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Abstract

Firefighting is a stressful and physically demanding job, and it can have fatal conse-
quences on the firefighter if the stress (psychological and/or physiological) is not well
managed. A review of modern firefighting personal protective equipment shows that
electronics already helps in many tactical and safety aspects: it improves communi-
cation, perception and coordination. However, vital signs are generally not monitored
by these systems. Heart rate, respiration, hydration, body temperature and body
movements are all variables that can be monitored to assess the firefighter’s level of
exhaustion, evaluate their fitness or detect injuries and cardiovascular diseases. For
each variable, many sensing techniques tried in the scientific literature are reviewed in
this work, although some are not fit for the application. A special focus on heart rate
was chosen because it’s highly correlated with stress and easy to sense. Photoplethys-
mography (PPG) was chosen to sense the heart rate because it’s simple, cheap and
non invasive. A study on the accuracy of open-source heart-rate-tracking algorithms
based on PPG is then conducted using two datasets of recorded signals and reference
heart rate data. Open-source algorithms perform well in the absence of noise caused by
motion, but do not perform sufficiently well when this noise is too dominant. An approach
that uses accelerometer data was tested and yielded better results, although not suffi-
cient. More advanced signal processing techniques are therefore required. Finally, a
proof-of-concept prototype was successfully built using a PPG sensor evaluation kit.
The software was modified to be more robust, although some improvements are to be
made. Other aspects, such as power consumption, battery technology and integration
into firefighting equipment, also have to be addressed.
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Introduction

Firefighting is a risky and physically demanding job that inherently places firefighters
in unpredictable and dangerous environments. Studies have shown that such scenarios
cause significant physiological, physical and psychological stress, which can impair
both the physical and cognitive performance of the firefighter on duty [1], [2], [3].
Moreover, firefighters tend to be unaware of the levels of stress they experience
during their work [2]. The frequency of these high-stress and high-exertion periods
make them the leading cause of injury or death in this profession in the USA: 54% of
fatalities (29 fatalities) among firefighters in 2019 in the USA were due to overexertion,
stress and medical issues, a majority of which were related to heart conditions [4].
Cardiac problems, especially coronary heart disease, tend to be a recurring problem
in firefighting [5] because they are caused in the long term by shift work, exposure to
smoke, noise, psychological stress, physical workload, heat and dehydration, among
other causes [6]. However, a slow decline of the number of yearly fatalities in American
firefighters, along with a stable increase of their workforce, indicates that the problem
is being resolved [4], [7]. This is in part because the issue has been known for a while,
thus professionals and voluntaries alike now have to pass medical checks before being
hired and regularly follow specialised fitness programs, along with other measures to
improve overall safety [4].

In Belgium, firefighter injuries and deaths are much less numerous, mainly because
of the smaller number of habitants in the country. On May 30th 2025, 40-year-old Bel-
gian firefighter Maxime Coessens died doing a reconnaissance task when intervening
on a fire at the prison in Lantin. According to local news, he and his team were trapped
by a locked door in a confined room where the temperature rose and caused them
severe burns. This is known as an “oven effect”. The three other members of the recon-
naissance team were hospitalised, but thankfully survived the accident [8]. In 2022,
it was the death of 49-year-old Jean-François Spelmans that shocked the community
of Belgian firefighters [9]. The sergeant-major died from his wounds after a fire at a
construction site in Brussels made an escalator collapse on him [10]. These were the
only firefighter fatalities on duty in Belgium since over a decade [11]. According to
internal statistics of the Walloon Brabant Fire Department, Belgium counts 27 firefighter
deaths during service (i.e., during standby or during an intervention) over the last 30
years, with the latest one being caused by a heart attack in 2025. Interventions also tend
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(a) PSS® AirBoss Agile, to be worn by the
firefighter.

(b) FireGround, to be operated by the team
supervisor.

Figure 1: Example of modern equipment with connectivity from Dräger [12].

to be less likely to cause non lethal injuries: between 2020 and 2022, Belgium counted
only 2 injuries for every 1000 fires, compared to 45 in the USA during the same period
[11].

Studying and monitoring the stress experienced by firefighters during interventions
can be useful to make recommendations regarding fitness standards and mandatory
medical evaluations [1]. In addition, this information on the firefighter’s condition can aid
in the team’s decision-making during the intervention. Valuable information for decision-
making can also be gathered about the environment or the equipment in real time,
which motivates the need for multi-sensor systems [13]. Modern firefighting equipment
is already able to sense some information on the wearer’s surroundings, well-being
and equipment condition, relay it to the firefighter, and even communicate it wirelessly
over long ranges to a supervisor. For example, the combination of Dräger’s FireGround
and PSS® AirBoss, shown in Figure 1, makes it possible to remotely monitor the air
reserves of the self-contained breathing apparatus (SCBA) of each individual. Super-
visors can then plan in advance when to recall a firefighter with depleting air reserves.
In addition, an emergency situation can be signalled by the press of a button on the
PSS® AirBoss, or detected via the absence of movement for some time [12]. However,
this latter feature tends to be used when the situation is already critical, when the
firefighter is in great danger. In the past, some firefighters have lost their lives due to
the rest of the team being made aware of the situation too late [14]. Some vital signs
such as the heart rate, breathing rate and others are relatively simple to sense and
are correlated to the firefighter’s level of stress [1]. Therefore, some of these situations
can be managed earlier during the intervention by monitoring these vital signs, so
that the worst consequences can be avoided. This has yet to be implemented into the
existing firefighting systems, which is the purpose of this work. Some attempts have
already been made in academia, such as the VitalJacket® of Rodrigues et al. [2], or
the prototype of Nascimento et al. [15]. In fact, the field of wearable health/fitness
sensors (for outdoor activities or continuous health monitoring) has already resolved
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many aspects of sensing vital signs during physical activities. However, some practical
aspects regarding the specific case of firefighting have to be addressed, e.g., the
reliability of the results, the robustness of the wireless connection, the ergonomics, etc.

For this master’s thesis, I collaborated with Captain Bertrand Lorent of the Walloon
Brabant Fire Department and with the personnel at UCLouvain to prototype a wearable
sensor system that could be integrated into a firefighter’s personal protective equipment
(PPE) and used during an intervention. Worn on the wrist, this device derives the
firefighter’s heart rate using photoplethysmography (PPG). It is then able to communi-
cate this result wirelessly to another device using a Bluetooth® Low Energy connection.

The aim of this device is to be a proof of concept, i.e. to serve as a starting point
for future development of a system capable of sensing several vital signals during a
firefighter’s intervention, extract valuable information from them, and communicate its
results to already existing equipment with longer-range communication capabilities.
It offers an opportunity to tackle some of the challenges proposed by this particular
application.

First, Chapter 1 gives an overview of the firefighting PPE, and of the modern variants
that provide monitoring and connectivity. From this, the variables that can be monitored
in the scope of a master’s thesis such as this one are identified and assessed in terms
of relevance and practical feasibility, with the help of scientific data and the experience
of Captain Lorent.

Next, focusing on heart rate, the principle of PPG is explained in Chapter 2. Different
signal processing algorithms are also shown in detail, with which heart rate can be
estimated using the extracted PPG signal. These algorithms originate from both scien-
tific literature and open-source software. Their accuracy is evaluated and compared
thanks to open-access datasets of PPG sample recordings paired with their ground-
truth heart rate value.

Finally, the designed wearable heart rate sensor prototype is presented and charac-
terised in Chapter 3. The choices made when selecting its hardware are explained. The
behaviour of the software and the signal processing is also detailed. The prototype is
then tested in terms of functionality. Suggested improvements are given throughout the
chapter.

This work has been done entirely done without the use of generative AI.
The files that have been used for this work are available on https://github.
com/MartinBrans/PPG-Heart-Rate-Tracking and https://github.com/MartinBrans/MAX
30101WING-Heart-Rate.
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Chapter 1
Identification of Variables to Monitor

This chapter aims to overview the many tools and equipment used for firefighting
(and search and rescue), and to identify what technologies (in the field of electronics,
in the case of this work) could be considered to improve firefighter safety and efficiency.
First, the most common equipment is presented to contextualise how the firefighter
is protected against the most present dangers, typically fire, heat and smoke. Then,
some modern variants and additions are presented and their features are explained,
with a strong focus on electronics. This shows what is already possible to do, and what
could be improved or added. Finally, a set of variables to monitor is established with the
help of scientific literature and the experience of firefighters. Each variable is evaluated
qualitatively, both in terms of relevance and feasibility. Different measuring techniques
are presented and compared qualitatively to assess the latter.

1.1. Basic protective equipment for firefighting

In order to intervene safely on the site of the emergency, firefighters throughout the
world employ PPE that consists of a fireproof suit, a helmet and an SCBA. This has
been the most common set of equipment in use for decades, although the design of
each piece has evolved greatly since.

First, the fireproof suit, such as the one represented in Figure 2, consists of a jacket,
trousers, gloves and boots. Together, they offer insulation from the high temperature
environment, so that the firefighter avoids burns from radiant heat, flames, hot surfaces,
steam or others. They accomplish this by delaying the rise in temperature inside the
suit as much as possible. For this purpose, different layers of fire-resistant fibres are
combined to have a high heat capacity, mechanical strength and thermal stability, and
a low thermal conductivity. These fibres must also allow the transfer of sweat to the
outside, since the firefighter’s physical efforts generate a lot of heat that must be dissi-
pated via sweat. These suits must follow quality standards that depend on the region
of use [16], [17].

Next, the helmet protects the firefighter’s head from collisions with, e.g., falling objects
or building structures. In some cases, it serves as an attachment point for the face mask
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Figure 2: Jacket and trousers of a firefighter suit by Sioen Firefighter Clothing [17].

of the SCBA, or other equipment (a flashlight, for example). The firefighter’s head is
protected from the heat by a fireproof hood. The helmet can also hold a piece of fireproof
cloth hanging from the back to further protect the neck. Examples are shown in Figure 3.

Finally, the SCBA allows the user to breathe clean air for about half an hour in
environments with a low oxygen concentration and/or toxic substances (typically carbon
monoxide and other incomplete combustion products). This system consists of an air
tank, a pressure regulator, a pressure gauge, a lung demand valve and a face mask.
An example is shown in Figure 4. The air tank is filled with regular air (not pure oxygen)
at a pressure of a couple hundreds of bars and is worn on the back using backpack
straps. The pressure regulator, beneath the tank, reduces the intake pressure of the
system to a couple bars. Then, the valve, attached to the front of the face mask, feeds
the clean air to the firefighter when they inhale, using a spring-loaded mechanism. The
mask is pressed on the user’s face, either using springs or straps that are attached to

(a) Fire hood PartX™ by
Viking [18].

(b) Gallet F1 XF helmet by
MSA with an SCBA face

mask attached [19].

(c) Gallet F1 XF helmet by
MSA with neck protection

[19].
Figure 3: Head protections for firefighting.
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Figure 4: Dräger’s PSS® AirBoss SCBA [12].

the helmet (see Figure 3(b)), or with straps that go around the back of the head under
the helmet (see Figure  4). This creates a sealing between the user’s face and the
environment. The valve’s mechanical system lets air pass when the pressure inside the
mask decreases, i.e. when the user’s lungs pull air in. Most of the time, the SCBAs used
in firefighting are an open circuit. In that case, when the user breathes out, air leaks
between the mask and the user’s skin due to the excessive pressure. This is why the
sealing created by the mask must be carefully designed: the outside air must not get in
the mask when the user breathes in, but the stronger the sealing is, the more difficult
it is for the user to exhale. SCBAs thus do not provide a perfect isolation of the air
outside from the air the user breathes [13]. Alternatively, the user can press on a panic
button to lock it in a position where air flows in (and out) continuously. This is because
breathing with an SCBA demands a small but constant effort [1], so it is good to be
able to breathe without restrain using this feature. However, the panic button consumes
air at a much faster rate, so it should only be used when necessary, e.g., in case of
exhaustion or panic. Lastly, the pressure gauge allows the user to monitor the pressure
inside the tank, and thus the time remaining before a refill is necessary. Naturally, the
duration mainly depends on the number of carried air bottles (usually one, sometimes
two), their volume and initial pressure and the consumption of the user.

1.2. Capabilities of modern firefighting equipment

Electronics have already been integrated to commercially sold firefighter PPE and
tools in many ways and are now increasingly present to assist in sensing, monitoring
and communicating. In 2015, the USA’s NIST reported on many potential improvements
to firefighter PPE to be made in the near future in order to achieve “smart” firefighting
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[13]. The following section aims to give a few examples of existing so-called “smart”
PPE and tools, but these do not form an exhaustive list of possibilities, as many new
products are on the horizon.

Voice telecommunication using radios is now very common in firefighting, just like
in many other applications (the police, the industry, the military, etc.). Indeed, such a
feature is very useful for many tactical reasons [13]. Both Dräger’s and MSA’s latest face
mask have been designed to easily integrate a microphone and a speaker for that pur-
pose. This add-on can then be connected to the radio with a cable [20], [21]. An example
is given in Figure 5. Furthermore, communication between disciplines, i.e. between fire
departments, emergency medical services, police departments, dispatching services,
etc., has been studied to become more efficient. This has implied the installation of new
infrastructure and equipment for first responders to coordinate themselves, such as
ASTRID’s telecommunication services for first responders in Belgium. Since 1998, this
state-owned company is responsible for developing and operating a network dedicated
to communications between emergency services, offering voice telecommunication
and text messaging via specialised radios and pagers. Their current focus is now on
renovating the network with a wider band to allow for the larger data flows of IoT
applications, using 4G/5G technologies [22].

In addition, excessive noise is an issue that has been overlooked for some time:
some studies have concluded that firefighters are a population particularly at risk of
suffering from noise-induced hearing loss [23], although others have found that the
average exposure is below the recommended levels for common firefighting tasks [24].
The common sources of exposure are sirens, water pumps, saws, alarms, engines and
radios. The simple solution to this problem when it arises is to wear adequate auditive
protection when possible (e.g., outside of search and rescue tasks), but this protection
tends to be underutilised. The causes of this behaviour are multiple, but they include
the fact that communication and situational awareness are prioritised over hearing
protection [25]. In that case, firefighters can opt for protective headsets equipped with
wireless communication capabilities, such as the FHW507 headset from Firecom [26].

Figure 5: MSA’s C1 communication module for the G1 mask [21].
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Dräger’s PSS® AirBoss SCBA and its accessories have been briefly presented in
the Introduction. Its features are very similar to MSA’s M1 SCBA, hence why they are
compared hereafter [12], [27]. The primary purpose of the device worn on the shoulder
is to serve as a personal-alert safety system (PASS): it is meant to alert the other
members of the team when it detects that their user might need help. PASSes usually
achieve this by detecting the absence of movement for an extended period of time
(e.g., 30 seconds) via tilt and/or acceleration sensors, by reacting to the press of an
emergency button, or even in some designs by detecting excessive temperature. They
then emit bright lights and loud sounds to help the teammates locate the firefighter in
need of help. However, they are sometimes insufficient to prevent firefighter death or
injury because they are used when the situation has already become an emergency
[14]. The M1′s free fall detection feature aims to tackle a part of this problem by
immediately detecting the dangerous free fall with a 1.5m threshold. Indeed, trips and
falls represent a great risk in firefighting, so their automatic detection is of interest [14].

Air tank pressure is shown on the PSS® AirBoss/M1 control module, and the
remaining duration of the breathable air supply is computed using this measurement.
The module’s battery (and additional electronics) is placed on the backplate, between
the air tank and the back of the firefighter, and its charge is monitored as well.

These devices are then able to wirelessly communicate the information they gather
to an entry management system, such as the Dräger FireGround or the MSA FireGrid.
The entry management system collects the data sent by all the connected equipment
on site, stores it on a cloud storage and streams it in real time to a central device (a
tablet, such as in Figure 1(b), or a PC). A supervisor can then monitor their team in real
time during interventions, and analyse the stored data afterwards, e.g., for performance
assessments. Evacuation orders can be transmitted via the same wireless connection
in case of immediate danger (e.g., risk of explosion, flashover, etc.) [28]. Both these
systems use the LTE/LTE-M cellular network to connect the devices together. Repeaters
can be deployed and extend the range of communication between devices, such as the
MSA HUB [27]. The PSS® AirBoss is also equipped with Bluetooth and RFID interfaces
for transferring recorded data [12].

Another technology that has integrated the firefighter’s toolkit is thermal imagery.
Depending on the conditions of the emergency, the visibility on the site can be extremely
low, most often because of smoke accumulating in poorly ventilated areas [13].
According to Captain Lorent, one can sometimes not even see their hand if they hold it
in front of them because of the smoke and lack of lighting. Thermal imaging cameras
aim to help in these cases where search and rescue operations are very difficult and
dangerous. They often come in the form of handheld devices, such as those shown in
Figure 6 [29], [30]. However, some recent models now include the display directly in the
SCBA’s face mask, such that the firefighter can see the feed in a corner of their field of
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(a) Dräger UCF® FireVista [29]. (b) MSA LUNAR [30].
Figure 6: Examples of handheld thermal imaging cameras.

view. This is the case of the Dräger UCF® FireCore, shown in Figure 7 [31]. Additionally,
some cameras feature edge detection to make the monochromatic output more intelli-
gible, such as the MSA LUNAR (Figure 6 (b)). Qwake has recently been developing
C-THRU, a system that uses thermal imagery, artificial intelligence for edge detection,
an augmented reality heads-up display, footage streaming for monitoring and footage
recording for post-event analyses, among other features. Early tests showed significant
improvement in the firefighters’ ability to pass test scenarios. Although fire departments
can sign up for a demonstration, this technology has yet to be turned into an industri-
alised product [32].

Lastly, knowing the exact position in 3D space of each firefighter is a very valuable
information: if a critical problem were to happen to one of them, this information can
drastically reduce the time lost rescuing the firefighter. It is also very useful for tactical
decisions. At first, one might think about using satellite localisation. However, satellite
coverage is not guaranteed, especially in buildings and underground infrastructure, and
its accuracy is limited [13]. The MSA LUNAR’s approach is to use relative positioning, in

Figure 7: Dräger UCF® FireCore thermal imaging camera and heads-up display [31].
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the sense that it can show in which direction the other LUNAR devices are and approx-
imately how far, although this information is not (yet) used to derive a more global robust
positioning system [30]. The system developed by Chong et al. [33] is an example
of how the global position of the firefighters can be derived by making them wear a
device with a few sensors, without needing base stations. They achieve this using
self-positioning information from regular sensors (an inertial sensor, a magnetometer,
a barometer and a satellite positioning module) and mutual ranging with an ultra-
wide-band radio sensor on each device. They found that this cooperative localisation
performs better than with only the self-positioning sensors. Another approach is to bring
reference emitters on site, and make the devices derive their position from the signals
they receive. This is the approach of POINTER, developed in the USA by NASA’s Jet
Propulsion Laboratory and the DHS’s Science and Technology Directorate. POINTER
works based on a magnetoquasistatic field generated by a base emitter brought on site.
The low-frequency magnetic field passes through most construction materials, unlike
radiofrequency waves that can be blocked or reflected by them. The devices worn by
the firefighters can then use this field to track their position in 3D throughout a building
[34]. Neither of these two systems have yet been commercialised.

1.3. Identification of relevant variables

Now that a clear picture has been drawn on what features are found in commercial
firefighter equipment, different variables can be identified as interesting to add to these
features. Overall, vital signs are usually not part of the monitored features on connected
PPE. As explained before, a modern PASS can detect some emergency situations, but
not all, or sometimes too late. This is one of the reasons why this work is interested in
vital signs monitoring, as explained in the Introduction.

Table  1 summarises all the variables that were considered thanks to a scientific
literature review. The main articles driving the search were the review of vital signs
monitoring for firefighters by Taborri et al. [1] and the NIST’s research roadmap for
smart firefighting [13]. The relevance of each potential feature is evaluated and justified
using scientific literature and the experience of Captain Lorent. This is summarised in
the table as well. At this stage, practical feasibility is not considered.

In this table, multiple vital signs are highly correlated with stress (be it psychological
or physiological, or both), which makes them relevant. This is the case of heart rate
(HR), breathing rate (BR) and body temperature, so there should be opportunity for
redundancy, i.e. for an analysis that is robust to sensor noise. Hydration is also impor-
tant to monitor, since its mismanagement can affect the firefighter in many ways. Some
variables, such as heart beat patterns and VO2, can be analysed after the intervention
to evaluate the firefighter’s fitness and create individual fitness training programs, or
recommend specific medical evaluations, for example [1]. In addition, the data collected
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Objective Variables Relevance Justification
Heart rate (HR) High Correlated with

psychophysiological stress [2].
Irregular heart
beats

Medium Early signs of long-term cardiac
diseases [35].

Breathing rate
(BR)

High Correlated with physiological
stress [1], [36], [37].

O2 volume
consumption
(VO2)

Medium Limited by SCBA [36], good fitness
metric [1].

Body temperature High Affects HR, hydration and
performance [1].

Vital signs:
Assessing the
condition of the
firefighter to
manage their
stress and
exhaustion and
evaluate their
fitness.

Hydration High Affects temperature, HR and
performance [3], [38], [39].

Injury:
Detecting signs of
physical injury.

Trips and falls High Very common and dangerous [14].

O2 concentration Medium Backdraft prevention [13], but they
are preventable with training.

CO concentration Low Toxic [13], but always present.
Combustible
gases

High Detection of risks of explosion.

Toxic substances Low Commonly encountered toxic
particles [13], but preventable with
an SCBA.

Environment:
Obtaining
information on the
environment that
is relevant for
tactical decisions.

Ambient
temperature

Medium Detection of flashovers [13],
recognisable with training.

Table 1: General objectives, considered variables and their evaluated relevance.

overall could then be used for academic studies and surveys, to better understand
the causes and impacts of stress on firefighters and adapt the intervention methods
and training programs accordingly [2].

Moreover, when checking the activity of the firefighter, it would be interesting to
detect trips and falls early instead of detecting their consequences. Indeed, they are a
very common source of firefighter injuries, because of the poor visibility and unstable
building structures.

Regarding environmental variables, the presence of flammable gases can present a
risk of explosion. This has many implications on the tactics employed by the team, so
measuring their presence and their concentration (to detect explosive air-fuel mixtures)
is relevant. For the other gases, the opinions of the NIST’s report and of Captain Lorent
differ. On one hand, regarding carbon monoxide and other toxic gases, it is argued that
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their presence in the ambient air is inevitable, that SCBAs tackle this problem quite
efficiently (and their condition is regularly checked), and that the remaining exposure
should be no reason not to uphold the mission. The potential loss of life and property
damage for the victims is simply a far worse consequence. Additionally, if the exact
concentration needs to be known, emergency medical services often are able to provide
equipment for that purpose. Still, the implementation of toxic substance sensors inside
the SCBA could be interesting for studying the firefighter’s exposure to these chemicals
in the context of occupational health surveys. On the other hand, regarding oxygen
concentration, the NIST’s report states that monitoring it could help detect the condi-
tions for a backdraft. A backdraft (or backdraught) occurs when the interior of a closed
room has undergone partial combustion, but the combustion has slowed down because
of a lack of oxygen. In these conditions, the room is very warm and full of flammable
gases (because of pyrolysis), meaning the combustion only needs oxygen to go back to
full strength. Then, if a door or a window to the exterior is opened, oxygen rushes in and
flames violently blast out [40]. An oxygen concentration sensor could in theory warn the
firefighter that they are in an oxygen-depleted room, so that they know windows and
doors to the outside should remain closed. However, firefighters are already trained to
recognise these cases and handle them, thus this feature is of lesser importance than
at first glance. In a similar fashion, monitoring the ambient temperature could be of
interest to predict flashovers. A flashover occurs when the materials in the environment
are self-igniting because of the high temperature, creating a positive feedback loop
and a sudden increase in temperature. This is because of pyrolysis, i.e. the creation of
flammable gases due to high temperature. Additionally, the radiative heat from the hot
smoke trapped by the ceiling feeds back to the fire, which reinforces the chain reaction.
The fire can then very rapidly spread to other rooms. This effect happens under specific
conditions that have been studied for a long time, and ambient temperature is a good
way of predicting its appearance [41]. However, similarly to backdrafts, firefighters are
trained to recognise when a flashover will occur, so measuring the ambient temperature
is less relevant, although not completely irrelevant.

1.4. Measuring techniques and practical feasibility

Current technology offers different techniques to monitor the selected variables, with
some that are better suited than others in the context of firefighting. Among the variables
listed in the previous section, heart beat analysis (HR and heart beat patterns) and
respiration analysis (BR and VO2) stand out in terms of practical feasibility in the context
of this work. The others (body temperature, hydration, trips, falls and environment
variables) have not been developed further in this work than the following summary for
reasons explained hereafter.

15



Regarding the body temperature, the most direct technique is to measure the core
body temperature. However, no non invasive practical techniques are known to mea-
sure this variable in the context of this work: either a probe is required to go inside the
body, e.g., in the rectum or the oesophagus, or a telemetry pill has to be swallowed well
in advance of the incident and recovered afterwards. Therefore, outside of academic
studies using training scenarios, it is best to measure the skin temperature instead, and
derive thermoregulatory strain from it [1]. In academia, skin temperature was measured
on firefighters using different wearable sensor types: thermistors [42], infrared sensors
[43] and on-chip sensors [44], [45]. These sensors are generally found on the market
from basic blocks to advanced systems, including in commercial health-monitoring
products. Integrating these solutions to firefighter PPE is left for other projects, due to
a lack of time.

Regarding the hydration, bioimpedance analysis could potentially be used. A bioim-
pedance measurement is done by driving an AC voltage difference on two electrodes
placed on the chest, and sensing the resulting current to derive the electrical impedance
of the chest. Measuring the bioimpedance at different frequencies and over time gives
useful information on the composition of the body, including hydration. However, there
are still a few challenges to be solved to make reliable analyses from the measurements
[46]. In addition, this technique suffers from practicality issues due to the use of
electrodes. These electrodes can be covered with an electrolytic gel to increase their
conductivity and make them sticky, but it makes them uncomfortable and too slow to
put on (while response time is key in firefighting). If no gel is used, the electrodes are
said to be dry, their impedance is much higher, and any slight movement relative to
the skin causes a lot of noise. The relative movements can be mitigated thanks to the
latest advancements in smart textile technology: the dry electrodes can be integrated
into a flexible garment, and the electrodes are then capacitively coupled to the skin.
Such a technique has been used in many studies for electrocardiography measure-
ments (which uses the same type of electrodes) [2], [47], [48], and is becoming a
commercially available solution for researchers and engineers. Shen et al. [49] have
presented an example of electrodes in a fabric used for bioimpedance measurements,
although respiration is the focus of their work, and not hydration. The alternative to
bioimpedance measurements is an electrochemical sensor measuring the concentra-
tion of electrolytes in the sweat, which reflects the level of hydration of the user (high
concentration means low hydration). These have recently received significant improve-
ments, but challenges also remain in terms of reliability and power consumption [50].
A few commercial products exist for fitness and worker safety applications, including in
the form of an arm band instead of uncomfortable skin patches that have to be replaced.
In any case, the work to be done on the reliability of hydration monitoring is out of the
scope of this work.
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Regarding trips and falls, researchers have developed different approaches based
on a combination of readily available sensors such as inertial sensors, barometers and
magnetometers. Chai et al. [14] used a neural network for the processing of the data
from an array of inertial sensors, while other studies have used a conditional approach,
using thresholds for posture recognition and impact detection [51], [52]. On the market,
simpler solutions can be found, such as the M1 SCBA’s free fall detection feature
presented before, also using inertial sensors [27]. The rest of commercially available
solutions are designed for the elderly and patients with slow movement, which makes
them unsuitable for the application [52]. The research to be done is also outside the
scope of this work.

Finally, regarding the analysis of the environment, gas sensors and temperature
sensors that can resist the environment of firefighting are easily found on the market
of industrial safety equipment as portable devices, or as basic blocks from electronic
component providers. Nascimento et al. [15] gave an example of how gas sensors can
be integrated to firefighter PPE, although the system was not tested in real conditions
and is not protected enough against the environment. The integration of these sensors
into existing systems such as those seen in Section  1.2. is left to the firefighting
equipment designers.

The remaining variables can be grouped into two categories: heart beats and respi-
ration. For each category, a few measuring techniques are described and compared in
terms of availability, integration and performance in their respective subsections. As a
disclaimer, the actual performance of a system will highly depend on the subsequent
design choices when developing the system, and not only on the chosen technique.
This means that the qualitative comparisons presented here are not an absolute truth.

1.4.1. Heart beats

Table 2 summarises the comparison between three popular techniques for sensing
heart beats:

• Photoplethysmography (PPG): measuring the changes in reflectivity of the skin due
to blood and oxygen concentration variations with an LED and a photodetector.

• Electrocardiography (ECG): sensing the electric pulses of the heart using electrodes,
either with or without electrolytic gel.

• Seismocardiography (SCG): recording the body-surface vibrations induced by the
heart beat using micro-electro-mechanical systems. Also known as ballistocardiog-
raphy.

Each of these techniques can be used to derive HR, as well as other variables if the
signal is clean enough (because they are typically based on the patterns in the pulses).
The summary table compares the different techniques on several aspects: availability of
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AvailabilityTechnique Integration Noise
Hardware Software

PPG 🟩 🟩 🟩 🔶

ECG w/ gel 🟩 🟩 🔴 🟩

ECG w/o gel 🔶 🟩 🟩 🔶

SCG 🔶 🔴 🟩 🔴

Table 2: Comparison of wearable technologies for sensing heart beats on different aspects.

the hardware on the market (with cost taken into account), availability of the software on
open-source software platforms or in academic papers, integration to firefighter PPE,
and sensitivity to noise. A green square (🟩) means the technique is quite good on the
corresponding aspect, an orange diamond (🔶) means there are some hurdles that can
be overcome, and a red circle (🔴) means there are major flaws that discourage the use
of this technology in the context of this work.

PPG stands out because it is non invasive, cheap, popular and easily integrated
into the PPE, even though it can be sensitive to crossover noise (typically artefacts
caused by motion) [53]. The other techniques are more difficult to adapt to the context
of this work. For ECG, the same problem observed for bioimpedance measurements
appears again. Using gel on the electrodes makes ECG the gold standard in terms
of accuracy in medical applications, but it makes them uncomfortable and too slow to
put on. Dry electrodes can be integrated into a smart textile, but these materials are
more expensive to obtain and develop, and the resulting signal can still be disturbed by
motion artefacts [47]. In spite of this, studies have shown that ECG without gel can be
used for HR monitoring in the context of physical activities [49], and even in firefighting
[2]. Finally, SCG is a rather niche technique, and is inherently less suitable for physical
activities (including firefighting) [54]. The inertial sensors can be integrated into textiles,
similarly to electrodes. However, open-source signal processing software is harder to
come by, and even more so for physical activities. This technique has rather been used
in continuous health monitoring applications [55], [56], [57], or in non invasive medical
diagnostics (often in conjunction with ECG) [58]. Some efforts are being made to make
SCG signal analysis more robust to motion artefacts [54], but overall this technique is
too complex to be employed in firefighting.

1.4.2. Respiration

Table  3 summarises the comparison between different techniques for analysing
respiration:

• Bioimpedance analysis: observing the changes in impedance of the chest using
electrodes, by driving an AC voltage and sensing the resulting current.
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• Chest movement: measuring the displacement of the thorax with a sensor. The sensor
can be a deformable antenna, an RFID/NFC sensor, a strain sensor (capacitive,
resistive, piezoelectric, …), an inertial sensor, etc. (see [37]).

• ECG/PPG/SCG: using PPG, ECG or SCG signals, BR can be computed because
of its influence on the signal’s baseline (low-frequency component) and on the
frequency and amplitude of heart beats (see [59]).

• Modified SCBAs: the SCBA’s lung demand valve can be modified to not only sense
breaths, but also air volume consumption and VO2.

The same criteria and colour code as Table 2 are used for this table as well.

First, bioimpedance has the advantage of having a linear relationship with chest
volume [60], but its measurement suffers from the same tradeoff between integration
and noise sensitivity (and cost) that was discussed before. Shen et al. [49] have used
this technique combined with ECG and SCG to derive BR, using sensor fusion. Other
articles detail how to derive BR from bioimpedance measurements [61], [62]. Second,
several types of sensors based on chest movements have been reviewed by Hussain
et al. [37]. They come in a variety of forms, but they generally rely on the use of smart
textiles or chest straps, and many are sensitive to the motion of the body. Third, deriving
BR from ECG/PPG/SCG signals greatly reduces the cost of sensing both respiration
and heart beats. The signal has to be clean enough for that matter, but many articles
have shown how it can be done [49], [59], [63]. The performance reported in the table
is that of PPG, since it was identified as the best technique in Section 1.4.1. Finally,
SCBAs provide a unique opportunity to easily sense BR and air volume exchange,
especially thanks to the lung demand valve and the pressure sensor. Some studies
have also added a metabolic device (the Cosmed K4b2) to measure VO2 [64], [65].
The technique seems to be easy to develop, although it hasn’t been tried many times
in academia. Due to a lack of time, however, none of these techniques will be further
studied in this work.

AvailabilityTechnique Integration Noise
Hardware Software

Bioimpedance 🔶 🟩 🟩 🔶

Chest movement 🔶 🟩 🟩 🔶

ECG/PPG/SCG 🟩 🟩 🟩 🔶

Modified SCBA 🟩 🟩 🟩 🟩

Table 3: Comparison of wearable technologies for sensing respiration on different aspects.
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1.5. Final selection and chapter conclusion

In summary, the possibilities for monitoring firefighter vital signs are numerous.
Examples of complex systems presenting multiple health-monitoring features can be
found in academia, including, but not exclusively, in the context of firefighting. Indeed,
the field of fitness and health monitoring is developing many solutions that can be
directly applied to firefighting. It also means many commercial products are already
available. This is because any equipment placed underneath the suit will be as
protected as the firefighter themselves, so the constraints on physical robustness are
not much higher than in the context of sports and fitness. Researchers and engineers
can therefore profit from advancements in both fields.

HR is the variable chosen to be studied in the rest of this work because of its high
correlation with psychophysiological stress. Other variables were identified as interest-
ing to add to multi-sensor firefighter PPE (especially respiration), but they are left for
future work on this topic due to a lack of time. A lot more research has yet to be done for
some of the technologies that were reviewed in order to improve their reliability, namely
hydration monitoring and the detection of trips and falls (outside of monitoring elderly
populations). Most measuring techniques were tested during basic physical activities
(typically, running on a treadmill), but they still have to be tested in firefighting conditions.

PPG is the technique chosen to measure HR in this work because it is simple,
non invasive and easily integrable to firefighter PPE. BR and other valuable metrics in
occupational health can be also extracted from the PPG signal. In addition, it is rather
cheap and readily available in many forms, from basic blocks and modular systems to
fully developed products. It can be quite noisy because of external influences, especially
motion artefacts, but the research on the topic is abundant, so there are ways to make
it reliable. ECG is an interesting alternative, but it is more expensive and complex. The
rest of this work thus attempts to find and test an open-source algorithm to embed into
a sensor for a robust real-time processing of the raw PPG signal.
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Chapter 2
Study on PPG-based Heart Rate Algorithms

Photoplethysmography (PPG) is defined as the detection of blood volume changes
in the microvascular bed of the skin based on optical properties of the human body
composition under a specific wavelength [66]. An illustration of this technique is shown
in Figure 8. In a nutshell, a device emits light of a specific wavelength (usually green)
and intensity on the skin, and some of the light scatters, reflects or gets absorbed by
blood and tissue. The device then records the intensity of the light exiting the skin using
a photodetector. When the heart beats, the amount of blood in the exposed skin varies
slightly, which influences the intensity of the light sensed on the receiving end of the
device. These intensity variations are seen as pulses on the recorded signal, which can
be analysed to derive HR, BR, and more. In Figure 8(a), this scheme is done on the
fingertip, but it can also be done on the earlobe or the wrist. In the following chapter,
the latter will be the location used, with a reflectance configuration. This is because
it can then be integrated into a bracelet, making the device compact, easy to design
and comfortable to wear. The practical aspects will be further discussed in the following
chapter.

In this chapter, different algorithms that extract the HR from the PPG signal are
studied. First, various algorithms are explained and placed in three different categories.

(a) Placement of the light-emitting diode (LED)
and photodetector (PD) on the fingertip for

transmission and reflectance mode.

(b) Variation in light attenuation by tissue.

Figure 8: Illustration of the concept of PPG [67].
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Then, the datasets that are used to compare their accuracy are presented. Finally,
several comparisons in terms of accuracy are made to test different hypotheses. Since
the application implies a lot of movement from the user, the robustness to motion
artefacts receives a strong focus. Indeed, the movement of the device on the user’s
skin can cause changes in the different components of the signal, which is a form of
crossover noise.

2.1. Presentation of open-source algorithms

The sources of the algorithms were mostly found on GitHub using keywords related
to PPG and HR. Five sources have been found, from which a few other variants have
been created to test different hypotheses. They have been sorted in three categories:
spectrum-based, peak-based and threshold-based. The advanced signal processing
techniques used in the scientific literature on this topic are briefly mentioned.

2.1.1. Spectrum-based algorithms

This category is based on the frequency spectra of the available signals, i.e. their
discrete Fourier transform (FFT). The proposed Python HR algorithm was found in a
GitHub repository from the IEEE Signal Processing Cup of 2020 [68]. An illustration is
shown in Figure 9.

The PPG signal is first zero-padded to 4 times its length, and its spectrum magnitude
is obtained using NumPy’s rfft function. The zero-padding serves to have more
samples of the spectrum that are closer to each other (although the resolution is not
improved). The peaks in the spectrum are then identified using SciPy’s find_peaks
function. In the absence of motion artefacts, the frequency of the highest peak is
converted in beats per minute (BPM) and the result is the predicted HR value. If there

Figure 9: Application of the “FFT Peaks” algorithm on an example. The three highest peaks
in the PPG spectrum are rejected because they are too close to peaks in the acceleration

spectrum.
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is motion, the accelerometer data is used to try to sort out which peaks are caused
by motion artefacts. This is done by taking the magnitude of the acceleration vector
thanks to the three accelerometer channels (one per axis), and locating the peaks in
its frequency spectrum (using the same zero-padding and rfft). If the frequency of
the highest peak in the PPG spectrum (or its two neighbouring frequencies) is also
related to a significant peak in the acceleration spectrum, then it is considered a motion
artefact, and the operation is repeated for the next-highest peak. This method aims to
cancel periodic motion artefacts, e.g., those caused by arm movements when running.
A variant was derived where the acceleration signal is ignored, to test whether taking it
into account is beneficial for accuracy.

2.1.2. Peak-based algorithms

This category of algorithms is based on detecting peaks in the signal, i.e. times
where the signal rises and falls quickly, creating a peak well above most of the signal.
Assuming each peak corresponds to a heart beat, HR can be computed from the list of
peak locations. This is the technique used by BIOBSS [69], a Python library for signal
processing and feature extraction on biological signals. It can process ECG and PPG
signals and extract features from them such as HR, HR variability metrics, BR and
many more. BIOBSS also handles electrodermal activity and 3D acceleration signals,
but there is no direct way to use the latter to remove motion artefacts from a PPG signal
with this library alone.

Various methods exist to detect peaks in a PPG (or ECG) signal. BIOBSS’ default
method for peak detection is to run through the whole signal while switching between
two modes: either looking for a local maximum, or for a local minimum. Figure  10
illustrates how the algorithm looks for a local maximum:

(1): A variable MX starts as the previous local minimum value.
(2): MX is updated to the signal’s value when it goes higher than MX.
(3): If the signal goes lower than MX by a significant margin, the peak is found: the

signal was increasing and is now decreasing. The mode is now switched to local
minimum detection.

The local minimum detection mode works the opposite way, i.e. by looking for when
the signal goes sufficiently above a decreasing value MN, that started at the latest MX
value. The margin used to switch modes, delta, is to be defined by the user based on
the amplitude of the signal. Alternatively, BIOBSS can detect beats by searching in the
signal for rising edges. This is done by performing peak detection on the signal’s first
derivative, which is estimated using NumPy’s gradient function. This feature will also
be tested.
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Figure 10: Illustration of BIOBSS’ peak detection algorithm.

SciPy’s find_peaks function is another popular method for peak detection on ECG
and PPG signals. It works by listing every sample that is greater than its two neigh-
bouring samples (ignoring the signal’s edges). The user can then specify required peak
properties to filter out the irrelevant peaks: minimum/maximum height and/or width,
minimum horizontal distance between peaks, minimum/maximum prominence, etc.
The parameters that are used in the experiments are minimum height and minimum
horizontal distance. The former is fine-tuned to give the best accuracy, while the latter is
set to space out the peaks by 0.3 seconds or more (which corresponds to a maximum
HR of 200 BPM).

Finally, the MAX30101WING, the PPG sensor evaluation board used in the prototype
of Chapter 3, comes with an open-source example code that is also based on peak
detection [70]. It does so by looking for consecutive samples that are increasing. The
peak is located at the first sample that is lower than the previous one, if the chain of
increasing samples is long enough.

2.1.3. Threshold-based algorithms

This category of algorithms is based on beat/peak detection using thresholds. The
first algorithm originates from two open-source learning projects by Tsai that use the
MAX30102 PPG sensor and the MAX86150 ECG/PPG sensor respectively [71], [72]. It
works by detecting when the signal passes through two thresholds, which is illustrated
in Figure 11:

(1): Passing below the lower threshold for the first time triggers a beatStarted flag that
activates the upper threshold.

(2): Passing above the upper threshold with the beatStarted flag raised triggers a
beatComplete flag.

24



(3): Passing below the lower threshold again with the beatComplete flag raised marks
the end of the beat, the length of which is the time difference between steps (1)
and (3). The beatComplete flag is reset.

The beatStarted flag is important for the first beat only, after which it stays raised. At
the beginning of the run, if the signal passes above the upper threshold then below the
lower threshold (see (!) in Figure 11), completing a beat, there is no way of knowing
when the beat started. It could have started at any time before the first sample. There-
fore, the first beat has to be inside the window from its beginning to its end, otherwise it
won’t count. The two thresholds are defined using the maximum and minimum values
of the signal.

The two thresholds of Tsai’s algorithm, although adapted to the signal’s amplitude
using the extrema, are set quite arbitrarily. In contrast, the HeartPy Python library has a
method of adapting its single threshold to find the best fit, using a moving average and
a hyper-parameter. Its method is based on peak detection, where consecutive samples
above the threshold are considered part of a peak, and the peak is located using
the maximum value of the continuous segment above the threshold. The threshold is
calculated by adding a percentage of the mean of the signal to the moving average.
Several percentage values (the hyper-parameter) are tried in order to find the one that
minimises the variance of the time difference between peak locations. An illustration is
given in Figure 12. HeartPy is also capable of post-processing these peaks to remove
outliers that are oddly spaced out compared to the others. Further details and features
are explained in the associated articles by van Gent et al. [73], [74].

Figure 11: Illustration of the two thresholds algorithm by Tsai.
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Figure 12: Illustration of the HeartPy peak detection algorithm [74]. The segment of the signal in
red is above the variable threshold (smoother black line), and the corresponding peak is located

at its maximum value (II.) The light grey lines represent the different thresholds tested.

2.1.4. Converting peaks and beats to heart rate

Once the peaks (or beats) are located, there are different approaches to compute
HR. For example, HeartPy and BIOBSS convert the mean time between peaks in BPM,
while Tsai’s and the MAX30101WING example code use the mean of the HR values
computed beat-to-beat. To test whether this has an impact on accuracy, four variants
have been created where peaks are found using SciPy’s find_peaks function with the
same parameters (height and distance, which were manually tuned to minimise the
mean absolute error on both datasets), and the HR value in BPM is computed in four
different ways:

1. HR is the number of peaks divided by the length of the window in minutes.

2. HR is the inverse of the mean interval in minutes between two consecutive peaks
(HeartPy, BIOBSS).

3. HR is the mean of the HR values computed using consecutive peaks (Tsai’s,
MAX30101WING).

4. HR is the median of the HR values computed using consecutive peaks.

5. HR is the inverse of the mean interval in minutes between two consecutive peaks,
after removing the intervals with an absolute Z-score above 2.

The fourth and fifth approach are designed to be more robust to misidentified peaks
that would significantly influence the mean performed in the second and third cases.
Note that the reference HR in both datasets is computed using the second approach
(applied to the ECG signal), so the experiment will be biased towards it in theory. Still,
the impact of this choice is interesting to measure.
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2.1.5. Algorithms from the scientific literature

A lot of advanced techniques exist in the scientific literature to process PPG signals
in a robust manner. Ismail et al. [75] reviewed some of the best examples of PPG signal
processing techniques in terms of robustness against motion artefacts, which is of
great interest for this work. They decomposed the algorithms in two steps: the removal
of motion artefacts and the HR tracking. They then categorised several approaches
for each step. The motion artefact removal can be made with adaptive filtering, signal
decomposition, or other techniques. The HR tracking is based either on signal decom-
position, signal subspaces, signal processing or machine learning. Among the reviewed
algorithms is the one developed by Zhang et al. [76], the creators of the TROIKA
dataset. It uses signal decomposition, sparse signal reconstruction and spectral peak
tracking. Unfortunately, the implementation of this algorithm is not open-source, nor are
those of most of the algorithms reviewed by Ismail et al.. Implementing them using the
details in the articles would take too much time, but their accuracy is known, so they can
still be compared to the other algorithms in this chapter. Finally, Temko [77] developed
an open-source algorithm in MATLAB. It hasn’t been re-implemented in Python for this
work due to a lack of time, but its performance on the TROIKA dataset are detailed in
the associated article.

2.2. Datasets

In order to evaluate the accuracy of the studied algorithms, two publicly available
datasets are used:

• The first is a subset of the CapnoBase IEEE TBME Respiratory Rate Benchmark [78],
[79], a dataset for respiratory rate estimation from PPG signals. This dataset contains
recordings of high-quality PPG and ECG signals that were sampled at 300 samples
per second, as well as reference HR data. The ground truth HR ranges between
50 and 150 BPM. Signal peaks caused by heart beats and motion artefacts were
manually annotated by experts for both channels, and the ECG channel is used to
derive the reference HR. This dataset serves to confirm the correct behaviour of the
algorithms in ideal conditions (when crossover noise is negligible), and to select the
algorithm that generates the least absolute error on average. The recordings overall
contain very few motion artefacts, and some don’t contain any at all. Out of the 42
recordings of 8 minutes available in the online database (5.6h in total), 15 recordings
(2h) were used for this work, which were selected because they had no reported
motion artefacts on the PPG channel. This is to guarantee that they had no influence
on the reported accuracy. 13 additional recordings (1.7h) with a few artefacts have
also been downloaded for a separate experiment.

• The second dataset is the TROIKA dataset, designed for the benchmarking of algo-
rithms on PPG signals with a lot of motion artefacts [76]. It contains recordings of
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a wrist-worn device with a PPG sensor and a 3-axis accelerometer. Reference HR
values, ranging from 65 to 180 BPM, are pre-computed from an ECG signal, which is
also provided. There are 12 5-minute-long recordings with a sampling frequency of
125 Hz. While the dataset is no longer available directly on the author’s site, a copy
was found on a GitHub repository by Strand from the IEEE Signal Processing Cup of
2020 [68] (which also provided the spectrum-based algorithm). This dataset is used
to show the influence of motion artefacts, and why having a strategy to deal with them
is crucial.

The distribution of ground truth HR in both datasets are shown in Figure 13. For
CapnoBase, the selection of recordings without artefacts has biased the ground truth
HR towards 70 BPM. This is deemed acceptable still, since experiments on the 13
additional recordings with artefacts have given similar results as on those without
artefacts. The distribution of ground truth HR in these noisier recordings is shown in
Figure 22 of Annex A, and it is better balanced. The distribution in the TROIKA dataset
leans slightly towards high HR values, around 150 BPM.

The experiments use TROIKA’s format of estimating HR in beats per minute (BPM)
on an 8-second-long window of the available signals. Most of the algorithms have
parameters that can be tuned based on, e.g., the signal’s amplitude. In order for
the algorithms to have a single set of parameters that works on both datasets, a
preprocessing step is added. The PPG signal window first goes through a third-order
band-pass Butterworth filter with cutoff frequencies of 0.67 Hz (40 BPM) and 4 Hz (240
BPM). These frequencies are far enough away from the expected heart rate values,
so as to not cut them off. The result is then normalised with the standard deviation of
the filtered signal. In the case of the acceleration, the filtering of the Y-component (in
the vertical direction) is skipped to preserve the component due to gravity. The filtered
acceleration vector magnitude is thus obtained by applying Pythagoras’ theorem to the

(a) CapnoBase (b) TROIKA
Figure 13: Distribution of ground truth HR values in the datasets.
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filtered X- and Z-components, and the unfiltered Y-component. The result is then filtered
to remove some of the noise of the Y-component, and normalised. Unfortunately, the
preprocessing step did not fully remove the dependency of the optimal parameter
values on the dataset, so a compromise has been found instead to have good accuracy
on both with a single set of parameter values.

2.3. Comparison of algorithms in terms of accuracy

The algorithms presented in the previous section were compared on the two datasets
(CapnoBase and TROIKA) by giving them a series of 8-second windows of the PPG
and acceleration signals. Two consecutive window in the same recording overlap each
other by 6 seconds. Since the CapnoBase dataset doesn’t have acceleration data, a
null signal was given instead. This is acceptable because the CapnoBase dataset was
chosen to test algorithms in ideal conditions, and the recordings were chosen to contain
no motion artefacts.

The two metrics commonly used to compare the accuracy of HR-tracking algorithms
in the scientific literature is the mean absolute error (MAE), in BPM, and the mean
absolute percentage error (MAPE), in percents. They are also often called Error1 and
Error2, respectively. They are defined as:

MAE = 1
𝑁
∑
𝑁

𝑖=1
| HRpred,𝑖 −HRtrue,𝑖 | (1)

MAPE = 100
𝑁
∑
𝑁

𝑖=1

| HRpred,𝑖 −HRtrue,𝑖 |
HRtrue,𝑖

(2)

where 𝑁  is the number of windows on which an algorithm is evaluated, and where
HRpred,𝑖 and HRtrue,𝑖 are the predicted and ground truth HR values of the 𝑖-th window,
respectively.

2.3.1. In ideal conditions

The first comparison made is of the three different categories that were presented
(spectrum-based, peak-based and threshold-based) in ideal conditions. This was done
on the CapnoBase dataset, which is free of motion artefacts. A dummy algorithm has
been added for comparison, which outputs a random number with a uniform distribution
between 50 BPM and 150 BPM (the minimum and maximum of the reference HR
across the whole dataset, respectively). The results are shown in Table 4. The majority
of algorithms have yielded excellent results in this experiment, with MAE below or near
0.5 BPM. The MAE of Tsai’s algorithm is higher but still decent, below 2 BPM. In
comparison, the algorithms reviewed by Ismail et al. [75] showed MAE between 0.74
BPM and 3.75 BPM, although they used significantly noisier data and more advanced
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Category Name MAE [BPM] MAPE [%]
Spectrum-based FFT Peaks [68] 0.563 0.686

BIOBSS Peaks [69] 0.294 0.379
BIOBSS Beats [69] 0.228 0.277
SciPy find_peaks 0.363 0.472

Peak-based

MAX30101WING [70] 26.907 34.337
Tsai [71], [72] 1.398 1.760Threshold-based
HeartPy [73], [74] 0.227 0.285

Dummy Random (50–150 BPM) 29.672 36.088

Table 4: Accuracy of the main concepts on the CapnoBase dataset.

techniques. This shows that each approach (spectrum-based, peak-based and thresh-
old-based) can work in these ideal conditions. The MAE of the spectrum-based
algorithm is slightly higher than the others’, which could be due to the limited spacing
of the frequencies (1.875 BPM). This is noticeable in Figure 14. Increasing the zero-
padding helps, up to an extent (see Figure 23 in Annex A). Finally, the MAX30101WING
example code performed similarly to the dummy algorithm, which means it didn’t work
at all. It is suspected that a problem occurred during its evaluation, but the problem
could not be found despite many efforts. The fact that the code is very long and very
poorly maintained, with very few comments, poorly named variables, unused/inefficient
pieces of code and no sources, hinders greatly the debugging process.

Next, the impact of the HR calculation method is shown in Table 5. As a reminder, the
different methods to compute HR from a list of peaks/beats information were explained
in Section 2.1.4. In this experiment, the peaks were obtained using SciPy’s find_peaks
function. As expected, using the mean of the intervals between peaks yields slightly
better results, and even more so when intervals with a poor Z-score are removed,
because it is the method used to define the reference HR. Averaging the HR values is

Figure 14: Predicted HR and error over ground truth HR for the spectrum-based algorithm on
the CapnoBase dataset. The mean and 95% confidence interval of the error is also shown.
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Method MAE [BPM] MAPE [%]
Number of peaks 2.745 3.336
Mean of intervals 0.363 0.472
Mean of HR values 0.555 0.746
Median of intervals 0.471 0.584
Mean of intervals w/ |𝑧| < 2 0.234 0.291

Table 5: Impact of the HR calculation method on accuracy.

slightly more sensitive to the outliers. The error when taking the number of peaks is
much higher likely because the 8-second-long window is rather short and contains only
a handful of peaks. This means the resolution is not great. For example, at 100 BPM of
ground truth HR, we should see 13 beats, which gives an estimate of 97.5 BPM based
on this method. If we find 14 beats, we have an estimate of 105 BPM. A similar problem
arises when using the median, because the limited resolution caused by the limited
sampling rate likely has an influence on the error. At 100 BPM of ground truth HR, if the
median is longer by just one sample (1/300 s, i.e. 3.33 ms), it creates a difference of
0.55 BPM. With Tsai’s peak detection method, using the Z-score is also the preferred
method, but not with BIOBSS and HeartPy. This is likely because they already have
mechanisms to remove outliers and minimise interval variance. In their case, taking the
mean of all intervals is the best choice.

2.3.2. In the presence of motion artefacts

The third comparison is made using the TROIKA dataset and the best-performing
algorithm of each category, or “best performers” for short. The dummy algorithm has
been adapted to the maximum and minimum reference HR values in this dataset. The
results are shown in Table 6. They are drastically worse than in the ideal case, beyond
what would be acceptable for a HR monitoring device. This shows how the impact of
motion artefacts cannot be neglected. In comparison, Temko’s algorithm [77] presented
error rates that were much lower on the same dataset, with an MAE of 2.95 BPM. Its
performance is shown in Figure 16. The best performing algorithm is the spectrum-
based, thanks to the fact that it uses the accelerometer signal to filter out some of the
motion artefacts. Removing that feature increases its MAE to 21.72 BPM and its MAPE
to 16.59%, which is comparable to the others. Its performance is shown in Figure 15.

Category Name MAE [BPM] MAPE [%]
Spectrum-based FFT Peaks [68] 16.338 12.559
Peak-based BIOBSS Beats [69] 18.982 16.853
Threshold-based HeartPy [73], [74] 20.115 15.232
Dummy Random (65–180 BPM) 43.024 31.740

Table 6: Accuracy of the best performers on the TROIKA dataset.
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Figure 15: Predicted HR and error over ground truth HR for the spectrum-based algorithm on
the TROIKA dataset. The mean and 95% confidence interval of the error is also shown.

To test whether this loss in accuracy is due to the reduced sampling frequency of
this dataset (125 Hz instead of 300 Hz), another experiment has been done using
the CapnoBase dataset with the PPG signal interpolated at 125 Hz. The results are
shown in Table 10 in Annex A. The error barely increases for most, although “BIOBSS
Beats” is slightly more affected due to the fact that it depends on the first derivative
of the signal (retuning the hyper-parameter would probably help). Overall, this shows
that the sampling rate is not the source of errors when testing on the TROIKA dataset.
As mentioned before, the parameter selection has been initially tuned to yield decent
results on both datasets at the same time. Among the best performers, this applies only
to BIOBSS Beats, since the delta parameter has to be manually tuned. FFT Peaks
isn’t affected much, while HeartPy has mechanisms to adapt its parameters on the fly.
If BIOBSS’ delta parameter is fine tuned for an optimal performance on the TROIKA
dataset, it results in a MAE of 17.29 BPM and a MAPE of 14.29%, which isn’t much
better.

Figure 16: Predicted HR and error over ground truth HR for Temko’s algorithm on the TROIKA
dataset. The mean and 95% confidence interval of the error is also shown [77].

32



Category Name MAE [BPM] MAPE [%]
Spectrum-based FFT Peaks [68] 1.084 1.435
Peak-based BIOBSS Beats [69] 1.237 1.387
Threshold-based HeartPy [73], [74] 0.466 0.506
Dummy Random (50–150 BPM) 29.672 36.088

Table 7: Accuracy of the best performers on the 13 medium-quality CapnoBase recordings.

The accuracy of the best performers have also been tested on 13 additional record-
ings of the CapnoBase dataset which contain a few motion artefacts. The results are
reported in Table 7, and they are much better than in Table 6, although slightly worse
than in the ideal case. The importance of getting a clean-enough signal is therefore
shown.

To further understand where this increased error rate on the TROIKA dataset comes
from, the signals can be inspected. For both datasets, the occurrence of a motion
artefact on the PPG signal is shown in Figure 17. They hint at a major difference: on
the CapnoBase dataset, the signal is generally very clean and regular, and the motion
artefacts are usually a brief loss of the signal. Moreover, they are very rare, there are
only a handful (< 10) per recording of 8 minutes. In contrast, motion artefacts on the
TROIKA dataset are much more present: the signal’s amplitude can vary a lot, and
there are additional tones mixed in the signal that distort it heavily. This is the case for
most of the recording, and not only during specific moments. On this type of data, peak-
based methods are understandably more prone to errors, and matching the frequency
spectra of the PPG and acceleration signals isn’t sufficient to identify the frequency of
the heart beats. This is why state-of-the-art algorithms tend to use much more advanced
methods on noisy data.

(a) On the CapnoBase dataset (noisier record-
ings).

(b) On the TROIKA dataset.

Figure 17: Examples of motion artefacts affecting the PPG signal.
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2.4. Chapter conclusion

In summary, several simple approaches have been identified to extract HR from a
PPG signal. The results obtained on a clean signal are overall very good, but once
motion artefacts are introduced, the accuracy drops significantly. This is a big problem
for the targeted application. The algorithm that has been used for the prototype is
a lightened version of HeartPy designed for Arduino micro-controllers, which can be
found on van Gent’s GitHub page [80]. It also uses a moving average for peak detection,
but doesn’t use a hyper-parameter to refine the selection. Instead, intervals between
peaks are simply filtered by comparing them to the previous intervals, and to specified
maximum and minimum HR values. The scaling of the signal is also done dynamically.
This algorithm has the advantage of already being written in C, which made it the only
option available due to a lack of time. For future work on this topic, it would be interesting
to use or develop an algorithm with more advanced signal processing techniques, such
as that of Temko [77]. It could also be interesting to exploit multiple PPG channels to
enhance robustness. The TROIKA dataset comprises two channels, and many PPG
sensors can emit at different wavelengths, typically infrared, red and green, which react
in different ways with the skin. This has not been explored further in this work.
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Chapter 3
Prototype Design

In this chapter, the algorithm selected in Chapter 2 is implemented and tested on a
wearable sensor platform. It is powered via a USB cable, and senses the heart rate
of the subject in contact with its sensor. It then sends this information to a connected
device via a Bluetooth® Low Energy connection. A smartphone is used to receive
the data, to simulate a part of the firefighting PPE that would relay it to the entry
management system. First, the selection process for the hardware is explained, and
the selected platform is presented. Then, the software implementation is detailed, from
its architecture to the signal processing algorithm. Finally, the prototype’s behaviour is
tested, and improvements are suggested along the way.

3.1. Hardware selection

In this section, the process used for selecting a suitable hardware platform is
detailed. The search for relevant solutions is aimed at sensor evaluation kits for their
more advanced design (more compact, with more features, etc.) and the development
time and effort they save, compared to an implementation using raw components on
custom printed circuit boards (PCBs). Their drawbacks tend to be their increased price
and the difficulty to customise them. The kits have been found on the main website
of Analog Devices, by using the keyword “PPG” and, for each reported PPG-related
product, listing the given evaluation kits/reference designs. The sites of other electronic
component designers, such as Texas Instruments, have not been searched because
of a lack of time and because satisfying solutions had already been found. Table 8 and
Table 9 list and describe them. A unique ID number has been assigned to each of them
to make the tables more concise: the entry number 1 in Table 8 concerns the same kit
as the entry number 1 of Table 9, and so on.

Table 8 shows their names (with clickable links to their product pages), their prices
as reported on Mouser, a description of what they are, their size, and an evaluation of
whether their hardware and software can be customised. The latter is reported using
the same colour code as before, with a green square (🟩) for “easy customisation”,
an orange diamond (🔶) for “possible customisation”, and a red circle (🔴) for “difficult
customisation”. For hardware, this is evaluated by judging whether it could be possible
to add new components. Typically, the absence of communication pins or extra space
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into the system makes this rating worse. For software, it is evaluated by investigating
whether the program of the main processor could be changed. Typically, providing only
a pre-compiled firmware and a graphical user interface to stream the data and modify
settings is not enough to get a good rating. This metric is important for the prototype to
be modular, upgradable, and reusable for other projects. The sizes that were reported
in orange have been estimated from pictures because they are not indicated in the
documentation. Some information is under a non-disclosure agreement (or simply not
given), which means it could not be reported in the table and is instead replaced with a
question mark (❓). For entries number 1, 13 and 14, a second product has to be bought
separately to complete the kit. The price shown for entry 1 is that of both products. In
the case of entry 13, the second product wasn’t available as a separate product at the
time of writing (only as part of a different evaluation kit), and for entry 14, there are no
recommended MCUs, so the price depends on the chosen MCU.

CustomisationID Name & Link Price [€] Description Size [mm]
HW SW

1 MAX30101WING
+ MAX32630FTHR

69.14 2 PCBs 51x23 🟩 🟩

2 MAXM86161EVSYS 183.86 PCB + flex cable 28x15+53x6 🔶 🟩

3 MAX86916EVSYS 210.11 2 PCBs 51x23 🟩 🟩

4 MAX86173EVSYS 200.6 Bracelet 40x18 🔴 🔶

5 MAXREFDES101 485.45 Bracelet 40x25 🔴 🟩

6 MAX-HEALTH-BAND 220.62 Bracelet 40x18 🔴 🟩

7 MAXREFDES105 280.15 Bracelet 40x18 🔴 🟩

8 MAXREFDES220 593.47 2 PCBs 51x23 🟩 🟩

9 MAXREFDES103 261.95 Bracelet 40x18 🔴 🟩

10 MAX86140EVSYS 147.08 Bracelet 40x18 🔶 🔴

11 MAXREFDES282 660.73 Chest patch ❓ ❓ 🟩

12 MAXREFDES104 490.26 Bracelet 40x18 🔴 🟩

13 EVAL-
ADPD4100-4101
+ EVAL-ADPDM3Z

>114.18 2 PCBs 25x25
+60x40

🔶 🔴

14 MAXREFDES117
(+ separate MCU)

>18.06 PCB (+ MCU to
buy separately)

13x13 + … 🟩 🟩

Table 8: Comparison of PPG evaluation boards: price, description, size and rated accessibility
to customisation.
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ID Sensor MCU Battery Extra features
1 MAX30101 MAX32630 No USB, bat. charger
2 MAXM86161 MAX32664 LiPo 3.7V 105mAh USB
3 MAX86916 MAX32630 No USB, bat. charger
4 MAX86173 ❓ LiPo 3.7V 105mAh USB, bat. charger
5 MAX86141 MAX32630 LiPo 3.7V 105mAh USB, bat. charger, ECG/BioZ AFE,

T° sensors, display
6 MAX86140 ❓ LiPo 3.7V 105mAh bat. charger
7 MAX86174A MAX32630 Yes ❓

8 MAX30101 MAX32630 No USB, bat. charger
9 MAX86141 MAX32630 Yes USB, bat. charger
10 MAX86140 MAX32620 No USB, bat. charger
11 MAX86178 ISP1807 LiPo 3.V 190mAh USB, bat. charger, ECG/BioZ AFE,

T° sensor
12 MAX86176 MAX32666 No USB, bat. charger, ECG AFE, T°

sensor
13 MAX86176 MAX32666 No USB, bat. charger, ECG/BioZ AFE
14 MAX30102 N/A No N/A

Table 9: Comparison of PPG evaluation boards: sensor, micro-controller unit (MCU), provided
battery and additional features.

Table 9 gives more information on the features of each kit, by showing the name of
the raw PPG sensor and of the micro-controller unit (MCU), reporting whether a battery
is provided, and listing the extra sensors and components built in. All kits also have a
built-in Bluetooth® Low Energy (BLE) radio, and an accelerometer and/or gyroscope,
except entry number 14 that requires a MCU to be bought separately.

The platform that has been chosen is entry number 1, the MAX30101WING and
MAX32630FTHR combination, for its low price, acceptable size, hardware modularity
and easy access to source code. Entries 8 and 14 have also been considered, but the
former is a lot more expensive, and the latter would have required time to look for a
MCU and to create a system that connects them together. After some reconfiguration
of the pin headers, the resulting prototype is shown in Figure 18. The output can be
read on a smartphone using the nRF Connect application for Android phones.
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(a) The sensor evaluation board (left), and the
micro-controller unit (right).

(b) Both assembled together and powered.

(c) On the skin of a subject. (d) Smartphone interface.
Figure 18: The prototype composed of the MAX30101WING and MAX32630FTHR, as well as

the smartphone interface (nRF Connect for Android).

3.2. Software implementation

The software is inspired from open-source example codes for the MAX32630FTHR
MCU. It works with an event queue, which puts the processor to sleep and wakes it
periodically to complete tasks in “first in, first out” order. There are three different types
of tasks:

• Retrieving and storing samples from the MAX30101 PPG sensor using the I²C
communication bus, which is done every 180 milliseconds. These samples are taken
by the sensor at a rate of 100 Hz.

• Track the HR of the user by analysing the collected samples and send the result
through the BLE radio (if a receiver is connected), which is done every 1.8 seconds.

• Handle the BLE radio events, such as connections, disconnections, queries, etc.,
which is done when required.

This architecture allows to reduce the power consumption a bit compared to one that
uses an infinite loop to cycle between tasks. Power consumption is further addressed
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in Section 3.3.2. The behaviour of the sensor on the BLE network is to simply advertise
itself as a HR-tracking wearable sensor when it isn’t paired with another device, and
send the estimated HR value when it is asked by a paired device. This is done with
BLE’s generic access profile and generic attribute profile.

The signal processing algorithm, which initially was the MAX30101WING example
code that has been tested in Chapter 2 and has showed mediocre results, has been
replaced with a more reliable and maintainable alternative. First, the low-pass finite-
impulse-response filter with a 5Hz cutoff frequency has been replaced with a second
order band-pass Butterworth infinite-impulse-response filter, the pass-band of which
stands between 0.75 Hz (45 BPM) and 3.33 Hz (200 BPM). The coefficients of a first
order band-pass Butterworth have been computed using SciPy’s butter function. To
double the order, the first order filter is simply applied twice. Unfortunately, a filter of
higher order could not be achieved because of an instability problem that could not be
solved in time. The frequency response of the filter is shown in Figure 19. For a digital
filter, it is not very sharp because of its low order. This means the pass-band is not very
flat, but tests have shown that this is not a problem since the band of interest is not
very large either, so it is preferable to cut anything outside of it and let the HR tracking
algorithm scale the signal of interest.

Figure 20 shows a raw PPG recording and the resulting signal after applying the
filter. The signals have been shifted vertically to be able to zoom in on them, since
the raw signal has a DC component of 25000 units. The baseline of the raw signal
(the component below 0.75 Hz) can be affected by different effects, which can disturb
peak-detection based tracking. Between the 25th and 35th second, an artefact has
been intentionally added by pressing the sensor firmly on the skin of the subject. The
filter successfully removes the significant baseline changes, the artefact and the high
frequency noise, while keeping the signal of interest intact. During the artefact, the
filtered signal greatly reduces in amplitude, likely because pressing the sensor too hard
on the skin blocks some of the blood flow under it.

Figure 19: Frequency response of the digital filter. Cutoff frequencies are shown in red.
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(a) On low-frequency noise and artefacts. (b) On high frequency noise.
Figure 20: Effect of the filter on a raw PPG signal.

The samples are then processed using a lightened version of HeartPy intended for
Arduino micro-controllers, provided by van Gent [80]. This version also uses a moving
average for peak detection, but it doesn’t use a hyper-parameter to optimise the
threshold. It does have a way of estimating the local range of the signal, however. HR is
computed using the mean of the intervals between recent peaks. The tracking is done
using only one LED, so the green LED has been chosen because green is preferred for
HR tracking (while red and infrared usually are used to compute the oxygen saturation
of blood). This algorithm has been chosen because it is already implemented in C++,
which saved time.

The software has been implemented in C++ with the ARM Mbed operating system
version 5.9.7. It has been developed and compiled using ARM’s Keil Studio Cloud
environment. The latest version of Mbed, 6.17.0, could not be used because there seem
to be incompatibilities with the MAX32630FTHR MCU. Version 5.10 or higher doesn’t
support the usage of the USB port, while versions 6 doesn’t support the Bluetooth®
radio. Version 5.9.7 is the latest that allows to use both. According to unofficial sources
on the Mbed forum, this is because the platform software hasn’t been maintained
properly by Maxim Integrated. In any case, ARM have announced in August 2024 that
Mbed is reaching end of life in July 2026, meaning its websites will be archived and the
software will no longer receive any updates, although the latter will still be open-source
and publicly available. ARM is recommending to either use the community editions
of Keil Studio and Mbed, or to move away from Mbed and turn towards alternative
operating systems. Arduino, a very popular operating system, seems to support the
MAX32630FTHR board, although example codes are more rare than on Mbed. Other
operating systems such as FreeRTOS and Zephyr don’t support this board, but they can
be adapted to boards with an ARM Cortex-M4 processor such as this one. Alternatively,
a different MCU could replace the MAX32630FTHR. Many designers on the market
propose similar products, e.g., STMicroelectronics, Arduino or Silicon Labs.
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3.3. Characterisation of the prototype

3.3.1. Functional assessment

To confirm that the prototype works correctly, it’s internal outputs are shown on
Figure 21. The raw PPG signal and the filtered signal show how the filter removes
baseline changes and high-frequency noise. Peaks are then identified on the filtered
signal. The true peaks (light-green circles) have been located using SciPy’s find_peaks
function in post-processing. The peaks detected by the algorithm in real time are
marked with crosses. The green ones fit the expectations and are thus used for the
computation of the HR, while the red ones are rejected, meaning the interval between
it and the previous peak is ignored for the computation. This is because they are either
too close or too far to the previous one.

Three different experiments have been made. In the first experiment (Figure 21(a)),
the subject isn’t moving. The majority of peaks are correctly identified, and the algorithm
quickly recovers when it misses one. The predicted HR throughout the window is around
95–101 BPM, which corresponds to what is observed on the raw signal. In the second

(a) When the subject doesn’t move.

(b) When the subject is moving. (c) When artefacts are intentionally created.
Figure 21: Algorithm output on data captured and analysed in real time.
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experiment (Figure 21(b)), the subject is running in place, which creates some artefacts
and increases the HR. The predicted HR is around 114–127 BPM, which is a bit low
compared to the 44 beats of the raw signal in the 20 second window. This is because
the algorithm has missed a few peaks. In the third experiment (Figure 21(c)), the subject
stands still and motion artefacts are intentionally created by irregularly pushing the
sensor around on the skin (while still maintaining contact). In that case, both the raw
and filtered signals are hard to manually interpret. This experiment shows why further
tests on robustness would require a system to derive a reference HR, so that the error
metrics of the prototype could be measured.

3.3.2. Power consumption and battery

It has been estimated that the prototype consumes 45.51 mW of power under normal
operations, 33.30 mW when gathering and analysing samples but not using the radio,
and 19.24 mW when putting the processor to sleep at all times (thus leaving only the
power consumption of the sensor, of the other components and the sleep power of the
processor). The hypothesis can then be made that the power consumed at the battery
is spread somewhat evenly between handling samples, using the radio, and powering
the other components on the board (power management chips, peripherals, sensors,
etc.). As it stands, this is likely acceptable, since it would mean the prototype would last
8.5h using one of the Li Po 3.7V 105mAh battery proposed in some of the evaluation
kits of Section 3.1. Firefighter interventions usually don’t last this long. Still, this is a
design aspect that should arguably be optimised for any electronic system, for the sake
of eco- and consumer-friendliness. Not all possibilities have been explored to optimise
the tradeoff between PPG signal amplitude, frequency of the HR tracking updates and
power consumption. There are many choices to consider for that matter: active PPG
LEDs (red, infrared and/or green), LED current and pulse width, sampling rate, sample
averaging, radio transmitter power, BLE advertising intervals, the use of power save
modes on the sensor, the processor, the radio and other peripherals, etc. In addition,
designers should be wary of fire hazards caused by batteries, especially in the context
of firefighting. The battery technology and casing should be chosen accordingly, such
that it can resist high temperatures and resist mechanical constraints.

3.3.3. Ease of use

In the context of firefighting, it would be an inconvenience to have to manually setup
the connection between the sensor and the rest of the equipment, similarly to how the
prototype is used. Moreover, if firefighters begin using wireless sensors of this kind,
the equipment has to be linked to the sensor of its user, and not of another firefighter.
Ideally, the two should connect to each other automatically by having each unpaired
sensor advertise with a unique identifier and the equipment to look for the identifier
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that corresponds to its user. Additionally, this would make the reconnection automatic
in case of a disconnection. For that matter, two solutions have been imagined:

• Link the sensor and the equipment before the intervention by saving the identifier of
the sensor into the equipment’s software. This means that each set of equipment is
paired to its unique sensor, and that they should not be mixed with the others.

• Be able to link the two quickly enough at the start of the intervention by bringing
the two in close proximity to exchange identifiers. For example, the equipment could
be capable of reading a simple RFID tag on the sensor that contains the necessary
information, typically the identifier the sensor advertises when its unpaired.

3.4. Chapter conclusion

In summary, this chapter showed the complete design of the prototype that has been
used as a proof of concept for this work. The platform chosen can rather easily be cus-
tomised in terms of hardware and software, and already comprises all that is required for
this work: a digital PPG sensor, a micro-controller, a radio, an accelerometer, a battery
port and some debugging features such as a USB port and LEDs. The example code
that came with the kit has been greatly upgraded, both in terms of features (namely,
BLE communication) and in terms of reliability. The low-pass filter has been replaced
by a band-pass filter that greatly increases the signal’s quality, and the HR tracking
algorithm is now easily maintainable. It is also much more robust, since it can scale
the signal dynamically, adapt its threshold, and reject outliers from its average. Unfor-
tunately, an embedded version of the best performers of Chapter 2 could not have been
implemented to track HR due to a lack of time, and the digital filter could also receive
some improvements. The accelerometer data also hasn’t been exploited to possibly
compensate motion artefacts. Finally, many more aspects have to be addressed when
continuing the development of this project, from optimising power consumption and
signal amplitude, to choosing a resistant battery, to conveniently integrating the system
into actual firefighter PPE. The prototype could also be improved by using customised
boards with more advanced hardware (e.g., a sensor hub to lower power consumption)
and the Mbed operating system could be replaced by one that will keep receiving
updates and support.
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Conclusion

Monitoring vital signs of firefighters in intervention is a field that is still emerging, with
new products likely to arrive on the market soon. Personal protective equipment for
firefighting already benefits in many ways from the advancements in radio communica-
tion and the miniaturisation of sensors and electronics. It allows firefighters to remotely
communicate with their teammates, see in low visibility conditions, and call for help
automatically in emergency situations. Vital signs monitoring is likely one of the next
features to be added. The interest comes from the fact that many firefighters suffer
and/or die from cardiovascular diseases caused by frequent exposure to high stress
levels, both psychologically and physiologically. There are many variables that inform
on the firefighter’s condition and fitness, including heart rate, breathing rate, hydration,
body temperature and body movements. Each of these variables can be measured with
several techniques that have been presented, but many require more research to be
done before they can be used in the context of firefighting. Given the context of this
work, heart rate was chosen to be the main focus because it is highly correlated with
psychophysiological stress and rather easy to sense.

To sense it, photoplethysmography is a simple and non invasive technique, where a
light is emitted on the skin, and the amount of light that reflects back depends on the
body’s composition. When blood pulses, more or less light is absorbed, thus changing
the intensity of the light received. These sensors are easy to find on the market, but
can be tricky to master because of their sensitivity to artefacts caused by the user’s
movement. Three different approaches were compared to derive the heart rate from
the signal: spectrum-based, peak-based and threshold-based algorithms. These three
categories were compared in terms of mean absolute error thanks to two separate
datasets: one without (or with few) motion artefacts, and one with many. All three have
a comparable performance that is excellent when a mid- to high-quality signal is given,
but having too many motion artefacts can greatly worsen that performance beyond what
is acceptable. Spectrum-based algorithms tend to perform better because they can use
the signal of an accelerometer to compensate for some of the motion artefacts, but
the performance of the one that was tested was still unacceptable. It is recommended
to turn towards the scientific literature to find more advanced signal processing tech-
niques, such as signal decomposition and adaptative filtering for example. In fact, many
articles detail more or less how to achieve excellent results even when the signal is
heavily affected, and some provide access to an open-source implementation.
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Finally, a prototype was built and qualitatively tested as a proof of concept. It is
composed of two evaluation boards: one with the sensor and the other with the micro-
controller. The sensor stores samples that it takes at a rate of 100 Hz, and they are
periodically retrieved by the micro-controller. The micro-controller applies a band-pass
filter to remove high-frequency noise and baseline changes. It then tracks the heart rate
using a robust threshold-based algorithm. Unfortunately, a more advanced algorithm
could not be implemented in time. The prototype can then send the estimated heart rate
to a paired device connected via Bluetooth® Low Energy. There are many aspects that
could be improved regarding the prototype. First, the filter could be made with a higher
order to flatten the pass-band, while still cutting as much noise outside the band as
possible. Second, the heart rate tracking could be made with an algorithm that is more
robust to motion artefacts, especially if they are in the same frequency band as the heart
rate. The performance of the whole system could be verified with a separate system that
derives a reference heart rate. In addition, many settings could be tuned to lower power
consumption while retaining a good signal amplitude. It is also recommended to find an
alternative operating system to replace the one currently in use, since it will soon reach
end of life. Finally, to successfully integrate the system into the firefighter’s equipment,
the battery must be chosen such that it is resistant to shocks and high temperature,
and the wireless connection between the devices should be established with as few
inputs from the user as possible.

In summary, there are many relevant aspects still to be addressed on the topic of
vital signs monitoring for firefighters, regarding the design of the prototype, its software
implementation, its heart rate tracking, but also regarding other techniques and other
variables of interest.
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Annex A

Figure 22: Distribution of ground truth HR values in the CapnoBase recordings with artefacts.

Figure 23: Influence of the zero-padding coefficient on the accuracy of the spectrum-based
algorithm, evaluated using the CapnoBase dataset.
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Category Name MAE [BPM] MAPE [%]
Spectrum-based FFT Peaks [68] 0.571 0.694
Peak-based BIOBSS Beats [69] 1.660 1.739
Threshold-based HeartPy [73], [74] 0.227 0.281
Dummy Random (50–150 BPM) 29.672 36.088

Table 10: Accuracy of the best performers on the CapnoBase dataset with the PPG signal
interpolated at 125 Hz.
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