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Abstract

One-third of patients suffering from chronic epilepsy, which is caused by abnormal brain activity, is
drug-resistant. Animal models are widely used in preclinical studies to study the mechanisms leading
to epilepsy so better drug treatments can be developed for this disease. An commonly used animal
model is the intrahippocampal kainic acid (IHKA) mouse mode, which models human temporal lobe
epilepsy (TLE) in mice. In such preclinical studies, epileptiform activity, assessed by LFP recordings,
can be used as a marker for the development and chronification of disease. However, the analysis
of LFP recordings is typically done manually, which is time-consuming, subject to observer bias, error-
prone, and lacks consistency and efficiency. Current solutions to overcome this work exist, but all have
one of two downsides: (1) the proposed method is not fully automated and thus still need manual effort
to do the analysis or (2) the proposed method is not tailored towards the IHKA mouse model which
has specific markers that (potentially) serve as indicators for the progression of epilepsy. This work
introduces a new 3 stage methodology for the classification of epileptiform activity in the IHKA mouse
model. Our methodology relies on a spike detector using an improved version of the nonlinear energy
operator (NEO) in combination with automatic NEO thresholding (ANT). The detected spikes form the
basis of epileptiform event detection and classification. The proposed method is implemented in Python
as an algorithm that can be used to analyze LFP recordings from preclinical studies. A time saving
of 98.8% is achieved over manual analysis when using the proposed algorithm. Epileptiform event
detection accuracy was 93.1%, and classification accuracy was 95.8%. Additionally, the proposed
3 stage classification methodology is simulated and implemented in hardware using an application-
specific integrated circuit (ASIC). In the simulation, the real-time potential of a brain-machine interface
(BMI) is shown, and the implementation of an ASIC using the Taiwan semiconductor manufacturing
company (TSMC) 40nm library constitutes a post-layout area of 9114 m? and a dynamic power usage
of 16.09 uW. A real-time demonstration of the hardware is done using a field programmable gate array
(FPGA), which shows the real-time implementation of the proposed 3 stage classification methodology
as a BMI.
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Introduction

1.1. Motivation

Epilepsy is a neurological disorder characterized by recurrent seizures caused by abnormal and ex-
cessive neuronal activity in the brain, and affects approximately 65 million people worldwide [1] and in
The Netherlands 62,500 people where the prevalence per age group is shown in Figure 1.1 [2]. The
consequences of epilepsy can be severe to patients as seizures can involve symptoms such as loss of
consciousness, and prolonged failure to control attacks can lead to cognitive decline and, in rare cases,
can result in the death of the patient [3]. Approximately 60% of patients suffer from partial (or focal)
epilepsy, meaning that seizures originate in only part of the brain. The most common type of partial
epilepsy is temporal lobe epilepsy (TLE), which typically originates from the hippocampus, entorhinal
cortex, or amygdala [4]. Around one-third of the patients with TLE are resistant to medication, making
it one of the most drug-resistant types of epilepsy [5].
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Figure 1.1: Prevelancy of epilepsy in The Netherlands for male and female per age group [2].

Preclinical studies in rodents in which epilepsy is evoked are performed to investigate the underlying
disease mechanisms in search of new treatments for epilepsy. A commonly used model for TLE is
the intrahippocampal kainic acid (IHKA) mouse model [6]. Epileptiform activity, i.e. excessive, highly
synchronized neural network activity [7], is visible in local field potential (LFP) recordings. LFP record-
ings measure electrical brain activity with an electrode inside the brain tissue and are comparable to
electroencephalography (EEG), which is measured outside the scalp. The epileptiform activity found in
LFP recordings can be categorized into two main types: isolated spikes and epileptiform events, where
the epileptiform events can be classified into multiple subgroups. All forms of epileptiform activity can
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potentially serve as indicators of the progression of epilepsy. During the preclinical studies, a lot of LFP
recordings are generated. The analysis of LFP recordings for epileptiform activity, traditionally done
manually [8, 9], is a time-consuming process and prone to observer bias and error [10].

1.2. State-of-the-Art Solutions

In the past, besides options for spike and/or burst detection available in commercial software packages
[11, 12], various (open-source) efforts have been made to implement an epileptiform activity detector
that can extract spikes and epileptiform events and classify them into different subgroups. Multiple
methods exist that can detect epileptiform events using multiple filters, after which the signal is thresh-
olded [13, 14]. The advantage of this technique is that it is relatively simple to implement, but it lacks
robustness as manual set thresholds are used, which is also less time-efficient than automated thresh-
olding. One method, by Jackson et al. [15], performed the extraction of both spikes and epileptiform
events by first conducting spike detection using amplitude thresholding, followed by the detection of
epileptiform events. Although this is time-efficient in the sense that it reduces the amount of manual
labour, its implementation lacks robustness to noise and employs overly lenient epileptiform event de-
scriptions not fitting the IHKA mouse model, leading to an increased risk of false positives. At last,
machine learning models exist, like Wei et al. [16] introduces. The authors introduced a model based
on the XGBoost algorithm, trained on various mouse models of epilepsy, including the IHKA mouse
model. Using machine learning models, such as the XGBoost algorithm, for the present study is, how-
ever, not possible for two reasons. Firstly, the algorithm uses EEG instead of LFP, which records
electrical brain activity in a different manner. Secondly, an already existing machine learning model
cannot be trained on another epilepsy model like our IHKA model without having an extensive labelled
dataset that would require a lot of manual analysis.

These current state-of-the-art solutions can thus detect epileptiform activity in LFP recordings but are
either not fully automated and thus not time-efficient or are not implemented using the IHKA mouse
model. Thus, developing an automated, time-efficient methodology that can detect and classify epilep-
tiform activity from EEG recordings from the IHKA model would facilitate research, improve accuracy,
and accelerate advancements in epilepsy altogether.

1.3. Research Statement

To improve the state-of-the-art, a solution that can classify epileptiform activity in LFP recordings from
the IHKA mouse model is necessary. The following questions can help find a suitable solution: How
can the classification of epileptiform activity be tailored towards the IHKA mouse model? How can the
classification of epileptiform activity be automated so that minimal human input is necessary? And at
last, how can a hardware implementation be designed so that real-time classification can be done?

To design such a new solution, a collaboration between the TU Delft and the Department of Neurology
and Human Genetics at the Leiden University Medical Center (LUMC) has been set up. At the LUMC,
preclinical EEG studies on TLE are being conducted. This collaboration is instantiated to develop an
automated and time-efficient tool that can detect and classify epileptiform activity from LFP recordings
using the IHKA mouse model. All the data used for this thesis originates from the preclinical study at
the LUMC.

1.4. Contributions

This thesis presents a new methodology for automated detection and classification of epileptiform ac-
tivity in LFP recordings. It consists of three steps and is developed using data from the preclinical
IHKA mouse model of epilepsy. In the first step, a spike detector is introduced using an improved
version of the nonlinear energy operator (NEO) and automatic NEO thresholding (ANT) combination.
Secondly, an epileptiform event detector is proposed that can detect epileptiform events using a gen-
eralized description. Finally, an epileptiform event classifier is proposed to classify epileptiform events
into one of four subgroups. The proposed detection and classification methodology is implemented
as an algorithm in Python and implemented as an ASIC and FPGA using Hardware Description Lan-
guages (HDLs). The implemented algorithm reduces time spent on the analysis of LFP recordings by
removing the need for manual analysis. Next, the analysis becomes more consistent and less prone
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to observer bias when using the proposed methodology.
A summation of the main contributions of this thesis are given below:

» We propose a three-stage methodology for classification of epileptiform activity in the IHKA mouse
model. The first step of the three stages is the detection of spikes; using the detected spikes,
epileptiform events can be detected, and at last, the epileptiform events are classified.

» We did a software-based verification of the proposed three-stage methodology using Python. An
expert verified the software implementation manually using LFP recordings from the LUMC. A
time reduction of 98.8% was achieved over manual analysis with an epileptiform event detection
accuracy of 93.6% and a classification accuracy of 95.8%.

» We have made a hardware design of the proposed three-stage methodology, and a simulation has
been done using an ASIC. The simulation verifies the working of the real-time implementation of
the three-stage methodology, and the ASIC achieves an area of 9114 ym? and a dynamic power
usage of 16.09 pWv.

* We have done a hardware simulation and demonstration using an FPGA. The demonstration of
the FPGA shows the working of the real-time implementation of the three-stage methodology,
which shows the possible implementation of a brain-machine interface (BMI).

» We have written a scientific paper of which a draft is available in Appendix B, which will be sub-
mitted to the journal IEEE Transactions on Biomedical Circuits and Systems.

1.5. Outline

This thesis is organized as follows: In Chapter 2, the IHKA mouse model is explained by going over
the mice and their surgery procedure in the preclinical studies, after which descriptions of the epilep-
tiform activity are given. Chapter 3 goes over related work available on epileptiform activity detection
and classification. Chapter 4 introduces the algorithmic implementation of the proposed epileptiform
activity detector and classifier, and chapter 5 introduces the proposed hardware implementation. Chap-
ter 6 gives an overview of the experimental setup and chapter 7 goes over the results obtained, the
conclusions are given in chapter 8.



Intrahippocampal Kainic Acid Model

This chapter introduces the intrahippocampal kainic acid (IHKA) mouse model by first going over the
mice used. Then, the surgery procedure followed for generating the mouse model is described. These
descriptions come from the Leiden University Medical Center (LUMC, NL). Secondly, all forms of epilep-
tiform activity are described, and examples are given, after which their distinctive features are summa-
rized.

2.1. Animals

Electrographic LFP recordings were obtained from the IHKA mouse model. For the IHKA mouse model,
C57BL/6J male mice (Janvier, France) at the age of 10 - 12 weeks were utilized. During experimental
procedures, all mice were kept under standard housing conditions (temperature of 22 £ 1.5°C, 12/12
h light/dark cycle) with food and water ad libitum. All procedures were approved by local and national
ethical committees (project license AVD11600202317073) following recommendations of the European
Communities Council Directive (2010/63/EU) and performed in accordance with ARRIVE guidelines.

2.2. Surgery

Animals were anaesthetized with isoflurane (induction 4%; maintenance 1.5%) in pressurized air. Carpro-
fen (5 mg/kg) was injected subcutaneously 15 minutes before surgery as preemptive analgesia. During
surgery, mice were placed in a stereotactic device. After the skin scalp was resected, small cran-
iotomies were drilled in the skull using a dentist’s bore (Fine Science Tools, USA). Kainic Acid (KA; 200
ng in 50 nL 0.9% NaCl; Sigma-Aldrich, USA) was injected into the CA1 region of the rostral hippocam-
pus (anteroposterior (AP): - 2,0 mm; mediolateral (ML): = 1,5 mm; dorsoventral (DV): - 1,3 mm; Figure
2.1 A) using a glass 0.5 uL NanoVolume on-column syringe (0.23 mm OD needle; Trajan Scientific
and Medical, USA) at a rate of 0.1 puL/min controlled by a UMP2 microinfusion pump (World Precision
Instruments, USA). To limit backflow of fluid, the needle was maintained in situ for 2 minutes before
and 5 minutes after injection. After surgery, the mice were placed in a recovery box with temperature
controlled at 30°C for 30 minutes. The Status Epilepticus, which occurs in the hours after hippocampal
KA injection, was monitored using video recording and combined with post-hoc behavioural analysis.

One week later, during the second surgery, custom-made microelectrodes (75-uym platinum/iridium;
PT6718, Advent Research Materials, UK) were placed in the same CA1 area and coordinates of the
rostral hippocampus (Figure 2.1 B). Additional microelectrodes were placed in the contralateral hip-
pocampus and cortex (bilateral visual cortex V1 and unilateral motor cortox M1 ipsilateral to the hemi-
sphere in which kainic acid was injected) to assess any spread of electrographic epileptiform activity.
Reference and ground electrodes were placed in the cerebellum. Then, the microelectrodes were con-
nected to a 7-channel pedestal (Plastic One, USA) and glued to the skull with dental cement (DiaDent
Europe, NL). After the experiments, mice were sacrificed for histology procedures to confirm electrode
locations and assess cellular damage in the KA-injected hippocampus (Figure 2.1 C).



2.3. Electrographic epileptiform activity 5

A KA injection B
in CAl area ?

LFP EEG:
15t surgery 2nd surgery

. KA injection EEG placement :
M1 cortex EEG recordings Post-hoc
- Start —ﬁ‘- ______ ‘
histology
CA1 Rostral Video monitoring

Status Latent phase Chronic phase
Epilepticus ——m8 ———»
3 -4 weeks

- hippocampus

o V1 cortex

- SV Ground Reference

Figure 2.1: LFP recordings in IHKA mouse model. (a) Schematic of the kainic acid (KA) injection site in the CA1 area of the
rostral hippocampus assessed by post hoc histology in coronal sections. The arrow indicates the malformed (including
dispersion of the normally compact cell layers) and ‘damaged’ (i.e. gliosis, cell loss) ipsilateral hippocampus, indicating
successful KA injection and development of an epileptogenic zone. (b) Schematic of the position of the recording LFP

electrodes, whereby the LFP electrode in the right rostral hippocampus at the site of KA injection (i.e. ‘ipsilateral’) is used for

detecting the epileptiform activity in this area. (c) Experimental design of surgeries and video-LFP recordings. Of note, LFP
recordings started at 5 weeks post-KA injection/status epilepticus.
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Figure 2.2: Two spikes visible in an LFP recording, both have a clear negative peak and a small positive peak.

2.3. Electrographic epileptiform activity

In this work, the description of epileptiform activity in the IHKA mouse model by Twele et al. [6] is used,
which consists of two types of epileptiform activity: spikes and epileptiform events. Spikes are visible
in LFP recordings as transients that are distinguishable from background activity and have a negative
and positive pointed peak. An example of two spikes inside an LFP recording is shown in Figure 2.2.
The duration of a spike was defined to range from 40 to 100 milliseconds and the amplitude of one of
the pointed peaks is larger than 1.5x the baseline amplitude of the signal. The baseline amplitude was
considered to be the average amplitude of a signal segment with no epileptiform activity. Finally, the
shape of a spike can vary depending on the neuron that fires, the type of epilepsy, and the stage of
epilepsy. Further, spikes can be categorized as ictal or interictal, where ictal spikes are found inside
epileptiform events, and interictal spikes are found outside events.

An epileptiform event can be described as a group of spikes that follows a set of requirements with
respect to spike frequency, spike amplitude, and the duration of the event. The first type of epileptiform
event that occurs in the IHKA model is a "spike train”. Spike trains are events which have a duration
between 2 and 5 seconds. Spikes were defined to have an amplitude of at least 3x the baseline
amplitude, the spike frequency should be at least 2 Hz, and the interval between subsequent events,
interevent interval, is minimally 3 seconds.

Secondly, there are high voltage sharp waves (HVSW) that have the same description of spike am-
plitude, spike frequency, and interevent interval as spike trains. The duration of HVSW is between 5
and 10 seconds. HVSW can show evolution in frequency and pattern, but most of the time, there is no
evolution, meaning they are monomorphic. An example of the HVSW is shown in Figure 2.1 D. The
HVSW show no clear evolution (monomorphic) over time.
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Figure 2.3: Examples of LFP recordings from contralateral and ipsilateral (KA injection) CA1 hippocampi. The ipsilateral side
contains spontaneous focal epileptiform events of different electrographic characteristics: high voltage sharp waves (HVSW)
and hippocampal paroxysmal discharges (HPD).

Table 2.1: Characteristics of all subgroups of epileptiform events: Spike train, HYSW, sHPD and iHPD.

Spike train | HVYSW | sHPD iHPD
Spike amplitude
(x Baseline amplitude) 23 23 22 22
Spike frequency > 2Hz >2Hz | >5Hz | >5Hz
Minimum event duration 2s 5s 5s 10s
Maximum event duration 5s 20's 10s -
Interevent interval >3s >3s >3s >3s

The third type of events are hippocampal paroxysmal discharges (HPD), which typically start with
HVSW:-like activity and is followed by spikes with a lower amplitude and a higher frequency. The
spike amplitude for HPD is at least 2x the baseline amplitude, the spike frequency is at least 5 Hz and
the interevent interval is 3 seconds. Figure 2.1 D shows an example of an HPD event, where the start
of the event is HYSW-like activity followed by higher frequency and lower amplitude spikes. This figure
clearly shows that HPD are polymorphic and exhibit evolution in pattern and frequency. HPD events
are further classified into two types by their duration. Events with a duration of 5 to 10 seconds are
short HPD (sHPD) and events with a duration of more than 10 seconds are ictal HPD (iHPD). More-
over, an HVSW event with more than 20 seconds duration is also classified as iIHPD. To summarize,
the epileptiform activity that needs to be marked are interictal spikes, spike trains, HVSW, sHPD, and
iHPD. The characteristics of all types of epileptiform events are shown in Table 2.1.



Related Work

As described in the introduction, the goal of this work is to extract all forms of epileptiform activity. One
work exists which introduces a method that can detect and classify epileptiform activity. This method
will be discussed last. To give a complete overview of related work on this topic, the following chapter
is split up into three sections highlighting the individual components that are necessary for epileptiform
activity detection and classification. First, spike detection methods are discussed, then epileptiform
event detection methods are discussed, and last, one complete work that can also classify epileptiform
events is discussed.

3.1. Spike Detection

Spike detection in an LFP recording is an inherently difficult task to automate. This has a few reasons.
Firstly, one electrode will pick up data from multiple neurons in the area, which causes distortions to
be added to the LFP recordings [17]. Another reason is that differentiating spikes from normal activity
is difficult because candidate spikes and actual spikes can look very similar to the naked eye, next
to this spike shape can change during events and between patients [18]. Next to finding a suitable
algorithm to process the data and highlight spikes a correct thresholding estimation is also important
as the algorithm should be unsupervised and thus not rely on a handset threshold.

The algorithms used for spike detection can range from simple to complex methods, arguably the
simplest method is Amplitude Threshold (AT) [19]. AT works by manually setting a threshold and every
time the signal crosses this threshold a spike is detected. AT is computationally simple, but it lacks
robustness as the performance is highly sensitive to noise. This method can be improved by using a
sliding window and taking the mean deviation and Root Mean Square (RMS) to determine the noise of
the signal [20] and adjusting the threshold accordingly. This improves the method but is computationally
heavier and will still not achieve great accuracy.

A matched filter is another method used for spike detection, where one or multiple templates are used
to compare to the signal. A spike is detected when such a segment is similar to the signal. The similarity
can be measured in Euclidean distance or cross-correlation [21]. The advantages of this method are
that it can detect spikes of different morphology and amplitudes, but the drawback is that templates
need to be created beforehand. Next to this is the computational complexity high as for every sample,
a lot of computations need to be done due to the sliding template(s).

A third method to detect spikes is using the Discrete Wavelet Transform (DWT) [22], which was created
to overcome the shortcomings in the fixed time-frequency resolution of the Fourier transform. DWT
can better represent time-frequency because of the variable-sized window. DWT is derived from the
Continuous Wavelet Transform and is shown in equation 3.1, where v is the chosen wavelet, and 27
and k27 are the scaling and time localization parameters.
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The DWT is implemented as a filter bank, meaning the wavelet transform functions as a cascade of low-
and high-pass filters. Starting with the smallest scale, which corresponds with the highest frequencies,
in the second stage, the scale is doubled, and the frequency is thus halved, next to which the signal
is down-sampled two times. This can go on until maximum decomposition when the signal has fewer
samples than the wavelet. The advantage of DWT is that it has a good representation of time-frequency.
The downside is that this method requires a lot of multiplications and is thus computationally intensive.

Next to computational methods, multiple methods use machine learning or deep learning to detect
spikes. For example, Prasanth et al. [23] propose a method based on a Convolutional Neural Network
(CNN). It uses raw EEG data and certain frequency sub-bands as input, which is split up into segments
to detect whether it is a spike or a background signal. It was found that using multiple frequency
sub-bands helped to prevent false positives and increased the precision for the same sensitivity. This
method provides high performance but also has a high cost due to the CNN and the usage of multiple
sub-bands.

Finally, energy operator methods are available for spike detection, two of which will be highlighted:
Amplitude Slope Operator (ASO) and Nonlinear Energy Operator (NEO). Amplitude Slope Operator
(ASO) [24] is described by Equation 3.2. Here y,, — y,_1 stands for the slope at a given point, and y,,
is the output of a mean subtraction, which is used to remove the temporal drift in a signal.

The ASO threshold is calculated by calculating the average across 64 samples and multiplying that with
40. The ASQO’s advantage is its computational efficiency, as for every sample, only one multiplication
and one division need to be done. The downside is that while the thresholding is dynamic, it is still not
robust to noise in different datasets.

Nonlinear Energy Operator (NEO) [25] is another energy operator, which is defined by Equation 3.3.

Ylz(n)] = 2%(n) — z(n+ Vx(n — 1) (3.3)

NEO measures the instantaneous energy from the frequency and amplitude information in the signal.
The algorithm is very suitable for real-time detection as it is computationally fast. Conventionally a
threshold has been set using Th = 40,4, the advantage is that the threshold is easy to compute but
it has been shown to not be accurate [26]. Another method introduces Automatic NEO Thresholding
(ANT) [27]. It calculates the threshold T'h by first calculating the RMS frequency (2,.,,,s and the standard
deviation of the noise o,,. This threshold calculation is computationally efficient, automatic, and robust
against noise.

To summarize, Table 3.1 gives an overview of all spike detection methods discussed together with their
advantages and disadvantages.

3.2. Epileptiform Event Detection

Multiple methods depend on the increase in power in certain several frequencies [28, 14]. Zeidler et al.
introduces a method in which first bandpass filters the LFP recording, after which it is smoothed using
a Butterworth filter and finally compared to a threshold to indicate possible events. This method uses
the IHKA mouse model and has the advantage that it is easy to implement as only two filter operations
are done, but the downside is that every mouse needs an individual threshold, and the highlighted
sections still need to be reviewed manually. Secondly, lotchev et al. [14] introduce an algorithm that
detects events using a combination of increased power in the 5 to 50 Hz frequency range and an
increase in asymmetry along the midline. The method first detects peaks by thresholding a filtered and
standardized signal using 3x the standard deviation to find spikes. If two spikes were found inside a
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Table 3.1: Overview of spike detection methods and their scoring on features deemed important for this work.

sP'k:‘;itjgtlon Complexity | Speed Rc:l;t:]sotinsiss Automatic
AT [19] + + — -
Matched filter [21] + — + —
DWT [22] - — + —
CNN [23] — + + +
ASO [24] + + — +
NEO [25] & N N N N
ANT [27]

Min. Amplitude | Max. amplitude | Min. Seizure duration | Max. inter-spike Interval
3x Baseline < 1500V >10s <bs

Table 3.2: Requirements for clustering spikes and determining the presence of an event by Kyle et al. [15].

1.5-second window, there was asymmetry in the signal. After this, peaks were found in the frequency
domain inside three-time windows of 1 second with 0.5-second overlap. If 2 peaks of > 0.005 or 3
peaks of > 0.0025 (unit is unknown as the signal was standardized), increased power in the frequency
domain was found. An event was detected if both the asymmetry and increased power were present.
The advantage of this method is the automated implementation, but it is not tailored towards the IHKA
model, which makes it unsuitable for this work.

A second method is introduced by Kyle et al. [15], where the data is processed by first detecting spikes,
after which epileptiform event detection is done. The spike detection is done using amplitude thresh-
olding. The threshold is determined by a value of 2x the baseline amplitude. The baseline amplitude
is calculated by taking the 97" percentile of the first hour of the signal. After a spike is detected, it will
be clustered as an epileptiform event with other spikes if it fulfils the requirements stated in Table 3.2.
This method analyzed three months of EEG recordings and achieved a time efficiency improvement
from 4 months of manual work to one hour of code running time. The approach is promising as it both
detects spikes and epileptiform events, but it has downsides. Firstly, the baseline calculation and spike
detection are not robust to noise or high spiking frequency, which makes the method inaccurate. Next
to this, the event detection is oversimplified due to the fact that another mouse model is used. This
makes it easy to implement, but for example, spike frequency is not taken into account, which might
cause many false positives if used together with the description of Twele et al. [29].

A third method by Wei et al. is dedicated to designing a machine learning model that works for different
mouse models [16]. A model has been based on the XGBoost algorithm and is trained using three
different mouse models and a fourth is only used to test the model. The method has shown that it can
work on multiple mouse models, including the IHKA mouse model, and can correctly detect epileptiform
events. Using machine learning models like the XGBoost algorithm is, however, not possible as no work
exists that uses the same mouse model and the same type of EEG recordings. Secondly, there exists
no training data to train a model ourselves.

3.3. Epileptiform Event Classification

One work exists that differentiates between multiple types of epileptiform events, and it is introduced
by Theilmann et al. [30]. The method is based on the spike and event detection introduced by Anjum
et al. [31], which marks spikes based on amplitude, width, instantaneous energy, and slope. The event
detection was modified by Thielmann et al. and is based on the description of epileptiform events
by Twele et al. [5]. This method is thus able to detect and classify epileptiform activity but has two
downsides: the spike detection makes use of manual set thresholds, and both the automatic spike and
event detection have a visual analysis step, which results in a lot of manual inspections.



Proposed 3 stage classifier

This chapter introduces the proposed 3 stage classifier that consists of an spike detector, epileptiform
event detector and epileptiform event classifier. Next to this, an overview is given of the algorithmic
implementation in software of the proposed 3 stage classifier. Figure 4.1 gives an overview of the data
flow in the proposed methodology, where the data is first gathered and preprocessed. The prepro-
cessed LFP recordings are used as input to the spike detector, which outputs the detected spikes. The
epileptiform event detector uses the detected spikes to detect all types of epileptiform events and will
make a distinction between ictal (part of the epileptiform events) and interictal spikes. Finally, the event
classifier classifies events and outputs the interictal spikes, detected events and classification of the
detected event.

Proposed 3 stage classifier

/ \ | . Epileptiform Epileptiform ——> Interictal Spikes
/—>{ Pre- P» STLe —> Event — Event ——> Detected events
o, |

processing Detector Detector Classifier ~—— Event Classifications

&‘.. e

Figure 4.1: Proposed 3 stage classifier of epileptiform activity in the IHKA mouse model, divided into spike detector,
epileptiform event detector and epileptiform event classifier.

4.1. Pre-processing

The mice used in the preclinical study are connected to a seven-channel commutator in a Faraday
shielded recording cage at 5 weeks (i.e. 5 weeks after status epilepticus) after the first surgery for
continuous LFP and video recording of the chronic stage of epilepsy. Only recordings of the CA1
area of the rostral hippocampus have been used, which were pre-amplified (3x), filtered (0.05-500
Hz), amplified (200x) using custom-build hardware, and digitized at 5 kHz (Power 1401 and Spike2
software, CED) with at last down-sampling to 1 kHz using MATLAB (version 2022b, MathWorks, USA).

4.2. Spike Detector

In Section 3.1, multiple existing spike detection methods have been discussed, which all have their own
advantages and disadvantages. From Section 1, itis clear the proposed solution should be automated
and time-efficient. Table 3.1 gives an overview from which it is clear that NEO, in combination with
ANT, have the best features, and thus, they are used as the proposed spike detector. A block diagram
of the proposed spike detector is shown in Figure 4.2 and illustrates the individual components used.
The spike detector consists of three Infinite Impulse Response (IIR) filters, the NEO calculator and the
ANT calculator consisting of the root mean square (RMS) ..., frequency estimator and the standard
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Figure 4.2: Block diagram of the proposed spike detector, consisting of three IIR filters, the NEO calculator and the ANT
calculator.
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Figure 4.3: Demonstration of IIR filter 1, with the LFP recording in blue and the output result of IR filter 1 shown in orange.
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deviation of the background noise ¢,, estimator. This section goes over all individual components and
their implementation, which leads to the proposed spike detector.

4.2.1. Nonlinear Energy Operator

The NEO calculator implements Equation 4.1, where x(n) is the output of IIR filter 2. As explained
in Section 3.1, NEO measures instantaneous energy from amplitude and frequency information. The
amplitude information is found in z2(n), and the frequency is found in z(n + 1)x(n — 1).

la(n)] = 2(n) — 2(n + D(n — 1) (@.1)

4.2.2. Infinite Impulse Response Filters

The original design proposed by Yang and Mason [27] consists of two exponential filters implemented
in the form of IIR filters. Equation 4.2 shows the equation of the IIR filter, where « is the feedback
coefficient and a < 1. lIR filters 2 and 3 follow the original design and are used to smooth the signal.

yn)=azx(n—1)+ (1 —a)y(n—1) (4.2)

IIR filter 1 is originally implemented to calculate the amplitude of the detected spikes. Figure 4.3 shows
the original LFP recording in blue and the output of IIR filter 1 in orange. The positive and negative
amplitude is calculated by looking at the amplitude difference of the highest or lowest peak and the
output of IIR filter 1.

The result of lIR filter 1, visible in Figure 4.3, also shows slow waves that are visible in the signal. This
is known as temporal drift, which is a slow change in LFP recordings over time and affects the reliability
of LFP recording analysis. The improvement introduced to the original spike detector, as shown in
Figure 4.2, is the removal of the temporal drift. The removal is done by combining IIR filter 1 and
subtracting the result from the original LFP recording. This removal results in the removal of amplitude
and frequency information, which is not necessary for the NEO calculator and can thus result in a higher
spikesdetection accuracy. Filter 1 is implemented using o = ﬁ, filter 2 using o = %, and filter 3 uses
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4.2.3. Automatic NEO Thresholding

ANT is used to calculate a threshold for spike detection. ANT statistically analyzes the signal standard
deviation and RMS frequency and is implemented using Equation 4.3 where C is a scalar, o,, the
standard deviation of the noise, and €2,.,,,, the RMS frequency. The standard deviation of the noise and
the RMS frequency are both estimated, as calculating them requires too much computational power.
For the scalar, a standard value of C' = 14 is chosen.

Thy = Co2Q2,.. (4.3)
Estimation of o,,

Conventionally the standard deviation of the background noise, o, is calculated by calculating the
standard deviation of the input signal. This has been shown to be sensitive to spike firing rate and
can be better calculated by using the median absolute deviation (MAD) [32]. Equation 4.4 shows the
estimation of ¢,,, where the median is taken over a window of the absolute value of the output of IIR
filter 2.

MAD __ mediaN(\w(n)l)
v T T 06745 (4.4)

Estimation of Qrars
Conventionally the RMS frequency is calculated by Equation 4.5, where X (Q2) is the Fourier transform
of the input signal x(n).

*02X2(02)d0
Q?T”S = fo oo ( ) (4'5)
57 X2(Q)dQ

This implementation is, however, greatly affected by spike firing rate and requires an expensive com-
putation of the Fourier transform. An alternative method is making use of the zero-cross frequency,
which is the number of zero-crossings divided by twice the length of the signal. Equation 4.6 shows
the estimation, where n; is the number of zero-crossings inside the window of size N,. Following Yang
and Mason [27] the input signal should be the output of IIR filter 2, but in the input of this filter, the
temporal drift removal is incorporated. The temporal drift removal also removes a lot of zero-crossings
which influences the Qg5 estimator negatively and thus is chosen to take the input signal of the spike
detector as input of the Qr5 estimator.

Ny

N, "

Qrms = (46)

As will be explained in Section 6.2.2 the spike detector explained above did not meet the requirement
for accuracy. To improve the accuracy the value of C in Equation 3 can be adjusted during analysis.
With the ability to adjust C and to keep the analysis time efficient the window for both the estimation
of on and Qrms is chosen to be the entire dataset as this results in just one threshold for the whole
dataset.

4.3. Epileptiform Event Detector
As Section 3.2 explained, no epileptiform event detector for the IHKA model exists. Because no existing
method is available, a new method has been devised for the detection of epileptiform events. The
detector uses one general description for all forms of epileptiform events, which is visible in Table 4.1.
Next to the description, an algorithm has been developed that checks the signal, using the detected
spikes, for events fulfilling the general description.

The output of the epileptiform event detector consists of multiple metrics about the detected event,
including start and end sample, spike frequency, number of spikes, maximum number of spikes in five
consecutive seconds and the average positive and negative amplitude of the included spikes.



4.3. Epileptiform Event Detector 13

Table 4.1: General description of epileptiform events used for detection.

Spike Amplitude | Spike Frequency | Event Duration | Interevent Interval
> 2x Baseline >2Hz >2s >3s

Epileptiform event detector based
on detected spikes

4

Spike amplitude = 2x
Baseline amplitude

spike += 1

3

First spike in event

115t spike = spike

[ 1

spike = "15! spike" + 1 spike += 1

T_’_T

Discard event

Spike interval
< 3 seconds

A

|| Addspiketo |, oS

il 3
event Spike frequency 2 2 Hz

Preliminary spikes
check

Event duration
= 2 seconds

Save event

Figure 4.4: Flowchart of the epileptiform event detection algorithm with elements in green implemented in both algorithmic and
hardware level. Elements in yellow are only implemented on algorithmic level, and purple elements are only implemented on
hardware level.

This section covers the functioning of the epileptiform event detector. For generating the algorithm, first,
baseline amplitude calculation is needed for the amplitude requirement, followed by the generation of
a detection loop, and at last, a function called preliminary spikes check is implemented.

4.3.1. Baseline Amplitude Calculation

The first requirement defines that the spike amplitude needs to be larger than two times the baseline
amplitude. Jackson et al. [15] have implemented a baseline calculation block which determines the
baseline amplitude value by stating that 97% of the data points in the first hour of data are lower than the
baseline amplitude. The downside of this is that the method depends on spike frequency. To overcome
this problem the baseline amplitude calculator determines a signal segment of 30 seconds without any
spikes. From this, the middle 20 seconds have a noise level that is not influenced by any nearby spikes
and from this segment, the 97" percentile of all samples is taken which is then the baseline amplitude.

Another problem the baseline calculation block of Jackson et al. has, is the change of baseline ampli-
tude over time. Only looking at the first hour, or in our case, the first 30 seconds without any spikes, can
cause problems with a changed baseline amplitude over time in a 6-hour LFP recording. To overcome
this the baseline amplitude is calculated every time a signal segment of 30 seconds without any spikes
is found. To not only rely on the new amplitude value the update takes place using an IIR filter with
a=0.2.



4.4. Epileptiform Event Classifier 14

4.3.2. Detection Loop

As explained before, a general description of epileptiform events has been made to detect all types
of events. Detecting events using this general description is done using a detection loop, which is
depicted in Figure 4.4 in the form of a flowchart. The elements coloured green are implemented on
both algorithmic and hardware level, the yellow elements are only implemented on algorithmic level
and the purple elements are only in hardware. The hardware implementation of the epileptiform event
detector will be discussed in Section 5.2.

The detection loop starts with the first detected spike and runs until the end of an LFP recording is
reached. The detected spike is first checked for its amplitude; if it does not have the required amplitude,
the loop skips to the next detected spike. Otherwise, it needs to be determined if this is the first spike in
a possible event. If so, the spike is saved as 15¢spike. If the loop is already busy detecting an event, the
spike interval is checked, which refers to the interevent interval indicating that events are split if there
are at least 3 seconds between them. If the spike interval is more than 3 seconds, the event detection
is stopped by first running the preliminary spikes check, which will be explained in the next section. If
the interval is less than 3 seconds, the spike frequency is checked. If the frequency is less than 2 Hz,
the preliminary spikes check function is run. If both the spike interval and the spike frequency fulfil the
requirements, the spike is added to the event, and the loop will start with the next detected spike. If the
preliminary spikes check function has run, the event duration is checked; if it is at least 2 seconds, the
event is saved; otherwise, it is discarded. After an event is saved, the loop will continue with the next
detected spike, but when an event is discarded, the loop jumps to the spike detected after the spike
saved as 1%'spike. This jump happens to check all available combinations of spikes so that possible
events are not missed and to find the best combination of spikes for an event. The downside of this
jump is that some computational overhead is added, as some spikes are used twice for the detection
loop.

4.3.3. Preliminary Spikes Check

The preliminary spikes check is one of the last steps in the event detection loop. As explained in section
2.3, HPD events can start with HVSW-like activity, which results in the start of HPD events containing
higher amplitude but lower frequency spikes than the rest of the event. These lower frequency spikes
can reach frequencies below 2 Hz, which causes the detection loop to ignore them. However, if these
spikes are within 3 seconds of each other and this group is within 3 seconds of an event, these spikes
should be included with the rest of the event if a frequency of at least 2 Hz is reached.

An example of an event where spikes that should be included in the event but are not included is given
in Figure 4.5a. The detected event with the standard detection loop reaches a frequency of 3.7 Hz, and
all preliminary spikes are within at least 3 seconds of another spike, and the group is within 3 seconds of
the event. The preliminary spikes check function runs the detection loop from the beginning of the event
over the spikes coming before the event. This is demonstrated in Figure 4.5b. The event detected has
a frequency of 2.1 Hz and fulfils all the other requirements.

4.4. Epileptiform Event Classifier

The last step in the epileptiform activity detector and classifier is the classification of epileptiform events.
As explained in Section 2.3, there are four different classifications for epileptiform events: spike train,
HVSW, sHPD and iHPD. If we compare the characteristics of all events in Table 2.1 to the general event
description Table 4.1, it is clear that the general description is most in line with spike train and HVSW.
Because of this, events are automatically classified as spike train if they have a duration between 2
and 5 seconds or as HVSW if they have a duration of 5 to 20 seconds.

Events are classified as HPD based on local spike frequency. Twele et al. [29] stated that an HPD
event has 5 continuous seconds with at least 25 spikes inside. The epileptiform event detector keeps
track of the peak number of spikes inside 5 continuous seconds, and an event is classified as HPD if
there are at least 25 spikes in those continuous seconds. The distinction between sHPD and iHPD is
made based on duration. An event with a duration between 5 and 10 seconds is classified as sHPD,
and events longer than 10 seconds are classified as iHPD. Finally, HYSW events that are longer than
20 seconds will also be classified as HPD because the description determines that HYSW cannot reach
a length above 20 seconds.
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Figure 4.5: Output plot of the system with spike detection and epileptiform event detection. The LFP recording is shown in
blue, detected spikes are marked with red markers, and the detected event is highlighted in green.
(a) An event detected by the detection loop without the preliminary spikes check. The event has a frequency of 3.7 Hz
(b) The same event was detected, but now with the preliminary spikes check. This results in an event with a frequency of 2.1 Hz



Proposed Hardware Implementation

This chapter goes over the proposed hardware implementation of the epileptiform activity detector and
classifier. The hardware implementation follows the same structure as the algorithmic implementation
described in the previous chapter. However, it is modified in some parts to support a real-time and,
at the same time, an efficient implementation. A block diagram of the system is shown in Figure 5.1,
which highlights the interconnects between the different sub-systems of the hardware implementation.

The system’s input is LFP recordings converted to a 16-bit signal using 2’s complement and fixed-point
representation. The first bit is used as a sign bit, the following four bits are used for the integer, and
the last eleven bits are used for the fraction. With this representation, all values between 16.0000 and
15.9995 can be represented in the system with a resolution of 0.0005. The samples that fall outside the
range are clipped to either —16.0000 or 15.9995.

The system runs on a clock of 1000 Hz, which is the same frequency as sampling in the dataset. The
output of the system are five flags: spike detector threshold calculated, spike detected, event detected,
HVSW classification, and HPD classification. The threshold flag indicates if a threshold for the spike
detector has been calculated; when this is done, the spike detection can start, and when a spike is
detected, the spike detected flag goes high for 100 milliseconds. The flags for event detection show
if an event is detected, and the HPD- and HVSW flags show the classification. The last three flags
all have a delay of 5 seconds. This is due to the requirement for an HVSW or HPD event to have a
duration of at least 5 seconds.

5.1. Spike detector

The spike detector is based on the block diagram visible in Figure 4.2 and is adjusted to suit a hardware-
efficient implementation. This section highlights the implementation of the spike detector in hardware
and the differences with the algorithmic implementation.

5.1.1. Fixed-Point Multiplication

The NEO and ANT calculators both take a square of their input data and as fixed-point values are used
for the system input, their multipliers need a different implementation with respect to normal binary

Event
classifier
Event
detector

Figure 5.1: Block diagram of the hardware implementation of the proposed epileptiform activity detection and classification
method.

HVSW Flag
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Event Flag
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Table 5.1: The values of G1, G2 and S used for the IIR filters implemented in hardware.

G1| G2 |S
Fiter1 | 2 | 510
Filter2 | 3 1

Fiter 3 | 3 29

Input signal
>
P
detector —
Digital
O

Figure 5.2: Block diagram of the estimation of o,, implemented in hardware.

a1 N ©

multiplications or multiplication of a fixed-point value with a binary value. During the multiplication of
two binary values, the number of bits necessary for the result almost doubles (2 x n — 1). When the
previously explained 16-bit fixed-point is used, the multiplication results are 1 sign bit, 8 integer bits,
and 22 fraction bits. Reducing a 31-bit fixed-point value back to a 16-bit fixed point is done by taking
the sign bit, the 4 lowermost bits of the integer, and the 11 uppermost bits of the fraction.

5.1.2. Infinite Impulse Response Filters

The exponential filters implemented as IIR filters on an algorithmic level with Equation 4.2 are modified
to be more efficient in hardware. In Equation 4.2, o < 1 which means that multiplication is carried out
by the numerator of o and a division by the denominator of a. This multiplication and division happen
twice, once for « and once for 1 — «. Divisions are generally considered costly operations in hardware
but can be replaced by, for example, a right-shift operation. A right-shift operation can be considered
to be a division by 2° where S is the number of bits shifted. Rewriting Equation 4.2 with right shifts
gives Equation 5.1, where G; and G- are the nominators and 2% denotes the right bit shift by S.

“"2; Dy g,un 1 (5.1)

In hardware, the same three IIR filters are implemented, and to suit the different implementations of the
equation, the values of o have been slightly modified. The new values of G; and G- are the nominators
of o and 1 — « respectively and 2% represents the denominator. The values of G, G, and S are given
in Table 5.1.

5.1.3. Estimation of o,

On the algorithmic level, the estimation of ¢,, is done by calculating MAD and using Equation 4.4. If
implemented in hardware, this is a costly operation as it requires sorting a large array of input samples.
Yang and Jason [27] introduce a hardware-efficient implementation for estimating o,, by following the
statistical theory that the probability of Gaussian noise exceeding o, is known to be 0.159. Figure 5.2
shows a block diagram of the o,, estimator. The input signal is compared with the estimated o,,, ¢,
and outputs a 1’ if the input signal is greater. The amount of '1’s inside a window of size M is counted
and subtracted from 0.159 x M. This result is fed into a digital integrator and is then used to update
onest every M clock cycles. The loop keeps updating until a convergence is detected, after which the

system outputs the converged value o,,.

5.1.4. Estimation of Qzu/s

The implementation of the Qgrs in hardware is, like on algorithmic level, based on the zero-cross
frequency. Figure 5.3 shows a block diagram of the counter, which calculates the number of zero-
crossing n, in a window of N,. The sign bit is compared to the previous sign bit, and when it differs,
the XOR-gate will output a '1’, which is added to the current value of n,. After the counter reaches the
value of N, the system will be reset.
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Figure 5.3: Block diagram of the estimation of Q2 g ;s implemented in hardware.

5.2. Epileptiform Event Detection

Section 4.3 has described the working of the proposed epileptiform event detector, which is visualized
by the flowchart in Figure 4.4, where the green and purple elements are implemented in hardware. The
yellow elements of the detector have been left out of the hardware implementation as the implementa-
tion should be real-time and efficient. The changes that have been made to the working of the event
detector will be highlighted in this section.

5.2.1. Amplitude Calculation and Check

The spike detector proposed in Section 4.2 does amplitude calculation for both the positive and neg-
ative peaks of a spike. This is done by finding the highest and lowest value in the 100 milliseconds
after a spike is detected. Hardware would require two comparators and registers that compare 100
consecutive samples and save the highest and lowest values. This in itself is not a costly operation,
but the spike amplitude is only used for the amplitude check done by the event detector.

The amplitude check of the event detector requires 20 seconds, thus 20.000 continuous samples, from
which the 97t" percentile is calculated. This would be a costly operation if implemented in hardware
as 20.000 samples need to be saved and sorted to find the 97" percentile. This, in combination with
the fact that from analysis, it was found that almost all detected spikes fulfil the amplitude requirement,
which caused the amplitude calculation and check to be left out of the hardware implementation.

5.2.2. Nested Loop

The nested detection loop is highlighted in Figure 4.4 by the yellow element containing spike = 1%¢spike+
1. This implementation mostly impacts the real-time working of the system but also requires extra mem-
ory. The real-time working of the system is impacted greatly by the nested loop as it starts the event
detection using a spike that was detected a few seconds prior. This helps with the correct detection of
the start and end of events but will cause extra and variable delays if added, which is undesirable for a
real-time system, and thus, it was chosen to be left out of the hardware implementation.

5.2.3. Priliminary Spikes Check

The preliminary spikes check was introduced, as explained in section IV, to correctly detect the start of
HPD events. A hardware implementation of this function is not viable as the algorithmic, non-real-time
implementation checks the spikes in front of a detected event to correct the detection. If this were to be
implemented in hardware a delay of the longest detectable event needs to be added to be able to show
a detected event with preliminary spikes, which would result in the system not running in real-time. The
effect of leaving out the preliminary spikes check is that the beginning of some HPD events will not be
detected correctly, but in the end, the design is able to run in real-time.

5.3. Epileptiform Event Classification

The epileptiform event classifier is also simplified with respect to the presented version in Section 4.4.
The events are classified into only HYSW and HPD as these are the most important factors in the
development of epilepsy. As explained in section 4.4, an event will be classified automatically as an
HVSW event unless five continuous seconds with at least 25 spikes are detected.

The classifier is implemented using a ring buffer, which saves the moment in time when a spike is
detected. Two variables keep track of the first and last spike added to the buffer. The value in the ring
buffer of the spike is compared to the current time to see if the first added spike needs to be removed,
if so the variable for the first spike is incremented. Using the values of the first and last spike added
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the number of spikes in the previous 5 seconds is checked. This is done by subtracting the value for
the first spike added from the value of the last spike added and taking the modulo using the size of
the ring buffer. If the number of spikes in the previous 5 seconds is tracked, when the event detection
flag goes high, a check on the amount of spikes determines the classification. During the time the
event detection flag is high, the classification can change from HVSW to HPD if the number of spikes
in the buffer reaches 25. The classification relies on event detection and thus has a delay of at least 5
seconds.



Simulation Results

6.1. Experimental Setup

This section covers the experimental setup by first covering the performance metrics used. Then, it
covers the experimental setup of the software simulation by going over the results of the three different
stages. Finally, the experimental setup of the hardware implementation is given.

6.1.1. Performance Metrics

The performance results of the spike detector, event detector, and event classifier are represented us-
ing one or more of the following metrics. (1) Accuracy, which indicates the rate of correct detections or
classifications, illustrated in Equation 6.1 and given in percentage. (2) Sensitivity, as part of Equation
6.2, showing the rate of positive detections or classifications, which are correctly identified. (3) Preci-
sion, as part of Equation 6.3, indicates the number of true detections or classifications over the total
number of true events. These metrics use True Positive (TP), False Positive (FP), and False Negative
(FN) detection. True Negative (TN) is not considered, as this results in a large bias by all samples not
being a spike or event and not being detected.

TP
ACCWaCy*TP—i—FP—i—FN (6.1)
TP
TP
Precision = ———— .
recision = o es (6.3)

6.1.2. Software Based Simulation

The software-based simulation is analysed by obtaining the results of the three individual stages: the
spike detector, epileptiform event detector, and epileptiform event classifier. Their experimental setup
is described below.

Spike Detector

The spike detector is evaluated using a synthetic dataset, which consists of 8 recordings with noise
levels ranging from 0.05 dB to 0.2 dB at an interval of 0.05 dB [26]. The naming structure used for the
different datasets starts with E (easy) or D (difficult), which refers to the difficulty level of clustering the
spikes (not important for this work) and ends with the value of the noise level. With these datasets,
the proposed spike detector can be evaluated and compared to three different methods: the standard
implementation of NEO and ANT, ASO [24], and DWT [26]. As the implementations of ASO and DWT
only have results reporting accuracy, this is the only metric used to evaluate performance.

20
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Figure 6.1: Development flow of the hardware implementation as an ASIC and in an FPGA.

Epileptiform Event Detector and Classifier

The performance results of the epileptiform event detector and classifier are gathered by an animal
epilepsy expert who reviewed the output of the epileptiform event detector and classifier. For the event
detector, 48 hours and for the classifier, 108 hours of input LFP recordings from the IHKA model are
used, originating from 8 and 9 different mice, respectively. After the evaluation of the event detector,
the algorithm was adjusted, and with the new version, the event classifier was evaluated. During
the analysis, the TP, FP, and FN event detections and classifications were counted, from which the
performance metrics were calculated.

6.1.3. Hardware Implementation
The development flow of the hardware implementation is shown in Figure 6.1. The algorithm first
developed in Python has been transferred to hardware using Verilog and VHDL from which simulations
have been done in Questasim. The simulations are compared to the Python implementation to verify
its working. The next step splits up the process into the workflow of synthesizing an ASIC and the
development of an FPGA demonstration.

Application Specific Integrated Circuit (ASIC)

The workflow of the ASIC implementation is highlighted in blue in Figure 6.1. Using Cadence Genus a
worst corner synthesis of the design is done using the TSMC 40nm library. The system clock frequency
is set to a frequency of 5000 Hz, which is the lowest clock frequency allowed by Genus. From the worst
corner analysis, results on area and power are generated for the spike detector, event detector, event
classifier, and the full design. Using the synthesized design, a place and route is done using Cadence
Innovus using a density of 0.7. From the place and route results on area and power of the ASIC design
are reported.

Field Programmable Gate Array (FPGA)

A demonstration of the design is shown using a PYNQ-Z1 board containing a ZYNQ-7000 series FPGA.
The system’s clock is set to 1000 Hz, and 300.000 16-bit values in 2's complement and fixed point
representation are loaded into the BRAM and used as the input signal. The FPGA synthesis, done
using Xilinx Vivado, gives results on power usage and area, which are reported in the available logic
blocks on the FPGA.

6.2. Software Based Simulation

This section covers the results gathered on the algorithmic implementation in Python. This section
first covers the spike detector, epileptiform event detector, epileptiform event classifier, and, finally, the
complete algorithm.

6.2.1. Spike Detector

The average accuracy results of the four spike detection methods are compared using a boxplot illus-
trated in Figure 6.2. The Wavelet transform has an average accuracy of 89.5% and ASO of 91.1%. Both
the standard and improved version of the NEO and ANT implementation achieve a higher accuracy,
the standard version achieves an accuracy of 92.9%, while the improved version achieves an accuracy
of 93.3%. This is a marginal improvement that is achieved by the removal of the temporal drift. This
improvement is done using an IR filter that was initially implemented to do spike amplitude calculations,
and because of this, no overhead is added to the spike detection. Next to the fact that the improved
version achieves the highest accuracy, it is also visible that the minimum accuracy value is higher for
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Figure 6.3: Accuracy, Sensitivity and Precision results from

Figure 6.2: Accuracy of the spike detector, compared to three both the epileptiform event detector (on the left) and classifier
different methods using a synthetic dataset (on the right) extracted from the manual analysis of the
' algorithm.

the improved version. This indicates that this method is more robust to the noise present in the different
datasets than the other methods. An overview of the individual results on all datasets is given in Figure
A1

6.2.2. Epileptiform Event Detector

Figure 6.3 shows the average accuracy, sensitivity and precision retrieved from the manual analysis
of the output of 48 hours of input data to the epileptiform event detector. The event detector has an
average accuracy of 93.6%, with a precision of 99.0% and a sensitivity of 94.0%. The accuracy, sensitivity
and precision results on all the individual datasets are visible in Figure A.2. In Figure 6.3, it is visible
that there is one outlier for both accuracy and sensitivity results. This outlier is dataset 5, and the low
sensitivity indicates that a lot of events are missed in the detection. During the manual analysis of this
dataset, it was found that the spike detection accuracy is not high enough to support an accurate event
detection. The spike detector is improved as the event detection entirely relies on spike detection. The
improvement introduced is the ability to adjust the scalar C in the ANT shown in Equation 4.3. This
results in a small portion of manual work during analysis but will give better overall results on sensitivity
and accuracy.

6.2.3. Epileptiform Event Classifier

The accuracy, sensitivity and precision results from the manual analysis of 108 hours of input data
for the event classifier are shown in Figure 6.3. The individual accuracy, sensitivity, and precision
results per dataset are visible in Figure A.3. In the analysis of the event classifier, the ability to adjust
the scalar C in the equation of ANT for the spike detector has been included. The event classifier
reaches an accuracy of 95.8% with a sensitivity of 95.8% and a precision of 95.8%. When comparing
the results on detection and classification in Figure 6.3, we can see that the classifier achieves a higher
consistency over the three metrics on all the datasets. The consistency is visible in the small spread
indicated by the quartile and maximum data values for classification. The results are directly correlated
as both the detector and classifier fully rely on the spike detector. However, we cannot directly compare
both results and give an impact value to the added ability to adjust scalar C. Still, this stability in the
classifier results shows that the adjustment of scalar C positively impacts the results with little manual
work added.

6.2.4. Complete System

An overview of the output of the algorithmic implementation is shown in Figure 6.4 B, where the detected
spikes, the detected event and the classification are shown. The coloured area indicates a detected
event, and each classification has a dedicated colour (spike train: purple, HVSW: green, sHPD: orange,
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Figure 6.4: Output results of both the algorithmic and hardware implementation. (a) Input LFP recording. (b) The output of the
algorithmic implementation in Python: red markers indicate the detected spikes, the coloured area indicates the detected event,
and the colour indicates the classification. (c) Output signals of the hardware simulation where Spike indicates a detected
spike, Event a detected event and HV SW and H P D represent the classification of a detected event.

iHPD: yellow). Examples of the four different classifications are shown in Appendix A.2.

Table 6.1 shows the time reduction achieved by the automated detection and classification of epilep-
tiform activity implemented using Python. The manual analysis of 108 hours of input data takes 27
hours for an expert to analyze. The algorithm has reduced this to 20 minutes of computations and thus
achieves a time reduction of 98.8%.

Table 6.1: Manual analysis time compared to computational analysis time of LFP recordings used in preclinical studies.

Input data 108 hours
Manual analysis 27 hours
Computation time | 20 minutes
Time reduction 98.8%

6.3. Hardware Implementation Results

A simulation result of the hardware implementation is visible in Figure 6.4 C, where the detected spikes,
the detected event and the HVSW and HPD classification output signals are shown. The figure shows
the detected spikes in the same moment in time as the algorithmic implementation and, as discussed
in Section 5, the event detection and both classification signals have a delay of 5 seconds. Next to this,
it is clear from this figure that the preliminary spikes check function is not implemented in hardware as
the event’s start is missed in detection. Nevertheless, Figure 6.4 C shows a real-time implementation
of the proposed detection and classification method.

During synthesis, chip area and power results are generated for both the ASIC and FPGA, which are
discussed in this section, but timing analysis results are also gathered. For both the ASIC and FPGA,
there are no timing constraints resulting from the low clock frequency used in the design.

6.3.1. Application Specific Integrated Circuit (ASIC)
This section will first introduce results gathered on the synthesis of the ASIC, after which the results of
the place and route of the design are discussed.

Synthesis

The area and power results gathered from the synthesis are shown in Figure 6.5. It is clear from the
figure that the spike detector, together with the interconnect, takes up the most significant part of the
area and uses the most power. Next, it is visible that the distribution in the area and power usage is
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Figure 6.5: Chip area and power results from the synthesis of the design using Genus and the TSMC 40nm library.

Table 6.2: Chip area and power results of the placed and routed design and the FPGA implementation.

ASIC FPGA
Tool Cadence Genus Xilinx Vivado
PYNQ-Z1 board with
Technology TSMC 45nm ZYNQ-7000 FPGA
Supply voltage 0.9V 1.00V
Clock 5000 Hz 1000 Hz
815 LUTs
Area 9114 m? 427 Registers
8 DSPs
Static power 6.66 uv 114 mW
Dynamic power 16.09 W 58 mW

correlated as the percentage per part of the design is almost equal. The area of the spike detector
could be reduced by decreasing the input bit size, which results in a lower resolution throughout the
whole system, as the size of the input signal is used everywhere. From testing, it was found that the
accuracy reaches an undesirably low level when the input size is decreased slightly, and thus, this was
not a viable option.

Place & Route

The area and power results of the place and route are shown in Table 6.2 from which is visible that the
ASIC design reaches an area of 9114 um?, which is 13.6% larger than the synthesis achieves. This is
because an ASIC gives a more realistic result on the area as the netlist resulting from the synthesis
is realistically routed in the design. The dynamic and static power is also shown in Table 6.2; the
static power is the result of the leakage power, and the dynamic power is the result of the internal and
switching power. Figure 6.7 shows the layout gathered from the place and route.

6.3.2. FPGA

Figure 6.6 shows the FPGA during a demonstration of the algorithm; all the system outputs are routed
to LEDs, the input data is stored on the BRAM, and the reset is linked to a switch. It is shown that the
algorithm is successfully implemented on an FPGA to show that it works as a Brain-Machine Interface
(BMI). The area and power results are reported in Table VI next to the ASIC results; a comparison is
impossible as both implementations use different technologies. In the power results of the FPGA, we
can also see here that the static power consumption is higher than the dynamic power consumption.
Next, the total power consumption is orders of magnitude larger than the ASIC due to the logic blocks
used on the FPGA and the extensive interconnect available.



6.3. Hardware Implementation Results

25

Figure 6.6: FPGA demonstration with all the outputs linked to
the LEDs on the PYNQ-Z1 board. LED 1 the threshold
calculated flag, 2 the HPD classification flag, 3 HVSW the
classification flag, 4 the event detected flag and 5 the spike
detected flag.

Figure 6.7: Layout retrieved from the place and route of the
synthesized design



Conclusion

Recent preclinical studies using the IHKA mouse models to research TLE have used manual analysis
of the LFP recordings originating from these studies. In this manual analysis, epileptiform activity,
which indicates the presence and evolution of epilepsy, is analyzed and reported. Manual analysis
is a time-consuming process, and it is also prone to observer bias and error. An automated tool to
detect and classify epileptiform activity would streamline research, improve accuracy, and accelerate
advancements in epilepsy studies.

In this thesis, a new 3 stage classification methodology is proposed for the detection and classification
of epileptiform activity using LFP recordings gathered from a preclinical study on the IHKA mouse model.
The proposed methodology is based on a spike detection stage, which is followed by an epileptiform
event detector, which uses a general description of all types of epileptiform events. The last stage is the
epileptiform event classifier, which classifies events based on duration and local spike frequency into
one of four groups. The proposed 3 stage methodology is implemented as an algorithm in Python and
reaches a general epileptiform event detection accuracy of 93.1%. Epileptiform events are classified
with an accuracy of 95.8%, and the implemented algorithm reaches a time reduction of 98.8% over
manual analysis.

This work achieves superior sensitivity, 94.0% for detection and 95.8% for classification, over the existing
method (86 — 90%) introduced by Thielmann et al. which is the one comparable work available. Next
to this, a superior time reduction of 98.8% is achieved over the > 80% by Theilmann et al. This is
due to the automated level of the algorithm that has not been seen before because there is almost
no need for manual input. A real-time hardware implementation has been developed for the algorithm
using HDL. Power and area results have been gathered using the TSMC 40nm library and a Zynq
7000-series FPGA. The work was demonstrated using the FPGA, which shows the potential of a brain-
machine interface (BMI). This work streamlines research and accelerates advancements in epilepsy
studies due to the complete package of a spike detector, epileptiform event detector and epileptiform
event classifier which is introduced, the superior accuracy that is achieved, and the time reduction that
has been realised possible.

Future Work

If this research were to be continued, the following research areas are recommended to be pursued:

* Introducing machine learning: The current method does not use machine learning as no train-
ing set is available. With the proposed algorithmic implementation, this problem is solved, and
the extracted events and their classification can be used as a training set. Using machine learn-
ing will have the advantage that it is robust and can extrapolate patterns beyond the training set,
which leads to better performance over varying datasets [33]. Next to this, a real-time implemen-
tation in hardware will benefit from machine learning as detecting events does not have to rely
on a minimum duration of 5 seconds. A possible machine-learning technique would be recurrent
neural networks, as the time series data is sequential data for which recurrent neural networks
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are designed [34, 35].

+ Extending the analysis: Next to the extracted epileptiform activity, more information can be
extracted from the LFP recordings. The form of spikes and their development over time can be
analyzed by sorting the detected spikes [36]. Generalized seizures can be detected and predicted
[37], and finally, the vigilance state of a mouse can be detected [38]. Extracting this kind of
information can further automate and streamline preclinical studies.
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Figure A.1: Accuracy of the spike detector compared to three different methods using a synthetic dataset
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Figure A.5: Example of events classified as HVSW. Spikes are marked with red markings and the events are marked in green.
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Figure A.6: Example of events classified as sHPD. Spikes are marked with red markings and the events are marked in orange.
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Figure A.7: Example of events classified as iHPD. Spikes are marked with red markings and the events are marked in yellow.
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Real-Time Classification of Epileptiform Activity in
the Intrahippocampal Kainic Acid Mouse Model

Jeroen J.A. Vermeulen, Georgii Krivoshein, Muhammad Ali Siddiqi, Arn M.J.M. van den Maagdenberg,
Else A. Tolner, Said Hamdioui, and Rajendra Bishnoi

Abstract—One-third of patients suffering from chronic
epilepsy, which is caused by abnormal brain activity, is drug-
resistant. Animal models are widely used to study the mechanisms
leading to epilepsy, so better drug treatments can be developed
for this disease. In such studies, epileptiform activity, assessed by
EEG recordings, can be used as a marker for the development
and chronification of disease. However, the analysis of EEG
recordings is typically done manually, which is time-consuming,
subject to observer bias, error-prone, and lacks consistency and
efficiency. Therefore, the present work intended to develop a new,
automated detection and classification method for epileptiform
activity, which was tested in the intrahippocampal kainic acid
(IHKA) mouse model, a model of human temporal lobe epilepsy.
Our method relies on a spike detector using an improved version
of the nonlinear energy operator (NEO) in combination with
automatic NEO thresholding (ANT). The detected spikes form
the basis of epileptiform event detection and classification. The
proposed method is implemented in Python as an automated
and time-efficient algorithm that can used in preclinical studies.
Epileptiform event detection accuracy was 93.1%, and classifica-
tion accuracy was 95.8%. Moreover, the time for analysis of EEG
recordings was reduced by 98.8% compared to manual analysis.
Additionally, to demonstrate the potential of the algorithm for
application in Brain-Machine Interfaces (BMI), we performed
a real-time implementation using both an application-specific
integrated circuit (ASIC) and a field programmable gate array
(FPGA). The FPGA demonstrated the feasibility of real-time
implementation and the ASIC resulted in an area and power
efficient implementation using the Taiwan semiconductor man-
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I. INTRODUCTION

Epilepsy is a neurological disorder characterized by re-
current seizures, caused by abnormal and excessive neuronal
activity in the brain, and affects approximately 65 million
people worldwide [1]. The consequences of epilepsy can be
severe to patients as seizures can involve symptoms such as
loss of consciousness, and prolonged failure to control attacks
can lead to cognitive decline and, in rare cases, can result in the
death of the patient [2]. Approximately 60% of patients with
epilepsy suffer from partial (or focal) epilepsy, meaning that
seizures originate in only part of the brain. The most common
type of partial epilepsy is temporal lobe epilepsy (TLE), which
typically originates from the hippocampus, entorhinal cortex,
or amygdala [3]. Around one-third of patients with TLE are re-
sistant to medication, making it one of the most drug-resistant
types of epilepsy [4]. Preclinical studies in rodents in which
epilepsy is evoked are performed to investigate the underlying
disease mechanisms in search of new treatments for epilepsy.
A commonly used model for TLE is the intrahippocampal
kainic acid (IHKA) mouse model [5]. Epileptiform activity, i.e.
excessive, highly synchronized neuronal network activity [6],
is visible in electroencephalography (EEG) recordings and tra-
ditionally analyzed manually by experts. As preclinical studies
typically generate a lot of longitudinal EEG recordings, visual
analysis is a time-consuming process and prone to observer
bias and error [7]. The epileptiform activity detected in EEG
recordings can be categorized into two main types: isolated
spikes and epileptiform events. The epileptiform events can be
classified into various subgroups based on, e.g. their duration
and frequency features of the network activities within the
event [8]. All forms of epileptiform activity can potentially
serve as indicators of the progression of epilepsy.

In the past, besides options for spike and/or burst detection
available in commercial software packages [9, 10], various
open-source efforts have been made to implement an epilepti-
form activity detector that can extract spikes and epileptiform
events and classify events into different subgroups (see e.g.
Jackson et al., Zeidler et al., Wei et al. and Theilmann et al.)
[11, 12, 13, 14].
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Spikes can be detected using automatic spike detectors for
which multiple methods exist, such as thresholding, energy
operators, and machine learning models [15, 16, 17], whereas
the epileptiform event classification is typically model-specific
given variation in epileptiform event features across epilepsy
models. Regardless of the epilepsy model, implementing a
robust and automated analysis method is crucial, considering
that spikes may exhibit diverse morphologies and noise levels
can fluctuate across time and datasets. As already noted
above, there have been attempts to automate the detection of
epileptiform events based on data from various animal epilepsy
models. Since many methods were tailored to a specific animal
model, we here reflect on methods with varying approaches
to get an overview of how this problem is solved for different
mouse models.

One method, by Jackson et al. [11], performed the extraction
of both spikes and epileptiform events by first conducting
spike detection using amplitude thresholding, followed by
the detection of epileptiform events. Although this is time-
efficient in the sense that it reduces the amount of manual
labour, its implementation lacks robustness to noise since it
uses manual set thresholds for spike detection. Overly lenient
epileptiform event descriptions are implemented, which leads
to an increased risk of false positives. Zeidler et al. [12]
introduced a method that first filters the signal and then
highlights segments likely to include a behavioural manifes-
tation. Whereas this reduces the amount of time to analyze
the data, there still remains the need for a manually set
threshold, which may not be effective across datasets [13].
Another method described by Wei et al. [13] based on machine
learning is more robust as it can extrapolate patterns beyond
the training set. That is, the authors introduced a model based
on the XGBoost algorithm, trained various mouse models
of epilepsy, used an extra model for testing, and correctly
detected epileptiform events. This specific machine learning
model is not applicable as brain activity was gathered using
EEG recordings instead of LFP recordings, which results in
neural activity from the whole brain being captured instead of
local neural network activity. Training an already implemented
machine learning model, such as the XGBoost algorithm, is
not possible as an extensive labelled dataset is necessary,
which would require a lot of manual analysis. Regarding the
final step of analysis, the classification of different types of
epileptiform events tailored to the epilepsy model used for the
IHKA model, there is, to our knowledge, only one study, by
Theilmann et al. [14], that implemented an automated analysis
approach on EEG data from the IHKA model. The method
used is based on a spike and event detection approach that
was introduced for an encephalitis-induced epilepsy model by
Anjum et al. [18], which marks spikes based on amplitude,
width, instantaneous energy, and slope. The event detection
was modified by Theilmann et al. [14] to be applicable to the
epileptiform activity features of the IHKA model, using the
description of epileptiform event features by Twele et al. [8].
While that method is able to detect and classify epileptiform
activity in the IHKA model, it has two clear downsides: (1)

spike detection makes use of thresholds that need to be set
manually, and (2) both automated spike and event detection
rely on a visual analysis step, which thereby still requires
time-demanding manual inspection. Developing an automated,
time-efficient method that can detect and classify epileptiform
activity from EEG recordings from the IHKA model would
facilitate research, improve accuracy, and accelerate advance-
ments in epilepsy altogether.

In this paper, we present a new methodology for the
automated detection and classification of epileptiform activity
in EEG recordings that consists of three steps and is de-
veloped using data from the preclinical IHKA mouse model
of epilepsy. In the first step, a spike detector is introduced
using an improved version of the “nonlinear energy operator”
(NEO) and “automatic NEO thresholding” (ANT) combina-
tion. Secondly, an epileptiform event detector is proposed that
can detect epileptiform events using a generalized description.
Finally, an epileptiform event classifier is proposed that clas-
sifies epileptiform events into one of four types using event
duration and local spike frequency. The key contributions of
this paper are:

e We propose a new and automated method for detecting
and classifying epileptiform activity in the IHKA mouse
Model.

+ We implemented the proposed method as an algorithm
in Python, decreasing the time spent on LFP recording
analysis.

o« We implemented the proposed method in real-time as
both an ASIC and FPGA to show the working as a Brain-
Machine Interface.

The algorithm was manually verified by an animal epilepsy
expert (G.K.) using 108 hours of hippocampal EEG/local
field potential (LFP) recordings from the IHKA model and
the results showed accurate detection and classification with
drastically reduced analysis time when compared to manual
analysis. Our method is real-time implemented on an FPGA,
and a layout was generated for an ASIC.

This paper is organized as follows: in section II, the [HKA
mouse model is explained by going over the mice and their
surgery procedure in the preclinical studies, after which de-
scriptions of the epileptiform activity are given. Section III
introduces the proposed epileptiform activity detector and its
algorithmic implementation in Python. Section IV introduces
the proposed hardware implementation, which is implemented
using VHDL and Verilog. Section V gives an overview of
the experimental setup, and section VI goes over the results
obtained; the conclusions are given in section VII.

II. INTRAHIPPOCAMPAL KAINIC ACID MODEL
A. Animals

Electrographic EEG/LFP recordings were obtained from
the intrahippocampal kainic acid (IHKA) mouse model and
used for the development and testing of epileptiform activity
detection and classification. For the IHKA model, C57BL/6]
male mice (Janvier, France) at the age of 10 - 12 weeks were
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Fig. 1: EEG/LFP recordings in IHKA mouse model. (a) Schematic of the kainic acid (KA) injection site in the CAl area of the
rostral hippocampus assessed by post hoc histology in coronal sections. The arrow indicates the malformed (including dispersion
of the normally compact cell layers) and ‘damaged’ (i.e. gliosis, cell loss) ipsilateral hippocampus, indicating successful KA
injection and development of an epileptogenic zone. (b) Schematic of the position of the recording LFP electrodes, whereby the
LFP electrode in the right rostral hippocampus at the site of KA injection (i.e. ‘ipsilateral’) is used for detecting the epileptiform
activity in this area. (c) Experimental design of surgeries and video-EEG/LFP recordings. Of note, EEG/LFP recordings started
at 5 weeks post-KA injection/status epilepticus. (d) Examples of LFP recordings from contralateral and ipsilateral (site of KA
injection and the epileptic focus) CA1 area of the hippocampus. The ipsilateral side contains spontaneous focal epileptiform
events with hallmark electrographic characteristics typical for the IHKA model, i.e. high voltage sharp waves (HVSW) and

hippocampal paroxysmal discharges (HPD).

utilized. During experimental procedures, all mice were kept
under standard housing conditions (temperature of 22 + 1.5
°C, 12/12 h light/dark cycle) with food and water ad libitum.

B. Surgery

Animals were anaesthetized with isoflurane (induction 4%;
maintenance 1.5%) in pressurized air. Carprofen (5 mg/kg)
was injected subcutaneously 15 minutes before surgery as
preemptive analgesia. During surgery mice were placed in
a stereotactic device. After skin scalp resection, small cran-
iotomies were drilled in the skull using a dentist’s bore (Fine
Science Tools, USA). Kainic Acid (KA; 200 ng in 50 nL
0.9% NaCl; Sigma-Aldrich, USA) was injected into the CAl
region of the rostral hippocampus (anterioposterior: - 2,0 mm,;
mediolateral: £ 1,5 mm; dorsoventral: - 1,3 mm; Figure 1A)
using a glass 0.5 pLL NanoVolume on-column syringe (0.23
mm OD needle; Trajan Scientific and Medical, USA) at a rate
of 0.1 pL/min controlled by a UMP2 micro-infusion pump
(World Precision Instruments, USA). To limit backflow of
fluid, the needle was maintained in situ for 2 minutes before
and 5 minutes after injection. After surgery, mice were placed
in a recovery box with temperature controlled at 30°C for
30 minutes. Status Epilepticus, which occurs in the hours
after hippocampal KA injection, was monitored using video
recording combined with post hoc behavioural analysis.

One week later, during a second surgery, custom-made
microelectrodes (75-pm platinum/iridium; PT6718, Advent
Research Materials, UK) were placed in the same CAl area

and coordinates of the rostral hippocampus (Figure 1B).
Additional micro-electrodes were placed in the contralateral
hippocampus and cortex (bilateral visual cortex V1 and motor
cortex M1 ipsilateral to the hemisphere in which kainic acid
was injected) to assess any spread of electrographic epilep-
tiform activity. Reference and ground electrodes were placed
in the cerebellum. Then, the micro-electrodes were connected
to a 7-channel pedestal (Plastic One, USA) and glued to the
skull with dental cement (DiaDent Europe, NL). After the
experiments, mice were sacrificed for histology procedures to
confirm electrode locations and assess cellular damage in the
KA-injected hippocampus (Figure 1C).

C. Electrograhpic Epileptiform Activity

With respect to the types of epileptiform activity in the
IHKA mouse model, both spikes and epileptiform events were
recorded and specifically present in the ipsilateral CA1 record-
ing. Spikes are visible in the hippocampal LFP recordings and
are defined as transiently increased neuronal activity that is
distinguishable from background activity with negative and
positive peaks of activity. The duration of a spike was defined
to range from 40 to 100 milliseconds, and the amplitude is
larger than 1.5x the baseline amplitude of the signal. The
baseline amplitude was considered to be the average amplitude
of a signal segment with no epileptiform activity. Of note, the
shape of a spike can vary depending on the neuron that fires,
the type of epilepsy, and the stage of epilepsy. Further, spikes
can be categorized as ictal or interictal, where ictal spikes



TABLE I: Characteristics of different types of epileptiform
events in the IHKA model.

Spike train | HVSW sHPD iHPD
Spike amplitude
(x Baseline amplitude) =2 23 =2 =2
Spike frequency > 2 Hz >2Hz | >5Hz | >5Hz
Minimum event duration 2s 5s 5s 10s
Maximum event duration 5s 20 s 10 s -
Interevent interval >3s >3s >3s >3s

are found inside epileptiform events, and interictal spikes are
found outside events.

An epileptiform event can be described as a group of
spikes that follows a set of requirements with respect to spike
frequency, spike amplitude, and the duration of the event. The
first type of epileptiform event that occurs in the IHKA model
is a “spike train”, which has a duration between 2 and 5
seconds. Spikes were designed to have an amplitude of at
least 3x the baseline amplitude, the spike frequency should
be at least 2 Hz, and the interval between subsequent events
is minimally 3 seconds. “High voltage sharp waves” (HVSW)
are a second form of epileptiform event in the IHKA model,
with the same criteria with regard to spike frequency and
amplitude and interevent interval as a spike train, i.e. spike
frequency > 2 Hz, spike amplitudes > 3x baseline amplitude
and interevent interval > 3 seconds. HVSW duration, however,
is longer than that of a spike train, ranging from 5 to 20
seconds. HVSW can show evolution in frequency and pattern
but are typically regular. An example of HVSW is shown in
Figure 1D, in which the HVSW shows no clear evolution
over time (‘monomorphic’). The last type of epileptiform
event in the IHKA model concerns “hippocampal paroxysmal
discharges” (HPDs), which typically start with HVSW-like
activity followed by spikes with an amplitude of at least 2x
the baseline amplitude and a spike frequency of at least 5 Hz.
Figure 1D shows an example of an HPD event, where the start
of the event consists of HVSW-like activity, followed by spikes
with higher frequency and lower amplitude. The figure clearly
shows that HPD are ‘polymorphic’ as they exhibit evolution in
pattern and frequency. HPD events are further categorized into
“short HPDs” (sHPDs) and “ictal HPDs” (iHPDs). HPD events
with a duration of 5 to 10 seconds are classified as sHPDs
and HPD events with a duration of at least 10 seconds are
classified as iHPDs. Moreover, an HVSW event which exceeds
20 seconds is classified as an iHPD. Table I summarizes all
types of events together with their characteristics.

III. PROPOSED DETECTOR AND CLASSIFIER OF
EPILEPTIFORM ACTIVITY

With respect to the epileptiform activity detection and clas-
sification method and its algorithmic implementation, Figure
2 gives an overview of the data flow in the proposed method-
ology, where the data is first gathered and preprocessed. The
pre-processed EEG/LFP recordings are then used as input to
the spike detector, which has the detected spikes as output.
The epileptiform event detector uses the detected spikes to

detect all types of epileptiform events based on a general
description and will make a distinction between ictal (part of
the epileptiform events) and interictal spikes. Finally, the event
classifier classifies events based on the above-indicated event
classifications and provides outputs of the detected events and
classification of the detected event and the interictal spikes.

A. Pre-processing

Mice are connected to the seven-channel commutator in a
Faraday-shielded recording cage at week 5 post-KA injection
(i.e. 5 weeks after status epilepticus) for continuous EEG/LFP
and video recording of the chronic stage. The LFP recordings
obtained from the KA-injected CA1l area were pre-amplified
(3x), filtered (0.05-500 Hz), amplified (200x) using custom-
build hardware, and digitized at 5 kHz (Power 1401 and
Spike2 software, CED) with further post hoc down-sampling
to 1 kHz using MATLAB (version 2022b, MathWorks, USA).

B. Spike Detector

Spike detection is an important part of the proposed de-
tection and classification method, as the epileptiform event
detector (and subsequent classifier) relies on the detected
spikes. It is important that the spike detection method is
computationally simple as it should be implemented in the
hardware, must be robust to EEG/LFP noise and needs to be
automated so no manual intervention is needed. The section
below highlights various existing spike detection methods and
their advantages and disadvantages that provide the back-
ground for the approach implemented in our spike detector.

1) Existing Methods: The most basic spike detection meth-
ods make use of “amplitude thresholding” (AT) [15, 19], which
has a low computational burden but lacks robustness with
respect to noise and the change of signal characteristics in
different datasets. Moreover, every dataset requires its own
thresholding, which is a non-automated implementation that
needs extensive manual intervention. Another commonly used
method is the “discrete wavelet transform” (DWT) [20], which
decomposes an EEG signal into different frequency compo-
nents and has the advantage that it can accurately identify the
timing and frequency characteristics of spikes with good noise
suppression capabilities. Drawbacks of this method are that
choosing an appropriate wavelet is crucial, and the method is
computationally intensive. Machine learning methods are also
available, such as the “convolutional neural network™ (CNN)
developed by Prasanth er al. [17]. The EEG signal is split
up into different frequency bands, which helps achieve high
sensitivity and accuracy. The downside is that implementing
the method is computationally intensive and needs a training
dataset. Lastly, energy operators, such as the “amplitude slope
operator” (ASO) [16] and the “nonlinear energy operator”
(NEO) [21], are methods that use instantaneous energy in a
signal to detect spikes. NEO and ASO are both methods that
are robust to noise and are computationally efficient; NEO,
in combination with ‘“automatic NEO thresholding” (ANT)
[22], even allows for automated detection using a dynamically
calculated threshold.
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Fig. 2: Proposed epileptiform activity detector and classifier divided into spike detector, epileptiform event detector, and
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TABLE II: Overview of spike detection methods and their
advantages and disadvantages

Spike detection . Robustness .
method Complexity | Speed to noise Automatic
AT [15] + + — -
CNN [17] — + T ¥
DWT [20] — — T -
NEO [21] &
ANT [22] + + + +

ANT c:

alculator

Qrmg estimator

op, estimator

LFP recofd'Q_{ IR filter 1 Fé% IR filter 2
NEO
calculator

Fig. 3: Block diagram of the proposed spike detector, con-
sisting of three IIR filters, the NEO calculator and the ANT
calculator.

Detected spikes

IIR filter 3

2) Spike Detector Overview: A block diagram of the pro-
posed spike detector using NEO and ANT is shown in Figure 3
and illustrates the individual components of the spike detector,
which consists of the NEO calculator, three Infinite Impulse
Response (IIR) filters, and the ANT calculator consisting of
the root mean square (RMS) frequency (2zps5) estimator and
the standard deviation of the background noise (o,,) estimator.

3) Nonlinear Energy Operator: The NEO calculator imple-
ments Equation 1, which calculates the instantaneous energy
from an amplitude component, z?(n), and a frequency com-
ponent, z(n + 1)z(n — 1).

Ylz(n)] = 2%(n) —z(n+ x(n —1) (D

4) Infinite Impulse Response Filters: Three IIR filters are
implemented using Equation 2, where « is the feedback coef-
ficient and o < 1. IIR filter 1 combined with the subtraction,
highlighted in Figure 3, is an improvement on the circuit
proposed by Yang and Mason [22]. This IIR filter is used for
amplitude calculation of the spikes but is also able to remove
the temporal drift of the signal. The other two IIR filters are
used to smooth the signal. IIR filter 1 is implemented using

a= filter 2 using o = 7, and filter 3 uses a = 5.

300°
y(n) = az(n —1) + (1 - a)y(n - 1) 2)

5) Automatic NEO Thresholding: ANT is implemented
using Equation 3, where C is a scalar, o, is the standard

deviation of the noise, and Qgrpss is the RMS frequency.
The standard deviation of the noise and the RMS frequency
are both estimated, as calculating them requires too much
computational power. For the scalar, a standard value of
C = 14 is chosen.

Thy = Co202,,, 3)

Equation 4 shows the estimation of ¢, which is obtained
from the “median absolute deviation” (MAD) [23], where the
median is taken over a window of the absolute value of the
output of IIR filter 2.

oMAD _ median(|z(n)|)
" 0.6745

The estimation of the RMS frequency is done by making use
of the zero-cross frequency. Equation 5 shows the estimation,
where n, is the number of zero-crossings inside the window
of size N,. Following Yang and Mason [22], the input signal
should be the output of IIR filter 2, but the temporal drift
removal also removes a lot of zero-crossings. Because of this,
the signal checked for zero-crossings is the input of the spike
detector.

4)

Ny

Qrms = Wﬂ'

4)

As explained in Section VI-B, the spike detector explained
above did not meet the requirement for accuracy. To improve
the accuracy, the value of C' in Equation 3 can be adjusted
during analysis. With the ability to adjust C' and to keep the
analysis time efficient, the window for both the estimation of
o, and Q ks is chosen to be the entire dataset as this results
in just one threshold for the whole dataset.

C. Epileptiform Event Detection

The second step, as illustrated in Figure 2, is the detection
of epileptiform events. A general description of epileptiform
events is made to detect in this stage all types of epilep-
tiform events (see Table III). The detection method checks
the signal, using the detected spikes, for events fulfilling the
general description of an epileptiform event For generating
the algorithm, first, a baseline amplitude calculation is needed
for the amplitude requirement, followed by the generation of a
detection loop, and lastly, a function called “preliminary spikes
check” is implemented.



TABLE III: Description of a general epileptiform event used
by the event detector

Spike Spike Event Interevent
amplitude frequency | duration interval
> 2x Baseline > 2 Hz >2s >3s

1) Baseline Amplitude Calculation: The first requirement
defines that the spike amplitude, needs to be larger than two
times the baseline amplitude, whereby the baseline amplitude
is the amplitude of the signal without detected spikes. To
calculate the amplitude, a signal segment of 30 seconds
that does not contain spikes is selected, and the middle 20
seconds should have a noise level that is not influenced by
nearby spikes. From these 20 seconds, the baseline amplitude
is calculated by taking the 97'" percentile of all samples.
The baseline amplitude can change over time, and thus, the
baseline amplitude is adjusted when feasible. That is, an
adjustment is performed every time a segment of 30 seconds
with no spikes is found, and the update takes place using an
IIR filter with oo = 0.2.

2) Detection Loop: A detection loop is incorporated to
detect epileptiform events using the general description of
an epileptiform event, provided in Table III. A flowchart
describing the detection loop is shown in Figure 4, where green
elements are implemented at both the algorithmic and the hard-
ware level, while yellow elements are only implemented at the
algorithmic level, and purple elements are only implemented in
the hardware. Hardware implementation (and its differences)
are discussed below in Section IV. The algorithm loops over
every spike to check its amplitude, frequency and inter-spike
interval, which refers to the interevent interval indicating that
events are split if there are at least 3 seconds between them.
When one of the last two does not meet the preset conditions,
the preliminary spikes check is done, which is explained
in the next section; after this function, the event duration is
checked. The algorithm consists of a nested loop created by
the yellow element spike = " 15 spike” + 1. This causes the
loop to check some spikes twice in order to find the correct
combination of spikes for an event.

3) Preliminary Spikes Check: As explained in Section II-C,
HPD events typically starts with HVSW-like activity, which
results in the start of HPD events containing higher amplitude
but lower frequency spikes than the rest of the event. These
lower frequency spikes can reach frequencies below 2 Hz,
which causes the detection loop to ignore them. However, if
these spikes are within 3 seconds of each other and this group
is within 3 seconds of an event, these spikes should be included
with the rest of the event if a frequency of at least 2 Hz is
reached. To include these, the event detection loop of Figure
4 is run after event detection over the spikes in front of the
event.

D. Epileptifrom Event Classification

The classification of epileptiform events follows when the
event detection itself is finished and is based both on the
duration of an event and the local spike frequency inside

Epileptiform event detector based
on detected spikes

Spike amplitude 2 2x
Baseline amplitude

spike += 1

15t spike = spike

spike += 1 ‘

spike = "15t spike" + 1

Spike interval
< 3 seconds

Discard event
X

Add spike to
event

Event duration
= 2 seconds

Save event

Fig. 4: Flowchart of the epileptiform event detection loop,
green blocks highlight elements implemented in both Python
and the hardware. Yellow elements are only implemented in
Python, whereas purple elements are only implemented in
hardware.

events. Epileptiform events are detected using the general
description of Table III. When comparing this to the content
in Table I, it is clear that the general event description closely
resembles that of spike trains and HVSW events. Because of
this, all events are automatically classified as spike train (if
they have a duration between 2 and 5 seconds), as HVSW (if
they have a duration between 5 to 20 seconds), or as iHPD
(when they last longer than 20). Events are classified as HPD
if a peak spike frequency of at least 5 Hz is reached, which
is based on the description by Twele er al. [8], stating that an
HPD event is required to have 5 continuous seconds with at
least 25 spikes inside. The event detector keeps track of the
peak spike frequency of 5 continuous seconds in an event and
is classified as HPD if it reaches the threshold of 25 spikes/5
seconds, i.e. 5 Hz. The distinction between sHPD and iHPD is
then made on duration. Events between 5 and 10 seconds are
classified as sHPD, and longer events are classified as iHPD.

IV. PROPOSED HARDWARE IMPLEMENTATION

Hardware implementation of the epileptiform activity de-
tector and classifier follows the structure explained in the
previous section but has some adjustments to support real-time
detection and classification. A block diagram of the system is
shown in Figure 5, which shows the interconnection of the
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Fig. 5: Block diagram of the epileptiform activity detector and
classifier implemented in hardware.

> Spike Flag

Gl | G2 | S
Filter 1 2 510 | 9
Filter 2 3 1 2
Filter 3 3 29 5

TABLE IV: The values for the IIR filters implemented in
hardware using two gains and a binary shift.

sub-systems. The input of the system is a 16-bit signal using
a two’s complement and fixed-point representation. The first
bit is used as a sign bit, the following four bits are used for the
integer, and the last eleven bits are used for the fraction. With
this representation, all values between -16.0000 and 15.9995
can be represented in the system with a resolution of 0.0005.
The system runs with a clock of 1000 Hz, which is the same
frequency as sampling in the dataset.

The output of the system has five flags: (1) spike detector
threshold calculated, (2) spike detected, (3) event detected,
(4) HVSW classification, and (5) HPD classification. The
threshold flag indicates if a threshold for the spike detector
has been calculated. The flags for event detection, HPD and
HVSW classification have a delay of 5 seconds. This is due
to the requirement for an event to have a duration of at least
5 seconds.

A. Spike Detector

The spike detector is based on the block diagram highlighted
in Figure 3 and is adjusted to suit hardware-efficient imple-
mentation. This section will go over the IIR filter and the
0, estimator implementations as those vary from what was
explained in section III-B2.

1) Infinite Impulse Response Filters: The IIR filters, de-
scribed by Equation 2, can be implemented more efficiently
when using binary values. As a < 1, a multiplication is
performed by the numerator and a division is performed by
the denominator. This division can be replaced by binary right
shifts which is shown in Equation 6, where G1 and G2 are the
nominators and 1/(2°) denotes a right bit shift by S. Table
IV shows the implemented filters and their respective gains
and shift values.

z(n—1 n—1

( - ) y( - ) ©)

2) oy, Estimator: Calculating the MAD as shown in Equa-
tion 4 is a costly operation as taking the median over a
window needs a lot of memory allocation. Yang and Jason [22]
introduced a hardware-efficient implementation for estimating
oy, by following the statistical theory that the probability of

y(n) = G, + G

Input signal
t
Convergence o’
detector —
Digital
integrator

Fig. 6: Block diagram of the estimation of ¢,, implemented in
hardware

Gaussian noise exceeding o,, is known to be 0.159. Figure 6
shows the block diagram of the o, estimator. The input signal
is compared with the estimated o,,, ¢%*%, and outputs a "1’ if
the input signal is greater. The amount of '1’s inside a window
of size M is counted and subtracted from 0.159 x M. This
result is fed into a digital integrator and is then used to update
oot every M clock cycles. The loop keeps updating until a
convergence is detected after which the converged value o, is

output by the system.

B. Epileptiform Event Detector

In section III-C the proposed epileptiform event detector is
described, which is visualized by the flowchart in Figure 4,
where the green and purple elements are implemented in the
hardware. The yellow elements of the detector were left out
of the hardware implementation as the implementation should
be real-time and efficient. Changes made to the working of
the event detector are highlighted in this section.

1) Amplitude Calculation and Check: The amplitude cal-
culation and check have been left out of the hardware im-
plementation to support a real-time system and to save area
on memory. The amplitude calculation is required for both
the negative and positive peaks and requires two comparisons
per sample for the 100 samples after a spike is detected.
The baseline amplitude calculation requires the calculation
of the 97*" percentile of 20,000 continuous samples. Both
these calculations require significant area for memory and
the baseline amplitude calculation can negatively affect the
real-time behavior of the system. The negative impact on the
real-time behavior is caused by the fact that a segment of
20 seconds without any spikes needs to be found before the
calculation can be performed, resulting in an idle time before
events can be detected.

2) Nested Loop: The nested detection loop, shown in
Figure 4, is indicated by the yellow element containing
spike = 71%¢ spike” +1. This implementation mostly impacts
the real-time working of the system but also requires extra
memory. The real-time working of the system is impacted
greatly by the nested loop as it starts event detection using
a previous spike. This helps with the correct detection of the
start and end of events but will cause extra delay if added,
which is undesirable for a real-time system.

3) Preliminary Spikes Check: The preliminary spikes check
was introduced, as explained in section III-C3, to correctly
detect the start of HPD events. Hardware implementation of
this function is not viable as the algorithmic, non-real-time
implementation, checks the spikes in front of a detected event



to correct the detection. If this were to be implemented in the
hardware, a delay of the longest detectable event needs to be
added to show a detected event with preliminary spikes, which
would result in the system not running real-time. The effect of
leaving out the preliminary spikes check is that the beginning
of some HPD events will not be detected correctly.

C. Epileptiform Event Classifier

The epileptiform event classifier is also simplified with
respect to the presented version in Section III-Dj that is, the
events are classified into only HVSW and HPD events as these
are the most important elements relevant for the development
of epilepsy. As explained in section III-D, an event will be
classified automatically as an HVSW event unless 5 continu-
ous seconds with at least 25 spikes are detected. The classifier
is implemented using a ring buffer, which saves the moment
in time when a spike is detected. Using the ring buffer the
number of spikes in the previous 5 seconds is tracked, when
the event detection flag goes high a check on the amount
of spikes determines the classification. During the time the
event detection flag is high, the classification can change from
HVSW to HPD if the number of spikes in the buffer reaches
25. The classification relies on event detection and thus has a
delay of at least 5 seconds, the maximum delay is not known
as this can be the length of an entire epileptiform event if the
last 5 seconds contain 25 spikes.

V. EXPERIMENTAL SETUP
A. Performance Metrics

The performance results of the spike detector, event detec-
tor, and event classifier are represented using one or more of
the following metrics. (1) Accuracy, which indicates the rate
of correct detections or classifications, illustrated in Equation 7
and given in percentage. (2) Sensitivity, as part of Equation 8,
showing the rate of positive detections or classifications, which
are correctly identified. (3) Precision, as part of Equation 9,
indicating the number of true detections or classifications over
the total number of true events. These metrics make use of
True Positive (TP), False Positive (FP), and False Negative
(FN) detection. True Negative (TN) is not considered as this
results in a large bias. The formulas for the three metrics are
shown below.

TP

A =
cecuracy TPTFPLFN @)
L TP
Sensitivity = TPLFN (8)
. TP
Precision = TP FP ©)]

B. Spike Detector

The spike detector is evaluated using a synthetic dataset
which consists of 8 recordings with noise levels ranging from
0.05 dB to 0.2 dB at an interval of 0.05 dB [23]. The naming
structure used for the different datasets starts with E (easy) or
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Fig. 7: Development flow of the hardware implementation.

D (difficult), which refers to the difficulty level of clustering
the spikes (not important for this work) and ends with the
value of the noise level. With these datasets, the proposed
spike detector can be evaluated and compared to three different
methods: the standard implementation of NEO and ANT, ASO
[16], and DWT [20]. As the implementations of ASO and
DWT only have results on accuracy this is the only metric
used to evaluate performance.

C. Event Detector and Classifier

The output of the epileptiform event detector and classifier
were reviewed by an animal epilepsy expert (G.K.), who
indicated the TP, FP and FN detections and classifications from
which the performance metrics were calculated. For the event
detector 48 hours and for the classifier 108 hours of input
EEG/LFP recordings from the IHKA model were used, origi-
nating from 8 and 9 mice, respectively. After the evaluation of
the event detector, the algorithm has been adjusted, and with
the new version the event classifier has been evaluated.

D. Hardware Implementation

The development flow of the hardware implementation
is shown in Figure 7. The algorithm was first developed
in Python and has been implemented in the hardware de-
scription languages (HDL) of Verilog and very high speed
integrated circuit (VHSIC) program hardware description lan-
guage (VHDL). The python algorithm was manually verified
after which the hardware simulations done in Questasim were
compared to verify correct working. The process is split up
into the workflow of the development of an ASIC and of an
FPGA.

1) Application Specific Integrated Circuit: Using Cadence
Genus, a worst corner synthesis of the design was done with
the TSMC 40nm library. The system clock frequency was set
to a frequency of 5000 Hz, which is the lowest clock frequency
allowed by Genus. From the worst corner analysis, results
on area and power were generated for the spike detector,
event detector, event classifier, and the full design. Using the
synthesized design a place and route was made using Cadence
Innovus using a density of 0.7 and the post-layout results in
realistic results on power and area.

2) Field Programmable Gate Array: The design has been
synthesized using Xilinx Vivado for a demonstration on a
PYNQ-Z1 board containing a ZYNQ-7000 series FPGA. The
clock of the system is set to 1000 Hz and 300,000 16-bit
values in two’s complement and fixed point representation are
loaded into the BRAM and used as input signal. The synthesis
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Fig. 8: Accuracy of spike detection on the four compared
methods on a synthetic dataset.

for the FPGA gives results on power usage and area, which
is reported in the available logic blocks on the FPGA.

VI. RESULTS
A. Spike Detector

The results of the four spike detection methods (see Table
II) were compared with box plots in Figure 8. The Wavelet
transform was found to have an average accuracy of 89.5%,
whereas ASO had an average accuracy of 91.1%. Both the
standard and improved version of the NEO and ANT imple-
mentation achieved a higher accuracy, the standard version
had an accuracy of 92.9%, while the improved version had an
accuracy of 93.3%. This is a marginal improvement achieved
by removal of the temporal drift. The improvement was
achieved using an IIR filter that was originally implemented
to allow spike amplitude calculations, and because of this,
no overhead is added to the spike detection. Next to the fact
that the improved version achieved the highest accuracy, it is
also clear that the minimum and maximum accuracy values
are closer to each other, indicating this method is more stable.
This suggests that this method is indeed robust to noise, which
was one of the requirements for the spike detector.

B. Epileptiform Event Detector

Figure 9 shows the accuracy, sensitivity and precision
retrieved from the manual analysis of the output of 48 hours
of input data to the epileptiform event detector. The event
detector had an average accuracy of 93.6%, with a precision
of 99.0% and a sensitivity of 94.0%. From Figure 9 it is
clear that there is one outlier for both accuracy and sensitivity
results, corresponding to the same dataset. The low sensitivity
indicates that a lot of events were missed in detection. During
the manual analysis of this dataset, it became clear that the
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Fig. 9: Accuracy, Sensitivity and Precision results from both
the epileptiform event detector (on the left) and classifier (on
the right) extracted from the manual analysis of the algorithm.

spike detection accuracy for this dataset was not high enough
to support accurate event detection. As the event detection
fully relies on the spike detection an improvement was made
to the spike detector. The improvement entails the ability to
adjust the scalar C' from Equation 3. This results in some
manual work during analysis, but with better overall results
on sensitivity and accuracy.

C. Epileptiform Event Classifier

The results from the manual analysis of 108 hours of EEG
recording (input data) for the event classifier are shown on
the right in Figure 9. In the analysis of the event classifier, the
ability to adjust the scalar C in the spike detector was included.
The event classifier had an accuracy of 95.8% with a sensitivity
of 95.8% and a precision of 95.8%. When comparing the
results on detection and classification in Figure 9, we can
see that the classifier achieves a higher consistency over the
three metrics on all the datasets. The consistency is visible in
the small spread indicated by the quartile and maximum data
values for classification. The results are directly correlated as
both the detector and classifier fully rely on the spike detector.
However, we cannot directly compare both results and give an
impact value to the added ability to adjust scalar C. Still, this
stability in the classifier results shows that the adjustment of
scalar C positively impacts the results with little manual work
added.

D. Complete System

Notably, the automated epileptiform activity detector and
classifier achieved a time saving of 98.8%, the reduction is
visible in Table V. Secondly, the epileptiform activity detector
and classifier achieved a constant high level of detection
and classification accuracy, which removed the dependability



TABLE V: Manual analysis time compared to computational
analysis time of LFP recordings used in preclinical studies.

Input data 108 hours
Manual analysis 27 hours
Computation time | 20 minutes
Time reduction 98.8%

TABLE VI: Chip area and power results of the placed and
routed design and the FPGA implementation.

ASIC FPGA
Tool Cadence Genus Xilinx Vivado
Technology TSMC 45nm P;glgé%;oggd;%gxh
Supply voltage 0.99 vV 1.00 V
Clock 5000 Hz 1000 Hz
815 LUTs
Area 9114um? 427 Registers
8 DSPs
Static power 6.66 LW 114 mW
Dynamic power 16.09 pW 58 mW

on expert analysis and removed inter-observer biases and
errors. This work achieved a superior sensitivity of 94.0% for
detection and 95.8% for classification over the comparable
work introduced by Theilmann et al. [14] that achieved a
sensitivity of 86-90%. The achieved time reduction of >80%
by Theilmann et al. was also lower than the 98.8% in the
current work, which can be explained by the almost fully
automated implementation of our work.

E. Application Specific Integrated Circuit

The area and power results gathered from the synthesis
are shown in Figure 11, which shows that the spike detector
together with the interconnect takes up the biggest part of
the area and uses the most power. Moreover, it is clear that
the distribution in area and power usage are correlated, as the
percentage per part of the design is almost equal. The area of
the spike detector could be reduced by decreasing the input
bit size, which resulted in a lower resolution throughout the
system, as everywhere the size of the input signal Is used.

The area and power results of the place and route are
shown in Table VI from which it is evident that the ASIC
design reached an area of 9114 um? that is 13.6% larger
than the synthesis achieved. This is because an ASIC gives
a more realistic result on area, as the netlist resulting from
the synthesis is realistically routed in the design. The layout
gathered from the place and route is shown in Figure 12.

F. Field Programmable Gate Array

The algorithm was successfully implemented on an FPGA
to show the working as a Brain Machine Interface (BMI). All
the outputs of the system are routed to LEDs, the input data is
stored on the BRAM, and the reset is linked to a switch. The
area and power results are reported in Table VI in addition to
the ASIC results; although a direct comparison is not possible
as both implementations make use of different technologies,
a realistic image is given if one of two implementations is
further developed.

VII. CONCLUSION

In this paper, we propose a new method for the detection and
classification of epileptiform activity using EEG/LFP record-
ings gathered from a preclinical study, in this case of the IHKA
mouse model. Our method is based on a spike detection stage,
which is followed by an epileptiform event detector that uses a
general description of all types of epileptiform events. The last
stage is an epileptiform event classifier, which classifies events
based on their duration and intra-event spike frequency into
one of four groups. The detection and classification algorithm
is implemented as an algorithm in Python and was found
to reach a general epileptiform event detection accuracy of
93.1%. Epileptiform events were classified with an accuracy
of 95.8%, and the implemented algorithm yielded a time
reduction of 98.8% compared to manual analysis. The work
achieved equal or better accuracy over existing epileptiform
event detection methods described in the literature, but most
of all, yielded a superior time reduction that was possible
as the algorithm is automated to a level exceeding that of
existing methods due to the minimal manual input. Real-
time hardware implementation of the algorithm was developed
using HDL. Power and area results were gathered using the
TSMC 40nm library and a Zynq 7000-series FPGA. The work
was demonstrated using the FPGA, which shows the potential
of a brain-machine interface (BMI). This work streamlines
research and accelerates advancements in epilepsy studies due
to the complete package of a spike detector, epileptiform event
detector and epileptiform event classifier which is introduced,
the superior accuracy that is achieved, and the time reduction
that has been realised possible.
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