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Abstract

Existing thermal comfort models defined in relevant standards are often found
to be less effective for primary and secondary school students in educational buildings.
This is often thought to be primarily due to differences in thermal sensation between
children and adults. However, one important factor that is often neglected is the
uncertainty associated with thermal comfort survey data. The existing method for
calculating the mean thermal sensation vote is oversimplified and does not properly
address related uncertainties. As a result, it ultimately affects the performance of the
developed thermal comfort models. Hence, this research proposes a novel approach to
compute the mean thermal sensation vote data for primary and secondary schools
using Bayesian inference. This approach addresses the error caused by the
uncertainties associated with the collected thermal sensation vote data in order to
improve the effectiveness of the developed thermal comfort models for students. The
proposed method was validated through a holistic case study using five thermal
comfort models. The results showed that the accuracy of the developed thermal
comfort models improved by 10.1% to 30.9%, and the R? improved by 5.3% to 28.8%.
A benchmark for the Bayesian model parameter setting was proposed as the reference
for relevant studies. Finally, an open, user-friendly software was developed and is
available to relevant users to implement the proposed approach more efficiently. The
results of this research have practical implications for the development and

optimization of thermal comfort models for students.
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1. Introduction

Thermal comfort is one of the most important aspects of indoor environmental
quality. The main goal of educational centers is to provide a conducive learning
environment for students (Singh et al., 2019). Thermal discomfort compromises
students’ well-being and affects their attention, cognitive abilities, productivity and
academic performance (Jiang et al., 2018; Miao et al., 2023). The thermal comfort
model plays a critical role in the design and control of indoor thermal environments.
Considering that heating, ventilation, and air conditioning (HVAC) systems consume
up to 40% of the energy in building operation, an effective thermal comfort model has
practical implications for optimizing the building energy efficiency, energy
management systems, and power grid operation, which contributes to the energy
conservation while responding to the comfort demands of the building occupants
(Korkas et al., 2015; Korkas et al., 2016; Shi and Chen, 2021; Upasani et al., 2024).
One of the most important and most widely used thermal comfort models is the
predicted mean vote (PMV) index, which is adopted in existing thermal comfort
standards such as 1SO 7730 and ASHRAE 55 (Enescu, 2017). This model predicts the
mean thermal sensation of occupants in a space based on indoor thermal parameters,
their clothing and metabolic level. As PMV did not consider the adaptation of
occupants in free-running buildings, adaptive models were proposed subsequently and
were widely applied in related research. These included adaptive PMV and adaptive
regression models (Enescu, 2017; Yao et al., 2022). However, relevant studies found

that existing thermal comfort models perform well for adults but are less effective for
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primary and secondary school students (Zomorodian et al., 2016; Singh et al., 2019;
Yao et al., 2022). The reason is generally believed to be that these models were
developed using adults as subjects, and children have different thermal sensations due
to differences in their physiological conditions and adaptability (Zomorodian et al.,
2016). Thereby, it is often crucial to conduct field surveys and obtain thermal
sensation vote (TSV) data in schools, to validate and develop thermal comfort models
for these students.

Previous research by Miao et al. (2024) reviewed thermal comfort field studies
conducted in primary and secondary schools worldwide over the past 20 years and
found considerable variation in the reported accuracy and coefficient of determination
(R?) of validated and developed thermal comfort models across cases. These studies
often attribute the results primarily to the distinctive features of the surveyed student
samples, such as climate, age and adaptability. However, an almost completely
overlooked fact is that, as indicated by Chang et al. (2024), the quality of the data has
a significant impact on the thermal comfort models that are developed.

Existing studies all adopted a very simple and straightforward approach to
calculate the mean thermal sensation vote (MTSV), which is the mean value of all
TSVs by students in the classroom in a field survey. The MTSV data obtained by such
an oversimplified method actually have very large uncertainties. Firstly, existing
studies did not separate students by gender in MTSV calculations. However, there is a
difference in thermal sensation between female and male students (Karjalainet, 2011;

Al-Khatri et al., 2020). In field surveys, the ratio of male and female students in the
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classrooms is impossible to control, which leads to uncertainty due to different gender
ratios across the classrooms. Secondly, the effect of clothing insulation was not
considered in the existing MTSV calculation approach. For classrooms with similar
indoor thermal conditions, the difference in students’ clothing may lead to a perceived
variation in the MTSV that is obtained. Thirdly, in real-world field investigations, the
number of students varies across the classrooms, and is often limited by room capacity.
The MTSV obtained from a classroom with more students could be more accurate
than that obtained from one with fewer students. Thus, the uncertainty could be
caused by the difference in the sample size of surveyed classrooms. Such uncertainty
is particularly associated with the field surveys in primary and secondary schools,
because unlike university classrooms that can accommodate more than 100 students,
classrooms in primary and secondary schools often accommodate around 20 students
or even fewer. Lastly and most importantly, the differences in the ability of students of
different ages to perceive and express their thermal sensations could lead to
uncertainty. Compared to adults, children have certain difficulties in understanding
and expressing their actual thermal sensations (Martinez-Molina et al., 2017;
Rodriguez et al., 2019). This means that the TSV collected from secondary school
students could reflect their actual feelings more accurately than those gathered from
primary school students. All these uncertainties collectively affect the quality of the
calculated MTSV data and ultimately determine the performance of the thermal
comfort models that are developed.

Conducting thermal comfort surveys in schools is often a challenging task. It
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not only requires substantial time, effort and financial cost, but also usually needs the
understanding and support of relevant stakeholders as it disturbs the teaching
activities. In field studies, the number of surveys that can be carried out is often very
limited, which makes the MTSV data that are obtained quite valuable. In this context,
developing a method that can address the aforementioned uncertainties to improve the
quality of the collected MTSV data is of great significance and contributes to the
research on such topics. Bayesian inference is a powerful statistical approach for
dealing with uncertainty. In recent years, this technique has been gradually applied to
develop thermal comfort models in relevant research (Wang and Hong, 2020; Mui et
al., 2020; Fard et al., 2022). However, to the author’s knowledge, to date no study has
investigated the use of Bayesian inference as an enhancement tool for thermal comfort
survey data.

Therefore, this research proposes a novel approach to calculate the mean
thermal sensation vote (MTSV) for the field thermal comfort survey in primary and
secondary schools, where the uncertainties associated with the survey data are
addressed with Bayesian inference. Based on the proposed method, the effect of
enhanced MTSV data on thermal comfort model development was evaluated with a
case study. A practical software application was also developed to further help
relevant stakeholders in the scientific community. The proposed method and the
developed software can contribute to the development and optimization of effective
thermal comfort models for secondary and primary school students, thereby

optimizing the energy use and operational management of educational buildings,
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while ensuring a comfortable learning environment for students.

Following this introduction, Section 2 describes the proposed methodology,
Section 3 presents and discusses the case study results, Section 4 demonstrates and
explains the software that was developed, and Section 5 summarizes the conclusions

and recommendations.



1 2. Methodology
2 This section introduces the methodology of this study step by step. Figure 1

3 presents a brief summary.

Existing calculation method for mean thermal

sensation vote (MTSY)

MTSV is the average of thermal sensation votes:
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-
Proposal of an enhanced calculation method for
mean thermal sensation vote (MTSV)

Section 2.1

MTSYV is obtained through Bayesian inference:
Prior: p(u) = N(PMV, O'sz)
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Section 2.2
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Predictive: p(TSV;ampling | Dm) = N(Jummph'ng’ O-samplfngz)
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Validation and evaluation of the enhanced mean
thermal sensation vote with thermal comfort models

Thermal comfort models:

- Adaptive regression (AR)

- Adaptive-rational PMV (arPMV)

- Reinforced extended PMV (ePMV,,)

- Simple linear MTSV regression (MTSV-LR)

- Multiple linear MTSV regression (MTSV-MLR)

Evaluation metrics:
- Root mean square error (RMSE)
- Coefficient of determination (R2)

Section 2.3

Case study:
- Benchmark scenario
- Sensitivity analysis

5 Figure 1. Brief summary of the methodology of this study
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2.1 Existing calculation method for mean thermal sensation vote

Thermal comfort field surveys in educational buildings are usually
hierarchical because repeated surveys are conducted in multiple schools and
classrooms in the same geographical location, covering students of different ages. The
field survey contains the objective measurement of the indoor thermal condition of the
classrooms and the subjective survey of the thermal sensation of the students.

As defined in existing thermal comfort standards such as 1SO 7730 (I1SO, 2005)
and ASHRAE 55 (ASHRAE, 2020), the objective thermal parameters mainly include
indoor air temperature (Ta), mean radiant temperature (Tmr), relative humidity (RH),
air velocity (Va) and outdoor air temperature (Tout). The subjective survey usually
requires students to remain in a sedentary state (1.2 met) for at least 30 minutes and
uses the seven-point thermal sensation scale (Figure 2) to collect their thermal
sensation vote (TSV), based on which the mean thermal sensation vote (MTSV) is
obtained. It is also necessary to record the students’ clothing and calculate the clothing
insulation value (lcio) with reference to the aforementioned thermal comfort standard.
The collected data are used to validate and develop thermal comfort models for the
students, such as MTSV regression, adaptive regression and an adaptive PMV model.

Cold Cool Slightly cool  Neutral Slightly warm Warm Hot
-3 -2 -1 0 +1 +2 +3

Figure 2. Seven-point thermal sensation scale
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Equation 1 shows the MTSV calculation approach used in existing studies:
DTSV
MTSV, =<2 — (1)
n

Where i is the number i field survey and n is the number of students in the
classroom in the i survey. The total amount of MTSV data depends on the number of
field surveys conducted.

The existing MTSV calculation method relies entirely on collected data and
assumes that the observed data exactly reflect reality. As explained earlier, such a
method has the obvious limitation that it does not properly address the uncertainties
associated with the collected data. This ultimately affects the performance of the

thermal comfort models that are developed.

2.2 Proposal of an enhanced calculation method for mean thermal sensation vote

The proposed method for obtaining MTSV is based on Bayesian inference,
which combines both prior knowledge (or beliefs) and observed evidence to estimate
the final outcomes (Gelman et al., 2013). The fundamental principle can be briefly
explained as follows.

For a thermal comfort survey conducted in a classroom:

- Step 1: based on existing information and knowledge, the thermal sensation
of the students is assumed, given the indoor thermal condition of the classroom.

- Step 2: the thermal sensation data collected from the students are used as
observed evidence to update the assumption.

- Step 3: the mean thermal sensation of students is estimated by sampling

8
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from the updated information on thermal sensations.

The Bayesian model is developed as follows.

For a given thermal comfort survey m:

- Step 1: A possible TSV distribution is assumed based on existing
information and knowledge, which is known as the prior distribution. There are
certain individual differences in students' thermal sensations due to factors such as
climate, age, physiological conditions, and adaptability. However, in a field suvery,
students in the same classroom share similar characteristics and backgrounds and are
exposed to an identical indoor thermal environment (Miao et al., 2024). Therefore, in
an ideal scenario with a large surveyed sample, the collected TSV should follow a
normal distribution with a central tendency represented by the mean value p as MTSV,
reflecting the general sensation of the surveyed sample. This is consistent with the
assumption of the predicted mean vote (PMV) index proposed by Fanger (1970). The
w should be assumed using the PMV index based on the students” mean clothing
insulation value, metabolic rate and the measured indoor thermal parameters of the
classroom (i.e., air temperature, mean radiant temperature, relative humidity and air
velocity). Notably, the uncertainty of the PMV should be considered and reflected by
setting a standard deviation (opmv). Therefore, the assumed MTSV (u) can be
expressed as:

#~NPMV,0p,,°)  (2)

The probability notation of the prior can be expressed as:

pP(w) = N(PMV'O-PMVZ) €)
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Existing studies have found that the accuracy of PMV increases with the age
of the students. PMV was found to be more accurate for secondary school students
whose ages are closer to adults, and less accurate for children in primary schools
(Torriani et al., 2023; Almagro-Lidon et al., 2024; Miao et al., 2024). Therefore, a
smaller opmv should be defined for older students and a larger value for younger
students.

- Step 2: A likelihood function for the observed evidence (the TSV collected
from the students) should be defined, which is:

TSV ~ N (4 opgervaiin ) (4)

This means that the individual TSV observation in thermal comfort survey m -
TSVn,, is drawn from a normal distribution with a mean of p and a standard deviation
Of Gobservation. The cobservation reflects the uncertainty of the observed TSV data, which is
mainly derived from two aspects: (i) the students’ ability to perceive and express their
thermal sensation, and (ii) the number of surveyed students in the classroom. It can be
calculated by:

2

2
=0, +0

sensation

O-observaticn

ampie (5)

As previously mentioned, children may have difficulties in understanding and
expressing their true thermal sensations, which results in uncertainty associated with
the collected TSV. Therefore, osensation Should be smaller for older students and larger
for younger students. Moreover, the fewer the number of students surveyed in the
classroom, the less likely the true MTSV can be observed. Therefore, osample Should be

smaller for the survey with more students in the classroom and larger with fewer
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The probability notation of the individual likelihood function can be expressed
as:

PTSVyp; [ £0) = N(TSVyy; | £, Fopservatim ) (6)

Hence, for the thermal comfort survey m with the number of Nm observed
TSV data Dm= {'I'SVm'i }.N:1 , the combined likelihood function for all observations can

be expressed as:

Nm
p(Dm |,U) = I I N (TSVm,i |/u’ Gobservatimz) (7)
i=1

Combining the prior and likelihood, the posterior distribution (updated TSV
distribution) can be calculated by:

p(u| D) oc p(p)- p(Dy [£1) - (8)

which is:

p(,Ll | Dm) =N (luupdated’ O-updatedz) (9)

where,
1 N, .
O-updatedz =( 2 + 2) ' (10)
Opmv Gobservatim
N
PMV i_mTSVm,i
;uupdated = O-updatedz( 2 + Z = 2 ) (11)

PMV O_observatim

- Step 3: Based on the updated posterior distribution and the observed TSV
data, the predictive posterior distribution can be obtained by sampling from the
posterior distribution, which can be expressed as:

P(TSVearpiing | D) = N (Ueamping: Ccamping )~ (12)

where,
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:usampling = /uupdated (13)

2 2 2
g Gupdated +Gobseratio (14)

sampling = n

The mean of the predictive posterior distribution - psampiing IS the enhanced
MTSV value. The psampling approaches pupdated as the sampling size increases. The
purpose of using psampling instead of directly using pupdated as the MTSV is to simulate
the randomness in reality. When it is not preferred to account for such randomness,
the pwpdated Can be directly extracted and used for the enhanced MTSV.

In essence, this model is a hierarchical Bayesian model that is dependent on
the age of the students, which is particularly useful for thermal comfort field surveys
that cover multiple classrooms with students of different ages. Students of the same
age share exactly identical prior information, while the difference in the number of
students in the surveyed classrooms leads to different levels of uncertainty in the
observation. The prior information differs between students of different ages, and the
difference in the student’s ability to perceive and express their thermal sensations
contributes to the observation uncertainty.

Compared to the existing MTSV calculation method, the proposed method
involves a more complex process but properly addresses the associated uncertainties.
The method can be understood as a tool to calibrate all MTSV data collected

throughout the entire thermal comfort field survey by defining a unified rule set that

addresses these uncertainties.
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2.3 Validation and evaluation of enhanced mean thermal sensation vote with
thermal comfort models

To evaluate the effect of the enhanced MTSV on thermal comfort model
development, a comparative analysis was performed with a case study.

The evaluated thermal comfort models include three types of commonly
adopted models:

The first type is the adaptive regression (AR) model. This model is defined in
EN 16798-1 (CEN, 2019) and ASHRAE 55 (ASHRAE, 2020) to characterize the
relationship between the comfort temperature of the occupants and the outdoor
running mean temperature. The AR model is expressed as:

T.=a -T,+b  (15)

where Tc is the comfort temperature, Trm IS the running mean temperature, ar is
the slope, and br is the intercept.

The comfort temperature can be calculated by (Forcada et al., 2021):

T.=T, —%SV (16)

Where Ty is the globe temperature, MTSV is the mean thermal sensation vote,
and G is the Griffiths constant of 0.5 as validated by previous studies (Trebilcock et
al., 2017; Miao et al., 2024).

The outdoor running mean temperature can be calculated through the daily

mean outdoor air temperatures for the seven days prior to the day of measurement

(CEN, 2019; Tejedor et al., 2020):

T,,+08T,,+06-T , .+05T, ,+04.T , .+03T,,+02T,,)
T — out-1 out—2 out-3 out—4 out-5 out—6 out-7

; 3.8

7
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The second type is the adaptive PMV model, which is a category of thermal
comfort models that are improved based on the PMV index. The evaluated adaptive
PMV models include the adaptive-rational PMV model (arPMV) and the reinforced
extended PMV model (ePMVnm), as they were found to be the most effective for
primary and secondary school students in the previous study (Miao et al., 2024).

The arPMV model is introduced by Zhang and Lin (2020), based on the aPMV

model originally proposed by Yao et al. (2009). The arPMV model is expressed as:

arPMV = ﬂ—5 18)
1+4,-PMV'

ﬂvzqiw (19)

12 12

_ZTPMYY T PMV, ~ T
zinMT_IS_Vi _ZHMTivi _Z:MTSV UMV
n MTSV nMTSV " ?
> MTSV,

PMV'=PMV +5  (22)
MTSV'= MTSV +5  (23)

Where T is the operative temperature, PMV is the predicted mean vote index,
MTSYV is the mean thermal sensation vote, i is the i" thermal comfort survey, and n is
the number of total surveys.

The operative temperature can be calculated by (Kumar et al., 2018):

TmFW (0<V, <02m/s) (24)
(T + (T, x10V,))
op = PNTYA V,>0.2m/s) (25)

Where Ta denotes the air temperature, Tmrt is the mean radiant temperature and

(20)
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Va is the air velocity.

The ePMVm model is proposed by Zhang and Lin (2021) based on the ePMV
model originally introduced by Fanger and Tofum (2002). The ePMVm model is
expressed as:

ePMV, =e_-PMV +c_,  (26)

e,=a,-T+b, (27)

n n n

M_ZHPM\/. MTSV,T, Z“pMVIZ _ (z. PMVi)Z _ Zi PMV; 'Zi MTSV, —ZHPMV, MTSV, ZHPMV,ZT, _M
i i n . .
2 (28)
[zﬂpm WWJ [Z”PMV - ZPMVTZPMVT]{Z ez M0 ]

a, =

n

ZhPMV_MTSV__ZinPMVi-Z:MTSV (Z PNV, - > PMVT, ZPMV
SR n (29)

. > PMV/* - (Z

DUMTSV, —a, - > PMV[T, —b, -Z:PMVi
n

C. =

m (30)

where T is the operative temperature, PMV is the predicted mean vote index,
MTSV is the mean thermal sensation vote, i is the i survey, and n is the number of
total surveys.

The third type is the MTSV regression model, which characterizes the
relationship between MTSV and relevant factors. In this study, two MTSV regression
models were evaluated.

One is the simple linear regression of MTSV based on operative temperature,

which is the most commonly used MTSV regression model in relevant studies. This

model is named MTSV-LR, and is expressed as:

MTSV =g, T, +b  (31)
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where Top is the operative temperature, ai is the slope and by is the intercept.

The other is the multiple linear regression of MTSV based on operative
temperature, running mean temperature and the age of students. It is called
MTSV-MLR, and is expressed as:

MTSV =a+ BT, + B, T+ B Age+e  (32)

where Top is the operative temperature, Tm iS the running mean temperature,
Age is the age of students, o is the intercept, B is the coefficient for the factor, and ¢ is
the error term.

The performance evaluation metrics for these thermal models are:

- Root mean square error (RMSE):

RMSE = \/ Z”(MT:V‘ i (33)

where n is the number of total surveys, MTSVi is the mean thermal sensation
vote for the i survey, and P; is the predicted value of MTSV by the model for the it"
survey.

The RMSE characterizes the error between the prediction and the true value,
which reflects the accuracy of the model. A low RMSE indicates higher accuracy of
the model.

- Coefficient of determination (R?):

> (MTSV, -P)?

R?=1-_4
D (MTSV, —MTSV)?

(34)

where MTSV is the average of all MTSV values.

R? characterizes the proportion of variance in the MTSV that can be explained
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by the model variables, which reflects the fit of the model to the data. A high R?
usually suggests a better fit to the data and better performance.

For the case study, the above thermal comfort models were built using MTSV
obtained through the existing calculation method and the method proposed by this
research. The performance of the thermal comfort models was evaluated and
compared to examine the improvement that can be achieved. To further analyze and
discuss the proposed method, a benchmark scenario was first established. In the
benchmark scenario, appropriate values for the required parameters of the Bayesian
model (opmv, Osensaion, Osample) Were defined based on the characteristics of the
studied student samples. Then, a sensitivity analysis was performed to assess and
discuss the influences of parameter settings on the developed thermal comfort model,
to provide recommendations. The details of the case study are presented in the next

section.
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3. Case study results and discussion

This section analyzes and discusses the results of the case study. Section 3.1
describes the data used for the analysis, Section 3.2 defines the benchmark scenario
and evaluates the improvement that can be achieved with the enhanced MTSV data,
and Section 3.3 discusses the sensitivity analysis.

The calculation and analysis were performed on the Google Colab platform
using Python 3.7.3. The Pythermalcomfort package developed by the Center for the
Built Environment (CBE Berkeley) was used to calculate the PMV index. The Numpy
and Pandas packages were used for data processing. The Pymc and Arviz packages
were used for Bayesian inference. The Statsmodels package was used to build the

regression model.

3.1 Description of case study data

The case study data were gathered by the IAQ4EDU project (IAQ4EDU, 2021)
from April 2022 to January 2023, which conducted repeated field surveys in 32
classrooms of 9 primary schools and 7 secondary schools in Catalonia, Spain. The
thermal comfort surveys involved 5 and 9 year old students in primary schools and
covered 12 and 16 year old students in secondary schools. A total of 96 surveys were
conducted and 1,787 TSV were collected in total. This research is a continuation of the
previous study by Miao et al. (2024), where details of the field surveys can be referred

to.
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The field surveys generally obtained relatively balanced student samples. A
total of 55% of the samples were primary school students and 45% were secondary
school students. In terms of gender, 49% were female students and 51% were male
students. However, the number of students and the gender ratio in each classroom were
no different in each field survey. To avoid the uncertainty caused by the gender
difference, the original survey data were separated into a female student dataset (with
869 TSV data) and a male student dataset (with 918 TSV data). Table 1 shows the
descriptive statistics of the two datasets. For the female student dataset, the number of
students in the classroom ranges from 1 to 19 in each survey, with an average of 11. For
the male student dataset, the number of students in the classroom ranges from 3to 17 in
each survey, with an average of 11. The proportion of students of different ages in the
two datasets is also different. As a result, these datasets are suitable choices for
validating the proposed method.

Table 1. Descriptive statistics of the female and male student datasets

Dataset Female student dataset Male student dataset
Proportion of students of different ages

5 year old 20.4% 18.3%

9 year old 39.8% 30.9%

12 year old 22.2% 23.4%

16 year old 17.6% 27.4%
Number of students in the classroom in each survey
Mean 11 11
Standard deviation 4 3
Min 1 3
Median 11 11
Max 19 17
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3.2 Enhancement of mean thermal sensation vote and benchmark scenario

The enhanced MTSV was calculated based on the method defined in Section
2.2. Firstly, based on the indoor thermal parameters of the classroom, the metabolic rate,
and the clothing insulation value of the students measured in each field survey, the
PMYV index was calculated for the prior p in the Bayesian model, and a total of 96 PMV
values were obtained. If the personal data of students’ height and weight are available,
the metabolic rate can be adjusted to obtain a more accurate PMV result (Almeida et al.,
2016). However, due to the government’s regulations for protecting the privacy of
students, these personal data could not be obtained during the field survey of the
IAQ4EDU project. Hence, the default metabolic rate of 1.2 met for the sedentary state
was used for the PMV calculation in this case study. Then, standard deviations were
defined for both the prior and observed data. The data used in this case study refer to
students in four age groups, namely groups of 5, 9, 12, and 16 years old. Corresponding
to these age groups, the standard deviation of prior (cpmv) was defined as 1.0, 0.75, 0.50
and 0.25, respectively. This means that for 5-year-old students, their actual MTSV
should be within +2 of the calculated PMV index in 95% of the cases. For 16-year-old
students, their actual MTSV should be within 0.5 of the calculated PMV index. This
assumption is made considering the results reported in relevant studies (Torriani et al.,
2023; Almagro-Lidon et al., 2024; Miao et al., 2024). For the uncertainty associated
with the observed data, Gsensation Was also defined as 1.0, 0.75, 0.50 and 0.25 for each age

group, respectively. This means that for 16-year-old students, there is confidence that
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the difference between their expressed thermal sensation and their true thermal
sensation is within £0.5 in 95% of the cases, while for 5-year-old students, such
uncertainty is greater. Considering the number of students in each survey (Table 1), the
osample Was defined in 4 levels. The value was defined as 0.25 for surveys with more
than 15 students in the classroom, 0.50 for surveys with 10 to 15 students, 0.75 for
surveys with 5 to 10 students, and 1.0 for surveys with less than 5 students. Hence, the
enhanced MTSV was calculated with a sampling size of 1,000, and this scenario is
regarded as the benchmark for comparison in the subsequent sensitivity analysis.
Figure 3 presents the MTSV calculated using the existing method (Observed
MTSV) and the proposed method (Enhanced MTSV), based on both the female and
male student datasets. It can be seen that the enhanced MTSV data points are more
compact and less discrete than the observed MTSV. It was also observed that some data
points are closer to the observed MTSV while others are not. This is because the
uncertainty associated with each survey varies, which results in different enhancement

results.
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Figure 3. Observed MTSV and enhanced MTSV

Moreover, Table 2 summarizes the performance of five thermal comfort models
built with the observed MTSV and the enhanced MTSV. The parameters of the thermal
comfort models that were developed can be found in Appendix A. In general, both the
accuracy and R? of these thermal comfort models improved substantially with the

enhanced MTSV. The achieved improvement in accuracy ranged from 10.1% to 30.9%,

2
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while the improvement in R? ranged from 5.3% to 28.8%. The improvement for each
model was slightly different. As shown, the adaptive PMV models (arPMV and ePMVn)
and the MTSV regression models (MTSV-LR and MTSV-MLR) achieved better
improvements with the enhanced MTSV than the AR model. This is because the
adaptive PMV and MTSV regression models are developed directly on the MTSV,
while the AR model is built on the comfort temperature calculated indirectly by the
MTSV. In addition, the comparison showed that the improvements achieved in the
female and male student datasets were slightly different. This is mainly due to the
characteristics of the two datasets in terms of the number of students in the classroom

and the proportion of students of different ages.



Table 2. Performance of thermal comfort models built on the observed MTSV and the enhanced MTSV

Female student dataset

Thermal comfort model AR arPMV ePMVn, MTSV-LR MTSV-MLR
Metric RMSE R? RMSE R? RMSE R? RMSE R? RMSE R?
Observed MTSV 1.442 0.676 0.643 0.566 0.627 0.588 0.613 0.606 0.527 0.708
Enhanced MTSV 1.296 0.712 0.456 0.729 0.445 0.741 0.464 0.731 0.396 0.795
Improvement 10.1% 5.3% 29.1% 28.8% 29.0% 26.0% 243% 20.6% 249% 12.3%
Thermal comfort model AR arPMV ePMVn, MTSV-LR MTSV-MLR
Metric RMSE R? RMSE R? RMSE R? RMSE R? RMSE R?
Observed MTSV 1.52 0.635 0.67 0.504 0.62 0.575 0.708 0.624 0.513 0.709
Enhanced MTSV 1.367 0.676 0.551 0.636 0.515 0.682 0.489 0.713 0.427 0.781
Improvement 10.1% 6.5% 17.8% 262% 16.9% 186% 309% 14.3% 16.8% 10.2%
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3.3 Sensitivity analysis

Based on the benchmark scenario, the opmv, Gsensation and csample Were adjusted to
observe the influence of the enhanced MTSV on the performance of the five thermal
comfort models that were developed, including the following four scenarios

summarized in Figure 4.

Benchmark scenario

opmv = 0.25,0.5,0.75, 1.0
Osensation — 0 25 0 5 0 75 1 0
Gsalnple 0 25 0 5 0 75 l 0

Scenario A (SA): opmv increases, Gsensation ad Gsample Femain unchanged
SA-1: opmv = 0.5, 0.75, 1.0, 1.25
SA-2: opmv=0.75,1.0, 1.25, 1.5
SA-3: opmv=1.0, 1.25, 1.5, 1.75

Scenario B (SB): Gsensation Increases, 6pmv and Gsample Femain unchanged
SB-1: Gsensation = 0.5, 0.75, 1.0, 1.25

SB-2: Gsensation = 0.75, 1.0, 1.25, 1.5

SB-3: Gsensation = 1.0, 1.25, 1.5, 1.75

Scenario C (SC): Gsample increases, 6pmv and Gsensation remain unchanged
SC-1: Gsampte = 0.5, 0.75, 1.0, 1.25

SC-2: 6sampte = 0.75, 1.0, 1.25, 1.5

SC-3: Gsampte = 1.0, 1.25, 1.5, 1.75

Scenario D (SD): opmv, Gsensation ANd Gsample all increases

SD-1: 6pmv, Osensation, Gsample = 0.5, 0.75, 1.0, 1.25
SD-2: 6pmv, Gsensation, Gsample = 0.75,1.0,1.25, 1.5
SD-3: 6pmv, Gsensation, Gsample = 1.0, 1.25, 1.5, 1.75

Figure 4. Scenarios for the sensitivity analysis

Appendix A summarizes the sensitivity analysis results. The parameters of the
thermal comfort models can be found in Appendix B. As shown in scenario A (SA-1 to
SA-3), when the uncertainty of the observed data (osensation and Gsample) remains

unchanged and the prior uncertainty (opmv) increases, the performance of the thermal

2
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comfort models gradually decreases by 6.6% to 28.8% in RMSE and 2.8% to 16.0% in
R? compared to the benchmark scenario. In contrast, in scenario B (SB-1 to SB-3) and
scenario C (SC-1 to SC-3), when the opmv remains unchanged, but Gsensation and Gsample
increase, the performance of the thermal comfort models also gradually increases. This
IS because the Bayesian model makes a trade-off between the prior and the observed
data, considering the “confidence” (uncertainty) in them. Increasing the uncertainty of
one aspect results in giving more weight to the other aspect when the results are
calculated. Therefore, increasing confidence in the observed data can affect the
enhanced MTSV and developed thermal comfort models when there are more
uncertainties or noise in the observed data. By comparing scenario B and scenario C, it
was found that the changes in model performance are slightly different. Compared to
the benchmark scenario, RMSE increased by 4.5% to 29.7% and R? improved by 1.3%
to 18.7% in scenario B, varying by the thermal comfort models. In scenario C, the
values were 4.0% to 28.8% and 1.0% to 17.9%, respectively. The reason is that the
effect of Gsensation ON the enhanced MTSV only depends on the proportion of students of
different age groups, and the effect of osample ONly depends on the number of surveyed
students in the classroom. Furthermore, scenario D (SD-1 to SD-3) shows that the
performance of the thermal comfort models is almost the same as in the benchmark
scenario, with only minor variations due to sampling randomness. This is because
simultaneously increasing the uncertainties of both the prior and the observed data does
not change the ratio of uncertainty between the two aspects, and thus does not affect the

outcomes. However, it should be noted that an increase in overall uncertainty can lead
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to a larger standard deviation of the posterior distribution obtained by the Bayesian
model. When sampling from the posterior distribution with a small sampling size, the
mean of the samples obtained may deviate further from the mean of the posterior
distribution. Therefore, opmv, Gsensation and osample Should be set with reasonable values
and ranges to avoid affecting the enhanced MTSV outcomes. Relevant studies are
suggested to refer to the setting of the benchmark scenario of this study and adjust

according to the real situation and needs.

4. Development of open software

The MTSV calculation method proposed in this research was implemented with
Python language and related packages, which requires the programming skills of users.
Therefore, to promote the use of the proposed method and help relevant users to work
more efficiently, an user-friendly application software was developed and opened to the
public. The software was compiled into an executable (.exe) file with around 460
Megabyte (MB), which encapsulates all required Python packages (Table 3). The users
can run this application directly on a 64-bit Windows system without any additional
requirements. The software is available on the Github platform:

https://github.com/Misaeon/Bayesian-Mean-Thermal-Sensation-Vote-Calculator
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Table 3. Python packages, versions and functions for the developed software

Package \ersion Function
Numpy 1.26.4 Data processing
Pandas 2.1.4 Data processing

Pythermalcomfort 2.10.0 PMV calculation
Pymc 5.15.0 Bayesian inference
Arviz 0.18.0 Bayesian inference

In essence, this software is a calculator that helps users who are unfamiliar with
Python programming and Bayesian inference tools to easily run complex
computational programs that have been compiled into it. It was designed with a
user-friendly, flexible interactive interface. Users only need to refer to the methodology
and case study example of this research to define the parameters of the Bayesian model
for the entire thermal comfort survey, according to their real situation and needs. After
entering the indoor thermal parameters (i.e., indoor air temperature, mean radiant
temperature, relative humidity and air velocity), students’ metabolic rate, mean
clothing insulation value, and the collected TSV data of each field survey into the
interface, the application can automatically calculate and display the PMV index
following ASHRAE 55 standard (ASHRAE, 2020), the observed MTSV value
calculated by the existing method and the enhanced MTSV value calculated through

the proposed method in this study, as shown in Figure 5.



Bayesian MTSV
calculator.exe

.

# Bayesian Thermal Comfort Data Enhancer
Indoor Thermal Parameters

Air Temperature - Ta

Mean Radiant Temperature - Tmrt
Air Velocity - Va

Relative Humidity - RH

Metabolic Rate - met

Mean Clothing Insulation Value - Iclo
Bayesian Model Parameters
Sigma for Prior - aPMV

Sigma for Observation - asensation
Sigma for Observation - asample
Sampling Size

Observation Data

Thermal Sensation Votes (comma-separated)

Calculate

215

[20.8

|0.05

|52.3

1.2

0.7

[0.25

[0.25

[0.25

[10000

11,-1,0,01,1,21,1,0,2,0,1,3,-1,1,0,1,0

]

' Result

PMV index: -0.6
Observed Mean Thermal Sensation Viote: 0,68

Enhanced Mean Thermal Sensation Vote: 0.56

Figure 5. The developed software application
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5. Conclusions and recommendations

This research proposed a novel approach to compute the mean thermal
sensation vote (MTSV) for primary and secondary schools using Bayesian inference,
in order to improve the effectiveness of the developed thermal comfort models for
students. Compared to the existing MTSV calculation method that does not properly
address the uncertainties associated with the gathered thermal sensation vote (TSV)
data, the proposed method can be considered a unified rule set for addressing
uncertainties and calibrating all the MTSV data collected throughout the field survey.

The proposed method is validated through a holistic case study, with data
obtained from a total of 96 field surveys repeated in primary and secondary schools,
covering student samples of different age groups. Based on the characteristics of the
surveyed students’ sample in the case study and the existing knowledge reported by
related research, the benchmark of the parameter setting for the Bayesian model was
proposed and then evaluated with a sensitivity analysis. The results showed that the
enhanced MTSV significantly improves all validated thermal comfort models (AR,
arPMV, ePMVm, MTSV-LR and MTSV-MLR). The accuracy of these models
increased by 10.1% to 30.9%, and the R? improved by 5.3% to 28.8%. The results of
the sensitivity analysis indicated that the parameters need to be set within a reasonable
range to avoid affecting the enhanced MTSV outcomes. Relevant studies are
suggested to refer to the proposed benchmark for parameter setting in their practical
applications.

Finally, an open, user-friendly software was developed to help relevant users
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to work more efficiently with the proposed method. Future research can refer to this
study and use the software to enhance the MTSV data directly with the collected TSV

data to develop more effective thermal models for students.
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Appendix A. Performance of thermal comfort models under different scenarios

AR model

Scenario Female student dataset Male student dataset
Metric RMSE Variation R?  Variation | RMSE Variation RZ  Variation
Benchmark | 1.296 0% 0.712 0% 1.367 0% 0.676 0%
SA-1 1.334 -2.9% 0.705 -1.0% 1.42 -3.9% 0.663 -1.9%
SA-2 1.361 -5.0% 0.698 -2.0% 1.454 -6.4% 0.653 -3.4%
SA-3 1.382 -6.6% 0.692 -2.8% 1.468 -1.4% 0.649 -4.0%
SB-1 1.275 1.6% 0.716 0.6% 1.331 2.6% 0.686 1.5%
SB-2 1.251 3.5% 0.721 1.3% 1.296 5.2% 0.696 3.0%
SB-3 1.238 4.5% 0.721 1.3% 1.262 7.7% 0.706 4.4%
SC-1 1.279 1.3% 0.716 0.6% 1.332 2.6% 0.686 1.5%
SC-2 1.251 3.5% 0.72 1.1% 1.298 5.0% 0.695 2.8%
SC-3 1.244 4.0% 0.719 1.0% 1.27 7.1% 0.703 4.0%
SD-1 1.293 0.2% 0.713 0.1% 1.37 -0.2% 0.675 -0.1%
SD-2 1.294 0.2% 0.713 0.1% 1.371 -0.3% 0.675 -0.1%
SD-3 1.294 0.2% 0.714 0.3% 1.372 -0.4% 0.676 0.0%
Scenario Female student dataset Male student dataset
Metric RMSE Variation R2  Variation | RMSE Variation RZ  Variation
Benchmark | 0.456 0% 0.729 0% 0.67 0% 0.636 0%

SA-1 0.526 -15.4% 0.665 -8.8% 0.551 17.8% 0.584 -8.2%
SA-2 0.56 -22.8% 0635 -12.9% | 0.597 10.9% 0556  -12.6%
SA-3 0.587 -28.7% 0.612 -16.0% 0.622 7.2% 0.542 -14.8%
SB-1 0.424 7.0% 0.759 4.1% 0.635 5.2% 0.674 6.0%
SB-2 0.386 15.4% 0.793 8.8% 0.513 23.4% 0.715 12.4%
SB-3 0.35 23.2% 0826  13.3% | 0471  29.7%  0.755  18.7%
SC-1 0.422 7.5% 0.758 4.0% 0.429 36.0% 0.672 5.7%
SC-2 0.388 14.9% 0.793 8.8% 0.515 23.1% 0.711 11.8%
SC-3 0.352 22.8% 0.825  132% | 0477  28.8% 0.75 17.9%
SD-1 0.47 -3.1% 0.717 -1.6% 0.436 34.9% 0.634 -0.3%




SD-2 0.478 -4.8% 0.711 -2.5% 0.55 17.9% 0.634 -0.3%
SD-3 0.47 -3.1% 0.716 -1.8% 0.551 17.8% 0.632 -0.6%
Scenario Female student dataset Male student dataset
Metric RMSE Variation R2  Variation | RMSE Variation RZ  Variation
Benchmark | 0.445 0% 0.741 0% 0.515 0% 0.682 0%
SA-1 0.513 -15.3% 0.681 -8.1% 0.556 -8.0% 0.64 -6.2%
SA-2 0.547 -22.9% 0.652 -12.0% 0.577 -12.0%  0.617 -9.5%
SA-3 0.573 -28.8% 0631 -14.8% | 0589 -14.4% 0.606 -11.1%
SB-1 0.414 7.0% 0.769 3.8% 0.481 6.6% 0.714 4.7%
SB-2 0.378 15.1% 0.802 8.2% 0.442 14.2% 0.749 9.8%
SB-3 0.343 22.9% 0.833 12.4% 0.403 21.7% 0.784 15.0%
SC-1 0.413 7.2% 0.769 3.8% 0.483 6.2% 0.712 4.4%
SC-2 0.38 14.6% 0.801 8.1% 0.448 13.0% 0.745 9.2%
SC-3 0.345 22.5% 0.831 12.1% 0.411 20.2% 0.778 14.1%
SD-1 0.46 -3.4% 0.73 -1.5% 0.513 0.4% 0.681 -0.1%
SD-2 0.467 -4.9% 0.724 -2.3% 0.515 0.0% 0.68 -0.3%
SD-3 0.46 -3.4% 0.729 -1.6% 0.512 0.6% 0.681 -0.1%
Scenario Female student dataset Male student dataset
Metric RMSE Variation R?2  Variation | RMSE Variation R2  Variation
Benchmark | 0.464 0% 0.731 0% 0.489 0% 0.713 0%
SA-1 0.511 -10.1% 0.684 -6.4% 0.525 -1.4% 0.679 -4.8%
SA-2 0.54 -16.4% 0.66 -9.7% 0.544 -11.2% 0.66 -71.4%
SA-3 0.563 -21.3% 0.643 -12.0% 0.555 -13.5%  0.651 -8.7%
SB-1 0.427 8.0% 0.755 3.3% 0.461 5.7% 0.737 3.4%
SB-2 0.395 14.9% 0.784 7.3% 0.427 12.7% 0.766 7.4%
SB-3 0.367 20.9% 0.809 10.7% 0.395 19.2% 0.793 11.2%
SC-1 0.425 8.4% 0.755 3.3% 0.462 5.5% 0.736 3.2%
SC-2 0.399 14.0% 0.782 7.0% 0.435 11.0% 0.76 6.6%
SC-3 0.371 20.0% 0.806 10.3% 0.405 17.2% 0.785 10.1%




SD-1 0.464 0.0% 0.725 -0.8% 0.487 0.4% 0.713 0.0%
SD-2 0.469 -1.1% 0.722 -1.2% 0.489 0.0% 0.712 -0.1%
SD-3 0.464 0.0% 0.724 -1.0% 0.485 0.8% 0.713 0.0%
Scenario Female student dataset Male student dataset
Metric RMSE Variation R?2  Variation | RMSE Variation R2  Variation
Benchmark | 0.396 0% 0.795 0% 0.427 0% 0.781 0%
SA-1 0.44 -11.1% 0.765 -3.8% 0.463 -8.4% 0.75 -4.0%
SA-2 0.465 -17.4% 0.748 -5.9% 0.482 -12.9%  0.734 -6.0%
SA-3 0.484 -22.2% 0.737 -71.3% 0.491 -15.0%  0.727 -6.9%
SB-1 0.373 5.8% 0.813 2.3% 0.401 6.1% 0.802 2.71%
SB-2 0.344 13.1% 0.836 5.2% 0.367 14.1% 0.827 5.9%
SB-3 0.321 18.9% 0.853 7.3% 0.336 21.3% 0.85 8.8%
SC-1 0.372 6.1% 0.812 2.1% 0.401 6.1% 0.801 2.6%
SC-2 0.348 12.1% 0.833 4.8% 0.372 12.9% 0.824 5.5%
SC-3 0.327 17.4% 0.849 6.8% 0.344 19.4% 0.845 8.2%
SD-1 0.401 -1.3% 0.794 -0.1% 0.428 -0.2% 0.778 -0.4%
SD-2 0.403 -1.8% 0.794 -0.1% 0.429 -0.5% 0.779 -0.3%
SD-3 0.401 -1.3% 0.793 -0.3% 0.427 0.0% 0.778 -0.4%




1 Appendix B. Thermal comfort models that were developed with original and

2 enhanced MTSV under different scenarios

Scenario Female student dataset Male student dataset
Original T.=0.320-T,, +18.082 T.=0.308-T,, +17.469
Benchmark T.=0.314-T,, +18.268 T.,=0.303-T,, +17.863
SA-1 T,=0.317-T,, +18.182 T, =0.306-T,, +17.703
SA-2 T, =0.318-T_ +18.152 T, =0.307-T, +17.625
SA-3 T, =0.319-T, +18.132 T, =0.307-T,, +17.578
SB-1 T, =0.311-T, +18.340 T, =0.303-T, +17.978
SB-2 T, =0.309-T,,+18.420 T, =0.301-T,, +18.096
SB-3 T, =0.306-T,, +18.508 T, =0.301-T,,+18.215
SC-1 T, =0.312-T,, +18.326 T, =0.303-T,, +17.976
SC-2 T, =0.309-T, +18.407 T, =0.302-T, +18.083
SC-3 T, =0.306-T,, +18.508 T, =0.301-T,, +18.205
SD-1 T.=0.314.T, +18.277 T.=0.304-T, +17.855
SD-2 T, =0.313-T,, +18.289 T, =0.304-T,, +17.860
SD-3 T.=0.314-T,, +18.270 T.=0.304-T,, +17.844

arPMV model

Scenario Female student dataset Male student dataset
L. arPMV = 0 843PMV -5 arPMV = = 456PMV -5
Original 1+(———-+0.0198)-PMV" 1+ (—=—=+0.0303)- PMV"
op op




Benchmark

SA-1

SA-2

SA-3

SB-1

SB-2

SB-3

SC-1

SC-2

SC-3

SD-1

SD-2

SD-3

arPMV = PMV -5

1+("0'738 +0.0180)- PMV"

op

arPMV = PMV -5

1+ ("O'773 +0.0185)-PMV"

op

arPMV = PMV -5

1+ ("o'785 +0.0186)- PMV"

op

arPMV = PMV -5

1+ (—0.799 +0.0188)-PMV"

op

arPMV = PMV -5

1+("O'699 +0.0172)- PMV"

op

arPMV = PMV -5

1+ ("0'650 +0.0161)- PMV"

op

arPMV = PMV -5

1+ (_0'599 +0.0149) - PMV'

op

arPMV = Py, -5

1+ (_0'720 +0.0180) - PMV"

op

arPMV = PMV -5

1+ (_0'651 +0.0159) - PMV"

op

arPMV = PMV -5

1+ (_0'602 +0.0149)- PMV"

op

arPMV = PMV -5

1+ (_0'716 +0.0173)-PMV"

op

arPMV = PMV -5

1+ (_0'699 +0.0166) - PMV"

op

arPMV = PMV -5

1+ (_0'722 +0.0175)-PMV'

op

arPMV = PMV -5

1+("1'147 +0.0229) - PMV"

op

arPMV = PMV -5

1+("1'270 +0.0259) - PMV"

op

arPMV = PMV -5

1+("1'336 +0.0275)- PMV"

op

arPMV = PMV -5

1+("1'364 +0.0281)- PMV"

op

arPMV = PMV -5

1+ ("1'069 +0.0215)- PMV"

op

arPMV = PMV -5

1+ ("0'990 +0.0200)- PMV"

op

arPMV = PMV -5

1+ (_0'906 +0.0184)- PMV'

op

arPMV = PMV -5

1+ (_1'065 +0.0213)- PMV"

op

arPMV = PMV -5

1+ (_0'988 +0.0197)- PMV"

op

arPMV = PMV -5

1+ (_0'907 +0.0183)- PMV"

op

arPMV = PMV -5

1+ (_1'164 +0.0237)- PMV"

op

arPMV = PMV -5

1+ (_1'156 +0.0234)- PMV"

op

arPMV = PMV -5

1+ (_1'177 +0.0241)- PMV"

op

ePMVm model

Scenario

Female student dataset

Male student dataset




Original ePMV,, =(0.00099-T,, +0.891)- PMV +0.345 ePMV,, =(-0.0022-T,, +0.932) - PMV +0.815
Benchmark ~ ePMV, =(-0.00004-T, +0.925)-PMV +0.309  ePMV, =(-0.0055-T,, +1.059)- PMV +0.664
SA-1 ePMV,, =(0.00052-T,, +0.905)-PMV +0.322  ePMV, =(-0.0027-T, +0.969)- PMV +0.718
SA-2 ePMV, =(0.00040-T,, +0.907)-PMV +0.327  ePMV, =(-0.0020-T,, +0.941)- PMV +0.749
SA-3 ePMV,, = (0.00046-T, +0.907)- PMV +0.333  ePMV, =(-0.0023-T,, +0.947)- PMV +0.769
SB-1 ePMV, =(0.00013-T,, +0.925)-PMV +0.288  ePMV,, =(-0.0052-T, +1.060)- PMV +0.612
SB-2 ePMV,, =(0.00003-T,, +0.932)- PMV +0.267 ePMV,, =(-0.0059-T,, +1.083)- PMV +0.564
SB-3 ePMV, =(0.00043-T, +0.927)-PMV +0.245  ePMV, =(-0.0068-T, +1.114)-PMV +0.514
SC-1 ePMV,, =(0.00017-T, +0.920)- PMV +0.292  ePMV,, =(-0.0063-T,, +1.089)-PMV +0.616
SC-2 ePMV, =(-0.00075-T,,+0.957)-PMV +0.277 ~ ePMV, =(-0.0074-T,, +1.127)- PMV +0.573
SC-3 ePMV, =(0.00046-T,, +0.928)-PMV +0.248  ePMV, =(-0.0076-T, +1.139)- PMV +0.521
SD-1 ePMV,, =(0.00034-T,, +0.917)-PMV +0.301  ePMV,, =(-0.0038-T,,+1.011)- PMV +0.659
SD-2 ePMV,, =(-0.00008-T,, +0.930)- PMV +0.299 ePMV,, =(-0.0049-T,, +1.040)- PMV +0.661
SD-3 ePMV,, =(0.00002-T,, +0.924)- PMV +0.301 ePMV,, =(-0.0023-T,, +0.966) - PMV +0.658
Scenario Female student dataset Male student dataset
Original MTSV =0.205-T,, —4.504 MTSV =0.203-T,, —4.046
Benchmark MTSV =0.202-T, —4.467 MTSV =0.208-T,, —4.327
SA-1 MTSV =0.203-T,, —4.470 MTSV =0.206-T,, —4.219
SA-2 MTSV =0.203-T,, —4.480 MTSV =0.205-T,, —4.157
SA-3 MTSV =0.204-T,, —4.495 MTSV =0.204-T,, —4.134
SB-1 MTSV =0.202-T,, —4.497 MTSV =0.208-T,, —4.387




SB-2

SB-3

SC-1

SC-2

SC-3

SD-1

SD-2

SD-3

MTSV =0.203-T,, —4.532
MTSV =0.204-T,, —4.569
MTSV =0.201-T,, —4.473
MTSV =0.203-T,, ~4.535
MTSV =0.204-T, 4571
MTSV =0.203-T,, —4.501
MTSV =0.204-T,, —4.526

MTSV =0.203-T,, —4.491

MTSV =0.208-T,, —4.439
MTSV =0.208-T,, —4.494
MTSV =0.208-T,, —4.389
MTSV =0.209-T,, —4.445
MTSV =0.209-T,, —4.499
MTSV =0.207-T,, —4.307
MTSV =0.207-T,, —4.315

MTSV =0.206-T,, —4.291

MTSV-MLR model

Scenario

Female student dataset

Male student dataset

Original
Benchmark
SA-1
SA-2
SA-3
SB-1
SB-2
SB-3
SC-1
SC-2
SC-3

SD-1

MTSV =0.287-T,, ~0.059-T,,, ~0.05- Age -5.03
MTSV =0.268-T,, - 0.048-T,, —0.029- Age -5.00
MTSV =0.276-T,, ~0.052T,, ~0.038- Age -5.01
MTSV =0.280-T,, - 0.055-T,, ~0.042- Age —5.02
MTSV =0.282.T,, —0.056-T,,, ~0.045- Age—5.03
MTSV =0.264.T, —0.045.T, —0.026- Age—5.01
MTSV =0.262.T, ~0.042-T,, —0.023- Age-5.05
MTSV =0.261-T, ~0.040-T,, —0.021- Age5.10
MTSV =0.264T,, ~0.044.T, ~0.026- Age—5.01
MTSV =0.261-T, ~0.042-T,, —0.024- Age -5.02
MTSV =0.259-T,, ~0.040-T,,, ~0.020- Age 5.0

MTSV =0.271-T, ~0.049-T,, ~0.032- Age -5.05

MTSV =0.255-T,) —0.038-T,, —0.058- Age - 4.11
MTSV =0.262-T, —0.040-T,, ~0.044- Age —4.57
MTSV =0.261.T, ~0.040-T,, —0.047- Age - 4.43
MTSV =0.259-T, - 0.039-T,, ~0.049- Age - 4.34
MTSV =0.258-T,, ~0.039-T,, ~0.051- Age—4.28
MTSV =0.260-T,, - 0.038-T,, ~0.042- Age - 4.61
MTSV =0.260-T,, ~0.037-T,,, ~0.039- Age—4.69
MTSV =0.258-T,, —0.036-T,, ~0.037- Age —4.74
MTSV =0.262-T, - 0.039-T,, ~0.043- Age - 4.62
MTSV =0.263T, - 0.039-T,,, ~0.041. Age - 4.72
MTSV =0.259-T, ~0.037-T,, ~0.040- Age—4.73

MTSV =0.261-T,,-0.039-T,, —0.043- Age - 4.54




SD-2 MTSV =0.273-T,,—0.049-T  —0.034-Age-5.06 ~ MTSV =0.261-T,,—-0.039-T, —0.044- Age—4.54

SD-3 MTSV =0.271-T,,-0.049-T —0.032- Age-5.04 ~ MTSV =0.260-T,, —0.039-T, —0.043- Age—4.53




Highlights

* A novel approach for computing mean thermal sensation votes was proposed

* Uncertainties in thermal sensation votes are addressed using Bayesian inference
* Enhanced data were evaluated with the main thermal comfort models

* A substantial improvement was observed in model performance

* User-friendly software was developed and is open to relevant users
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