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Abstract. Abnormal breathing patterns have been linked to many diseases and 

stress-related effect. Visually counting breaths per minute is the gold standard 

for measuring respiratory rate. In hospital research, most nurses recognize the 

physiological importance of respiratory rate however its measurement it  is not 

considered mandatory. Current research studies offer viable options for contin-

uous monitoring of respiratory activity, although with degraded performance 

due to artefact. This paper proposes five new respiratory rate estimation meth-

ods considering  their strengths and drawbacks to determine the most suitable 

one for various activities. Photoplethysmography, accelerometry, infrared tem-

perature and pressure sensors are therefore used to monitor respiratory activity. 

In addition, we present a method for estimating respiratory rate via thermo-

graphic video image processing. In terms of novelty and innovation, we high-

light the intelligent algorithms developed for real-time respiratory rate extrac-

tion from Photoplethysmography signals, the mechanical sensor prototype 

based on pressure sensors, and the facial recognition, focus zone identification, 

and image pixel analysis algorithms for thermographic image processing. In ad-

dition, a multichannel sensing system characterized by distributed platform 

computation is utilized to extract physiological parameters forming the basis for 

the proposed Fuzzy Logic-based model to detect and classify stress levels. To 

validate the suggested approaches, an experimental protocol was established to 

monitor the volunteers' respiratory activity in a controlled setting, as well as 

health monitoring throughout the induction of thermal stress and its classifica-

tion, yielding excellent indications of efficiency and accuracy. 

Keywords: Contactless Health status Monitoring, Wearable Sensors, Infrared 

Temperature, Thermography, Digital Signal Processing, Fuzzy Logic, Photople-

thysmography, Respiratory Rate, Stress Classification. 

1 Introduction 

Respiratory Rate (RR) is a crucial physiological parameter that provides vital infor-

mation about a patient's health [1], serving not only as a basis for the diagnosis of 

several respiratory diseases, but also as an evaluation parameter in other clinical set-

tings, such as cardiac failure or metabolic emergencies [2,3]. Despite its clinical sig-

nificance, research indicates that respiratory rate is the most neglected vital sign in 

healthcare due to a lack of understanding regarding respiratory rate evaluation, nurses' 
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perceptions of patient acuity, and a lack of time, even though the gold standard for 

measuring RR is manual counting the number of breaths for one minute [4]. 

Recent research on the sensory experience of breathing has also focused on breath-

ing conditioning. It is crucial to understand daily conditioning and respiratory dys-

functions such as apnea and asthma. Such dysfunctions are brought on by emotional 

challenges. Because emotions affect respiration, diverse emotions are accompanied by 

distinct breathing patterns. Mental stress increases tidal volume and RR [5], therefore, 

monitoring stress is essential. 

Concerning RR assessment, the challenge lies in the development of more efficient 

and user-friendly solutions. As a result, we propose five new methods for RR assess-

ment based on Photoplethysmography (PPG) sensors, thermography, infrared-

temperature sensors, pressure sensors, and accelerometers. A comparison between the 

proposed methods, based on their accuracy, sensitivity and specificity is also consid-

ered. In terms of novelty, a small, mechanical, pressure-sensor-based wearable device 

prototype is proposed for RR assessment. In terms of innovation, we propose a new 

method for RR assessment based on thermographic video acquisition and processing, 

the identification of highlighted areas, and the monitoring of the skin temperature 

oscillations in the face region using FLIR Tools and MATLAB. 

Regarding stress assessment, most studies only detect the presence of stress, with 

few classifying it. As such, in this work we also propose a new Machine Learning 

(ML) model based on Fuzzy Logic to assess stress. Thus, we propose a Fuzzy Logic-

based Machine Learning (ML) model to assess stress. We used a multichannel senso-

ry system from the authors' previous work [6] to implement PPG signal processing 

and develop real-time algorithms for physiological parameter extraction, such as 

Heart Rate (HR), Heart Rate Variability (HRV), Blood Oxygen Saturation (SpO2), 

and RR. This multichannel sensor system also collects Galvanic Skin Response 

(GSR) data, a stress-related physio-logical parameter. The intelligent Fuzzy Logic 

model classifies each of the five physiological parameters and stress into five levels. 

This algorithm was also evaluated using data from the 5 proposed RR monitoring 

methods to determine the most suitable for RR monitoring and stress assessment. 

This paper is organized as follows. Section 2 presented a brief literature review, for 

a better theoretical framework. Section 3 discusses the methodology adopted. Section 

4 presents the results obtained, as well as some considerations and comparisons. Con-

clusion and future work follow in Section 5. 

2 Related Work 

In order to understand the aforementioned concerns and the proposed objectives of 

this study, this section addresses key concepts linked to the assessment of respiratory 

activity, as well as its relationship to stress, and stress levels assessment. 

2.1 Respiratory Activity and Healthcare 

RR has many clinical uses, such as, defining baselines for postoperative or compara-

tive monitoring, identifying blood transfusion or drug reactions, and acid-base imbal-

ance detection and compensation. Big RR variations may indicate health deteriora-
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tion. An irregular RR can also predict other conditions such as organ failure. Yet, it's 

concerning because RR is the least measured vital sign in clinical settings [4]. 

RR values are expressed in Breaths Per Minute (BPM), and in the case of healthy 

resting adults, a normal RR can range between 12 and 20 BPM [7]. Manually count-

ing chest wall movements and auscultation with a stethoscope is the gold standard for 

measuring RR [8], however, it's not very practical. Most hospital nurses understand 

the physiological necessity of RR, yet many believe they are enhancing patient out-

comes by focusing on other tasks. 

In Intensive Care Units (ICU), other more complex automated methods are used, 

such as Capnography, Impedance Plethysmography and Thermography [9]. Capno-

graphy ensures that anaesthetized patients obtain enough oxygen during surgery. The 

RR is estimated from the patient's gas (anesthesia) intake [9]. Regarding Impedance 

Plethysmography, this non-invasive method measures small relative changes in elec-

trical resistance in different areas of the human body to determine blood vessel size or 

lung gas volume, which is used to estimate RR [9]. 

2.2 Solutions for Respiratory Assessment 

There is a wide variety of proposed methods for RR assessment, as shown in Fig.1. 

 

Fig. 1. Classification of Respiratory Assessment Methods 

Breathing consists of two distinct movements, inspiration (thorax expands and abdo-

men rises) and expiration (thorax contracts and abdomen lowers) . Using accelerome-

ter and/or gyroscope sensors, the motions of the thoracic and/or abdominal cavities 

can be monitored to extract the RR [10]. Although several advantages, such as re-

duced size and low weight, these methods are susceptible to motion artefacts. 

Through the monitoring of body posture based on impedance sensors, it is also 

possible to extract RR, considering different postures [11]. The problem lies in the 

fact that it is necessary to map all postures. With the introduction of intelligent algo-

rithms and classifiers such as Support Vector Machine (SVM) the problem can be 

attenuated, however, this adds more complexity to the systems. In addition, accuracy 

can be affected by variations in body composition and clothing. 

Regarding Ballistocardiography (BCG), it is a non-invasive technique based on the 

monitoring of body movement caused by blood ejection during cardiac cycle. BCG 
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signals associated with cardiac activity are modulated by respiration, and as such, the 

RR can be extracted through BCG signal processing [12]. However, it’s limited by 

noise artefacts, motion inhibition, and cannot be integrated into wearable devices. 

Electrocardiography (ECG) measures heart electrical activity through repeated car-

diac cycles, while PPG detects tissue blood volume changes in the microvascular bed. 

Both methods are used to monitor heart activity, such as HR, HRV, and SpO2 [6,13]. 

Further investigation showed that respiratory activities modulate PPG signals in am-

plitude, frequency, and baseline shift [14,15], which are used in RR estimation.  

RGB cameras can capture chest and abdominal movements for RR estimation [16]. 

Nonetheless, body motion artefacts and even the subject's clothing can affect this 

method. Convolutional Neural Networks (CNNs) help training models to predict RR 

and reduce artefacts [17]. In the case of thermographic cameras, they estimate RR by 

measuring the airway's ambient temperature, which is usually lower than body tem-

perature. When a person inhales, this air cools the airways. When a person exhales, 

body-temperature air leaves the airways, warming the airways [18]. These fluctua-

tions in temperature observed by thermographic cameras correspond to the respiratory 

cycle, enabling the estimation of RR [19]. 

2.3 Stress and Respiration 

Stress is a major health issue that affects many people regardless of age, environment, 

social standing, or other factors. It caused 51% of work-related illnesses in 

2019/2020, according to the Labor Force Survey (LFS) [20]. These effects may cause 

fatigue or even worsen chronic conditions. Hence, early stress monitoring is crucial. 

When confronted with a stressor, the autonomic nervous system releases hormones 

into the bloodstream, which affects various physiological parameters, including HR, 

RR, SpO2, Muscle Tension, among others. This  autonomous response depends on 

the stressor's duration. Stress can lead to major health disorders such cardiovascular 

disease, respiratory disease, mental illness, diabetes, sleep disturbances, immune sys-

tem degeneration, cancer, anxiety, and depression [21]. 

2.4 Stress Assessment 

Currently, the monitoring of stress levels is not objective because it is primarily based 

on self-assessment questionnaires, such as the Perceived Stress Scale (PSS) [22], or 

even through the monitoring of brain activity via Electroencephalogram (EEG) [23], 

which is performed in controlled environments, such as laboratories, thereby limiting 

the applicability of these techniques in everyday life. 

New promising studies address physiological stress employing vital signs monitor-

ing from various methodologies. These works always include the GSR, which  is 

strongly correlated with stress, although it cannot accurately measure stress alone. 

There are studies that propose the correlation of GSR with several physiological pa-

rameters like HRV [24], Blood Pressure (BP) [21] and Respiration [21], or even com-

bining GSR with techniques like PPG [13], ECG [21], EEG [25], or Electromyogra-

phy (EMG) [26], but most of them only detect stress and do not classify or quantify it. 

Because ECG and PPG can extract relevant physiological parameters from signal 

processing, they are one of the best solutions for stress assessment systems [21]. 
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3 Materials and Methods 

The proposed work aims at implementing an intelligent algorithm for assessing stress 

levels using the previously built multichannel system [6]. In this system, methods for 

estimating HR, HRV, RR, and SpO2 based on the capture and processing of PPG data 

are proposed. Since the RR method based on PPG signal presented an accuracy of 

90.91%, to maximize the potential of the algorithm based on Fuzzy Logic presented 

for stress assessment, we first proceeded to study new and more accurate methods for 

estimating RR. As such, in this section, we will address the different new approaches 

proposed for RR estimation, the implementation of the novel Fuzzy Logic-based algo-

rithm for stress assessment, and the experimental procedures. 

3.1 Respiratory Rate Estimation 

Five methods are proposed for RR estimation, using a PPG sensor, a 3D accelerome-

ter, a pressure sensor, an infrared temperature sensor, and thermography.  

Regarding the accelerometer-based RR estimation, it’s a non-invasive and mechan-

ical contact method, consisting of an ESP32 microcontroller, a BMA400 digital ac-

celerometer, and an OLED LCD display. The used ESP32 microcontroller is charac-

terized by Dual-Core 32-bit CPU, maximum Clock of 240 MHz, ROM memory of 

448 Kbytes, RAM memory of 520 Kbytes, Flash memory of 4 MB, and is responsible 

for processing the data acquired by the accelerometer and applying the implemented 

algorithm for RR estimation. This estimation is then available through an OLED LCD 

display. The BMA400 accelerometer is a 3-axis, 12-bit digital accelerometer with 

intelligent chip and position-driven interrupt functions. 

In this method, the accelerometer is attached to an elastic band, as can be seen in 

Fig.2 (a) below, which should be positioned on the person chest. This way, whenever 

the individual inhales, there is an increase in the volume of the rib cage, causing the 

three axes of the accelerometer to vary, which increases an implemented counter 

(bCounter). Knowing the time that has elapsed since the start of data acquisition 

(bTime) and bCounter, RR is then estimated based on Equation (1), as shown in [6]. 

 RR = (bCounter * 60) / bTime (1) 

Regarding the pressure sensor-based RR estimation, the mechanism of which the 

pressure sensor is part is contained inside a small module, as can be seen in Fig.2 (b) 

below, which must be positioned on the person chest. In this way, whenever the indi-

vidual inhales, there is an increase in the volume of the rib cage, exerting pressure on 

the sensor through the mechanism. These pressure variations result also in the imple-

mented counter (bCounter) increase, providing the RR estimation also through Equa-

tion (1). This method is also classified as non-invasive and mechanical contact. 

 

Fig. 2. Prototypes for RR Estimation. (a) BMA400 Accelerometer attached to an Elastic Band. 

(b) Proposed Prototype based on Pressure Sensor Mechanism. 
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The method based on PPG signal uses a MAX30102 PPG sensor, classified as a re-

flective sensor, i.e., it has two emitting LEDs, one of infrared light and the other of 

red light, which penetrate to a certain depth in the human tissue and are then reflected. 

This sensor has a photodetector LED, capable of acquiring both emitted lights, from 

which it is possible to monitor blood flow variations. After acquisition the signal is 

filtered and processed. Thus,  a first-order low-pass filter is applied to reduce noise 

artifacts. With the filtered PPG signal, it is then possible to determine the signal max-

imum values, and through this, the developed algorithm estimates in real time the RR 

[6]. Note that this method is also classified as non-invasive and mechanical contact. 

Infrared temperature-based RR estimation is a non-invasive and contactless meth-

od that consists of an ESP32 microcontroller, an MLX90614 infrared temperature 

sensor, and an OLED LCD display. The MLX90614 is a sensor designed for contact-

less temperature detection, which features a 17-bit internal Analogic Digital Convert-

er (ADC) and high accuracy of 0,5ºC and measurement resolution of 0,02ºC. This 

sensor is factory calibrated in wide temperature ranges from -40°C to 85°C for ambi-

ent temperature, and from -70°C to 382.2°C for object temperature. In this method, 

the temperature of the nostrils is measured. When a person inhales, air at ambient 

temperature is inhaled, causing the nostril orifices to cool. In turn, when a person 

exhales, the exhaled air has the same temperature as the human body, and as such, an 

increase in temperature is visible in the nostril orifices. Our method can distinguish 

these temperature variations and account for them (bCounter), which in turn allows us 

to estimate the RR also using Equation (1). 

Regarding the estimation of RR based on thermography, this is a non-invasive and 

contactless method. For this estimation the FLIR E64501 thermographic camera was 

used (Fig.3 below), capable of acquiring both thermographic images and videos, pre-

senting a sample rate of 60HZ. This camera is capable of measuring temperatures up 

to a maximum of 650ºC, with an accuracy of +/-2% and a sensitivity of 0.05ºC. 

 

Fig. 3. FLIR E64501 Thermographic Camera 

During the conducted experiment, the FLIR E64501 was used to acquire video, 

which was analyzed using the FLIR Tools platform provided by the manufacturer. As 

with the infrared temperature sensor method, each time a person inhales, a decrease in 

temperature is visible at the nostrils, while when a person exhales, an increase in tem-

perature is visible, as can be seen in Fig.4 below. In the specific case of the experi-

ment conducted, the temperature focus was the nostril orifices, and as such, in the 

graph of Fig.5 below is an example of the wave corresponding to the temperature 

variation at that location and analyzed by FLIR Tools for a randomly chosen partici-

pant. Note that the data presented relate to the period of the experiment, that is, for 60 

seconds, the period needed to estimate the RR. 
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Fig. 4. Thermographic Image associated with Respiratory Cycle. In (a) it is possible to observe 

the component of the respiratory cycle regarding inspiration phase (nostril orifices cooling to a 

temperature of 25.7ºC). In (b) it is possible to observe the component of the respiratory cycle 

regarding expiration phase (nostril orifices heating to a temperature of 28,3ºC). 

 

Fig. 5. Thermographic Image associated with Respiratory Cycle. In (a) it is possible to observe 

the component of the respiratory cycle regarding inspiration phase (nostril orifices cooling to a 

temperature of 25.7ºC). In (b) it is possible to observe the component of the respiratory cycle 

regarding expiration phase (nostril orifices heating to a temperature of 28,3ºC). 

As can be seen in the graph of Fig.5, each minimum of the wave allows us to iden-

tify one breath. In this case, it is possible to identify that the participant presented a 

RR of 19 BPM. To automate the estimation process, the MATLAB platform is a great 

solution for working on video image processing, thus allowing not only facial recog-

nition, but also to automatically recognize the region of interest for detecting tempera-

ture variations, such as the nostrils or the mouth region. 

3.2 Intelligent approach to stress assessment 

The proposed algorithm for stress assessment is based on the acquisition of stress relat-
ed physiological parameters, such as HR, PRV, RR, SpO2 and GSR. The classification 
of stress levels was performed through the implementation of Fuzzy Logic, where we 
defined for each physiological parameter its reference values (HR [18], PRV [19], RR 
[20], SpO2 [21], GSR [22] and BT [23]), the classification and the type of Membership 
Function, according to Table 1. 

It is important to point out that in the case of HRV, the values tabulated for the ap-

proach employed Root Mean Square of Successive Differences (RMSSD) were con-

sidered, and as a result, Table 1 presents the range of potential values for all 

healthy age groups excluding children. 

A Membership function for a Fuzzy set A on the universe of discourse X is defined 

as µA:X → [0,1], where each element of X is mapped to a value between 0 and 1. 

This value, called membership value or degree of membership, quantifies the grade of 

membership of the element in X to the fuzzy set A. 
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Table 1. Physiological Parameters Treatment. 

Parameter 
Classification based on Parameter Reference Values 

Very Low Low Normal High Very High 

HR [beat-per-minute] 0-50 50-60 60-90 90-100 100-200 

HRV [ms] 0-19 19-32 32-77 77-107 107-160 

RR [breaths-per-minute] 0-10 10-12 12-18 18-22 22-30 

SpO2 [%] 85-90 90-95 95-97 97-99 100 

GSR [kOhm] 10-20 20-30 30-50 50-70 70-100 

 Based on previous Table 1, the Membership Functions used in the proposed model 
are categorised as Trapezoidal Function Type R for “Very Low”, defined in Equation 
(2), Trapezoidal Function Type L for “Very High”, defined in Equation (3), and Trian-
gular Function for “Low”, “Normal” and “High”, defined in Equation (4). According 
to physiological parameter classification based on the reference value ranges, the min-
imum value is "a", the maximum value is "b", and the average value is defined as "c". 

 Trapezoidal_Type_R = � 0     , � > �������      , � ≤ � ≤ �1     , � < �  (2) 

 Trapezoidal_Type_L = � 0     , � < �������      , � ≤ � ≤ �1     , � > �  (3) 

 Triangular_Function =
⎩⎪⎨
⎪⎧ 0     , � ≤ ����)��      , � < � ≤ *�����)      , * < � < �0     , � ≥ �

 (4) 

 To assess the stress levels, five rules based on the investigated relationship between 
physiological parameters and stress [6] were established. These rules are presented 
below in Table 2. The quantification of stress is then given by Equation (5).  

Table 2. Classification of Stress Levels According to the Fuzzy Logic Algorithm. 

Stress Rules (R) Stress Level (S) 

Very Calm 
R1 = VeryLow(HR) Λ VeryLow(HRV) Λ VeryLow(RR) Λ 

VeryHigh(SpO2) Λ VeryHigh(GSR) 
S1 = R1 * 1 

Calm 
R2 = Low(HR) Λ Low(HRV) Λ Low(RR) Λ High(SpO2) Λ 

High(GSR) 
S2 = R2 * 2 

Normal 
R3 = Normal(HR) Λ Normal(HRV) Λ Normal(RR) Λ Nor-

mal(SpO2) Λ Normal(GSR) 
S3 = R3 * 3 

Stressed 
R4 = High(HR) Λ High(HRV) Λ High(RR) Λ Low(SpO2) Λ 

Low(GSR) 
S4 = R4 * 4 

Very Stressed 
R5 = VeryHigh(HR) Λ VeryHigh(HRV) Λ VeryHigh(RR) Λ 

VeryLow(SpO2) Λ VeryLow(GSR) 
S5 = R5 * 5 
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 ,-./00 =  1231431531631782384385386387 (5) 

3.3 Experimental Procedure 

In the scope of this work, two experiments were carried out, with 26 volunteers aged 

between 16 and 91 (mean age approximately 38, and age standard deviation approxi-

mately 20). All participants were informed about the experiments and gave their ver-

bal consent. None of the participants reported any mental, cardiac, respiratory, or 

other disturbances.  

In the experimental procedure implemented in this work two experiments were 

conducted. The first experiment was aimed at determining the feasibility of each pro-

posed method for estimating RR. The second experiment was aimed at monitoring 

HR, HRV, RR, SpO2, and GSR during the thermal stress induction, to serve as a basis 

for the proposed model for stress levels assessment. 

The first experiment was performed in a controlled environment. The duration of 

the experiment was 1 minute, in which each participant was asked to remain seated 

and to avoid motions, thus facilitating data acquisition. Before the beginning of the 

experiment, each system relative to the 5 methods proposed in this paper was posi-

tioned, i.e., a PPG sensor was placed on the index finger of the participants, the de-

vice with the built-in pressure sensor and accelerometer was positioned on the chest 

of the participants, the participants were also asked to bring the infrared temperature 

sensor near the nasal orifice with their vacant hand, and the thermographic camera 

was also positioned in front of the participants, thus enabling facial capture. The con-

sidered acquisition rate was 2 samples per second, and each method generates about 

120 samples per minute. 

The second experiment was conducted at room temperature in a controlled envi-

ronment. The participants remained seated and at rest during the entirety of the exper-

iments. Participants were instructed to use their right to collect physiological parame-

ters, and their left hand as the target of thermal stress induction (hot and cold). Limits 

were established to guarantee the participants physical integrity, being defined as low 

temperature 20ºC and high temperature 40ºC. This experiment has divided in 5 phas-

es. Phase 1 lasted 5 minutes, in which only the physiological parameters were ac-

quired, thus intended to establish a baseline for each participant. Phase 2 lasted 1 

minute, in which the participants physiological parameters were monitored when in 

contact with cold. Phase 3 lasted 10 minutes, the period necessary for the human body 

to recover from contact with cold. Phase 4 lasted 1 minute, with the participants' 

physiological parameters being monitored when in contact with heat. Finally, phase 5 

lasted 10 minutes, the period necessary for the human body to recover from the con-

tact with the heat.  At the end of each phase, each participant was asked to self-assess 

stress on a scale from 1 to 5, serving as reference values for model validation. 

4 Results and Discussion 

This section discusses the results and accuracy of the five proposed methods for RR 

estimation, also determining their sensitivity and specificity. In this section is also 

discussed the thermal stress induction study, and the validation of the algorithm 

for stress levels classification. 
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4.1 Assessment of the Proposed Methods for Estimating Respiratory Rate 

A statistical analysis was performed according to the type A measurement of uncer-

tainties, i.e., data collected from a series of observations and evaluated using statisti-

cal methods. To calculate the accuracy of the proposed methods each volunteer was 

asked to use a small counter during the experiments, that is, every time they took a 

breath, they had to press a small button that incremented the number of breaths, thus 

giving us a real breathing counter (reference values). Methods base on thermography, 

pressure sensor and infra-red temperature presented a mean relative error of 0,01%. 

Regarding accelerometer-based method, it presented a mean relative error of 10,79%. 

PPG-based method presented a mean relative error of 2,49%. 
In addition, linear regression was also determined for each proposed method. Since 

methods based on thermography, infrared temperature and pressure sensor presented 
an accuracy of 99.99%, the linear regression is defined by y=x. For PPG and Accel-

erometer based methods, the respective linear regressions are presented below in Fig.6.

               

Fig. 6. PPG and Accelerometer based Methods Evaluation. (a) Linear Regression for Accel-

erometer-based Method. (b) Linear Regression for the Photoplethysmography-based Method. 

The performance of the 5 proposed methods was evaluated using a multi-class con-
fusion matrix and metrics such as sensibility and specificity were applied. Regarding 
the methods based on thermography, pressure sensor and infra-red temperature, the 
mean sensibility was 1 and the mean specificity was also 1. For accelerometer-based 
method, the mean sensibility was 0,99 and the mean specificity was 0,98. Regarding 
PPG-based method, the mean sensibility was 0,98 and the mean specificity was 0,99. 
In general, we can say that the proposed methods present satisfactory results, in that 
there are few false negatives and few false positives. 

4.2 Thermal Stress Induction and Validation of Stress Level Classification 

This experiment's main objective was to investigate the effects of temperature stress-

ors on physiological parameters. In this instance, HR, HRV, RR, SpO2 and GSR are 

examined.  The behavior of the acquired physiological parameters follows a pattern, 

in that the induction of thermal stress results in significant changes in the physiologi-

cal parameters. During the recovery periods, however, physiological parameter values 

tend to stabilize at normal levels. To facilitate the data analysis, the average values of 

each physiological parameter obtained throughout the experiment were calculated. 

Fig.7 illustrates the RR and GSR averages of each participant, based on the PPG-

based method. For better data comprehension, not all participants were considered. 

In Fig. 7 (a) bellow, the induction of thermal stress, mainly with cold, generates di-

rect changes in respiration, i.e., when stress is induced, RR typically increases. During 

recovery periods, the body attempts to normalize the levels, leading to a decrease in 
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RR. In contrast to other physiological parameters such as HR, HRV, SpO2, and GSR, 

RR is the only parameter that can be controlled by the patient, such as by breathing 

exercises, decreasing the RR and consequently decreasing stress levels. 

          
Fig. 7. Averages Values for each Participant. (a) RR Averages during each Testing Phase. (b) 

GSR Averages during each Testing Phase. 

In the specific case of the GSR, after the first cold perturbation, there is a noticea-

ble increase in the values, but in the recovery period, a large decrease in the values is 

not observed, as is the case with the other physiological parameters, leading us to 

believe that due to the strong relationship between the GSR and stress, it is affected 

for a longer period of time by the stressor. As seen in Fig.7 (b), another interesting 

aspect of the GSR is that the heat disturbance works as a technique to assist relax the 

participants rather than as a stressor. 

Age also affects how the body responds to the stressor. The time it takes the bodies 

of persons over 65 to recover is longer than that of persons younger than 65. Moreo-

ver, the response time to the stressor itself is lengthened. This is demonstrated in Fig.8 

by contrasting one of the randomly selected young participants (age criteria ranged 

from 16 to 30 years) with a randomly selected senior participant (age criteria ranged 

from 60 to 91 years). In addition, the male gender was a factor in the selection process 

(larger number of participants). 

 
Fig. 8. Comparison between the SpO2 Values obtained by a 27-year-old Participant (highlight-

ed in blue) and a 70-year-old Participant (highlighted in orange) throughout the duration of 

experiment 2 (Thermal Stress Induction). 

To validate the Fuzzy Logic model for estimating stress levels, participants were 

given a slider button and asked to estimate their stress level on a scale from 0 to 5. 

After the experiments, the data were thoroughly analyzed using the Fuzzy Logic ap-

proach. This resulted in a rating of stress levels from 0 to 5 that was compared to the 

participants' self-assessment. 
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The suggested Fuzzy Logic methodology yields satisfactory results, evaluating the 

stress levels with precision. The self-classification done by the participants and the 

classification generated by Fuzzy Logic yielded identical findings. 

5 Conclusion 

This work proposes five new approaches for respiration rate estimation and integrates 

them into a multichannel system that extracts physiological data for health monitoring 

and stress classification using a Fuzzy Logic algorithm. The five methods for estimat-

ing RR performed well, except for the accelerometer-based method, which was ex-

pected due to noise artefacts. The proposed algorithm for stress classification also 

rejected the thermography-based RR estimation technique due to thermal stress induc-

tion. The RR estimation failed because the heat water container's vapor made thermo-

graphic detection impossible during thermal stress induction. Only pressure, infrared-

temperature, and PPG sensor approaches were considered for RR estimation and 

stress classification. The infrared-temperature method was one of the most accurate 

for RR estimation, but it conditions breathing because it must be placed near a nasal 

orifice. In the case of the pressure sensor solution, this proves to be the most viable 

option. The fact that it is a wearable device with tiny dimensions makes it simple to 

operate, since it is quite accurate even during moderate motion. For stress classifica-

tion, the physiological parameters extraction accuracy is essential; nevertheless, the 

tiny variation regarding accuracy between solutions based on PPG and pressure sen-

sors does not translate into any difference in stress classification. In addition, the fact 

that the multichannel system already utilizes PPG to extract other physiological pa-

rameters makes RR estimation based on PPG more accessible. Thus, taking into con-

sideration the methodology for stress classification, the most acceptable method for 

RR  estimation is the one based on PPG. 

As future work can be mentioned the improvement to the integration of the method 

based on thermographic cameras, for example, regarding facial recognition algorithms 

and multi-zone target region monitoring. In the case of stress assessment system, one 

of the challenges is to make the system more robust, with the possible addition of new 

mechanisms and improvements. The replacement of the Fuzzy Logic technique by 

other more robust machine learning techniques is also part of the goals. In addition to 

what has already been mentioned, a first wearable prototype for real time monitoring 

during daily life is under development. 
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