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Article Info. Abstract

Epileptic seizures can cause sudden blood pressure changes, requiring continuous monitoring. However, traditional blood
pressure monitoring methods are often invasive and uncomfortable for the patient. In addition, it is difficult to measure
blood pressure during seizures. This research aims to design a non-invasive, comfortable device to monitor blood pressure
during epileptic seizures continuously. Photoplethysmography (PPG) signals from the sole of the patient's foot were used
to extract blood pressure data. A smart patch was designed to be worn comfortably on foot for continuous monitoring
during seizures. The results show that the average systolic and diastolic blood pressure errors were 2.838 and 4.494 mmHg
Accepted during epileptic seizures, respectively. These blood pressure changes could be related to the onset of seizures, suggesting
13 July 2023 that the device and methodology could be combined with other measures to analyze and predict seizure activity. This
. research offers a non-invasive and comfortable solution for continuous blood pressure monitoring during seizures, which
Publishing may affect seizure prediction and management.
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1. Introduction

Approximately 1% of people worldwide have epilepsy, a neurological disorder [1]. It is a condition characterized by the occurrence of recurrent
seizures, which are episodes of abnormal electrical activity in the brain. Epileptic seizures can be life-threatening, so it is crucial to monitor
individuals with epilepsy closely [2]. Measuring vital signs, including blood pressure, heart rate, and respiratory rate, is critical to monitoring
individuals with epilepsy [3]. During a seizure, individuals may experience changes in their vital signs, such as increased blood pressure, heart
rate, or respiratory rate. These changes can stress the body significantly and may lead to further complications [4]. One potential benefit of
monitoring vital signs in individuals with epilepsy is predicting when a seizure may occur by identifying changes in blood pressure, heart rate,
or respiratory rate before the event [5]. For example, some individuals may experience changes in their blood pressure or heart rate before a
seizure, which can help predict when a seizure is imminent [6, 7]. It is crucial to monitor the vital signs of individuals with epilepsy before and
after a seizure. This helps predict when a seizure is about to occur and ensures that individuals are stable and not experiencing any complications
post-seizure [8]. For example, some individuals may experience a drop in blood pressure or heart rate after a seizure, putting them at risk of
further complications [9]. Roughly a third of people with epilepsy may have seizures that do not respond to medication [1]. Certain medications
used to treat epilepsy can potentially affect individuals' vital signs. This may involve alterations in their vital signs, such as blood pressure or
heart rate. Monitoring vital signs can help identify these side effects and adjust medication doses accordingly [10, 11]. Thus, monitoring vital
signs plays a critical role in the management of epilepsy, both in predicting and preventing seizures and in managing medication side effects
[12, 13]. Over 3 million people in the US are impacted by epilepsy [14]. The seizures can take various forms and may involve motor, sensory,
or autonomic symptoms. Epilepsy can affect individuals of all ages and can be caused by various factors, including genetic predisposition, brain
injury, infection, or metabolic disorders [15, 16]. The impact of epilepsy on individuals' quality of life highlights the importance of effective
management strategies [17], including monitoring vital signs [18]. Photoplethysmography (PPG) is a technique that can anticipate numerous
vital health parameters including blood pressure, heart rate, haemoglobin, and blood glucose level [19, 20]. Research suggests that this method
enables the non-invasive, cuff-less, and continuous measurement of blood pressure (BP) [21]. PPG utilizes an Infrared Light Emitting Diode
(IR LED) along with a corresponding photodiode to measure minor changes in blood volume within the arteries. The PPG waveform comprises
an AC component and a DC component [22].
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Nomenclature & Symbols

PPG Photoplethysmography VDT Velocity Diastolic Time

VPG Velocity Plethysmography VST Velocity Systolic Time

BP Blood Pressure Ad Systolic Blood Pressure Coefficients 1
ST Systolic Time Bs Diastolic Blood Pressure Coefficients 1
DT Diastolic Time As Systolic Blood Pressure Coefficients 2
PPT Peak-To-Peak Time Bd Diastolic Blood Pressure Coefficients 2

The AC component of the PPG waveform corresponds to the synchronized changes in blood volume that occur with each heartbeat, while the
DC component reflects the overall tissue characteristics and average blood volume [23]. In the past few decades, extensive research has been
dedicated to non-invasively estimating blood pressure (BP) through surrogate cardiovascular parameters, primarily pulse transit time (PTT)
[24]. However, PTT-based BP predictions require the simultaneous measurement of an electrocardiogram (ECG) alongside PPG, necessitating
the placement of electrodes on the body's surface [25, 26]. Recent advancements have shown promising developments in the continuous non-
invasive measurement of BP. For instance, a study discovered an inverse correlation between BP and pulse transit time (PTT) [27]. PTT is
shown in Fig. 1.

ECG

R-to-R interval

FPG

SDFPPG

Time (5)

Fig. 1. ECG signal, and the PPT estimation from the difference (ms) between the systolic peaks of the ECG and PPG signals (second
derivative photoplethysmography (SDPPG)) [28]

Recent research has shown a growing interest in developing novel approaches for monitoring blood pressure in epilepsy patients during seizures.
However, these studies mainly relied on traditional blood pressure monitoring or ECG signals [29] to measure blood pressure [30, 31], which
can be uncomfortable for the patient and cannot provide continuous monitoring. Several recent research studies have investigated non-invasive
methods for continuous blood pressure monitoring, but few have focused specifically on monitoring blood pressure during seizures [32, 33].
The proposed approach in this study involves continuous blood pressure monitoring during seizures using PPG signals from ear loops.
Compared to the cuffless systems proposed by Xie et al. [34] and Zhang et al. [35], which require sensors to be worn on the wrist or finger, the
ear-loop sensors used in this study are less likely to be affected by motion artefacts and provide more stable measurements. The pulse wave
analysis approach proposed by Kim et al. [36] does not provide continuous monitoring during seizures, and the machine learning algorithm
proposed by Shahin et al. [37] may not be as effective during seizures due to sudden changes in blood pressure [38]. The proposed approach in
this study aims to address these limitations by providing continuous blood pressure monitoring during seizures using non-invasive PPG signals
from ear-loops. The potential advantages of this approach include improved accuracy, convenience, and safety for patients with epilepsy, as
well as the ability to collect more comprehensive data for clinical diagnosis and treatment.

This study is divided into five sections. Section 1 discusses the principles of measuring blood pressure using PPG signals, and the techniques
for estimating blood pressure from these signals are presented. Section 2 details the design of the smart patch and the signal processing
algorithms employed. This section also describes the signal processing techniques used to isolate the PPG signals from the noisy signals
recorded by the smart patch. Section 3 presents a MATLAB-based software developed for extracting blood pressure from the PPG signals. In
Section 4, the results of the experiments are presented. Finally, Section 5 provides a conclusion that summarizes the significant contributions
of the study and their potential impact on blood pressure monitoring.

2. Materials and Methods

In this study, we developed a smart patch to monitor the blood pressure of epileptic seizure patients. The device was designed to consist of two
parts. The first part was a patch that was attached to the patient's ear-loop and contained an Arduino mini, a transmitter NRF2401 [39], and a
PPG sensor (Ear-Loop PPG Sensor for Arduino from Wiki Company) [40] to detect the PPG signal of the patient. The PPG signal was then
sent to the second part of the device, which analyzed it to continuously monitor the blood pressure and display the results on a 3.2-inch TFT
screen [41]. The second part of the device used an Arduino Mega as a microcontroller and included an MP3 shield for Arduino (from Wiki
Company) [42] to speak the value of the blood pressure and alert the patient or anyone around them.

2.1. Estimation of blood pressure

When the heart begins to pump blood into the blood vessels, the amount of blood pumped from the heart depends mainly on the elasticity of
the blood vessels throughout the body; that is, when the blood vessels are naturally flexible, the heart does not need much effort to pump blood
to all parts of the body (because the resistance from blood vessels to change size due to the passage of blood during heart contraction is minor,
as the elasticity of those blood vessels is within the appropriate range). If the elasticity of the blood vessels is less than what it is in the first
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case, the heart will need a higher effort to pump blood into the blood vessels because of the higher resistance that the heart faces from the blood
vessels, which leads to pumping more blood into the blood vessels.

In the first case, where the elasticity of the blood vessels is greater, the heart will not need much effort to pump blood, meaning that the period
for pumping blood by the heart will be longer compared to the second case, where the blood vessels are less flexible, and the heart takes less
time to pump blood due to greater blood vessel impedance. There is also a known close relationship between the elasticity of blood vessels and
blood pressure; the greater the elasticity of the blood vessels, the lower the blood pressure due to reduced vascular resistance, and vice versa,
the lower the elasticity, the higher the blood pressure.

From the above, we conclude that there is a close relationship between blood pressure and the time taken by one pulse. In this project, three
parameters will be approved that are extracted from one pulse depending on time. These parameters are systolic time, diastolic time, and the
time difference between them. It is known that there is an inverse relationship between age and the elasticity of blood vessels (the older the age,
the lower the elasticity of the blood vessels and vice versa), and accordingly, the equations were divided into two groups as follows:

The first group is for patients aged less than 25 years. Equations (1) and (2):

Systolic Blood Pressure = biastolic t::e(ms) 4 Q)
Diastolic Blood Pressure = (Ad X Diastolic time(ms)) + Bd 2

where As, Bs, Ad, and Bs are coefficients that calculate systolic and diastolic blood pressure.

The second group for patients above 25 years Equations (3) and (4):

Systolic Blood Pressure = (Diastolic time(ms)- As) + Bs (3)
Diastolic Blood Pressure= (Ad xDiastolic time (ms)-Systolic time (ms)) +Bd 4)
where As, Bs, Ad, and Bs are coefficients that calculate systolic and diastolic BP.

In Fig. 2, three characteristics of PPG signals were examined: systolic-upstroke time (ST), diastolic time (DT), and the time interval between
the systolic and diastolic peaks (T1), also known as peak-to-peak time (PPT).
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Fig. 2. Parameters obtained from PPG signal [43]
2.2. PPG Signal filtration

Three characteristics of PPG signals, namely Diastolic time, Systolic time, and the time delay between the systolic and diastolic peaks (PPT),
were analyzed (Fig. 2). When determining the values of these parameters, it is crucial to accurately identify the positions of the peaks and
troughs. In certain PPG recordings, the poor signal quality can make it challenging to precisely locate the peaks and troughs. To obtain these
parameters, the raw data from MAX30100 may be passed through several processing steps, which are done by using MATLAB. These
processing steps are described below:

= First processing step: The raw data comes with high noise (from tissue, bone, motion, etc.), so the first step is removing all frequencies
lower than 0.7Hz and higher than 3.1 Hz. and removing the DC part of the PPG signal and done by using a bandpass filter. This processing
step is shown in Fig. 3.

= Second processing step: To correctly interpret and analyze the PPG signal obtained from a reflective sensor, it is essential to consider the
possibility of signal inversion and adjust the signal processing methods accordingly. This can be achieved through software-based
techniques, such as scaling the signal or inverting the waveform, as shown in Fig. 4.

=  Third processing step: Normalization of the PPG signal is a common preprocessing step to ensure that the signal values fall within a
specific range or scale. In this step, the PPG signal is normalized between 0.5 and 1.5. This range is chosen to make the signal compatible
with other physiological signals, such as ECG or EEG, typically normalized between -1 and 1, as shown in Fig. 5.

=  Fourth processing step: To examine the PPG signal on a beat-to-beat basis, the signal is divided into separate pulses using peak detection
algorithms. This segmentation process enables the analysis of individual pulses within the PPG signal. These algorithms identify the peaks
or high points in the PPG waveform that correspond to each heartbeat and use them to define the boundaries of each pulse, as in Fig. 6.

=  Fifth processing step: After the individual pulses have been extracted, the next step is calculating various parameters helpful in
characterizing the waveform and estimating various parameters. The three parameters that are calculated in this step are sys ST, DT, and
peak-to-peak time (PPT). ST refers to the pulse duration during the systolic phase, which corresponds to when the heart is contracting and
pushing blood out of the arteries. Diastolic time, on the other hand, refers to the pulse duration during the diastolic phase, which corresponds

12



Murtadha M. M. et. al, Journal of Techniques, Vol. 6, No. 1, 2024

to the time when the heart is relaxed and filling up with blood. PPT, represents the duration between the peak of one pulse and the peak of
the subsequent pulse, as shown in Fig. 7.

Sixth processing step: The velocity plethysmography (VPG) signal is a derivative of the PPG waveform that captures the rate of change
of the signal over time. This signal is calculated by taking the first derivative of the PPG waveform concerning time. The resulting signal
provides information about the slope or gradient of the PPG waveform, which can help detect subtle changes or variations in the waveform
that may not be apparent in the raw signal. One of the key advantages of the VPG signal is its ability to capture diastolic peaks that may
be difficult to detect in the PPG waveform. This is because the diastolic peaks are often less prominent and occur over a shorter period
than the systolic peaks. By using the VPG signal, it is possible to amplify these peaks and make them more visible, improving the accuracy
and reliability of pulse parameter measurements. This step is shown in Fig. 8. The features extracted from the PPG and VPG signals are

described in Table 1.
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Fig. 3. Raw data and filtered PPG signal
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Fig. 6. Sampling the PPG signal
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Fig. 8. VPG signal
Table 1. Features extracted from the PPG and VPG signals

Signal Features Suggested hame
Time of Systolic ST
PPG Time of Diastolic DT
peak-to-peak time PPT
VPG Time of Systolic VST
Time of Diastolic VDT
peak-to-peak time VPPT

3. Smart Patch Program

The smart patch program is written in MATLAB and is used to monitor patients using the patch, as shown in Fig. 9. This program gives the
orders to the dongle, receives the data from the dongle, processes the data received from the dongle, displays them on the program interface,

and sends the processed data to the dongle. These steps are shown in Fig. 10. When the smart patch program starts, it shows two options to the
user:

= New patient: This option allows to user to add new patient and enter their information (patient information include name, age, gender,
etc.); then, after clicking on create; the program goes to the next page.
= Open patient: option allows the user to open the patient already saved in previous time and monitor them.

These two options are shown in Fig. 11.
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Fig. 9. Smart patch program
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Fig. 10. Processing steps of smart patch program
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Fig. 11. GUI of smart patch program
4. Results

The findings from this study can be presented for systolic and diastolic BP in the subsequent sections.
4.1. Results-based systolic BP

The results of the PPG-based systolic blood pressure measurements are presented in Figs. 12 to 15. Fig. 12 shows all patients' systolic blood
pressure values and the benchmark systolic value. The y-axis displays the systolic BP values in mmHg, while the x-axis indicates the patient
number. The minimum and maximum values measured were 87 mmHg and 152 mmHg, respectively. Fig. 13 displays the error values between
the benchmark and PPG sensor results for systolic blood pressure measurements. The y-axis displays the error value in mmHg, and the x-axis
shows the patient number. The average error value was 2.787 mmHg, and the minimum and maximum errors were 0.315 mmHg and 6.992
mmHg, respectively.

Fig. 14 depicts the correlation between the benchmark and predicted systolic BP. The y-axis represents the predicted systolic BP values in
mmHg, while the x-axis represents the benchmark systolic BP values. The correlation coefficient (R2) was 0.9768, indicating a strong positive
relationship between the variables. This suggests that the PPG signal measurement is a highly reliable method for predicting systolic BP and
can explain a significant proportion of the variability in systolic BP. Fig. 15 shows the cumulative distribution function (CDF) for the error
between the benchmark value and predicted systolic blood pressure. The Y -axis represents the CDF, and the X-axis represents the error value
in mmHg. The CDF analysis revealed that 90% of the error between the benchmark and predicted systolic blood pressure (BP) values obtained
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from measuring photoplethysmography (PPG) signal was lower than 6 mmHg, suggesting that the PPG-based system performed well in

predicting systolic blood pressure values with high accuracy.
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Fig. 15. CDF for error between the benchmark and predicted systolic BP
4.2. Results-based diastolic BP

The PPG-based diastolic blood pressure measurement is reported in Figs. 16 to 19. Fig. 16 presents all patients' diastolic blood pressure values
and the benchmark diastolic value. The y-axis represents the diastolic BP values in mmHg, and the x-axis indicates the patient number. The
minimum and maximum values measured were 54 mmHg and 94 mmHg, respectively. Fig. 17 demonstrates the error values of the diastolic
blood pressure measurements between the benchmark and PPG sensor results. The y-axis shows the error value in mmHg, and the x-axis shows
the patient number. The average error value was 4.181 mmHg, while the minimum and maximum errors were 0.425 mmHg and 9.913 mmHg,
respectively.

Fig. 18 shows the correlation between the benchmark and predicted diastolic BP. The vertical axis denotes the predicted diastolic BP in mmHg,
while the horizontal axis represents the benchmark diastolic BP. The correlation coefficient (R?) between them was 0.8641, and the strong
correlation coefficient of 0.8641 between the benchmark and predicted diastolic BP values indicates a dependable relationship between the two
variables. This suggests that the PPG-based method of measuring diastolic BP is a precise means of prediction and can account for a significant
portion of the variation in diastolic BP. The cumulative distribution function (CDF) in Fig. 19 displays the error distribution between the
benchmark and predicted diastolic BP values obtained from PPG signal measurement. The y-axis represents the CDF, while the x-axis represents
the error value in mmHg. The analysis of the CDF showed that the PPG-based system had a high accuracy in predicting diastolic blood pressure
values, as 90% of the error between the benchmark and predicted values were lower than 8 mmHg.

95 T T T T

—O6— Benchmark Diastolic Bp E
—&— Predicted Diastolic Bp ; A 7 .

©
o

[e]
[$)]

80

75

70

65

60

55

Benchmark and Predicted Diastolic Bp (mmHg)

50 | I | | I |

Patient

Fig. 16. Systolic BP (benchmark) and predicted diastolic BP
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5. Conclusion

This research paper presents a novel solution for continuously monitoring blood pressure in epileptic seizure patients using a
photoplethysmography (PPG) sensor. Epileptic seizures are characterized by sudden and unpredictable changes in the brain's
electrical activity, which can lead to a range of symptoms, including changes in blood pressure. The proposed approach aims to
improve the management of epilepsy by providing real-time monitoring of blood pressure during seizures, which can help
healthcare professionals quickly respond to any changes in the patient's condition. The proposed approach has several potential
benefits for the management of epilepsy. First, it provides real-time blood pressure monitoring during seizures, which can help
healthcare professionals quickly respond to changes in the patient's condition. Second, it is non-invasive and easy to use, which
can improve patient compliance with the monitoring process. Finally, it can help identify patterns in blood pressure changes
during seizures, providing valuable insights into the underlying mechanisms of epileptic seizures.
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