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A B S T R A C T   

Thermal comfort is defined as the condition of mind that expresses satisfaction with the thermal environment 
and it is assessed by subjective evaluation. Achieving comfortable environments is essential for human health, 
productivity, learning performance and energy efficiency. The measurement of thermal comfort requires an 
indirect process involving several domains: thermal environment, physiology and psychology. Four physiological 
signals were reviewed, considering their relevance in the context of measuring indoor thermal comfort. The 
measurement approaches for investigating electroencephalography, electrocardiograph, skin temperature and 
galvanic skin response signals in the field of thermal comfort are presented. This paper introduces an overview on 
the application of wearable sensors for recording physiological parameters and extracting features potentially 
correlated with thermal comfort, together with a discussion about their reliability. The review shows the state of 
the art, the identification of existing knowledge gaps in this area and the corresponding needs for future research 
and dedicated methodological efforts.   

1. Introduction 

The measurement and modelling of thermal comfort are largely 
studied given their importance for occupants’ wellbeing and the corre
lated impact on buildings’ energy use. According to IPCC (2014), an 
increase in the global mean temperature from 1.4 ◦C to 5.8 ◦C by 2100 is 
presumed [1]. The consequences will be notable in urban areas: indoor 
and outdoor comfort levels will be compromised, leading to a signifi
cative impact on the health of human beings [2,3]. 

Indoor overheating has been identified as the major cause of thermal 
discomfort; it is directly connected to the potential increase of the 
mortality rate in the future. It has been observed that an human being 
exposed to heat for several consecutive days can get deadly health risks, 
such as heat stroke and other heat-related illnesses [4]. Such risks 
depend not only on the rising of outdoor temperatures, but also on the 
poor adaptation of buildings to changes of external conditions [5]. For 
that reason, it is important to estimate a safety indoor temperature 
threshold above which heat stress can have dangerous influence on 
human life [6]. 

Moreover, the expectations of global warming suggest a strong 
growing interest in the use of air conditioning systems, which notably 
increases the energy demand. Today buildings are accountable for 36% 
of the global energy consumption and approximately 40% of energy- 
related CO2 emissions, due to cooling and heating systems, ventila
tion, lighting and plug-in machinery [7]. The building sector, hence, 
plays a key role in reducing the impacts of climate change, with the 
reduction of the energy demand and by maximising the use of renewable 
energy. 

In this context of global effort in reducing buildings’ environmental 
impact, it is important to remark that improving buildings performances 
should bring to better comfort levels. Their energy demand greatly de
pends on comfort requirements, as also envisioned by the latest recast of 
EU directive 844/2018 [8] which states that “energy needs for space 
heating, space cooling, domestic hot water, ventilation, lighting and 
other technical building systems shall be calculated in order to optimise 
health, indoor air quality and comfort levels”. In particular, energy de
mand for ventilation, heating and cooling is driven by thermal comfort 
standards [9,10]. 
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1.1. Thermal comfort background 

Given this picture, it is recognized that buildings determine the in
door environmental quality, where thermal comfort and occupants’ 
well-being are the key performance indicators [11,12]. There has been a 
growing interest in indoor thermal comfort and its impact on human 
well-being [13], considering that humans spend roughly 90% of their 
time indoors, especially after Covid-19 spreading. Therefore, several 
problems could rise from the lack of thermally comfortable environ
ments, such as sick building syndrome, complaints, absenteeism, and 
reduced work productivity [14,15]. 

The definition of thermal comfort by the ASHRAE is: “the condition 
of the mind in which satisfaction is expressed to the thermal environ
ment” [16]. That definition highlights the cognitive aspect of a mind 
condition which is influenced by physical, physiological, psychological 
and other factors [17]. 

In general, the most common standards for thermal comfort rely on 
adaptive or steady-state models. Most of the adaptive models are based 
on findings from the simultaneous collection of data on the thermal 
environment and thermal response of subjects, with the scope of 
determining the indoor thermal conditions, and the influencing pa
rameters, that satisfy occupants’ expectations. The resulting adaptive 
models turned out to provide experimental relationships where the 
thermal comfort temperature is a function of the outdoor air tempera
ture [10 18]. Among steady-state models, the most used for the thermal 
comfort evaluation is based on the PMV, created by P.O. Fanger five 
decades ago, and still at the basis of recent thermal comfort studies 
[19–24]. The PMV index is function of six parameters and, according to 
ISO 7726 [25], four of them are ambient parameters (air temperature, 
air velocity, RH, mean radiant temperature). The other two parameters 
are personal factors, clothing insulation and metabolic rate, and their 
estimation is described in other two standards, ISO 9920 [26] and 8896 
[27] respectively. In the context of personal factors, the description of 
human metabolic rate is fundamental for the thermal comfort assess
ment, as demonstrated by several studies [28,29]. 

However, neither PMV nor the adaptive model encompasses the 
physiological aspect in terms of thermal perceptions, ignoring personal 

psychophysics influence on the perception of thermal comfort. In this 
respect, a personal comfort model concept is introduced, aimed at pre
dicting the individual’s thermal comfort response (instead of the 
average response of a large samples of individuals) [30]. 

Several recent studies have tried to develop personal thermal com
fort models by considering different variables: 1) environmental quanti
ties 2) occupant behaviour and 3) physiological responses. A “personalized” 
model can be developed by integrating those three types of variables 
[31]. Previous studies found that some physiological parameters could 
reflect occupants’ thermal conditions [32–35]. 

1.2. Aim and approach 

In the context of “personalized” models, Persiani et al. [36] in their 
review, introduced the physiological signals as good parameters for 
evaluating the indoor comfort. They highlighted the importance of the 
interaction between indoor environmental factors and physiological 
signals, identifying human response to the environmental stressors. 
Their discussion is mainly focused on the definition of the environ
mental parameters and physiological signals involved in the thermal 
comfort process, discussing the consequences for human being in the 
case of exposure to a discomfortable thermal environment. 

The aim of the current review is to provide insight on the dimen
sional analysis of subjective thermal comfort metrics with a focus on 
thermodynamic, metrological, and biomedical aspects of the occupants’ 
physiological thermal comfort responses, giving space to the discussion 
about measurement methodologies and data analysis techniques. 
Several physiological signals were discussed in literature in the field of 
thermal comfort. The proposed review investigates four of them based 
on their relevance in the context of using wearable devices for thermal 
comfort measurement based on physiological features [36]. EEG, ECG in 
Sections 3 and 4, respectively, ST and GSR in Section 5. 

Concerning the measurement technologies, this review presents a 
panning on wearable sensors (semi-invasive devices [37]) defined as a 
great opportunity for advancing in physiological-based thermal comfort 
studies. Previous studies often employed off-the-shelf, low-cost wear
able sensors. The sensing accuracies of those sensors were not known, 

Nomenclature 

ABM Advanced Brain Monitoring 
ANS Autonomic Nervous System 
ANT Advanced Neuro Technology 
ASHRAE American Society of Heating Refrigerating and Air- 

conditioning Engineers 
AVAs Arteriovenous Anastomoses 
BLE Bluetooth Low Energy 
BMI Body Mass Index 
CART Classification and Regression Trees 
CNS Central Nervous System 
EC Eyes Closed 
ECG Electrocardiography 
EDA Electrodermal Activity 
EEG Electroencephalography 
EO Eyes Opened 
ERP Event-Related Potential 
GSR Galvanic Skin Response 
GSC Galvanic Skin Conductance 
HDBR Head Down Bed Rest 
HF High Frequency Power 
HMM Hidden Markov Model 
HR Heart Rate 
HRV Heart Rate Variability 

IBI Inter Beat Interval 
IPCC Intergovernmental Panel on Climate Change 
IRT Infrared Thermography 
LDA Machine Learning Method 
LF Low Low Frequency Power 
LFnorm Low Frequency Power Normalized Unit 
HFnorm High Frequency Power Normalized Unit 
LF/HF Low Frequency to High Frequency Ratio 
MST Mean Skin Temperature 
PMV Predicted Mean Vote 
PPG Photoplethysmography 
PRV Pulse Rate Variability 
PSD Power Spectral Densities 
RAB Alpha-Beta Wave Ratio 
RB Relative Beta Wave 
RH Relative Humidity 
RMSE Mean Root Mean Square Error 
SC Skin Conductance 
SR Sweat Rate 
ST Skin Temperature 
SVM Support Vector Machine 
UTCI Universal Thermal Climate Index 
VLF Very Low Frequency Power 
VU-AMS VU University Ambulatory Monitoring System 
w Skin Wittedness  
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even though a high accuracy and reliance were reported. Often, the 
manufacture specifications came from a validation performed in labo
ratory where a static environment was used for the accuracy assessment, 
which could be fairly different when sensors were used in real envi
ronments. In this review, the authors aim at delineating the accuracy of 
such wearable sensors by comparing wearable sensors and medical de
vices, showing as new semi-invasive technologies are quite suitable and 
accurate. In addition, major achievements and opportunities for future 
developments and guidelines of thermal comfort models based on 
physiological parameters are presented. 

The literature review, presented in this work, is based on the search 
of articles in the field of physiological measurements for indoor thermal 
comfort assessment and characterization of measurement performance 
of wearable sensors. The search was performed using digital libraries 
(Scopus, Google Scholar) and giving priority to articles published in 
scientific journals and with more recent year of publication. Searches 
were done using the following keywords: “indoor thermal comfort”, 
“physiological measurement”, “EEG”, “ECG”, “skin temperature”, 
“galvanic skin response”, “wearable sensors”, and their combinations (e. 
g “indoor thermal comfort” AND “EEG”). Each article was analysed and 
classified according to the covered topic. Search results were not filtered 
on the experimental conditions and results from studies performed in 
controlled, pseudo-real and real environments were considered. Fig. 1 
shows the number of reviewed papers for each of the main topics 
discussed. 

2. Physiological basis and indices of thermal comfort 

As mentioned, thermal comfort can be predicted using adaptive or 
steady-state models. The PMV-based model by Fanger [24] used a 
thermal sensation scale to predict the mean response of a large sample of 
individuals. Instead, the adaptive thermal comfort theory considers 
people as active parts that respond to the ambient thermal stimuli uti
lizing adaptations in terms of physiological, behavioral and psycholog
ical dimensions [35,38]. This section describes the physiological 
response of human body to the surrounding environment. 

Thermal comfort depends on the cooperation of two thermoregula
tory systems: the controlled passive system and the controlling active 
system. Fig. 2 and Fig. 3 show the basic features of the passive and active 
system, respectively. The passive system is modeled by considering the 
human body and the phenomena of heat transfer that occur, involving 
its core and surface [39]. It describes the exchange of heat and humidity 
between the human body and the surrounding environment. The human 
body metabolism is the major producer of heat which is partially lost 

through the evaporation of body fluids via the skin surface and sensible 
heat exchanges with surroundings. More specifically, heat exchanges 
between the human body and the surrounding environment are con
ducted through respiration, short wave radiation, evaporation, long 
wave radiation, convection and clothing. 

The passive system is controlled by the active system (Fig. 3). 
The controlled variable is a combination of internal temperature 

(deep organs) and skin temperature. The controlled system is influenced 
by internal (e.g. internal heat production) and external (e.g. linked to 
environmental heat or cold) thermal disturbances [40]. Thermorecep
tors placed on the skin can detect the external thermal stimuli. The 
thermoregulatory system acts to prevent that the thermal disturbance 
reaches the body core. A part of the CNS, the hypothalamus, controls the 
ANS. The control actions are: heat generation (e.g. by shivering), in
ternal thermal resistance (by vasomotion), external thermal resistance 
(e.g. by control of respiratory dry heat loss), water secretion and evap
oration (e.g. by sweating and respiratory evaporative heat loss) [40]. 
The behavioral regulation system includes active movements and ad
justments of clothing. Normally, occupants utilize different methods of 
adaptations in terms of physiological, behavioural, and psychological 
response to reach the ‘comfortable’ thermal state. Active adaptation is 
influenced by multiple factors concurring to the achievement of 
comfortable conditions [10]. Since thermal comfort is a physiological 
mental state that is affected continuously and quantitatively by changes 
over time, its estimation needs the employment of indices that evaluate 
the thermal comfort levels of occupants continuously and quantitatively, 
such as physiological parameters. 

It has been identified that indices extracted from physiological sig
nals like EEG, ECG, respiration rates and the skin temperature are valid 
for the thermal comfort estimation [41]. Thermal receptors, located on 
the skin, transmit the thermal stimulation to the CNS which has influ
ence on the thermal sensation. ANS is affected by this change in thermal 
sensation, at this point the response is conducted through the locomo
tive organs. Considering this process, it is reasonable to define the ST as 
the indicator of heat transfer, between the environment and the human 
body, EEGs as indicator of the reaction of the CNS, and ECGs as the 
indicators of the reaction of the ANS. Gagge and colleagues [42] con
ducted a series of experiments to describe the physiological response 
(metabolism, evaporative heat loss, average ST, tympanic and rectal 
temperatures) over different ambient temperatures (12–48 ◦C). Their 
experimental results showed how shivering was the physiological 
response to compensate cold temperatures and sweating to offset the 
cooling effect; they recorded an increase of ST with the ambient air 
temperature until 28 ◦C , above this temperature it became uniform. Yao 
et al. [43] carried out an experiment, involving 20 subjects, to study the 
physiological responses. The results demonstrated how the ST, the ratio 
of LF to HF of ECG and the different EEG frequency bands vary in 
response to changes of temperatures. Gwak et al. [44] investigated the 
relationship between the physiological indices and thermal comfort, 
obtaining a significant correlation between the value of the comfort 
sensation and the physiological indices in relation to ST, EEGs, and 
ECGs. The strong interdependence of objective and subjective factors for 
thermal comfort assessment has been largely confirmed by many 
studies, making physiological parameters measurements a fundamental 
step for this purpose. 

Across all the physiological parameters above mentioned, EEG signal 
has been particularly studied because it directly responds to the activ
ities of the nervous system. Studies presented in [45,46] revealed that 
EEG frequencies change in conjunction with body or brain temperature 
variations and that ambient temperature has influence on the EEG PSDs 
[47]. For example, it has been reported that the spectral power of EEG 
beta band significantly increases when subjects feel thermally uncom
fortable, while the spectral power of theta and delta bands decreases 
[48]. 

Another physiological parameter which could be representative of 
the thermal comfort level is the ECG. HR and cardiac cycle are controlled Fig. 1. Classification of papers reviewed for each of the main topics discussed.  
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by ANS. The HRV is influenced by the parasympathetic and sympathetic 
nervous systems, by release of acetylcholine, epinephrine and norepi
nephrine [49]. The main informative spectral peaks of the HRV signal, 
VLF: 0.003–0.04 Hz, LF: 0.04–0.15 Hz and HF: 0.15– 0.4 Hz, give in
formation about the modulatory effects of neural mechanism on the 
sinus node [50]. Some studies revealed that HR is usually higher in a hot 
environment than those in a cold one [51]. Several studies showed how 
LF/HF ratio, that represents the balance between parasympathetic and 
sympathetic activities, increases when the thermal comfort sensation 

decreases and tends to small values when subjects feel neutral sensation 
[52]. 

A third physiological parameter suitable as thermal comfort indica
tor is the ST. It is involved in the body thermoregulation through the 
action of many thermal receptors connected to hypothalamus neurons 
that reacts to external temperature changes, contributing to maintain 
constant the body temperature by dilating or constricting the vessels in 
response to ambient temperature [53]. When a subjects feels thermal 
comfort, it has been observed a fluctuation of peripheral ST, which 

Fig. 2. Diagram of passive system for thermal comfort.  

Fig. 3. Diagram of active system for thermal comfort.  
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disappeared when the subject is in the opposite state [54]. 
Another physiological parameter established as a thermal comfort 

indicator is the GSR. Several studies reported that the amount of sweat is 
highly related to thermal status. The idea that thermal status is highly 
correlated to the amount of sweat was supported by many studies 
[48,55]. Some research experiments demonstrated that sweat rate 
changes according to the human thermal status [56]. 

3. Electroencephalogram (EEG) 

EEG is the measure of the spontaneous electrical activity, taking 
place inside the brain [57]. It measures the voltage change caused by the 
movements of ions in the brain’s neurons. The recording of EEG signals 
is done by placing electrodes on the scalp of the subject. Usually, the 
electrodes (for an Electrode cap 8–14 channels) are placed at AF3, F7, 
F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF4 according to the In
ternational 10–20 system (Fig. 4a). 

Electrons are pushed or pulled on the metal of the electrodes once 
that the wave of ions comes in contact with them. For its nature, metal is 
a good conductor of electrons, so it is responsible for a voltage difference 
between any two electrodes. The recording of these voltage changes is 
called raw EEG signal. A raw EEG signal is measured in the range of μV, 
10 μV to 100 μV of amplitude when measured from the scalp and about 
10–20 mV when measured using subdural electrodes. The raw EEG 
signal may include artefacts, such as: movement related potentials, eye 
blinks, movement of facial muscles, biomedical artefacts like HR, 
respiration, and environmental artefacts like line noise, pulse, electrode 
stabilization. A raw EEG data once collected undergoes various pre- 
processing steps to become readable. Pre-processing steps involve a 
filtering process to eliminate all the electrophysiological artefacts such 
as DC offset, low frequency skin potential artefacts, eye blinks and 
muscle activities. The artefact free continuous data are then segmented 
into units called EEG epochs. The brain activities can be quantified by 
the power densities of different frequency ranges on each epoch using 
spectral analysis or ERP in function of the aim of the study [58]. 

Generally, the EEG signals of interest are in a frequency range be
tween 0.05 and 40 Hz. There are five major brain waves based on the 
frequency of the signal [57], as shown in Fig. 4b. Delta waves, 0.5–4 Hz, 
are associated with deep sleep. Theta waves, 4–8 Hz, is related to REM 
sleep and meditation. Alpha waves, 8–13 Hz, is dominant in quietly 
thoughts and in some meditation state. Alpha waves are often present in 
relaxed awareness without attention or concentration and reduces or 

disappears by mental concentration or attention. Beta waves, 13–30 Hz, 
are the usual waking rhythms of the brain associated with waking state 
of consciousness when attention is directed to cognitive tasks and 
outside world. The frequencies above 30 Hz correspond to the gamma 
range, brain waves correlated to sharing information rapidly and to high 
mental activities. 

3.1. EEG sensors: Reliability of wearable devices 

Recently, there has been a growing interest for portable low-cost EEG 
devices, available also for researcher scope in the field of neuro-analysis. 
EEG hardware technology has evolved and several wireless devices to 
acquire physiological signals in an easier, cheaper, and more comfort
able way than traditional systems have been emerged, capable of 
delivering high quality EEG. Medical EEG systems need excessively long 
assembly and application time, leading in some cases to the excoriation 
of patient’s scalp. Currently portable devices overcome this issue mak
ing assembly comfortable and with an application time shorter than 20 
min. Debener et al.[59] merged a consumer 14-channel wireless EEG 
(128 Hz sampling rate; 0.16–45 Hz band-pass) from Emotiv hardware 
with an EEG electrode cap to build a low-cost and wireless EEG system. 
They found that good quality single-trial EEG data suitable for mobile- 
computer interface can be obtained with affordable hardware. They 
assessed that small and wireless systems minimize the movement of 
electrode wires that is one of the major sources of electromagnetic 
interference and electrodes displacement, leading in turn subjects free to 
behave during the data acquisition. 

Krigolson et al. [60] demonstrated that a portable MUSE EEG system 
(InterAxon Inc.) and a single computer can be used to successfully 
conduct an ERP study. Specifically, they demonstrated advantages of the 
portable system: it is a low-cost device, the EEG setup requires<10 min 
and provides fairly good quality of data. Youssef and colleagues [61] 
used MUSE to investigate potential lies. The experiment showed great 
success for their experimental purpose. Maskeliunas and colleague [62] 
evaluated low-cost portable devices EEG devices like the Emotiv EPOC 
[63] and the Neurosky MindWave. The experiment investigated con
centration/relaxation and blinking recognition tasks of participants. 
Results showed that both devices have high variability of attention data. 
Neurosky reached a recognition accuracy <50%, while the Emotiv 
reached a recognition accuracy of more than 75%, for tasks requiring 
concentration and relaxation. Badcock and colleagues [64] compared 
ERPs measures acquired by gaming EEG system (Emotiv EPOC) and 

Fig. 4. a) The 10–20 system EEG electrodes placement; b) Example of measured brain waves in the time domain.  
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research EEG system (Neuroscan). They demonstrated that the gaming 
EEG system produced fairly good results even if slightly less reliable 
than the research EEG system. A comparison between a medical system, 
the ANT device, and the portable Emotiv EPOC was investigated by 
Duvinage et al. [65]. The study revealed that: the portable device per
formed significantly worse than the medical device. Although the 
Emotiv EPOC is low cost and easy to use, it requires saline solution, in 
this case a problem can raise for full-day applications, because the saline 
liquid evaporates quicker than gels, compromising the performances. 
Ratti et al. [66] compared quantitative EEG signals and test–retest 
reliability of traditional and consumer EEG systems. The EEG systems 

compared were medical-grade (B-Alert, Enobio), and consumers (MUSE, 
Mindwave). The comparison was done considering PSDs only from Fp1 
electrode and test/retest reliability were performed in EC and EO con
ditions. This study gave proof that consumer EEGs provide a good data 
quality. However, Muse and Mindwave were more inclined to collect 
eye blinks and muscle movement artefacts in EO condition, probably 
due to the dry electrodes acquisition system, causing an increase of 
PSDs. In EO condition, the two medical devices and Mindwave showed 
similar PSDs curves. The same trend was found in the EC condition: B- 
Alert, Enobio, and Mindwave had the same broadband power spectra, 
while MUSE provided a higher variation compared to the other systems. 

Table 1 
Summary of studies on the technical characteristics of medical and low-cost portable EEG devices.  

Authors Years Devices Company Cost Battery-Life Channels/ 
Electrodes 

Motion 
monitoring 
capacity 

Setup 
time 
(min) 

Sampling 
Rate 

Data Storage Results 
reported in 
the study 

Debener 
et al. [59] 

2012 Emotiv 
EPOC 

Emotiv (EPOC 
+ Emotiv Inc. 
USA) 

$849 Up to 12 h 14/Dry Accelerometer 
3-axis +/-8g; 
Gyroscope 3 – 
axis +/ − 500 
dps 

3–5 128 SPS/ 
256 SPS 
(2048 Hz 
internal) 

Proprietary 
2.4 GHz 
wireless, 
BLE and USB 

Good quality 
single-trial 
EEG data 

Duvinage 
et al. [65] 

2013 Waveguard ANT Neuro, 
Netherlands 

N/A N/A 128/Wet Not embedded 40 2048 Hz N/A Good signals 
even in 
frequency 
range < 0.5 
Hz 

Badcock 
et al. [64] 

2015 Neuroscan Neuroscan 
Compumedics 
Limited (ASX: 
CMP), (U.S. A) 

N/A N/A 16/Wet Not embedded 30–45 1000 Hz N/A High 
quality EEG 
data 

Badcock 
et al. [64] 

2015 Emotiv 
EPOC 

Emotiv (EPOC 
+ Emotiv Inc. 
USA) 

$849 Up to 9 h 14/Dry Accelerometer 
3-axis +/-8g ; 
Gyroscope 3 – 
axis +/ − 500 
dps 

10–15 128 SPS/ 
256 SPS 
(2048 Hz 
internal) 

Proprietary 
2.4 GHz 
wireless, 
BLE and USB 

Emotiv 
produced 
reliable 
waveforms, 
but less than 
Neuroscan 

Maskeliunas 
et al. [62] 

2016 Emotiv 
EPOC 

Emotiv (EPOC 
+ Emotiv Inc. 
USA) 

$849 Up to 9 h 14/Dry Accelerometer 
3-axis +/-8g ; 
Gyroscope 3 – 
axis +/ − 500 
dps 

3–5 128 SPS/ 
256 SPS 
(2048 Hz 
internal) 

Proprietary 
2.4 GHz 
wireless, 
BLE and USB 

Emotiv reach 
an accuracy 
of more than 
75% 

Maskeliunas 
et al. [62] 

2016 NeuroSky 
Mindwave 

NeuroSky, 
Silicon Valley- 
based 
company (U.S. 
A) 

$109.99 8 h 1/Dry Not embedded 3 512 Hz (no 
customized) 

BT/BLE dual 
mode 
module 

Neurosky 
accuracy 
is<50% 

Krigolson 
et al. [60] 

2017 Muse Interaxon, 
Toronto, (CA) 

$219.99 5 Hours of 
Continuous 
Use 

4/Dry 3 - axis 5 220 Hz Wireless 
Connection: 
BT 4.2 

MUSE EEG 
system is 
suitable for 
ERP research 

Ratti et al.  
[66] 

2017 Muse Interaxon 
Toronto, (CA) 

$219.99 5 Hours of 
Continuous 
Use 

4/Dry 3 – axis 5 220 Hz Wireless 
Connection: 
BT 4.2 

Fairly good 
quality EEG 
data. MUSE 
prone to eye 
blink 
artefacts 

Ratti et al.  
[66] 

2017 NeuroSky 
MindWare 

NeuroSky, 
Silicon Valley- 
based 
company (U.S. 
A) 

$109.99 8 h 1/Dry Not embedded 3 512 Hz (no 
customized) 

BT/BLE dual 
mode 
module 

Fairly good 
quality EEG 
data. 
MindWare 
prone to eye 
blink 
artefacts 

Ratti et al.  
[66] 

2017 B-alert X24 (ABM) N/A N/A 24/Wet N/A 20–25 256 Hz BLE High 
quality EEG 
data. 

Ratti et al.  
[66] 

2017 Enobio 20 Neuroelectrics N/A N/A 20/Wet 3 - axis 20 500 Hz BLE High 
quality EEG 
data 

Youssef et al. 
[61] 

2019 Muse Interaxon $219.99 5 Hours of 
Continuous 
Use 

4/Dry 3- axis 5 220 Hz (no 
customized) 

Wireless 
Connection: 
BT 4.2 

MUSE 
showed 
effectiveness 
and 
efficiency  
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In any case, data quality of portable EEG systems was overall nega
tively affected by artefacts due to dry electrodes. As expected, the data 
quality was decreased especially on EO condition because of the lack of 
impedance application capability to the frontal region [66]. In addition, 
the EEG data acquisition with portable devices is limited only to the 
brain region covered by the few channels, preventing multi-networks 
evaluations. Nevertheless, recent advancements in sensing technology 
and data processing methodologies have strongly contributed to 
consider portable and low-cost sensors for EEG signals acquisition as a 
potentially high-precision tool to study the physiological responses to 
external stimuli. Table 1 summarizes the technical characteristics of the 
above-mentioned devices, derived from the literature review. 

3.2. EEG and thermal comfort 

In the past decades, researchers assessed the competency of EEG 
signals to give information about thermal comfort and thermal sensa
tion. In fact, it has been demonstrated that EEG signal is strictly con
nected to sensory and cognitive processes, that are influenced by 
external stimuli, for example the variation of ambient temperature. 
Therefore, thermal state can be revealed from the EEG analysis [67]. 
Studies reviewed in this section show how changes of EEG signals are 
linked to the outer thermal state variation, highlighting the key role of 
EEG data for the thermal comfort evaluation. Such changes are generally 
investigated with features calculated from the postprocessing of EEG 
data acquired for a certain period of time (e.g., 5 min), during which a 
subject is exposed to determined conditions. Nevertheless, a methodol
ogy, based only on real-time EEG signal, for assessing instantaneous 
individual thermal sensation is still missing. 

In the field of indoor thermal comfort evaluation using EEG signals, 
studies based on different methodologies of data analysis and different 
type of EEG experiments have been reviewed. In particular, the 
following three subsections present main outcomes on EEG frequency 
bands correlation with thermal comfort, machine learning based EEG 
pattern recognition and experimental setting based on the ERP estima
tion, respectively. Finally, Table 2 summarizes EEG and thermal comfort 
relationship studies that are discussed in this subsection. 

3.2.1. EEG frequency bands and thermal comfort 
As introduced in Section 3, information about the state of mind can 

be extracted by spectral estimation applied on continuous EEG re
cordings in a time period to calculate the power of several rhythms 
within the five brain frequency bands. Prominence of each frequency 
band is correlated to a certain type of mental functioning as shown in 
Fig. 4b. For example, it has been demonstrated that dominant gamma 
corresponds to high mental activity and concentration, instead domi
nant alpha corresponds to relaxed conditions. A stress condition is 
characterized by high power for beta and gamma waves and by low 
power for delta, theta and alpha waves. Hot/cold environments could 
induce a stressful state. Thus, the analysis of bands’ PSD is generally 
used to determine whether a person feels thermal comfortable, stressed 
or relaxed. Different methods of analysing the PSD from EEG recordings 
have been found in literature. In fact, different features can be extracted 
from the PSD and used as dependent variables in statistical analysis: 
mean absolute and relative power of brain waves, to mention just a few 
of the used features. 

Son et al. [68] tested a method for correlating both psychological and 
physiological measures using EEG. During the experiment, EEG was 
monitored, and a survey questionnaire was submitted to participants to 
collect thermal sensation and thermal comfort votes. The PSD analysis of 
EEG revealed that EEG theta band increased while beta band decreased 
with thermal pleasure. Lim and colleagues [69] correlated EEG to 
thermal sensations to study the thermal comfort of heated seats in au
tomobiles. They found that RB (β/brain wave sum) decreased with 
thermal satisfaction and RAB (α/β) increased. Nevertheless, only RAB 
showed a significant correlation with thermal sensation. Choi et al. [70] 

registered EEG activities of occupants under different thermal condi
tions to assess the stress level. They found the highest stress at high 
temperature (30 ◦C). They assumed that changes in alpha waves provide 
information when the environment is stress-free and beta waves when it 
is stressful. Gwak and colleagues [71] studied the thermal comfort in 
vehicles using a medical device. They considered the physiological pa
rameters correlation with the indoor temperature changes. Considering 
their findings, a high value of theta band was found for high state of 
arousal level and vice versa. Instead, alpha and beta waves showed the 
opposite trend. Zhu et al. [72] investigated EEG responses when par
ticipants performed cognitive tasks under different thermal conditions 
and RH. They found that a RH of 70% and increased temperature in 
correspondence to this RH level was responsible for notably increase of 
the relative power of δ-band and decrease of relative power of θ, α, β 
bands. 

3.2.2. Machine learning-based EEG pattern and thermal comfort 
Machine learning techniques have been considered as a valid method 

for EEG analysis to investigate task-related states and extract informa
tion from high-dimensional EEG data [73]. Theoretically, when the 
brain activity responds differently at a particular time point in two 
different states, it is possible to use those responses to decode the in
dividual’s perception. By means of machine learning technique, it is 
possible to take the brain features as independent variables for a 
particular condition and predict the class that the condition belongs to. 
In this view, those methods have been largely used in conjunction with 
passive real-time measurements to classify occupants thermal comfort 
states [74]. Machine learning-based EEG pattern recognition was used 
by Shan et al. [74,75] to investigate the interaction of occupants with 
the building under different environmental conditions. The study 
revealed that human response collected through questionnaires was 
correlated with the EEG frontal asymmetry. The different mental con
ditions measured under different temperatures were recognized through 
machine learning techniques applied to EEG signal, in particular LDA 
classifiers [76]. LDA is considered as one of the most reliable classifi
cation algorithms, equivalent to Fisher Discriminant Analysis and Least 
Squares Regression [77]. It is simple to implement, computationally 
cheap and easy to apply. Wu et al. [78] used EEG signals to assess 
thermal comfort in private space. Statistically differences (p < 0.01) 
were found when comparing the total average energy of different bands 
(alpha, beta and delta). Nevertheless, such difference was not found in 
all the electrodes, but only in the occipital (O1, O2) and parietal ones 
(P3, P4). Concerning the warm conditions, an increase of delta waves 
and a decrease of beta waves was detected. This could be explained by 
the potential sense of sleepy state of mind (increased delta) and lowered 
attention level (decrease beta) due to warm sensation. Using such re
sults, they developed a LDA classifier capable of recognizing user ther
mal comfort with 90% of accuracy starting from the analysis of the EEG 
spectral power. 

3.2.3. ERP and thermal comfort 
The idea that the thermal environment affects occupants’ emotional 

responses was supported by Kim and colleagues [75]. They investigated 
the effect of thermal sensations on people’s emotional responses by 
measuring an ERP. The ERP components were investigated across 
different temperature conditions (cold: 17.8 ◦C, neutral: 24.4 ◦C, hot: 
30.8 ◦C) based on which kind of emotion-eliciting stimulus was 
involved. The results of that study showed a statistical significance for 
the subjective thermal sensations. The indoor temperature did not affect 
notably the participant’s emotions, probably because the participants 
perceived the same indoor thermal condition in a different manner. 
Finally, the study from Kim et. al turned out to provide a positive bias 
when participants felt neutral and slightly warm, a negative bias in all 
other cases. 
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Table 2 
Summary of studies on EEG and thermal comfort relationship.  

Authors Years Goal Methods Devices Cost Battery-life Measured 
factor 

Number of 
participants 

Results reported in the study 

Choi et al.  
[70] 

2014 Investigate the effects of 
indoor environment on 
human stress. 

EEG Spectral Analysis EEG 8 channels of 
MP150 (Biopac System      

Inc., Santa 
Barbara, 
CA, USA) 

N/A N/A Brain frequency bands 
(alpha and beta) 

12       

Pool least square test defined alpha and beta waves as good indicator of stress condition 
Shan et al.  

[76] 
2017 Classify the different mental 

conditions under different 
thermal states. 

Machine learning 
(LDA) and subjective 
questionnaire 

Portable wireless 
headset 14 channels 
(EPOC + Emotiv Inc. 
USA) 

$849 Up to 9 h Brain 
frequency 
bands 

22 LDA was used to classify the brain 
frequency band related to thermal 
sensation vote of participants. The 
model has an accuracy of about 
90% 

Kim et al.  
[75] 

2017 Investigate the effect of 
thermal sensations on 
people’s emotional responses 

Event related 
potential (ERP), 
Repeated-measure 
ANOVA 

Electrode cap 8 
channels (Electro-Cap 
international, Inc., 
Eaton, OH, USA) 

$276.00 N/A ERP 139   

ERP was correlated to air temperature. Positivity bias in neutral and slightly warm condition, and negativity bias in all other cases 
Son et al.  

[68] 
2018 Correlate psychological and 

physiological measures using 
EEG. 

EEG Spectral Analysis Wireless EEG device 9 
channels (B-Alert X10, 
ABM, Carlsbad, CA, 
USA) 

N/A 8 + hour 
rechargeable 
battery life 

Brain 
frequency 
bands (theta, 
beta) 

50   

EEG theta band increased, while beta band decreased with thermal pleasure in POz,Cz and Fz electrodes. 
Lim et al.  

[69] 
2018 Correlate EEG to thermal 

sensations. 
EEG Spectral Analysis Electrode cap 8 

channels 
N/A N/A Brain 

frequency 
bands (RAB, 
RB) 

10   

RAB increased with thermal satisfaction, RB decreased with thermal sensation satisfaction 
Shan et al.  

[74] 
2020 Classify occupants’ thermal 

comfort perceptions. 
Machine learning 
(LDA) and subjective 
questionnaire 

Portable wireless 
headset 14 channels 
(EPOC + Emotiv Inc. 
USA) 

$849 Up to 9 h Brain 
frequency 
bands 

22   

Brain frequency band were correlated to indoor temperature and thermal sensation using a two-way ANOVA. 
EEG based machine learning methods can classify occupants’ real-time thermal comfort states with above 90% classification rates 
Wu et al.  

[78] 
2020 Classify the thermal comfort 

under different thermal 
conditions. 

EEG Spectral analysis 
and machine learning 

Wireless EEG device N/A N/A Brain 
frequency 
bands (delta, 
beta) 

22   

For spectral analysis results: Delta waves increased, and beta waves decrease in hot environment. 
Discrimination model with accuracy of 87.9% 
Zhu [72] 2020 Examine changes in EEG 

signals during the cognitive 
activity at different air 
temperatures and relative 
humidity. 

EEG spectral analysis 
and Statistical 
Computation 

EMOTIV EPOC      

(EPOC +
Emotiv 
Inc. USA) 

$849 Up to 9 h Brain frequency bands 
(relative, delta, 
relative theta, relative 
alpha) 

32 Increase the relative δ-band 
and decreased relative θ-band, 
α-band, and β-band at high 
temperatures and 70% of RH      

S.A
. M
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4. Electrocardiogram (ECG) 

ECG provides information about the duration and the amount of the 
electrical waves passing through the heart [79]. The frequency range is 
0.05–100 Hz with an amplitude range of 1–10 mV [80]. The heart ionic 
waves generated by the heart depolarization of muscles propagates 
reaching the skin, where it can be recorded in μV with ECG electrodes 
(according to the standard protocol). Traditional ECG acquisition sys
tems make use of wet electrodes that require the use of a gel to increase 
the conductivity. Recording ECG allows the calculation of the following 
parameters: i) HR providing the frequency of a complete heartbeat, 
expressed in bpm; ii) IBI, that is the time interval between heart beats, 
expressed in ms; iii) HRV, indication of the IBI variation over time. 

The problem related to the use of several cables and wet electrodes of 
the traditional ECG system have been reduced in recent times by 
implementing wireless ECG systems. Wrist-worn wearable devices are 
strongly attractive because of the possibility to record fairly good and 
high-resolution data in continuous way and with a reduced cost. 
Currently wearable sensors are based on optoelectronic technology 
named PPG. It consists of a LED light emitting diode and a photodetector 
(a light-sensitive sensor), registering the amount of light absorbed and 
reflected at skin level, that is correlated with the pulse wave propagation 
through the blood volume. 

PPG sensors generally use two different kinds of lights: green or red. 
Green LED has a good signal-to-noise ratio, it is less prone to motion 
artifacts, but, because of its nature, it can have problems related to the 
amount of light absorbed in the case of dark skins [81]. Instead, red/ 
infrared LED has a lower signal-to-noise ratio, it allows light going 
deeper into the skin, but it is more prone to motion artifacts. PPG uses 
dry sensors and requires less time for installation, if compared to ECG, 
resulting in a device easy to be used, and less pesky for participants. PPG 
sensors have different problems because their operation relies on light 
[81–83]. Replicability and reproducibility may be compromised because 
of the lack of standardized processing procedures and technological and 
behavioural factors [81]. Shcherbina et al. [84], in their work, analyzed 
the accuracy of different wrist-worn sensors, concluding that large 
circumference, darker skin tone (as they absorb more green light [85]) 
and higher BMI positively correlated with increased HR error rates [84]. 
In addition other factors can influence the accuracy of PPG sensors like 
the wrist placement, dominant vs non-dominant hand application, and 
the hand’s movements [86]. In particular it has been found that PPG 
sensors present an error percentage that is higher during physical ac
tivity than during rest [87]. Skin and room temperature influence the 
accuracy of PPG sensors as demonstrated by Khan et al. [88], showing 
that cold temperature reduces the PPG accuracy. The ambient light is 
another environmental parameter which has a strong impact on PPG 
sensors. Constant (DC) ambient light can saturate the photodetector, 
leading to undetectable PPG signal waveform [89]. To avoid this issue, 
the DC signal must be removed before sampling. The recap of influ
encing parameters is listed in Table3: 

The restrictions above mentioned introduce unavoidably artefacts 
into acquired data, which can make the findings misleading. 

Several studies were conducted to face the issue of artefacts in PPG 
signal, different approaches have been developed to minimize the effect 
of those artefacts. [90]. Gibbs and colleagues [91] introduced an 

adaptive noise cancellation [92]. Spectral [93], non-linear cancellation 
[94], feature-based recognition of corrupt pulses [95], identification of 
interpretation errors [96] are also methods used to make the PPG signal 
artefacts-free. PPG sensors are low-cost, easy to handle and allows users 
to acquire data with remote control. 

4.1. ECG sensors: Reliability of wearable devices 

Wearable devices are useful to extract HRV information from data 
recorded in daily activities. Nevertheless, their accuracy is still under 
appraisal. PPG and ECG are two different physiological signals: ECG is 
the expression of the heart electrical activity; PPG expresses the pe
ripheral pulse wave propagation. Therefore, PRV can be considered the 
surrogate of ECG. In this respect PRV and HRV can be processed in the 
same way, getting the identical time domain and frequency domain 
features. In general wrist and chest are the most appropriate candidates 
as body locations for PPG signal acquisition [97]. 

The work conducted by Teng et al. [98] analysed PPG features to 
estimate the HRV. In rest condition, they obtained an accurate HRV 
estimation. Hong et al [99] compared Bioshirt ECG to conventional ECG. 
Both devices used in their analysis showed a good ability to detect R- 
peaks. Good results were obtained from statistical analysis (HRV cor
relation coefficient of 0.96) and a good agreement was observed from 
the PSD analysis. However, they saw that the correlation decreased at 
increasing level of activity because of the introduction of movement 
artifacts. Hernando and colleagues [100] investigated the correlation 
between two devices: Polar RS800 and conventional ECG system. R- 
peaks identified by those devices had a good accordance. Good corre
lation for all the HRV features was not revealed for high levels of ex
ercise, where they found a disagreement between the relative error of 
the devices due to the high frequency. 

The aim of Akintola and colleagues [101] was to compare Equivital 
(EQ02) with a conventional holter for home ECG measurements. Arte
facts in the Equivital data negatively affected the accuracy of the 
wearable devices. Chreiteh et al. [102] reported an overall strong 
agreement between wearable and conventional ECG devices. Partici
pants were undergone at resting and forced respirations conditions 
during the experiment. For both conditions statistical analysis identified 
a close agreement, also showing a high Pearson correlation coefficient 
for all the parameters (r >0.95 with p < 0.001). Nelson et al. [103] 
compared the Apple Watch 3 and Fitbit Charge 2 with a medical ECG. 
They provided a satisfactory value of accuracy (<±10%) during all the 
activities involved in the experiment, but the same results were not 
found for the Apple Watch 3 in the daily ones. Overall, those results 
support the idea that such devices could be useful to estimate HRV for 
research purposes. 

Schuurmans and colleagues conducted a study to valid the accuracy 
of the Empatica E4 wristband comparing this device to the VU-AMS. 
They found a significant correlation between E4 and VU-AMS 
recording for time and frequencies features [104]. In general, Empa
tica E4 [105] wristband might be only reliable with less movements. 
Studies identified high value of HRV obtained from PPG signal analysis 
[83]. Furthermore, the differences in methodology used by the reviewed 
studies cannot provide a support for in depth quantitative analysis. 
Results reported in the reviewed studies are summarized in Table 4. 

4.2. ECG and thermal comfort 

HRV is a physiological parameter largely used for thermal comfort 
measurements [107]. It gives information about the ANS. The calcula
tion of some HRV features in time domain, frequency domain and with 
non-linear analysis allows the investigation of the ANS operation. HF 
and LF are generally identified as the expression of vagus activity and 
sympathetic activity, respectively, as described in [108,109]. The sym
pathetic system controls vascular constriction, sweating, non-shivering 
thermal generation, vagus nerves control and vessel dilation [110]. 

Table 3 
Influencing parameters in PPG measurements.  

Personal Environmental 

Skin tone Room Temperature 
Body mass index Room Light 
Wrist movement  
Body Temperature  
Wrist circumference  
Dominant vs non dominant hand   
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The LH/HF ratio expresses the parasympathetic and sympathetic bal
ance. When LF/HF equals 1, it means that the two systems are almost 
similar and the thermoregulation activity may be meaningless [41]. 
Theoretically, if LFnorm/HFnorm is greater than 1.0, the vagus activity is 
less intense than the sympathetic and parasympathetic one. This situa
tion occurs for example when a subject is excited or in a state of anxiety. 
In the opposite situation, when the vagus activity is more intense than 
the sympathetic and parasympathetic one, the subject is in resting state. 

Some studies about the thermal comfort and HRV correlation 
revealed that LH/HF is affected by ambient temperatures’ changes and 
by thermal sensations perceived by occupants [43]. Yao et al. [43] used 
ECG to see how subjects responded to the ambient temperature (21 ◦C, 
24 ◦C, 26 ◦C and 29 ◦C) and to investigate its relationship with the 
thermal comfort sensation that was collected with questionnaires. A 
statistical analysis revealed that the LFnorm/HFnorm of ECG is affected by 
the ambient temperatures and by thermal sensations. They observed 
that, the LFnorm power of ECG decreases when the ambient temperature 
starts to increase, going from 21 ◦C to 26 ◦C and above 29 ◦C. A sig
nificant increase was recorded for the HFnorm at first, a smaller one was 
identified after 26 ◦C. LFnorm and LFnorm/HFnorm reached their minimum 
in the neutral condition. Lan et al. [111] found that participants in their 
experiment were negatively influenced by hot environments, where a 
high value of LF/HF was detected. Results from Weiwei et al. [51] 
demonstrated that LF/HF can be used as indicator for thermal comfort 
assessment, showing higher values in hot and cold environments and 

lower values in neutral condition. Yao [41] demonstrated how physio
logical and environmental parameters are correlated in thermal comfort 
investigation. They found that value of LFnorm/HFnorm tended to 1.0 
when subjects felt neutral sensation. They saw also that high values of 
LFnorm/HFnorm correspond to discomfort conditions. Another study that 
investigated the thermal comfort from physiological aspect was con
ducted by Zhu et al. [52], they demonstrated that HRV could be an in
dicator of thermal comfort. High LF/HF was related to warm and cold 
sensations. Instead, for LF/HF values close to 1, comfortable thermal 
sensation was found. The idea that HRV could be used to study thermal 
comfort was supported also by Nkurikiyeyezu et al. [112]. A machine 
learning classification algorithm was developed to predict thermal 
sensation starting from HRV, achieving a prediction accuracy up to a 
93.7%. Zhu and colleagues [113] studied thermal comfort considering 
the human body under weightlessness condition. They demonstrated 
that the changes in thermal comfort of participants, in before and after 
HDBR, changed in a similar manner. A value of LF/HF equal to 0.8 was 
found when subjects felt comfortable before HDBR, 1.3 after HDBR. 
Gwak and colleagues [71] also investigated the thermal comfort in ve
hicles. They used ECG signal as continuous and quantitative measure
ments to make a comparison with the subjective thermal sensation. The 
results showed high values of LF/HF for uncomfortable states and low 
values in comfortable ones. Wang et al. [114] used the HRV as a phys
iological parameter to investigate the influence of emotion on thermal 
perception of occupants. In boring condition, participants showed a high 

Table 4 
Summary of studies on the technical characteristics of medical and low-cost portable ECG devices.  

Authors Year Device Company Cost Battery-Life Sampling 
Rate 

Motion 
monitoring 
capacity  

Data Storage Sensor 
location 

Results 
reported in the 
study 

Teng et al.  
[98] 

2003 Reflectance 
PPG sensor 

N/A N/A Not 
specified 

1000 Hz N/A  N/A Right 
index 
finger 

Good 
agreement 
during rest, not 
good during 
exercise 

Hong et al.  
[99] 

2016 Bioshirt ECG BIOPAC 
Systems, Inc. 
(CA) 

N/A Not 
specified 

200 Hz N/A  Wireless 
BioNomadix 
trasmitter 

Chest Excellent 
agreement 
between 
Bioshirt and 
conventional 
ECG 

Akintola et al. 
[101] 

2016 EquiEQ02 
Life Monitor 

Equivital Inc 
(N.Y.) 

N/A Up to 48hrs 
battery life 

Not 
specified 

N/A  8 GB memory 
for up to 50 
days of 
continuous 
data logging 

Chest 
(Belt) 

Comparison 
depends on 
artefacts 

Flatt et al.  
[106] 

2017 PPG sensor Not specified N/A Not 
specified 

Not 
specified 

N/A  N/A Finger Good 
Agreement 

Hernando 
et al.  
[100] 

2018 Polar RS800 Polar Electro 
Inc./Polar 
Electro Oy 
(Kempele, 
Finland) 

$49.95 Average 1 
year (1 h/ 
day, 7 days/ 
week) 

1000 Hz N/A  USD 
connection 

Chest Good 
agreement 
between 
Bioshirt and 
conventional 
ECG 

Nelson et al.  
[103] 

2019 Apple Watch 
3 

Apple Inc 8 
(1 Apple 
Park Way 
Cupertino, 
California, U. 
S.) 

$399 Up to 18 h N/A Accelerometer 
up to 16 g-forces; 
gyroscope 
embedded   

• LTE and 
UMTS  

• Wi-Fi 
802.11b/g/n 
2.4 GHz  

• Bluetooth 
4.2 

Wrist Acceptable 
heart rate 
accuracy 
(<±10%) 

Nelson et al.  
[103] 

2019 Fitbit 
Charge 2 

Fitbit, Inc. 
(San 
Francisco, 
California) 

$113.91 Standby 
:5days+, 
Mixed 
usage: 1 
day+

N/A Accelerometer 3- 
axis  

BLE 4.0 Wrist Acceptable 
heart rate 
accuracy 
(<±10%) 

Schuurmans 
et al.  
[104] 

2020 Empatica E4 Empatica 
Inc. (Boston, 
MA) 

$1,690.00 Streaming 
mode: 24 +
hrs, Memory 
mode: 48 +
hrs 

64 Hz Accelerometer 3- 
axis  

Flash memory 
up to 60 h of 
data can be 
stored, BLE LE 
(Smart) 

Wrist Significant 
correlation 
between E4 and 
conventional 
ECG  
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value of LF/HF and a low value in joyful state. Thermal comfort asso
ciated physiological response to temperature step-change in winter was 
examined by Xiong et al. [115]. When sudden cooling occurred, a low 
value of LF/HF was found. 

Table 5 summarizes EEG and thermal comfort relationship studies 
discussed in this subsection. 

5. Measurement of skin parameters 

This section presents results concerning the papers reviewed in the 
context of skin’s parameters measurements, ST and GSR, as physiolog
ical response to thermal stimuli. 

5.1. ST and thermal comfort 

The ST plays an important role for monitoring the human body 
thermoregulatory system. A variety of technologies have been recently 
used to measure ST, such as resistance thermometers or thermocouples 
applied to the body surface or infrared thermometers. Infrared ther
mometers have been defined clinically convenient and reliable [117]. 

A physiological bridge between human body and surrounding envi
ronment is represented by the skin, this sensory organ is used as indi
cator of thermal comfort. Table 6 summarizes ST and thermal comfort 
correlation studies that are discussed. Peripheral ST has been assessed to 
be an index used for estimating individual thermal sensation [118]. 
Autonomic thermoregulatory system uses the peripheral blood vessels to 
keep balanced the human body temperature. In cold environments, the 
cutaneous blood vessels constriction allows the blood flowing through 
AVAs, to avoid the heat dispersion. In hot environments, a dilatation of 
cutaneous blood vessels occurs, allowing the heat release. In this view, 
the peripheral ST changes its status depending on the path of blood flow 
[119,120]. 

The aim of Nakayama et al. [54] was to estimate the personal ther
mal sensation using the peripheral ST as index of thermal state. A 
thermistor, Logger Temperature 8 (Gram Co.) with a temperature res
olution of 0.01 ◦C, was used. They saw that the ST frequency changes 
according to outer temperature: in the case of warm and cold sensation, 
the frequency of ST fluctuations was in the range of 0.007 Hz and 0.01 
Hz; in the case of neutrality, the range decreased to 0.007 Hz − 0.03 Hz. 
Takada and colleagues [121] implemented a multiple regression anal
ysis to estimate a prediction method for thermal sensation, based on 
MST data. For ST measurements, they used a thermistor (LT-8, Gram 
Corporation) with a resolution of 0.01 ◦C. A good correlation between 
predicted and experimental thermal sensation was found. The mea
surements of MST from different body locations were acquired in the 
Yao et al. [122] study. Results revealed that the different body locations 
are more sensitive to thermal changes in cold and cool conditions than 
the neutral and hot one. In addition, they demonstrated that when the 
temperature rose from 21to29◦C the difference between the ST at 
different body segments decreased. Dai et al. [123] proposed a SVM 
classifier with only ST as data input to predict thermal demands. Ther
mal demands were successfully predicted by their classifier with an 
accuracy of 80%. 

IRT has been used in different studies to measure human face tem
perature and study thermal comfort correlation. Ghahramani et al. 
[124] developed an HMM based learning aimed at predicting thermal 
comfort. They used an infrared sensor (MLX90614), which has an ac
curacy of ± 0.1 ◦C and resolution of 0.01 ◦C. The percentage of accuracy 
that they obtained from this study was around the 82.8% for discomfort 
state. In another study, Ghahramani et al. [125] used IRT to monitor 
thermal comfort levels processing ST data at different points on human 
face. They obtained different results across genders. Females responded 
in less sensitive way to the warm condition. In the cool thermal status 
males and females had similar behaviours. Tejedor et al. [126] used IRT 
to evaluate the indoor thermal comfort of elderly people. Results of this 
study showed that the thermal neutrality was achieved when all facial 

points reached a ST of 35 ◦C. IRT was used by Li et al. [127] demon
strating that ears, nose and cheeks are the locations that better represent 
thermal comfort with an average accuracy of 85%, revealing that facial 
ST is more sensitive to cold stress than heat stress. Aryal et al. [128,129] 
compared the accuracies of thermal sensation estimation using an air 
temperature sensor, a wrist-wrist worn sensor (for ST measurements) 
and a thermal camera (for monitoring ST). Results revealed that the 
combination of all sensors gives a higher accuracy, in terms of thermal 
perception estimation, than using physiological sensors (either wearable 
device or thermal camera) alone. 

Wang et al. [112] showed how upper extremities correlate with 
thermal sensation. A high correlation coefficient was found between ST 
and all thermal sensations. It has been identified that the wrist would be 
the body segment more reactive to environmental thermal changes 
[130131]. This idea was confirmed by Choi et al. [130], that used a 
temperature sensor (LM35DT) with an accuracy of ±0.5◦C and resolu
tion of 0.01 ◦C for ST data measurements. They found that the wrist ST in 
neutral environment is widely different compared to cold and hot con
ditions. Jacquot and colleagues [131] discovered a high correlation 
between thermal sensation and wrist ST, leading to consider the wrist ST 
as the best predictor for the human thermal sensation. Sim and col
leagues [132] demonstrated how the wrist ST can be useful for a good 
estimation of the personal thermal sensation. Their prediction model 
showed a high accuracy with a RMSE of 1.06 ± 0.29 and a correlation 
coefficient of 0.89. Song et al. [133] investigated how the thermal 
comfort and the sleep quality can be affected by the thermal condition in 
pre-sleep and during-sleep phases. They investigated physiological re
sponses, included the ST using a thermocouple with an accuracy of 
±0.1◦ C. They found that a warm environment gives benefit to sleep 
quality, however an extreme hot climate can fragment the sleep phase. 
They demonstrated a linear correlation between the core temperature 
and sleep quality. Wang et al. [114] conducted a study to investigate the 
influence that emotions can have on thermal sensation. To reach the 
aim, they acquired and analysed physiological parameters demon
strating that emotional state affects thermal comfort only in sitting and 
standing conditions. The discomfort sensation was perceived by partic
ipants during boring activity when their ST increased. Xiong et al. [115] 
examined the relationship between thermal comfort and ST trend as a 
reaction to temperature changes. Self-powered temperature device 
(Pyrobutton-L, OPULUS Ltd., USA) with an accuracy of ±0.2◦C was 
used. Results showed that about 45 min were required to allow the ST to 
reach the stability after 15 min at 20◦ C. Another study conducted by 
Xiong et al. [116] used ST as parameter to investigate the elderly re
actions to different thermal conditions. They demonstrated that ST was 
sensitive to the ambient temperature. 

5.2. GSR 

5.2.1. Skin conductivity 
The GSR, known as EDA, is the change in sweat gland activity which 

reflects emotional state (emotional arousal) [135,136]. GSR gives only 
information about the intensity of emotion, higher arousal means higher 
SC. Human body controls the SC through sympathetic nervous system. 
When sweat glands are active, they change their activity resulting in 
changes of electrical activity, the electrodes of GSR (made of Ag/AgCl in 
contact with skin) devices capture those electrical variations. To in
crease conductivity, the electrodes are pre-packaged with an ionic gel. 
Alternatively, the gel can be applied on the interested body part. 
Generally, a sampling rate between 1 and 10 Hz is used, and measure
ment results expressed in μS. 

Eccrine sweat glands take part of the thermoregulatory sweating, 
they are placed on the entire body surface. Thermoreceptors are placed 
in the epidermis and when eccrine sweat glands produce sweat, the 
epidermis swells and sensitivity of thermoreceptors increases. The w 
local is defined as the quantity of moisture on the skin surface, GSC 
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Table 5 
Summary of studies on ECG and thermal comfort relationship.  

Authors Years Goal Methods Devices Cost Battery-Life Measured 
factor 

Number of 
participants 

Results reported in the 
study 

Yao et al. [43] 2008 Correlate HRV 
and thermal 
comfort 

ECG Spectral 
analysis and survey 
questionnaire 

Standard bipolar 
limb leads (ML- 
1340, AD 
Instruments) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

20 T rises from 21 ◦C to 
26 ◦C the LF/HF 
decreases, T rises to 
29 ◦C LF/HF increases. 

Liu et al. [51] 2008 Enstablish LF/HF 
ratio as an 
indicator for 
human thermal 
comfort 

ECG Spectral 
Analysis 

Powerlab 8/30 
system (AD 
Instruments, 
Australia) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

33  
LF/HF at discomfort 
level were significantly 
higher than that at 
comfort level. 

Yao et al. [41] 2009 Correlate HRV 
and thermal 
comfort 

ECG Spectral 
Analysis 

Standard bipolar 
limb 
leads (ML-1340, 
AD Instruments, 
AD Instruments 
Pty Ltd., Castle 
Hill, Australia) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

20 LF/HF increase for cold 
temperature more than 
hot temperature. 

Lan et al. [111] 2010 Correlate HRV 
and thermal 
comfort 

ECG Spectral 
Analysis and 
neurobheavioural 
test 

Powerlab 8/30 
system (AD 
Instruments, 
Australia) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

21 High value of LF/HF for 
hot temperature. 

Xiong [115] 2017 Investigate 
thermal comfort 
associated 
physiological 
response to 
temperature step- 
change in winter 

ECG spectral 
analysis 

CCS-103, 
Careshine 
Electronic 
Technology Ltd., 
China 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

18 LF/HF decreasing after 
sudden cooling 

Zhu et al. [52] 2018 Human thermal 
comfort under 
weightless 
environment 

ECG Spectral 
Analysis 

Holter (Healink 
Co. Ltd, HRV10) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

6 Linear relationship 
between the LF/HF and 
thermal comfort. The 
curve shows a value 
equal to 2 in cold 
condition, a value equal 
to 1 in neutral and 
equal to 2.5 in warm 
condition 

Nkurikiyeyezu 
et al. [112] 

2018 Build a thermal 
comfort controller 
based on people’s 
HRV 

ECG data, 
Questionnaire and 
machine learning 

Not specified N/A N/A HRV 
features in 
frequency 
and time 
domain 

27 The model built was 
trained using air 
temperature and HRV 
features as input. 
The model predicts 
subject’s thermal state 
with a 93.7% accuracy. 

Gwak et al.  
[71] 

2018 Study the thermal 
comfort in 
vehicles 

ECG Spectral 
Analysis 

ECG measuring 
instrument 
(WEB-7000, 
Nihonkohden 
Co.,Japan) 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

10 LF/HFvalue, in the 
uncomfortable state is 
the highest (p < 0.001) 
and in the comfortable 
state is the lowest (p <
0.001).  

Xiong [116] 2019 Investigated the 
physiological 
responses of 
elderly to 
different 
temperatures 

ECG Spectral 
Analysis 

CCS-103, 
Careshine 
Electronic 
Technology Ltd., 
China 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

16 Correlation analysis 
between thermal 
sensation and HRV 
features. LF/HF ratio 
showed lower value in 
neutral condition, 
higher value in hot 
temperatures. 

Zhu et al. [113] 2019 Correlate HRV 
and thermal 
comfort 

ECG Spectral 
Analysis and survey 
questionnaire 

Holter (Healink 
co.ltd, 
HRV101 

N/A N/A HRV 
features in 
frequency 
domain 
(LF/HF) 

6 Higher LF/HF for 
thermal discomfort, 
while the low LF/HF for 
the neutral one. 

Wang [114] 2020 Investigate 
whether emotion 
affect thermal 
comfort 

ECG Spectral 
Analysis and survey 
questionnaire 

ECG recorder 
(Dimetek: 
DiCare m1C) 

N/A Recording and 
monitoring for 
a period of 
time from 12 s 
up to 32 h 

HRV 
features in 
frequency 
domain 
(LF/HF) 

18 Higher LF/HF in boring 
condition, less thermal 
comfort state  
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Table 6 
Summary of studies on ST and thermal comfort relationship.  

Authors Years Goal Methods Devices Cost Battery-Life Measured 
factors 

Number of 
participants 

Results reported in 
the study 

Wang et al.  
[134] 

2007 Explores how upper 
extremity ST 
correlate with 
overall-body 
thermal sensation 

Statistical 
analysis 

Thermocouples N/A N/A Air 
temperature, ST 

23 High correlation 
between the ST 
and all thermal 
sensation 

Yao et al.  
[122] 

2007 Thermal sensation 
and thermal  

comfort assessment 

Statistical 
analysis 
Burton (3 
points)  

method 

Thermocouples N/A N/A Air 
temperature, ST 

20 The sensations for 
body segments  

vary in a cold/cool 
conditions than in 
a neutral/warm 
one 

Nakayama 
et al. [54] 

2009 Investigate the 
relationship 
between ST and 
thermal comfort   

Algorithm of 
estimating 
thermal 
sensation 

Thermistor 
thermometer, 
Logger  

Temperature 8 
(Gram Co.) 

N/A N/A Air 
temperature, 
RH, ST 

2 Frequency 
response of ST 
changes as outer 
temperature 
changes 

Choi et al.  
[130] 

2012 Human body ST to 
assess thermal 
sensation 

Statistical 
analysis 

Sensor device 
(Model:  

STS-BTA, 
Vernier, US) 

$32.00 N/A Air 
temperature, 
CO2 

concentration, 
RH, ST   

26 The wrist is the 
most sensitive 
human body 
segment 

Jacquot et al. 
[131] 

2014 Study physiological 
parameters that 
potentially can be 
used to predict  

thermoregulatory 
behaviour 

Statistical 
analysis 

iButtons 
(DS1922L, 
Maxim, USA) 

N/A Electrical 
power supply 

Air, 
temperatue, ST 

16 The wrist ST 
predicts 
successfully 
thermal sensation 
(R2 = 0.558, p <
0.001) 

Takada et al. 
[121] 

2013 Build a model for 
predicting thermal 
sensation  

based on ST 
measuraments 

Multiple 
regression 
equation 

Thermocouples N/A N/A Air 
temperature, 
RH, ST 

15 Good agreement 
between the 
predicted and 
experimental 
thermal sensation 

Sim et al.  
[132] 

2016 Estimation of 
Thermal Sensation 
Based on Wrist  

ST 

Statistical 
analysis 

Wrist-type 
wearable device 

N/A N/A Air 
temperature, 
RH, Air 
velocity, ST 

8 High accuracy 
(RMSE 1.06 0.29, 
correlation 
coefficient 0.89). 

Dai et al.  
[123] 

2016 Predict thermal 
demands using ST 

SVM Thermocouples N/A N/A Air 
temperature, ST 

11 ST correctly 
predicts 80% of  

thermal demands 
Ghahramani 

et al.  
[125] 

2016 Estimation of 
personal thermal 
comfort 

Statistical 
analysis 

Infrared sensor 
MLX90614 

N/A N/A Ari 
temperature, 
RH, ST 

15 In warm condition 
they find different 
behaviours across 
genders. Same 
behaviours in cool 
condition 

Xiong et al.  
[115] 

2017 Investigate 
physiological 
response to 
temperature 
changes 

Statistical 
analysis 

Self-powered 
temperature 
device 
(Pyrobutton-L, 
OPULUS Ltd., 
USA) 

$217.00 N/A Air 
temperature, 
RH, Air 
velocity, ST 

18 More than 45 min 
were required for 
stabilizing ST after 
15 min at 20 ◦C 

Li et al.  
[127] 

2018 Interpretation of 
human thermal 
comfort 

Statistical 
analysis 

IRT FLIR 
Lepton 2.5 

N/A Electrical 
power supply 

Air 
temperature, ST 

12 Facial ST is more 
sensitive to the 
cold stress than 
heat stress 

Ghahramani 
et al.  
[124] 

2018 Capture dynamic 
thermal comfort 

HMM Eyeglass frame 
with four 
installed infrared 
sensors 

N/A N/A Air 
temperature, ST 

10 HMM with 
accuracy of 82.8% 
for predicting 
uncomfortable 
conditions 

Xiong et al.  
[116]     

2019 Investigated the 
perceptual and 
physiological 
responses of elderly 
subjects to different 
operative 
temperatures 

Statistical 
analysis 

Self-powered 
temperature 
device 
(Pyrobutton-L, 
OPULUS Ltd., 
USA) 

$217.00 N/A ST 23 ST was sensitive to 
outer temperature 
changes 

(continued on next page) 
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indicates the pre-secretory sweat gland activity and surface sweat in the 
body segment where the receptors are placed. This explains why GSC 
and w are suitable for thermal comfort evaluations. However, it is 
important to consider that thermal perception based on GSR can be 
influenced by many factors: gender (females have more regional dif
ferences than males), physical fitness, menstrual cycle, circadian rhythm 
and external factors, like air humidity, as well. The different distribution 
of eccrine glands and their different output can influence the thermal 
perception. In general, sensitivity is higher at the head level and de
creases toward the extremities. 

Another aspect to be considered is that in a condition of high levels of 
sweat production (as consequence of thermal discomfort increasing) the 
w is not the best parameter for the evaluation of thermal sensation 
because of the ceiling effect [137]. In that case GSC is considered the 
most appropriate parameter to be used. In addition, it is demonstrated 
that GSC is only influenced by surface sweat that is in direct contact with 
the electrode and not elsewhere on the skin surface between electrodes, 
making this parameter a good index for the investigation of thermal 
comfort, particularly during high sweat production. 

5.2.2. GSR wearable sensor and thermal comfort 
The idea that thermal status is highly correlated to the amount of 

sweat was supported by many studies [55,138]. The most widespread 
methods used for sweat measurement are SC and SR [55,139]. Studies 
demonstrated that for thermal status monitoring, SR is more suitable 
than SC, because SC shows non-linear characteristics due to the ionic 
reabsorption phenomena [140]. On the contrary, the SR is the measure 
of moisture evaporation rate generated by sweating process and it has a 
linear characteristic. 

Gerrett et al. [141] compared GSC and w, demonstrating how they 
can be interpreted as indices for thermal comfort estimation during 
walking activity, when sweat production and the uncomfortable sensa
tion are minimal. In hot climate the subjects were under heat stress, due 
to the high metabolic rate caused by sweat generation. In such condi
tion, the results of the study showed that ΔGSC was more representative 
than w local. Salvo et al. [142] developed a wearable sweat-rate sensor 
able to record fairly good data, that could be an alternative to traditional 
GSR sensors. Such device provides a viable solution for measuring the SR 
for experimental investigations about thermal perception. Sim and 

Table 6 (continued ) 

Authors Years Goal Methods Devices Cost Battery-Life Measured 
factors 

Number of 
participants 

Results reported in 
the study   

Aryal et al.  
[129] 

2019 Evaluate the 
effectiveness of 
different sensing 
methods for 
individual thermal 
comfort prediction 

Classification 
algorithms 

DHT22 Sensor 
(air 
temperature), 
MLX90614 
contact-less 
infrared 
temperature 
sensor placed 
(wrist-worn 
sensor), FLIR 
Lepton thermal 
imaging camera 
from 
Tinkerforge 

$2.81 
(DHT22), 
$13.88 
MLX90614, 
$250 FLIR 
Lepton 

Power supply 
(DHT22) 
Not specified 
(MLX90614, 
FLIR Lepton) 

Air 
temperature, ST 

20 Results indicate 
that using the 
environmental 
sensor data has a 
higher accuracy 
than physiological 
data from the 
wearable device or 
the thermal 
camera only. 

Song et al.  
[133] 

2020 Investigate the 
coupling effect of 
pre-sleep and 
during-sleep on 
human 
thermal comfort 
and sleep quality 

Statistical 
analysis 

Thermocouples N/A N/A Air 
temperature, ST 

12 Linear correlation 
between the core 
temperature and 
sleep efficiency 
and sleep 
fragmentation 

Wang et al.  
[114]       

2020 Investigate whether 
emotion state have 
influence on 
thermal perception 
and comfort of 
people 

Statistical 
analysis 

Self-recording 
Thermometer 
(iButton 
DS1922T) 

$137.81 N/A Air 
temperature, ST 

18 People were 
warmer in boring 
condition 
(uncomfortable 
state) 

Tejedor et al. 
[126] 

2020 Estimation of 
indoor thermal 
comfort for elderly 
people 

Statistical 
analysis 

IRT (FLIR E60bx) N/A Power supply Air 
temperature, 
global 
temperature, 
RH, Air 
velocity, ST 

15 The thermal 
neutrality was 
achieved when all 
facial points 
reached a ST of 
35 ◦C 

Aryal et al.  
[128] 

2020 Build personal 
comfort models 

Machine 
learning 

DHT22 
Sensor (air 
temperature), 
MLX90614 
contact-less 
infrared 
temperature 
sensor placed 
(writ-worn 
sensor), FLIR 
Lepton thermal 
imaging camera 
from 
Tinkerforge 

$2.81 
(DHT22), 
$13.88 
MLX90614, 
$250 FLIR 
Lepton 

Power supply 
(DHT22) 
Not specified 
(MLX90614, 
FLIR Lepton) 

Air 
temperature, ST 

15 Higher predicted 
accuracy was 
found using 
environmental 
sensing data 
compared to using 
data from 
wearable device 
(wrist ST) or 
thermal imaging 
(face ST)  
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colleagues [56] proposed a watch-type SR sensor (operation power 1.4 
W), with a sensitivity of 0.0039 (pF/s)/(g/m2h), a linearity of 97.9%, an 
uncertainty of 13.01 g/m2h for monitoring human thermal comfort. 
They showed that, for monitoring applications in indoor environments, 
2 min of acquisition are enough. They demonstrated that watch-type SR 
sensors can be able to discriminate and compare different thermal 
conditions. Results showed how the SR changed as the thermal condi
tions changed. Conversely, Błazejczyk et al.[143] reported that more 
than 30 min of acquisition are required to determine human thermal 
status using the SR index. Marchenko et al. [144] developed a non- 
invasive measurement system for thermal discomfort detections based 
on the measurement of GSR and environmental data. Results revealed a 
relevant deviation in discomfort conditions (cold and hot temperatures) 
with respect to the performed temperature ramps. 

Table 7 summarizes GSR and thermal comfort relationship studies 
that are discussed in this subsection. 

6. Limitations and strengths of wearable sensors 

Although several studies demonstrated the capability of wearable 
sensors to be reliable in the field of thermal comfort investigation, they 
still present several limitations. Considering the literature analysis, on a 
total of 42 reviewed papers in the field of thermal comfort assessment 
through physiological sensors, only one presented an experiment that 
was performed in a real office, two in a vehicle and the remaining ones 
in a climate chamber. Moreover, only 18 experiments were conducted 
with subjects free to move as in real life. Fig. 5 shows the papers dis
tribution according to experimental setting. 

Therefore, most results derive from experiments carried out in 
controlled environment and with controlled behaviour. The outcomes of 
such literature created the basis to determine the correlations between 
thermal comfort and physiological signals, but the possibility to use the 
same know-how in real situation is still unknown [145]. In fact, data 
collected during experimental sessions in a controlled chamber are less 
prone to include noise, but at the same time it is crucial to consider that 
tolerance limits of subjects can be altered with respect to the real-world 
situation, where there could be unexpected stressor, influencing the 
personal perception [146]. A list of limitations and strengths of wearable 
sensors, derived from this review work, is reported. 

6.1. Artifacts 

It is well-known that the body’s movements introduce noise into 
recorded data. Nevertheless, different procedures of data analysis are 
available to increase the signal–noise-ratio, making data reliable for the 
analysis. Some wearable devices have on– board digital signal process
ing modules able to delete noise at certain degree, but it could not be 
enough and further data processing is required for deep investigations. 

6.2. Invasiveness and wearability 

Wearable devices have been designed to be more comfortable for the 
users, resulting less intrusive [147]. Nevertheless, they are not fully 
unobtrusive. For example, in the case of EEG headset, it can cause 
headache [148], meaning that EEG wearable devices cannot be suitable 
for long term experimental tests in real settings. 

6.3. Sensors Accuracy: 

Studies demonstrated that wearable devices present a decrease of 
signal quality and accuracy after certain time or under specific condi
tions of usage. For example, electrodes are prone to wear out [149]. 
Thus, the metrological characteristics of the used devices should be 
constantly verified. 

7. Limitations of physiological signals as measures of indoor 
thermal comfort 

This review shows as physiological signals can be a good indicator of 
indoor thermal comfort, however some limitations are still present. 

7.1. Environment 

Environmental conditions in terms of light, air quality and noise can 
influence the physiological response of occupants. It has been demon
strated that unpleasant conditions (environment that is too bright or 
dark, bad air quality) can compromise the cognitive performances of 
occupants [11,12]. Those different parameters need to be monitored at 
the same time to verify their potential impact on thermal perception 
(multi-domain approach). 

Table 7 
Summary of studies on GSR and thermal comfort relationship.  

Authors Years Goal Methods Device Measured 
factor 

Number of 
participants 

Results 

Salvo et al.  
[142] 

2010 Development of a wearable 
sweat-rate sensor 
integrated onto a textile 

N/A Prototype sensor SR 5 The sensor produces data comparable 
with a commercial device used as a 
reference 

Gerrett et al.  
[141] 

2013 Establish relationship 
between local thermal 
comfort, w and GSC 

Repeated 
measures 
ANOVA 

Collodion U.S.P. 
(Mavidon Medical 
Products, USA) for w, 
MP35 Biopac Systems  

(MP35 Biopac Systems, 
Goleta, California, USA) 
for GSC 

w, GSC 10 ΔGSC was a better predictor of local 
thermal comfort than w local 

Błażejczyk 
et al. [143] 

2013 Developed UTCI Statistical 
modelling 

N/A w N/A UTCI offers a better evaluation of 
thermal  

conditions 
Sim et al.  

[56] 
2018 Present a watch-type sweat 

rate sensors capable of 
automatic natural 
ventilation 

Average SR and 
the standard 
deviations 

Watch-type SR sensors SR 3 Results confirmed that the proposed 
sensors are applicable for wearable  

use, having potentials for thermal 
comfort investigation purpose 

Marchenko 
et al. [144] 

2020 Estimation of comfort level 
of occupants in 
indoor 

Statistical 
analysis 

Shimmer3 GSR GSR 14 Results revealed a huge deviation in 
discomfort conditions (cold and hot 
temperatures) with respect to 
performed temperature ramps  
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7.2. Personal factors 

Individual adaptation to thermal environments, personal feelings, 
individual psychophysiological conditions (stress, health, wellbeing, 
anxiety, etc.), different BMIs, different perception of thermal comfort, 
individual acclimatization can influence the statistical evaluation across 
subjects. Normalization and standardization of data are required to 
reduce interpersonal differences. A very limited number of studies has 
addressed this issue. 

8. Machine learning based thermal comfort prediction 

All the reviewed papers discussed the evaluation of thermal comfort 
considering each physiological parameter separately. A combination of 
all the parameters can be useful to overcome some issues related to 
psychophysiological condition of individuals (stress, health, wellbeing, 
anxiety, etc.). Few studies investigated a potential relationship between 
some of those indices and thermal comfort as done by Gwak et al. [44]. 
They proposed a regression function, expressed in equation (1), to es
timate the relation between thermal comfort, ST and EEG signal: 

Yc = − 23.372+ 0.697XC1 + 0.172XC2 + 0.142XC3 (1) 

Where XC1,XC2andXC3 are the MST, alpha multiplied by beta in C4, 
and alpha multiplied by beta in P4, respectively. Nevertheless, due to the 
complex nature of physiological signals only few studies reported a 
polynomial relationship between thermal sensation and physiological 
features. For this reason, recent works are proposing the use of machine 
learning techniques to predict thermal comfort using as input both 
environmental and physiological data. Salamone et al. [150] developed 
a machine learning-based model capable of predicting personal comfort 
status. The model required as input six environmental parameters (air 
temperature, RH, radiant temperature, air velocity, CO2 concentration, 
illuminance level) and three physiological parameters (ST, HR, and 
EDA). The CART method showed a high level of accuracy for the pre
diction of occupant’s thermal status. Chaudhuri and colleagues [151] 
used Random Forest algorithm to predict human thermal conditions 
from the investigation of bio signals. The method proposed showed an 
accuracy of prediction equal to 92.86% for males and 94.29% for fe
males. Morresi et al. [152] built a machine learning classifier capable of 
discriminating individual thermal sensation with an accuracy of 92.2%, 
using HRV data in conjunction with environmental data. Machine 
learning techniques and physiological signals combination have been 
used also in other field of studies. It was used by Kyamakya et al. [153] 
to investigate emotion and stress. Seo et al. built a classifier able to 
discriminate the emotions [154], and [155] for evaluating mental stress. 

Those recent studies let think that machine learning could be a viable 
solution to implement thermal comfort prediction models, based on 
multi-domain data fusion, to be used also for real-time measurement and 
control purposes. 

9. Conclusions 

Thermal comfort has become a key issue for determining building 
thermal-energy performance and, in general, wellbeing and productivity 
for occupants in the indoors. Human centric measurement techniques 
represent the key turning point to support people-centric design and 
control of the built environment to guarantee wellbeing, energy saving, 
and environmental sustainability. This is the reason that motivated this 
review effort, framing all the sensing techniques and achieved results so 
far, deserving a further effort to be exhaustively exploited for indoor 
thermal comfort measurement. 

Considering the function of the thermoregulatory system (respon
sible for maintaining body temperature balance) and its control mech
anisms, four main physiological signals were identified EEG, ECG, ST 
and GSR based on their relevance in the context of measuring potential 
indoor environmental thermal comfort sources. Overall, this review 
focuses on the variety of approaches to extract features from physio
logical signals that can be correlated with the individual thermal status. 
Results proved that a correlation between each physiological signal and 
thermal comfort can be found. For example, EEG bands power, LF/HF 
for ECG, wrist ST or ΔGSC for GSR measurements. However, all the 
reviewed articles investigated the individual thermal comfort consid
ering each physiological signal separately, with features calculated by 
postprocessing of data acquired for a certain period. This approach can 
be limiting because it is still unknown which of the physiological fea
tures is strictly related to thermal sensation without being affected by 
other environmental and personal parameters. Moreover, such out
comes provide indications on the most important features but not about 
the use of physiological signals for real-time measurement of thermal 
comfort. In this view, future studies are required to investigate the 
combination of environmental data and physiological features from 
EEG, ECG, ST and GSR to provide accurate measurements of thermal 
comfort, also in real-time. 

In terms of new technologies used for thermal comfort investigation, 
this review highlights that wearable devices may represent a promising 
alternative for estimating thermal comfort over time in transient con
ditions. The application of wearable devices is incentivized by their 
improved portability, as well as by new technologies and designs with 
low time of application, low invasiveness and competitive costs. How
ever, wearable devices are still prone to collect artefacts, introducing 

Fig. 5. Experimental setting used for thermal comfort investigations using physiological sensors: distribution of the reviewed literature.  
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inevitably uncertainties in the collected data that lead to incorrect re
sults. For this reason, complex data processing should be considered as 
still needed for their large-scale exploitation in real life. 

A further conclusion of this work is that new studies are needed with 
the scope to develop reliable and validated procedures for implementing 
human centric measurement techniques and data analysis procedures, 
with the purpose to define clear models and boundary conditions for 
applicability. This would be facilitated by standardized experimental 
facilities, such as test-rooms or living labs, and measurement systems to 
determine replicable methods. These solutions would indeed support to 
reproduce and sense multidomain thermal conditions and the related 
perceptions, through physical and personal devices and algorithms able 
to monitor and post-process the collected dynamic information. Future 
research needs also to take into account the main outcomes derived from 
labs experiments before setting investigation in real-life indoor. The 
knowledge of connections between the indoor temperatures and thermal 
comfort by means of physiological parameters can lead to establish new 
comfort models to be used for improved design and control of buildings. 
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