𝑙𝑜𝑔𝑝
𝑁             

In equation above, larger WT coefficients energies at only a few discrete points lead to lower 

entropies. For instance, the minimum entropy of 𝐸𝐸𝑛𝑒𝑟𝑔𝑦(𝑥) = 0 occurs if the WT coefficient series 

values are zero except at one point (𝐸𝑖 = 1) whereas the maximum entropy of 𝑙𝑜𝑔𝑝
𝑁 will occur if 

all of the signal information is equally distributed throughout all the WT coefficients with the same 

energy values (e.g. 1
𝑁⁄ ). This would lead to analysis that a higher energy concentration will 
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represent a lower entropy value, vice-versa (Gao and Yan, 2010). Thus, application of an 

appropriate mother wavelet would lead to generation of a few large amplitude WT coefficients and 

very small amplitudes at other points along the WT coefficient series of the transformed signal at 

different scales, leading to the minimum Shannon entropy value. Therefore, the Shannon entropy-

based wavelet selection criterion, namely known as the Minimum Shannon entropy criterion, 

𝐸𝐸𝑛𝑡𝑟𝑜𝑝𝑦, can be used for the wavelet selection assessments (P. S. Addison, 2002, Gao and Yan, 

2010, Jansen, 2012). Particular scale(s) of a from a specific mother wavelet that minimizes the 

entropy of the WT coefficient series will suggest the best wavelet scale to be used in the further 

analysis. 

The calculated Shannon Entropies for the spike pattern shown in Figure 2.10 (see section 2.6.4) 

using wavelet coefficient series of scales 1 to 64 of the same mother wavelets are demonstrated in 

Figure 2.25. The dotted line with a minimum Shannon entropy value at scale 3 belongs to Mexican 

hat whereas the solid and the dashed-dotted lines with minimum Shannon entropies at scale 7 and 

6 represent the calculations for Rbio2.8 and Daubechies 2 mother wavelets, respectively. Clearly, 

the results are consistent with the suggested values in section 2.6. Figure 2.25 suggests that Reverse 

Biorthogonal 2.8 mother wavelet at scale 7 could be a better choice of wavelet bases due to a lower 

Shannon entropy value (~2.4). The solid line for Rbio2.8 mother wavelet demonstrates that the 

Shannon entropy trend has its lowest values at scales 5, 6 and 7. This shows similarity and 

connection to the results of Table 2.1 in section 2.7.3, where scales 5 to 7 of Rbio2.8 found to be 

the best scales representing the frequency characteristics of the sample spike pattern. 
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Figure 2.25: Shannon Entropy calculations for the spike pattern shown in Figure 2.10 (shown again below in Figure 

2.26) using wavelet coefficient series of scales 1 to 64 using Mexican hat (dotted line with a minimum Shannon 

entropy at scale 3), Rbio2.8 (solid line with a minimum Shannon entropy at scale 7) and  

Daubechies 2 (dashed-dotted line with a minumum Shannon entropy at scale 6). 

The Minimum Shannon Entropy method alongside with cross-correlation technique are employed 

in the future chapters to evaluate a well-matched mother wavelet to be used in the CWT for 

identification of HI sharp waves. Signals Cross-correlation is now reviewed. 
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Figure 2.26: (A) an HI spike pattern and the corresponding absolute values of CWT using (B) Mexican hat,  

(C) Rbio2.8 and (D) Daubechies 2 wavelet families  (y-axis: scales 1- 128). (E) the colorbar which ranges from  

dark blue to red indicates the small to large absolue CWT coefficients. 

2.12.3. Cross-Correlation & Autocorrelation 

The Cross-Correlation function between two sample signals, determines the similarity between 

sample signal 𝑓(𝑡) and lagged (delayed) version of signal 𝑔(𝑡) as a function of the lag parameter 

(Lessard, 2005). The Cross-Correlation between two signals is given as: 

(2.44) 𝐶𝑆,𝑊(𝝉) = ∫ 𝑓(𝑡)𝑔(𝑡 − 𝝉)𝑑𝑡
∞

−∞
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Where, 𝝉 is the time shift or lag parameter. If 𝑓(𝑡) and 𝑔(𝑡) have different lengths, then to get zeros 

will be added to the end of the vector with a shorter size so that both signals have the same length 

of 𝑁. Therefore, equation (2.44) slides signal 𝑔(𝑡) along the horizontal axis and calculates the 

integral of the product of signal 𝑓(𝑡) and 𝑔(𝑡 − 𝝉) at each position along x-axis. The signals’ 

product will be maximized when the two signal are aligned best.  

Consequently, the results of equation (2.44) is interpreted as the estimated correlation between 

sample signals 𝑓(𝑡) and 𝑔(𝑡). The auto-correlation of a sample signals 𝑓(𝑡) is interpreted as 

the correlations between the values of 𝑓(𝑡) itself.  

We will later demonstrate how the use of minimum Shannon entropy and cross-correlation could 

be helpful for choosing of a proper mother wavelet when the identification of a particular pattern 

is purposed. 

2.13. Summary 

In summary, this chapter describes the required time-frequency signal processing background, 

required in the subsequent chapters. 

In this chapter, principals of the signal transformation and their definitions were presented. We 

discussed how the Fourier Transform (FT) could be used for the frequency analysis of a signal. It 

was also demonstrated how the FT could be modified to the Short-Time Fourier Transform (STFT) 

format for analysis of non-stationary signals. The Multi-Resolution Analysis (MRA) and the 

Wavelet Transform (WT) were then explained. We discussed how the fixed Time-Frequency (T-

F) approximation of the STFT could be addressed by the WT. The Continues Wavelet Transform 

(CWT) was then introduced and the CWT coefficients and Time-Frequency Analysis of the CWT 

were interpreted and implemented, subsequently. The relationship between the number of scale and 

frequency was comprehensively described. In this regards, different techniques such as wavelet-

based energy distribution, wavelet power spectral density and pseudo-frequency approximation 

were explained and the connection between these methods was reviewed. The Discrete Wavelet 

https://en.wikipedia.org/wiki/Covariance_and_correlation
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Transform (DWT) and theory of filter banks were then introduced. The concepts of orthogonality 

and biorthogonality are then explained and the construction of biorthogonal wavelet bases was 

detailed. The Wavelet Magnitude and Scale thresholding methods and their relation to the 

embedded signal energy levels were then introduced. Finally, the Wavelet selection criteria based 

on different measures such as the Energy, Shannon entropy and cross correlation was explained.  

Complementary information to the material above, including the sampling theorem, aliasing 

phenomena as well as anti-aliasing filters and Finite Impulse Response (FIR) filters are introduced 

in Appendix-I.  

In the following chapters, it will be explained how the described time-frequency techniques can be 

used for the identification of HI epileptiform transients along EEG signals obtained from in utero 

fetal sheep models. 
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Appendix I 

2.14. Anti-aliasing Filters and Down-sampling 

In this section, the sampling theorem, aliasing phenomena as well as anti-aliasing filters and direct 

down-sampling are introduced. I will explain the decimation technique and demonstrate how       

low-pass filtering of the input signal before direct down-sampling could protect the signal against 

aliasing distortion. Spectral filtering of a signal’s frequency components and noise rejection are 

then explained. The appendix is concluded by introducing Finite Impulse Response (FIR) filters in 

detail. In particular, I will demonstrate that an FIR filter could be used to filter out the noise from 

EEG signals that is distorted by the 50Hz noise when being collected from the in utero environment. 

2.14.1. The sampling theorem 

In practice, a real continues signal could be approximated by multiplying of the desired signal 𝑥(𝑡) 

by an impulse train signal 𝛿∆𝑇(𝑡), where ∆𝑇 is the sampling rate or the length of the sampling 

interval ∆𝑇 = 2𝜋𝑓0. 

(2.45) 𝑥𝑋(𝑡) = 𝑥(𝑡)𝛿∆𝑇𝑠
(𝑡)             

Imagine 𝑋(𝑓) is the FT of 𝑥(𝑡) then the piece-wise spectrum of the signal repeats at each frequency 

interval of 𝑓𝑠 (see Figure 2.27 and 2.28). It has been shown that 𝑋(𝑓) must be limited to a maximum 

frequency of 𝑓𝑚𝑎𝑥 <
𝑓𝑠

2⁄  (Nyquist criterion) to prevent overlapping and signal distortion (Kester, 

2005, S. Mallat, 2009, S. Mallat, 2008, Diniz et al., 2010). In signal processing, half of the sampling 

frequency rate is known as Nyquist sampling frequency (Kester, 2005, Diniz et al., 2010). In 

addition, an analog signal is recoverable from the sampled signal (without any distortion) if the 

sampling frequency is at least twice greater than the maximum frequency 𝑓𝑚𝑎𝑥 content of the 

primary signal 𝑋(𝑓). In fact, the sampled signal could be passed through a low pass filter that has 

a cut-of frequency of 𝑓𝑚𝑎𝑥 to re-construct the primary signal. If the sampling frequency is 

insufficient or higher than half of the maximum sampling frequency then the high frequency 
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components of 𝑋(𝑓) are sampled in low frequency cycles and the signal gets distorted (Kester, 

2005, Diniz et al., 2010). This type of signal distortion caused by choosing of a wrong sampling 

rate is called “aliasing” that folds the high frequency components over a low frequency cycle 

(Kester, 2005, Diniz et al., 2010, Vaughan et al., 1991, S. Mallat, 2009, S. Mallat, 2008, Lyons, 

2010).  

In practice, digital Anti-aliasing low-pass filters are designed at the analog to digital convertors 

stages of signal acquisition to avoid aliasing phenomena and oversampling and make sure that the 

Nyquist criterion is satisfied (Kester, 2005, Diniz et al., 2010, Vaughan et al., 1991, S. Mallat, 

2009, S. Mallat, 2008, Lyons, 2010, Tan and Jiang, 2013). Anti-aliasing filters also filter out the 

high frequency noise with higher frequency components above the Nyquist frequency. In this 

research, a low-pass Butterworth filter is used to make sure that aliasing phenomena is blocked out. 

The magnitude frequency response of a sample Butterworth low-pass filter of order 𝑛 is shown in 

equation 2.46: 

(2.46) |𝐻(𝑓)| =
1

√1+(
𝑓

𝑓𝑐
)

2𝑛
               

Where 𝑓𝑐 is the cut-off frequency of the low-pass filter.  

 

Figure 2.27: Spectral schematic of aliasing and its possible distortions. 
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Frequency-wise, the symmetry property of the magnitude function of the Butterworth filter could 

be used to calculate the overall percentage of aliasing level (see Figure 2.27). Imagine 𝑓𝑠 and 𝑓𝑎 are 

the sampling and desired frequencies, respectively. Then, according to Figure 2.27, the aliasing 

level % would be calculated as: 

(2.47) 𝐴𝑙𝑖𝑎𝑠𝑖𝑛𝑔 𝑙𝑒𝑣𝑒𝑙 % =
𝑋𝑎

𝑋𝑓=𝑓𝑎

=
|𝐻(𝑓)|𝑓=𝑓𝑠−𝑓𝑎

|𝐻(𝑓)|𝑓=𝑓𝑎

=

√1+(
𝑓𝑎
𝑓𝑐

)
2𝑛

√1+(
𝑓𝑠−𝑓𝑎

𝑓𝑐
)

2𝑛
,     0 ≤ 𝑓 ≤ 𝑓𝑐         

Where 𝑋𝑎 is the aliasing level at 𝑓𝑎 which is imaged from 𝑓𝑠 − 𝑓𝑎. If the aliasing noise percentage, 

calculated by equation 2.47, is not satisfactory, then an Anti-aliasing filter with a higher-order could 

be chosen to ultimately obtain the desired percentage for aliasing level (Tan and Jiang, 2013).  

A

B 

Figure 2.28: (A) A 1024Hz sampled fetal sheep EEG section and (B) the corresponding amplitude spectrum showing 

the possible aliasing distortions. 
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The spectral behavior described above is demonstrated for a piece of 1024Hz sampled fetal sheep 

EEG signal in Figure 2.28. This figure clearly shows how aliasing phenomena could distort the 

signal if the sampling rate is chosen above 
𝑓𝑠

2
⁄ . 

In some occasions, it is necessary to work with signals in lower sampling rates from the primary 

sampling rate. For this purpose, the bandwidth of the signal could be reduced by sub-sampling or 

down-sampling of the original signal. This allows the processing of a signal to be done in lower 

sampling rates by decomposing of the original signal into sub-band components with smaller band-

widths.  

A sampled signal at arbitrary sampling frequency rate of 𝑓𝑠 could be down-sampled to a lower 

frequency through a filtering process known as decimation (IEEE Acoustics et al., 1979, Strang 

and Nguyen, 1996, Sarkar et al., 2002, Milic, 2009). An arbitrary sequence of sampled signal could 

be downs-sampled by a factor “𝑚” by sampling at every 𝑚th sample and disregarding of 𝑚 − 1 

samples.  

(2.48) 𝑥𝑚(𝑛) = {
𝑥(𝑛),            𝑛 = 0, ±𝑚, ±2𝑚, … 

0   ,             𝑒𝑙𝑠𝑒𝑤ℎ𝑒𝑟𝑒              
         

The frequency sampling rate of the new down-sampled signal could be calculated by: 

(2.49) 𝑓𝑠,   𝑑𝑜𝑤𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑑 =
𝑓𝑠,   𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑠𝑖𝑔𝑛𝑎𝑙

𝑚
        

To down-sample a signal, the original signal should be passed through a digital low-pass filter (to 

avoid aliasing) and the output can then be sub-sampled to obtain the desired down-sampled version 

of the input signal (Strang and Nguyen, 1996, R. Rao, 1999, Lyons, 2010). Practically, decimation 

low-pass filters the input signal and protects it against aliasing error. In other words, decimation is 

different from direct down-sampling method and requires the original signal to be low-pass filtered 

first which protects the down-sampled signal from aliasing distortion that could happen during a 

direct down-sampling process. After that, an additional operation called renumbering, is applied to 

only keep every 𝑚th sample (Strang and Nguyen, 1996, R. Rao, 1999, Sarkar et al., 2002).  
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(2.50) 𝑦(𝑛) = 𝑥𝑚(𝑚𝑛) = 𝑥(𝑛′),     𝑛′ = 𝑚𝑛             

From the signal processing point of view, the signal is compressed and the events at 𝑛th sample of 

the original signal are now happening at 𝑛 𝑚⁄ th sample (R. M. Rao, 1998). We illustrate this in an 

example. 

Figure 2.29 demonstrates the decimated vs direct down-sampled versions of a 1024Hz sampled 

EEG containing HI spikes and sharp waves. As one could see, the decimated versions at 256 and 

64Hz (Figures 2.29-B and 2.29-D, respectively) contain less high frequency components as the 

signal has been low-pass filtered before down-sampling; whereas the direct down-sampled versions 

at 256 and 64Hz contain more high frequency noise (Figures 2.29-C and 2.29-E, respectively). 

Comparing Figures 2.29-B and 2.29-C, it is obvious that the high frequency HI spike patterns are 

low-pass filtered out in Figure 2.29-B after decimation and the signal is smoother while these 

patterns appear with higher amplitudes in Figure 2.29-C after direct down-sampling.  

In general, as long as the final sampling frequency is lower than the Nyquist frequency, then the 

direct down-sampling could be acceptable, however, decimation would be a better choice to avoid 

aliasing. Figure 2.29 demonstrates that high frequency HI spike patterns completely disappear in 

the lower sampling frequency rate (i.e. 64Hz) and this fact clears the role of sampling at higher 

frequency rates to obtain more information. 

2.15. Filtering and Digital band-width FIR filters 

In practice, depending on the application, filtering of a signal can be performed by passing a signal 

though low-, high- and band-pass filters as well as band-stop filters. Each of these filters has a 

different action on the signal that could be used to filter out a certain frequency(s) from a signal 

and allows the other frequency components to pass through the filter (Ifeachor and Jervis, 2002, 

Jackson, 2013, Anderson and Moore, 2012). 
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Figure 2.29: Decimation vs direct down-sampling, (A) 1024Hz sampled EEG containing HI spikes and sharp waves, 

(B) 256Hz decimatied version (m=4), (C) 256Hz direct down-sampled version (m=4), (D) 64Hz decimatied 

version (m=16), (E) 64Hz direct down-sampled version (m=16). 

Imagine an arbitrary signal is sampled at a certain frequency and has been affected by either 

environmental or the white noise. Applying a filter to such a discrete-time sequence allows to retain 

some certain frequency components of the signal and neglect other components. In other words, it 

is possible to filter out a certain frequency band containing particular frequency components from 

an analog signal. A Finite Impulse Response (FIR) filter’s output has a finite duration if applied to 

any finite length input (Cetin et al., 1997, Lim, 1990). Basically, in an FIR filter, the Fourier 
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spectrum of a signal is first obtained using FFT and the output is multiplied by a filter (low- or 

band-pass filter) and the results are inverse Fourier transformed (Elliott, 2013). The multiplication 

of the frequency spectra with a certain filter (i.e. low-pass) allows to cut off a certain frequency 

band from the Fourier spectra and set the rest of frequencies down to zero. After inverse Fourier 

step, the reconstructed signal only contains the desired frequency components. A series of delays 

(𝑧−1), multipliers, and summation ( ∑ ) blocks are used in the structure of an FIR filter to generate 

the filter’s output (Elliott, 2013). The structure of an FIR filter of length 𝑁 is shown in Figure 2.30. 

 

Figure 2.30: Block diagram of an FIR filter of order 𝑵 − 𝟏. 

To design a proper filter, the important parameters of the filter such as the filter’s length and 

coefficients must be set. Here, the goal is to design a filter so that a specific passband or stopband 

filtering is performed properly. According to Figure 2.30, the transfer function of an FIR filter of 

length N can be written as: 

(2.51) 𝐻(𝑧) = ℎ(0) + ℎ(1)𝑧−1 + ⋯ + ℎ(𝑁 − 1)𝑧−(𝑁−1)           

Where the order of the FIR filter is specified by an integer number of (𝑁 − 1) and ℎ(𝑛) is the 

impulse response coefficients.  

FIR filters have been frequently used in digital down-sampling conversions to low-pass filter the 

noisy signal before passed to the down-sampling stage. However, due to their simple structure, the 

FIR filters could be easily designed for a specific filtering reason. Collecting the EEG/ECoG signal 

from the in utero environment is involved with its own challenges. From the signal processing 

point of view, some of our signals were affected by 50Hz noise from the mains. In our research, to 
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obtain a clear and noise-free signal, we designed a band-pass FIR filter of order 100 with a 

frequency stop-band of 0.05 < 𝜔 < 0.13 to filter out the 50Hz noise which were added to our high 

resolution 1024Hz sampled EEGs. In this case, 0.05 and 0.13 are the arbitrary normalized lower 

and upper cut-off frequencies of the stop-band filter correspond to the Nyquist frequency of 512Hz. 

A sample raw EEG section containing HI sharp waves and the FIR filtered signal are shown in 

Figure 2.31-A and Figure 2.31-C, respectively and the corresponding zoomed in windows are 

shown in Figure 2.31-B and Figure 2.31-D. It is obvious from Figures 2.31-A and 2.31-B that the 

main signal is distorted with the 50Hz noise running on the background while this frequency has 

been properly filtered out in Figures 2.31-C and 2.31-D. 

In this research, noisy EEG signals were filtered at the pre-processing stage before any further 

analysis.  

 

Figure 2.31: Filtering a noisy raw EEG section using an FIR filter of order 100 
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Chapter 3  

Template Matching Classification & Template Envelopes 

 

3.1. Introduction 

This chapter, in particular, introduces the background on the template matching and its application 

in signal processing, pattern recognition and classification. Over the past decades and alongside 

with the enhancements in computer science, Template Matching (TM) techniques have been 

developed for determining of the similarities of the patterns in sophisticated signal processing 

problems. This chapter will explain how a template matching process can be defined when dealing 

with a variation within the sets of Template Envelopes (TEs). We will then demonstrate how 

template matching concepts are able to handle embedded uncertainties and nonlinearities of a 

system when structured in higher dimensions. It will be then explained how a set of TEs can be 

defined as the templates within the reasoning of a classifier. It will be demonstrated that the degree 

of similarity between an arbitrary pattern and a TE can be used to build truth values in the output 

of a template matching classification system. After that we will address the template matching 

concept can be defined in the classifier’s output stage for final decision making. It will be discussed 

how a mathematical band of uncertainty, called the Template Envelope (TE), can be defined in the 

conceptual reasoning stage that allows one to deal with larger portions of inherent uncertainties of 

nonlinear systems. We will then explain how the embedded uncertainties incorporated in the 

defined envelopes could be managed to define an effective function-based classification method in 

a TM classifier that would be useful for pattern recognition and classification. Principles of 

computational template matching techniques will then be briefly explained. Finally, hybrid 
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structures that are generally built by combining of Wavelets and TM techniques are introduced and 

the superiority of these type of structures for classification purposes are discussed. 

3.2. Template Matching  

Template matching (TM) is a basic computational technique in digital image and signal processing 

which is designed to find similar sections within an image or signal that match a specific template 

or pattern (Roberto, 2009, Steger et al., 2018, Theodoridis et al., 2008). During a “template 

matching” task, the degree of similarity or difference of an arbitrary template or pattern is compared 

to a desired reference or prototype (Brunelli, 2009, Niku, 2001). In fact, a template-matching 

process seeks for the best template or a combination of templates that satisfy a chosen matching 

criteria for an unknown test pattern (Theodoridis et al., 2010, Niku, 2010). Sets of templates (or 

prototypes) can be defined in a template-matching approach to define certain pattern classes in the 

system (Devijver and Kittler, 2012, Steger et al., 2018). For example, in a movement sequence, 

ECG patterns from different situations (i.e. walking or running) can be defined as the movement 

templates for classification of an un-known ECG interval.  

Figure 3.1 demonstrates how a set of un-classified input patterns are compared with the originally 

defined sharp templates within different classes for classification. In fact, the predefined different 

classes of sharps are stored in the system as our template classes and a set of unknown input patterns 

will be compared across the set of “sharp” template classes. The input pattern is classified based 

on the degree of similarity to the defined template(s) according to a defined matching criteria (i.e. 

correlation) (Devijver and Kittler, 2012). The output of the matching criteria is usually thresholded 

(as a measure to determine the degree of similarity between the unknown and the template) for 

final decision making. 
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Figure 3.1: Example of template matching using a set of pre-defined sharps  

for classification of unknown input patterns. 

Therefore, in template matching methods, choice of an appropriate template for a certain pattern 

class and defining suitable matching criteria is critically important for a successful classification 

(Devijver and Kittler, 2012, Theodoridis et al., 2008). If needed, extra processes such as translation, 

rotation and scaling can be performed on the “test” pattern to find a possible match. 

Consistency and repeatability of a particular template (or its features) help to define a robust and 

reliable template/model for “matching” purposes. The TM technique is generally categorized into 

feature-based approach and template-based approach, depending on how strong features of a 

template are. Traditional instance object detection approaches are mostly developed using template 

matching (Xie et al., 2013). Fundamentals of pattern classification with template matching is 

introduced in (Duda et al., 2012, Theodoridis et al., 2008). The simplest mathematical definition 

for template matching is demonstrated in equations 3.1 to 3.2: 

(3.1) 𝑑(𝑥, 𝑦) =
1

𝑁
∑ (𝑥𝑖 − 𝑦𝑖)2𝑁

𝑖=1 

(3.2) 𝑠(𝑥, 𝑦) =
1

1+𝑑(𝑥,𝑦)
                 

Where, 𝑥 and 𝑦 represent the template and tested vectors/patterns. The similarity index is 

highlighted for lower values in the distance 𝑑(𝑥, 𝑦) between the two vectors that will indicate 

higher values of similarity s(𝑥, 𝑦) between the two (Brunelli, 2009, Steger et al., 2018, Theodoridis 

et al., 2008, Olsen, 2009). 

Different “sharp” pattern classes stored in the system 
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3.2.1. Applications of template matching 

Template matching (TM), in particular, has been used in a variety of applications such as 

face/object recognition (Jin et al., 2007, Xie et al., 2013, Ahuja and Tuli, 2013), edge detection, 

signature detection (Faundez-Zanuy, 2007), feature tracking and medical image processing (i.e. 

digital chest X-rays, biological motion analysis, and CT images (Brunelli, 2009, Lee et al., 2001, 

Lange et al., 2006)). Template matching is also used for spike detection in epileptic EEG 

(Vijayalakshmi and Abhishek, 2010) and identification of blink artefacts in EEG signal 

(Valderrama et al., 2018, Bizopoulos et al., 2013, Chang and Im, 2014). Template matching is also 

used for pattern detection, classification, similarity estimation and has been combined with Support 

Vector Machines (SVM) (Roberto, 2009, Fu and Cover, 1976). Dynamic clustering algorithms of 

template matching have been also used for different applications such as medical diagnosis and 

classification of ECG patterns (Fu and Cover, 1976, Mendel and Fu, 1970). In the following 

sections, corresponding applications of template matching is addressed where needed. 

3.2.2. Wavelet transform and correlation for template matching 

Basically, different methods can be used to assess the similarity between two patterns. For instance, 

the cross correlation between two functions/patterns is known as a standard measure to obtain the 

degree of similarity between the two (Duda et al., 2012). Figure 3.2 demonstrates how a sample 

sharp wave template can be used in a cross correlation to find the matched/similar sections along 

the raw EEG signal. Template matching based on correlation approach has been used in image 

processing for fingerprint verification (Bazen et al., 2000). 
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Figure 3.2: A: a sample raw EEG section containing HI sharp waves sampled at 1024Hz. B: normalized correlation 

result of the sample sharp wave shown in “A” cross-correlated through the raw EEG section. 

Similarly, FFT and WT approaches are known to speed up the computations in template matching. 

A wavelet transform is essentially a special case of template matching operator where the basis 

wavelet function (holds special properties of orthogonality, allowing inverse WT to be performed)) 

is correlated along a particular signal. The degree of similarity between the basis wavelet function 

(at different scales) and the sub-sections of the signal is reflected in the coefficient series of the 

wavelet transform. In other words, the output WT coefficient series will have a higher magnitude 

if the mother wavelet and a particular section within the signal share similar properties (see Figures 

2.10, 2.11 and 2.21 in chapter 2); the amplitude of the WT coefficient will be higher if there is a 

strong match between the analyzed signal section and the mother wavelet (Young, 2012). 

Therefore, WT is of unique importance in template matching signal processing and have been used 

in various applications such as image processing using template matching for muscle activity 

detection in EMG signals (Merlo et al., 2003) and pedestrian detection (Oren et al., 1997).  

Correlation 

A sample sharp wave 
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3.2.3. Concepts of uncertainty in templates 

The matching process will be more difficult when distortions and variations are involved in the 

analyzing patterns. According to the technical definitions, a particular template (i.e. the sample 

sharp wave in Figure 3.3-B) may not always represent a certain template/pattern; but it could 

include some levels of variability that can be related to noise and/or accuracy of signal acquisition 

(Figure 3.3-A) (Brunelli, 2009). In the real world, this technique would be quite useful when the 

recordings contain noise around a membership function (Castillo and Melin, 2007). Figure 3.3-A 

demonstrate a sharp wave in a noisy raw EEG signal sampled at 1024Hz. Figure 3.3-C 

demonstrates how the sample HI sharp wave in “Figure 3.3-B” could fit in to the template 

contaminated with noise in “Figure 3.3-A”. Thesis note: the raw EEG here is intentionally 

contaminated with 60Hz noise of amplitude 10 for demonstration purposes only.   

          

 

Figure 3.3: A: variability in a template (HI sharp wave) due to noise in a 1024Hz sampled raw EEG, B: a sample HI 

sharp wave that possesses the basic structure shown in “A”. C: demonstrates how the sample HI sharp wave in 

“B” could fit in to the template contaminated with noise in “A”. 
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Generally, similar templates share a basic structure regardless of their negligible differences 

(Brunelli, 2009). For example, the sample HI sharp wave shown in see Figure 3.3-B can be 

observed close enough to the sharp wave template that contains the desired basic structure 

(amplitude, length, polarity, etc).  

Figure 3.4-A demonstrates how a set of sharp waves (templates) can be used to construct a template 

area with upper and lower variation boundaries (Figure 3.4-B). In this case, variation in the template 

is not because of the noise, but is constructed based on the original variability within the data set. 

The area between the upper and lower variation limits can be used as a template to capture similar 

sharps (Figure 3.4-B). 

Hence, conceptual reasoning using the mathematical framework of the template matching allows 

one to handle a larger portion of inherent uncertainties and variance of a system, spontaneously 

(Liang and Mendel, 2000). This idea could be expanded into the template matching classifiers 

which distinguishes the degree of similarity between two sets of patterns. Basically, a look-up 

table/algorithm can be designed for a set of different patterns and the classifier would analyze the 

elements of the represented patterns with the pre-defined template(s). For pattern classification, the 

primary choice of candidate functions to be used for definition of certain classes in the structure 

shown in equation 3.3 is highly important. 

In image processing, it is shown that templates with certain boundaries can be constructed for 

template matching to identify objects in an image (i.e. eye detection) (Li et al., 2001). This concepts 

have been also used for template matching in other applications such as MRI segmentation (Clark 

et al., 1994), biometric fingerprint matching (Nandakumar et al., 2007, Russo, 2004), spike sorting 

(Zhang et al., 2004), character recognition (Zhu and Li, 2013) and navigation control of 

autonomous mobile robots for landmark detection (Fukuda et al., 1995). 
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Figure 3.4: A: a sample template area built from 80 sharp waves templates. B: a sample HI sharp wave that has fallen 

in to the allowed variability area of the template. 

3.2.4. Choice of Template matching for the current thesis 

As discussed in section 3.3, depending on the nature of a problem and based on the amount of 

variability in the data, different template classes (or sets of prototypes) can be defined in a template-

matching classification approach (see Figure 3.1, 3.3 and 3.4). For instance, a two dimensional 

template could appropriately be used to describe the idea of uncertainty in a bounded region of 

uncertainty around the mean value (variance of an acceptable value). Therefore, the uncertainty 

band can be defined as a “Template Envelope (TE)” within the envelope of the template which 

enables one to handle higher levels of uncertainties in a nonlinear problem (Liang and Mendel, 

2000, Karnik et al., 1999, Castillo and Melin, 2007, Mendel et al., 2006). Mathematically, the 

template envelope can be considered as the union of all basic templates which has the ability to 

handle noise in complex and non-stationary problems (Mendel, 2000, Mendel and John, 2002, Wu 

and Mendel, 2002, Khanesar et al., 2011). The Template Envelops are basically limited between 

the “Upper” and “lower” set of Template Functions (TF) that are originally two separate templates 

themselves. The Upper Template Function (UTF) allocates the upper bound of a particular template 

envelope whereas the lower bound is specified by the Lower Template Function (LTF). For 

instance, the envelope of the upper bounds of the wavelet transformed sharp waves within the post 

HI EEG of preterm fetal sheep, denoted as the UTF; and the envelope of the lower bounds of the 

wavelet transformed sharp waves, denoted as the LTF, are highlighted in Figure 3.5. 
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Figure 3.5: Template representation of the wavelet transformed sharp waves within the post HI EEG of preterm fetal 

sheep used for decision making based on a heuristic logical rule. UTF and LTF represent the upper and lower 

template functions, respectively. 

The UTF and LTF patterns define the boundaries of the envelope of the template and can be 

interpreted using template matching concepts; where a certain decision can be made on the patterns 

that fall within the range between the upper and lower template limits. The defined boundaries 

based on a set of template functions can be incorporated for the template envelope to define 

practical/simpler logical rules. This would simplify mapping of input template functions into the 

logical output(s) based on whether the input template(s) fit into the defined template envelope or 

not. A simple structure of a Multi Input Single Output (MISO) logical rule could be represented as: 

(3.3) 𝐼𝑓   𝐴1
𝑙 ≤ 𝑥1 ≤ 𝐴1

ℎ  𝑎𝑛𝑑 …  𝑎𝑛𝑑 𝐴𝑝
𝑙 ≤ 𝑥𝑝 ≤ 𝐴𝑝

ℎ       𝑇ℎ𝑒𝑛   𝐵1
𝑙 ≤ 𝑧1 ≤ 𝐵1

ℎ           

Where, 𝑥𝑖 , 𝑧1 are the template values and 𝐴𝑖
ℎ , 𝐴𝑖

𝑙 , 𝐵1
ℎ , 𝐵1

𝑙   are the upper and lower bounds of the 

input/output TFs. In such systems, the crisp measurements at the input of the system translated into 

the sets of templates and then mapped into the output through the conceptual reasoning section 

(logical rules). At the end, the results can be translated to obtain a crisp value in the output of the 

system defining if the input pattern falls into the desired class or not. Different structures as above 

have been employed in novel intelligent techniques, simulation and modelling, classifiers and 

pattern recognition (Mendel and John, 2002, Hwang and Rhee, 2007, Mitchell, 2005, Karnik et al., 

1999, Chung and Rhee, 2007).  
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3.2.5. Template Matching for classification 

Basically, embedded uncertainties within a data set could be illustrated using TE sets. In fact, 

uncertainties associated with a certain parameter could be modeled using the template functions 

embedded within the template envelope sets. This feature helps to define fewer compact TEs in the 

conceptual reasoning block of the system. This thesis addresses that such an idea can be used to 

define an effective function-based classification method that could manage the embedded 

uncertainties incorporated in the TEs to be used in a template matching classifier (Kuncheva, 2000, 

Brunelli, 2009). In other words, using template matching classification, data could be classified 

into the template sets (Brunelli, 2009, Cuevas et al., 2016). In real world, this type of classifier 

would be useful for pattern recognition where signals are combined with noise (Brunelli, 2009, 

Kecman, 2001, Fu and Cover, 1976, Melin and Castillo, 2014, Castillo and Melin, 2008, Choi and 

Chung-Hoon Rhee, 2009, Theodoridis et al., 2008, Devijver and Kittler, 2012). In the enhanced 

versions, the prototypes used in this type of classifiers could be modified through updating 

procedures which defines new upper and lower partitions at each step (Chung and Rhee, 2007, Kim 

and McNames, 2007). A comprehensive review on the most successful applications of these type 

of systems in classification, clustering and pattern recognition has been reported in (Roberto, 2009, 

Duda et al., 2012). 

According to the literature of data mining (Han et al., 2011) and machine learning, clustering 

belongs to unsupervised learning methods where the data is unlabeled whereas classification 

belongs to supervised learning techniques where the data is known and labeled. Due to necessity 

of working with labeled data, this work is concentrated on the template matching classification 

using sets of templates rather than clustering. A typical format of the purposed conceptual 

reasoning rules used in the classifier can be represented as follow: 

𝐼𝑓 𝐴11
𝑙 ≤ 𝑥1 ≤ 𝐴11

ℎ  𝑎𝑛𝑑 … 𝑎𝑛𝑑 𝐴1𝑝
𝑙 ≤ 𝑥𝑝 ≤ 𝐴1𝑝

ℎ           𝑇ℎ𝑒𝑛      𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 𝐶1 

𝐼𝑓 𝐴21
𝑙 ≤ 𝑥1 ≤ 𝐴21

ℎ  𝑎𝑛𝑑 … 𝑎𝑛𝑑 𝐴2𝑝
𝑙 ≤ 𝑥𝑝 ≤ 𝐴2𝑝

ℎ           𝑇ℎ𝑒𝑛      𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 𝐶2 

(3.4) 𝐼𝑓 𝐴𝑛1
𝑙 ≤ 𝑥1 ≤ 𝐴𝑛1

ℎ  𝑎𝑛𝑑 … 𝑎𝑛𝑑 𝐴𝑛𝑝
𝑙 ≤ 𝑥𝑝 ≤ 𝐴𝑛𝑝

ℎ           𝑇ℎ𝑒𝑛      𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 𝐶𝑛         
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Where, 𝑥𝑖 is the template function value and 𝐴𝑖
ℎ , 𝐴𝑖

𝑙   are the upper and lower input TFs in each rule. 

In the conceptual reasoning block of the proposed classifier, rules are executed, when the conditions 

within the rule are satisfied. The basic structure of the discussed classification approach is shown 

in Figure 3.6. Here, the features of the signal could be extracted using various strategies (i.e. Fourier 

analysis or Wavelet techniques) after the signal acquisition level; and the final decisions could be 

made based on the results of the classification processing. 

 

Figure 3.6: Basic structure used in classification for decision making. 

Depending on the application, the segmentation and feature extraction levels could be swapped 

around in the suggested structure. Also, the Learning stage is often used in the adaptive clustering 

methods (John and Czarnecki, 1998).  

In chapter 5, it will described how the decision making can be performed based on a heuristic 

conceptual reasoning classification method using template matching techniques. In fact, it will be 

demonstrated how a proper choice and definition of upper and lower limits (TFs), extracted from 

Wavelet transform of the EEG signal, could be used in a template matching classifiers for 

identification of HI micro-scale epileptiform transients based on a heuristic rule (particularly sharp 

waves) in a hypoxic EEG.  
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3.3. Integration of Wavelets with template matching for classification  

Wavelet analytical techniques allow to analyze spectral features of a signal using the wavelet 

transform (Mallat, 2009). This ability helps for a better feature extraction and could be used for 

classification purposes by precise localization of time-frequency features of the events within the 

data (Guyon and Elisseeff, 2006, Mallat, 2009). Different combinations of these analytical 

approaches have been shown to increase the identification and quantification performances of 

desired algorithms, effectively (Addison, 2002, Roberto, 2009, Theodoridis et al., 2008). Refer to 

Chapter 2 for more information on wavelet analysis and their applications. 

In general, analytical time-scale properties of wavelets can be incorporated with other 

computational techniques, such as template matching, to create hybrid structures to solve 

sophisticated nonlinear problems. Due to their individual powerful signal processing capabilities, 

Wavelets and other analytical approaches have been combined in a variety of ways. In general, it 

is expected that incorporation of the individual capabilities from different techniques enables the 

designers to integrate the beneficial power of each technique into one computationally-strong 

hybrid structure. Thus, considerable performance enhancements are expected to be achieved when 

wavelets are combined with other techniques (i.e. template matching). 

This thesis, in particular, introduces a hybrid structure based on wavelet spectral analysis and 

template matching classifier. The wavelets analysis in this hybrid technique will significantly help 

to reduce sensitivity to noise and a degree of similarity criterion would be defined and assessed in 

the conceptual reasoning stage of the structure which could either follow an offline or online 

learning updating procedure. General structure of the purposed Wavelet-Template matching 

network that uses wavelet coefficients is shown in Figure 3.7. An online updating training of such 

a network could be used to optimize the contribution of wavelet coefficients in the network’s 

output. 
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Figure 3.7: Structure of a Wavelet template matching network using wavelet coefficients series for decision making. 

In such a network, wavelet coefficient series obtained from the WT are used to generate time-

frequency features (sets of template functions) that will be then used in the conceptual reasoning 

block of the system (classifier) for final decision making. The template envelopes within the 

conceptual reasoning unit of the classifier are then defined based on the sets of TFs to assess the 

degree of similarity of a particular event (or TF) based on the features provided at the previous 

step. The reasoning unit within the decision making section consists of a set of logical rules. 

According to sections 3.2.3 to 3.2.5, a particular rule is executed when the rule’s criteria is satisfied. 

In the future chapters, it will be demonstrated how wavelets can be paired up with interpretable 

logical techniques to embed inherent uncertainties of the template functions for decision making. 

In fact, it will be demonstrate how an offline training wavelet-template matching classifier could 

be used for identification of the HI sharp waves. The template envelopes to be used in the classifier 

in an offline structure is generated from the wavelet transform of the signal that will be used as the 

defined features of the template envelopes in the classifier’s decision making stage. 

3.4. Summary 

In this chapter, principals of theory of computational template matching and its applications in 

digital signal processing, pattern recognition and classification were introduced. It was discussed 
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how different types of template matching strategies can be developed for precise decision making 

on an unknown output. Sets of Template Functions (TF) were then introduced. It was explained 

how the degree of uncertainty within a particular quantity (patterns in this case) can be interpreted 

to demonstrate potential variability around a template function. Therefore, it was demonstrated how 

a template matching strategy would be able to handle the embedded uncertainties of a system. It 

was discussed how a mathematical band of uncertainty, called the Template Envelope (TE) can be 

defined in the template matching system for conceptual reasoning that allows to deal with larger 

portions of inherent uncertainties of a nonlinear system.  

It was then discussed that the embedded uncertainties incorporated in the TFs could be managed to 

define an effective function-based classification method in a logical classifier that would be useful 

for pattern recognition and classification. Hence, it was addressed how the sets of template 

functions can be used in logical rules in the template matching system to obtain the final output of 

the classifier. Finally, the combination of Wavelet analysis with template matching structures were 

introduced. It was explained that such structures provide robust architecture compared to other 

intelligent signal processing approaches. It was explained that defining of compact templates 

(similarity criterion) in such systems could help to effectively increase the identification and 

quantification abilities and reliability of the final output. However, choice of the primary mother 

wavelet functions as well as the wavelet scales are particularly important for an optimal 

performance of the network. The effects of choosing a proper mother wavelet will be discussed in 

the future chapters.  

In the future chapters I will demonstrate how a proper choice and definition of Template Envelopes, 

extracted from Wavelet transform of the EEG signal, could be used in the template matching 

classifier for identification of HI micro-scale epileptiform transients (particularly sharp waves) in 

a hypoxic EEG. 
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Chapter 4  

EEG Signal processing for identification and classification  

of epileptiform activity 

 

4.1. Introduction 

Over the past two decades, a variety of different advanced signal processing techniques have been 

developed by researchers across the world for the identification, quantification and classification 

of epileptiform activities. The clinical and animal studies on the HI brain injury and its biomarkers 

were previously fully described in chapter 1. Also, in Chapter 1, the HI epileptic seizure studies 

using amplitude-integrated EEG (aEEG) were fully discussed and compared with the standard HI 

EEG signal analysis methods.  

This chapter represents a detailed literature review what research has been performed on automatic 

signal analysis methods for the identification and classification of epileptic seizure-like transients. 

To date, a variety of many different advanced signal processing methods have been employed by 

researchers for analysis of EEG signals and diagnosis of brain malfunctions through identification 

and classification of the epileptiform abnormal activities. In particular, the criteria for identification 

of the spikes and sharp wave transients, defined by the International Federation of Clinical 

Neurophysiology (IFCN), are firstly introduced. As discussed in chapter 1; spike and sharp wave 

epileptiform seizures emerging as sudden electrical discharges in the EEG signal have been shown 

to be reliable signs for diagnostic of epileptic disorders. It will be also discussed that alongside with 

the results of the current study, the literature suggests that these abnormal transients are 

significantly correlated with neurological outcome. In contrast, I will discuss how the definitions 

of HI epileptiform spikes and sharp waves are slightly different compared to the similar 
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conventional clinical seizures defined in human EEG. This chapter then addresses that, to date, no 

exact EEG biomarker has been reported for early prediction of HIE and therefore the literature on 

the identification of these biomarkers is strictly limited at the time. However, the closest work to 

the scope of the this thesis has been performed by a neonatal brain research group from University 

College Cork, Ireland, regarding analysis and classification of neonatal hypoxic-ischemic EEG. A 

table of clinical, experimental and signal processing studies for identification of epileptiform 

activity, HI and HI biomarkers are also presented. 

Finally the objectives and scope of the current thesis are addressed through introducing of the 

publications that the current thesis is written based on. It will be highlighted how the results from 

these publications using in utero preterm fetal sheep models are linked to each other and to the 

literature, emphasizing the important role of HI gamma spikes and sharp waves for early prediction 

of post HI seizures and brain injury. 

4.2. EEG Signal processing for identification and classification of epileptiform activities 

4.2.1. Automatic Analysis of Epileptiform transients  

To date, a variety of many different advanced signal processing methods have been employed by 

researchers for analysis of EEG signals and diagnosis of brain disorders through identification and 

classification of abnormal activity along EEG signals. 

An early study in 1982 developed an automatic algorithm based on spectral analysis and elementary 

signal decomposition to automatically identify epileptic seizures in clinical EEG (Gotman, 1982). 

Another automatic computer-based study in 1985 has been developed based on analysis of 

epileptiform transients for recognition and quantification of spikes, sharp waves and complexes in 

clinical EEG (Frost Jr, 1985).  

In 1995, Kalayci employed wavelet transform (WT) in conjunction with an automated neural 

network (ANN) system for spike detection in EEG (Kalayci and Ozdamar, 1995). This study 



 

 

139 

 

attempted to decrease the input size of their developed ANN identifier without any decrease in the 

content of the signal as well as the detection performance. In fact, working with real-time multi-

channel systems, clinical devices generate huge amount of data recordings as the input of the spike 

detection system. This research was not able to handle a large amount of data in its identification 

system. Kalayci and Ozdamar aimed which this problem will be eliminated in future using an 

enhanced ANN technology (Kalayci and Ozdamar, 1995). 

In 1997, a multiresolution wavelet analysis technique was used for identification and localization 

of epileptiform events (mostly sharp waves) in EEG (D'attellis et al., 1997). Between 1998 and 

2006, a number of studies that employed wavelet analysis techniques and Fuzzy-Neural network 

approaches were performed to automatically identify and classify seizures and epileptiform EEG 

activity (Liu et al., 2002, Sartoretto and Ermani, 1999, Khan and Gotman, 2003, Subasi, 2006, 

Soleimani-B et al., 2012, Subasi, 2007, Petrosian et al., 2000). For instance, in 2002, a multi-stage 

approach using multi-methods including a preliminary non-linear filtering stage that is 

accompanied by a second analytical stage which uses wavelet transform and ANNs is developed 

to detect and classify the epileptiform activities within EEG (Liu et al., 2002). In 2006, Subasi 

demonstrated how a fuzzy neural network with dynamic elements can be fed by discrete wavelet 

transformed EEG for automatic classification of epileptic seizures (Subasi, 2006). The 

aforementioned study reports that the application of their developed algorithm using DWT and 

fuzzy neural net results in higher performance compared to the conventional neural nets. 

In 2008, Deburchgraeve et al developed an automated method for epileptiform seizure detection in 

term infants which used a segmental EEG energy correlation and auto-correlation (Deburchgraeve 

et al., 2008). Their assessments over 21 patients and 217 hours of EEG showed that their algorithm 

was able to detect neonatal seizures with a sensitivity accuracy of 88%. Epileptic seizures detection 

has been targeted in another study using discrete wavelet transform analysis of EEG and 

approximate entropy (Ocak, 2009). In 2009, Walbran et al introduced a semi-automated method 
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based on the time-frequency analysis techniques for the identification of epileptiform transients 

(particularly spikes) in the EEG of fetal sheep models using STFT spectral technique and peak 

separation (Walbran et al., 2009). 

Recent studies since 2010 have mainly concentrated on methods to do with the identification and 

classification of epileptic transients in noisy EEG environment employing of the artificial neural 

networks (ANN) and continuous wavelet transform (CWT). In 2010, Abibullaev has focused on 

using the best mother wavelet function as well as thresholding method for identification; and a 

multilayer perceptron neural network (MLP) using backpropagation learning method for 

classification purposes. Results from this research demonstrate an accuracy of more than 94% for 

the detection and classification of seizures in a noisy EEG signals. A review study in 2011, 

compared and discussed different methods for prediction of the onset of epileptic seizures (Carney 

et al., 2011). A comparative study in 2011 uses DWT for feature extraction at different sub-band 

frequencies to be fed to a Probabilistic Neural Network (PNN) for classification of EEG signals 

(Gandhi et al., 2011). 

A recent study has attempted to assess the performance of six different types of classifiers to 

identify epileptic EEG segments and classify them into three groups of normal, interictal, and ictal 

(Acharya et al., 2012). This study has evaluated the performances of different classifiers such as 

Fuzzy Sugeno Classifier, Gaussian Mixture Model, K-Nearest Neighbor, Support Vector Machine, 

and Neural Networks and have reported the logical classifier to result in the best classification 

performance accuracy (Acharya et al., 2012).  

Template matching algorithms have been used in a variety of studies for identification and 

annotation of epileptic seizures. For instance, Template matching through dynamic time warping 

has been used for rapid annotation of interictal epileptiform discharges (Jing et al., 2016). Template 

matching in conjunction with online machine learning techniques have been developed for 

annotation of interictal epileptiform discharges (Jin et al., 2014). Spikes from sets of EEG signals 
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are used to generate a template for detection of similar patterns (El-Gohary et al., 2008). Other 

researchers have combined wavelets (for feature extraction of the EEG signals) to build templates 

for spike identification purposes (Senhadji and Wendling, 2002, Goelz et al., 2000). A template 

matching approach with correlation criterion has been also used for identification of slow wave 

along the EEG background (Bagshaw et al., 2006).   

Identification and quantification of clinical neonatal seizures have been proposed in numerous EEG 

research. The automatic neonatal spike and seizure approaches are mostly designed based on 

spectral analysis (Gotman et al., 1997), wave sequence feature-based analysis (Navakatikyan et al., 

2006), high-energetic EEG segments characteristics identifier (Deburchgraeve et al., 2008). 

Between 2009 and 2014, Huffel et al have developed automated algorithms for detection of inter-

burst intervals in the EEG of neonates with HIE and HIE grading using background EEG 

assessments in full-term babies (Matic et al., 2012, Deburchgraeve et al., 2009, Matic et al., 2015, 

Matic et al., 2014).  

However, to date no research has focused on the analysis of HI epileptiform micro-scale transients, 

previously highlighted in chapter 1, that are important for diagnosis and prediction of the HI injury 

if identified early on within the latent phase. 

The closest work to the current study has been performed by a neonatal brain research group from 

University College Cork, Ireland, that have published very valuable articles regarding analysis of 

neonatal hypoxic-ischemic EEG. Their recent clinical studies in 2011-2012 have focused on 

developing an automated algorithm based on the Support Vector Machine (SVM) for the 

classification of the evolutionary hypoxic ischemic seizures in neonates (Temko et al., 2012, 

Temko et al., 2011a, Temko et al., 2011b). Temko et al also used probabilistic modeling methods 

that are designed based on the statistical location distribution of seizures from birth to improve the 

automatic prediction of seizures in the EEG of neonates exposed to HI (Temko et al., 2012). 

Complementary to the aforementioned study, Temko et al have developed an adaptive probabilistic 
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EEG background modeling for identification of seizures using a total duration of 1479 h from 38 

neonates with signs of HIE (Temko et al., 2013). 

Later in 2013, Halford introduced a computerized epileptiform transient detector based on ANN 

machine learning classifiers that uses wavelet transform for feature extraction of 256Hz sampled 

EEG (Halford et al., 2013).  Lately, a study has employed time-frequency analytical techniques to 

automatically identify high frequency oscillations in human ECoG/iEEG (Burnos et al., 2014). 

Mathieson and Temko have recently represented seizure detector algorithm for neonatal HI EEG 

that has improved their previously designed algorithm (2016) (Mathieson et al., 2016). Mathieson 

and Temko’s novel algorithm has been tested over 20 neonates and they claim that the majority of 

false detection of the ANSeR is due to the highly rhythmic EEG background and artefacts 

(Mathieson et al., 2016). 

By contrast, our work clearly differs by being concerned in the identification of HI micro-scale 

epileptiform seizures (particularly spikes, sharp wave and SEMS transients) in the latent phase of 

the EEG, before high amplitude seizures occur (for more information refer to chapter 1). As 

discussed, there is no current method for the accurate identification and quantification of these type 

of transients (particularly sharp waves) in the EEG after HI. 

4.2.2. Epileptiform spike and sharp wave identification and classification 

Components of EEG signals appear in a variety of different profile shapes which are known to be 

indicators of certain states of the subject. Abnormal transients and distortions from normal patterns 

have been shown to be signs of particular conditions in brain. In general, the occurrence of 

epileptiform transients/seizures that are mostly defined to emerge as sudden electrical discharges 

in the EEG signal has been shown to be reliable signs for diagnostic of epileptic disorders (Binnie 

and Stefan, 1999, Jackson, 1873, Angeles, 1981, Westmoreland, 1996). According to the specified 

definition by the International Federation of Clinical Neurophysiology (IFCN) a “spike” is a fast 

transient with a duration of less than 70 millisecond (ms) that includes frequencies above 14.3 Hz 
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while a “sharp wave” is a transient with a duration between 70-200ms (frequency range: 5-14.3Hz) 

(Chatrian et al., 1974, Noachtar et al., 1999, André et al., 2010). These definitions facilitate the 

criteria for identification of these type of transients. However, the definition of HI gamma spikes 

(occurring in the Gamma frequency band, amplitude >10μV) and sharp waves (70-250ms, 

amplitude >10μV) in sheep models are slightly different from the conventional clinical definitions.  

The epileptic spikes and sharp waves include important neurological information and several 

computerized approaches have been developed for automatic identification and classification of 

these transients (Dingle et al., 1993, Unser and Aldroubi, 1996, Kalayci and Ozdamar, 1995). 

Different techniques as well as their combinations have been targeted in these studies. For instance, 

ANN-based algorithm have been developed for automatic identification of spike patterns in EEG 

(Gabor and Seyal, 1992, Özdamar and Kalayci, 1998). a review study in 2003 compares the 

performance of a standard back-propagation ANN-based spike classifiers (Özdamar and Kalayci, 

1998) with mathematically feature extracted classifiers (Kalayci and Ozdamar, 1995, Kalayci et 

al., 1994, Webber et al., 1993, Webber et al., 1996, Tarassenko et al., 1998)  and concludes that 

these algorithms lead similar metric results (Pang et al., 2003).  

Another investigation in 2005 has developed a method to classify epileptic seizure intervals from 

seizure-free segments within EEG signals using an adaptive neuro-fuzzy inference system (ANFIS) 

model (Güler and Übeyli, 2005). In this research, wavelet transform was used for feature extraction 

of the signal whereas a trained ANFIS network with the backpropagation gradient descent method 

is combined with the least squares method for a robust final decision making. Güler has suggested 

a system that consists of five ANFIS classifiers which were trained using five different types of 

EEG signals. Outputs of the five ANFIS classifiers then fed to another ANFIS classifier for 

improving of the total accuracy of the system. Results from this method have confirmed the 

potential of an ANFIS network for EEG signals classification (Güler and Übeyli, 2005).  
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Combination of time-frequency techniques with ANNs have been also considered for detection of 

epileptic spikes (Abibullaev et al., 2010, Park et al., 1997). Multi-resolutional wavelet-based 

techniques have been also used for identification of epileptiform patterns (Indiradevi et al., 2008, 

Calvagno et al., 2000, Latka et al., 2003, Nenadic and Burdick, 2005). 

Alongside with the improvements in instrumentation technology and signal acquisition methods, 

the EEG signals have been shown to be recordable in higher sampling frequencies. This particularly 

helps to extract very useful embedded information that occur in higher frequencies (i.e. high 

frequency oscillations and spikes). Recent studies have suggested energy-based as well as spectral 

power analytical techniques for automatic identification and classification of high frequency 

oscillations, particularly spikes, that occur in higher frequency bands of 40-200Hz and 250-600Hz 

(von Ellenrieder et al., 2012, Birot et al., 2013). Many other experimental and clinical studies have 

been performed for the identification and classification of these transients (see Table 4.1); however, 

the studies conducted on describing of the potential biomarkers of Hypoxic-Ischemic 

encephalopathy and the related developed algorithms for identification of those signatures along 

HI EEG signal were fully discussed in chapter 1.  

Table 4.1: Clinical, experimental and signal processing studies for identification of epileptiform activity, HI and HI 

biomarkers 

Automatic detection and classification of EEG epileptiform transients including spikes and sharp waves 

Human Animal 

Adult EEG 

(Gotman, 1982) (White et al., 2006) adult rat 

(Frost Jr, 1985) (Sick et al., 2013) rats 

(Kalayci and Ozdamar, 1995) 

 

(D'attellis et al., 1997) 

(Liu et al., 2002) 

(Sartoretto and Ermani, 1999) 

(Khan and Gotman, 2003) 

(Subasi, 2006) 

(Soleimani-B et al., 2012) 

(Subasi, 2007). 

(Petrosian et al., 2000). 
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(Ince, 2012) 

(Harner, 2009) 

(Ocak, 2009) 

(Abibullaev et al., 2010) 

(Carney et al., 2011) 

(Dingle et al., 1993) 

(Özdamar and Kalayci, 1998) 

(Gabor and Seyal, 1992) 

(Güler and Übeyli, 2005) 

(Indiradevi et al., 2008) 

(Calvagno et al., 2000) 

(Latka et al., 2003) 

(Nenadic and Burdick, 2005) 

Neonatal EEG 

(Gotman et al., 1997) 

(Navakatikyan et al., 2006) 

(Deburchgraeve et al., 2008) 

 

 

High Frequency Oscillations 

Human Animal 

HFO 

(Bragin et al., 2004) HFO Automatic detection  

 

(Jirsch et al., 2006) (Birot et al., 2013) 

(Jacobs et al., 2010) (von Ellenrieder et al., 2012) 

(Bragin et al., 2010)  

(Jacobs et al., 2012)  

 

 

Hypoxic-Ischemic studies 

Human Animal 

Description Neonatal seizure studies at birth Study Animal model 

HI EEG 

(Rowe et al., 1985) (Lorek et al., 1994) piglet 

(Clancy, 1996) (Gunn et al., 1997) sheep 

(Biagioni et al., 1996) (Gunn et al., 1998) sheep 

(Azzopardi et al., 1999) (George et al., 2004) sheep 

(Biagioni et al., 1999) (Dean et al., 2006a) sheep 

(McBride et al., 2000) (Dean et al., 2006b) sheep 

(Vannucci, 2000) (Gunn and Bennet, 2009) sheep 

(Miller et al., 2002) (Björkman et al., 2010)  piglet 

(Mandel et al., 2002) (Davidson et al., 2011) sheep 

(Okumura et al., 2003) (Cuaycong et al., 2011) Immature rat 

(Scher, 2003b) (Keogh et al., 2012) sheep 

(Scher, 2003a) (Koome et al., 2013) sheep 

(Shalak and Perlman, 2004) (Drury et al., 2014) sheep 



 

 

146 

 

(Glass et al., 2009) (Sampath et al., 2014) rat 

(Cherian et al., 2009) (Zayachkivsky et al., 2015) rat 

(Stevenson, 2009) (Sun et al., 2016) rat 

(Shah et al., 2012) 

 

(Kanhere, 2014) 

(Glass et al., 2011) 

(Mitra et al., 2016) 

HI aEEG 

(Jain et al., 2016) 

(Lommen et al., 2007) 

(Bourez-Swart et al., 2009) 

(Shellhaas et al., 2007) 

(Toet et al., 1999) 

(Gluckman et al., 2005) 

(Sisman et al., 2005) 

(van Rooij et al., 2010) 

(Merchant and Azzopardi, 2015) 

(Spitzmiller et al., 2007) 

 

 

HI Biomarkers 

Human Animal 

Type of biomarker Clinical study Experimental study Type of animal 

Blood composition (Qureshi and Parvez, 2007) (Bennet et al., 2006) sheep 

blood, urine, and cerebrospinal fluid (Ramaswamy et al., 2009) (Bennet et al., 2007) sheep 

neuro-proteins and plasma (Serpero et al., 2013) (Bennet et al., 2010) sheep 

neuronal biomarkers in cord serum (Chalak et al., 2014) 

 S100B protein (Beharier et al., 2012) 

 blood lactate (Aridas et al., 2014) 

 

Automatic detection of EEG spikes and sharp transient post HI insult 

Human Animal – scope of my thesis falls in here 

 

(Korotchikova et al., 2011) (Walbran et al., 2009) 

 

(Thomas et al., 2010) (Walbran et al., 2011) 

(Temko et al., 2011b) (Abbasi et al., 2015) 

(Temko et al., 2011a) (Abbasi et al., 2016a) 

(Temko et al., 2009) (Abbasi et al., 2014b) 

(Temko et al., 2012) (Abbasi et al., 2014a) 

(Temko et al., 2013) (Abbasi et al., 2016b) 

(Mathieson et al., 2016) (Lakadia et al., 2016) 
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4.3. Summary 

In this chapter, different advanced signal processing techniques for identification, quantification 

and classification of epileptiform activities in the EEG were reviewed. It was discussed that to date, 

a variety of many different advanced signal processing methods have been employed by researchers 

for analysis of EEG signals and diagnosis of brain malfunctions through identification and 

classification of the epileptiform abnormal activities. It was also discussed that alongside with the 

results of the current study, the literature suggests that these abnormal transients are significantly 

correlated with neurological outcome. Spikes and sharp wave epileptiform seizures emerging as 

sudden electrical discharges in the EEG signal have been shown to be reliable signs for diagnostic 

of epileptic disorders. I also explained a comprehensive literature review on automatic signal 

analysis methods for identification and classification of epileptic seizures, particularly spikes and 

sharp waves. In contrast, I explained how the definitions of HI epileptiform spikes and sharp waves 

are slightly different compared to the similar conventional clinical seizures defined in human EEG. 

This chapter then addressed that, to date, no exact EEG biomarker has been reported for early 

prediction of HIE and therefore the literature on the identification of these biomarkers is strictly 

limited at the time. I then discussed that the closest work to my PhD has been performed by a 

neonatal brain research group from University College Cork, Ireland, for classification of neonatal 

hypoxic-ischemic EEG and identification of the potential seizures. The most important clinical, 

experimental and signal processing studies for identification of epileptiform activity, HI and HI 

biomarkers were also represented. 
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Chapter 5 

Automatic identification of Sharp waves, Stereotypic Evolving Micro-scale 

Seizures (SEMS) in the HI EEG and the effect of MgSO4 on HI EEG sharp 

wave transients after Hypoxia Ischemia 

5.1. Introduction 

In previous chapter, it was discussed how micro-scale epileptiform transients in the post HI EEG 

play an important role as early biomarkers of HI. Therefore, real-time automatic identification of 

these type of transients would be useful for early prediction of HIE and prevent against the spread 

of brain injury. In this chapter, I will demonstrate how I developed a fusion of Wavelet-template 

matching techniques that can be used for the automatic identification and accurate quantification 

of HI sharp waves in the EEG of asphyxiated in utero preterm fetal sheep models sampled at 

1024Hz, post HI insult. 

Materials to be presented in the current chapter are drawn from the publications below: 

Journal article: 

1- 2016: Abbasi, H., Bennet, L., Gunn, A. J. & Unsworth, C. P. (2016, August). Robust Wavelet 

Stabilized 'Footprints of Uncertainty' for Fuzzy System Classifiers to Automatically Detect Sharp 

Waves in the EEG after Hypoxia Ischemia. International Journal of Neural Systems. 1650051 

(2016) [16 pages] DOI: 10.1142/S0129065716500519. (Impact factor 6.507) 

Conference paper: 

2- 2014: Abbasi, H., Unsworth, C. P., Gunn, A. J., & Bennet, L. (2014, August). Superiority of high 

frequency hypoxic ischemic EEG signals of fetal sheep for sharp wave detection using Wavelet-

Type 2 Fuzzy classifiers. In Engineering in Medicine and Biology Society (EMBC), 2014 IEEE 36th 

Annual International Conference of the IEEE (pp. 1893 - 1896). IEEE. 

DOI: 10.1109/EMBC.2014.6943980 

http://dx.doi.org/10.1142/S0129065716500519
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Results and contents of the current chapter are mostly extracted from the above publications as 

allowed by the University of Auckland under the 2011 Statute and Guideline for the Degree of 

Philosophy (PhD). The major research sections of the above papers have been written and prepared 

by the author of the current thesis; however, co-authors of the research: Associate Professor Charles 

P. Unsworth (main supervisor), Professor Laura Bennet and Professor Alistair Gunn have 

commented and advised on the papers. 

The chapter describes the published journal article in 2016, which was an extension, further 

development and detailed study of the conference paper in 2014, which addressed ways of 

automatic detection of HI micro-scale sharp wave epileptiform transients in the 1024Hz sampled 

EEG after HI insult. This chapter will discuss how we found collecting the EEG at higher sampling 

rate of 1024Hz from in utero fetal sheep models allows for the accurate identification and 

quantification of HI sharp wave transients compared to the clinical and animal studies using 64Hz 

and 256Hz sampled signals. It will be demonstrated that it is possible to robustly detect HI micro-

scale sharp wave epileptiform transients accurately in over 30 hours of post-HI EEG using the in 

utero preterm fetal sheep models. The novelty of the developed method is that it initially performs 

a wavelet transformation of the sharp waves, which serves to stabilize the variation in their profile, 

and thus permits a highly compact Template Envelope (TE) to be built, which in turn optimizes the 

performance of a Template matching classifier. Assessing more than 5000 sharp waves, it will be 

shown that with the correctly chosen wavelet, this method leads to higher overall performance for 

both a 64Hz sampled EEG and a high resolution 1024Hz sampled EEG, compared with both 

conventional standard wavelet and template matching approaches undertaken in isolation. In 

addition, this work highlights the fact that early automated recognition and quantification of HI 

sharp wave transients within the latent phase of the injury could prove beneficial information in the 

early detection of the onset of HIE. 
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Finally, 2 small independent studies using pilot data on other HI EEG transients (SEMS) as well 

as the effects of MgSO4 on HI EEG sharp wave transients are detailed. In particular, this chapter 

will introduce a wavelet-template matching based algorithm for the identification of stereotypic 

evolving micro-scale seizures (SEMS) in the post HI insult EEG. Finally, this chapter demonstrates 

how MgSO4 can affect the number of HI sharp wave transients during the latent phase of injury, 

post HI insult. 

As allowed by the University of Auckland under the 2011 Statute and Guideline for the Degree of 

Philosophy (PhD), results and materials represented in sections 5.3 and 5.4 of the current chapter 

were drawn from my publications on the automatic methods for identification of stereotypic 

evolving micro-scale seizures (SEMS) in the HI EEG and the effects of MgSO4 on HI EEG sharp 

wave transients in asphyxiated in utero preterm fetal sheep models sampled at 1024Hz. 

Conference papers: 

3- 2016: Abbasi, H., Bennet, L., Gunn, A. J., Unsworth, C. P. (2016, August). Identifying stereotypic 

evolving micro-scale seizures (SEMS) in the hypoxic-ischemic EEG of the pre-term fetal sheep 

with a Wavelet Type-II Fuzzy classifier. In Engineering in Medicine and Biology Society 

(EMBC), 2016 IEEE 38th Annual International Conference of the IEEE (pp. 973 - 976). IEEE. 

DOI: 10.1109/EMBC.2016.7590864 

4- 2016: Lakadia, M. J.; Abbasi, H., Gunn, A. J., Unsworth, C. P., Bennet, L. (2016, August). 

Examining the effect of MgSO4 on sharp wave transient activity in the hypoxic-ischemic fetal sheep 

model. In Engineering in Medicine and Biology Society (EMBC), 2016 IEEE 38th Annual 

International Conference of the IEEE (pp. 908 - 911). IEEE. 

DOI: 10.1109/EMBC.2016.7590848 

In the 3rd paper, a new potential EEG transient biomarker in the form of stereotypic evolving micro-

scale seizures (SEMS) with relatively abrupt onset and termination in a frequency range of 1.8-3Hz 

(Delta waves) superimposed on a suppressed EEG amplitude background post HI occlusion is 

presented. It will be discussed that the SEMSs mostly emerge during the mid- and the late-latent 
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phase and often closer to the onset of the high amplitude stereotypic evolving seizures. I will then 

demonstrate that a Wavelet-Template matching classifier can be used to automatically identify the 

potential course (from onset to the end) of SEMS transients in high resolution HI EEG recordings 

during the latent phase post HI insult using in utero pre-term hypoxic fetal sheep models.  

4th paper explores the effect of MgSO4 on the HI micro-scale sharp wave transients within the latent 

phase of a post hypoxic-ischemic sheep fetus. The application of the wavelet-Template matching 

classifier (explained in section 5.2) was investigated for automatic identification of the HI micro-

scale sharp waves along the EEG signals of a controlled and an MgSO4-treated fetal sheep.  
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5.2. Robust Wavelet Stabilized ‘Footprints of Uncertainty’ for template matching 

Classifiers to Automatically Detect Sharp Waves in the EEG after Hypoxia Ischemia 

This study addressed ways of automatic detection of sharp wave epileptiform transients in the EEG 

after HI insult. In contrast, the majority of research to date has focussed on automatic diagnosis of 

neurological disorders such as epilepsy (Orosco et al., 2013, Song and Zhang, 2013) as well as 

automatic detection of spike waves for seizure detection, in the epileptic EEG, summarized in 

papers involving prediction with linear and nonlinear methods (Jerger et al., 2001), wavelet 

methods (Indiradevi et al., 2008, Webber et al., 1993), spike sorting techniques (Rey et al., 2015), 

kernel methods (Yuan et al., 2014, Yuan et al., 2015) and neural network prediction (Acir et al., 

2005, Ko and Chung, 2000) with some cot side systems being available (Shah et al., 2012). HI 

induced seizures have been studied in several animal models, reviewed in (Sun et al., 2016) with 

morphological operators being used to improve automated spike wave detection in seizures 

(Cuaycong et al., 2011) and unsupervised methods (White et al., 2006) from the HI EEG of the 

neonatal rat. My colleagues have previously reported the utility of short-time Fourier (STFT), Haar 

wavelet (Walbran et al., 2009, Walbran et al., 2011) and I address Reverse Bi-orthogonal wavelet 

transform (WT) and IF-THEN thresholding classifiers for spike transient identification (Abbasi et 

al., 2015, Abbasi et al., 2014b) in the EEG sampled at 64Hz and 1024Hz from in utero preterm 

fetal sheep in chapter 7. 

Automated detection methods since 2011 have been reported to improve the accuracy of seizure 

detection in the HI EEG of human neonates (Korotchikova et al., 2011). These studies have 

demonstrated that quantitative EEG (qEEG) measures such as relative delta power, skewness, 

kurtosis, amplitude, and discontinuity can be used to separate between HIE grades. A neonatal HI 

EEG research group, Temko et.al, have applied support vector machines (SVMs) to discriminate 

between seizure and non-seizure EEG epochs (Temko et al., 2011a, Temko et al., 2011b), and 

probabilistic modelling to improve the prediction of seizures in the EEG of neonates exposed to HI 

(Temko et al., 2012, Temko et al., 2013). 
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By contrast, our work differs by being concerned in the identification of HI sharp wave epileptiform 

transients in the latent phase of the EEG, before high amplitude seizures occur. There is no current 

method for the accurate identification and quantification of sharp wave transients in the EEG after 

HI. Fetal sheep EEG data are often collected at a relatively low sampling rate of 64Hz, which could 

also limit the accurate detection and quantification of transients (Bennet et al., 2006, Walbran et 

al., 2009, Walbran et al., 2011, Abbasi et al., 2014b).  This is in comparison to human models 

which use the clinical sample rates of 64Hz have been employed in (Duun-Henriksen et al., 2015, 

Hansen et al., 2016) and recently higher sample rates of 256Hz employed in (Temko et al., 2011a, 

Temko et al., 2011b).  

Current work is performed using over 30 hours of data collected after HI induced by a period of 

umbilical cord occlusion from a cohort of preterm-equivalent, anaesthetized fetal sheep, studied in 

utero. This provided more than 5000 individual sharp waves for analysis (from five fetal sheep), 

which is larger than studied in most previous studies (Halford, 2009). I demonstrate that a 

significant performance gain can be achieved using the developed WT-Template matching 

classifier method over standalone wavelet or template matching methods. 

5.2.1. Experimental procedures 

All the animal procedures for acquisition of the data sets used in this study were approved by the 

Animal Ethics Committee of the University of Auckland and in accordance with the Animal 

Welfare Act (1999) of New Zealand. 

Data used in this study were obtained from preterm fetal sheep at around 0.7 gestation period (~104 

days, near-term≅130 days, and term≅147 days). A premature fetal sheep’s brain maturation at 

around this time is equivalent to a 27-31 week human baby’s brain before the beginning of cortical 

myelination (McIntosh et al., 1979, Bennet et al., 2007, Barlow, 1969). Under general anesthesia 

(2% halothane in O2) and using aseptic techniques, preterm fetal sheep (Singleton 

Romney/Suffolk) were instrumented with catheters and electrodes as comprehensively described 
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(Bennet et al., 2006, Dean et al., 2006). For the purposes of this study, 4 EEG electrodes (two on 

the left side of the head, two on the right side of the head), plus a ground electrode were used in the 

measurement of fetal EEG (made in-house from AS633-5SSF wire; Cooner Wire, Chatsworth, CA, 

USA). Cooner wire is a stainless steel wire with a Teflon jacket coating; these electrodes were 

placed through burr holes onto the dura over the parasagittal parietal cortex (5 and 10 mm anterior 

to bregma and 5 mm lateral). The electrodes were placed above the occipital lobe and behind the 

frontal lobe to help integrating sensory information from various states. Burr holes were filled with 

surgical bone wax and the electrodes secured with cyanoacrylate glue. A reference electrode was 

sewn over the occiput. For the reference electrode, the Teflon is stripped from the wire, but not 

right to the end. A bit of Teflon is left on the end of the wire so that the wire can be threaded onto 

a needle, and then the wire is sewn over the occiput. Figure 5.1 demonstrates the schematic of an 

instrumented fetal sheep model in utero.  

  

Figure 5.1:  Schematic of an instrumented sheep fetus in utero. Drawing prepared by the Fetal Physiology and 

Neuorscience Group, Department of Physiology, University of Auckland. 

In general, studies have shown that the amplitude difference of the EEG parietal electrodes from 

both left and right channels to the reference electrode between the high-voltage activity and the 

low-voltage activity is very big when EEG is recorded bilaterally. Therefore, the relative electrical 

potential difference between each pair of EEG electrodes on each sides of the head was used to 
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continuously measure the EEG rather than using a standard montage technique. This was performed 

by injecting sinewave currents through each electrode. Thus, each right or left EEG channel 

represents the electrical potential difference between a pair of EEG electrodes on each side of the 

brain (Williams and Gluckman, 1990). Recordings from the left EEG electrodes were assessed in 

the current study. Surgical bone wax was first used to fill the burr holes and then cyanoacrylate 

glue was used to fix and secure the electrodes into the holes. After all, the skin over the fetal skull 

was covered and sealed. Naturally, the fetus is highly active in utero and suspended in a protective 

plasma-like electrolyte solution, called amniotic fluid (PH: 7-7.5) (Hooper et al., 2009). We use 

EEG recorded from the extradural space which is basically defined as the potential space between 

the endosteal layer of the dura mater and the cranial bones, were targeted for EEG recordings. The 

extradural recordings offer an improved signal to noise ratio over surface recordings and minimize 

movement artifacts and containing higher frequency components compared to surface EEG 

recordings (Buzsáki et al., 2012, Crone et al., 2006, Wilson et al., 2006, Hill et al., 2012). These 

issues are much less important in the postnatal environment where preterm infants are not able to 

move much. A clamping silicone occluder was placed around the umbilical cord, for later inflation 

to produce HI (see Figure 5.1). Fetuses were returned to the uterus, and ewes and their fetuses were 

allowed five days to recovery from surgery and anesthesia before experiments began. HI was 

administered by initial anesthetization of the fetus in utero and the EEG activity being continuously 

recorded a few hours before the experiments begin. Experiments were conducted when fetuses 

were at 103.4±0.6 days. To obtain HI, the occluder was rapidly inflated for 25 minutes, using a 

certain volume of sterile saline, resulting a complete obstruction of the umbilical cord (Bennet et 

al., 2006, Dean et al., 2006). Successful asphyxia was initially verified through monitoring of a 

rapid drop in the EEG amplitude and then by a complete analysis of fetal arterial blood gases as 

described in (Bennet et al., 2007). To return the fetuses back to normoxic conditions, the occluder 

was released and the fetal EEG was studied during the first 6 hours of recovery (the latent phase). 
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For a proper and reliable histological study, all the fetal sheep in this study were chosen from a 

sham control group and no extra treatment or drug injection was performed. 

5.2.2. Data collection and signal pre-processing 

In our experiments, EEG data were continuously recorded through two channels using Labview 

(Labview for Windows, National Instruments, TX, USA) and digitized at a sampling frequency of 

1024 Hz. For reliable high resolution EEG sampling, EEG signals were recorded via leads through 

a head-stage with an overall gain of 10,000 which aided primary noise reduction and amplification 

of the signal. Analogue signals were then processed with a 6th order low-pass Butterworth anti-

aliasing filter, with cutoff frequency of 512 Hz (-3dB at 512 Hz) and a high-pass filter of 1.6 Hz. 

EEG signals were saved at 1024 Hz. Since the study was conducted in utero there was no need to 

have an additional notch filter to filter out 50Hz. The recorded data were then decoded and extracted 

into Matlab for analysis.  In order to compare the performance of the identification methods to 

typical sampling rates in fetal sheep studies (described in the future chapters), the data was also 

down sampled to 64 and 256 Hz digitally with a second anti-aliasing filter with cut-off frequency 

of 32 and 128 Hz, respectively. The data sets were zero-meaned and noise removed using a finite 

impulse response (FIR) band-pass digital filter of order 100 with a stop-band frequency range of 

0.05 ≤ ω ≤ 0.13.  

Simultaneous with recording the raw EEG signal, we also recorded a separate file of 1-minute 

averages of the signal, so that the long term trend over an experiment can be easily traced. The 1 

minute average signal was later used for the EEG power/intensity calculations. The EEG intensity 

is derived from the power spectrum of the EEG signal and was calculated as the sum of the power 

spectrum between 1 and 20 Hz (Williams and Gluckman, 1990). The power is proportional to the 

square of the voltage, so the units for EEG intensity is microvolts squared, rather than microvolts 

(Williams and Gluckman, 1990). 
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5.2.3. Methods description 

The experimental procedures as well as data collection of the 1024Hz sampled EEG from the in 

utero preterm fetal sheep cohort were fully discussed in the previous sections. 

From the definitions stated in chapter 1 and from our preliminary investigations (Abbasi et al., 

2014a), it was found that an amplitude of 20μV served to suppress noise and identify the most 

number of sharp waves that occur in HI EEG of the in utero fetal sheep model. Hence, the HI sharp 

wave transients in the fetal sheep model in both data sets were identified manually by an expert to 

these criteria. In addition, sharp wave transients that existed in complexes were also identified by 

the expert in order to enable more robust template envelopes to be built to detect sharp waves that 

appeared in more complicated regions of the data. 

Table 5.1, highlights the total number of sharp waves identified by an expert (namely sum of the 

correct detections and the missed patterns by the algorithm) in the whole of the latent phase of each 

sheep used in the study. 

Figure 5.2-A highlights a typical section of post-HI EEG that contains typical spike, sharp wave, 

slow wave and complex wave transients. Figure 5.2-B and 5.2-C show the sharp wave profiles in 

the EEG of all the sheep for 64Hz and 1024Hz, respectively. Note that the sharp waveforms in 

figures 5.2-B and 5.2-C have considerable variance. Because such variance of the sharp waveforms 

would rule out the use of a one dimensional classifier. While an individual template matching 

classifier would be the most appropriate choice it is understood that the large template space built 

to envelope the sharp waves would also result in a poor performance for detection if a template 

matching system was used in isolation. So the problem was we want to detect sharp waves but need 

to decrease the template envelope space in order to do so accurately. 
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       (A) 

            

                                                      (B)                                                                                          (C) 

Figure 5.2: (A) Sample Spikes and Sharp waves during the latent phase of recovery after HI EEG, (B) Sharp profiles 

from 5 sheep at 64Hz sampling, (C) Sharp profiles from 5 sheep at 1024Hz sampling. 

According to my observations, the data was mainly Gaussian. Therefore, it was hypothesized that 

by applying the correct Gaussian-like transform first to such Gaussian-like patterns, it would be 

possible to pick them out from the EEG background properly. 

In this study, I demonstrate how the initial application of a suitably chosen wavelet transform can 

be used to stabilize the transformed sharp wave profiles considerably. This then allows for a more 

compact template envelope to be constructed that can be subsequently passed to a Template 

matching classifier resulting in high performance in comparison to the direct application of wavelet 

and template matching methods separately to the original sharp waves in post-HI EEG recordings. 
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Table 5.1: The total number of identified sharp waves by an expert (HA) along the entire latent phase of each sheep 

Animal number 1 2 3 4 5 

Sharps waves 449 243 598 1062 2834 

5.2.3.1. The Wavelet Transform 

The Wavelet Transform (WT) is a flexible time-frequency multi-resolution technique that can 

decompose a signal into different frequency scales (Mallat, 2009b, Mallat, 2009a). Wavelet 

techniques are highly useful for many facets of signal processing, such as: edge detection, 

approximation, compression, de-noising and classification (Addison, 2002).  

Wavelet techniques have broad application in medical and biomedical fields such as monitoring 

fetal and adult heart rate variability, ECG feature extraction and diagnostic assessment and 

frequency decomposition of ultrasound images (Unser and Aldroubi, 1996, Acharya et al., 2012). 

They have been extensively applied to analysis of epileptiform activity (Faust et al., 2015), brain 

MRI (Pérez et al., 2014), diagnosis of ADHD (Ahmadlou and Adeli, 2010), Alzheimer’s diseases 

(Ahmadlou et al., 2011, Sankari et al., 2012).  

5.2.3.2. Justifying an appropriate wavelet basis 

Wavelet theory and wavelet decomposition were fully discussed in the wavelet analysis chapter 

(chapter 2). Initial determination of an appropriate wavelet family was made by visually inspecting 

the similarity that a wavelet had to a sharp wave. On observation of a typical sharp profile figure 

5.3-A, Daubechies figure 5.3B-D and Gaussian wavelet figure 5.3E-G families intuitively came to 

mind. This choice was then narrowed down further, by determining which wavelet in the family 

provided the highest cross-correlation and the lowest minimum Shannon entropy (see chapter 2- 

Wavelet analysis) to the sharp wave at both 64Hz and 1024Hz sampling rates. For completeness, 

this was performed on the Daubechies and Gaussian wavelet families for the wavelets with 

vanishing moments 1-3 with software written in Matlab. 
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Figure 5.3: (A) A typical normalized sharp wave, (B) Daubechies 1 (or Haar) wavelet,  (C) Daubechies 2, (D) 

Daubechies 3, (E)  Gaussian 1 wavelet, (F) Gaussian 2 (or Mexican Hat), (G) Gaussian 3 

The two key properties of wavelets are ‘dilation’ where the mother wavelet becomes “stretched” 

to different scales and “translation” where the scaled wavelet is shifted in time. It is the “dilating 

and translating” of a chosen mother wavelet that allows one to correlate it with similar hidden 

events in a signal. This discloses the frequency and location of the desired event in time and helps 

one to detect specific shape profiles. 

The normalized cross-correlation was determined for every sharp wave profile against each 

individual wavelet in the Daubechies and Gaussian wavelet families, for vanishing moments 1-3. 

The ‘average normalized cross-correlation’, figure 5.4A was then determined for each individual 

wavelet in the Daubechies and Gaussian wavelet families, for vanishing moments 1-3 from all the 

normalized cross-correlations of every sharp wave profile. 
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The Minimum Shannon entropy criterion described in chapter 2 (see wavelet analysis chapter), S, 

was also used to assess how similar the wavelets in the Daubechies and Gaussian wavelet families, 

figure 5.4B, for vanishing moments 1-3 were to the sharp waves. 

 

Figure 5.4: (A) Cross correlation results for both the Gaussian and Daubechies wavelet families at 64Hz (orange 

squares) and 1024Hz (blue circles); (B) Average Minimum Shannon Entropy for both the Gaussian and Daubechies 

wavelet families at 64Hz (orange squares) and 1024Hz (blue circles). 

As one can observe from Figure 5.4-A and Figure 5.4-B both the Gaussian 2 and Daubechies 2 

wavelet provided the highest cross-correlations and minimum Shannon entropies for both the 

1024Hz and 64Hz versions of the sharp wave signals. It was found that scale 15 of Daubechies 2 

corresponded to the temporal length of the 64Hz sharp waves and scale 32 corresponded to the 

temporal length of the 1024Hz sharp waves. Thus, it is would hypothesized that Gaussian 2 and 

Daubechies 2 wavelets would be reasonable and logical choice for sharp wave detection. This is 

also in agreement with the ‘general rule of thumb’- that the number of vanishing moments of the 

wavelet should tally with the same number of vanishing moments as a sharp wave respectively 

(namely, 2). In section 5.2.4.1 of the current chapter, I initially assess how the Gaussian 2, scale 32 
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and Daubechies 2, scale 15 wavelets perform (i.e. a wavelet-only approach) when directly applied 

at different magnitude threshold values (0.4-0.7) in the 64Hz and 1024Hz sampled HI EEG. 

5.2.3.3. Inference Systems 

The proposed template matching inference system provide a framework to embed human observed 

priories via a set of IF-THEN rule-bases. Such systems have been used in biomedical classification 

of epileptic seizure and spike sorting applications (Abbasi et al., 2014b, Virant-Klun and Virant, 

1999, Balasubramanian and Obeid, 2011, Pe and Sipper, 1999, Güler and Übeyli, 2005). As 

discussed in chapter 3, these type of logical systems can be structured on a set of primary IF-THEN 

rules which are used to embed the information into the inference system’s Template Functions 

(TFs). In such a system, each rule maps multiple inputs from input TFs to one or more outputs on 

output TFs. One dimensional logical rules are very specific and do not accommodate variance of 

the signal of interest well, which is a common problem in real-world data and when noise is present. 

A two dimensional logical system can be the solution to overcome the issues encountered in one 

dimensional rules, by employing a Template Envelope (TE), namely a region which accounts for 

the variance that exists in the signal of interest (Zadeh, 1965, Karnik et al., 1999). In this study, the 

template envelopes consists of all the TFs that represent a collection of sharp waves identified by 

an expert. A typical format of a Multi Input Single Output (MISO) rule for a Template matching 

classifier is represented as: 

 

(5.1) 𝐼𝑓 𝐴1
𝑙 ≤ 𝑥1 ≤ 𝐴1

ℎ  𝑎𝑛𝑑 … 𝑎𝑛𝑑 𝐴𝑝
𝑙 ≤ 𝑥𝑝 ≤ 𝐴𝑝

ℎ           𝑇ℎ𝑒𝑛      𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 𝑌                                                

 

Where, 𝑥𝑖 is the template value and 𝐴𝑖
ℎ, 𝐴𝑖

𝑙   are the upper and lower input TFs (Sugeno and 

Yasukawa, 1993). Several heuristic IF-THEN rules are then defined by an expert in the rule-base 

of the purposed classifier. In this study, these rules are executed, known as ‘firing, on the wavelet 

decomposition of the post-HI EEG and the output of the wavelet-template matching classifier 

identifies whether a detection of a sharp-wave has occurred.  
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5.2.3.4. The WT-Template matching classifier 

Here, it was hypothesized that the wavelet transform of the raw sharp waves will provide a more 

compact and therefore robust template envelope than an template envelope based directly on the 

raw sharp wave profiles themselves, hence, significantly improving the performance of an 

individual template matching classifier, as shown schematically in Figure 5.5A. As was discussed 

later in section 5.2.4.3, the template envelopes built from the sharp waves directly had large 

variance and were not robust. Thus, it was hypothesized that stable template envelopes could be 

obtained by performing an initial wavelet transformation using an appropriate wavelet basis and 

using the transformed signal to indirectly build compact template envelopes. Thus, all that would 

be necessary to visually identify a suitable wavelet scale that provided a smooth compact 

transformation. Figure 5.5B, details schematically how both the SEMS removal and WT-template 

matching classifier were employed in series to further enhance the detection of sharp waves. The 

proposed SEMS detector is detailed in section 5.3. 
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Figure 5.5:  A: General schematic for Sharp wave detection, B: flowchart describing the process  
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5.2.3.5. Performance measures 

The performance of the developed algorithm was assessed using the sensitivity (equation 5.2) and 

the selectivity (equation 5.3). Also the overall performance of the WT-Template matching 

classifier, the average of sensitivity and selectivity, is evaluated (equation 5.4); 

(5.2) 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
∗ 100                                                                                                                            

(5.3) 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
∗ 100                                                                                                                             

(5.4) 𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 =
(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦+𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑣𝑖𝑡𝑦)

2
                                                                                     

A true positive (TP) is defined as a transient that is detected by both the algorithm and an expert. 

A false positive (FP) detection occurs when the algorithm detects another transient which is not a 

sharp wave and not specified by an expert. Finally a sharp wave that is identified by an expert but 

not detected by the algorithm is deemed to be a false negative (FN). Finally, the Precision-Recall 

curve (selectivity (precision) vs sensitivity (recall)) is used to demonstrate how the proposed WT-

template matching classifier operates better. 

5.2.4. Results 

In this section, I present performance results for the detection of sharp waves in the post-HI EEG 

of the preterm fetal sheep using the following methods: 

(i) Conventional Wavelet Performance – performance of Gaussian 2, scale 32 and Daubechies 

2, scale 15 wavelets applied directly to the post-HI EEG of the fetal sheep for varying 

magnitude threshold values (detailed in section 5.2.4.1). 

(ii) Conventional Template matching-only Performance – performance of template matching 

classifier applied to template envelopes built directly from the raw sharp waves themselves 

of the post-HI EEG of the fetal sheep (detailed in section 5.2.4.2).  

(iii) Performance of the developed WT-template matching classifier - where the template 

envelopes are indirectly built up from the wavelet transformations of the sharp waves of the 

post-HI EEG of the fetal sheep (detailed in section 5.2.4.3). 
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5.2.4.1. Conventional Wavelet Performance 

An assessment of how the Gaussian 2, scale 32 and Daubechies 2, scale 15 wavelets performed 

when directly applied at different magnitude threshold values in the 64Hz and 1024Hz sampled HI 

EEG was initially undertaken.  Results from the wavelet-only approach are presented in figure 5.6.  

 
Figure 5.6:  The average overall performance from a cohort of 5 sheep using a standard wavelet-only approach for 

different threshold values.  Gaussian 2, scale 32 wavelet applied to 1024Hz EEG (blue circles), Daubechies 2, scale 15 

applied to 64Hz EEG (red squares). 

Figure 5.6 shows the average overall performance, using the recordings from all 5 sheep, of the 

wavelet-only approach for different threshold levels for the Daubechies 2, scale 15 wavelet applied 

to the 64Hz EEG (red squares) and the Gaussian 2, scale 32 wavelet applied to the 1024Hz EEG 

(blue circles). It can be seen that the average overall performance increases to a maximum of 

67.4%±4.7 for the Daubechies 2, scale 15 wavelet of the 64Hz EEG and 82.1%±3.0 for the 

Gaussian 2, scale 32 wavelet of the 1024Hz EEG when the threshold value is 0.5 and decreases 

thereafter. Hence, the best detector of sharp waves using a standard wavelet-only approach would 

be the Gaussian 2, scale 32 wavelet when used on a 1024Hz sampled EEG. It was found that higher 

numbers of false positives (FP) and false negatives (FN) contributed to the reduced overall 

performance of the wavelet-only method.  

5.2.4.2. Conventional Template matching-only Performance 

Template envelopes were constructed directly from sharp waves by defining an envelope around 

the mean to build a template envelope, for all the different combinations of the sheep cohort, shown 

in Figure 5.7-A for the 64Hz sampled EEG, and Figure 5.7-B for the 1024Hz sampled EEG. 
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                                        (A)                                                                                                    (B) 

Figure 5.7: Typical template envelopes defined for the template matching using all the raw sharp waves for all the 

different combinations of the sheep cohort for : (A) 64Hz sampled EEG, (B) 1024Hz sampled EEG. 

Template envelopes constructed directly from the sharp waves did not provide stable and consistent 

template envelopes, as shown in figure 5.7A-B, which should lead to a low performance of the 

template matching classifier due to large variance in the template envelope. Figure 5.15-A, 

highlights the low performance expected of the template matching classifier using the template 

envelope’s defined using 1, 2, 3 and 4 sheep (where the method of building a robust template 

envelope is described in detail in section 5.2.4.4 due to the large variance template envelope’s of 

Figure 5.7A-B. 

5.2.4.3. The Developed WT-Template matching classifier Performance 

General structure of our purposed method is shown in Figure 5.8. Wavelet coefficient series 

obtained from the CWT that were used to generate compact envelopes that will be then used in the 

final decision making block based on heuristic rules. The obtained envelopes from the CWT stage 

were used to compare the similarity of the features of a particular event. The inferencing unit within 

the final decision making block consists of a set of IF-THEN rules to classify between sharps and 

the rest of transients. A particular rule “fires” or executed when the rule’s criteria is satisfied. 
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Figure 5.8: Structure of a Wavelet-Template matching network using wavelet coefficients series for decision making. 

General structure of the proposed classifier is demonstrated in Figure 5.8. The processing steps 

shown in Figure 5.5 and 5.8 are detailed below; Raw EEG from the latent phase (6 hours) was 

initially split into (12 sections) 30 minute intervals for preprocessing (de-noising and zero-

meaning). Sample raw EEG containing sharp waves and the corresponding pre-processed signal 

are demonstrated in Figure 5.9-A and Figure 5.9-B, respectively. The normalized CWT using 

Gaussian 2 of scale 32 is shown in Figure 5.9-C. At this stage, a sliding window constructed from 

the CWT at the sharp wave points was chosen to be shifted over the wavelet transformed signal 

(see figure 5.9-C). For the Gaussian 2 of scale 32, a length of 160 samples at 1024 Hz as well as a 

step size of 1 sample were chosen for the sliding window (windows with lengths of 20 samples 

were chosen for Gaussian 2 of scale 3 and Daubechies 2 of scale 15 at 64 Hz and 160 samples for 

Daubechies 2 of scale 32 at 1024 Hz). If the pattern in the wavelet transformed signal falls within 

the sliding compact template envelope (between the UTF (upper template limit) and LTF (lower 

template limit) AND the amplitude of the preprocessed EEG at the center of the window is above 

the threshold value of 20μV THEN the transient in the time domain was classified as a sharp wave. 

This process is comprehensively detailed in Figure 5.9; for example, check marks at second 11 

demonstrate that the CWT has fit into the sliding envelop AND the maximum amplitude of the 

transient at that point is above the threshold value of 20μV. In addition, to obtain a robust and 

reliable decision making stage, a vertical flipped version of the envelopes in the sliding window as  
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Figure 5.9: A) Sample raw EEG containing sharp waves and B) the corresponding denoised and zero-meaned signal 

C) the normalized CWT of the signal in “B” using Gaussian 2 of scale 32 used for decision making. 

well as a negative threshold value of -20μV were defined simultaneously in the described IF-Then 

rule (as a OR rule). Smooth compact transformations were observed for the Gaussian 2 wavelet at 

scale 3 for the 64Hz sampled post-HI EEG, figure 5.10-B and at scale 32 for the 1024Hz sampled 

post-HI EEG, figure 5.10-H. For the Daubechies 2 wavelet, smooth compact transformations were 

observed at scale 3 in the 64Hz sampled post-HI EEG, figure 5.11-C, however, no smooth compact 

support was observed for the 1024Hz sampled post-HI EEG, figure 5.11F-H.  
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Gaussian 2 

 

Figure 5.10:  (A) A sharp wave sampled at 64 Hz;  Normalized Gaussian 2 wavelet coefficients of scale 3 (B), 15 (C) 

and 32 (D) of the 64Hz sampled sharp wave; (E) A sharp wave sampled at 1024 Hz; Normalized Gaussian 2 wavelet 

coefficients of scale 3 (F), 15 (G) and 32 (H) of the 64Hz sampled sharp wave. 

Daubechies 2 

 

Figure 5.11:  (A) A sharp wave sampled at 64 Hz;  Normalized Daubechies 2 wavelet coefficients of scale 3 (B), 15 (C) 

and 32 (D) of the 64Hz sampled sharp wave; (E) A sharp wave sampled at 1024 Hz; Normalized Daubechies 2 wavelet 

coefficients of scale 3 (F), 15 (G) and 32 (H) of the 1024Hz sampled sharp wave. 
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New sets of template envelopes were then built from wavelet transformations of the sharp waves 

for the scales that were identified as having smooth compact wavelet transformations. Figure 5.12 

shows the Wavelet-Template Envelopes (WT-TEs) obtained from the Gaussian 2 transformations 

for scale 3 at 64Hz and scale 32 at 1024Hz. As can be seen, the template envelopes built from the 

wavelet transformations of the sharps, figure 5.12-B, are highly compact (closely and neatly packed 

profile) and should result in a good template matching-only performance. Figure 5.13-A shows the 

WT-TEs obtained from the Daubechies 2 transformation for scale 15 at 64Hz. As can be seen the 

WT-TEs built from this selected scale is also highly compact and should result in a good template 

matching-only performance. I have also included the WT-TEs of a highly irregular wavelet 

transformation, figure 5.13-B, which corresponds to Daubechies 2, scale 32 at 1024Hz shown in 

figure 5.11-H, to highlight how this leads to a non-stable WT-TEs which should yield a poor 

classification performance. The developed WT-template matching classifier then took particular 

features from the WT-TEs, described above, to build a rule-base system that could be then passed 

to the template matching classifier. Two features of the template envelopes are then defined: the 

function that defines the envelope of the upper bounds of all the wavelet transformed sharp waves, 

denoted as the Upper Template Function (UTF), and the function that defines the envelope of the 

lower bounds of all the wavelet transformed sharp waves, denoted as the Lower Template Function 

(LTF) highlighted in Figure 5.14.  In this manner, the wavelet transformed (𝑊) EEG was passed 

to the template matching classifier and performance was measured against an experts prior 

identification of the sharps waves in the EEG.  Thus, using a combination of heuristic IF-THEN 

rules, the pseudo code for sharp wave detection can be defined as: 

𝐼𝑓 𝑓(𝐿𝑇𝐹) ≤ 𝑓(𝑊(𝑠𝑖𝑔𝑛𝑎𝑙)) ≤ 𝑓(𝑈𝑇𝐹),       𝑇ℎ𝑒𝑛      𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 ‘Sharp wave detected’                      

(5.5)                                                                         𝐸𝑙𝑠𝑒       𝐶𝑙𝑎𝑠𝑠 𝑖𝑠 ‘Not Sharp wave’                                                
 

Where, 𝐿𝑇𝐹 and 𝑈𝑇𝐹 are the lower and upper input TFs, respectively (Sugeno and Yasukawa, 

1993). For pattern classification, the primary choice of candidate functions to be used for definition 

of certain classes in the structure shown in equation 5.5 is highly important. Here, the candidate  
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Gaussian 2 Wavelet template envelopes 

            
(A)                                                                                                  (B) 

Figure 5.12: WT-TEs obtained from: (A) Gaussian 2, scale 3 at 64Hz and (B) the Gaussian 2, scale 32 at 1024Hz 

 

Daubechies 2 Wavelet template envelopes 

     
(A)                                                                                                  (B) 

Figure 5.13: WT-TEs obtained from: (A) Daubechies 2, scale 15 at 64Hz (B) Daubechies 2, scale 32 at 1024Hz 
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Figure 5.14:  A schematic of the Template Functions (TF) and Template Envelope (TE) 

built from the wavelet transformed sharp waves. 

functions were extracted from CWT of the EEG signal, that were used in the decision making block 

to classify HI sharp wave transients in a hypoxic EEG. Here, the envelope of the upper bounds of 

the wavelet transformed sharp waves within the post HI EEG of preterm fetal sheep, denoted as the 

Upper Template Function (UTF); and the envelope of the lower bounds of the wavelet transformed 

sharp waves, denoted as the Lower Template Function (LTF), are highlighted in Figure 5.14. In 

this manner, the wavelet transformed (WT) EEG was passed to the classifier and performance was 

measured against an expert’s prior identification of the sharps waves in the EEG. 

5.2.4.4. Building a robust Template Envelope 

The next question to be addressed was of how many sharp waves are necessary to build a suitable 

template envelope that was sufficiently reliable to predict the unseen sharp waves to a high degree 

of accuracy. In addition, one consideration of the nature of this work is the experimentally 

difficulty, expense and time required to obtain data from the sheep model in utero (described before 

in chapter 1). Thus, obtaining a template envelope from as few sheep as possible would be highly 

desirable. Our approach to tackling this issue was to build separate template envelopes from the 

whole latent phases of sheep 1, 2, 3 and 4. The constructed template envelopes could then be tested 

out on the remaining sheep whose latent phase was not used in building the template envelopes.  
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For example, the top row of Figure 5.7-A depicts the template envelopes constructed from the raw 

sharp waves that existed in the entire latent phase for each of the 5 sheep. Thus, the template 

envelope for sheep fetus 1 in figure 5.7-A could be considered to be our training set and the 

prediction performance of this template envelope could be estimated by essentially validating it on 

the average number of sharps correctly detected in the latent phases of the remaining sheep fetus’s 

2, 3, 4 and 5. In addition, this approach could be ‘bootstrapped’ (Dreiseitl and Ohno-Machado, 

2002, Efron and Tibshirani, 1994, Bachtiar et al., 2014, Bachtiar et al., 2013) by then using the 

template envelope of sheep fetus 2 and validating it on the average number of sharps correctly 

detected in the latent phases of the remaining sheep 1, 3, 4, and 5. Furthermore, template envelope’s 

were then constructed of 2 sheep, 3 sheep and 4 sheep (as shown in figure 5.7, rows 2-4) and tested 

on the remaining sheep and permutating in a similar manner as described above for 1 sheep. Table 

5.2 details the performance assessment including training sets and testing procedure for each 

experiment using Gaussian 2 of scale 32 for 1024Hz sampled EEG. Tables 5.3 to 5.5 show the 

similar procedure that was used for db2 and gaus2 at 64Hz and db2 at 1024Hz. The bootstrapped 

results from using the raw sharp wave profiles (Figure 5.7-A) as well as the wavelet transformed 

envelopes (Figures 5.12 and 5.13) are given in sections 5.2.4.2 and 5.2.4.3 for the different template 

envelopes, respectively. 

 
Figure 5.15:  (A) Bootstrapped overall performance of a template matching-only when Template Envelopes were built 

from the raw sharp wave profiles for the 64Hz (blue triangles) and 1024Hz (red triangles) sampled EEG; (B) 

Bootstrapped overall performance of the WT-Template matching classifiers: using Gaussian 2 scale 32 (blue circles) at 

1024Hz, Daubechies 2 scale 15 (yellow rectangles) at 64Hz, Gaussian 2 of scale 3 (green triangles) at 64Hz and  

Daubechies 2, scale 32 (purple squares) at 1024Hz. 
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Table 5.2: The performance assessment demonstrating the constructed training sets and testing procedure for Gaussian 2 of scale 32 – 1024Hz sampled EEG. 

  Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

  1   2   3   4   5 

T
ra

in
in

g
 s

et
 w

as
 c

o
n

st
ru

ct
ed

 f
ro

m
 s

h
ee

p
 #

 
2 80.88  1 95.86  1 77.99  1 90.75  1 90.05 

3 88.47  3 90.54  2 74.00  2 88.92  2 83.93 

4 92.41  4 97.50  4 82.22  3 86.97  3 89.26 

5 92.29  5 96.85  5 88.62  5 93.11  4 92.46 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3 92.37  1,3 97.05  1,2 90.00  1,2 93.99  1,2 93.24 

2,4 91.84  1,4 98.13  1,4 82.73  1,3 93.61  1,3 92.82 

2,5 95.86  1,4 98.54  1,5 83.30  1,5 91.67  1,4 93.45 

3,4 93.56  3,4 97.51  2,4 92.61  2,3 96.20  2,3 92.35 

3,5 94.65  3,5 97.93  2,5 84.63  2,5 92.26  2,4 92.14 

4,5 95.11  4,5 98.76  4,5 92.06  3,5 94.70  3,4 93.12 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4 96.83  1,3,4 98.13  1,2,4 97.31  1,2,3 96.79  1,2,3 96.17 

2,3,5 96.55  1,3,5 98.55  1,2,5 97.19  1,2,5 95.48  1,2,4 96.05 

2,4,5 96.65  1,4,5 98.97  1,4,5 97.16  1,3,5 95.84  1,3,4 95.89 

3,4,5 96.75  3,4,5 98.76  2,4,5 97.38  2,3,5 96.78  2,3,4 95.65 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4,5 97.12  1,3,4,5 98.97  1,2,4,5 97.84  1,2,3,5 96.30  1,2,3,4 97.36 

 



175 
 

Table 5.3: The performance assessment demonstrating the constructed training sets and testing procedure for Gaussian 2 of scale 3 – 64Hz sampled EEG. 

  Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

  1   2   3   4   5 

T
ra

in
in

g
 s

et
 w

as
 c

o
n

st
ru

ct
ed

 f
ro

m
 s

h
ee

p
 #

 
2 72.41  1 49.09  1 76.23  1 83.19  1 69.02 

3 77.27  3 54.03  2 55.82  2 82.11  2 78.23 

4 79.85  4 57.94  4 80.57  3 92.17  3 71.89 

5 87.91  5 71.84  5 81.14  5 77.64  4 76.85 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3 85.48  1,3 83.62  1,2 84.16  1,2 82.62  1,2 89.76 

2,4 87.14  1,4 93.53  1,4 96.07  1,3 79.72  1,3 92.29 

2,5 82.92  1,4 86.85  1,5 81.34  1,5 81.79  1,4 95.59 

3,4 88.32  3,4 85.99  2,4 94.19  2,3 79.73  2,3 83.31 

3,5 86.84  3,5 85.90  2,5 84.58  2,5 82.18  2,4 81.07 

4,5 87.79  4,5 92.98  4,5 96.23  3,5 84.90  3,4 86.62 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4 93.30  1,3,4 94.29  1,2,4 95.17  1,2,3 88.96  1,2,3 92.69 

2,3,5 88.46  1,3,5 90.42  1,2,5 86.99  1,2,5 88.49  1,2,4 95.50 

2,4,5 93.37  1,4,5 95.31  1,4,5 95.20  1,3,5 89.63  1,3,4 95.52 

3,4,5 93.36  3,4,5 93.42  2,4,5 95.19  2,3,5 87.62  2,3,4 87.69 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4,5 93.31  1,3,4,5 95.29  1,2,4,5 97.74  1,2,3,5 90.24  1,2,3,4 91.76 
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Table 5.4: The performance assessment demonstrating the constructed training sets and testing procedure for db2 of scale 32 – 1024Hz sampled EEG. 

  Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

  1   2   3   4   5 

T
ra

in
in

g
 s

et
 w

as
 c

o
n

st
ru

ct
ed

 f
ro

m
 s

h
ee

p
 #

 
2 59.33  1 69.51  1 88.93  1 73.57  1 79.32 

3 77.05  3 88.12  2 75.94  2 52.58  2 73.28 

4 71.13  4 78.73  4 68.46  3 75.09  3 64.84 

5 79.48  5 82.04  5 68.46  5 89.05  4 65.47 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3 79.62  1,3 77.44  1,2 89.50  1,2 66.24  1,2 80.03 

2,4 66.19  1,4 69.51  1,4 90.23  1,3 74.08  1,3 79.83 

2,5 81.63  1,4 70.62  1,5 93.72  1,5 80.62  1,4 81.33 

3,4 79.98  3,4 89.57  2,4 69.12  2,3 89.11  2,3 67.50 

3,5 82.87  3,5 90.63  2,5 89.50  2,5 89.50  2,4 89.56 

4,5 79.93  4,5 89.74  4,5 93.92  3,5 74.34  3,4 80.88 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4 80.08  1,3,4 77.44  1,2,4 91.32  1,2,3 74.70  1,2,3 81.69 

2,3,5 79.93  1,3,5 70.62  1,2,5 90.33  1,2,5 80.62  1,2,4 80.10 

2,4,5 84.55  1,4,5 77.88  1,4,5 91.33  1,3,5 80.62  1,3,4 81.33 

3,4,5 79.98  3,4,5 90.16  2,4,5 93.92  2,3,5 89.50  2,3,4 90.10 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4,5 80.08  1,3,4,5 77.88  1,2,4,5 91.33  1,2,3,5 80.62  1,2,3,4 81.69 
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Table 5.5: The performance assessment demonstrating the constructed training sets and testing procedure for db2 of scale 15 – 64Hz sampled EEG. 

  Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

  1   2   3   4   5 

T
ra

in
in

g
 s

et
 w

as
 c

o
n

st
ru

ct
ed

 f
ro

m
 s

h
ee

p
 #

 
2 90.14  1 46.81  1 88.90  1 81.45  1 89.78 

3 88.70  3 71.46  2 92.13  2 85.29  2 87.73 

4 87.27  4 64.92  4 88.93  3 79.28  3 86.12 

5 88.73  5 76.64  5 90.97  5 83.73  4 87.90 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3 90.82  1,3 77.10  1,2 92.74  1,2 87.18  1,2 92.03 

2,4 91.50  1,4 77.40  1,4 91.22  1,3 84.47  1,3 90.92 

2,5 91.89  1,4 82.92  1,5 94.31  1,5 86.46  1,4 93.28 

3,4 91.13  3,4 75.31  2,4 92.39  2,3 85.84  2,3 89.06 

3,5 90.74  3,5 79.63  2,5 93.13  2,5 87.50  2,4 94.29 

4,5 92.48  4,5 78.69  4,5 93.35  3,5 85.12  3,4 92.64 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4 92.68  1,3,4 90.46  1,2,4 93.51  1,2,3 90.17  1,2,3 95.39 

2,3,5 91.89  1,3,5 94.24  1,2,5 93.38  1,2,5 91.30  1,2,4 95.44 

2,4,5 92.96  1,4,5 94.44  1,4,5 94.04  1,3,5 91.30  1,3,4 95.36 

3,4,5 92.75  3,4,5 94.24  2,4,5 94.33  2,3,5 91.30  2,3,4 95.41 

              

 Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep #   Tested on sheep # 

 1   2   3   4   5 

2,3,4,5 92.86  1,3,4,5 94.44  1,2,4,5 94.33  1,2,3,5 91.30  1,2,3,4 95.45 
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In addition to the discussion above, Figure 5.16 highlights the performance of the WT-Template 

matching classifier at hourly intervals across the whole latent phase for the 5 studied sheep seen 

that the WT-Template matching classifier, built on 4 template envelopes from sharp waves from 

the 1024Hz sampled EEG, provides a consistent high performance compared to the WT-Template 

matching classifier built on 4 TEs from sharp waves from the 64Hz sampled EEG. This behavior 

is clearly obvious as we move from the early-latent phase to the mid- and late-latent phases.  

  

     

Figure 5.16: Comparison between the overall performance of the WT-Template matching classifier using the 1024Hz 

(blue circles), 64Hz-daubechies2 (yellow rectangels), 64Hz-Gaussian 2 (green triangles) and wavelet-method 

(threshold=0.6) (red diamonds) on an hourly basis across the whole latent phase. 
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The performance drops in the mid- and late- latent phases are related to the significant increase in 

the number of other HI transients that are similar to the sharp waves (particularly slow waves and 

complex waves). 

Furthermore, the Precision-Recall Curve (Selectivity: Precision vs Sensitivity: Recall) was 

evaluated for the methods described in 5.2.4.2 and 5.2.4.3 (Figure 5.17). The Precision-Recall 

Curve in Figure 5.17 is plotted for the 4 training steps demonstrated in Figure 5.15. The goal is to 

have a model be at the upper right corner, which mostly contains the true positives hits with less 

false positives and less false negatives. At each step (left to right) the envelopes from a new sheep 

are added to the method and the sensitivity and selectivity performances were measured. Results 

demonstrate that the WT- Template matching classifier using Gaussian 2 of scale 32 at 1024Hz 

(described in 5.2.4.3) represents a much better classifier that satisfies this expectation compared to 

a template matching only method using original 1024Hz raw EEG (described in 5.2.4.2). The area 

under the precision-recall curve for the WT-Template matching classifier and the template 

matching only method were evaluated as 0.17 and 0.46, respectively.  

 

Figure 5.17: The Precision-Recall Curve (Selectivity: Precision vs Sensitivity: Recall) when template envelopes were 

built from the raw sharp wave profiles in the EEG (the black line) and when template envelopes were built from 

the wavelet transformed signal using Gaussian 2, scale 32 (the blue line). 
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5.2.5. Discussion 

Figure 5.15-A highlights the template matching-only classifier’s overall bootstrapped performance, 

using training sets consisting of 1-4 sheep, when passed the template envelopes built from the raw 

sharp waves themselves (where the dotted line represents the 64Hz sampled EEG and the solid line 

the 1024Hz EEG). Similarly, Figure 5.15-B highlights how the template matching-only overall 

bootstrapped performance, using training sets consisting of 1-4 sheep, when passed the template 

envelopes built from the wavelet transformed sharp waves (where the dotted lines again represents 

the 64Hz sampled EEG and the solid lines the 1024Hz EEG). It can be seen that the template 

matching-only classifier performance improved in all cases as the template envelopes were built 

by increasing the sheep cohort to 4.  

The best performing classifier occurred when the template envelopes were built from Gaussian 2, 

scale 32 wavelet transformations of the sharps waves for a 1024Hz sampled EEG. This provided 

an excellent overall performance of 97%±1, as shown in Figure 5.15-B. This was followed by a 

template matching classifier, where the template envelopes were built from Daubechies 2, scale 15, 

wavelet transformations of the sharp waves for a 64Hz sampled EEG, with an overall performance 

of 94%±1, Figure 5.15-B.  It should be noted that both these classifiers were the ones identified as 

having the most stable compact wavelet transformed template envelope in Figures 5.12-B and 5.13-

A respectively. The third performing classifier used template envelopes built from Gaussian 2, 

scale 3, wavelet transformations of the sharp waves for a 64Hz sampled EEG, with an overall 

performance of 93%±1, Figure 5.15-B. The fourth and fifth performing classifiers, were the ones 

where the template envelopes were built from raw sharps waves for the 1024Hz and 64Hz sampled 

EEGs, with overall performance of 90%±3 and 88%±2, respectively, Figure 5.15-A. The sixth 

performing classifier involved template envelopes built from Daubechies 2, scale 32, wavelet 

transformations of the sharp waves from the 1024Hz sampled EEG, with an overall performance 

of 83%±2, Figure 5.15-B. As mentioned in 5.2.4.2 and 5.2.4.3, this corresponded to a highly 

irregular, non-stable template envelope that should yield a poor classification performance. 
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For standard equivalent wavelet-only detection, described in section 5.2.4.1 - Figure 5.6, the 

performance was found to be 67%±5 for the Daubechies 2, scale 15 wavelet for the 64Hz EEG 

compared to the 94%±1 for a WT-Template matching classifier, where the template envelopes were 

built from Daubechies 2, scale 15, wavelet transformations of the sharps waves for the 64Hz 

sampled EEG. Similarly, for wavelet-only detection, the performance was found to be 82%±3 for 

the Gaussian 2, scale 32 wavelet of the 1024Hz EEG compared to 97%±1 for a WT-Template 

matching classifier, where the template envelopes were built from Gaussian 2, scale 32, wavelet 

transformations of the sharp waves from the 1024Hz sampled EEG. 

Thus, it is evident that the robust performance of the purposed classifier was dependent on building 

a compact template envelopes, strongly supporting our hypothesis that a template envelope built 

from a suitable chosen wavelet transformation of the sharp waves provides superior performance 

over template envelopes built from raw sharp waves alone. 

The work presented here is concerned specifically on the automatic detection of sharp wave 

epileptiform transients in the latent phase of the EEG of hypoxic ischemic fetal sheep model 

(Abbasi et al., 2014a), which differ in amplitude and duration to sharp waves detected in 

conventional human EEG (Chatrian et al., 1974). To this end, the technique is unique and novel as 

no other group to date has developed detection methods specifically for this type of sharp wave in 

this HI animal model as human HI EEG has been concerned primarily with improving the accuracy 

of seizure detection in the HI EEG of human neonates (Korotchikova et al., 2011, Temko et al., 

2011a, Temko et al., 2011b, Temko et al., 2012, Temko et al., 2013, Sherman et al., 1997, 

Stevenson et al., 2013). 

The only work to date in this area has been our published preliminary results of a more simplified 

version of the WT-Template matching classifier method at conference level (Abbasi et al., 2014a). 

This paper presents, for the first time, a WT-Template matching method to accurately detect sharp 

wave transients in the EEG recorded after HI and determines a suitable wavelet for both typical 

clinical 64Hz sampling of the EEG and high, research-based sampling at 1024Hz.  
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Here it was showed that the simplified version of the algorithm (Abbasi et al., 2014a) which only 

used certain feature points in the template envelope, rather than the whole envelope which was 

performed in this study, provided an average overall performance rate of 88% for the detection of 

sharp waves over the whole latent phase using a Gaussian 2 wavelet. This is in comparison to the 

97% obtained here using the whole envelope, thus, providing an improvement of 9% over the 

simpler method for 1024Hz sampled EEG. The simplified version of the WT-Template matching 

classifier method (Abbasi et al., 2014a) performed even more poorly for the 64Hz sampled EEG 

providing an average overall performance rate of 37% for the detection of sharp waves over the 

whole latent phase using a Gaussian 2 wavelet. The performance was dramatically improved upon 

in the more detailed work presented here obtaining a 94% overall performance using a Daubechies 

2 wavelet and the whole envelope as the template envelope. Thus, providing an improvement of 

57% over the simpler method for 64Hz sampled EEG. 
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5.3. Automatic identification of stereotypic evolving micro-scale seizures (SEMS) in the 

hypoxic-ischemic EEG of the pre-term fetal sheep using Wavelet-IF-THEN 

thresholding classifier 

5.3.1. Introduction 

In this research, I present a new HI transient in the form of stereotypic evolving micro-scale seizures 

(SEMS) which vary temporally and occur in the frequency range of 1.8-3Hz being categorized 

among the Delta sub-band frequency (0.5-4Hz) (see Figures 5.18 and Figure 1.5 of chapter 1). 

These micro-scale seizures are observed during the whole latent phase. However, they mainly occur 

during the mid- and the late-latent phase and often closer to the onset of the high amplitude 

stereotypic evolving seizures seen in the secondary phase (Bennet et al., 2010) and are similar to 

spindle waveforms, although, spindles occur in very shorter time periods (Oliveira et al., 2000, De 

Gennaro and Ferrara, 2003). 

This study describes how to identify stereotypic evolving micro-scale seizures (SEMS) which have 

a relatively abrupt onset and termination in a frequency range of 1.8-3Hz (Delta waves) 

superimposed on a suppressed EEG amplitude background post occlusion. This research 

demonstrates how a Wavelet-IF-THEN thresholding classifier system can be used to automatically 

identify the potential course (from onset to the end) of SEMS in high resolution HI EEG recordings, 

that occur during the latent phase post HI insult, using in utero pre-term hypoxic fetal sheep models. 

Consistent to the results from my other research, the existence of the SEMS in the Mid- and Late-

latent phases highlights the fact that these type of HI transients could contribute in the brain damage 

and therefore, the automatic identification of these patterns can be beneficial for early identification 

of HIE. 
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Figure 5.18: A) An example of stereotypic evolving micro-scale seizures (SEMS) in a HIE EEG,  

B) A sample High amplitude epileptiform seizures                             

5.3.2. Method 

Initially, signal quality of the EEG from both left and right channels was assessed and the higher 

quality recorded signal was chosen for measurements. This study was performed over 810 minutes 

of 1024Hz sampled HIE EEG recordings in the latent phase of two different pre-term fetal sheep, 

neglecting the very first 0.5 hours of post-occlusion due to the reperfusion period. All the EEG 

sections containing the SEMS among the latent phase of the injury from were identified visually 

by an expert.  

Our data show that SEMS differ in length, from very short t< 5-10 seconds, to longer (t>10sec) and 

sometimes even around 70-90 seconds long. They can appear as a single solitary, repetitive sections 

with different lengths (which can occur more than once in a 10 minute section), or continuous 
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ongoing oscillations for more than t>60 seconds (Figure 5.18-A and Figure 1.5 of chapter 1). The 

amplitude of the SEMS is also variable ranging from10-20𝜇𝑉 to values greater than 50𝜇𝑉, with a 

laterality that can be either side. We used these characteristics to discriminate the SEMS from 

paroxysmal bursts/activities which are typically not evolving and of around 3-5sec length. 

In general, multi-resolution analysis of a signal using the Continuous Wavelet Transform (CWT) 

(Mallat, 2009) provides a decomposition of the signal at different scales and translations (i.e. 

stretched and shifted) versions of a particular wavelet, 𝜑(𝑡) (see chapter 2 - Wavelet analysis). The 

importance of choosing the most suitable wavelet basis have been clearly demonstrated in our spike 

and sharp wave identification studies (Abbasi et al., 2015, Abbasi et al., 2014a). In this work, the 

decomposed signal of the higher scales from the CWT using Mexican Hat mother wavelet 

demonstrated great ability for an accurate primary identification of HIE SEMS events in the time-

frequency domain. Gaussian 2 (Mexican hat) mother wavelet function is depicted in Figure 2.5-B 

of the wavelet chapter (chapter 2). 

Generally, SEMS are composed of trains of Gaussian-like components which are very similar to 

individual sharp waves. Hence, due to the Gaussian nature of these components, the Gaussian 2 

basis wavelet was chosen for the primary identification SEMS. In particular, the CWT of scale 100 

at the SEMS location provided reliable and consistent waveforms that were suitable to be fed to a 

IF-THEN thresholding classifier. The IF-THEN thresholding classifier was used to accurately 

classify the stereotypic evolving micro-scale seizures’ intervals from the rest of initially identified 

potential sections by the CWT. The general representation of the suggested method is shown in 

Figure 5.19. 
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Figure 5.19: Schematic of stereotypic micro-scale seizure detection 

5.3.3. Results 

The WTs of all the SEMS within the early-latent phase of one fetal sheep were used to define 

template envelopes for a logical classifier (which amounted to ~40 minutes of EEG). The 

performance of the classifier was then measured over the SEMS activity only in the early latent 

phase, (which we define as the training phase, and an overall performance of 86.42%±3.44 was 

obtained). The same classifier was then applied to the whole of the 420 minute latent phase of the 

same sheep and the performance was measured, which we define as our testing phase, providing 

an overall performance of 81.81%±7.47 which shows a small reduction of 4.61% in the overall 

performance of the algorithm compared to the training phase. The same classifier’s performance 

was then evaluated over 390 minute of the whole latent phase of an independent hypoxic sheep, 

(which we define as the validation phase). The validation performance was found to be 

78.71%±5.78 confirming that classifier’s performance remained stable and high for independent 

data.  

The overall performance of the classifier, shown in Table 5.6, was evaluated using the sensitivity 

and selectivity performance criteria described in (Abbasi et al., 2015). The algorithm demonstrated 

ability to accurately identify the potential intervals containing SEMS that had been initially  
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Table 5.6: Algorithm performance (%) for the train, test and validation steps 

 
Sensitivity (%) Selectivity (%) 

Overall Performance 

(%) 

Train  

(40 min of sheep 1) 

91.89 80.95 86.42±3.44 

Test  

Entire latent phase of sheep 1 

(420 min) 

82.20 81.41 81.81±7.47 

Validation 

Entire latent phase of sheep 2 

(390 min) 

64.99 92.43 78.71±5.78 

identified visually by an EEG expert. The classifier also demonstrated ability to detect SEMS in a 

background containing different types of micro-scale epileptiform events, accurately.  

Figure 5.20 depicts the performance monitoring of the suggested WT-IF-THEN thresholding 

classifier for SEMS detection over the training, testing, and validation of the algorithm. A sample 

section in the early-latent phase of a post-hypoxic EEG, 60 minute after the end of occlusion from 

the first sheep, used for training and testing of the algorithm, is shown in Figure 5.20A and 5.20B, 

respectively. The correct detection samples over the validation step of the algorithm using an 

independent sheep (sheep #2) are shown in Figure 5.20C and 5.20D.  These figures demonstrate 

how the algorithm can discriminate SEMS with different amplitude and frequency characteristics 

from the rest of HI micro-scale transients, accurately. In general, SEMS’ periodic waves are 

naturally similar to a typical HIE sharp-wave. Thus, SEMS can inevitably reduce the performance 

of sharp-wave identification. Hence, primary identification of SEMS and removing the 

corresponding sections could help to improve the accuracy of sharp wave identification (Abbasi et 

al., 2014a). 
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Figure 5.20: A section of raw HIE EEG signal in the Early-latent phase (A) and the corresponding WT-IF-THEN 

thresholding classifier correct detections (B), Sample HIE EEG sections containing SEMS and the correct 

detections during the validation step using an independent sheep (C and D). 
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5.3.4. Conclusion 

The latent phase of the injury can be considered as the most preferential phase of detection as 

biomarkers of the injury identified in this phase could provide the earliest opportunity for 

identification of injury and possible treatment. 

In this study, we discussed about a new potential HI biomarker in the form of stereotypic evolving 

micro-scale seizures which vary temporally and occur in the frequency range of 1.8-3Hz during the 

whole latent phase that can be categorized among the Delta wave sub-band frequency (0.5-4Hz). 

The advantages of using a WT- IF-THEN thresholding classifier for HI stereotypic evolving micro-

scale seizure activity detection in high resolution EEG signals were investigated in this research. 

Using a Mexican hat wavelet CWT of scale 100, we validated the overall performance of the WT-

IF-THEN thresholding classifier to be 78.71%±5.78 for SEMS detection over a 390 minute latent 

phase of an independent in utero pre-term fetal sheep, post insult. Hence, the combined power of 

the WT and IF-THEN thresholding classifier demonstrated a considerable preliminary ability for 

SEMS detection. 

This study was performed on limited data using EEG signals from two sample sheep to pilot the 

developed technique. It is expected that the discussed performances might change for more detailed 

sets of data using larger sheep cohort. 
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5.4. Examining the effect of MgSO4 on sharp wave transient activity in the hypoxic-

ischemic fetal sheep model 

5.4.1. Introduction 

Magnesium Sulfate (MgSO4) is increasingly being given to women in preterm labor for the purpose 

of perinatal neuroprotection (Galinsky et al., 2014, Doyle et al., 2009). MgSO4 is an inhibitor of 

glutamate N-methyl-D-aspartate (NMDA) receptor channels (Dingledine and Traynelis, 2010), 

which are excitatory (Hoffman et al., 1994). For this reason it is administered to women in preterm 

labor in order to protect against the onset of seizures from eclampsia (Doyle et al., 2009). While it 

is suspected that MgSO4 may affect neonatal EEG activity, no such study has been carried out to 

date. The aim of the current study was to explore the effect that MgSO4 would have on the HI 

micro-scale sharp wave transient activity within the latent phase of a post-hypoxic-ischemic sheep 

fetus.  

Schematics of the HI EEG behavior post insult, highlighting the latent phase, of the studied 

controlled and MgSO4-treated fetal sheep are depicted in Figure 5.21-A and 5.21-B, respectively. 

In the first look, clearly the number of high amplitude seizures in the secondary phase is 

significantly reduced for the MgSO4-treated fetal sheep. Studies were carried out on fetal sheep at 

70% of the gestation period. Our hypothesis is that MgSO4 will affect the number of sharp waves 

in the latent phase, due to its role as a blocker for glutamate. Therefore, the performance of a 

Wavelet-Template matching classifier, demonstrated in (Abbasi et al., 2014a) for automatic 

identification of the HI micro-scale sharp waves is investigated along the EEG signals of a 

controlled and an MgSO4-treated fetal sheep (see section 5.2 for more information regarding the 

technique).  
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Figure 5.21: EEG intensity behavior after hypoxic insult for a (A) controlled and (B) an MgSO4-treated fetal sheep. A 

breakdown of the sub-phases of  the latent phase is shown in (C). 

5.4.2. Method 

One fetus was randomly assigned to receive an intravenous infusion of magnesium (Magnesium 

sulfate heptahydrate, MgSO4.7H2O, 500 mg/mL) while the other fetus received an infusion of 

isotonic saline. The MgSO4-treated fetus was infused with MgSO4 from 24 hours before until 24 

hours after fetal asphyxia. The MgSO4-treated fetus received a 160 mg loading dose over 5 min 

followed by a 48 mg/h maintenance infusion for 48 hours. Both fetuses underwent asphyxia that 

was induced for 25 minutes via rapid inflation of the umbilical cord silicon occluder. Successful 
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occlusion was confirmed by the rapid onset of bradycardia, a rise in mean arterial pressure and 

changes in blood chemistry. In utero fetal brain activity was measured from pre-occlusion to 8 

hours post-occlusion. The sampling frequency was 1024Hz for the controlled fetal sheep and 

256Hz for the MgSO4-treated fetal sheep. Initially, all sharp waves within the latent phases of both 

animals were visually identified by experts and assessed against the results from an automatic 

sharp-wave classifier discussed below. 

Sample sections of HI EEG signals containing the sharp wave transients from a controlled and an 

MgSO4-treated fetal sheep are highlighted in Figure 5.22-A and 5.22-B, respectively.  

Sampling frequency rates of 1024Hz and 256Hz was used for the EEG recordings from the 

controlled and the MgSO4-treated fetal sheep, respectively. Due to working with different sampling 

frequency rates of 1024Hz and 256Hz for the controlled and MgSO4-treated fetuses respectively, 

 

Figure 5.22: Sample HI EEG sections containing sharp-wave transients from a controlled (A) and an MgSO4 treated 

(B) fetal sheep. Arrows highlight sample correct detections of sharp waves by the automatic classifier. 
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different wavelet decomposition scales of the transformed signals were required in the Template 

matching classifier for sharp wave identification. It was found that potential sharp-wave transients 

emerge in the form of high amplitude Mexican hat-shape patterns along the WT coefficients of 

scale 32 and scale 8 for the 1024Hz and 256Hz sampled EEG signals, respectively. Working with 

normalized zero-mean EEG signals allowed us to define a number of reliable parameters for the 

Template Envelopes (TE) used in the inference system of the Template matching classifier. 

5.4.3. Results 

Following the manual collection of sharp waves it was important to analyze the data in order to 

find general trends. This was done by clustering sharp wave times into 30-minute intervals. The 

reason for looking at 30-minute intervals is that it is a sufficiently long time to ignore random 

anomalies in number of sharp waves, while still being at a resolution high enough that dynamic 

changes are captured. After clustering the events into intervals, the number of sharp waves in each 

30-minute interval was counted (shown in Figure 5.23). The number of sharp waves in each 30 

minute interval for both the controlled fetus and MgSO4-treated fetus was plotted for visualization 

purposes 5.21.  

 

Figure 5.23: Number of sharp wave transients in 30-minute intervals after occlusion. Dashed lines represent number 

of automatic sharp wave detections, whereas solid lines represent number of manual sharp wave detections. 
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Further, the Wavelet-Template matching automated algorithm was compared to the manual count 

to assess its performance.  

As seen in Figure 5.23, the number of sharps in the early-latent phase for both the MgSO4-treated 

and controlled fetus start off high. As the injury enters the mid-latent phase the number of sharp 

waves drops dramatically. The primary difference between the fetuses occurs in the late-latent 

phase. Here the number of sharp waves increases slightly for the controlled fetus, but it stays low 

for the MgSO4-treated fetus. 

Performance results of the Wavelet-Template matching classifier, shown in Tables 5.7 to 5.9, was 

assessed using the sensitivity and selectivity performance criteria described in (Walbran et al., 

2011, Abbasi et al., 2015).  

Table 5.7: Algorithm performance (%) – Early-latent phase 

Experiment Sensitivity (%) Selectivity (%) 
Overall Performance 

(%) 

Controlled 

(1024Hz) 
97.87 95.05 96.46±2.97 

MgSO4 treated 

(256Hz) 
98.29 81.42 89.86±4.79 

Table 5.8: Algorithm performance (%) – Mid-latent phase 

Experiment Sensitivity (%) Selectivity (%) 
Overall Performance 

(%) 

Controlled 

(1024Hz) 
95.83 100 97.92±3.61 

MgSO4 treated 

(256Hz) 
100 83.81 91.90±5.99 

Table 5.9: Algorithm performance (%) – Late-latent phase 

Experiment Sensitivity (%) Selectivity (%) 
Overall Performance 

(%) 

Controlled 

(1024Hz) 
93.25 89.58 91.42±3.81 

MgSO4 treated 

(256Hz) 
100 83.33 91.67±11.79 
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The proposed classifier showed considerable ability in the identification of the temporal location 

of the sharp waves in the EEG recordings from both preterm fetal sheep.  

The performance of the Wavelet-Template matching classifier was evaluated over 660 minutes of 

the combined latent phases of both fetal sheep (330 minutes each).  Overall performances of 

96.46%±2.97, 97.92%±3.61, and 91.42%±3.81 were obtained for the early-, mid-, and late-latent 

phases of the controlled fetal sheep. The same classifier was employed for sharp wave identification 

along 330 minutes of the latent phase of the MgSO4-treated fetal sheep and the overall 

performances of 89.86%±4.79, 91.90%±5.99, and 91.67%±11.79 were measured for the early-, 

mid-, and late-latent phases of this fetus, respectively. 

5.4.4. Conclusion 

In order to examine the effect of MgSO4 on HI human preterm fetuses (28-32 weeks gestation) 

experiments were conducted on two HI ovine preterm fetuses (104 days gestation), one treated with 

MgSO4 and the other remaining a control. Performance results obtained from a Wavelet-Template 

matching sharp wave classifier over 660 minutes of HI EEGs were checked against manual 

detections. Overall performances of 96.46%±2.97, 97.92%±3.61, and 91.42%±3.81 were achieved 

for the early-, mid- and late-latent phases (respectively) for the controlled fetus. Overall 

performances of 89.86%±4.79, 91.90%±5.99, and 91.67%±11.79 were calculated for the same 

phases of the MgSO4-treated fetal model. Clustering showed no significant difference in the 

number of sharp wave transients in fetuses during the early- and mid-latent phases. However, the 

late-latent phase saw a decrease in sharp wave transients in the MgSO4-treated fetus compared to 

the controlled fetus. This reduction can be explained by the fact that MgSO4 is a blocker of the 

NMDA glutamate receptor. It is supposed that MgSO4 doesn’t reduce the number of sharp wave 

transients in the early-latent phase because during that time the depolarization is too large, and 

overrides the blocking effects of MgSO4. 

 



196 
 

5.5. Summary 

In this study, it was demonstrated, for the first time, that it is possible to robustly detect sharp wave 

epileptiform transients accurately using over 30 hours of post-HI EEG for the asphyxiated in utero 

preterm fetal sheep. It was shown that this is possible through initial wavelet transformation of the 

sharp waves, which serves to stabilize the variation in their profile, and thus permits a highly 

compact template envelope to be built, which in turn optimized the performance of a Template 

matching classifier. It was shown that this method leads to higher overall performance for both a 

64Hz sampled EEG and a high resolution 1024Hz sampled EEG, compared with both conventional 

standard wavelet and template matching approaches undertaken in isolation.  

This study shows that the developed wavelet stabilized template envelope method for Template 

matching classifiers can be exploited for the identification of epileptiform sharp wave transients 

during the latent phase of recovery from severe HI in a preterm-equivalent large animal (occlusion 

period: 25 minutes). It should be noted that whilst I have optimized the developed detection method 

to identify the particular signatures of the sharp wave epileptiform transient in the preterm fetal 

sheep model, since the approach is generic, it would be possible to adapt the method to detect other 

forms of epileptiform transient activity and to human models in both children and adults. I believe 

that this highly automated approach will be valuable for future studies to determine if these micro-

scale epileptiform transients are biomarkers of HI. 

In section 5.3, I discussed a new potential EEG transient biomarker in the form of stereotypic 

evolving micro-scale seizures (SEMS) that mostly emerge during the mid- and the late-latent phase 

and often closer to the onset of the high amplitude stereotypic evolving seizures. Then, using 

1024Hz sampled EEG from in utero preterm fetal sheep, I described that a wavelet-IF-THEN 

thresholding classifier can be used to automatically identify the potential course (from onset to the 

end) of these events during the latent phase post HI insult. It was discussed that consistent to the 

results from my other research, the existence of the SEMS in the Mid- and Late-latent phases 

highlights the fact that these type of HI transients could contribute in the brain damage and 
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therefore, the automatic identification of these patterns can be beneficial for early prediction of the 

developed high amplitude seizures within the secondary phase of injury. 

Finally in section 5.4, it was discussed that, due to its neuroprotective properties, magnesium 

sulphate (MgSO4) is a drug given to women in labor as it might influence EEG transient activity 

post HI. Using in utero preterm fetal sheep models, it was demonstrated how the injection of 

MgSO4 could affect the number of HI micro-scale sharp wave transients in the latent phase, post 

HI insult. The Wavelet-Template matching classifier method described in section 5.2 was used to 

detect sharp wave transients during the latent phase of a control group fetal sheep and an MgSO4-

treated fetal sheep. Assessing over 660 minutes of latent phase, post occlusion, it was demonstrated 

that there were no significant differences in number of sharp wave transients in the early- and mid-

latent phases of injury for both fetal sheep. However, the number of sharp waves in the in the late-

latent phase of the MgSO4-treated fetal sheep was considerably lower compared to the control fetal 

sheep. In fact, complementary to the results of this thesis, it is implied that MgSO4 is likely to 

supress the negatively correlated HI transients that occur in the late latent phase (see chapter 6) and 

help to preserve brain cells’ functionality. 
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Chapter 6 

The Sharp Wave: An EEG biomarker for perinatal  

hypoxia-ischemic encephalopathy 

 

6.1. Introduction 

Worldwide estimates indicate that hypoxic-ischemic (HI) intrapartum insults was the cause of 

1,150,000 cases of neonatal encephalopathy in 2010, equating to an incidence of 8.5 per 1,000 live 

births (Lee et al., 2013). Further, many infants, particularly those who are preterm, may experience 

HI insults before birth, which lead to neural injury, such as cerebral palsy, and impaired 

neurodevelopment (Harrison and Goldenberg, 2016, Blencowe et al., 2013). Neuroprotection 

treatment strategies are viable after HI insults, because brain injury evolves over time (Wassink et 

al., 2014, Gunn et al., 2016, Gopagondanahalli et al., 2016). Clinical and pre-clinical studies of the 

recovery of preterm and term fetuses and newborns from HI insults, shows that following 

reperfusion there is a latent phase of recovery of oxidative metabolism lasting 6-15 hours, followed 

by a secondary phase over several days where oxidative metabolism is fails and the period when 

bulk cell death occurs  (Bennet et al., 2006, Bennet et al., 2007b, Bennet et al., 2007a, George et 

al., 2007, Bennet et al., 2010, Wassink et al., 2014, Gunn et al., 2016, Gopagondanahalli et al., 

2016). Clinical studies of hypoxic ischemia strongly suggest that, to be effective, treatments such 

as therapeutic hypothermia which stabilises mitochondrial function, hypothermic treatments must 

be started as soon after the end of the insult as possible, preferably in less than 3 hours of birth 

(Thoresen et al., 2013).  

The clinical protocol for cooling is to cool within 6 hours of birth. This protocol is based on pre-

clinical studies in near-term fetal sheep, which demonstrated that a moderate cerebral cooling can 

significantly reduce neuronal injury, but the longer the start time of cooling is delayed, with no 
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therapeutic value seen after 8 hours. Therapeutic hypothermia was also shown to be protective in 

preterm fetuses (Bennet et al., 2007b), but currently hypothermia is only used in term babies due 

to safety concerns. Critically, these studies demonstrated, that for treatments like hypothermia, 

timing of the start of treatment is vital for treatment efficacy. While we know the timing of asphyxia 

insults in the laboratory, we do not have the same knowledge clinically. Thus, we require 

biomarkers to help us determine the phases of injury.  

This chapter extends our previous findings, by identifying the occurrence of HI micro-scale sharp 

wave transients within discrete windows of time within the latent phase (2hrs, 1hr, 30 min, and 10 

mins) and correlating their appearance with neuronal survival in striatal and hippocampal regions 

in preterm fetal sheep after asphyxia in utero.  

The key findings of this study are: 1) that there was a positive correlation between the number of 

sharp waves and the numbers of surviving cells in the caudate in the first half of the early latent 

phase, demonstrating that this region recovers function earlier than other regions, 2) neurons in this 

region and the dentate gyrus (DG) are beginning to die in the mid-latent phase as demonstrated by 

a negative correlation between cell survival and transients (caudate, manual: r=-0.83, P=0.039,  and 

the DG, manual: r=-0.88, P=0.020), 3) transients do not correlate with cell survival in any other 

region, supporting data from other studies which suggests that different populations of cells die at 

different times after an HI insult, and 4) we have isolated a minimum temporal window size which 

predicts neural outcome to as low as 10 minute. 

A final key outcome was the automated counting of transients. In this chapter, I combined two 

automated methods to improve overall performance of transient detection, the details of which are 

in sections 5.2 and 5.3. In section 5.2 of chapter 5, I present an automated advanced signal 

processing method to quantify accurately the post-HI sharp waves (Abbasi et al., 2014, Abbasi et 

al., 2016b). In section 5.3 of chapter 5, I present another method to identify Stereotypic Evolving 

Micro-scale Seizures (SEMS) to improve sharp wave detection (Abbasi et al., 2016a). The results 

demonstrate that a fusion of our developed signal processing techniques provide comparable 
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statistical accuracy in the caudate (automatic: r=-0.83, P=0.042) and the dentate gyrus (DG) 

(automatic: r=-0.86, P=0.028) to a manual benchmark.  

The primary conclusion of this study is that epileptiform transients are an early marker of 

subcortical injury in the preterm brain, and we can facilitate the real-time automatic detection of 

evolving HI injury at the bedside within very small windows of time, allowing the necessary 

diagnostic and prognostic information for clinicians to ensure earlier implantation of 

neuroprotection treatments such as therapeutic hypothermia. 

Material to be presented in this chapter is drawn from my work that has been submitted as a journal 

article to Brain (2015 Impact Factor: 10.103) as allowed by the University of Auckland under the 

2011 Statute and Guideline for the Degree of Philosophy (PhD). The major research sections and 

results of the above paper have been written and prepared by the author of the current thesis; 

however, co-authors of the research: Associate Professor Charles P. Unsworth (main supervisor), 

Professor Laura Bennet and Professor Alistair Gunn have commented, edited and advised on the 

paper. The histology data used in this chapter was obtained by Dr Paul Patrick Drury and Dr 

Christopher A Lear helped with obtaining the photomicrographs. Dr Drury and Dr Lear were 

students with Professors Bennet and Gunn. 

6.2. Background 

Micro-scale epileptiform  transients, in the form of spikes, sharps, slow-waves and stereotypic 

seizures (see Figures 1.5 of chapter 1), that occur during the latent phase of recovery from an HI 

insult, peak around 0.5-3 hours after the end of the insult (Bennet et al., 2006, Abbasi et al., 2015, 

Abbasi et al., 2014, Dean et al., 2006b, George et al., 2004, Abbasi et al., 2016a, Lakadia et al., 

2016). Whilst the nature of the micro-scale epileptiform transients in the latent phase is not well 

understood, it has been hypothesized that such micro-scale transients may be signatures of evolving 

HI brain injury and have the potential to serve as biological markers (biomarkers) for the diagnosis 

of evolving injury (Bennet et al., 2010). It has been shown that the total count of all the epileptiform 

HI transients (i.e. spikes, sharp wave, slow waves etc.) that occur during the entire latent phase 
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correlates manually with the intensity of the injury and subsequent neuronal outcomes (Bennet et 

al., 2007b, Bennet et al., 2006, Bennet et al., 2010, Okumura et al., 2003, Mandel et al., 2002, 

Biagioni et al., 1996, George et al., 2004). However, in a clinical setting, continuous monitoring of 

the EEG recordings minute by minute during the latent phase, looking for diagnostic markers, is 

not clinically feasible, and will not provide the basis for timely clinical intervention.  

This study takes a step further and demonstrates that the number of a specific HI epileptiform 

transient, known as the sharp wave (shown in Figure 1.5-C of chapter 1), is significantly correlated 

with subcortical neuronal loss in the striatum and hippocampus for different temporal windows in 

the latent phase. In this chapter, it is demonstrated that this can be achieved, by combining two of 

our developed methods: a Wavelet-Template matching classifier for automatic identification of HI 

sharp wave transients (Abbasi et al., 2016b, Abbasi et al., 2014, Abbasi et al., 2014), and a SEMS 

detection method which serves to reduce false detection of sharp waves (Abbasi et al., 2016a).  

In this work, the intervals containing SEMS were first filtered out from the EEG using our SEMS 

detection method (Abbasi et al., 2016a) in order to automatically quantify sharp waves more 

accurately. I then investigated how the number of quantified sharp waves correlated with the striatal 

and hippocampal neuronal loss over different temporal windows (2 hours, 1hr, 30 min and 10 mins) 

in the latent phase in real-time using our developed WT-Template matching classifier algorithm 

and a benchmark manual assessment of sharp waves. 

6.3. Materials & Methods 

6.3.1. Animal methods 

Ethics 

All animal procedures and animal facilities were approved by the Animal Ethics Committee of The 

University of Auckland, New Zealand in accordance with the Code of Ethical Conduct of The 

University of Auckland, and the New Zealand Animal Welfare Act 1999.  
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Subjects 

Twelve singleton Romney/Suffolk preterm fetal sheep were used for this study. Ewes were brought 

to the University laboratory a week before surgery to allow acclimatization to the laboratory ewes 

and their fetuses underwent surgical procedures between 97 and 98 days gestation (term = 147 

days) (Bennet et al., 2006, Dean et al., 2006b, Bennet et al., 2007b) Food, but not water, was 

withdrawn 12-18 hours before surgery to reduce aspiration during surgery. Prior to surgery, ewes 

were weighed and given an intramuscular injection of the antibiotic oxytetracycline (20 mg/kg, 

Phoenix Pharm, Auckland, New Zealand) for prophylaxis. Anesthesia was induced by intravenous 

injection of propofol (5 mg/kg; AstraZeneca Limited, Auckland, New Zealand), ewes intubated, 

and anesthesia maintained using 2-3% isoflurane in O2 (Bomac Animal Health, NSW, Australia). 

During surgery, ewes received isotonic saline (~250ml/h) by intravenous drip to maintain fluid 

balance. During the surgery and using aseptic preparations, fetuses were anesthetized (2% 

halothane in O2) and instrumented as previously described (Bennet et al., 2006, Dean et al., 2006b, 

Bennet et al., 2007b).  

Surgical instrumentation 

A midline abdominal incision was made to expose the uterus, and the fetus was partially 

exteriorized for instrumentation. Polyvinyl catheters (SteriHealth, Dandenong South, Victoria, 

Australia) were placed in a fetal femoral and brachial artery to measure blood pressure and for pre-

ductal blood sampling. An additional catheter was placed into the amniotic sac for measurement of 

amniotic fluid pressure. Electrodes (AS633-5SSF, Cooner Wire, Chatsworth, CA, USA) were 

placed subcutaneously across the chest for measurement of the fetal electrocardiogram to derive 

fetal heart rate (FHR). 

Fetal EEG signals were recorded through 4 EEG electrodes, one pair on the right and one pair on 

the left side of the head, as well as one ground electrode (made in-house from AS633-5SSF wire; 

Cooner Wire, Chatsworth, CA, USA). The EEG electrodes were fitted into prepared burr holes (5 

and 10 mm anterior to and 5 mm lateral to bregma), onto the dura matter over the parasagittal 
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parietal cortex, with a reference electrode sewn over the occiput.. Surgical bone wax was used to 

fill the burr holes with cyanoacrylate glue to secure the electrodes into the holes. After that, the 

skin over the fetal skull was covered and sealed. A thesis note, this is technically placement of 

ECoG electrodes, but for the purposes of this paper and general comprehension by readers of the 

paper they will be referred to as EEG electrodes. To induce asphyxia after surgical recovery, an 

inflatable silicone occluder (In Vivo Metric, Healdsburg, California, United States) was placed 

around the umbilical cord. 

Before closing the uterus, the antibiotic gentamicin (80 mg, Pfizer, Auckland, New Zealand) was 

administered into the amniotic sac along with 250 mls of sterile saline to replace lost amniotic fluid. 

The maternal midline skin incision was infiltrated with a local analgesic, 10 ml 0.5 % bupivacaine 

plus adrenaline (AstraZeneca) to provide long-acting analgesia. All fetal leads were exteriorized 

through the maternal flank, and a maternal long saphenous vein was catheterized for post-operative 

care and euthanasia.  

Post-surgical recovery  

When surgery was completed the ewes were taken off anesthesia, extubated and returned to their 

home cages where they were monitored until they were stable and had been observed to stand and 

eat and drink. Sheep were housed together in separate metabolic cages with access to water and 

food ad libitum in a temperature-controlled room (16 ± 1°C, humidity 50 ± 10%) with a 12:12 h 

light dark cycle (lights off at 18.00 hours). Fetuses were allowed at 4-5 days post-operative 

recovery before experiments commenced. During this time welfare monitoring was undertaken 

several times each day and ewes received intravenous antibiotics daily for 4 days (Benzylpenicillin 

sodium; 600 mg; Novaris, Auckland, New Zealand and Gentamycin; 80 mg). Fetal catheters were 

maintained patent by continuous infusion of heparinized saline (20 IU/ml) at a rate of 0.2 ml/h and 

the maternal catheters were flushed daily with heparinized saline.  
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Experimental protocol 

Experiments were conducted when fetuses were at 103.4±0.6 days. The HI insult was induced by 

rapidly inflating the occluder with sterile saline for 25 minutes resulting in complete compression 

of the umbilical cord (n=6) (Bennet et al., 2006, Dean et al., 2006b, Dean et al., 2006b). Successful 

asphyxia was initially verified through monitoring of a rapid drop in fetal heart rate, EEG 

suppression and then analysis of fetal arterial pH and blood gases (Bennet et al., 2007b). At the end 

of the 25 min, the occluder was deflated, and the fetus returned to a normoxic state. A control group 

(n=6) underwent the same procedures except for the inflation of the occluder. Pre-ductal blood was 

also taken for pH, blood gas (ABL 800, Radiometer, Copenhagen, Denmark) glucose and lactate 

measurements (model 2300, YSI, OH, USA) pre-asphyxia, 17 minutes of asphyxia, and 10 minutes, 

1, 2, 4, 6 hours post-asphyxia. Complete asphyxia blood composition results including the pH, 

partial pressure of arterial carbon dioxide (PaCO2) and the partial pressure of arterial oxygen (PaO2) 

of the sample sheep are given in Table 6.1. Ewes and fetuses were killed 7 days post-asphyxia by 

an overdose of pentobarbitone sodium to the ewe (9 g, Pentobarb 300; Chemstock International, 

Christchurch, New Zealand). The fetal brains were taken for histological analysis. 

Histology 

Fetal brains were perfusion fixed in situ, flushed with 0.9% saline solution followed by 1 L of 10% 

phosphate buffered formalin. Brains were emersion fixed for a further 5-7 days before being 

embedded in paraffin. Coronal slices (10 μm thick) were cut using a microtome (Leica Jung 

RM2035, Solms, Hessen, Germany) starting at the level of the dorsal hippocampus. Slides were 

prepared and stained for NeuN for assessment of neurons as previously described (Drury et al., 

2014b, Lear et al., 2016). For each animal, two sections were assessed and average scores across 

both hemispheres for each region were counted for statistical analysis.  

Counts were made by an assessor (CL and PD) blinded to the treatment groups. Healthy neurons 

were counted based on morphological assessment and neurons showing a pyknotic morphology 

were excluded (Devoto et al., 2006). Photomicrographs were taken by light microscopy at x40 
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Figure 6.1: Photomicrographs of the analized brain sections from a preterm fetal sheep brain.  

(A) caudate (1), putamen (2) of (B) striatum. (C) CA1-2 (1), CA3 (2), CA4 (3) and DG(4) regions of  

the (D) hippocampus. CA, cornus ammonis; DG, dentate gyrus. Scale=2000 μm. 

magnification (Nikon 80i microscope with NIS Elements Br 4.0 software, Nikon Instruments Inc., 

Melville, N.Y., USA). Photomicrographs of immunohistochemically stained brain sections of the 

striatal and hippocampal regions of the preterm fetal sheep are shown in Figure 6.1. Figure 6.1-A, 

shows the caudate nucleus (1) and putamen (2) of striatum, Fig 6.1-B (where the coronal coordinate 

of the striatum section is approximately 26-27 mm anterior to stereotaxic zero in the fetal sheep 

brain (Gluckman and Parsons, 1983); Figure. 6.1-C, highlights CA1-2 (1), CA3 (2), CA4 (3) and 

DG (4) regions of the hippocampus, Figure. 6.1-D (the coronal coordinate of the hippocampus 

section in Figure 6.1-D (posterior portion) is approximately at section 1120 addressed with Welker 

Wilcons in sheep brain collection (Johnson et al., 2008). 
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6.3.2. EEG pre-processing 

In this study, 5.5 hours of EEG recording from each sheep (33 hour total) examined from the in 

utero fetal sheep cohort, described in the Animal Methods section. Fetal EEG recordings were 

continuously sampled and digitized at a sampling frequency of 1024Hz from left and right side 

channels using Labview© (National Instruments, TX, USA). As described in chapters 1 and 5, this 

high-resolution sampling rate was used as it permits more effective detection of sharp waves 

(Abbasi et al., 2014, Abbasi et al., 2016b). A proper ground loop was established between all 

instruments to filter out the 50Hz noise. The analogue EEG signals passed through a head-stage 

amplifier, gain 10,000, (Brainz, Auckland, New Zealand).  

A 1st-order high-pass filter and a 6th-order low-pass Butterworth anti-aliasing filter (National 

Semiconductor MF6-100), with cut-off frequencies at 1.6 Hz and 512 Hz, respectively, were used 

for further pre-processing of signals. The digitized data was then extracted and passed into the 

Matlab © for data analysis. The data sets were initially zero-meaned and a 100th order digital band-

pass finite impulse response (FIR) filter with a normalized stop-band frequency (ω) between 0.05 

and 0.13 was used to remove any remaining noise from the data. It should be noted that last 30 

minutes of the late latent phase (min 330-360) were not considered because the high amplitude 

epileptiform seizures started earlier than 6 hours in some of the animals. Thus, for consistency a 

total length of 5.5h were chosen for all animals. 

The fetal sheep HI sharp wave transient (shown in Figure 1.5-C of chapter 1) has been observed 

and defined with an amplitude of greater than 10 μV which lasts between 70 and 250ms (Bennet et 

al., 2007b, Abbasi et al., 2016b, Abbasi et al., 2016b). An amplitude value of >20 μV was 

considered for the analysis of the fetal sheep HI sharp waves as they mainly occurred around this 

value (Abbasi et al., 2014, Abbasi et al., 2016b, Abbasi et al., 2016b).Initially, all HI sharp waves 

were visually identified according to these criteria by an expert. Sharp waves that existed in 

complex waves were also considered in the manual counts. More than 4000 individual sharp waves 

(see figure 1.5-C) were analyzed from six asphyxiated fetal sheep more than typical transient 

numbers reported in conventional EEG studies (Halford, 2009). This is to address that 4 sheep out 

of 5 sheep used in the data set of my sharp wave publication (refer to (Abbasi et al., 2016b)) was 
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used in this work. This is because 1 sheep from the data set was drug treated and had to be excluded 

due to histological restrictions. We also added two extra non-drug treated sheep to the data base 

which increased the total number of asphyxiated fetal sheep to 6. The extra 2 sheep data only 

become available after my first publication (Abbasi et al., 2016b) was done. 

6.3.3. The Automatic detection of HI sharps using a WT-Template matching classifier 

SEMS are very similar to individual sharp waves (see Figure 1.5-D of chapter 1) (Abbasi et al., 

2016a). It was demonstrated in chapter 5 (Abbasi et al., 2016a), the presence of SEMS in the HI 

EEG could decrease the performance of sharp-wave identification due to the inherent similarities 

between HI sharp-wave and the SEMS’ periodic components. (Abbasi et al., 2016a) suggested that 

identification of SEMS transients improves the accuracy of sharp wave identification by decreasing 

the number of false detections. In chapter 5 (Abbasi et al., 2016b), it was demonstrated how a 

Gaussian-2 mother wavelet at scale 32 Wavelet Transform (WT) of the raw sharp waves, sampled 

at 1024Hz, could be used to provide firm Template Functions (TFs) which could be used to build 

compacted Template Functions (TF) that served to significantly improved the performance of 

Template matching classifiers for detection of sharp waves (with an Overall performance of 

97.36%±0.88). In this work, Figure 6.2, highlights schematically how both SEMS removal and 

WT-Template matching classifier were employed, in series, to enhance the detection of sharp 

waves in this study. 

 

 

 

 

 

 

 

Figure 6.2: Schematic for improved Sharp wave detection 
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6.4. Statistics 

Frequency of the HI sharp wave transients were initially explored in terms of their number over 

different temporal window sizes of 2hrs, 1hr, 30min and 10 mins. Correlation coefficients between 

the numbers of quantified HI sharp waves vs. neuronal damage (number of surviving neurons) were 

then found for the temporal window sizes detailed above. A sensitivity and selectivity of the 

automated algorithm was used to assess the performance of the WT-Template matching classifier. 

The average of these two quantities was evaluated as the total performance of the algorithm (Abbasi 

et al., 2016b).  

For between group comparisons of blood chemistry and histology, two-way analysis of variance 

(ANOVA) for repeated measures was performed using SPSS v23 (SPSS, Chicago, IL, USA).  If a 

significant effect was found, the effect of group was further investigated using the Fisher’s 

protected least significant difference (LSD) post-hoc test.The correlation between number of 

identified sharp wave transients and the severity of brain damage (number of NeuN-positive 

neurons) was evaluated by linear regression of the scatterplot using MATLAB (R2015b pro–64bit, 

version 8.6.0.267246, The Mathworks Inc., MA, USA).  Statistical significance was accepted 

when (P<0.05). However, a P-value of 0.05<P<0.1 was considered where extra discussion was 

needed to demonstrate the temporal transition of probability. In addition, correlation coefficients 

of >+0.80 and <-0.80 were scored as reliable values indicating very strong relationships, with more 

than 64% in the variance (𝑟2 ≥ 0.64) (Gallagher et al., 2003). Histological and biochemical data 

are presented as mean ± SEM. 

6.5. Results 

Fetal biochemistry and hemodynamics 

Groups did not differ in the baseline for any measurement. Umbilical cord occlusion was associated 

with profound hypoxia, hypercapnia, mixed respiratory and metabolic acidosis and hypoglycemia 

(Table 6.1) and bradycardia and hypotension (data not shown). At the last minute of occlusion, 
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fetal heart rate was 56.4 vs. 189.5 bpm and mean arterial pressure 10.2 vs. 35.6 mmHg (data are 

asphyxia vs. control, P<0.001).  

Table 6.1: This table shows the changes in fetal pre-ductal arterial pH, blood gases, lactate and glucose values before 

(baseline), during (5 and 17 min) and post-asphyxia (+10 min, 1, 2, 4, and 6 hrs). Data are mean±SEM,  

*P<0.05, #P<0.01, †P<0.005, ‡P<0.001 control vs. asphyxia. 

 Group Baseline 5 min 17 min +10 min +1 hours +2 hours +4 hours +6 hours 

pH 
Control 7.38±0.0 7.38±0.0 7.38±0.0 7.38±0.0 7.38±0.0 7.38±0.0 7.38±0.0 7.38±0.0 

Asphyxia 7.39±0.0 7.03±0.0‡ 6.84±0.0‡ 7.16±0.0‡ 7.30±0.0‡ 7.35±0.0 7.40±0.0* 7.40±0.0 

          

PaCO2 

(mmHg) 

Control 47.1±0.3 43.8±1.1 46.4±1.0 45.2±1.1 44.41±1.5 49.0±0.6 45.5±1.0 47.0±1.6 

Asphyxia 48.1±0.7 107.0±5.0‡ 143.2±1.8‡ 55.0±2.1† 43.10±1.0 44.0±1.3* 43.0±1.3 48.0±0.7 

          

PaO2 

(mmHg) 

Control 24.1±1.3 24.0±1.3 23.1±1.4 24.0±1.1 24.0±1.5 23.0±1.4 21.3±1.3 23.0±0.9 

Asphyxia 23.5±1.5 6.0±1.0‡ 6.4±1.2‡ 33.3±2.1† 30.3±0.4* 24.3±1.2 27.0±2.0 26.0±2.4 

          

Lactate 

(mmol/L) 

Control 0.9±0.1 0.8±0.0 0.9±0.1 0.8±0.1 0.9±0.1 1.0±0.1 0.9±0.1 0.9±0.1 

Asphyxia 1.0±0.1 4.4±0.2‡ 6.8±0.5‡ 6.3±0.3‡ 3.3±0.4‡ 1.5±0.1‡ 2.3±0.4# 2.3±0.3† 

          

Glucose 

(mmol/L) 

Control 1.0±0.1 1.0±0.1 1.0±0.1 1.0±0.1 1.2±0.1 1.2±0.1 1.1±0.1 1.2±0.1 

Asphyxia 1.0±0.1 0.3±0.1‡ 0.8±0.1 1.8±0.2† 1.4±0.1 1.9±0.1 1.3±0.2 1.5±0.1 

6.5.1. Histology  

Bar graphs of NeuN positive counts in the control and asphyxia groups as well as photomicrographs 

of NeuN-positive cells for the studied sections of Figure 6.1 are depicted in Figure 6.3. Asphyxia 

was associated with a significant reduction in NeuN positive cells in all subcortical regions assessed 

(P<0.05), except for the dentate gyrus (Figure 6.3). A representative sample of the caudate nucleus 

and putamen in striatum are shown in Figures 6.3-A and 6.3-B, respectively; hippocampal regions 

of CA1-2, CA3, CA4 and DG are shown in Figures 6.3-C to 6.3-F, respectively. Arrows in Figure 

6.3 demonstrate examples of NeuN-positive neurons identified by an expert (PD). 
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Figure 6.3: Top panel: bar graph of NeuN positive counts in the control (white bars) and asphyxia (black bars) groups. 

Cornu Ammonis (CA), dentate gyrus (DG). Data are mean±SEM. *P<0.05. Bottom panel: representative 

photomicrographs of NeuN-positive immunohistochemically stained neurons in the asphyxia group: caudate nucleus 

(A) and putamen (B) and the cornu ammonis (CA1-2 (C), CA3 (D), CA4 (E)) and dentate gyrus=(F) regions of the 

hippocampus. Examples of NeuN-positive neurons in the asphyxia group are indicated with arrows. Scale bar is 30 μm. 
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6.5.2. Correlating HI sharp waves with Neuronal loss for different Temporal Windows 

Automatic vs manual quantifications 

Figure 6.4 demonstrates the results of how the number of automatically and manually quantified 

sharps waves correlated with the neuronal loss in caudate and DG are shown in Figure 6.4. In 

particular, using 2hr temporal windows post HI insult, results for caudate are shown in Figure 6.4-

A, C, E and for DG in Figure 6.4-B, D, F.  

 
Figure 6.4: The relationship between the number of post-occlusion sharp wave epileptiform transients in the early-, 

mid- and late-latent phase vs the number of surviving neurons (cell/mm2) in caudate (A, C and E, respectively) and DG 

(B, D and F, respectively). The solid blue lines and triangles correspond to manual count by an expert whereas the 

dotted red lines and circles represent the automatic count  of the sharp waves using the WT-Template matching 

classifier.  
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In Figure 6.4-A to 6.4-F, each figure consists of two scatter plots with a straight line fit to each. 

The scatter plots correspond to the amount of NeuN-positive neurons (namely, the surviving 

neurons). The number of the NeuN-positive neurons (cell/mm2) for the designated brain region to 

the number of sharps that were counted manually (blue triangles, solid blue line fit) by an expert 

(PD) and the amount of NeuN-positive neurons in the designated brain region to the number of 

sharps counted automatically (red circles, dotted red line fit) by the developed algorithm. The 

accuracy of our developed automated algorithm to estimate the numbers of sharps counted in the 

manual method for the 2 hour windows was found to be significant (P<0.001) for the 2hrs windows. 

These results also confirm the reliability of the developed WT-Template matching classifier for 

sharp wave identification. 

In addition, correlation results for the number of automatically and manually quantified sharps vs 

different studied striatal and hippocampal brain regions in the 2 hours temporal windows (the sub-

phases of the latent phase) are shown in Table 6.2. These results demonstrate how the most 

significantly correlated data occurs in caudate and DG regions of the hippocampus and striatum. 

Caudate (manual: r=-0.83, P=0.039; automatic: r=-0.83, P=0.042) and DG (manual: r=-0.88, 

P=0.020; automatic: r=-0.86, P=0.028).  

Table 6.2: Correlation coefficients and significance values for the number of quantified sharps vs different studied 

striatal and hippocampal brain regions in temporal windows of 2hrs within the sub-phases of the latent phase. 

  No. of Sharps -early latent No. of Sharps -mid latent No. of Sharps - late latent 

 Manual Auto Manual Auto Manual Auto 

 Corr. P-val Corr. P-val Corr. P-val Corr. P-val Corr. P-val Corr. P-val 

Caudate 0.63 0.177 0.52 0.290 -0.83 0.039 -0.83 0.042 -0.70 0.117 -0.88 0.022 

Putamen 0.58 0.226 0.51 0.296 -0.48 0.331 -0.44 0.379 -0.63 0.181 -0.72 0.108 

CA1/2 -0.58 0.225 -0.53 0.276 0.09 0.861 0.05 0.927 0.37 0.469 0.44 0.382 

CA3 0.64 0.171 0.61 0.201 -0.39 0.450 -0.35 0.496 -0.65 0.160 -0.66 0.149 

CA4 0.48 0.331 0.41 0.422 -0.35 0.502 -0.31 0.553 -0.61 0.198 -0.69 0.133 

DG 0.23 0.658 0.11 0.839 -0.88 0.020 -0.86 0.028 -0.55 0.254 -0.78 0.068 

The 2 hours temporal window was then broken down to further 1hr, 30 mins and 10min temporal 

windows. The results for the 2hr, 1hr, 30 mins and 10min temporal windows are encapsulated in 
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Figure 6.5, respectively. In Figure 6.5, the x-axis represents the temporal window and the left y-

axis represents the correlation between the numbers of NeuN-positive neurons to the number of 

counted sharp waves (where the filled and empty blue rectangles represent the manual and 

automatic methods, respectively). The right y-axis represents the significance of the straight-line 

fit to the data (filled and empty red circles represent the manual and automatic methods, 

respectively). Dashed horizontal red and pink lines are used to represent the 5% and 10% significant 

levels, respectively, and the black box has been used to delineate the potential regions that both 

show considerable significant and correlation coefficients at the same time. From the results of 

Figures 6.5-A to 6.5-P, it was possible to construct a compact and comprehensive figure (Figure 

6.6) of how the significance of the number of NeuN-positive neurons to the number of sharp waves 

behaved for the different temporal windows, for caudate and DG regions from the manual and 

automated methods. The highlighted dark red regions in Figure 6.5 represent strong significance 

(P≤0.05). The results demonstrated in Figure 6.6 are explored below: 

Early-latent phase (0-2 hours) 

Caudate: There was no significant correlation between the numbers of sharp waves and injury in 

the caudate for either the manual and automated method for the 1 or 2 hour time bins. In the 30 

minute time window there was a significant, positive correlation between the number of sharp 

waves and injury in the caudate for the automated (r=+0.80, P<0.05) and manual method (r= +0.87, 

P<0.05, Figure 6.6) in the first 30 min of hour one.  In the 10 min temporal window analysis, there 

was a significant correlation between manual counts and caudate injury scores at 20-30 min 

(r=+0.72, P<0.1), 30-40 min (r=+0.83, P<0.05) and 40-50min (r=+0.81, P<0.05). For the automated 

approach (Figure 6.6), there was a significant correlation between automatic counts and caudate 

injury scores between at 30-40 min minutes (r=+0.77, P<0.1) and 40-50 min (r=+0.78, P<0.1). 

Dentate Gyrus: There was no significant correlation between the numbers of sharps and injury in 

the DG for any time bin except only one bin was significant for the automated method 110-120 

min (r=-0.80, P<0.1, Figure 6.6-D). 
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Mid-latent phase (2-4 hours)  

Caudate: Using the 2 hour temporal window, there was a significant, negative correlation between 

the number of sharp waves and the degree of injury observed in the caudate for the manual              

(r=-0.83, P<0.05) and automated method (r=-0.83, P<0.05, Figure 6.6).  One hour time bin analysis 

demonstrated a significant, negative correlation between the number of sharp waves in the 4th hour 

of injury for the manual (r=-0.87, P<0.05) and automated method (r=-0.86, P<0.05). The 30 minute 

time bin analysis further isolated the relationship showing that there was a significant, negative 

correlation commencing at 3.5 hours for the manual (r=-0.82, P<0.05) the automated method (r=-

0.82, P<0.05). For the 10 minute temporal window there was a significant, negative correlation 

between injury and counts from 200-210 min (r=-0.85, P<0.05) for both manual and automated 

counts and between 150-160 min (r=-0.79, P<0.1 for both manual and automated methods). 

Dentate gyrus:  Using a 2 hour time window, we observed a significant, negative correlation for 

the DG for the manual method (r=-0.88, P<0.05) and the automated method (r=-0.86, P<0.05, 

Figure 6.6). For the 1 hr window, there was a significant correlation using the manual method at 

the 3rd (r=-0.80, P<0.05 manual method and r=-0.78 P<0.05 automated method) and 4th hour (r=-

0.76, P<0.1 manual method and r=-0.73, P<0.1 automated method). For the 30 min window 

analysis, there was a significant correlation for the time windows between 3-3.5 hrs (r=-0.90, 

P<0.05 for both manual and automated methods) and between 3.5-4 hrs (r=-0.80, P<0.1 for both 

manual and automated methods). For the 10 min time temporal window there was a significant 

negative correlation between 150-160 Min (r=-0.91, P<0.05 manual and automated counts), 170-

180 min (r=-0.84, P<0.05 manual and automated counts) and 200-210 min (r=-0.82, P<0.05 manual 

counts, and r=-0.79, P<0.1 automated counts). In addition, a correlation was observed between 

190-200 min (r=-0.76, P<0.1) by manual counts only. 

Late-latent phase (4-6 hours)  

Caudate: Moving to the next 2 hour temporal window, no significant correlation was observed in 

the whole of the late-latent phase between the number of manually quantified sharp waves and the 
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degree of injury; however, a significant negative correlation was found for the automated method 

(r=-0.88, P<0.05, Figure 6.6).  One hour time bin analysis demonstrated a significant, negative 

correlation between the number of sharp waves in the 5th hour of injury for the manual (r=-0.78, 

P<0.1) and automated method (r=-0.88, P<0.05). In addition, a negative correlation was observed 

in the 6th hour of injury for the automatic quantifications only (r=-0.78, P<0.1). Observations of the 

30 minute time bin analysis further revealed a relationship showing that there was a significant, 

negative correlation between 4-4.5 hours and 4.5-5 hours for the automatic method (r=-0.85, 

P<0.05 and r=-0.89, P<0.05, respectively); while the manual counts demonstrated negative 

correlations of (r=-0.65, P<0.1 and r=-0.73, P<0.1, respectively) for the same time period. For the 

10 minute temporal window there was significant negative correlations between injury and manual 

counts from 240-250 min (r=-0.87, P<0.05) and 270-280 min (r=-0.85, P<0.05) while the 

automated counts demonstrated continues negative correlations commencing at 240-330 mins (r=-

0.88, P<0.05), (r=-0.83, P<0.05), (r=-0.78, P<0.1), (r=-0.88, P<0.05), (r=-0.87, P<0.05), (r=-0.81, 

P<0.05), (r=-0.74, P<0.1), (r=-0.80, P<0.1) and (r=-0.77, P<0.1), respectively (Figure 6.6-B). 

Dentate gyrus:  No significant correlation was observed in the whole of the late-latent phase 

between the number of manually quantified sharp waves and the degree of injury in DG for the 2 

hr, 1 hr and 30 mins temporal windows; however, significant negative correlations were found for 

the manual method for the 10 minute temporal window between 240-250 min (r=-0.84, P<0.05) 

and 270-280 min (r=-0.82, P<0.05, Figure 6.6-C). Using a 2 hour time window, a negative 

correlation was observed for the DG for the automated method (r=-0.78, P<0.1, Figure 6.6-D). For 

the 1 hr window, there was a significant correlation in the automated method at the 5th hr (r=-0.86, 

P<0.05). For the 30 min window analysis, significant negative correlations were observed for the 

automated method for the time windows between 4-4.5 hrs and 4.5-5 hrs (r=-0.90, P<0.05, Figure 

6.6-D). For the 10 min time temporal window, continues negative correlations were found between 

injury and automated counts commencing at 240-300 mins (r=-0.95, P<0.05), (r=-0.76, P<0.1), (r=-

0.85, P<0.05), (r=-0.88, P<0.05), (r=-0.80, P<0.1) and (r=-0.73, P<0.1), respectively (Figure 6.6D).
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Figure 6.5: The left y-axis represents the relationship between the number of quantified sharp waves in the latent phase vs neuronal loss whereas the right y-axis representes the 
calculated significance. caudate-manual (A: 2 hourly, B: hourly, C: 30 min, D: 10 min), caudate-automatic (E: 2 hourly, F: hourly, G: 30 min, H: 10 min), DG-manual (I: 2 hourly, J: 

hourly, K: 30 min, L: 10 min), DG-automatic (M: 2 hourly, N: hourly, O: 30 min, P: 10 min). The blue rectangles and red circles represent the correlation and the significance 
respectively. The horizontal red and pink dashed lines represent the significant levels of 5% and 10%, respectively. 

        DG - Automatic

2
 h

o
u

rl
y 

w
in

d
o

w
s

       Caudate - Manual        Caudate - Automatic         DG - Manual

3
0

 m
in

u
te

 w
in

d
o

w
s

1
0

 m
in

u
te

 w
in

d
o

w
s

1
 h

o
u

rl
y 

w
in

d
o

w
s

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6 7

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

T ime interval (hourly sections)

B

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6 7

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (hourly sections)

F

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6 7

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (hourly sections)

J

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6 7

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (hourly sections)

N

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6

S
ig

n
if

ic
a
n

c
e

C
o

rr
e
la

ti
o
n

T ime interval (1/2 hour sections)

C

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6

S
ig

n
if

ic
a
n

c
e

C
o

rr
e
la

ti
o
n

T ime interval (1/2 hour sections)

G

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (1/2 hour sections)

K

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 1 2 3 4 5 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (1/2 hour sections)

O

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 60 120 180 240 300

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

T ime interval (10 min sections)

D

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 60 120 180 240 300

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

T ime interval (10 min sections)

H

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 60 120 180 240 300

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (10 min sections)

L

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 60 120 180 240 300

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

T ime interval (10 min sections)

P

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 2 4 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (2 hourly sections)

A

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 2 4 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

T ime interval (2 hourly sections)

E

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 2 4 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (2 hourly sections)

I

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

-1.00

-0.80

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

0 2 4 6

S
ig

n
if

ic
an

ce

C
o

rr
el

at
io

n

Time interval (2 hourly sections)

M



217 
 

Figure 6.6: The intervals in which the total number of manually and automatically quantified sharp waves along the latent phase significantly correlated to the brain damage in 

caudate and DG. This chart demonstrates the sub-phases of the latent phase in 2 hourly, hourly, 0.5 hourly and 10 min basis. Decimal numbers represent the correlation coefficient.  
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Bonferroni correction   

In testing of statistical hypothesis, the chance of an uncommon event increases if multiple 

hypotheses are considered/tested. Therefore, the likelihood of rejecting the null hypothesis 

increases. In such cases, the Bonferroni correction criterion is considered to compensate the effects 

of the increase in the chance of rejecting the null hypothesis by reducing the significance value to 

𝛼𝑏.𝑒 = 𝛼
𝑚⁄ , which 𝛼 is the original p-value and m is the number of hypothesis (Weisstein, 2004).  

Statistical results of this research were also assessed considering the Bonferroni correction 

criterion. The new p-value (𝛼𝑏.𝑒) was computed at each analysis step by dividing the original 

desired 𝛼 (P=0.05) by 3, 6, 12, and 36 corresponding to the chosen sub-phases of 2hrs, 1hr, 30min 

and 10min intervals (see Figure 6.6). Considering the calculated 𝛼𝑏.𝑒, no significant correlation 

was found between the manually or automatically counted number of sharp waves and the number 

of NeuN positive cells in caudate, putamen, CA1/2, CA3, CA4 and DG in any of the sub-phases. 

As discussed before in section 6.3.1 and in the “experimental protocol” section, this work was 

limited with animal ethics of surgical experiments on fetal sheep. Whilst using 6 preterm fetal sheep 

reduces the power of the test, but the sample size is large enough to show a change. In fact, although 

results do not fall under the strict Bonferroni corrected p-values, but they highlight acceptable 

trends for the purpose of this study. 

Manual vs automatic counts  

Figure 6.7 demonstrates how the efficacy of the developed automated algorithm changes vs manual 

counts for the identification of sharp waves in the latent phase of the injury of in utero preterm fetal 

sheep models. It was found that our developed method produced error in the estimation of the sharp 

waves in the late-latent phases (see Figure 6.7 and Figures 6.6-B and 6.6D). However, results 

shown in Figure 6.7 still magnify the ability of the developed method in identifying sharp wave 

transients within the early hours from HI insult, particularly in the early- and mid-latent phases. 

From another point of view, the algorithm has quantified more sharp transients in the late-latent 

phase compared to the manual counts with a relatively fixed bias of ~5-8 counts; however, the red 
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and the blue line follow the same incremental and decreamantal behavior in the whole latent phase 

including the late-latent phase. 

 

Figure 6.7: Average number of quantified sharp wave transients in 10 min intervals post HI insult. Manual 

quantifications are demonstrated in blue whereas automatic quantifications are in red. 

6.6. Discussion 

This study confirms the significant utility of epileptiform transients as a biomarker for early 

prediction of subcortical neuronal injury in the preterm brain after a significant HI insult in utero. 

Further, it demonstrates, for the first time, that sharp waves can predict regional areas of subcortical 

injury within the first 4 hours after the end of an insult, and in temporal windows of analysis as 

short as 10 minutes. Finally, we have demonstrated that combining our developed automated signal 

processing approaches (Abbasi et al., 2016a, Abbasi et al., 2016b), it is possible to automate the 

accurate detection and quantification of sharp waves in the latent phase in real-time which matches 

the precision of manual counting methods.  

While many cells may die during an HI insult, most cells survive the insult and may show partial 

or complete recovery during the early hours of recovery from the insult (the so called latent phase 

of recovery). This phase is characterized by a restoration of cerebral oxidative metabolism, 

suppression of EEG amplitude with an associated reduction in cerebral perfusion, with the degree 
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of cerebral hypoperfusion related to the severity of the insult (Gopagondanahalli et al., 2016, 

Wassink et al., 2014, Bennet et al., 2010, Gunn et al., 2016). During this time there is an 

upregulation of endogenous neuroprotective factors such as neurosteroids (Yawno et al., 2011) and 

the sympathetic nervous system (Dean et al., 2006a, Dean et al., 2006b), which help support 

survival and repair. The latent phase is relatively short, typically less than 8 hours, and indeed 

optimal cerebral metabolism may only occur during the first few hours (Gopagondanahalli et al., 

2016, Wassink et al., 2014, Bennet et al., 2010, Gunn et al., 2016). Using near infrared 

spectroscopy, measurement of cytochrome oxidase data has shown that in the preterm brain at least, 

oxidative metabolism may start to decline after 3-4 hours (Bennet et al., 2006), and this decline 

may be exacerbated if epileptiform transient activity is increased, as occurs when glucocorticoids 

are administered after an HI insult (Lear et al., 2014). 

The latent phase is followed by a secondary failure of oxidative metabolism (the ‘secondary phase’ 

of injury) and is mediated by several factors including opening of the mitochondrial permeability 

transition pores (MPTP) leading to impaired mitochondrial function (Hagberg et al., 2014). High 

amplitude seizures occur at all ages, however, seizures themselves do not necessarily demarcate 

the start of the secondary phase, or predict injury (Kang and Kadam, 2015). The secondary phase 

is the period where most cells die (Gopagondanahalli et al., 2016, Wassink et al., 2014), and the 

severity of the secondary phase degree of compromise during the secondary phase is associated 

with adverse neurodevelopmental outcomes in children at 1-4 years of age (Roth et al., 1992).  

Commitment to cell death during the secondary phase appears to be largely irreversible due in large 

part to the loss of mitochondrial function (Gunn et al., 2016, Hagberg et al., 2014). However, many 

injured cells can be salvaged during the latent phase as demonstrated by the pre-clinical studies of 

therapeutic hypothermia. These studies showed that when started within two hours of an HI insult, 

therapeutic hypothermia could prevent around 80% of cells from dying, but treatment efficacy was 

lost if the start time of treatment was delayed (Gunn et al., 2016). Clinically, this treatment has 

been shown to be effective (Gunn et al., 2016, Edwards et al., 2010), and recent data show that 
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hypothermia improves energy homeostasis and reduces cellular energy demands by decreasing the 

availability of excitatory neurotransmitters, and thereby, cellular energy demand (Wisnowski et al., 

2016). Currently however, only around 50% of infants benefit from hypothermia started within 6 

hours of birth (Gunn et al., 2016, Edwards et al., 2010). In part this is due to the fact that insults 

begin well before birth, and thus may have evolved beyond the optimal treatment window by the 

time therapeutic hypothermia has been instituted (Gopagondanahalli et al., 2016, Bennet et al., 

2010, Edwards et al., 2010). This problem of injury having markedly evolved by the time of birth 

may be an even greater issue for the preterm infant, who may be at greater risk of HI insults before 

birth (Wassink et al., 2014, Bennet et al., 2010, Low, 2004). 

Thus, to effectively provide treatment to those who will benefit, and to know to what extent an 

infant will benefit requires biomarkers which can be used continuously, at the bedside, which can 

accurately discriminate phases of injury, and preferably specific epochs within those phases to 

allow treatment to start as early as feasible. EEG monitoring offers the capacity to provide 

continuous, non-invasive monitoring of the brain at the bedside, and limited 2-lead amplitude 

integrated EEG is increasingly being used routinely in neonatal intensive care (Chang and N 

Tsuchida, 2014, Pavlidis et al., 2017).We have recently demonstrated that these data correlate with 

gold standard measurements such as polysomnography recordings (Bennet et al., 2016). Patterns 

such as prolonged EEG suppression and burst suppression patterns strongly predict neural 

outcomes, but these EEG features occur in the longer term (Pavlidis et al., 2017, Glass et al., 2017, 

Fogtmann et al., 2017). EEG amplitude may be suppressed in the latent phase as part of endogenous 

neuroprotection processes, and occurs in both those who will develop injury and those who do not 

(Wassink et al., 2014, Bennet et al., 2010, George et al., 2007, George et al., 2004). Thus it is not 

surprising that latent phase EEG suppression does not correlate well with neural outcomes, and 

where a correlation is found, it is usually towards the end of the phase (Bennet et al., 2010). 

Currently, clinical EEG monitoring is often started days after birth, and the ‘early’ predictive 
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capacity of EEG recordings usually refers to 24-72 hours (Bennet et al., 2010, Fogtmann et al., 

2017). 

However, we have previously demonstrated that changes in EEG frequency may better predict 

outcomes at an earlier stage and that the occurrence of epileptiform transients (e.g. spikes, sharp 

waves, and slow waves) underpin these changes in EEG frequency (Bennet et al., 2010). We have 

previously demonstrated that epileptiform transients only occur fetuses that go on to have injury 

(George et al., 2004), and that total numbers all transients (spikes, sharp waves, and slow waves) 

during the latent phase correlated with striatal injury (Bennet et al., 2007b). These data are 

consistent with clinical observations that the occurrence of epileptiform transients correlate well 

with adverse neurological outcomes (Toet et al., 1999, George et al., 2004, Sarkar et al., 2008, 

Bennet et al., 2010, Azzopardi, 2015, Jiang et al., 2015, Roth et al., 1992) in newborns , but these 

studies did not evaluate the temporal nature of transients.  

This current study evaluated one specific epileptiform transient: the sharp wave, because this 

waveform is frequently assessed when evaluating the brain for pathological indices (Tsuchida et 

al., 2013, Chang and N Tsuchida, 2014). Clinically, increased numbers of sharp waves, and the 

appearance of poly-waves or runs of transients, is associated with brain lesions and adverse 

neurodevelopmental outcomes in term and preterm infants (Toet et al., 1999, George et al., 2004, 

Sarkar et al., 2008, Bennet et al., 2010, Azzopardi, 2015, Jiang et al., 2015, Roth et al., 1992). We 

have previously established that WT-Template matching classifier is effective for automatic 

identification of sharp wave transients (Abbasi et al., 2016b, Abbasi et al., 2014, Abbasi et al., 

2014), and in this study we have combined this technique with a SEMS detection method to reduce 

false detection of sharp waves (Abbasi et al., 2016a).  

Our histological data show injury patterns to the striatum and hippocampus, consistent with that 

seen clinically in preterms (Gunn et al., 2016, Edwards et al., 2010, Gopagondanahalli et al., 2016, 

Bennet et al., 2010, Wassink et al., 2014, Low, 2004, Back, 2014). Such injury in individuals born 

preterm are associated with impaired motor and cognitive skills, and increased risk of behavioral 
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abnormalities (Nosarti et al., 2014, Kalpakidou et al., 2014, Abernethy et al., 2004). Our data 

demonstrate that latent phase sharp waves correlate with injury in specific regions of the striatum 

(the caudate) and hippocampus (dentate gyrus), but not in other subcortical areas. This likely 

reflects the fact that evolution of injury is not a uniform phenomenon, but rather there is a temporal 

nature to injury itself (Kirino, 2000). Studies suggest, for example, that the hippocampus may 

become injured later than areas such as the striatum (Pulsinelli et al., 1982), and this may be due, 

at least in part, to an earlier loss of cerebral oxidative metabolism in the striatum versus the 

hippocampus (Pulsinelli and Duffy, 1983). Caudate injury in part relates to vulnerability to 

expression of neuronal nitric oxide synthase (nNOS) likely produced by adjacent cells, which is 

associated with oxygen free radical production, glutamate receptor activity and calcium entry into 

the cells (McQuillen and Ferriero, 2004). The caudate can be selectively protected by 

administration of NO inhibitors (Ishida et al., 2001, Drury et al., 2013), with evidence that this 

helps stabilize cerebral metabolism (Drury et al., 2013). However, we must also consider that other 

types of epileptiform transients may better predict injury in hippocampus and putamen and further 

work is required in this area.  

Intriguingly, we observed a positive correlation between sharp wave counts and injury in the 

caudate during the first 30-50 min of the early-latent phase recovery period. This finding 

demonstrates, for the first time, that the epileptiform transient activity seen during very early 

recovery may relate to restoration of function of some cells in the striatum, and in particular that of 

the caudate nucleus. It must be remembered that not all post-ischemic EEG activity should be 

interpreted as pathogenic. Limited data suggest that subcortical regions have increased perfusion 

during HI insults (Gunn and Bennet, 2009), and the striatum may be relatively well supplied 

compared to the hippocampus which is more vulnerable to HI insults, although injury to the DG is 

usually more moderate (Williams et al., 1992, Tan et al., 1996). This in turn would lead to quicker 

restoration of cellular homeostasis of select striatal neuronal groups during reperfusion and early 

recovery compared to the hippocampus.  
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In contrast, in the mid-latent phase there is a negative correlation between sharp waves and numbers 

of surviving cells in the caudate and in the DG. It may be speculated that the cells that initially 

recovered may now become quiescent as part of endogenous neuroprotection which in part works 

through suppressing EEG activity to reduce metabolic demand. Those cells that are destined to die 

are now producing sharp waves. It is this mid-latent phase which first predicts the occurrence of 

injury, and bulk numbers of transients occur during this phase (Bennet et al., 2010). Increased sharp 

waves not only signal cellular dysfunction, but likely contribute to evolving injury by metabolically 

stressing injured cells (Bennet et al., 2010). We have previously demonstrated that increasing 

epileptiform transient numbers is associated with increased injury (Dean et al., 2006a) and 

suppressing transients with decreased injury (Dean et al., 2008, Bennet et al., 2007b). At seven 

days, injury in the DG is not significantly different to control group values, and this is not 

surprising. The DG is often not as injured as other regions (Yamashima et al., 2007), and we have 

previously reported, in this model, that there is resolving injury and marked proliferation after 5 

days (Barrett et al., 2012, Drury et al., 2014a). Consistent with moderate injury which resolves, our 

data show a slightly earlier correlation between sharp wave counts with DG injury compared to the 

caudate suggesting slightly earlier injury processes.  

Signal processing wise, the increase in the average difference between the number of automatically 

vs manually quantified sharp waves in the late-latent phase mostly attributes to the appearance of 

other epileptiform seizures such as slow-waves (with higher amplitudes) and near high amplitude 

seizures (see Figure 6.8) in only two of our sample sheep; which serves to decrease the reliability 

of the automated method in the late-latent phase. However, this this does not reduce the valuable 

exact identification and quantification of HI sharp waves within the early- and mid-latent phases 

where the hypothermic treatments shown to be significantly effective.  
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Figure 6.8: A sample EEG section containing the HI epileptiform seizures which the algorithm detects them wrong. 

However, these micro-scale seizures are consisted of very close frequency components to the sharp waves and they 

might have been originated from the same place in the brain. Due to this reason, they could not be considered as an 

absolute error compared to the manual counts and properly the algorithm could be trusted 

Therefore, however, whilst the late-latent phase was not, in general, a reliable predictor of outcome 

it is felt that this result is inconsequential due to the very accurate automated predictor of outcome 

that our algorithm provides in the early latent phase and mid-latent phase. In addition, detection in 

the late-latent phase would prove difficult to implement a clinical intervention due to consent issues 

required at such a late time. Thus, our automated signal processing approaches provide excellent 

agreement with manual counting that exists in the early and mid-latent phases and thus permit a 

feasible real-time prediction of HI well in advance of the late-latent phase.  

In summary, our data demonstrate the utility of EEG sharp-waves in predicting neural injury, and 

confirm that increasing numbers of sharp waves, superimposed on a suppressed EEG background, 

and in the absence of high amplitude seizures, marks the early to mid-latent phase. We have shown, 

for the first time, that these sharp waves are driven at least in part by striatal injury, confirming data 

from others about the slower onset of hippocampal injury. Further work is required to determine 

the utility of sharp waves in predicting injury to the thalamus, but it is likely that this region will 
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be similar to the striatum. We have also demonstrated that very early sharp waves are not 

necessarily pathogenic, but rather signal restoration of cellular homeostasis in the caudate. These 

data suggest that very early treatment which helps support normal metabolism may help reduce 

injury in this area. Indeed, our data support the need to institute treatment as soon as feasible during 

the latent phase. Finally, the data highlight the need for early and continuous EEG monitoring, and 

our study demonstrates that we can reliably automate measurement of sharp waves, and in 

relatively small windows (10 min) of time. 
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Chapter 7  

Automatic identification of micro-scale high frequency spikes  

in the HI fetal sheep EEG 

7.1. Introduction 

This chapter constitutes a collection of 2 small independent studies using pilot data on other HI 

EEG transients (gamma spikes in particular) as well as the effects of MgSO4 on HI EEG sharp wave 

transients. In particular, this chapter details the automated methods that were developed for the 

identification of HI spike transients along EEG after an occlusion period of 25 minutes. Using fetal 

EEG sampled at 1024Hz, this chapter will also highlight how the HI gamma spike waves burst after 

the reperfusion phase in the 1024Hz sampled EEG after an occlusion period of 25min.  

As allowed by the University of Auckland under the 2011 Statute and Guideline for the Degree of 

Philosophy (PhD), results and materials represented in sections 7.2 and 7.3 of the current chapter 

were drawn from my publications on the automatic methods for identification of HI gamma spike 

waves transients of asphyxiated in utero preterm fetal sheep models sampled at 1024Hz. 

Conference papers: 

1- 2014: Abbasi, H., Unsworth, C. P., McKenzie, A. C., Gunn, A. J., & Bennet, L. (2014, August). 

Using type-2 fuzzy logic systems for spike detection in the hypoxic ischemic EEG of the preterm 

fetal sheep. In Engineering in Medicine and Biology Society (EMBC), 2014 IEEE 36th Annual 

International Conference of the IEEE (pp. 938-941). IEEE. DOI: 10.1109/EMBC.2014.6943746 

2- 2015: Abbasi, H., Gunn, A. J., Bennet, L., & Unsworth, C. P. (2015, August). Reverse                      

Bi-orthogonal wavelets & fuzzy classifiers for the automatic detection of spike waves in the EEG 

of the hypoxic ischemic pre-term fetal sheep. In Engineering in Medicine and Biology Society 

(EMBC), 2015 IEEE 37th Annual International Conference of the IEEE (pp. 5404-5407). IEEE. 

DOI: 10.1109/EMBC.2015.7319613 
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Results and contents of the current chapter are mainly extracted from the above publications as 

allowed by the University of Auckland under the 2011 Statute and Guideline for the Degree of 

Philosophy (PhD). The major research sections of the above papers has been written and prepared 

for submission by the author of the current thesis; however, co-authors of the research: Associate 

Professor Charles P. Unsworth, Professor Laura Bennet and Professor Alistair Gunn have 

commented and advised on the papers. 

The first publication in 2014 is focused on the identification of spike patterns in the hypoxic-

ischemic EEG of asphyxiated in utero preterm fetal sheep sampled at 64Hz using a template 

matching technique.  

In 2015, collection of EEG signals at a considerably higher frequency of 1024Hz significantly 

helped to improve the performance of the automatic identification of the HI spike waves. The 

obtained results from the second paper demonstrate a significant ability for real-time automatic 

identification of HI spike waves and accurate quantification of these transients in the 1024Hz HI 

EEG using the combined power of by reverse Bi-orthogonal wavelets and IF-THEN thresholding 

classifier techniques. 
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7.2. Using Template matching classifiers for Spike Detection in the Hypoxic Ischemic 

EEG of the Preterm Fetal Sheep  

In this work, the rules of a template matching classifier are firstly derived to classify what I consider 

as an ideal spike which we define in the EEG of an asphyxiated in utero preterm fetal sheep sampled 

at 64Hz. Secondly, the template matching classifier assesses each shape profile in terms of its 

defined “spikiness” and determines whether it falls into the spikes group or not. Using a template 

matching approach allowed us to differentiate between the degrees of similarity that exist between 

the profiles of spikes and sharp waves. An adaptive thresholding method has been employed in 

order to increase the spike detection ability of the purposed system. Finally, I demonstrate the total 

performance of the template matching classifier to be significantly more reliable than methods 

presented by Walbran (Walbran et al., 2009, Walbran et al., 2011). 

7.2.1. Method 

In this work, 8 hours post-asphyxia of the in utero fetal EEG was recorded and digitized at a 

sampling frequency of 64Hz. The algorithm performance was assessed over data sets with lengths 

of 38400 points (10 minutes). Normalization and de-meaning processes were performed on the 

recorded signal. An adaptive thresholding method was employed to make the algorithm EEG/Phase 

independent. In this study, spike activity detection was carried out on three 10 min durations within 

the latent phase after; 0.5 hour (h), 3.0 h and 6.2 h. Severe EEG amplitude damping and cerebral 

hypo-perfusion occur in the first phase. The maximum number of transient activities were observed 

in the mid-latent phase and also advanced metabolic deterioration commences in this interval. In 

addition, the total number of transients reduced in the last phase (the late latent phase). Initially, all 

the transients of the latent phase from the left EEG channel recordings were identified manually by 

an expert (HA) and also categorized into groups of the high frequency low amplitude transients; 

spikes (<70 ms), sharps (70–250 ms), slow waves (250-400 ms), and complexes (sharp waves 

followed by several spikes associated with slow waves). 
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A triangular region of likelihood (as the template envelope) was defined in our method to locate an 

ideal spike as the Template Envelopes (TEs) (Figure 7.1).  

 

Figure 7.1: Template Envelops for spikes in template matching classifier. 

In particular, an ideal spike was characterized if it has an amplitude of greater than 20μV and a 

duration of less than 70ms (Frequency greater than 14.3 Hz). A skew criterion (left, right, and 

center) was also defined for the spikes. This will be later demonstrated in Figure 7.5. Mainly this 

was needed as the EEGs were sampled at a relatively lower sampling rate of 64Hz. A sample of 

the detection boundaries for the detected spikes in the Early-latent phase is depicted in Figure 7.5. 

The template matching classifier was employed to capture the similarity of a detected pattern to an 

ideal spike in the EEG signal with epileptic seizures in the background (Figure 7.2). 

 

 

Figure 7.2: EEG processing by means of template matching classifier 
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A segment of the early-latent phase highlighting the correct detections is depicted in Figure 7.3. 

The developed network demonstrated a good ability in the detection of multiple spikes which were 

close together in different temporal sections (Figure 7.4), effectively increasing the algorithm 

performance. 

 

Figure 7.3: A section of raw EEG singnal in the Early-latent phase and the corresponding correct detections along HI 

EEG. Sampling frequency: 64Hz 

7.2.2. Results 

The sensitivity and selectivity criteria, described before in equations 5.2 to 5.4, were used to 

evaluate the performance of the algorithm.  

A spike detection is called true positive (TP) when the spike is detected by both the algorithm and 

an expert; a false positive (FP) is when a spike is detected by algorithm and not by an expert and a 

false negative (FN) is when not detected by the algorithm and identified by an expert. In addition, 

the template matching classifier was compared against our previous methods for spike detection is 

the same specimen of Haar wavelet (Walbran et al., 2011) and STFT (Walbran et al., 2009).  
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Figure 7.4: Detected spikes which are very close together in time. EEG sampling frequency: 64Hz 

The maximum and minimum boundaries of all the detected spikes from three different spike groups 

over the selected EEG segment of the Early-latent phase and a sample spike in each category are 

depicted in figure 7.5a-c. 

 

Figure 7.5: Three different template envelopes of the detected spikes in Early-latent phase.  

Sample detections are shown in dashed lines 

The authors identified manually 213, 88, and 73 spikes in three distinct 10 min segments of the 

early, mid and late latent phases, respectively. The algorithm performance was calculated according 

to the equations (5.2), (5.3), and (5.4). Tables 7.1 to 7.3 illustrate the superiority of the template 
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matching classifier for spike detection purposes over our previous methods. The template matching 

classifier demonstrated excellent ability in the correct detection of 209 spikes among the total 

number of 213 spikes in the Early-latent phase. As a result, the proposed template matching 

classifier model has detected the spikes with the overall performance of 96.0%, 95.5% and 77.7% 

in the Early, Mid, and Late latent phases, respectively.  

Table 7.1: Algorithm performance – Early-latent phase 

 
Sensitivity (%) Selectivity (%) Overall Performance (%) 

Haar Wavelet [ ] 80.3 79.2 79.8 

STFT [**] 82.1 78.4 80.3 

Template matching detector 98.1 93.7 96.0 

 

Table 7.2: Algorithm performance – Mid-latent phase 

  Sensitivity (%) Selectivity (%) Overall Performance (%) 

Haar Wavelet [*] 81.8 82.8 82.3 

STFT [**] 89.8 88.8 89.3 

Template matching detector 95.5 95.5 95.5 

 

Table 7.3: Algorithm performance – Late-latent phase 

  Sensitivity (%) Selectivity (%) Overall Performance (%) 

Haar Wavelet [*] 66.3 77 71.7 

STFT [**] 78.4 71.6 75 

Template matching detector 73.6 81.7 77.7 

                                                
      (Walbran et al., 2011) 

**   (Walbran et al., 2009) 
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7.2.3. Conclusion 

In conclusion, a new method based on the template matching classifier has been presented for the 

spike identification in a preterm fetal sheep EEG signal during the latent phase of the injury after 

hypoxic-ischemia. Dealing with the uncertainty issues of the detection, the discussed method has 

shown considerable capability in the recognition of spikes from the other similar transients. 

For the benchmark animal, the performance of the developed algorithm was assessed over the three 

10 minute EEG intervals of the early-, mid-, and late-latent phase, respectively; Namely, 

considerable overall performances of 96.0%, 95.5% and 77.7% were obtained by evaluating the 

sensitivity and selectivity factors in the Early-, Mid-, and Late-latent phase, respectively. In the 

late-latent phase, detection of the sharp waves with those who were appeared around 70ms have 

effectively incremented the number of false positive detections and caused a reduction in the 

algorithm performance. The template matching classifier algorithm has demonstrated enhanced 

performance in the detection of single spikes in the fetal sheep EEG signals as well as multiple 

spikes which are located very close to each other in time. However, in some rare cases the algorithm 

misinterpreted a detection of rare sensitive spikes. 

This study was performed on limited data using the EEG signal from one sample preterm sheep to 

pilot the developed technique. It is expected that the discussed performances might change for more 

detailed sets of data using larger sheep cohort. However, it is expected that the algorithm highly 

works well for 64Hz sampled EEG signals from a larger cohort. Clearly because the process of 

signal collection would be the same and the same spike patterns are expected to appear at 64Hz 

sampling rate. 
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7.3. Reverse Bi-orthogonal Wavelets for the Automatic Detection of Spike Waves in the 

EEG of the Hypoxic Ischemic Pre-term Fetal Sheep 

7.3.1. Background and HI gamma spikes  

As discussed in chapter one, research have shown that the therapeutic window of opportunity after 

HI brain injury would be very short (the latent phase: ~6h). Therefore, it is very important to 

identify the markers of the HI brain injury as early as possible during the period in which the 

treatment is effective. A few recent clinical and experimental epilepsy studies using high frequency 

sampled EEG, conducted on both animals and patients, suggest that High Frequency Oscillations 

(HFOs) and ripples (categorized in the frequency range of >80Hz ) could be excellent candidate 

biomarkers to predict the onset of epileptic seizures (Bragin et al., 2010, Bragin et al., 2004, Jacobs 

et al., 2010, Jirsch et al., 2006, Jacobs et al., 2012). They suggest that bursts of HFOs within a very 

short period of time are correlated to the generation of later seizures (Bragin et al., 2010, Jacobs et 

al., 2012). The generation mechanisms of the HFOs as well as their potential clinical applications 

have been reviewed by Bragin et al (Bragin et al., 2010). Jacobs et al have suggested that the HFOs, 

categorized as the gamma, high gamma, ripple, and fast ripples can definitely be considered as a 

diagnostic tool for epilepsy that can be used in conjunction with other techniques (Jacobs et al., 

2012). 

It has been demonstrated that intracranial  EEG (iEEG) or ECoG techniques should be used to 

record and monitor these type of events along high resolution electrophysiological signals that are 

shown to be originated from deeper brain structures (i.e. hippocampus) (Bragin et al., 2010, Engel 

Jr et al., 2009). Therefore, the HFOs are of potential clinical importance and it can be inferred that 

HI spike waves may well have an analogous role in HI as HFOs do in epileptic human studies. 

This insight was inspirational in terms of thinking about the similarities between the HFOs vs 

epileptic seizures and the early high frequency EEG transients post HI insult vs the appearance of 

the later high amplitude epileptiform transients. In fact, in my research, working with high 
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resolution fetal sheep EEG/ECoG signals sampled at 1024Hz, I noticed that micro-scale spike 

waves of amplitudes 10-25𝜇𝑉 and frequency range≈100-120Hz (gamma frequency band >40Hz) 

(see chapter one) start bursting in the signal right after the reperfusion phase ends for almost 60 to 

90 minutes then somehow fade out completely in the mid-latent phase (rarely seen) and appear in 

a slightly different profile in the late-latent phase with a higher amplitudes at both tails. In fact, the 

number (rate) of the HI gamma spike transients is significantly higher in the early-latent phase 

compared to the mid- and late-latent phase. However, this behavior is not similar in all individuals, 

but the gamma spike bursts interval after the reperfusion phase is consistent in which the frequency 

of high frequency spikes is quite high. This behavior was even seen in asphyxiated preterm fetal 

sheep with shorter occlusion period (i.e. 15 and 19 min).  

Figure 7.6 demonstrates how the HI gamma spike waves burst after the reperfusion phase in the 

EEG after an occlusion period of 25 min. In this figure, the gamma spike waves are highlighted in 

red. This behavior is consistent with the aforementioned HFO epileptic studies in the literature and 

could suggest that the gamma spike patterns could play an important key role in prediction of 

epileptiform seizures.  

Figure 7.7 demonstrates how the number and the mean of profile shape of the HI gamma spike 

waves change within the sub-phases of the latent phase (2 hourly basis). As it was mentioned, these 

 

Figure 7.6: HI gamma spike waves (Freq≈120Hz) after HI insult in the latent phase of preterm fetal sheep. The 

highlighted red patterns are the location of automatically identified HI gamma spikes. 
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spikes burst in the early-latent phase right after the reperfusion phase (i.e. 384 spikes for the 

example sheep shown in Figure 7.7-A). Then somehow fade out in the mid-latent phase or rarely 

appear (i.e. n=5 in this example – Figure 7.7-B) in suppressed amplitudes (around or less than 

10 𝜇𝑉). Then eventually start appearing again more frequently (i.e. n=63 in this example – Figure 

7.7-C) in a different profile (particularly at both tails) in the late-latent phase with a higher 

amplitudes at both tails. Clearly the profile of the spikes (especially at both end tails) change as the 

EEG power increases along the latent phase. 

 

Figure 7.7:  Mean and total number of profile shape of the HI gamma spike waves within the sub-phases of the latent 

phase (2 hourly basis). A) Early-latent phase B) Mid-latent phase C) Late-latent phase. 

Therefore, complementary to the experimental and clinical HI studies in the literature, HI micro-

scale gamma spikes and sharp waves within the latent phase are the biomarkers of oxygen 

deprivation after the HI brain injury. This totally agrees with the studies in literature where it firmly 

suggests that the treatment should be started as early as possible within the window of opportunity 

after HI.  

In 2015, we managed to obtain fetal sheep EEG/ECoG signals recorded at the higher sampling 

frequency rate of 1024Hz. This subsequently allowed us to monitor HI transients that occur with 

higher frequencies, namely the HI gamma spikes defined and described in chapter 1. I discussed 
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that literature suggests that these high frequency transients are originated from deeper brain 

structures such as hippocampus. 

This study described the advantage of using reverse bi-orthogonal wavelets (RBIO-WT), with the 

rbio2.8 mother wavelet as the transformation function, in conjunction with an IF-THEN 

thresholding classifier for the accurate detection of HI micro-scale spike wave transient that occur 

in the gamma frequency band in the EEG of preterm fetal sheep sampled at 1024Hz, when a rapid 

diagnosis of HIE would be sought. 

This work reports how it is possible to push the sensitivity and selectivity envelope even further 

than that which was reported in the previous work (Abbasi et al., 2014b) for effective HI gamma 

spike detection in high resolution HIE EEG recordings using the RBIO-WT classifier. The 

algorithm performance for spike detection is assessed against 3 other types of common wavelet 

(namely, the Mexican hat, Daubechies and Haar wavelets) over the most critical time period of 25 

minutes within the first 8 hours, post occlusion using an in utero fetal sheep model. Obtained results 

demonstrate that the suggested algorithm detected spikes with a considerably high overall 

performance of 99.25% using the developed RBIO-WT classifier. As discussed before in chapter 

1, an early automated recognition and counting scheme to accurately identify and quantify HI 

gamma spike transients can prove beneficial in early onset detection of HIE. 

7.3.2. Data acquisition 

Fetal asphyxia was applied through the obstruction of the umbilical cord for 25 minutes, as reported 

in (Bennet et al., 2006, Dean et al., 2006, Abbasi et al., 2015, Bennet et al., 2007a, Bennet et al., 

2007b) using a silicon occlude (In Vivo Metric, Healdsburg, CA, USA). Complete asphyxia blood 

composition results including the pH, partial pressure of arterial carbon dioxide (PaCO2) and the 

partial pressure of arterial oxygen (PaO2) of the sample sheep are given in Table 7.4.  

Under the afore-mentioned conditions, 8 hours post-asphyxia of the fetal EEG was recorded and 
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Table 7.4: Asphyxia blood composition results. 

 30 min pre (Baseline) 10 min post 20 min post (Asphyxia) 1 hr post 3 hr post 6 hr post 

PH 7.394 7.239 6.851 7.339 7.404 7.424 

PaCO2 

(mmHg) 
47.7 51.3 123.9 46.2 46.9 47.5 

PaO2 

(mmHg) 
26 37.4 12.4 32 26.6 28.2 

 

digitized at sampling frequency rate of 1024 Hz. All the spike transients among the early latent 

phase from the left EEG channel. 

Recordings were initially identified manually by an expert by characterizing an ideal spike transient 

to have an amplitude of greater than 20μV and a duration of less than 70ms (Namely, a frequency 

greater than 14.3 Hz). This study was conducted over a 25 minute period in the Early-latent phase 

after 0.5 hours of occlusion. (Where, the early latent phase would be the most preferential phase of 

detection as it would provide a clinician with the earliest opportunity for treatment). 

7.3.3. Wavelet decomposition  

As discussed in chapter 2 (wavelet analysis chapter), stretching and shifting (“dilating and 

translating”) of a mother wavelet function along an arbitrary signal reveals the time-frequency 

locations of the identified signal of interest at different decomposition scales being dependent on 

the characteristics of the chosen mother wavelet. For more information on wavelets and wavelet 

decomposition, I refer the reader to take a look at chapter 2. 

Particular types of non-complex mother wavelets, such as reverse bi-orthogonal wavelets, have 

very similar profiles to an ideal HI gamma spike in the 1024Hz sampled HIE EEG. In this work, 

the reverse bi-orthogonal (rbio2.8) mother wavelet is assessed for the primary identification of HI 

gamma spike transients and the results are compared with the application of the Mexican hat, 

Daubechie and Haar wavelets. The basis functions of these mother wavelets are shown in Figure 

7.8. 
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7.3.4. Method 

A graphical representation of the developed method is shown in Figure 7.9. The Raw EEG was 

first zero-meaned and normalised. The CWT of the zero-meaned, normalised signal in the lower 

decomposition scales was then evaluated for the 4 mother wavelets in Figure 7.8. 

For more information on wavelets and wavelet decomposition see chapter 2 (wavelet analysis 

chapter). The theory of the implementation of biorthogonal wavelets was comprehensively detailed 

in chapter 2. 

The total performance of the algorithm was highly dependent on the threshold value that would be 

applied to the decomposed signal. Thus, an optimum threshold value was determined for each 

decomposition scale to obtain the best overall performance. The amplitude of the thresholded 

decomposed signal at a spike point and the amplitude of the normalized and zero-meaned signal 

were used in an expert spike detector (described in (Abbasi et al., 2014a)) for final reasoning. 

7.3.5. Results 

Spike detection was carried out, using the aforementioned method, over a single time-series of 

preterm fetal HIE EEG, recorded in 1024Hz. The algorithm performance of the RBIO-WT 

classifier was assessed over a critical 25 minute section from the early-latent phase, post hypoxic 

insult. The early latent phase was chosen here as this phase is the most preferential phase of 

detection that contains the most number of HI spike waves and therefore could provide a clinician 

with the earliest opportunity for treatment.  

A total number of 334 spikes were initially identified manually by an expert in a 25 minute section 

of the early-latent phase. The sensitivity and selectivity performance criteria described in section 

7.2.2 was used for the overall performance evaluation of the WT classifier (Equations 5.2 to 5.4). 
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Figure 7.8: A sample spike wave and mother wavelets used for HI spike detection 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.9: Suggested method for HI gamma spike detection 
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A correct detection is called true positive (TP) when a spike transient was detected both by an 

expert and the algorithm; a missing manually detected transient in the algorithm detection is called 

false negative (FN); and a false positive (FP) detection occurs when the algorithm identifies a 

transient incorrectly. 

“IF-THEN” Thresholding rules were defined in the conceptual reasoning block of the classifier for 

final decision making (Fig 7.9) that helped to obtain outputs similar to that employed in human 

decision making. General Boolean operators such as “AND”, “OR” and “NOT”, that are 

respectively known as minimum, maximum, and complement, are used in this block (Yager and 

Zadeh, 2012). In such a system, each rule maps multiple inputs from input space to one or more 

outputs on output space. However, to make this type of reasoning clear, I show an example on how 

the IF-Then sets in the developed classifier can be used for spike detection. Figure 7.10-A 

demonstrates a 12 sec section of original 1024Hz sampled EEG signal from preterm sheep, post HI 

insult, containing two big spike transients at seconds 2.69, 6.32 and one small one at sec 10.64. 

Figure 7.10-B demonstrates the CWT of the signal in Figure 7.10-A using Rbio2.8 of scale 7. Both 

of the signals are now passed to the classifier and different threshold values are defined to be used 

in its decision making system for final reasoning. For instance, for a particular point, if the original 

value in the raw EEG is either greater or less than 20μV Threshold (|𝜆1| => 20𝜇𝑉) and the value 

of the wavelet transformed signal is again either greater or less than a certain value (|𝜆2| =>

𝑎𝑙𝑝ℎ𝑎) then that particular point is most likely is a part of a spike transient. The value of alpha 

that is defined by an expert highly manipulates the performance of the classifier. Therefore, it needs 

to be defined wisely. In this particular example in Figure 7.10, the two spike transients at seconds 

2.69 and 6.32 are classified in the “detected-spikes” groups, because they both satisfy the “if” rule 

by possessing values of > 20𝜇𝑉  in the raw EEG and > 𝑎𝑙𝑝ℎ𝑎 in the transformed signal. In 

contrast, the spike transient at second 10.64 will not be classified in the same group as because the 

first part of the “if” rule is not satisfied (the transient’s value in the raw EEG signal is less than 

20𝜇𝑉). 
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Figure 7.10: (A) 1024Hz sampled EEG signal from preterm sheep containing spike transients,  

(B) The CWT of the EEG signal on the top using Rbio2.8 of scale 7. 

In the next section, I will demonstrate how change of alpha (threshold value) could result in 

different overall performances. As a result, the rbio2.8 mother wavelet demonstrated excellent 

spike identification along the 1024Hz sampled EEG signal compared to the Mexican hat, 

Daubechie and Haar mother wavelets. Previously, the superiority of using Rbio2.8 for HI gamma 

spike detection was addressed in chapter 2, comprehensively. The algorithm performance results 

for the best calculated thresholds using the 4 mother wavelets are shown in Table 7.5.  

Table 7.5: Algorithm performance (%) – Early-latent phase 

Mother 

Wavelet 
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Sensitivity 

(%) 

Selectivity 

(%) 

Overall 

performance (%) 

Rbio2.8 3 1.6 99.10 99.40 99.25 

Mex. hat 2 5.6 84.78 84.52 84.65 

Daubechie 5 4.8 84.18 84.18 84.18 

Haar 5 0.2 82.09 61.25 71.67 
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Figure 7.11 indicates the dependence of the algorithm performance on threshold value. Numerical 

results from Fig. 7.11 are given in Table 7.6.  

 

Figure 7.11: Algorithm performance of the optimised threshold value 

for rbio2.8 (scale 3)  

The RBIO-WT classifier showed considerable ability to detect upward spikes as well as downward 

spikes (with a different polarity), accurately shown in Figure 7.12. 

Table 7.6: Algorithm performance for Rbio2.8 scale 3 for different threshold values – Early-latent phase 

Mother Wavelet 
Sensitivity 

(%) 

Selectivity 

(%) 

Overall performance (%) 

0.4 88.06 64.55 76.31 

1.6 99.10 99.40 99.25 

3 77.31 85.76 81.54 

4 57.61 79.42 68.52 
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Figure 7.12:  HI gamma spike detection of upward and downward spikes using rbio2.8 wavelet coefficients of scale 3. 

In particular, the rbio2.8 CWT in the 3rd decomposition scale with a cut-off threshold value of 1.6 

was found to be the best decomposition scale for optimum spike detection performance of the 

classifier classifying 332 spikes correctly with only 2 incorrect detections and 3 missed spikes in 

the sample data set. This produced a sensitivity of 99.1% and selectivity of 99.4% and an overall 

performance of 99.25%. In contrast, the decomposition coefficients of the Mexican hat, Daubechie 

and Haar wavelets were found not to be well-aligned with the spike’s summit point subsequently 

causing a significant reduction in the total performance values. Thus, overall performances of 

84.65%, 84.18%, and 71.67% were obtained using the Mexican hat, Daubechie and Haar wavelets, 

respectively. The algorithm performance reported here shows an improvement in comparison to 

our previous research reported in (Abbasi et al., 2014b) which gave a sensitivity and selectivity of 

98.1% and 93.7% respectively. The main reason is working with higher frequency sampled signals 

provides more precise fundamentals for signal processing proposes. 

0 0.5 1 1.5 2 2.5 3
-25

-20

-15

-10

-5

0

5

10

15

20

25

Time (sec)

E
E

G
 A

m
p
lit

u
d
e
 -

 (
u
V

)

Correct detections



 
 

246 
 

7.3.6. Conclusion 

In conclusion, section 7.3 highlighted the fact that HI gamma spikes along the latent phase are 

reliable biomarker of HIE when the brain injury still has the chance of recovery. In this section, the 

advantages of using a RBIO-WT classifier were investigated for precise HI gamma spike wave 

transient detection in the high resolution EEG of 1024Hz. The algorithm performance was assessed 

over a critical 25 minute section from the early-latent phase, post hypoxic insult of a pre-term fetal 

sheep in utero, when a rapid diagnosis of HIE would be sought. It was found that an overall 

performance of 99.25%, was achieved using the RBIO-WT, rbio2.8, in the classifier compared to 

84.65%, 84.18%, and 71.67% for the Mexican hat, Daubechie and Haar wavelets, respectively. 

Previously, the superiority of using Rbio2.8 for HI gamma spike detection was addressed in chapter 

2, comprehensively. Thus, the obtained results demonstrate a significant ability for HI spike wave 

detection and accurate quantification in the 1024Hz HI EEG using the combined power of an 

RBIO-WT, rbio2.8, and an IF-THEN thresholding classifier. 

This study was performed on limited data using EEG signal from one sample sheep to pilot the 

developed technique. It is expected that the discussed performances might change for more detailed 

sets of data using larger sheep cohort. 

7.4. Summary 

All the conference papers discussed in this chapter were pilot studies for the developed algorithms 

in each section with limited data. Therefore the discussed performances might change for more 

detailed sets of data. 

Clinical and animal studies on epilepsy using high frequency sampled EEG demonstrate that high 

frequency oscillation events (HFOs) occurring in the frequency range of >80Hz can be used to 

predict the onset of epileptic seizures. In fact, it has been shown that bursts of HFOs along EEG 

and iEEG/ECoG signals in a specific period of time is correlated with the later EEG seizures and 

therefore, of potential clinical importance. 
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In the current research, working with high resolution fetal sheep EEG/ECoG signals sampled at 

1024Hz, I noticed that micro-scale HI gamma spike waves with various amplitudes (mostly 10-

20𝜇𝑉) in the frequency range of 100-120Hz, start bursting in the signal between around 30 min to 

90 min post HI insult then somehow fade out in the mid- and late-latent phase (often rarely seen in 

this phase or appear with very lower amplitudes). However, this behavior is not exactly the same 

in all individuals, but the gamma spike bursts interval after the reperfusion phase is consistent even 

in asphyxiated preterm fetal sheep with shorter occlusion periods of 15 and 19 min. Consistent with 

the HFOs epileptic human studies in the literature, it can be discussed that the appearance of HI 

gamma spikes with considerable higher rates within the early 2 hours of the latent phase (the early 

latent phase) can play a key role in the prediction of high amplitude epileptiform seizures in the 

secondary phase of injury. Therefore, it is concluded that HI micro-scale gamma spikes within the 

early latent phase are the biomarkers of oxygen deprivation after HIE. 

In this chapter, it was demonstrated how a heuristic template matching technique can be used for 

the identification of spike patters in the HI EEG of asphyxiated in utero preterm fetal sheep sampled 

at 64Hz with significant measured sensitivity and selectivity performances of 98.1% and 93.7% 

respectively. It was also demonstrated how a hybrid method by the combination of the reverse Bi-

orthogonal wavelets and IF-THEN thresholding classifiers can be used for the automatic 

identification of the HI gamma spike waves along the 1024Hz sampled EEG of the preterm fetal 

sheep. It was pointed that such an online identification and quantification of the HI gamma spike 

waves can be markedly beneficial for rapid diagnosis of HIE early on. It was found that an overall 

performance of 99.25%, was achieved using the suggested algorithm for the rbio2.8 mother wavelet 

compared to 84.65%, 84.18%, and 71.67% for the Mexican hat, Daubechie and Haar wavelets, 

respectively.  

The overall performance of the WT classifier using rbio2.8 mother wavelet of scale 7 was further 

assessed over the entire first 6 hours EEG of 7 preterm fetal sheep sampled at 1024Hz. Obtained 

results clearly showed that the WT classifier accurately identifies the HI micro-scale spike waves 
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along the entire latent phase of 7 the fetal sheep cohort. It was demonstrated that as the threshold 

value increased, the number of false detections increase which caused a reduction in the selectivity 

and overall performance, consequently. 

In general, sections 7.2 and 7.3 of the current chapter highlighted the fact that HI gamma spikes 

along the latent phase (early-latent phase in particular) are reliable biomarker of HIE when the HIE 

is still recoverable. Therefore, the suggested online automatic identification methods can be used 

for early detection of these high frequency transients within the early-latent phase which 

significantly helps for early prediction of the HIE and an early start of the treatments. 
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Chapter 8 

Discussion and Future Work 

 

8.1. Discussion 

The objective of this thesis was to develop automated algorithms for the accurate and reliable real-

time identification, quantification and analysis of specific electroencephalographic (EEG) micro-

scale transients as potential biomarkers for evolving brain injury. The focus of this PhD thesis was 

on the real-time assessment of the micro-scale HI transients that have the potential to be served as 

biomarkers for the diagnosis of injury, analysis of their correlation with neuronal loss, and to 

develop automated algorithms for accurate and reliable identification and quantification of these 

particular waveforms along 1024Hz sampled EEGs from preterm fetal sheep studied in utero.  

In the first chapter, it was discussed that hypoxia-ischemia (HI: reduced oxygen delivery and 

perfusion), before or during birth, can lead to neonatal death and brain injury (encephalopathy). It 

was explained that preterm and lower birthweight infants are at a significantly greater risk of long-

term neurological conditions ranging from epilepsy, cognitive disorders and ADHD to major motor 

disorders such as cerebral palsy and mental retardation. It was discussed that such conditions place 

a huge burden to individuals and their families as well as the health care systems. Therefore, it was 

explained that to avoid lifetime health costs of such disorders, interventions that prevent or reduce 

the adverse effects of HI are highly in demand. Prenatal and neonatal HI studies have shown that 

brain injury caused by lack of oxygen evolves over time, and this evolutionary process provides a 

window of opportunity for possible treatments. Animal studies have shown that a window of 

opportunity for treatment exists during the early stages of the evolution of HI injury that lasts for 

~3-6h post HI insult; when the brain injury is still reversible and the brain cells have a chance of 
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recovery. Studies of therapeutic hypothermia have demonstrated that the earlier treatment is started, 

the more effective the reduction in brain injury, with efficacy lost if treatment is delayed. However, 

this treatment is only effective in around 50% of babies, and in large part this is because many 

babies are born with injury having progressed beyond the therapeutic window of opportunity. 

While this treatment is currently only available in its current for term infants, experimental studies 

demonstrate that preterm brain injury after an acute insult evolves over a similar period of time. 

Thus new treatments which target stabilization of cellular function and oxidative metabolism will 

benefit these infants. However, we must know which the phase of injury.  

It was pointed out that currently, it would be hard to tell whether an infant will benefit from 

treatment or not; as currently there is a lack of biological markers (biomarkers) to improve 

determination of which infants are at risk of injury and clearly detect where the phase of HI brain 

injury is located at, in time. It was also explained that there are many limitations associated with 

current biomarkers. However, recent experimental studies suggest that signatures of evolving HI 

brain injury emerge as particular micro-scale epileptiform HI transients in a profoundly suppressed 

EEG background, after a severe HI insult. In this thesis, HI micro-scale transients were studied in 

1024Hz sampled EEGs from preterm fetal sheep at 0.7 gestation after asphyxia induced by 

reversible umbilical cord occlusion, at an age when brain maturation is broadly equivalent to 28-

30 week humans. It was discussed that the HI micro-scale epileptiform transients in the latent phase 

emerge in the form of gamma spikes, sharps, slow-waves as well as SEMS and complexes post-

asphyxial insult.  

Due to the evolving nature of HIE, it was discussed how the behavior of the HI micro-scale 

epileptiform transients within this period can be related to the evolution of the injury. It was 

discussed that, clinically, epileptiform transients in the preterm infant have been shown to be 

associated with the HI injury after insult, but the timing of these events as part of the evolution of 

injury has not been established yet. It was also discussed that due to the evolutionary nature, it is 

implied that HI micro-scale transients later lead to high amplitude epileptiform seizures and 
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therefore, early identification of these types of transients can help to explain the timing of the HIE 

at its very early stages. In preterm fetal sheep, epileptiform transients only occur in animals who 

develop injury, and that the total number of epileptiform transients in the latent phase correlated 

with neuronal injury after an HI injury. Finally, chapter one discussed how the conventional EEG 

can be used as a powerful tool for diagnostics of prenatal and neonatal HI brain injury (including 

preterms, near-terms, and full-terms) at pre-clinical and clinical stages. The benefits of using fetal 

sheep models as a method for examining the adaptations to HI insults, and fetal EEG monitoring 

were also explained. 

Chapter two detailed the required signal processing background on time-frequency analysis 

techniques with particular emphasis on the Multi-Resolution Analysis (MRA) as well as the 

wavelet techniques for the identification and quantification of HI epileptiform transients along EEG 

signals obtained from the in utero fetal sheep model. The wavelet selection criteria based on 

different measures such as the Energy, Shannon entropy and cross correlation was discussed and it 

was explained how these techniques can be useful to specify a proper wavelet at a certain scale for 

analysis of a particular type of pattern. The application of Shannon Entropy in conjunction with 

cross correlation for determination of a suitable wavelet for spectral analysis of HI sharp wave was 

later detailed in chapter five. Furthermore, the relationship between the number of scale and 

frequency was comprehensively described. In this regard, different techniques such as wavelet-

based energy distribution, wavelet power spectral density and pseudo-frequency approximation 

were explained and the link between these methods was reviewed.  

In chapter three, principals of theory of computational template matching and its applications in 

digital signal processing, pattern recognition and classification were introduced. It was discussed 

how different types of template matching strategies can be developed for precise decision making 

on an unknown output. Sets of Template Functions (TF) were then introduced. It was also explained 

how such systems are able to handle the embedded uncertainties of a system and how uncertainty 

in Template Envelopes (TEs) can be defined in the classifier for conceptual reasoning that allows 
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to deal with larger portions of inherent uncertainties of a nonlinear system. It was then discussed 

that the embedded uncertainties incorporated in the TFs could be managed to define an effective 

function-based classification method in a template matching classifier that would be useful for 

pattern recognition and classification. Finally, the combination of Wavelet analysis with template 

matching techniques and wavelet structures were introduced. It was explained that wavelet-

template matching structures provide robust architecture compared to other intelligent signal 

processing approaches. It was explained that defining a similarity criterion in the compact Wavelet-

Template Envelopes in such systems could help to effectively increase the identification and 

quantification abilities and reliability of the final output. Finally, template matching-based hybrid 

structures were introduced and it was described how performance can be improved by combining 

wavelets and template matching techniques. 

Chapter four details a comprehensive literature review on automatic signal analysis methods for 

identification and classification of epileptic seizures, particularly spikes and sharp waves. In this 

chapter, different advanced signal processing techniques for identification, quantification and 

classification of epileptiform activities in the EEG were reviewed. A variety of different advanced 

signal processing methods were discussed that have been employed by researchers in the analysis 

of EEG signals and diagnosis of brain dysfunction through identification and classification of the 

epileptiform abnormal activities. In contrast, I explained how the definitions of HI epileptiform 

spikes and sharp waves are slightly different compared to the similar conventional clinical seizures 

defined in human EEG. Chapter four then addressed that, to date, no exact EEG biomarker has 

been reported for early prediction of HIE and therefore the literature on the identification of these 

biomarkers is strictly limited at the time. 

In chapter five, it was demonstrated how a novel fusion of wavelet techniques with a template 

matching classifier was developed for the real-time identification and accurate quantification of HI 

micro-scale sharp wave transients in the EEG of asphyxiated in utero preterm fetal sheep models 

(Abbasi et al., 2014a; Abbasi et al., 2016b). The described approach in chapter five differed 
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significantly by the novel use of a wavelet transform to compact the template functions (TFs) and 

provide a more compact template envelopes (TEs) for the Wavelet-Template matching classifier. 

Chapter five addressed ways of reliable automatic detection of HI micro-scale sharp wave 

epileptiform transients in the 1024Hz sampled EEG during the latent phase, post HI insult. It was 

demonstrated that it is possible to robustly detect and quantify HI micro-scale sharp wave 

epileptiform transients accurately in over 30 hours of post-HI EEG collected at higher sampling 

rate of 1024Hz from the in utero preterm fetal sheep models compared to the clinical and animal 

studies using 64Hz and 256Hz sampled signals. It was explained that the developed method initially 

performs a wavelet transformation of the sharp waves, which serves to stabilize the variation in 

their profile, and thus permitted a highly compact Template Envelope (TE) to be built, which in 

turn optimizes the performance of a template matching classifier. Assessing more than 5000 sharp 

waves from six preterm fetal sheep, it was shown that with the correctly chosen wavelet, this 

method leads to higher overall performance for both a 64Hz sampled EEG and a high resolution 

1024Hz sampled EEG, compared with both conventional standard wavelet and template matching 

approaches undertaken in isolation. In fact, the WT-Template matching classifier performed best 

when the template envelopes were built from Gaussian 2, scale 32 wavelet transformations of the 

sharps waves for a 1024Hz sampled EEG providing an excellent overall performance of 97%±1. 

In addition, it was evident that the robust performance of the WT-Template matching classifier was 

dependent on building a compact TEs, strongly supporting the idea that a Template Envelope built 

from a suitable chosen wavelet transformation of the sharp waves can provide superior performance 

over Template Envelopes built from raw sharp waves alone.  

The developed WT-template matching classifier technique in chapter five was described to be 

unique and novel as no other group to date has developed detection methods specifically for this 

type of HI sharp wave in HI animal model as human HI EEG has been concerned primarily with 

improving the accuracy of seizure detection in the HI EEG of human neonates. The work has been 

published as a journal article in the International Journal of Neural Systems. 
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Abbasi, H., Bennet, L., Gunn, A. J. & Unsworth, C. P. (2016, August). Robust Wavelet Stabilized 

'Footprints of Uncertainty' for Fuzzy System Classifiers to Automatically Detect Sharp Waves in the 

EEG after Hypoxia Ischemia. International Journal of Neural Systems. 1650051 (2016) 

[16 pages] DOI: 10.1142/S0129065716500519. (Impact factor 6.507) 

Automatic identification of SEMS 

The third study in chapter five discussed a new potential EEG transient biomarker in the form of 

stereotypic evolving micro-scale seizures (SEMS) that mostly emerge during the mid- and the late-

latent phase and often closer to the onset of the high amplitude stereotypic evolving seizures. Using 

1024Hz sampled EEG from preterm fetal sheep, I described that a fusion technique based on 

Wavelets and IF-THEN Thresholding classifier can be used to automatically identify the potential 

course (from onset to the end) of these events during the latent phase post HI insult. It was discussed 

that this real-time identification of the SEMS can be served to reduce false detection of sharp waves 

(see chapters 5 and 6). 

Abbasi, H., Bennet, L., Gunn, A. J., & Unsworth, C. P. (2016, August). Identifying stereotypic 

evolving micro-scale seizures (SEMS) in the hypoxic-ischemic EEG of the pre-term fetal sheep with 

a Wavelet Type-II Fuzzy classifier. In Engineering in Medicine and Biology Society (EMBC), 2016 

IEEE 38th Annual International Conference of the IEEE (pp. 973-976). 

MgSO4 vs HI Sharp waves 

The forth study in chapter five discussed how the drug MgSO4 is used clinically as it may provide 

a degree of neuroprotection. This has been studied in preterm fetal sheep that did not in fact observe 

protection. However, MgSO4 acts to block glutamate NMDA receptor activity and thus can have 

anti-seizure properties. This study was concerned with investigating how the number of transients 

varied for MgSO4 intervention and if the developed algorithm could detect the shape waves along 

an MgSO4 treated EEG. The number of quantified sharp wave transients during the latent phase in 

control vs. MgSO4-treated fetal sheep were compared using the automatic sharp detector. Assessing 

over 660 minutes of the post-HI latent phase it was shown that the current algorithm could detect 

MgSO4 shape waves and that there were no significant differences in number of sharp wave 

http://dx.doi.org/10.1142/S0129065716500519
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transients in the early- and mid-latent phases of injury for both fetal sheep. However, in the late-

latent phase the MgSO4-treated fetal sheep had significantly fewer sharp wave transients than the 

control fetal sheep. In fact, complementary to the results of this thesis in chapter six, MgSO4 is 

likely to supress the negatively correlated HI transients that occur in the late latent phase and help 

to preserve brain cell functionality (see chapter 7). 

Lakadia, M. J., Abbasi, H., Gunn, A. J., Unsworth, C. P., & Bennet, L. (2016, August). Examining 

the effect of MgSO4 on sharp wave transient activity in the hypoxic-ischemic fetal sheep model. 

In Engineering in Medicine and Biology Society (EMBC), 2016 IEEE 38th Annual International 

Conference of the (pp. 908-911). IEEE. 

HI Sharp wave biomarkers reveal the relation between efficiency of hypothermia and 

number of surviving neurons 

Chapter six of this thesis confirmed the significant utility of epileptiform transients as a biomarker 

for early prediction subcortical neuronal injury in the preterm brain after a significant HI insult in 

utero. It was explained that there is an interest to determine how an increase or decrease in the 

number of HI micro-scale transients along the latent phase can be correlated with worsening or 

improving the brain damage. It was demonstrated, that sharp waves can predict regional areas of 

subcortical injury within the first 6 hours after the end of an insult, and, for the first time I have 

demonstrated that this prediction could occur in temporal windows of analysis as short as 10 

minutes. It was demonstrated that combining the developed automated signal processing 

approaches for automatic identification of sharp wave transients combined with a SEMS detection 

method to reduce false detection of sharp waves enabled accurate automated detection and 

quantification of epileptiform transients (Abbasi et al., 2014a; Abbasi et al., 2016a; Abbasi et al., 

2016b). It was shown that this allows for an accurate automatic detection and quantification of HI 

micro-scale sharp waves in the latent phase, in real-time, which matches the precision of manual 

counting methods.  

I also investigated the possible relationship between automatically identified HI sharp wave 

transients vs. striatal and hippocampal neuronal loss and the facilitation of real-time detection of 
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evolving HI injury in the preterm fetal sheep model. This study demonstrated how the numbers of 

HI sharp wave biomarkers in specific temporal epochs during the latent phase correlated to 

subcortical neuronal survival. The work demonstrated the utility of epileptiform transients as an 

early biomarker of evolving preterm brain injury and their relation to subcortical neurological 

damage, particularly in striatum and hippocampus. The work has been submitted to the journal 

Brain. 

Abbasi, H., Bennet, L., Gunn, A. J., & Unsworth, C. P. (2017). The Sharp Wave: An EEG biomarker 

for perinatal Hypoxic-Ischemic Encephalopathy. Brain. (Impact factor 2015: 10.103) 

Very Early Sharp wave indicators of damage to come 

In chapter six of this thesis, I demonstrated where temporally in the latent phase the occurrences of 

the HI micro-scale sharp waves correlates to striatal and hippocampal brain damage. It was shown 

how the automatic quantification and identification of HI sharp wave transients within the latent 

phase would help to determine where in time the brain injury exactly occurs. It was discussed how 

the number of micro-scale sharp wave transients in the early (0-2 hours), mid (2-4 hours) and late 

(4-6 hours) phases of the latent phase are correlated with histological outcomes, 7 days after 

asphyxia. Results were then examined further over narrower temporal window sizes of 1hr, 30 min 

and 10 mins within the latent phase to investigate where exactly in time the occurrence of the HI 

micro-scale sharp waves correlate with subcortical neuronal loss in the striatum and hippocampus. 

Striatal brain sections, caudate and putamen, as well as hippocampal brain sections of CA1-2, CA3, 

CA4 and DG (CA, cornus ammonis; DG, dentate gyrus) from a preterm fetal sheep brain were 

targeted in this study. It was demonstrated that the neuronal survival for caudate and DG is 

significantly correlated to the number of both automatically and manually identified sharp waves 

for different temporal windows. 

Intriguingly, a very significant positive correlation was also observed between sharp wave counts 

and injury in the caudate during the first 30-50 min of the early-latent phase recovery period. This 

finding demonstrated, for the first time, that the HI epileptiform transient activity seen during very 
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early recovery may relate to restoration of function of some cells in the striatum, and in particular 

that of the caudate nucleus. This may reflect better perfusion and oxygenation to this region, or 

excessive glutamate which is triggering cell depolarisations. This early activity may also contribute 

to later damage we observe, as histologically cell survival was significantly reduced in the striatum.  

Significant negative correlation levels were found (P-value<5% and |Correlation coefficient|>80%) 

in the mid- and late-latent phases in caudate and DG. In contrast, no significant correlation was 

found between the number of HI sharps and other studied brain regions (such as putamen, CA1/2, 

CA3 and CA4). This likely reflects evolution of injury after 6 hours of recovery, consistent with 

other studies showing delayed cell death in the hippocampus. This is a novel finding, and 

demonstrates that the sharp waves are detecting injury in specific regions of the brain. Further 

studies comparing sharp waves to other subcortical neuronal populations such as the thalamus and 

to white matter is required. The accuracy of my developed automated algorithm to estimate the 

numbers of sharps counted in the manual method for different temporal window sizes was found 

to be significant that confirms the reliability of the developed WT-template matching classifier for 

sharp wave identification (refer to chapter 6).  

Pre-clinical findings that treatments such as hypothermia are most effective when started in the 

early parts of the latent phase, with efficacy halved by the late latent phase. While the bulk of 

irreversible injury occurs during the secondary phase, my study clearly demonstrates that injury 

processes are actively in process during the latent phase and can be detected in short intervals of 

time. The data strongly support the concept that treatments like therapeutic hypothermia should be 

started within 2 hours after the end of the insult to prevent more damage. This is challenging, as 

clinically the average start time of treatment is 4 hours. Further, it requires constant monitoring of 

the EEG to understand the changes in EEG activity. My study has, however, demonstrated that we 

can reliably automate detection of sharp waves. Additionally, more studies are needed to 

understand how other clinical treatments such as glucocorticoids and magnesium sulfate may 

change the timing or distribution of transients.  
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Therefore, according to the results of my thesis in chapter 6 and consistent to the literature, it can 

be postulated that an early start of hypothermic process initiated around 60-90 minute after 

reperfusion will give a chance to the positively correlated brain activities to emerge and brain 

initialization is set; then prevents from evolution of HI brain injury in a preterm brain if started 

within the early-latent phase by blocking of the negatively correlated HI transients within the mid- 

and late-latent phases to appear and helps for a better outcome (see chapter 6). 

Finally, results from chapter six highlight the need for early and continuous EEG monitoring, and 

this research demonstrated that we can reliably automate measurement of HI sharp waves, and in 

relatively small windows (10 min) of time. 

Automatic identification of HI spikes 

Chapter seven discussed several independent studies using pilot data on the automatic detection of 

other specific EEG transients namely spikes and SEMS as well as the effects of MgSO4 on HI EEG 

sharp wave transients after an occlusion period of 25 minutes.  

The first study in chapter seven detailed a template matching-based method for the spike 

identification in 64Hz sampled EEG signal during the latent phase of the injury after hypoxic-

ischemia from an in utero preterm fetal sheep (Abbasi et al., 2014b). Overall performances of 

96.0%, 95.5% and 77.7% were obtained from the developed algorithm over three 10 minute 

intervals along the early-, mid-, and late-latent phase, respectively. It was discussed that the 

detection of the sharp waves with those who were appeared around 70ms effectively incremented 

the number of false positive detections in the late-latent phase and caused a reduction in the 

algorithm performance. The template matching algorithm has demonstrated enhanced performance 

in the detection of single spikes in the 64Hz fetal sheep EEG signals as well as multiple spikes 

which were located very close to each other in time.  

Abbasi, H., Unsworth, C. P., McKenzie, A. C., Gunn, A. J., & Bennet, L. (2014, August). Using type-

2 fuzzy logic systems for spike detection in the hypoxic ischemic EEG of the preterm fetal sheep. 

In Engineering in Medicine and Biology Society (EMBC), 2014 IEEE 36th Annual International 

Conference of the IEEE (pp. 938-941). IEEE. 



 

259 

 

In chapter seven, it was explained that clinical and experimental studies using high frequency 

sampled EEG suggest that bursts of High Frequency Oscillations (HFOs – including Gamma 

waves: >80Hz) within a very short period of time are correlated to the generation of later seizures; 

and therefore, are suitable biomarkers to predict the onset of epileptic seizures.  It was explained 

that intracranial  EEG (iEEG) or ECoG techniques are required to monitor these type of events 

along high frequency recordings that discussed to be originated from deeper brain structures (i.e. 

hippocampus). In the second study in chapter seven, working with EEG/ECoG signals sampled at 

1024Hz from asphyxiated preterm fetal sheep (occlusion period=25min), it was demonstrated that 

micro-scale HI gamma spike waves start bursting in the signal between around 30 min to 90 min 

post reperfusion phase then faded out in the mid-latent phase (rarely seen in this phase) and appear 

with a slightly different profile shape in the late-latent phase. This behavior was discussed to be 

consistent even in asphyxiated preterm fetal sheep with shorter occlusion period (i.e. 15 and 19 

min) (see chapter 7). 

The second study in chapter seven explained how an automated fusion technique based on reverse 

bi-orthogonal wavelets and IF-THEN Thresholding classifiers (Abbasi et al., 2015) can be used for 

accurate identification and localization of HI gamma spikes during the latent phase along 1024Hz 

sampled EEGs of preterm fetal sheep, with overall performance of 99.25%. It was discussed that 

reliable identification of HI gamma spikes is of high clinical importance as they generally burst 

quite early in the post HI EEG when the hypothermic strategies shown to be highly effective (2 

hours post HI insult) and this can subsequently help for a rapid diagnosis of HIE at its very early 

stages. In addition, if the sampling frequency is high enough, then it was firmly suggested that the 

morphology of the HI gamma spike waves can be sought for the timing issues of the HIE.  

Abbasi, H., Gunn, A. J., Bennet, L., & Unsworth, C. P. (2015, August). Reverse Bi-orthogonal 

wavelets & fuzzy classifiers for the automatic detection of spike waves in the EEG of the hypoxic 

ischemic pre-term fetal sheep. In Engineering in Medicine and Biology Society (EMBC), 2015 IEEE 

37th Annual International Conference of the IEEE (pp. 5404-5407). IEEE. 
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8.2. Summary 

In conclusion, using the preterm fetal sheep model as a method for examining the adaptations to 

HI insults, this thesis demonstrated that the developed automated HI transient detection approaches 

successfully provide very close agreement with manual counting that existed in the latent phases, 

post-HI insult, and thus permit a feasible real-time prediction of HI well in advance when the injury 

is still reversible. Signal processing-wise, this thesis highlighted the power of a new developed 

fusion technique using wavelets and template matching classifiers for the efficient detection and 

quantification of HI micro-scale transients in 1024Hz EEG from in utero preterm fetal sheep and 

suggest that there should be a movement toward recording high frequency EEG for analysis of 

hypoxic ischemic micro-scale transients that does not occur at present. 

Furthermore, it was demonstrated where temporally in the latent phase the occurrences of the HI 

micro-scale sharp waves correlates to striatal and hippocampal brain damage. In fact, results of my 

thesis highly emphasize the importance of early identification of the HI micro-scale transients and 

firmly confirmed the fact that, to be effective, cerebral hypothermic treatments need to be started 

as soon as possible within the early-latent phase (0-2hrs) from the end of occlusion. Finally, this 

thesis highly suggests the importance of collecting EEG at higher sampling rates for analysis of 

hypoxic ischemic micro-scale transients that does not occur along current 1024Hz sampled signals. 

8.3. Future works 

I here suggest a number of complementary works that can be potentially investigated from the work 

of this thesis: 

1- The current thesis confirmed the significant utility of HI epileptiform transients as a 

biomarker for early prediction of subcortical neuronal injury in the preterm brain after a 

significant HI insult in utero. It was demonstrated that both automatically and manually 

quantified HI sharp wave transients are correlated with regional areas of subcortical injury 

within the first 6 hours after the end of HI insult and in temporal windows of analysis as 
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short as 10 minutes (histology data: at 7 days post-asphyxia). Further assessments can be 

done to compare the potential correlations between other HI transients, particularly HI 

gamma spike waves and SEMS as well as high amplitude epileptiform seizures vs 

subcortical neuronal loss in both term and preterm brain. In fact, from the quantification 

point of view, this idea can be further investigated to analyze how the total number of HI 

transients within the sub-phases of the latent phase can relate to subcortical neuronal 

damage across the brain if the experiments are stopped at the end of the 2nd, 4th, and 6th 

hours after the end of the occlusion. This will help for a better understanding of the effects 

of HI micro-scale transients in the absence of the high amplitude seizures within the 

secondary phase. 

2- As discussed in chapter 6, other types of transients, in the form of slow waves, complexes 

and near high amplitude seizures exist in the HI EEG (particularly with higher rates in the 

late-latent phase – see Figures 1.5, 6.8). It was demonstrated how this can affect the total 

performance of the sharp detection algorithm (see figures 6.4, 6.6 and 6.7). To increase the 

overall performance of the current WT-template matching classifier in the late-latent phase, 

it would be prudent to develop a new detection strategy to reliably identify and remove 

these other types of transients from the EEG before the WT-template matching classifier is 

applied to the signal. However, this will not be a trivial problem as the spectral 

characteristics of these type of transients are very similar to the HI sharp waves. 

3- According to the results in chapter 7, HI gamma spike transients burst in the early-latent 

phase (around 60-90 min), post HI insult then somehow fade out and appear with 

considerable lower rates and slightly different profile in the mid- and late- latent phases 

(see Figure 7.6). Therefore, the frequency (rate) of the HI gamma spike transients was 

discussed to be considerably much higher in the early-latent phase. Due to availability of 

data, the main focus of this thesis was on the HI sharp waves and not the HI gamma spikes. 

However, at this moment, using EEG signals from 7 preterm fetal sheep, I have 
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concentrated on the improvement of the discussed automatic technique in chapter 7 (see 

section 7.3) to assess its reliability in identification of HI gamma spikes along the latent 

phase (results will be published in near future). In chapter 7, I also briefly discussed how 

the profile shape and the total number of the HI gamma spikes change along the latent phase 

(see figure 7.7). In fact, the author firmly suggests that the morphology of the HI gamma 

spike waves along the latent phase could be investigated to address the timing issue of the 

HIE for both term and preterm brain. 

4- Finally, my observations from limited pilot data indicate that HI gamma spike transients 

appear along the latent phases of in utero preterm fetal sheep with shorter occlusion periods 

of (15 min, n=2) and (19 min, n=1) (similar behavior to what is shown in Figures 7.6). It is 

suggested that automated signal processing techniques can be used to study and compare 

the morphology and the frequency of these transients between the animals with shorter and 

longer occlusion periods, for both term and preterm brain. 
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