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Photoplethysmography is a widely used non-invasive technique used to measure and 
estimate clinical parameters by measuring arterial blood pulse wave with light. Respiration 
rate is a clinically important parameter used in prognosis and diagnosis of various health 
conditions. Respiration rate affects the photoplethysmography waveform in three different 
ways, and respiration rate can be estimated by analyzing these variations.  

A wearable device was developed that integrates a third-party photoplethysmography sensor 
into GE HealthCare’s wearable patient monitoring system. A real-time respiration rate 
estimation algorithm was developed. The respiration rate algorithm measures all three 
respiration-induced variations simultaneously and uses Kalman filtering to fuse the 
measurements into final respiration rate estimate.  

The algorithm performance was evaluated using open-source dataset obtained from a clinical 
setting and by measuring respiration rate from volunteer subjects in real time using an 
impedance pneumography device as a reference. The results show that the proposed method 
was able to estimate the respiration rate with mean absolute error of 2.0 breaths per minute 
(BRPM) in comparison to the reference device with the open-source data (51 subjects, 8-
minute recordings) and mean absolute error of 2.49 BRPM when measured from one healthy 
volunteer subject in real-time. The results show that the proposed Kalman filtering method 
was able to estimate respiration rate more accurately than the estimates derived from any of 
the individual variations alone. The results are comparable to the state-of-the-art published 
studies using comparable techniques. 
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Fotopletysmografia on laajasti käytetty ei-invasiivinen mittausmenetelmä, jonka avulla 
voidaan arvioida kliinisiä parametrejä mittaamalla valon avulla valtimoveren pulssiaaltoa. 
Hengitystaajuus on kliinisesti merkittävä parametri, jota käytetään lukuisten potilaan tilaan 
vaikuttavien sairauksien diagnostiikassa ja ennusteen arvioinnissa. Hengitys aiheuttaa 
fotopletysmografiasignaaliin kolmenlaista vaihtelua, joita analysoimalla hengitystaajuus 
voidaan arvioida. 

Tässä diplomityössä kehitettiin puettava laitteisto, joka integroi kolmannen osapuolen 
kehittämän fotopletysmografia anturin GE HealthCaren puettavaan 
potilasvalvontajärjestelmään, sekä reaaliaikainen hengitystaajuuden estimointialgoritmi. 
Algoritmi arvioi samanaikaisesti kaikkia kolmea hengityksen aiheuttamaa vaihtelua 
fotopletysmografiasignaalista ja yhdistää eri variaatioista saadut arviot lopulliseksi 
hengitystaajuusarvioksi Kalman suodattimen avulla.  

Algoritmin suorituskykyä arvioitiin kliinisessä ympäristössä kerätyllä avoimesti saatavilla 
olevalla aineistolla, sekä mittaamalla hengitystaajuutta vapaaehtoiselta koehenkilöltä 
käyttäen impedenssipneumografiaa vertailukohtana. Tulokset osoittavat, että ehdotettu 
menetelmä kykenee mittaamaan hengitystaajuutta keski-itseisvirhe tarkkuudella 2,0 
hengitystä minuutissa verrattuna vertailumenetelmään avoimen lähteen aineistolla (51 
potilasta, 8 minuutin mittaukset per henkilö). Reaaliaikaiset mittaukset mitattuna yhdeltä 
vapaaehtoiselta henkilöltä osoittivat keski-itseisvirheeksi 2,49 hengitystä minuutissa 
verrattuna vertailumenetelmään. Tulokset osoittivat, että ehdotettu Kalman 
suodatusmenetelmä parantaa mittaustarkkuutta verrattuna tuloksiin, jotka saatiin 
mittaamalla yksittäistä hengityksen aiheuttamaa vaihtelua fotopletysmografiasignaalista. 
Tulokset ovat vertailukelpoisia julkaistujen menetelmien kanssa, joissa on hyödynnetty 
vastaavanlaista tekniikkaa.   
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1  Introduction 

In clinical environment, patient’s health status outside the intensive care unit has been 

traditionally observed by periodic measurements of vital signs, such as heart rate, peripheral 

oxygen saturation, blood pressure, temperature and respiration rate. The frequency of how 

often these vital signs are observed varies between hospitals, typically every four hours. The 

patients are at risk of developing abnormal vital signs between these periodic checks, which 

emphasizes the need for continuous health monitoring (Orphanidou, 2018, p. 3). 

Continuous wearable physiological monitoring has been emerging in recent years in clinical 

settings, driven by rapid evolution of physiological sensing technologies and wireless 

communication systems (Orphanidou, 2018, p. 2). Wireless sensors and monitoring enable 

patients to move freely within the hospital premises, while being monitored for vitals signs 

e.g. post-surgery. The largest manufacturers in health care business have released wearable 

monitors and sensors targeted for clinical use recently: the patient-worn monitors by Philips 

(Philips, 2020), wearable patient monitor by Mindray (Mindray, 2026) and most relevant in 

context of this thesis, the portrait mobile system by GE HealthCare (GE HealthCare, 2024).  

An optical sensing technology, known as photoplethysmography (PPG), has been widely 

used in clinical settings and in consumer electronics, such as smartwatches and fitness 

trackers. PPG is a technique that illuminates tissue with light and measures the photons either 

travelling through the tissue or reflected by the tissue to acquire arterial blood pulse wave 

signal. The pulse wave signal carries meaningful physiological information which can be 

used to derive several physiological parameters. In clinical settings PPG is best known for 

its application to measure peripheral oxygen saturation, and in consumer electronics it is 

widely used for heart-rate tracking. (Charlton et al., 2023.) 

Respiration rate (RR) is a clinical parameter that is widely used in diagnosis and prognosis 

of patient health conditions. RR is still often measured by manually counting the patient’s 

chest wall movement. Impedance pneumography has been the clinical standard for 

measuring RR, but studies show that PPG may be an alternative method to measure RR with 

similar accuracy. Respiration is known to subtly affect the PPG waveform by several 

physiological mechanisms. It is possible to estimate respiration rate from the PPG waveform 

by analyzing these respiration induced variations. (Charlton et al., 2017a.) 



14 
 

This thesis was done for GE HealthCare Finland Oy, that is a subsidiary of GE HealthCare. 

GE HealthCare Finland Oy is developing and manufacturing various patient monitoring 

systems, sensors and parameters. The objective of the thesis is to integrate a PPG sensor 

developed by a third-party company (VTT) into GE HealthCare’s wearable patient 

monitoring system, and to develop an algorithm that estimates respiration rate in real-time 

using the PPG device. 
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2  Background 

The left side of the human heart pumps blood about 70 times a minute on average through 

approximately 100,000 kilometers of blood vessels in the blood circulation system. The heart 

contracts during systole, pumping blood to the arteries and relaxes during diastole, filling 

with venous blood returning from the circulation. The function of the circulatory system in 

the human body is to supply nutrients to the tissues and transporting waste products away 

from the tissues all over the human body. The arteries carry oxygen-rich blood from the heart 

to tissues throughout the body under high pressure and velocity. Arterioles, the smaller 

branches of the arteries, direct blood into even smaller branches of arteries called capillaries, 

where exchange of gases, nutrients, and waste occurs between blood and body tissue via 

diffusion across the capillary walls. The blood is collected from the capillaries by the venules 

that merge to form progressively larger veins. Veins convey blood back to the heart, carrying 

carbon dioxide and other waste out of the tissues (Tortora and Derrickson, 2017, p. 737‒

740). 

The arterial blood vessels have strong, muscular and elastic walls that can expand and 

contract to regulate the blood flow to the tissue. The elastic properties of arteries allow them 

to function as pressure reservoirs, storing mechanical energy during systole and releasing it 

as kinetic energy to maintain blood flow during diastole. In contrast to the arterial blood 

vessels, the venous blood vessels have thin walls and are larger in diameter, thus the blood 

pressure in veins is much lower and blood volume remains relatively stable in contrast to 

arterial blood volume. Although veins are not as muscular as the arteries, they can still 

expand or contract, helping to maintain circulatory stability. (Tortora and Derrickson, 2017, 

p. 740‒745). 

Most of the total blood is stored in the veins, while the blood volume greatly varies within 

the arteries and its smaller branches during systole and diastole. Figure 1 illustrates the blood 

distribution in human body. 
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Figure 1. Percentage of total blood in the different parts of the circulation. Figure reproduced 

from Hall et al., (2011, p. 158). 

As illustrated in Figure 1 approximately 13% of the total blood is in the arteries, 7% in the 

arterioles and capillaries, 64% in the veins, venules and venous sinuses. The remaining blood 

is in the heart and in the pulmonary circulation (Hall et al., 2011). 

2.1  Photoplethysmography 

The PPG waveform represents changes in blood volume within the tissue where it is applied. 

PPG is widely used in consumer electronics, such as smart watches and smart rings, and in 

clinical settings to monitor numerous physiological parameters, such as heart rate (HR), 

blood oxygen saturation, blood pressure and respiratory rate (RR).  

In essence, the operating principle of PPG is simple; a light emitting diode (LED) is used to 

emit a light beam through human tissue: skin, fat, muscle, vascular tissue, blood, bones, etc. 

Part of the light travels through the tissue while part of the light gets absorbed, scattered or 

reflected. An optical sensor, a photodetector (PD), is used either to capture light transmitted 

through the tissue on the opposite side of the LED, or to detect backscattered light on the 

same side as the LED. The former method is known as the transmission mode, and the latter 

as the reflection mode. Transmission mode is only applicable to certain parts of the human 
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body, where the optical path through the tissue is relatively short, typically fingertip or ear, 

while reflection mode can be applied to various skin areas.  

The intensity of the captured light changes in response to pulsating blood volume variations 

in the arteries during the cardiac cycle, as the increasing arterial blood volume results in 

greater light absorption. The blood volume increases in the arteries during systole and 

decreases during diastole. The resulting change in absorbance produces a corresponding 

alternating current (AC) in the photodetector output. While blood volume varies in the 

arteries, it remains relatively stable in the veins and other tissues, leading to a non-pulsatile 

direct current (DC) component seen by the PD. The DC component is in practice a quasi-

DC component, as it varies slowly over time due to respiration and other physiological 

processes. Despite this gradual variation, it is commonly referred to as the DC component 

in literature. The DC component is much larger in magnitude compared to the AC 

component, as illustrated in Figure 2. (Kyriacou and Allen, 2021; Charlton et al., 2022.) 

 

 

Figure 2. Illustrative diagram of the PPG signal, which is formed by light absorption. The 

AC component is caused by pulsating arterial blood, while the DC component reflects the 

light absorption of non-pulsatile arterial blood, venous blood and absorption due to other 

tissues and bones. Figure preproduced from Orphanidou, (2018, p.43). 

The AC/DC ratio, referred to as perfusion index (PI), is an indicator for strength of arterial 

pulsatile blood flow. The PI values can range from greatly depending on the measurements 
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site, wavelength, skin melanin content, contact quality, tissue compression, body position 

and physiological conditions of the subject (Coutrot et al., 2021). 

2.1.1  PPG waveform morphology 

The AC component of the PPG waveform is a quasi-periodic waveform whose frequency is 

synchronized with the cardiac cycle. A typical PPG waveform is presented in Figure 3. The 

AC pulse area can be divided into rising edge of the waveform, referred to as the anacrotic 

phase that is related with systole, and a falling edge referred to as catacrotic phase related 

to the diastole. The point where blood volume is the lowest is referred to as the pulse onset 

and systolic peak refers to the point where blood volume is maximized. The pulse-to-pulse 

interval refers to the time interval between two adjacent pulses. Following the systolic peak, 

a small dicrotic notch followed by diastolic peak can be observed, especially with younger 

subjects. The dicrotic notch and diastolic peak are associated with a brief reversal of pressure 

gradient and the closure of the aortic valve, and the locations and timing are related to arterial 

stiffness. The diastolic peak often diminishes with age.  (Mejía-Mejía et al., 2022; Park et 

al., 2022.) 

 

Figure 3. Typical PPG pulse waveform: anacrotic and catacrotic phases; systolic upslope 

followed by systolic peak, dicrotic notch, diastolic peak and diastolic decay. Figure 

reproduced from  Mejía-Mejía et al., (2022). 

There are numerous other fiducial points in the PPG waveform and its derivatives that carry 

meaningful physiological information. The above description covers the basic features of an 
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ideal PPG waveform that are relevant to this thesis. The reader should refer to bibliography 

of the subject for further information, e.g. Kyriacou and Allen, (2021). 

In the spectral domain, typically two peaks can be observed from the PPG spectrum; the 

heart rate frequency and its harmonics and a low frequency peak that mostly represents 

respiration and sympathetic nervous system activity. The low frequency peak typically 

resides below 0.5 Hz. The heart rate frequency typically lies withing 0.5 – 2 Hz range at rest 

(corresponding to heart rate between 30 to 120 beats per minute (BPM)). A typical spectrum 

domain of the PPG waveform is illustrated in Figure 4. Frequencies above the heart rate 

frequency are not relevant to RR estimation from the PPG waveform.  

 

Figure 4. A capture of the PPG waveform and the Fast Fourier Transform (FFT) spectrum 

of the waveform. The LF denotes a low-frequency component arising from respiration and 

sympathetic nervous system activity. HF denotes high-frequency component arising from 

the heart-rate frequency. The peaks above the HF are the harmonics of the heart-rate 

frequency. Figure reproduced from Orphanidou, (2018, p. 44).   

Figure 4 represents a clean PPG signal. In reality the signal is often distorted by noise arising 

from various sources, that often overlap with the physiologically meaningful frequencies, 

thus the interpretation of the signal spectrum can be challenging (Orphanidou, 2018, p. 44-

45). 

2.1.2  Theoretical background of photoplethysmography 

Photoplethysmography is based on the Beer-Lambert law (BLL). The BLL describes how 

the intensity of light decreases as it passes through an absorbing medium. BLL is commonly 
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expressed in three different forms. The first form expresses that the absorbance is linear with 

concentration and path length: 

𝐴 = 𝜀 ∙ 𝑑 ∙ 𝐶, (1) 

 , where A is the absorbance, ε is molar absorptivity, C is the concentration of the absorbing 

species and d is the path length through the medium. The second form expresses that light is 

absorbed exponentially with the path length and concentration of the absorbing species: 

𝐼 = 𝐼଴𝑒ିఌ∙ௗ∙஼ = 𝐼଴𝑒ି஺, (2) 

where I is the intensity of light and I0 denotes the intensity of light entering the medium. The 

third form of BLL expresses the logarithmic relation between absorbance and transmittance 

T in a medium: 

𝐴 = −l n(𝑇), (3) 

where T=I/I0. 

BLL in its standard form assumes uniform light path between the source and the detector. It 

cannot be applied to PPG as it is, because it does not consider that there are several tissues 

in the human body that not only absorb, but also scatter light.  

Differential pathlength factor (DPF) is a correction factor for the BLL, that considers the 

increased optical path length of light through tissue when the tissue consists of absorbing 

and scattering elements. Photons do not travel in a straight line through such tissue; instead, 

they follow a complex, scattered trajectory that is generally longer than the shortest distance 

between the source and the detector, hence the DPF is always greater than 1. The modified 

Beer-Lambert law (MBLL) takes the DPF into account, describing the absorbance A at 

specific wavelength λ:  

                                           𝐴ఒ = 𝜖ఒ ∙ 𝑙ఒ ∙ 𝐶 + 𝐺ఒ = 𝜖ఒ ∙ 𝑑 ∙ 𝐷𝑃𝐹ఒ ∙ 𝐶 + 𝐺ఒ, (4) 

where ϵ is the extinction coefficient, lλ= d∙DPFλ is the effective optical pathlength, C is the 

concentration of the absorber, d is the physical source-detector separation distance and Gλ is 

a scattering-dependent parameter. The absorbance during systole and diastole can be 

expressed as: 
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𝐴௦ഊ
= ln ቆ

𝐼଴ഊ

𝐼௦ഊ

ቇ = 𝜖ఒ ∙ 𝑙௦ഊ
∙ 𝐶௦ + 𝐺ఒ, 

(5) 

 

𝐴ௗഊ
= ln ቆ

𝐼଴ഊ

𝐼ௗഊ

ቇ = 𝜖ఒ ∙ 𝑙ௗഊ
∙ 𝐶ௗ + 𝐺ఒ, 

(6) 

where subscript ‘s’ denotes for systole and ‘d’ for diastole, respectively. The effective optical 

path length between the different systole and diastole do not change significantly and it can 

be assumed that 𝑙௦ ≈ 𝑙ௗ = 𝑙ఒ. Therefore, the change in absorbance between systole and 

diastole can be expressed as: 

Δ𝐴ఒ = 𝜖ఒ ∙ 𝑙ఒ ∙ Δ𝐶 =  ln ቆ
𝐼଴ഊ

𝐼௦ഊ

ቇ −   ln ቆ
𝐼଴ഊ

𝐼ௗഊ

ቇ = ln ቆ
𝐼଴ഊ

𝐼௦ഊ

∙
𝐼ௗഊ

𝐼଴ഊ

ቇ = ln ቆ
𝐼ௗഊ

𝐼௦ഊ

ቇ , 
(7) 

where Δ𝐶 = 𝐶௦ − 𝐶ௗ . (Kyriacou and Allen, 2021, p. 21‒24.) 

2.1.3  PPG wavelength 

Several different LED wavelengths have been used in PPG, the most commonly used 

wavelengths are near-infrared (~940 nm, referred to as IR hereinafter), red (~660 nm) and 

green (~530 nm). The shorter wavelengths are known to penetrate to superficial tissues 

where the smaller branches on arteries and veins reside, while longer wavelengths penetrate 

deeper into the tissue reaching larger blood vessels, as illustrated in Figure 5.  
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Figure 5. Illustrative image of penetration depth to body tissue of different wavelengths used 

in PPG: the longer wavelengths penetrate deeper into the tissue. Figure adopted from (Han 

et al., 2019). 

The red and IR wavelengths are most commonly used in clinical PPG devices. The green 

wavelength is often used in reflection-mode devices, because it is less prone to motion 

artifacts as opposed to the red and IR (Lee et al., 2013). Green wavelength results in higher 

quality PPG waveform and more accurate heart rate monitoring in reflection mode setup, in 

comparison to the red and IR wavelengths (Charlton et al., 2022). 

2.1.4  Wearable PPG signal acquisition devices 

The quality of the PPG signal is dependent on the sensor hardware, instrumentation, and 

setup. The fundamental building blocks of a wearable PPG device include a sensor that 

consists of at least one LED and PD, a signal conditioning circuitry, a microcontroller unit 

(MCU), a battery, a radio and an antenna for wireless communication, an enclosure for the 

device and an attachment method to the subject’s skin (e.g. a strap or an adhesive tape).  

Typical PPG device setup uses several LEDs and PDs, either in single- or multi-wavelength 

setup, depending on the application. In reflection-mode setup, the LEDs and the PDs are 

mounted side-by-side. The source-detector separation distance is typically millimeters apart 

(Mejía-Mejía et al., 2022).  
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In modern PPG devices the signal conditioning unit is often an integrated chip (IC), that is 

referred to as the analog front-end (AFE). The main purpose of the AFE is to sequentially 

fire the LEDs on and off via a LED driver, while simultaneously sampling the PD output. 

The PDs current output is transformed into voltage output via a transimpedance amplifier, 

digitized via analog-to-digital converter (ADC) and to send the forward for further signal 

processing. The AFEs often contains signal conditioning features that can vary between the 

model and manufacturer, but common features include ambient light rejection, bandwidth 

limiting filters and antialiasing filters.  (Kyriacou and Allen, 2021, p. 44; Mejía-Mejía et al., 

2022.)  

For online processing PPG data, a MCU is required. Wearable devices require a battery 

power supply unit and the related voltage converter and regulator circuitry. In wireless 

devices, a radio circuitry, such as Bluetooth transceiver with appropriate antenna is required 

to forward the data to a host device, such as a patient monitoring device or a computer. 

The device enclosure can vary greatly between applications, PPG can be integrated for 

example into a smartwatch for fitness tracking, or into a clinical sensor applied for various 

body sites. For proper signal acquisition, it is important that the enclosure prevents direct 

LED light coupling to the sensor and blocks ambient light that could saturate the PD and 

cause signal distortion. 

2.1.5  Sources of inaccuracy in PPG 

PPG is sensitive to numerous sources of inaccuracy that may distort the waveform and 

reduce the reliability of physiological parameters that are derived from it. These sources can 

be broadly categorized into individual variations, physiological factors and external 

disturbances, as illustrated in Figure 6. 
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Figure 6. Examples of sources of inaccuracies in the PPG signal: motion artifacts can have 

periodic or aperiodic nature that can distort the signal in various ways; baseline wander is 

caused by several factors, including respiration modulation, venous pulsation, sympathetic 

nervous system activity and thermoregulation; hypoperfusion can lead to poor PI in the PPG 

waveform. Figure reproduced from Park et al., (2022.) 

Motion artifacts 

The primary source of artifacts in PPG measurements is caused by motion artifacts (MAs). 

Wearable clinical devices are intended for general ward patients that can move freely in the 

hospital, e.g. post-surgery, while being monitored for vital signs. Because the pulsatile 

component of the PPG signal is small compared to the total signal amplitude, even small 

voluntary or involuntary body movements and respiration can result in motion artifact signal 

corruption (Peng et al., 2014). Reducing the effect of MAs in PPG to reliably estimate 

physiological parameters has been a challenge since the invention of PPG. MAs are 

particularly challenging to filter out, since they often overlap with desired signal frequency 

band that carries meaningful physiological information, and they distort the signal in several 

different ways (Vraka et al., 2023).  

There can be several physical reasons behind the signal corruption due to MAs. Generally 

speaking, motion artifacts modify the optical properties of the medium (Renevey et al., 

2001). Movement can cause mechanical displacement of the probe in subject to the patient, 

that modifies the optical coupling of the LED to patient to PD signal path and manifest as 

MAs in the PPG signal (Coetzee and Elghazzawi, 2000). Venous blood moving back and 
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forth under the sensor due to physical activity cause signal dynamics that are interpreted as 

MAs (Asada et al., 2004). Mechanical design of the probe can address the MA issues by 

stabilizing the probe placement on the patient’s skin. Green wavelength PPG has been 

reported to be less affected by MAs as opposed to the red and IR wavelengths (Ryals et al., 

2023).  

Individual variations and physiological factors  

Skin tone of the subject affects optical absorption properties, because melanin increases 

visible light absorption that can lead to reduced signal-to-noise (SNR) ratio, particularly at 

green wavelength. Increased optical path length caused by obesity and skin thickness may 

attenuate the AC component. Age related vascular stiffening modifies the waveform 

morphology that may impact the reliability of feature extraction. Physiological factors, such 

as respiration, venous pulsation and thermoregulation modulate the PPG waveform. Blood 

volume changes in blood vessels may be weakened by phenomenon known as 

hypoperfusion. Hypothermia, hypovolemia and decreased cardiac output have been reported 

to cause hypoperfusion. Hypoperfusion can lead to low PI and the effect becomes stronger 

in the body peripheries (Park et al., 2022). Hemodynamic oscillations, referred to as Mayer 

waves, have been reported to cause slow 0.05 – 0.15 Hz oscillations in the blood flow 

(Attarpour et al., 2021). 

Although PPG signals respiration inducted modulation is discussed here as source of 

inaccuracy, it also carries meaningful physiological information of the subject’s respiration, 

as further discussed in Chapter 2.2  

Ambient light 

Ambient light from various sources can introduce DC (e.g. sunlight) or AC (e.g. 50 Hz room 

light) disturbances to the PPG waveform. This can lead to signal saturation of the PD and 

inaccurate feature extraction if not properly rejected. Ambient light is typically several 

orders of magnitude larger than the pulsatile AC component of the PPG signal. Hardware 

and software-based solutions have been used to mitigate the ambient light disturbances. 

Hardware based solutions include optical shielding design that block external light and 

mechanical separation of the source and detector to prevent direct optical coupling. Some 

PPG systems use photodetectors with built-in daylight filters. Multiplexing is used so that 

ambient light is measured when the LEDs are off and dark measurements are subtracted from 
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the LED on signal. Filtering the PPG signal to physiologically meaningful frequency band 

(e.g. 0.7 Hz to 12 Hz) can effectively reject the ambient DC and AC components from the 

waveform, although it does not mitigate the PD saturation. (Park et al., 2022.) 

2.2  Estimating respiration rate from the PPG waveform 

Respiration rate (RR) is a vital sign that indicates the number of breaths per minute (BRPM). 

It is considered the most sensitive vital sign marker of clinical deterioration. The normal RR 

is between 8 – 20 BRPM for adults. Abnormal RR has been widely used in the diagnosis 

and prognosis of medical conditions, such as pneumonia, sepsis and cardiac arrest. (Mejía-

Mejía et al., 2022, p. 33.)  

2.2.1  Respiration-induced variations of the PPG waveform 

Respiration modulates the PPG signal subtly in three different ways: respiratory-induced 

intensity variation (RIIV), respiratory-induced amplitude variation (RIAV), and respiratory-

induced frequency variation (RIFV). Each of the respiratory-induced variations modulate 

the PPG waveform in different ways: RIIV leads to slow oscillation of the waveforms 

baseline referred to as baseline wander (BW), RIAV leads to amplitude modulation (AM), 

and RIFV leads to frequency modulation (FM), as illustrated in Figure 7.  
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Figure 7. Illustrative figure of idealized respiration-inducted modulations of the PPG 

waveform. From top to bottom: no modulation, RIIV, RIAV and RIFV. Figure adopted from 

Charlton et al., (2016). 

RR can be extracted from the PPG signal using time-domain or frequency-domain based 

techniques and analyzing at least one of the variations.  The absence or presence of each 

signal variation may vary greatly between subjects; thus RR algorithms often analyze 

multiple variations for improved accuracy. (Charlton et al., 2016.)  

Respiratory-induced intensity variation (RIIV) 

RIIV is caused by the tissue blood volume changes under the measurement site, that are not 

related to the cardiac component AC pulsation. During inhalation, intrathoracic pressure 

rises, and during exhalation, it reduces. These pressure changes propagate through the 

arteries to the smaller branches or arterial system. Another mechanism causing RIIV is 

related to the vasoconstrictive effect of the sympathetic nervous system. During inhale, small 

arterial branches contract, and during exhale the blood vessels grow wider again. These two 

factors cause the blood volume to variate periodically with breathing, which can be observed 

as baseline wander in the PPG waveform. (Nitzan et al., 2006.) 

Respiratory-induced amplitude variation (RIAV) 

The intrathoracic pressure variation also causes heart stroke blood volume to variate, which 

modulates the PPG signal amplitude.  During inspiration, the cardiac filling is reduced, 
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resulting in smaller cardiac output. This phenomenon can be observed as reduced peak-to-

trough amplitude in the PPG waveform. (Karlen et al., 2013.) 

Respiratory-induced frequency variation (RIFV)   

Breathing causes variation in the heart rate by a phenomenon known as respiratory sinus 

arrhythmia, caused by several different physiological mechanisms. Heart rate typically 

increases during inhalation and decreases during exhalation, which can be observed as 

frequency modulation of the PPG signal. (Nitzan et al., 2006.) 

Sources of variation between the respiratory-induced variations 

RIFV has been observed to be more pronounced with women than men, whereas gender bias 

for RIAV and RIIV have not been shown. Respiratory sinus arrhythmia reduces after certain 

corner frequency, which may impact the reliability of RIFV derived respiration at higher 

RR. High age has been reported to lead to weaker respiratory sinus arrhythmia and to weaker 

chest wall expansion, which causes all the modulations to diminish. Elevated RR reduces 

the amplitude of the modulations, which can affect the RR algorithm’s ability to detect 

abnormally high RRs. The optimal range where respiration can be measured reliably by PPG 

derived algorithms is still under debate, prior studies have reported ranges between 8 – 20 

BRPM. (Charlton et al., 2016.)  

Measurement site 

Nilsson et al., (2007) compared the spectral power content of the respiration signal (i.e., 

RIIV) in respect to the total signal power. The reflective mode PPG was acquired from five 

different anatomical sites: forearm, finger, forehead, wrist and shoulder. The analysis 

showed significant variation in respiration spectral content across the different measurement 

sites; the forearm had highest median respiration spectral power of 42% of the total signal 

power, while finger had the lowest, only 3%. The corresponding values for the forehead, the 

wrist and the shoulder were 19%, 13% and 23%. Simultaneously, the spectral content of 

cardiac pulse was measured; the forearm had the lowest cardiac spectral content of 9%, while 

the finger had the highest, 43%. The cardiac component spectral content of forehead, wrist 

and shoulder were 34%, 28% and 32% respectively. The RIIV is measured from the 

respiration frequency band, while RIAV and RIFV are measured from the cardiac frequency 

band, thus the anatomical site can have great impact on the presence or absence of each 

individual modulation.  
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2.2.2  PPG derived respiration rate algorithm overview 

The PPG signal processing is a challenging task, given the numerous physiological 

variations in the waveform, of which only some are relevant for the parameter that is being 

analyzed. The various sources of inaccuracy discussed in Chapter 2.1.5 adds complexity to 

the signal processing and analysis. Charlton et al., (2018) suggested that the PPG derived 

RR algorithms can be divided into the following high-level stages: 

1) Respiratory signal extraction: extracting at least one of the respiratory signal 

dominated modulations. The PPG signal is primarily dominated by the cardiac 

component, while the respiratory component is much smaller in magnitude. RIAV 

and RIFV can be estimated from the cardiac component dominated frequency band, 

whereas RIIV is estimated from a frequency band that contains both the cardiac 

component and the respiration component.   Therefore, in the first stage, the PPG 

signal is pre-processed to appropriate frequency band for off-band noise removal. 

After the band-pass filtering, feature- or filtering based methods are applied to extract 

the RR waveform. Feature based methods (i.e. detection of the systolic peak 

amplitude and the pulse onset) are applicable to all the respiration-induced variations, 

while filtering based methods are only applicable to the RIIV (i.e. band-pass filtering 

the low frequency baseline wander respiration waveform). 

2) PPG signal quality indices (SQI): SQIs can be applied to identify low quality PPG 

segments (e.g. MA corrupted) of the PPG data, under the assumption that RR derived 

from those segments yield poor RR estimate. The SQIs can be used either as binary 

rule to accept or reject signal segments, or as confidence weight for the respiration 

waveform. 

3) Estimating RR: respiration rate is estimated from a sliding window of a respiration 

waveform. Either time or frequency domain techniques can be applied. Time domain 

techniques attempt to detect individual breaths and estimate RR from the breath 

duration. Frequency-domain techniques attempt to find the respiration dominated 

frequency peaks from the signal spectrum.   

4) Respiration waveform quality assessment: the goal is to assess the respiration quality 

indices (RQI) of the extracted respiration waveforms. RQI methods assess the RR 
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waveform based on the regularity of peaks and periodicity of the waveform. Like the 

SQIs, RQIs can be applied as confidence weight or as binary acceptance / rejection 

limit. If using hard limits, it is important to consider the rejection thresholds 

carefully, the trade-off between more accurate RR estimation is that RR frame 

rejection rate increases.  

5) Fusing RR estimates: multiple RR estimates are fused into one final estimate for 

improved reliability.  Various methods have been proposed, including mean-, 

median- and mode-based averaging with outlier rejection, Kalman filtering with 

confidence weighting, pole-based criteria from autoregressive models and temporal 

smoothing among many others. 

2.2.3  Pre-filtering the PPG signal for RR extraction 

Digital filtering is used to filter out irrelevant information from the PPG waveform, such as 

low-frequency baseline wander or high-frequency noise. The PPG signal after removing 

low- and high frequency noise is illustrated in Figure 8 below. The filtering strategy depends 

on the clinical parameter that one desires to extract from the waveform. The lowest plausible 

heart rate and respiratory rate is zero (Mc Caffrey, 2026), but let’s assume that the subject is 

indeed alive, breathing and the subject’s heart is bumping. There is no agreement of the 

optimal respiratory and heart rate range, as they are dependent on the patient population 

(Charlton et al., 2018). Nevertheless, the PPG signal must be filtered to an appropriate 

frequency range. The lowest sensible heart rate is roughly 40 beats per minute, while the 

lowest sensible respiratory rate is roughly 4 breaths per minute. The corresponding high-

pass cutoff frequencies should be set lower than the lowest expected values, e.g. 0.57 Hz (34 

BPM) for HR and 0.05 Hz (3 BRPM) for RR respectively. The low-pass cutoff frequencies 

selection depends as well on the clinical information that is being extracted, but to retain the 

retain the pulse wave shape for feature extraction, a higher frequency, e.g. 20 Hz, is required. 

In contrast, for heart rate estimation as low as 2.25 Hz could be sufficient (Charlton et al., 

2022).  
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Figure 8. From left to right: PPG signal after filtering low frequencies and PPG signal after 

filtering high frequencies. Figure reproduced from Charlton et al., (2022).  

Filter selection affects PPG morphology, because different filter types exhibit different 

magnitude and phase responses, which can distort the amplitude, timing and shape waveform 

features. Minimizing the distortion at preprocessing phase is important when the waveform 

is used to extract features, such as the respiration fiducials. The distortions will accumulate 

over the whole signal processing chain, that can lead to erroneous estimation of the 

respiration rate. In terms of computational cost for real-time application, the filter order 

should be kept as low as possible  (Alian and Shelley, 2014). 

There is no standard for the PPG filtering, but a 4th order Chebyshev II filter has been shown 

to be the best solution for PPG filtering in terms of signal quality, due to its sharp frequency 

transition zone in comparison to most used Butterworth and Chebyshev I filters (Liang et 

al., 2018). The limitation of Chebyshev II type filter is that it causes distortion to the signal, 

making it less suitable for extracting parameters from the PPG waveform. For minimal 

distortion, the Chebyshev I filter performs well, but it introduces pass-band ripple and 

therefore it is not a good choice for noise filtering. The Butterworth filter, Elliptic filter and 

Bessel filter perform well in noise reduction and introduce less distortion than the Chebyshev 

II filter, making them better suitable for PPG filtering for RR estimation. The Bessel filter is 

particularly useful when the group delay must be minimized, because it introduces the 

flattest passband group delay (Lapitan et al., 2024). The impact of different infinite impulse 

response (IIR) filtering topologies applied to PPG signal is illustrated in Figure 9.  
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Figure 9. Examples of PPG signal filtered with different IIR filters of various orders: 

Butterworth, Bessel, Elliptic, Chebyshev I and Chebyshev II filters.  Figure reproduced from 

Lapitan et al., (2024). 

When prefiltering the PPG signal, especially for respiration rate extraction, distortion of the 

pulse onset-to-systolic peak amplitude distortion should be minimized for AM and BW 

extraction, while the group delay distortion should be minimized for FM extraction. More 

specific pulse characteristics, such as the amplitude and timing of the diastolic peak are not 

required for extracting RR. In fact, the absence of the diastolic notch would make the fiducial 

detection easier task, so that it is not mistakenly interpreted as the systolic peak. Reducing 

the low-pass cutoff frequency dampens the diastolic peak, but also increases the phase 

distortion of the PPG signal (Lapitan et al., 2024). 

2.2.4  Extracting respiration waveform from PPG 

After the PPG signal has been filtered to appropriate frequency band, the respiration 

waveform is derived from the PPG signal.  The RR waveform can be extracted using 

filtering- or feature-based methods. Filtering-based methods, for example using a median 

filter are applicable especially for the RIIV, since respiration modulates the PPG waveforms 

baseline. 

For feature-based methods, the first step is to detect fiducials from the PPG waveform: 

amplitude and timing of peaks and troughs must be found. The peak amplitude can be found 
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by locating the local maximum of the PPG signal. There is no universally agreed standard 

methods for PPG peak detection and the morphological variability in the waveform can make 

it a challenging task. The algorithm should use some threshold to determine that the peak 

amplitude is strong enough to be qualified as the systolic peak. Inappropriate threshold 

setting may result in incorrectly interpreting the diastolic peak or noise as the systolic peak. 

Typical approach is to determine the threshold adaptively based on prior signal statistics. 

The failure to detect peaks correctly is often related to artefacts in the waveform.  The trough 

amplitude that follows the preceding peak can be located using same method as for the peaks. 

Physiological feasibility check can be used based on the minimum and maximum expected 

heart rate, so that the detected trough should not be too close or too far of the preceding peak 

location. (Orphanidou, 2018, p. 47‒49.) 

The peaks and following troughs are paired together for respiration waveform extraction. 

The RIAV is then calculated by the difference of the peak-trough pair, RIIV as the mean 

amplitude of peak-trough pair and RIFV as the time between consecutive peaks or troughs. 

It is necessary to resample the beat-by-beat time series as they are sampled by irregular heart-

beat intervals. Typical resampling frequency between 4–10 Hz have been used. The outputs 

of the signal extraction stage are respiration waveforms from each respiration-induced 

variations that are being analyzed. (Charlton et al., 2018.)  

2.2.5  PPG Signal quality assessment 

After the respiration fiducials are extracted, signal quality assessment is used to identify 

signal segments from the PPG waveform that cannot be used to reliably estimate parameters.  

A typical approach is to qualify a segment, e.g. a heart-beat interval, to either high- or low 

quality by empirically selected thresholds. Given the normal physiological variability of the 

PPG between measurement sites and subjects, setting the thresholds becomes a challenging 

task. The threshold level should be set according to the application needs: for example, heart 

rate can be evaluated from relatively low-quality signal, whereas pulse wave shape analysis, 

such as precisely locating the dicrotic notch requires a higher quality signal. Another option 

is to use the SQI as a confidence metric to weigh the reliability of the signal segments and 

then use the weight in later stages when multiple signals are fused together.   
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Numerous methods have been proposed to assess the PPG signal quality, and signal quality 

can be assessed from several different characteristics of the signal. Amplitude characteristics 

include the pulse wave amplitude and the perfusion index. Timing characteristics include the 

systolic and diastolic phase duration or their ratio and the inter-beat-intervals. Shape 

characteristics include calculating the number of diastolic peaks, signal-to-noise ratio and 

calculating zero-crossing rate, that is how many times the signal changes from positive to 

negative, and from negative to positive. Statistical methods, such as calculating skewness 

and kurtosis, have been used as indicators of data distribution. Several variants of template-

matching have been used for signal quality assessment. Template-matching assumes that the 

pulse wave morphology is similar to the morphology obtained from a high-quality signal 

segment. Several frequency-domain based PPG signal quality assessment methods have 

been proposed. Frequency-domain methods commonly attempt to assess the signal quality 

by comparing the spectral peak power in heart-rate dominated frequency band to the average 

signal power. (Charlton et al., 2022.) 

Once the SQIs have been extracted from the PPG signal, most methods attempt to identify 

poor signal segments by checking the plausibility of the signal based on known physiology 

or evidence from empirically obtained data. The assessment can be based on combination of 

multiple rules applied to multiple features.  

Orphanidou, (2018, p. 49) suggested the following limits based on physiological feasibility 

for PPG segment quality assessment: for average HR, 40 – 180 beats per minute (0.67 – 3 

Hz); for maximum inter-peak-interval (IPI) 60/40 beats per minute = 1.5 s based on the lower 

limit of average HR; the heart rate variability should be less than 10% for a short segment 

of data (e.g. 10 s). The average HR maximum limit should be adjusted during physical 

activity. If one missed heartbeat is allowed, then the IPI limit should be doubled. The pulse 

wave amplitude threshold should be set heuristically. The pulse wave amplitude variation of 

25 – 400% has been suggested to ensure that the relative pulse amplitudes are within extreme 

values found in literature.  

2.2.6  Estimating RR from the PPG derived waveforms 

The RR estimation stage has many similarities to the preprocessing stage of the raw PPG 

signal. First the respiration waveform is filtered to an appropriate band-pass, that contains 
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only plausible respiration frequencies for off-band noise removal. Next the respiration rate 

is estimated, typically over a sliding window. A typical window size found in the literature 

is 32 s. If using time-domain technique, the respiration rate is estimated by calculating the 

mean breath duration whereas frequency-domain techniques attempt to find the largest 

spectral peak power of the window to estimate the RR (Charlton et al., 2016).  Figure 10 

illustrates the RR detection in both time- and frequency-domain from a RIIV derived 

respiration waveform. 

 

Figure 10. Illustrative figure of the RIIV derived respiration waveform in time domain (top) 

and its corresponding frequency domain spectrum (bottom). Peak amplitude fiducials are 

marked with red triangles and trough amplitude fiducials are marked with yellow dots. The 

respiration rate can be estimated by calculating the breath durations from the peak-to-peak 

intervals in time-domain (marked by black arrow) or by finding the largest spectral peak in 

frequency-domain (red dotted line).  Raw PPG data used to generate the figure was obtained 

from Pirhonen and Vehkaoja, (2020).  

When time-domain techniques are applied, similar techniques as with PPG waveform 

fiducial detection can be used to find the local maxima and minima of the respiration 

waveform. Peak minimum prominence can be evaluated based on the respiration waveform 

signals statistics. The peak-to-peak interval minimum and maximum values can be based on 

physiological plausibility of the expected RR range. Plausible values between 4 and 60 
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BRPM has been commonly used, thus the time between two consecutive peaks should be 

within 1–15 s (Charlton et al., 2016). 

2.2.7  Respiration waveform quality assessment 

Similarly, as SQIs are used to assess the quality of the PPG waveform, respiration quality 

assessment is used to assess the quality of respiration waveforms that are extracted from the 

individual respiration modulated PPG signals. Respiration quality assessment is important, 

because the presence or absence of different respiration modulations are dependent on the 

subject’s physiological factors, such as age, gender, hydration, health condition, body 

position and the respiration rate itself, and it is impossible to know a priori which modulation 

works the best for which subject.  Even if the respiration waveform is extracted from a PPG 

signal with excellent signal quality, the respiration waveform quality can still be unreliable. 

(Charlton et al., 2018.) 

Like the SQIs, the RQIs can be implemented to qualify a respiration window as binary type 

low quality or high quality, or so that the RQI indicates a confidence value in a range of 

values. The confidence value can be used as weight for each individual RR waveform when 

the waveforms are fused together, or the RQIs can be displayed along with the respiration 

rate waveform for the clinician who is interpreting the acquired data. A design compromise 

needs to be made between data retention and better estimate accuracy when setting the 

threshold for approved signal segments. Quality assessment can also lead to false rejection 

of RR estimate if the subjects condition cause shallow or irregular breathing. (Charlton et 

al., 2018.) 

The RQIs can be assessed from the respiration waveform based on the breath duration 

variation, and the waveform periodicity. Both time- and frequency-domain techniques have 

been used, such as statistical analysis of the breath duration, Fourier transform, 

autocorrelation and autoregression. (Charlton et al., 2018.) 

Charlton et al., (2021) suggested the following rules over a 32 s respiration waveform 

window based on plausibility of breath duration and beat morphology similarity:  

 Normalized standard deviation of breath durations must be < 0.25 
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 Proportion of breath durations that are > 1.5 times or < 0.5 times the median 

breath duration must be < 15 % 

 > 60 % of segment duration must be occupied by valid breaths  

 Mean correlation coefficient must be > 0.75 

The valid breath qualification means that there must be at least one relevant trough between 

two consecutive relevant peaks. Peak was qualified as relevant when the peak amplitude was 

above 0.2 times the 75th percentile of all peak amplitudes and respectively troughs were 

qualified as relevant when the trough amplitude was 0.2 below the 25th percentile of all 

trough amplitudes. Failure to satisfy any of the rules lead to rejecting the whole frame.  

Baker et al., (2021) suggested the following differential coefficients of variation (DCV) 

based method that relies to waveform consistency as quality metric.: 

DCV = 1 −
𝜎

𝜇
,  (8) 

where σ is the standard deviation and μ is the mean. Then the DCV was calculated for peak 

height and trough depth, distance between two respiration peaks, and distance between two 

respiration troughs. The RQI was scaled to a confidence value between 0 and 1 by finding 

the average of the DCVs.  

2.2.8  Respiration rate modulation signal fusion 

The final step is to fuse the RR estimates obtained from different PPG modulations into the 

final RR estimation. Fusion in this context means combining signals from multiple sensors 

or respiration-induced variations to improve the signal quality and to reduce measurement 

noise (Nemati et al., 2010). The most straightforward method is to calculate the mean, mode 

or median of the individual estimates (Charlton et al., 2018). More sophisticated methods 

include weighting the estimates by the individual RQIs before fusing (Chan et al., 2013), or 

using Kalman filtering to fuse multiple respiration waveforms (Lepine et al., 2016). 

Numerous other methods can be found in the literature, some are discussed in the next 

chapter.  
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2.2.9  Comparing methods for real-time respiration rate algorithms 

Hundreds of respiration rate algorithms that are applicable for PPG have been proposed in 

the literature, making the method selection for the real-time applicable respiration rate 

algorithm a difficult task.  

Charlton et al., (2016) conducted a systematic comparison of the PPG- and 

electrocardiogram-based RR algorithms. The purpose of the study was to compare various 

algorithms under ideal conditions against the ground truth nasal-oral pressure sensor 

reference. The algorithms were divided into interchangeable stages, and all possible 

combinations of the different stages were implemented, which added up to total of 270 

different RR algorithms that can operate on PPG. The stages in the comparison included the 

prefiltering of the PPG waveform, respiration signal extraction, RR estimation, and fusion 

of RR estimates as optional stage.  

Common to all compared PPG applicable algorithms, very low frequencies were filtered out 

from the PPG signal using a high-pass filter with -3 dB cutoff frequency set to filter out 

respirations below 4 BRPM.  Respiration rate dominated time series were extracted from the 

PPG using four different filtering-based techniques and eight different feature-based 

extraction methods.  

Feature based approaches included beat-by-beat detection of pulse peaks and troughs and 

constructing a time series, such as peak-to-trough amplitude and inter pulse interval. For 

filter-based extraction, band-pass filtering, continuous wavelet transform, and centered 

correntropy function based methods were used. In all methods as the final step of the first 

stage, the signal was band-pass filtered between 4 to 60 BPM to exclude non-respiratory 

content from the signal.  

In the RR estimation stage, spectral analysis and breath detection methods were used. For 

spectral analysis methods, the RR was estimated by locating the largest spectral peak 

magnitude between 4 to 60 BRPM. For breath detection methods, RR was estimated by the 

mean breath duration.  

In the last stage, different fusion methods were applied to fuse simultaneous RR estimates 

that were obtained from RIIV, RIAV and RIFV. One fusion method included quality 

assessment of the three modulations by calculating the standard deviation (SD) between the 
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modulation derived RR estimates. Estimates with large SD were rejected, otherwise the 

mean of different methods was fused to estimate RR. In another method, Welch 

periodograms were calculated from the three different modulations. Then only those spectra 

that had well concentrated dominant power peaks were used to calculate the RR estimate 

using a mean value of the spectrum peaks. The third method used auto-regression modelling, 

where the peaks in the power spectrum are defined by the auto-regression models poles. 

Then the highest magnitude pole was selected between the RIIV, RIAV and RIFV derived 

RR signals. The fourth method used similar auto-regression modelling as in the previous 

model and used a greatest pole ranking criterion: mean of two closest poles obtained from 

different modulation methods were used for RR estimate. This method is based on the fact 

that the greatest pole in magnitude is not always the RR pole, it can be caused by noise and 

motion artifacts (Orphanidou et al., 2009). Smoothing successive RR estimates with 

temporal smoothing were also evaluated so that the preceding fusion methods were 

evaluated with and without it.  

Data from 39 healthy adults between age 18 to 40 was analyzed. The PPG was measured 

from the right hand using a reflective mode infrared PPG device MLT1020FC from 

ADInstruments. First, data recording was acquired while the subjects were lying down. Then 

the subjects were asked to run on a treadmill, and a second data recording was acquired 

immediately after the exercise to obtain wider range of heart rate and respiration rate 

variability.   

The algorithms were ranked based on standard deviation and by absolute bias. The standard 

deviation ranking was prioritized over bias, because the accuracy of RR trend tracking is 

often more important than the absolute RR value in continuous monitoring and bias error 

can be mitigated with calibration.  

The results showed that the algorithms that used feature-based techniques for signal 

extraction performed generally better. All top three ranking PPG applicable methods used 

the mean amplitude of troughs and preceding peaks for RIIV, difference between the 

amplitude of troughs and preceding peaks for RIAV and time interval between the 

consecutive peaks for RIFV. 

Time-domain based RR estimation techniques performed better than the frequency-domain 

based methods. Top ranking methods used variants of breath detection by peak detection. 
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Best results were obtained by fusing all different modulations for RR estimate by using the 

SD quality gate method that was described above. When temporal smoothing was applied to 

the RR estimate, the proportion of windows with RR estimate was higher, but the algorithms 

were ranked overall lower because of worse RR estimation accuracy. 

In this chapter, a comparison study by Charlton et al., (2016) was reviewed. The comparison 

study cited in this chapter was found to be the most comprehensive comparison of the various 

methods, and therefore the methods applied for the RR algorithm in this thesis were largely 

selected based on the results of the comparison study. The chosen approach was to analyze 

the PPG waveform in time domain and use feature detection for extracting the respiration 

waveforms and SQIs, to estimate the respiration rate in time domain from breath duration 

simultaneously from all three respiration induced variations (RIIV, RIAV and RIFV), and 

finally fuse the estimates into one final estimate using Kalman filtering and RQIs as 

confidence weight for the individual respiration induced variations. The details of each step 

are discussed in the next chapter.  
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3  Materials and methods 

The goal of this thesis was to build a device that demonstrates that a third-party PPG sensor 

design can be integrated into GE HealthCare’s wearable patient monitoring platform, and to 

develop a respiration rate estimation algorithm for the device. The hardware was designed 

in collaboration with VTT and GE HealthCare. In the scope of thesis, a radio communication 

device that integrates the PPG sensor into GE HealthCare’s patient monitoring system, and 

a respiration rate algorithm was designed. 

3.1  Hardware 

The electronics of the PPG device were divided into two printed circuit board assemblies 

(PCBAs), that were interconnected with board-to-board connectors. The thesis author’s 

responsibility was the hardware (HW) design of GE HealthCare’s PCBA, referred to as the 

radio board.  

VTT’s PCBA consists of the PPG sensor, a power management system and an MCU. The 

VTT’s PCBA is referred to as the sensor board. The sensor consists of the PDs, LEDs and 

the PPG analog front-end. The power management system consists of a battery and 

necessary DC/DC converters that provide power for all electronics circuits of the PPG 

device. The sensor board MCU handles various tasks, such as power management and 

communication with the radio board.  

The main components of the radio board are the MCU, radio circuitry and antenna. The main 

task of the MCU is to control the PPG sensor via the AFE, to run the respiration rate 

algorithm and to forward data packets to the radio. The radio board contained a near-field 

communication (NFC) tag and antenna, which is used to pair the PPG device with a host 

monitor. A 3-axis accelerometer was added to the design, but it was not utilized in context 

of this thesis. The accelerometer can be used for various functions in the future: e.g., waking 

up the device from low current sleep mode or for motion artifact algorithm development. A 

load switch controlled by output pin of the MCU was placed between the power line and the 

accelerometer, so that the accelerometer can be completely disconnected from the circuitry 
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to reduce current consumption. A simplified high level block diagram of the HW is presented 

in Figure 11. 

 

Figure 11. Simplified high level block diagram of the radio board (left) and the sensor board 

(right).  

The board-to-board interface connects the MCU’s of both PCBA’s with a universal 

asynchronous receiver-transmitter (UART). The AFE is physically connected to both 

MCU’s vias serial peripheral interface (SPI), of which only one can be active at the time. 

The radio boards MCU can take full control of the AFE by setting a dedicated output pin 

high, which tells the sensor boards MCU to set its SPI bus into high impedance state. All 

components were selected to operate with a single voltage level of 1.8 V, that was supplied 

by the sensor board. The radio board design 3D-view is illustrated in Figure 12.  
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Figure 12. Snapshots of the radio board 3D-view from Altium designer. The MCU, radio 

circuitry and antenna are placed on the PCB top side (figure left), and the NFC and 

accelerometer were placed on the PCB bottom side (figure right). 

The radio boards dimensions were 19 × 25 mm, constrained by the sensor boards design. 

The board-to-board connector locations were matched with sensor board from a 3D step-

model. RF-sensitive components were placed under a RF-shield can. The board stack-up 

was designed to 6-layers for sufficient routing options. Only through hole vias were used for 

faster fabrication and lead time of the PCBA. Usage of blind and buried vias would have 

allowed optimizing certain aspects of the layout, but the main goal was to design quickly a 

“good enough” prototype with fast lead time. The schematic capture and layout design was 

done with Altium designer version 26.2.0. 

GE HealthCare’s wireless patient monitoring system, known as Portrait Mobile, is a system 

in which wireless sensors connect to a wireless patient monitor known as the hub. The hub 

is used to display clinical parameters, trigger alarms and forward clinical data to the hospital 

network (GE HealthCare, 2024). The radio board was designed to integrate the PPG sensor 

into this system. 

3.1.1  The analog front-end and the sensor 

The AFE used in the design cannot be disclosed here, instead an AFE with similar 

functionality, the MAX86140 (Analog Devices), is used here to describe the operation 

principle. The AFE is responsible for driving the LEDs, receiving PD current, conditioning 
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the PD signal and converting the acquired PD exposure current into digital samples for 

further signal processing.  

The AFE has three internal LED drivers, which can adjust the LED sink current by using 8-

bit digital-to-analog converter (DAC). The LED anodes are powered externally from the 

AFE IC. The LED operating voltage on/off state was controlled by sending a command to 

the sensor board MCU. The AFE multiplexes the LEDs on and off in a sequence and 

sampling rate that can be configured to the AFE memory via SPI bus. The AFE generates 

the sampling rate clock by dividing its internal oscillator by the user defined value. The LED 

pulse widths and rise times and PD integration times are also configured to the AFE memory.  

The photodetector inputs are connected to the TIA for current to voltage conversion. Part of 

the ambient light can be analogically biased from the TIA output by feeding DC current to 

the TIA input. This feature is used to avoid the ADC saturation with large DC component if 

the device is operated in high ambient light conditions. The TIA output is automatically 

ambient light compensated before it is digitized via 19-bit ADC.  

The AFE has interrupt pin and general-purpose input-output (GPIO) pins can be configured 

for various operations. The interrupt pin was used to indicate the MCU when the samples 

are ready to be read from the FIFO buffer. The IC consists of digitally adjustable current 

sink LED drivers, PD amplifier circuitry (TIA) with analog ambient light cancellation, 

digital ambient light cancellation unit, ADC, FIFO buffer, SPI controller, timing circuits and 

oscillators, and an internal temperature sensor. High level block diagram of the MAX86140 

is illustrated in Figure 13.   
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Figure 13. Example of the PPG AFE IC block diagram (MAX86140). Figure reproduced 

from Analog Devices (2023). 

The AFE sampling rate FsPPG was set to 128 Hz. The AFE was configured to acquire one IR 

LED channel measurement, one green LED channel measurement and one dark slot 

measurement withing the 128 Hz sample slot time tSAMPLE ≈ 7.8 ms. The used wavelength 

selection was based on the hypothesis, that green would be the optimal wavelength to capture 

the RIAV and RIFV, as they rely on the PPG waveform systolic peak amplitude and timing 

and green wavelength yield to well defined systolic peaks in reflective mode PPG setup. IR 

was selected for RIIV, based on the assumption that the intensity variation would be better 

captured from the larger blood vessels deeper in the tissue, where green wavelength does not 

reach. Red wavelength was not used in this thesis. The dark slot measurements were 

subtracted from the measured PPG samples to mitigate ambient light, e.g., room light 

flickering from the PPG waveform. The sampling window is illustrated in Figure 14.  
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Figure 14. The LED drivers fire the IR and green LED on and off sequentially. The LEDs 

on time pulse width is defined by tPW. After LED settling time tLED_SETTLING the PDs 

photocurrent is integrated over a period of tINT. Ambient sample is acquired when the LEDs 

are off. All measurements are acquired within a sample slot tSAMPLE, defined by the sampling 

rate FsPPG = 128 Hz. Figure adopted from Analog Devices (2023). 

The LED settling time should be set according to the LEDs’ datasheet, although it was set 

empirically, because the VTT’s sensor design was given as a “black box”, thus the model 

and make of the LEDs was unknown. It was assumed that modern LEDs have very fast 

settling time, thus the tLED_SETTLING was configured to the minimum value available in the 

AFE settings. The PDs integration time tINT and the LEDs drive currents were set by 

empirical testing by measuring the PPG waveform from the right arm in office environment. 

Higher integration time leads to better signal-to-noise ratio, but too high integration time can 

lead to saturation of the TIA. The LED currents were adjusted so that the measured PPG 

waveform was roughly 60 – 70 % of the ADC’s maximum value to leave room for the PPG 

signal baseline shifting before the ADC saturates. Once the AFE is configured, it starts 

acquiring PPG samples to its internal 128-word FIFO buffer, which is read by the MCU via 

the SPI bus. The sensor LED and PD configuration was designed by VTT, thus the detailed 

design description is omitted. 

3.1.2  The microcontroller unit 

The ADuCM4050 ARM Cortex‒M4F processor was set to run at 26 MHz clock frequency. 

The clock frequency was set with ECX‒1637 series crystal resonator (ESC inc.). The MCU 
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has 44 general purpose input-output pins, three SPI interfaces, one I2C interface, and two 

UART interfaces, all sufficient for the application in question. The MCU has a floating-point 

unit, which is important for the digital signal processing of the respiration rate algorithm. 

The embedded flash memory size is 512 kB. The MCU also features various low-power 

modes, which are important for a wearable battery powered device for further development. 

Analog Devices (2018.) 

A tag-connect (Tag-Connect) interface was added to the radio board for programming the 

MCU with a j-link programming device (Segger). The MCU firmware was written in C++ 

programming language using Visual Studio Code (Microsoft) and IAR compiler (IAR 

systems). A Linux MSYS2 was installed to run the compiler on a Windows computer.  

3.1.3  The NFC 

The NFC functionality is to pair the PPG sensor with the hub. The normal operating 

procedure is to tap a sensor device with the hub, which triggers the radio connection 

establishing protocol and then the hub can display data from one or more sensors connected 

to it. In scope of this thesis the connection between the sensor and the hub was tested with 

another existing algorithm that is used for peripheral oxygen saturation (SpO2) 

measurement. The pairing to hub was not implemented to the respiration rate algorithm 

software mainly because the MCU’s memory ran out, and adding the functionality would 

have required extensive software refactoring. Therefore, the respiration data logging was 

done instead by soldering wires to the MCU’s UART line directly and by reading the data 

with computer’s serial port. The NFC functionality was used to start and stop the data 

logging with the PPG device.  

The PPG device starts acquiring data when an NFC event triggers the AFE configuration 

step. The NFC event can be triggered by NFC reader that is placed in proximity (~5 cm) of 

the PPG devices NFC antenna. The NFC tag communicates with the MCU via I2C interface. 

The NFC antenna was connected to the PCBA with connector. The antenna and NFC 

functionality was tested by bringing an NFC reader device proximity of the NFC antenna, 

while monitoring the I2C bus of the PPG device for NFC events. 
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3.1.4  The radio and antenna 

The radio design circuitry was copied from another wireless device’s schematic. The detailed 

description of the radio is omitted here, but in context of this thesis it can be considered as 

similar to a Bluetooth transceiver. The design related tasks were to route the radio circuitry 

to the PCBA’s layout and to select an appropriate antenna for the device. 

A 2.45 GHz chip antenna 2450AT14A0100001T (Johanson Technology) was selected.  The 

selection was based on the antenna nominal frequency and the PCBA size, which was close 

to the recommended configuration in the antenna’s data sheet. The antenna feed line was 

matched to 50 Ω by defining the trace width and clearance to the ground plane. The antenna 

trace on the top layer was matched to a ground plane on layer three, therefore a copper cutout 

was designed on layer two in between the antenna trace and the GND plane. The antenna 

matching network component values were selected based on the recommended values from 

the datasheet. The chip antenna was placed on the corner of the radio board, and the layout 

followed the antenna manufacturer’s reference design. Figure 15 illustrates the antennas 

PCB layout design. The red and yellow copper planes in the layout are connected to GND. 

The antenna feed line was matched to 50 Ω referenced to a ground plane on layer three of 

the PCBA, therefore a copper cutout was placed in between to layer two.  

 

Figure 15. Left: the 2450AT14A0100001T antennas reference design, all dimensions are in 

mm (Johansson Technology, 2025). Right: snapshots from Altium designer layout tool of 

the copper layer one (figure top) and layer two (figure bottom) of the radio board. The grey 

dots surrounding the antenna feed line are trough hole GND vias.  
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The antenna performance was evaluated in office environment by sending dummy data via 

the PPG device to the wearable hub and walking further away with the hub until the 

connection was lost. The test setup is illustrated in Figure 16. The radio boards wireless 

range was tested by sending dummy data to the device with another MCU debugging board. 

The wireless hub was paired with the radio PCBA by tapping the hub to the NFC antenna. 

The radio was tested by moving the hub further away from the radio board and observing 

the distance when the connection was lost. The j-link device was used to program the radio 

board with test software. 

 

Figure 16. Debug setting for the radio testing. 

The wireless connection was observed to operate over approximately 5‒10 meters. If it were 

the final product design, the antenna matching would be typically measured in antenna 

laboratory and fine-tuned by changing the matching networks component values, but for the 

prototype device a few meter distance was considered sufficient.  

3.2  Estimating respiration rate from PPG: the algorithm 

Matlab R2023b (The MathWorks, Inc.) was used for proof-of-concept design and testing. 

Code for the embedded target was written in the C++ programming language using Visual 

Studio Code 1.124.2 (Microsoft), with embedded artificial intelligence assistant Claude 

Opus 3.2 (Anthropic). The embedded code was implemented on top of a software platform 

that has been developed by GE HealthCare for various wireless sensors, thus common 
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drivers and functionality were already available (e.g. SPI drivers, NFC-related functions, 

wireless communication-related functionality, etc.)  

Open-source PPG data with respiration waveform reference was used for the offline 

algorithm development. The open-source data is referred to as the MARSH dataset. The 

dataset was collected from 29 healthy subjects, 24 males, 5 females, between ages of 19 to 

38. The subjects were in sitting posture and following breathing instructions, where 

respiration rate gradually increased and decreased by following a metronome. In between 

the metronome guided breathing intervals, the subjects were asked to breath spontaneously. 

The raw PPG data was acquired from finger, using transmission mode PPG device. The 

respiration reference waveform was acquired using impedance pneumography (Pirhonen 

and Vehkaoja, 2020). 

The high-level software architecture is presented in Figure 17. The algorithm starts when the 

device detects an NFC event, which triggers the AFE configuration and the PPG data 

acquisition starts. The RR algorithm follows the steps proposed by Charlton et al., (2018), 

that were discussed in Chapter 2.2.2 The algorithm estimates all three respiration-induced 

variations simultaneously and finally fuses the individual estimates into one final respiration 

rate estimate using Kalman filtering. 

 

Figure 17. Simplified high level diagram of the respiration rate algorithm. 

The PPG data was band-pass filtered with modality specific filter, and the cardiac signal 

quality was assessed. Peaks and troughs of the filtered waveform were detected, and the 
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respiratory surrogates were formed by interpolating the fiducials to uniform time grid. The 

respiration surrogates were band-pass filtered to respiration dominated frequency band to 

form the respiration waveforms. Respiration rate was estimated over windowed data of each 

respiration waveform, and the respiration signal quality was assessed. The respiration rate 

estimates were fused into the final estimate using Kalman filtering, where signal quality of 

the PPG and respiration waveforms were used for confidence weighting. The details of each 

individual step are discussed in the following chapters. 

3.2.1  PPG signal preprocessing 

Band pass filter selection for PPG waveform filtering 

As discussed in Chapter 2.2.3 the PPG signal must be band-pass filtered to appropriate 

frequency band to filter out off-band noise. The RIIV waveform must contain both 

respiration and HR dominated frequency bands, therefore the cutoff frequency selection was 

based on physiologically plausible RR and HR values. For RIIV waveform, a 4th order 

Butterworth filter with high-pass 3 dB cutoff frequency of 0.067 Hz and low-pass 3 dB cutoff 

frequency of 3.33 Hz was selected, corresponding to lowest RR of 4 BRPM and highest HR 

of 200 BPM. RIAV and RIFV lie in the HR dominated frequency band of the PPG waveform. 

For RIAV waveform, a 4th order Butterworth filter with high-pass cutoff frequency of 0.67 

Hz and low-pass cutoff frequency of 3.33 Hz was selected. For RIFV, a 4th order Bessel filter 

was selected, the same cutoff frequencies were used as with the RIAV filter. The 3 dB cutoff 

frequency selection was based on physiological plausibility of the HR frequencies, 

corresponding to 40–200 BPM.  

Butterworth filter topology was selected for RIIV and RIAV, because the respiration is based 

on the amplitude information of both respiration inducted variations and the Butterworth 

filter has maximally flat passband with no passband ripple. Bessel filter was selected for 

RIFV, because it is important to maintain accurate peak-to-peak interval timing for 

estimating the FM, and the Bessel filter has maximally linear group delay. Like the 

Butterworth, the Bessel filter has no pass-band ripple, but the Bessel filters transition 

bandwidth is larger (Proakis and Manolakis,  2006, p. 726–727). The filter orders were kept 

low to minimize the computational cost. The 4th order filter performance was evaluated by 
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using the MARSH dataset and found to be sufficient for removing off-band noise from the 

PPG waveforms.   

Digital Filter realization for real time implementation 

Both the Butterworth and the Bessel filters are infinite-impulse response (IIR) filters, 

meaning that the filters response y is dependent on both, the input signal x and the output 

signal y. Therefore, each input sample x can affect the filters’ output for infinite period. 

Transfer function H(z) of a digital filter IIR can be expressed in the discrete time z-domain 

as: 

𝐻(z) =  
𝑌(𝑧)

𝑋(𝑧)
=  

∑ 𝑏௞𝑧ି௞ெ
௞ୀ଴

1 + ∑ 𝑎௞𝑧ି௞ே
௞ୀଵ

, 
(9) 

 where Y(z) is the filter output, X(z) is the filter input, bk and ak are the filter coefficients of 

the numerator and denominator, that are determined by the filter type and cut-off frequencies 

and z denotes the complex frequency variable in z-domain. Moreover, M is the order of the 

numerator polynomial, and N order of denominator polynomial. The filter’s discrete output 

y[n] can be expressed as: 

𝑦[𝑛] =  ෍ 𝑏௞𝑥[𝑛 − 𝑘] − ෍ 𝑎௞𝑦[𝑛 − 𝑘],

ே

௞ୀଵ

ெ

௞ୀ଴

 
(10) 

where x[n] is the discrete time input signal and n denotes discrete time index. The filter 

design task is to determine the coefficients bk and ak, then the time domain filter can be then 

applied to a real time embedded solution (Mejía-Mejía et al., 2022). The filter described by 

(10) is known as the direct form I filter structure. 

The digital filters’ accuracy in real time is determined by the word length of the register that 

is storing the filtering coefficients. When a filter is designed using real numbers with 

unlimited precision, and then stored into a memory with limited precision, the limitation 

causes quantization of filter coefficients. The quantization effects lead to a frequency 

response of the filter, that is different from the designed unquantized filter. The digital filter 

H(z) described by (9) and (10) can be realized in several different ways, depending on how 

the equation is arranged. The equation can be divided into equivalent sets of difference 

equations that can be used to construct block diagrams of delay elements, adders and 

multipliers. Then the blocks can be converted into a program that can be run on the 
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microcontroller unit. When realizing the filter, the quantization effect can be minimized by 

dividing the filter into second-order interconnected filter section (Proakis and Manolakis,  

2006, p. 564–613).  

The filter coefficients were obtained using Matlab, so that the coefficients were divided into 

2nd order equations. Furthermore, the 2nd order sub-filters were transferred into two cascaded 

filters, where the other filter is all-pole system and the other one is all-zero system. By 

reorganizing the equation so that the all-zero systems change places with the all-pole 

systems, a direct form II filter structure is obtained system (Proakis and Manolakis, 2006, p. 

582.) Another way to represent the filter structure is the signal flow graph. The signal flow 

graph consists of directional branches that connect to nodes. The signal at the node is equal 

to the sum of branches connected to it. The transposition of flow-graph reversal theorem 

states that if the signal flow graphs input and output are swapped together and the direction 

of all branch transmittances are reversed, the systems function remains the same. This 

structure is known as the transposed structure (Proakis and Manolakis, 2006, p. 585–586). 

The signal flow graph and the transposed structure block diagram of the sub-system H1(z) 

(the 2nd order direct form II filter block) and the resulting block diagram of H(z) 

representation is illustrated in Figure 18.  
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Figure 18. a) signal flow graph of the filter H1(z): the nodes 1 and 3 contains adders, while 

nodes 2, 4 and 5 are branching points; b) transposed structure of the signal flow graph of the 

filter H1(z): nodes 2, 4 and 5 becomes adders, while nodes 1 and 3 become branching points; 

c) block diagram representation of the H1(z); d) block diagram representation of the 

transposed structure H1(z); e) the block diagram of transposed direct form II structure of 

filter H(z).  

Based on the structures given in Figure 18, the difference equation for H1(z) can be written 

as: 
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𝑦ଵ[𝑛] = 𝑤ଵଵ[𝑛 − 1] + 𝑏ଵ଴𝑥[𝑛] (11) 

𝑤ଵଵ[𝑛] = wଵଶ[𝑛 − 1] − 𝑎ଵଵ𝑦ଵ[𝑛] + 𝑏ଵଵ𝑥[𝑛] (12) 

𝑤ଵଶ[𝑛] = −𝑎ଵଶ𝑦ଵ[𝑛] + 𝑏ଵଶ𝑥[𝑛], (13) 

where x[n] is the input signal, y1[n] is the output, w11[n] and w12[n] are internal state variables, 

a11 and a12 are the denominator coefficients, b10, b11 and b12 are the numerator coefficients. 

The difference equation for filter H2(z) can be written as: 

𝑦[𝑛] = 𝑤ଶଵ[𝑛 − 1] + 𝑏ଶ଴𝑦ଵ[𝑛] (14) 

𝑤ଶଵ[n] = 𝑤ଶଶ[𝑛 − 1] − 𝑎ଶଵ𝑦[𝑛] + 𝑏ଶଵ𝑦ଵ[𝑛] (15) 

𝑤ଶଶ[n] = −𝑎ଶଶ𝑦[𝑛] + 𝑏ଶଶ𝑦ଵ[𝑛], (16) 

where y1[n] is the discrete time input signal (i.e. the output of filter H1(z)), y[n] is the output, 

w21[n] and w22[n] are internal state variables, a21 and a22 are the denominator coefficients, 

b20, b21 and b22 are the numerator coefficients.  

The filter was written with C++ for the embedded target using the 2nd order filter coefficients 

obtained from Matlab, and by calculating the filter output y using (11)–(16). The code 

calculation order was implemented that y1 is calculated prior to w11, and w11 is calculated 

prior to w12, thus the delay operators are not required. All bandpass filters used in this thesis 

were implemented in the same way as described above.  

The quantization effect is not trivial for the filters in question: the ideal RIIV Matlab filter, 

the magnitude response of the direct form I and the transposed direct form II filter structures 

with 15 decimal digits precision (corresponding to double precision in the embedded target) 

are compared in Figure 19.  
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Figure 19. Magnitude responses of the quantized direct form I (DF-I) and transposed direct 

form II (TDF-II) filters in comparison to the ideal Matlab filter.  

In Figure 19, the magnitude response of the DF-I filter looks very different compared to the 

ideal filter. The TDF-II filter’s magnitude response is close to the ideal filter’s magnitude 

response.  

3.2.2  PPG waveform fiducial detection and fiducial pairing  

The objective was to detect the peaks and troughs of each three waveforms after the 

prefiltering and to pair the peaks and troughs for extracting the respiration waveforms. The 

fiducial detection of the PPG waveform was based on physiological plausibility and prior 

signal statistics. The maximum and minimum expected HR was set to 200 BPM and 40 

BPM, and by using the extreme allowed limit the minimum peak-to-peak distance was 

defined as 1 / (200 BPM / 60 s) = 0.30 s and the maximum as 1 / (40 BPM / 60 s) = 1.5 s. 

The physiological limits were adopted from Orphanidou, (2018, p. 49). 

Locating fiducials of the PPG waveform 

The local PPG waveform signal level was estimated by calculating exponential moving 

average (EMA) μ:   

𝜇[𝑛] = (1 − 𝛼) ∙ 𝜇[𝑛 − 1] + 𝛼 ∙ 𝑥[𝑛],  (17) 

where x is the PPG sample value, n is the sample index and α is the forgetting factor defined 

as: 
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𝛼 =  
2

(𝐹ୱ ∗ 𝑡୑୅ୈ) + 1 
, 

(18) 

where Fs is the sampling rate (128 Hz) and tMAD is the time window. This is a robust way of 

calculating the signal average in real time, because the difference equation (17) only requires 

one past sample of the EMA for processing and the embedded code can be implemented 

without large buffers. Then the median absolute deviation σ was calculated using the EMA 

deviation, μdev: 

𝜇ୢୣ୴[𝑛] = (1 − 𝛼) ∙ 𝜇ୢୣ୴[𝑛 − 1] + 𝛼 ∙ |𝑥[𝑛] − 𝜇[𝑛]|, (19) 

                                                           𝜎 = 𝛾 ∙ 𝜇ୢୣ୴[𝑛], (20) 

where γ is a tuning parameter. (Hunter, 2014.)  

The maximum value of x was searched using simple logic: the signal x[n] is stored as a 

candidate peak value xcan, and whenever a new sample is larger than the candidate value, the 

candidate value gets updated: 

𝑥ୡୟ୬[𝑛] = ൜
𝑥[𝑛], if 𝑥[𝑛] ≥  𝑥ୡୟ୬[𝑛 − 1]

𝑥ୡୟ୬[𝑛 − 1], otherwise
. 

(21) 

The peak was confirmed as a genuine peak only if three rules were satisfied. First rule was:  

𝑥ୡୟ୬[𝑛] − 𝑥[𝑛] ≥  𝜎. (22) 

The first rule verifies that the signal level must drop enough in respect to the median absolute 

deviation, otherwise small rise in the signal level caused by noise could be falsely detected 

as a systolic peak. 

The second rule was that the candidate value xcan must be greater than the exponential moving 

average μ. The EMA follows the PPG waveform with small delay defined by tMAD, and by 

tuning it so that the diastolic peak stays below the μ during the falling slope of the catacrotic 

phase (see Figure 3) the algorithm prevents verifying the diastolic peak even if the drop 

factor was large enough to qualify as peak: 

𝑥ୡୟ୬[𝑛] > 𝜇[𝑛]. (23) 

As a last line of defense, a rule was set based on the previous peak value distance from the 

candidate peak: the peak-to-peak distance must be ≥ 0.30 s based on the physiological 

maximum HR value to be locked as genuine systolic peak. 



58 
 

The time window tMAD was set to 0.2 s and the tuning parameter γ to 3.5 by empirical testing 

with the MARSH dataset. The amplitude level changes fast especially with the RIIV specific 

PPG waveform, that has low frequency baseline wander that introduces relatively fast 

transients to the signal baseline; thus, the time window was set relatively short. The PPG 

waveform peak detection is illustrated in Figure 20, where large transients in the PPG signal 

baseline can be observed in the PPG waveform that was filtered for RIIV derivation. 

 

Figure 20. Illustrative figure of the systolic peak detection in the PPG waveform. The top 

figure illustrates PPG waveform filtered for the RIFV and the bottom figure illustrates PPG 

waveform filtered for the RIIV. The PPG waveforms exponential moving average (EMA) is 

illustrated with grey dashed line and light blue are illustrates the median absolute deviation 

of the EMA. The dashed red line illustrates the threshold, where the peak candidate xcan must 

drop to be confirmed as genuine peak. Only peak candidates that are above the EMA and 

peaks that are at least > 0.30 s distance of the previous peak are confirmed. The peak 

confirmation instances are illustrated with red cross.  
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The fiducial detection function returns the peak value and the peak timestamp as index of 

how many samples ago the peak occurred.  The peak candidate locking mechanism causes a 

small delay to the RR algorithm as the peaks cannot be confirmed immediately, but the delay 

is only a fraction of the HR interval and was considered neglectable. 

The same procedure was done for the inverted PPG waveform to find the trough values and 

indexes. The peak and trough amplitudes and the peak timestamps were given as inputs to a 

fiducial pairing function. The trough values of RIIV and RIAV were stored into a buffer that 

stores the eight previous samples. When a new peak value is available, the function searches 

the deepest amplitude preceding trough from the trough buffer between the current PPG peak 

sample index x[n] and the previous peak sample index x[n-1]. If there was no detected trough 

between consecutive peaks in the buffer, the peak-trough pair was completely discarded.   

The respiratory surrogates 

The respiratory waveform samples were formed from the valid peak-trough amplitudes per 

modality by calculating the peak-trough mean value for RIIV and the peak amplitude for 

RIAV: 

𝑧ୖ୍୍୚[𝑘] =
1

2
൫𝐴୮ୣୟ୩[𝑘] + 𝐴୲୰୭୳୥୦[𝑘]൯, 

(24) 

𝑧ୖ୍୅୚[𝑘] = 𝐴୮ୣୟ୩[𝑘] − 𝐴୲୰୭୳୥୦[𝑘], (25) 

where z denotes the respiratory surrogate, A is amplitude and k is the sample index. 

For RIFV, the peak-trough pairing is not required, as the RIFV is calculated from the peak-

to-peak intervals: 

𝑧ୖ୍୊୚[𝑘] = 𝑡୮ୣୟ୩[𝑘] − 𝑡୮ୣୟ୩[𝑘 − 1], (26) 

where tpeak denotes the peak time. (Charlton et al., 2016.) 

For RIFV, the physiological HR limits were used to classify peaks that are too close to each 

other as noise (< 0.30 s, i.e. > 200 BPM) and peaks that were too far from each other (> 1.5 

s i.e. < 40 BPM) were classified as missing beats. Only peaks that were within the 

physiological limits were pushed forward for signal quality assessment and to form a beat 

series. 
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3.2.3  Signal quality assessment for the PPG fiducials 

The signal quality assessment was adopted from Orphanidou, (2018) (see chapter 2.2.5  to 

evaluate the physiological plausibility of the heart-beats. Three independent sub SQI scores 

were calculated from the extracted PPG peaks. 

The first SQI was based on plausibility of the inter-pulse-interval (SQIIPI): the peak-to-peak 

interval must be within the plausible physiological HR limits of 40 to 200 BPM. Then the 

sub score was calculated using a binary rule: 

                                          𝑆𝑄𝐼୍୔୍[𝑘] = ൜
1, if 𝜏୫୧୬ ≤  𝜏[𝑘] ≤  𝜏୫ୟ୶

0, otherwise
, (27) 

where τ denotes the inter beat interval in seconds, τmin = 0.30 s and τmax = 1.5 s. It should be 

noted that for the RIFV beat series, the outliers have already been disqualified and removed 

from the beat series as explained in Chapter 3.2.2 but the same SQI function was used for 

all beat series for code simplicity. For RIIV and RIAV the sub score penalizes the overall 

SQI score for missed beats or false peak detection caused by diastolic notch or noise. 

The second sub score was based on short term heart rate variability, denoted as SQIHRV. The 

previous values N=5 of τ[k] were stored in the memory and the sub score was scaled between 

0 to 1 using the coefficients of variation (CV), that were adopted from Baker et al., (2021): 

𝐶𝑉[𝑘] =
𝜎த[𝑘]

𝜏̅
∙ 100 %, 

(28) 

𝜏̅[𝑘] =
ଵ

ே
∑ 𝜏௝

ே
௝ , (29) 

𝜎ఛ[𝑘] = ට
ଵ

ே
∑ ൫𝜏௝ − 𝜏̅[𝑘]൯

ଶே
௝ , 

(30) 

where σ is the standard deviation. Orphanidou, (2018) suggested that the HRV should be 

less than 10 % in a short segment of data, thus the SQIHRV sub score was scaled so that HRV 

≤ 10 % gives a score of 1, and linearly scales to zero until HRV ≥ 20 %: 

𝑆𝑄𝐼ୌୖ୚ = ቐ

1, if 𝐶𝑉[𝑘] <  10 %

max ൬0, 1 −
𝐶𝑉[𝑘] − 10 % 

10 %
൰ , otherwise.

 
(31) 
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The third sub score was based on pulse wave amplitude variation, referred to as the SQIPWA. 

Orphanidou, (2018) suggested that the PWA should be within 25 – 400 % of a heuristically 

set threshold. The threshold Aref was set by calculating the median amplitude of N = 5 

previous samples. The PWA was calculated and compared to the variation limits: 

𝑃𝑊𝐴[𝑘] =
𝐴[𝑘]

𝐴୰ୣ୤[𝑘]
, 

(32) 

 

𝑆𝑄𝐼୔୛୅ =  ൜
1, if 25 % ≤ 𝑃𝑊𝐴[𝑘] ≤ 400 %,

0, otherwise.
 (33) 

where A denotes the pulse amplitude and k is the sample index.  

The final SQI score was calculated by the geometric mean of the sub scores:  

𝑆𝑄𝐼 = max ൬0.05, (𝑆𝑄𝐼୍୔୍ ∙ 𝑆𝑄𝐼ୌୖ୚ ∙ 𝑆𝑄𝐼୔୛୅)
ଵ
ଷ൰ 

(34) 

The geometric mean was used rather than arithmetic mean, because e.g. inter-beat-interval 

outlier means that the heartbeat is not correctly detected, and a large amplitude indicates a 

motion artifact rather than the systolic peak, therefore the combined SQI score should scale 

to the floor value. The floor value 0.05 was set to avoid division by zero at the fusion phase 

(Chapter 3.2.7 where the SQI was used as a cardiac sub-score respiration quality indicator.  

3.2.4  Forming the respiratory waveforms 

The respiratory surrogates are formed by the irregular sampling frequency determined by 

heart rate. Therefore, it was necessary to resample the samples to uniform time grid for 

further signal processing. The sampling rate FsRR was selected to 8 Hz, that is large enough 

to satisfy the Nyquist criteria for the largest physiologically plausible respiration rate of 40 

BRPM i.e. 0.67 Hz (Charlton et al., 2017b). A linear interpolation (first-order hold) was used 

to resample the respiratory surrogates to 8 Hz (Karlen et al., 2013). 

Then the waveforms were band-passed with a 4th order Butterworth using the physiological 

limits to filter out non-respiratory frequencies. Figure 21 illustrates the respiratory 

waveforms before and after the band-pass filtering.  
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Figure 21. Respiration waveforms derived from the respiration surrogates and interpolated 

to 8 Hz using first-order hold. From top to bottom, before filtering (left) and after filtering 

(right): RIIV, RIAV and RIFV. Raw PPG data obtained from Pirhonen and Vehkaoja, 

(2020). 

The plausible RR values of minimum 4 BRPM and maximum of 40 BRPM, corresponding 

to 0.067 – 0.667 Hz, was used in the filter design. Same transposed direct form II filter 

structure was used for the respiratory waveform filtering, as for the PPG waveform band-

pass filters discussed in chapter 3.2.1  

3.2.5  Respiration rate estimation from individual respiration induced variations 

The respiratory rate was estimated over 32 s windows of the respiration waveform every hop 

time of 4 s. The respiratory samples were stored in a ring buffer of size 8 Hz ∙ 32 s = 256 

samples. The respiration estimates were calculated in parallel threads for each of the three 

respiration waveforms. To be able to calculate the breath duration, there must be at least two 

respiration peaks within the window, otherwise the function returns NaN (not a number) 

value. 4 BRPM was considered the lowest plausible RR, thus 32 s window is long enough 

to measure the breath duration in the lowest RR range. In practice when measuring such low 
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RR, the function would only return a valid RR value when both peaks are detected (i.e., 

respiration waveform peaks must lie on the far ends of the estimation window). 

The RR was estimated by calculating the mean breath duration from the respiration peak 

values. First the 32 second window was normalized to remove any DC-offsets and to scale 

the amplitudes to similar scale between each respiration waveform. By normalizing the 

window, the same peak amplitude criteria can be used for each of the waveforms. 

The local maxima were first searched by scanning the window of samples: the sample 

qualifies as a peak candidate only if it is greater than the sample on both sides of the sample. 

The peak values v with index i were stored. Then the peak prominence promi was calculated 

for each peak candidate by scanning from the peak candidate index to both directions, until 

a value ≥ vi is found or the index hits the window boundary, and by taking the minimum 

value within those boundaries: 

𝑝𝑟𝑜𝑚୧ = 𝑣୧ − max൫𝑚𝑖𝑛୪ୣ୤୲, 𝑚𝑖𝑛୰୧୥୦୲൯, (35) 

where minleft is the minimum value on the left side of the peak candidate, minright is the 

minimum value on the right side of the peak candidate and max denotes maximum operation. 

Then the prominence was compared to a threshold value that was set to 0.75 by testing with 

the MARSH dataset. Peaks with smaller prominence than the threshold value were rejected. 

The remaining peaks within the window were re-organized on descending order by the tallest 

value v first. Then the peaks were scanned starting from the largest, and any other peak that 

is within the minimum peak distance derived from the physiological plausible range of 

maximum 40 BRPM, i.e., twelve samples (1.5 s) in the 8 Hz time grid. Samples that were 

too close to the larger peak were removed from the buffer, and the scan continues with the 

next largest peak value. This was to ensure that the largest peaks survive regardless of which 

peak is detected first. After the false peaks were rejected, the remaining peaks were 

reorganized again starting from smallest peak index i, and the function returns the valid 

peaks and their indexes. The peak detection is illustrated in Figure 22. 



64 
 

 

Figure 22. Illustrative figure of the respiration waveform peak detection over a 32 s long 

time window. From top to bottom: respiration waveform of the RIIV, FIAV and RIFV. The 

accepted peaks are illustrated with green triangles and rejected peaks are illustrated with red 

crosses. The prominence is illustrated with blue dashed lines. Raw PPG data obtained from 

Pirhonen and Vehkaoja, (2020). 

The same procedure was repeated for the trough detection for respiration quality assessment 

purpose. 

3.2.6  Respiration quality assessment 

The respiration quality assessment was done per the 32 s window size. Each RQI was scaled 

between 0 to 1, and the final RQI score was calculated as the arithmetic mean of the sub 

RQIs.  

RQISQI: The first respiration quality indicator was based on the combined SQI that was 

extracted from the cardiac band PPG waveforms (see Chapter 3.2.3 The assumption was that 

poor cardiac PPG quality yields poor RR estimate. The scaling of the combined SQI was 
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implemented by calculating the standard deviation and mean of the SQI score and using the 

differential coefficients of variation (DCV) based method described in (8) (Baker et al., 

2021). 

RQIPHC: Peak height consistency, DCV was calculated on the peak amplitudes. A clean 

respiratory waveform should have consistent peak amplitudes in the normalized window 

(Baker et al., 2021). 

RQITDC: Trough depth consistency, same method as for the RQIPHC, but calculated for the 

trough peak amplitudes (Baker et al., 2021). 

RQIBDP: Breath duration plausibility, the median breath duration of the 32 s window was 

calculated, breath duration was classified as outlier if it deviates > 1.5 time or < 0.5 time 

from the median (Charlton et al., 2021). The sub RQI score was scaled between 0 to 1 so 

that every 5 % of outliers reduce the RQI score by 0.1, e.g. 5 – 9 % of outliers return an 

RQIBDP of 0.9, 10 – 14 % of outliers return RQIBDP of 0.8 etc. 

A floor value of 0.05 was set for each individual sub RQI to avoid division by zero in the 

respiration fusion phase (Chapter 3.2.7 The combined RQI weighs higher a respiration 

waveform that has consistent peak and trough amplitudes, consistent breath durations, and 

is derived from clean PPG waveform segment.  

3.2.7  Fusion of the respiration rate estimates 

In the final stage, the objective was to fuse the individual RR estimates obtained for the 

RIIV, RIAV and RIFV. A method based on Kalman filter (KF) was selected, because of its 

ability to fuse noisy measurements into model-based respiration estimates. The KF’s state 

estimate is updated recursively based on the model prediction and measurements. Both the 

process model and measurements are assumed to be corrupted by a Gaussian, zero mean 

noise that are uncorrelated in time and with each other, in which case the KF is said to be 

optimal linear estimator. Each respiration estimate was treated as an independent sensor that 

is measuring the same underlying physiological respiration rate, while each sensor is affected 

by uncorrelated noise. The measurement noise was modelled based on the RQIs of each 

individual RR estimate obtained from different respiration-induced variations. Therefore the 
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measurement noise does not fulfill the before mentioned noise characteristics, but the KF is 

still the best linear estimator (Lepine et al., 2016). 

The Kalman filter system model 

The Kalman filter state vector x was modelled as: 

                                                            𝐱[𝑘] = ൤
𝑓 ୖ[𝑘]

𝑓̇ୖ
ୖ[k]

൨ , 
(36) 

 where 𝑓 ୖ denotes the respiration estimate in BRPM and 𝑓̇ୖ
ୖ is the derivative state to track 

the respiration rate trend in BRPM / s. Nemati et al., (2010) and Lepine et al., (2016) 

modelled the state variable without the derivative state by assuming that respiration remains 

steady in short period of time. In this thesis algorithm development was done mostly based 

on the MARSH dataset, which included relatively fast respiration transients, hence the model 

was expanded by adding the derivative state to track the rate of change of BRPM better. 

The state evolution of the KF is given by: 

𝐱[𝑘] = 𝐅𝐱[𝑘 − 1] + 𝐰[𝑘], (37) 

𝑧୫୭ୢ[𝑘] = 𝐇𝐱[𝑘] + 𝑣[𝑘], (38) 

where zmod is the input respiration rate estimate and mod ϵ {RIAV, RIFV, RIIV}, w[k] is the 

zero mean Gaussian process noise, v[k] is the zero mean Gaussian measurement noise, F is 

the state transition matrix and H is the measurement matrix (Lepine et al., 2016). The state 

transition matrix F was defined as constant velocity model: 

𝐅 = ቂ
1 Δ𝑡
0 1

ቃ, (39) 

where Δt = 4 s is the hop time (Barreto et al., 2020, p.73). The process noise models the 

uncertainty of the system model. The process noise covariance matrix Qw was modelled as: 

E[𝐰𝐰஋] = 𝐐୵ = ൤
𝑞ୖୖ 0

0 𝑞ୖୖ̇
൨, 

(40) 

where E denotes expectation operator, 𝑞ୖୖ = 0.20 BRPM2 and 𝑞ୖୖ̇ = 0.02 (BRPM / s)2 are 

the process noise variances, that reflect the uncertainty in respiration rate and its rate of 

change, i.e., how much the process model is allowed to deviate from the prediction. The 

values were tuned empirically by testing with the MARSH dataset.  
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For each modality, only the respiration rate 𝑓 ୖ is observed directly, while the derivative 

state 𝑓̇ୖ
ୖ is unobserved, therefore the measurement matrix H is defined as: 

𝐇 = [1 0]. (41) 

 The measurement noise covariance was modelled by using the RQIs of each modality: 

𝑅୫୭ୢ =
𝑅୫୧୬

𝑅𝑄𝐼୫୭ୢ
ଶ , 

(42) 

 where Rmin = 4.0 BRPM2 is the minimum noise variance, when the RQI has perfect score of 

1. When the RQI approaches the RQI floor value that was set to 0.05 (see chapter 3.2.6 the 

measurement noise covariance of the modality approaches R = 4 / 0.0025 = 1600 BRPM2, 

and therefore effectively excludes poor quality measurements from the Kalman filter state 

update. The quadratic relation to RQI was set to penalize poor quality estimates heavier as 

opposed to linear relation to the RQI. This model was adapted from Nemati et al., (2010), 

where the SQI of a data segment was used to modify the measurement noise covariance R at 

each time step using an exponential function, as opposed to standard Kalman filter where 

the measurement noise is assumed to be constant.  

The Kalman filter state covariance matrix P is given by: 

𝐏 = ൥
𝜎୤౎౎

ଶ COV൫𝑓 ୖ, 𝑓̇ୖ
ୖ൯

COV൫𝑓̇ୖ
ୖ, 𝑓 ୖ൯ 𝜎୤̇౎౎

ଶ ൩ = ൤
𝑃଴଴ 𝑃଴ଵ

𝑃ଵ଴ 𝑃ଵଵ
൨, 

(43) 

where the diagonal line represents the variances of the state variables and the cross-

covariance terms are in the off-diagonal line (Barreto et al., 2020, p. 38).  

The Kalman filter prediction step 

KF predicts each step before new measurements are available. The KF predicts x at each 

step as: 

𝐱ොି[k] = 𝐅𝐱ො[k − 1], (44) 

where 𝐱ො is the estimate of x, and superscript ‒ denotes the predicted value before estimate. 

The predicted covariance evolves as: 

𝐏ି[𝑘] = 𝐅𝐏[𝑘 − 1]𝐅஋ + 𝐐୵, (45) 
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(Barreto et al., 2020, p. 77). The KF innovation ν, i.e., residual of the measured and predicted 

RR value, is expressed as: 

𝜈୫୭ୢ[𝑘] = 𝑧୫୭ୢ[𝑘] − 𝑓መோோ
ି [𝑘]. (46) 

The innovation variance S is given by: 

𝑆 = 𝐇𝐏ି𝐇஋ + 𝐑୫୭ୢ =  𝑃଴଴
ି + 𝑅୫୭ୢ (47) 

 (Dingler, 2025). The Kalman gain matrix K is defined as: 

𝐊 = ൤
𝐾଴

𝐾ଵ
൨ =  𝐏ି𝐇஋𝑆ିଵ =

⎣
⎢
⎢
⎢
⎡

𝑃଴଴
ି

(𝑃଴଴
ି + 𝑅୫୭ୢ)

𝑃ଵ଴
ି

(𝑃଴଴
ି + 𝑅୫୭ୢ)⎦

⎥
⎥
⎥
⎤

=
1

𝑆
൤
𝑃଴଴

ି

𝑃ଵ଴
ି ൨. 

 

(48) 

 (Barreto et al., 2020, p. 83).  

The Kalman filter update step 

Each of the modalities were updated sequentially in the following order: RIAV, RIFV and 

RIIV. The KF update step is performed after the new measurements are available, the final 

RR estimate is obtained after the RIIV modality measurement update. The KF state update 

process is given by: 

𝐱ො ← 𝐱ොି[𝑘] + 𝐊୫୭ୢ[𝑘]𝜈୫୭ୢ[𝑘], (49) 

  and the covariance update is given by: 

𝐏 ← (𝐈 − 𝐊୫୭ୢ[𝑘]𝐇)𝐏ି[𝑘], (50) 

 where I denote identity matrix (Barreto et al., 2020, p. 84 - 85). 

The innovation variance for RIIV was tracked recursively after the RIAV and RIFV updates 

by using the exponential moving average (Hunter, 2014): 

𝜈̂ୖ୍୍୚
ଶ [𝑘] = (1 − 𝛼)𝜈̂ୖ୍୍୚

ଶ [𝑘 − 1] + 𝛼൫𝑧ୖ୍୍୚[𝑘] − 𝑓መୖ ୖ[𝑘]൯
ଶ

, (51) 

 where the forgetting factor α = 0.125. Then the measurement noise covariance RRIIV was 

scaled using innovation variance: 

                          𝑅ୖ୍୍୚,ୣ୤୤ = min ቀ𝑅୫ୟ୶, 𝑅ୖ୍୍୚ ∙ max ቀ1,
ఔෝ౎౅౅౒

మ

ௌ౎౅౅౒
ቁቁ, (52) 
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where RRIIV,eff is the effective measurement noise covariance for RIIV and Rmax = 400 

BRPM2, min and max denote the minimum and maximum operations.  

According to Kalman theory E[ν2] = S, but during testing with the MARSH dataset, it was 

observed that the RIIV derived respiration estimate was sometimes far from the estimates 

obtained from the RIAV, RIFV and the impedance pneumography reference measurement. 

This was not captured by the RQIs, since the RIIV waveform had similar shape like a true 

respiration waveform. This phenomenon was not observed on the RIAV and RIFV 

waveforms. It was concluded that RIIV occasionally tracks some other physiological 

phenomena, which could arise e.g., from Mayer waves. Mayer waves are reported to occur 

on low frequencies between 0.05 – 0.15 Hz, overlapping with the plausible respiration 

frequency band (Attarpour et al., 2021). The phenomenon is illustrated in Figure 23.  
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Figure 23. A 32 s window of respiration waveforms of RIIV (blue), RIAV (orange) and 

RIFV (purple) in spectral domain (top) and in time domain (middle). The Mayer wave 

frequency band is illustrated with grey background on the spectral domain figure. The 

respiration estimates of each modality and the Kalman filter RR estimate are illustrated in 

bottom figure. Raw PPG data to generate the figure was obtained from the MARSH dataset 

(Pirhonen and Vehkaoja, 2020). 

In Figure 23, the RIIV waveform resembles a respiration waveform, but it is in lower 

frequency than the RIAV and RIFV waveforms. The RIIV estimates are downweighed by 

the algorithm, which modifies the measurement noise covariance of the Kalman filter for 

each modality based on their individual RQI score, and by innovation monitoring tailored 

especially for the RIIV modality. When RIIV estimate strongly disagrees with the estimate 
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that is already updated with RIAV and RIFV, and the RQIs of the RIIV indicates clean 

respiration waveform, (52) downweighs the RIIV estimate from the final Kalman filter fused 

estimate effectively. 
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4  Results 

This work consists of the PPG device hardware and the respiration rate algorithm. It is hard 

to compare the algorithm performance based only on data acquired with the HW, because 

the same data has not been evaluated by work of others. Therefore, a standalone windows 

program version of the algorithm C++ code was built. The standalone program works exactly 

like the embedded software (SW), except it can be run on a computer using raw PPG data 

from a .csv file, instead of acquiring data using the PPG sensor in real time. The algorithm 

performance with HW was evaluated by acquiring data from a healthy volunteer subject 

using clinical impedance pneumography respiration rate sensor as a reference. 

4.1  Algorithm evaluation using open-source data 

An open-source dataset know as Berth Israel Deaconess Medical Centre (BIDMC) dataset 

was used to evaluate the algorithm. The MARSH dataset was used during algorithm 

development, because it provides unfiltered PPG signals suitable for filter and algorithm 

design, and a large range of respiration values. The BIDMC dataset was used for the 

algorithm evaluation to assess the algorithm on an independent benchmark dataset, reducing 

the risk of dataset-specific bias. 

Numerous PPG based RR algorithms can be found in the academia, but for fair comparison 

the algorithm performance was evaluated against other conventional methods that attempt 

to estimate the respiration rate over a similar respiration waveform window size (32 s). E.g., 

deep learning and artificial intelligence models were omitted from the comparison, the 

algorithm proposed on this thesis can be implemented to a relatively cheap real time 

embedded device, requires low computational cost and memory without prior learning from 

the dataset. 

4.1.1  Algorithm evaluation dataset 

The BIDMC dataset contains PPG and impedance pneumogram respiration signals acquired 

from patients in the intensive care unit at Berth Israel Deaconess Medical Centre, Boston, 
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USA. The evaluation was The dataset’s intended use is to be able to evaluate RR algorithm’s 

performance with real-world critical care environment data (Pimentel et al., 2017). The 

dataset is randomly selected subset of a larger data from Physionet’s MIMIC II Waveform 

Database (Goldberger et al., 2000).  

The dataset contains 53 8-minute recordings from different subjects. The PPG sampling rate 

was 125 Hz in the dataset, whereas the algorithm was designed at FsPPG = 128 Hz; thus, the 

offline algorithm was configured for the different sampling rate (i.e., sampling rate 

parameter was updated, and PPG band-pass filters coefficients were re-calculated). The 

BIDMC dataset contains respiration rate estimate once per second, while the proposed 

algorithm estimates RR once per four seconds, therefore the BIDMC reference RR data was 

down sampled to same sampling rate. The first 32 s of data from each subject were omitted 

from the results, because the Kalman filter gives the first RR estimate only when the full 

respiration waveform windows are available. The reference RR data was given as integer, 

while the algorithm accuracy is one decimal, thus the results were rounded to nearest integer. 

The data was acquired from adult patients between age 19 - 90+, 32 patients were females 

and 21 males. The key statistical features of the respiratory rate in BIDMC dataset are given 

in Table 1.  

Table 1. Respiratory rate statistical features of the BIDMC dataset. All units are in BRPM 

(Iqbal et al., 2022). 

Number of subjects 51 validated (2 outliers removed, subjects 13 and 33) 

Mean 17.63 

Median 17.89 

Standard Deviation 2.62 

Variance 6.86 

Minimum 10.47 

Maximum 24.67 

 

The exact details of the measurement setup were not found, but the PPG data was reported 

to be acquired with a clinical pulse oximeter. Pulse oximeters often measure PPG from finger 
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or ear in transmission mode using red and IR wavelengths. The PPG data was simply labelled 

as “PLETH”, thus the used wavelength was unknown. The algorithm proposed in this thesis 

can be technically used with any PPG setup, although it was designed using reflective mode 

green and IR wavelengths HW.  

Following the same procedure as Iqbal et al., (2022), two patients were excluded from the 

study (for patient 13 RR reference values were missing and for patient 33 PPG data was too 

distorted to extract any meaningful information).  

4.1.2  Evaluation metrics 

Mean absolute error (MAE) was used to compare the algorithm performance against the 

work of others, it is consistently reported in papers that compare different algorithms. MAE 

is the average error between the reference RR value and the algorithms RR estimate. RMSE 

is a square root of the mean of the square of estimation error, indicating the standard 

deviation of the estimation error. MAE is a good intuitive metric to describe the absolute 

accuracy of the measurements, while RMSE is more sensitive to outliers.  

Bland-Altman plots were analyzed, which is a good method to estimate bias error and how 

well the measurements agree with the reference. The Bland-Altman method plots the average 

of the two methods in comparison to x-axis and the difference of the methods on the y-axis. 

The average differences and the upper and lower limits of agreement (LoA) are presented as 

horizontal lines. The LoA are calculated as the mean ±1.96 times the standard deviation, 

which means that roughly 95 % of the errors fall within those limits. This method has been 

often used in the algorithm evaluation papers, e.g. (Charlton et al., 2016). The  United States 

Food and Drug Administration (FDA) requires repeated measurements to lie within ±3 

standard deviations range to be classified as a Class II medical device (Iqbal et al., 2022). 

4.1.3  Comparison with published works 

The algorithm performance was compared to eight other algorithms in terms of MAE in 

Table 2. Many algorithms reject poor RR estimate windows based on various criteria, thus 

the portion of windows with RR estimate is reported. The methods of Nilsson et al., (2000), 

Fleming and Tarassenko, (2007), Karlen et al., (2013) and  Shelley (2016) has been referred 
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to as “representative of the state-of-the-art or as being key studies considered as benchmark 

investigations” (Pimentel et al., 2017). Other studies were searched from the Scopus 

database to represents more recent work. Zhang et al., (2025) reported their results with three 

different frame rejection thresholds, thus they were all included in the comparison. The real-

time applicability in terms of computational cost of the compared algorithms was not 

assessed. Details of each algorithm in comparison can be found in the references. 

Table 2. Comparison of the thesis algorithm RR estimates vs. published work: MAE is 

presented as median and inter-quartile range (25th – 75th percentiles). All results are reported 

using the BIDMC dataset. 

Algorithm (respiration waveform 

window size = 32 s) 

MAE (BRPM) Portion of windows 

with RR estimate (%) 

Nilsson et al., (2000) * 5.40 (3.4 – 9.2) 94 % 

Fleming and Tarassenko, (2007) * 5.20 (2.6 – 7.7) 94 % 

Karlen et al., (2013) * 5.80 (1.9 – 9.2) 35 % 

Shelley (2016) * 3.5 (1.5 – 9.4) 94 % 

Pimentel et al., (2017) * 4.00 (1.8 – 6.1) 94 % 

Birrenkott et al., (2018) ** 2.8 (1.9 – 5.4) 74 % 

Iqbal et al., (2022) 4.00 (not found) (not found) 

Zhang et al., (2025)  2.0 (0.8 – 4.7) 

1.4 (0.7 – 4.0) 

0.8 (0.5 – 3.5) 

100 % 

86 % 

70 % 

This work 

N = 5915 RR estimates analyzed 

2.0 (1.5 – 3.4)  100 % 

* Results obtained from (Pimentel et al., 2017). 

** Results obtained from (Zhang et al., 2025). 

The results presented in Table 2 indicate, that the proposed algorithm achieves comparable 

accuracy to previously published studies using similar techniques. The proposed algorithm 
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achieved the lowest MAE at the 75th percentile (3.4 BRPM) among the compared methods, 

suggesting improved robustness to noisy data while maintaining a respiratory rate estimate 

for 100% of the analysis windows. At the median, the proposed algorithm achieved MAE of 

2.0, which is comparable to results of Zhang et al., (2025) (MAE = 2.0 BRPM at 100 % 

frame retention) and better than the remaining compared algorithms. Zhang et al., (2025) 

achieved better MAE when the frame rejection rate was increased (MAE = 1.4 BRPM at 86 

% frame retention and MAE = 0.8 BRPM at 70 % frame retention). 

4.1.4  Algorithm performance evaluation on the BIDMC dataset 

The per-quartile RR estimates of the algorithm compared to the reference RR measurements 

are presented in Figure 24.  

 

Figure 24. Per-subject RR estimates compared to the reference RR estimates, grouped by 

MAE quartiles. 

The results in Figure 24 indicate that there might be an optimal range where the algorithm 

provides reliable estimates roughly between 15 to 27 BRPM, where most of the 25th 

percentile measurement lie. Almost all RR estimates are observed higher than the reference 

in a range from roughly 7 to 14 BRPM in the 75th percentile, while RR values above 20 

BRPM are estimated lower than the reference. The algorithm performance close to the 

extremes of the design measurement range (4 to 40 BRPM) was hard to evaluate based on 

the results, due to absence of such values in the BIDMC dataset.  
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The Bland-Altman plot of the estimate-reference pairs on the whole BIDMC dataset is 

presented in Figure 25. 

 

Figure 25. Bland-Altman plot of the estimate-reference pairs (N = 5915 estimate-refence 

pairs).   

Figure 25 shows a bias of 0.03 BRPM that is negligible. The 95 % (mean ± 1.96 standard 

deviations) LoA ranges from 7.02 BRPM to ‒6.92 BRPM.  Most outliers from the LoA lie 

close to the mean RR of the BIDMC dataset (17.63 BRPM), but they are quite evenly spread 

around zero, indicating no systematic bias. Low respiration rates around 11 BRPM indicate 

positive bias between the estimate and the reference.    

Figure 26 illustrates per subject MAE and RMSE of the RR estimates from the BIDMC 

dataset.  
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Figure 26. MAE and RMSE per subject of the BIDMC dataset (subjects 13 and 33 excluded). 

The black dashed line is the mean MAE and the orange dashed line is the mean RMSE 

respectively.   

Few outliers can be observed in Figure 26: MAE and RMSE of subjects 2, 5, 14, 19 and 43 

are clearly above the mean values. The RR estimates of the best (subject 42), median (subject 

47) and worst (subject 19) in terms of MAE are compared in Figure 27. 
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Figure 27. RR estimates of the best (left), median (middle) and worst (right) subjects from 

the BIDMC dataset in terms of MAE.  From top to bottom: the Kalman fusion RR estimates 

and RR estimates of individual modalities RIIV, RIAV and RIFV. 

When analyzing Figure 27, it is observed that the mean reference RR for the worst, median 

and best subjects were 17.31 BRPM, 22.12 BRPM and 12.88 BRPM respectively. The 

Kalman fused MAE for each subject in respective order are 0.51 BRPM, 2.00 BRPM and 

7.97 BRPM. By looking at Figure 27 middle (median MAE), a small negative bias compared 

to the reference can be observed for RIIV and RIAV modalities. Stronger positive bias can 

be observed in the Figure 27 right (worst MAE) for the RIAV and RIFV modalities, which 

are also pulling the Kalman estimate towards the bias. The results indicate that RIIV 

modality may be more accurate to track lower RR better than RIAV and RIFV, whereas 

RIFV may be more accurate to track high RR. The per modality Bland-Altman plots are 

shown in Figure 28 to estimate the modality dependent bias. 
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Figure 28. Bland-Altman plots per modality, BIDMC dataset N = 5915 reference-estimate 

pairs. 

In Figure 28, RIIV modality shows negative bias of ‒1.33 BRPM, and the 95 % LoA of ‒

8.00 to 5.34 BRPM, while RIFV shows positive bias of 1.21 BRPM and LoA between ‒9.18 

to 11.61 BRPM. RIAV is the most unbiased modality, with bias of ‒0.20 BRPM and LoA 

between ‒8.83 to 8.43 BRPM. 

The MAE and RMSE of each induvial respiration estimate from the different modalities 

(RIIV, RIAV and RIFV) were calculated to assess how well the Kalman fusion method can 

weigh the individual estimates. The results are presented in Table 3. 
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Table 3. Comparison of the Kalman filter RR estimates and the RR estimates of individual 

modalities. MAE and RMSE presented as median and inter-quartile range (25th – 75th 

percentiles). 51 subjects were compared from BIDMC dataset. 

 MAE (BRPM)  Subjects with 

lowest MAE, 

n (%) 

RMSE (BRPM)  Subjects with 

lowest RMSE, n 

(%) 

Fused RR 

estimate 

2.0 (1.5 – 3.4) 24  

(47.06 %) 

2.7 (2.1 – 4.1) 26 

(50.98 %) 

RIIV RR 

estimate 

2.4 (1.6 – 2.9) 19  

(37.25 %) 

3.1 (2.3 – 3.7) 17 

(33.33 %) 

RIAV RR 

estimate 

3.2 (2.3 – 4.1) 3  

(5.88 %) 

3.7 (2.9 – 4.9) 3 

(5.88 %) 

RIFV RR 

estimate 

3.6 (3.0 – 5.0) 5  

(9.80 %) 

4.4 (3.8 – 6.0) 5 

(9.80 %) 

 

The results in Table 3 show that the Kalman filter fusion method produces better results than 

the RR estimates derived from any of the individual modalities in all comparison metrics, 

indicating that the proposed Kalman fusion method increases the overall estimation 

accuracy. The Kalman fusion was able to essentially cancel the bias error of individual 

modalities and was more accurate than any of the individual modalities with 47 % of the 

subjects in terms of MAE, and with 51 % in terms of RMSE. RIIV modality performed the 

best out of the individual modalities, it yielded mean MAE of 2.4 BRPM and was the most 

accurate modality with 37 % subjects in terms of MAE and with 33 % in terms of RMSE.  

4.2  Algorithm evaluation in real time 

The algorithm performance was evaluated with the hardware by measuring the respiration 

rate with the PPG device simultaneously with a clinical impedance pneumography 

respiration rate sensor. The measurements were taken from one healthy volunteer subject 
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following a test protocol that included spontaneous breathing and metronome guided 

breathing. The evaluation metrics discussed in Chapter 4.1.2 were used to assess the 

performance of online measurements.  

4.2.1  The test protocol 

The test protocol was developed to assess the device’s performance when the subject is 

breathing spontaneously and following a metronome to capture a larger range of BRPM. The 

measurements were taken in an office environment from the right arm of the subject while 

the subject was sitting. A wire was soldered to the PPG devices MCU’s debug serial port to 

acquire data, as the wireless data transfer to hub was left out of the thesis scope because of 

the MCU memory constraints. The measurement setup is illustrated in Figure 29. 

 

Figure 29. The PPG device was secured to the right arm of the test subject using a strap. 

Data was acquired from the PPG devices debug UART port with a computer. The reference 

sensor is attached to beneath the shirt of the test subject (not visible in the figure).  

All calculations were done by the PPG device in real time, and the data was sent through 

serial port to a computer, where COM port terminal logger program (PuTTY ver. 0.84) was 

used to capture the data. GE HealthCare’s Portrait Mobile wearable respiration rate sensor 

was used as a reference sensor (GE HealthCare, 2024).  

Prior to starting the breathing protocol, the PPG signal level was acquired and assessed 

empirically. Especially the IR PPG quality is prone to the absence or presence of larger 

arteries beneath the sensor. The breathing protocol is illustrated Figure 30. 
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Figure 30. Breathing protocol. Blue sections represent spontaneous breathing, and orange 

section represents metronome guided breathing.  

The breathing protocol started with two minutes of spontaneous breathing, followed by 

metronome guided breathing in the range of 10 to 30 BRPM. Finally, the subject was asked 

to breathe spontaneously again for a minute. The breathing protocol was designed to capture 

wide range of BRPM, three minutes of 15 BRPM metronome guided steady breathing, as 

well as spontaneous breathing. 

4.2.2  Results from the real time measurement 

The reference device provides one RR estimate per second; therefore, the reference results 

were down sampled to match the sampling frequency with the PPG device (one RR estimate 

per four seconds). The PPG sensors RR estimates were rounded to nearest integer to have 

the same accuracy as the reference sensor.  

The MAE, RMSE and bias of the Kalman fused and individual modalities RR estimates are 

presented in Table 4. 
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Table 4. MAE, RMSE and bias of the online measurements, compared to the reference. 

Number of RR estimates was N = 224. 

 MAE (BRPM) RMSE (BRPM) Bias 

Kalman fused 2.49 3.11 -0.68 

RIIV 8.06 9.87 -7.93 

RIAV 2.11 2.71 0.95 

RIFV 4.93 6.30 -0.38 

 

The RIAV estimate was the most accurate RR estimate in terms MAE and RMSE. The RIFV 

was the least biased estimate (‒0.38), the fused estimates bias of ‒0.68 can be considered 

very small.  RIIV modality had the worst results in all compared statistics, indicating a large 

negative bias (‒7.93 BRPM) and estimation error (MAE = 8.06 BRPM and RMSE = 9.87 

BRPM). The results of RIIV modality estimate accuracy were in line with the worst RIIV 

results of the BIDMC dataset (subject 14 RIIV: MAE = 7.64 and RMSE = 8.61). The Kalman 

fused, RIAV and RIFV modality estimation error are in line with the offline evaluation 

results, given the much smaller sample size (N = 224) in comparison to the offline 

measurement sample size (N = 5915), and that the transients in BRPM of the breathing 

protocol is harder to estimate than spontaneous breathing, which remained fairly steady with 

most subjects in the BIDMC dataset.  

The PPG sensors RR estimate is compared to the reference sensors RR estimate in Figure 

31. 
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Figure 31. The PPG sensor RR estimates compared to the reference sensor. 

In Figure 31, a positive bias can be observed at RR < 11 BRPM and negative bias with RR 

> 25 BRPM. The largest error (‒9 BRPM) is at reference RR = 25 BRPM. The reference 

sensors mean RR was 16.74 BRPM and the Kalman fused mean RR was 16.06 BRPM. The 

Kalman fused and individual modality RR estimates are compared to the reference device 

RR estimates over time in Figure 32. 
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Figure 32. RR estimates of the Kalman fusion (top) and individual modalities RIIV, RIAV 

and RIFV. Grey markers are reference device measurements.  
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The fused estimate can be observed to follow the reference well although it never reaches 

the highest value of 30 BRPM designed in the breathing protocol. A large negative bias can 

be observed in RIIV modality. The per-modality RQIs are presented in Figure 33. 

 

Figure 33. Respiration quality indicators (RQI) of the individual modalities: RIIV, RIAV 

and RIFV. Dashed lines represent the mean RQI (unitless). 

The RIAV modality had the best mean RQI (0.577), followed by RIIV (0.490) and RIFV 

(0.422). The results indicate that RQIs can identify more trustworthy modality between the 

RIAV and RIFV modalities, but with RIIV modality the RQIs are not always able to 

distinguish respiration with other PPG waveform variations that could arise e.g. from the 
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Mayer waves. However, by looking at Figure 32, it can be observed that the Kalman filter 

innovation tracking down-weights the RIIV modality when it disagrees with the RR 

estimates of other modalities.  

A representative figure of the respiration waveforms per modality is illustrated in Figure 34. 

The waveforms are plotted from the section of the breathing protocol, where the metronome 

was set to 15 BRPM for three minutes.  

 

Figure 34. Respiration waveforms per modality: RIIV, RIAV and RIFV. 
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In Figure 34, the RIIV modality appears to be tracking non-respiration-induced low 

frequency variation, while RIAV shows relatively clean respiration waveform. The RIFV 

modality respiration waveform looks overall distorted. 

The Bland-Altman plot of the fused estimate is presented in Figure 35 and the per-modality 

in Figure 36. 

 

Figure 35. Bland-Altman plot of the fused estimate-reference pairs. 
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Figure 36. Bland-Altman plot of the estimate-reference pairs per modality: RIIV, RIAV and 

RIFV. 

The 95 % LoA for fused estimates were between ‒6.65 to 5.29 BRPM, for RIIV ‒19.48 to 

3.62 BRPM, for RIAV ‒4.03 to 5.93 BRPM and for RIFV ‒12.72 to 11.96 BRPM.  

Overall, the respiration signal quality of the test subject can be considered poor. For 

reference, RR estimate measurement results, RQI index and representative 32 s window of 

respiration waveforms measured from another subject are shown in Figure 37. The PPG was 

measured from the right arm of the subject, and the subject was asked to follow a metronome 

to breath steady at 12 BRPM for three minutes, followed by spontaneous breathing. The 

reference respiration sensor was not used in the measurement.   
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Figure 37. From top to bottom: RR estimates, respiration quality index, and respiration 

waveforms of the RIIV, RIAV and RIFV modalities. Number of RR estimates was N = 62.  

Respiration waveforms are displayed between the section illustrated with grey dashed lines. 
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In the measurement presented in Figure 37, the mean RQI score per modality was 0.508 for 

RIIV, 0.681 for RIAV and 0.764 for RIFV. It can be observed that the RR estimates agree 

with each other much better than in the measurements illustrated in Figure 32. The Kalman 

estimate can be observed to track RR close to 12 BRPM between 0 to 180 s (the metronome 

guided breathing section). The per-modality respiration waveforms can be observed to track 

the same variation, although the RIIV modality appears to have missed breath peak between 

85 to 90 s. The results indicate that the measurement accuracy can vary greatly between 

subjects.  
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5  Conclusions 

In this thesis, the objective was to integrate a PPG sensor HW developed by third-party 

company into GE HealthCare’s wireless patient monitoring system, and to develop a real 

time algorithm, that estimates respiration rate from the PPG waveform. A dedicated circuit 

board was designed and fabricated to acquire PPG data using the third-party sensor and to 

run the respiration rate algorithm in real time wearable prototype device. The respiration rate 

was estimated simultaneously from three different respiration-induced variations: intensity 

variation (RIIV), amplitude variation (RIAV) and frequency variation (RIFV). The 

respiration estimates were fused into a final estimate using Kalman filtering, where the 

measurement noise covariance was modified recursively based on the quality indicators 

derived from each of the respiration-induced variations. A RIIV modality specific Kalman 

innovation tracking was implemented to downweigh the modality when it was tracking a 

low frequency non-respiratory-induced variation. The algorithm performance was evaluated 

by using open-source data and by measuring healthy volunteer subjects in real time.  

The algorithm performed well in comparison with other published work. Zhang et al., (2025) 

obtained better MAE (at the cost of higher frame rejection rate), but the limitation of their 

work is that they only estimate RR from the RIIV, and it is unclear if RIIV modality alone 

is sufficient to measure respiration rate with different populations and ranges of respiration 

rate. Testing the algorithm in real time with the PPG hardware showed comparable results 

to the results obtained using open-source data, thus it was acknowledged that the sample size 

was not sufficient to draw any statistically significant conclusions. The results showed that 

RR estimates derived from the individual respiration induced variations (RIIV, RIAV and 

RIFV) performed fairly well in terms of measurement error when compared to published 

works, indicating that the PPG and respiration waveform peak detection algorithm has been 

well implemented and tuned. The Kalman filtering based fusion method was shown to 

improve the RR estimation accuracy in comparison to any of the individual modalities. The 

Kalman filter was able to weight the most trustworthy RR estimates effectively, which is 

important given that the presence and absence of each of the variations is subject specific 

and cannot be known a priori. 
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It was surprising that RIIV had the best performance out of the individual modalities when 

the algorithm performance was tested with the BIDMC dataset. While developing the 

algorithm with the MARSH dataset, RIIV was almost constantly the worst modality, while 

RIFV seemed superior to the others. One explanation could be related to the sampling rate: 

the MARSH dataset had a PPG sampling rate of 500 Hz, which reduces the inter-beat-

interval quantization effect in comparison to the 125 Hz used in the BIDCM dataset and 128 

Hz used in the real time algorithm respectively. Another cause could be the demographics 

of the subjects: MARSH dataset was collected from healthy young adult subjects, while the 

BIDCM data is collected from critically ill patients with higher age. The respiratory sinus 

arrhythmia leading to RIFV of the PPG waveform has been reported to diminish with age 

(Charlton et al., 2016). Thirdly, the measurement site can affect the presence or absence of 

the each individual respiration induced variations (Nilsson et al., 2007). 

More importantly, as the BIDMC PPG data is acquired from a clinical device that already 

filters the raw PPG waveform, thus the algorithms PPG band-pass filters had little effect on 

the results. In pulse oximeter setup, the high-pass cutoff frequency is likely much higher 

than the one used in this thesis, especially for the RIIV modality. The consequence is that 

RIIV modality is likely not able to track very low respiration rates, but on the other hand 

low-frequency non-respiratory-induced frequencies are filtered out from the waveform, 

increasing accuracy on higher respiration rates. When the algorithm was evaluated in real 

time with HW using a reference impedance pneumography, the RIIV modality performance 

was poor. It was concluded that the RIIV modality tracks a low frequency non-respiratory-

induced variation, that was speculated to be caused by Mayer waves. The Kalman filter 

innovation tracking successfully outweighed the RIIV modality from the final RR estimate. 

By the best knowledge of the thesis author, this appears to be novel contribution to PPG 

based respiration rate estimation algorithms. 

5.1  Limitations 

It should be noted that the PPG AFE settings should be adjusted automatically by the 

application software, so that the AFE would adapt to different environments (namely 

ambient light conditions) and to different subjects. However, automatic control was left out 

of the scope of this thesis, and the manual adjustment was considered sufficient to test the 
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RR algorithm in real time with the PPG device HW. The real time measurement results 

suffered partly from poor PPG quality, which could be improved with automatic AFE 

control.  

The initial goal was to be able to send the respiration data wirelessly to the GE HealthCare’s 

wireless patient monitor, but because of the MCU’s memory constraints, wireless data 

transfer was left out of the thesis scope. However, the wireless connection in HW perspective 

was tested to be working with another test software, and it is possible to refactor the 

respiration rate software to add the wireless capability in the future. The data was acquired 

using a serial port cable instead of wireless data transfer, but this has no impact on the PPG 

device’s measurement performance or results.  

One important aspect of respiration measurement devices is the capability to detect apnea 

i.e. temporary cessation of beathing. Such events were not considered in algorithm design, 

and it is not able to detect them.   

5.2  Future work 

The Kalman fusion measurement noise was based on the signal quality assessment of the 

PPG fiducials and the respiration waveforms. The Kalman fusion was shown to provide 

better results than any of the individual respiration waveform modalities by testing with the 

BIDMC dataset. However, to improve the Kalman RR estimation accuracy further, the effect 

of the RQI’s in respect to the RR estimation accuracy of the individual modalities should be 

quantified, so that the Kalman filter’s measurement noise covariance modified by the RQI 

score truly reflects the measurement noise of the modality.  

The evaluation results with the BIDMC dataset showed that the RIIV modality has much 

greater potential to track RR accurately, if the high-pass cutoff frequency is set higher than 

proposed in this thesis. The limitation of higher high-pass cut-off frequency is that then very 

low respiration rates could not be estimated from the RIIV waveform. The RIIV waveform 

could be split into two waveforms using different band-pass cutoff frequencies: one that 

tracks high respiration rate (e.g. > 10 BRPM) and another that tracks low respiration rate 

(e.g. < 10 BRPM). Then the existing Kalman framework could be used to determine which 

one to fuse into the final RR estimate: if the RR estimate is > 10 BRPM prior to RIIV 
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measurement update, then the estimate is updated using the high RR RIIV waveform, and 

when estimate prior the update is < 10 BRPM, the low RR RIIV estimate could be fused.  

The results showed that each of the modalities may have optimal range where they can 

measure RR accurately. The ranges should be quantified for each modality in terms of 

expected measurement error, and the results could be used to modify the Kalman filter 

measurement noise covariance recursively.  

Green LED wavelength was used to acquire the PPG waveforms for RIAV and RIFV 

modalities and IR wavelength LED was used to acquire PPG waveform for the RIIV 

modality. The wavelength selection was based on certain assumptions, and more study is 

needed are these truly optimal wavelengths to be used for each of the modalities in reflective 

mode PPG setup. Especially the IR wavelength is known to be sensitive for motion artifacts, 

and even if it is optimal for deriving the underlying physiological phenomenon behind RIIV, 

the green wavelengths resistance to motion artifacts could outweigh the benefits of using IR.  

The results showed very different accuracy for the RIFV modality to what was expected 

based on the development with the MARSH dataset. As discussed, the MARSH dataset used 

PPG sampling rate of 500 Hz as opposed to 125 Hz and 128 Hz that was used in the results. 

More work is required to determine a sufficient sampling rate, especially for the RIFV 

modality. Higher sampling rate leads to higher power consumption, which is an important 

factor to consider in wearable devices.  

More study is required to determine what is the optimal measurement site for PPG based 

respiration rate derivation. When choosing the measurement site, also practical reasons must 

be considered, e.g. is there already another sensor that is typically used in the same location, 

comfort of the patient, etc.  

The PPG peak detection algorithm needs further study to be tested with a wide range of heart 

rate and with different populations. The PPG waveform shape is known to variate greatly 

between subjects. 
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