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ABSTRACT

Improvements in the indoor environment at schools are required due to the long periods of time spent in school facilities by chil-
dren, who are particularly vulnerable to poor indoor air quality (IAQ). This study thus developed an AI-based model predictive
control algorithm (MPCA) for an outdoor air-based energy recovery ventilation (ERV) system and evaluated its performance.
The MPCA was based on artificial neural networks that predicted the particulate matter (PM) concentration, carbon dioxide
(CO,) levels, and temperature to achieve real-time IAQ control. This algorithm was employed in an elementary school facility,
and its performance was empirically compared with a rule-based algorithm and occupant discretionary control (ODC). All three
methods were able to improve the IAQ, with the proposed MPCA outperforming the rule-based algorithm by maintaining a 21%
lower PM,, , concentration and 7% lower CO, concentration. In addition, ODC required 2.4-2.5 times higher energy consumption
than the other control methods, whereas the MPCA achieved a 5.7% reduction in energy consumption compared with the rule-
based algorithm. Therefore, the MPCA developed in this study is capable of predictive IAQ control for ERV systems and requires

less energy than conventional methods, demonstrating its potential to effectively improve the IAQ of school facilities.

1| Introduction

It has been estimated that individuals in modern society spend
approximately 80%-90% of their day indoors [1, 2], which means
that it is important to maintain safe and comfortable indoor en-
vironments [3, 4]. To achieve this, managing indoor air quality
(TAQ) is essential [5], especially for adolescents and children,
who exhibit greater sensitivity to contaminants and thermal
stress in indoor air [6]. In particular, infants and young children
react more sensitively to contaminants because they breathe in
more air per unit body weight and have less robust immune sys-
tems and a smaller body-mass-to-surface-area ratio than adults,
while they are also more vulnerable to heat stress [6-9]. Schools,
where children spend extended periods engaging in educational
activities, often have five times the occupancy density of office
spaces and eight times that of residential spaces, increasing the

likelihood of indoor air contamination [10-12]. Thus, improving
the environmental quality of school facilities via IAQ manage-
ment is required to protect the health of students.

To improve the IAQ of school facilities, governments in a num-
ber of countries have proposed various legal guidelines [13-20].
For example, the Republic of Korea has established environ-
mental management standards and guidelines across several
governmental departments. The Ministry of Environment in
Korea enacted the Indoor Air Quality Control Act in 2004, with
its 20th amendment in 2022, which defines 17 TAQ contami-
nants—including carbon dioxide (CO,), particulate matter (PM),
and formaldehyde—and sets advisory maximum concentration
standards for each [21]. Additionally, the Ministry of Education
mandates the installation of mechanical ventilation systems in
newly constructed schools as part of its PM reduction strategy,
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while promoting the use of mechanical ventilation systems and
the installation of air purifiers in existing schools [22].

Elementary schools in Korea, which educate children aged
7-13, are classified as facilities vulnerable to IAQ contamina-
tion due to their high occupancy density, the active movement of
students, and the aging of buildings, all of which contribute to
higher PM levels [23]. However, an analysis of the governmental
budget allocated for improving the environment of school facil-
ities conducted by the National Assembly revealed that 99.2% of
funds were allocated to the installation of individual air purifi-
ers rather than mechanical ventilation systems. [24] This is due
to a common misconception shared by educators that air purifi-
ers are much easier to install and are sufficiently effective, while
they also have less trust in mechanical ventilation [24]. The au-
tomated control of individual air purifiers is limited to setting
operating schedules, meaning that teachers must repeatedly
turn the devices on and off during class hours, disrupting les-
sons. Although numerous strategies, including the use of newer
technologies such as multidomain smart control and variable
speed drives, have been proposed to solve this problem, many
limitations remain, such as a lack of automated optimal control
and systematic inflexibility [25]. Furthermore, conventional air
purifiers are limited in their ability to preemptively manage pri-
mary IAQ contaminants such as PM and CO, in school facilities.

In this context, to ensure efficient integrated control, a venti-
lation system control algorithm capable of optimal TAQ control
is required. This form of optimal control requires accurate and
stable predictions across various scenarios based on prediction
models that can account for real-time variation in contaminant
levels [26]. IAQ prediction, which requires nonlinear data fore-
casting, can be effectively handled using prediction model algo-
rithms such as artificial neural networks (ANNS), fuzzy theory,
and regression models. Previous studies by Kim and Hong [27]
and Lagesse et al. [28] have demonstrated that ANN models
are particularly well-suited to parallel distributed processing,
offering faster computational processing speeds and adaptive
learning capabilities. These benefits give them a significant ad-
vantage in terms of predictive accuracy for IAQ contaminant
concentrations.

Previous studies on IAQ control algorithms for school facilities
have targeted ventilation and air purification systems, such as
windows or HVAC equipment, to manage IAQ contaminants,
and most of these studies have focused on controlling single
contaminants, such as CO, or PM. For example, Choi and Lee
[29] developed a window operating algorithm for the manage-
ment of CO, levels in secondary school facilities using computer
simulation modeling tools such as Energy Plus. Similarly, Park
et al. [30] proposed an integrated control algorithm for ventila-
tion and air purification, conducting IAQ contaminant predic-
tion and analysis using computer simulations. Some studies
have also examined control algorithms that account for multiple
contaminants. Stazi et al. [31] developed an automated window
control system that optimized both TAQ and thermal comfort;
however, their study primarily focused on thermal comfort and
CO, rather than multiple IAQ contaminants, with no consider-
ation of PM generation due to occupant activity or outdoor con-
ditions. Cho et al. [32] also devised an intelligent HVAC control
strategy for various IAQ factors within school facilities. Their

study predicted various indoor environmental factors and val-
idated the control performance using computer simulations;
however, practical application was not tested, with no acquisi-
tion and verification of real-world data. This is an issue because,
in simulation-based studies, discrepancies can arise between
simulation results and actual field data due to various technical
limitations, meaning that simulations may not fully reflect re-
al-world phenomena [33-35].

Many studies on control algorithms have been based on com-
puter simulations; however, recent research has introduced the
use of living labs or real-world environments. Kim et al. [36]
experimented with an indoor environmental monitoring sys-
tem using an operational living lab, collecting actual PM and
CO, data through Internet of Things (IoT) technology to ana-
lyze environmental behavior. Similarly, Plazas and de Tejada
[37] used real environmental data to pursue occupant-based
IAQ improvements and proposed a natural ventilation system.
Though both studies highlighted the need for control strategies
based on real data, they did not test advanced IAQ control strat-
egies, such as the use of control algorithms or mechanical venti-
lation. Shang et al. [38] also introduced an intelligent air purifier
control strategy with deep reinforcement learning, testing its
energy efficiency and control performance in real situations,
though it was only limited to air purifier control without consid-
ering natural/mechanical ventilation. El-Leathey et al. [39] de-
veloped a real-time monitoring and natural ventilation system
using IoT for occupants in a real environment and validated its
performance, but the enhanced control strategy was relatively
limited. These previous studies were set in either residential or
office spaces, thus focusing primarily on adult occupancy, and
there have been few studies that address educational facilities
specifically. Although Kim and Lee [40] compared indoor PM, .
prediction performance during occupancy based on ANN mod-
els, and Na et al. [41] optimized IAQ in old school classrooms
with air purifiers and HRV, these studies and others like them
have lacked real-life applications and/or empirical experiments
to confirm the utility of their systems.

In line with the sustainability directives, optimal control meth-
ods should also be energy efficient. Research conducted by Jia
et al. [42], Sadrizadeh et al. [43], and Al Mindeel et al. [44] has
suggested that multiobjective optimization between energy and
IAQ is required, especially for educational buildings such as
schools. However, very few studies have considered both energy
use and IAQ together. Cho et al. [32] considered energy effi-
ciency but did not test their system in a practical application,
whereas Yu et al. [45] employed an optimization strategy for
TAQ and energy consumption in a real-life setting, but this was
limited to a university campus classroom, which differs in its
characteristics compared with educational facilities for younger
occupants.

Due to these limitations of past research, the objective of this
paper was to develop an Al-based model predictive control strat-
egy for ventilation systems that can be used to effectively manage
the indoor environment in school classrooms. Its performance
was evaluated by employing it in an elementary school while
the classroom is actually in use. For this purpose, the study de-
veloped prediction models for PM, . and CO, concentrations
and indoor temperature based on ANNs and incorporated these
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models into an Al-based model predictive control algorithm
(MPCA) for the school ventilation system. This algorithm was
then installed in a living lab setting within an operational ele-
mentary school classroom to assess the real-time IAQ improve-
ment and energy usage. Although the HVAC system was not
directly controlled in this study, a temperature prediction model
was developed as a preparatory step toward future integration
of model predicted control with HVAC systems. The model also
served as a supplementary predictor, enabling assessment of
thermal conditions alongside IAQ.

2 | Methodology
2.1 | Development of IAQ Prediction Models
2.1.1 | Control Target Selection

Of the IAQ factors designated by the School Health Act
Enforcement Rules in Korea for general classrooms and cafete-
rias, PM and CO, were selected as the primary control targets
due to the relative ease of their control and their significant im-
pact on the health of occupants. PM can be categorized as PM,
or PM, ; based on the particle size; this study focused primarily
on PM, , as the primary target for control. [46, 47] At concen-
trations above 2000ppm, CO, can cause immediate negative
effects—such as headaches, dizziness, reduced concentration,
and difficulties in breathing—which can directly impact aca-
demic performance [48]. In addition, in comparison with other
contaminants such as volatile organic compounds, PM, . and
CO, can be more easily controlled by ventilation systems in-
stalled in general elementary school facilities and in living lab
environments.

In the proposed control system, PM, ; was established as the
main priority, with CO, as a secondary priority, based on the
characteristics of the contaminants, their impact on the occu-
pants, and control difficulty. Although CO, has a direct, short-
term impact on occupant health, it is less hazardous than PM, .,
which contains both toxic and allergenic organic and inorganic
substances, some of which are potentially carcinogenic, and is
thus considered the most dangerous contaminant in terms of
long-term exposure [49-52]. In addition, PM,  cannot easily
be reduced through natural ventilation alone; in fact, ventila-
tion can occasionally increase PM, . levels due to the airflow
resuspending particles that had already settled within the
classroom, while also allowing the inflow of outdoor PM, .
[53]. Consequently, reducing PM, . requires mechanical venti-
lation systems and air purification functions, with a longer time
needed for effective reduction compared with CO, [54]. In con-
trast, gaseous CO, can be quickly reduced through simple natu-
ral ventilation by opening the windows or door.

This study focused on developing an algorithm to control en-
ergy recovery ventilation (ERV) systems in elementary school
classrooms aimed at reducing IAQ contaminants. However, the
HVAC system in the living-lab environment was an indepen-
dent system that was not controlled by the control algorithm.
Therefore, for the present study, the control of the HVAC sys-
tem and thus the indoor temperature was mainly determined
by the occupants, meaning that the indoor temperature was not

considered a primary control target for the Al-based control al-
gorithm. Nevertheless, the ERV system utilized in this research
can also control the indoor temperature by adjusting the ERV
mode, so an indoor temperature prediction model was incorpo-
rated into the proposed Al-based control algorithm in order to
assess the indoor temperature as a supplementary control target
for future adaptation.

2.1.2 | Development of the ANN-Based Prediction Models

This study developed prediction models for the indoor PM, .
and CO, concentrations and temperature for integration into
the Al-based MPCA. Because ANNs have demonstrated
greater suitability for TAQ prediction than other models
[27, 28], this type of model was selected for this prediction
task. ANNs can be divided into feedforward neural networks
and recurrent neural networks, with their performance vary-
ing based on the application situation and prediction target
[55]. Referencing prior research [26, 56, 57], this study em-
ployed a multilayer perceptron (MLP), a feedforward neural
network frequently used for IAQ and PM prediction, as the
basis for the prediction models.

The input variables used for the development of the prediction
models were selected from key factors influencing contaminant
concentrations and temperature, prioritizing those that are eas-
ily obtainable from sensor measurements. Previous research
has conducted correlation analysis for various input variables,
and the present study utilized the same input variables for its
prediction models [57, 58]. In particular, 11 input variables
were used for PM, . prediction: indoor and outdoor tempera-
ture (Temp) and relative humidity (RH), indoor and outdoor
PM, ; concentration, indoor and outdoor PM,, concentration,
indoor and outdoor CO, concentration, and system airflow rate
(0 = off/1 = low/2 = middle/3 = high). For CO, prediction, eight
input variables were used: indoor and outdoor PM, . concentra-
tion, indoor and outdoor PM,, concentration, indoor and out-
door CO, concentration, system airflow rate, and system mode
(0 = off /OA = outdoor air intake/IA = indoor air recirculation).
Temperature prediction incorporated 12 input variables: indoor
and outdoor temperature and RH, indoor and outdoor CO, con-
centration, indoor and outdoor PM, , concentration, indoor and
outdoor PM,, concentration, system airflow rate, and system
mode. The system mode was excluded as an input variable for
the PM, ; prediction model because the high-efficiency partic-
ulate air (HEPA) filters in ventilation and air purification sys-
tems prevent significant differences in PM, . levels depending
on whether outdoor air is introduced or indoor air is recircu-
lated. Similarly, indoor and outdoor temperature and RH were
excluded from the CO, prediction model because they do not sig-
nificantly impact CO, levels. The output variables for the respec-
tive models were the indoor PM, ; concentration, indoor Co,
concentration, and temperature, each predicted 5min ahead.

A dataset was constructed based on classroom data collected
from the living lab using a rule-based algorithm that did not em-
ploy preemptive PM, . or CO, control in the spring and fall se-
mesters. The rule-based algorithm used in this process was the
same algorithm employed for the comparison with the MPCA,
while the living-lab classroom was also the same classroom

3 0of 22

85UB017 SUOWIWIOD BA 181D 3ol dde aup Ag peusenob a.e sejolie YO ‘8sn JO o[l 1oy Afeld1TaUIIUO AB|IA UO (SUORIPUOD-PUR-SLLIBYWIOD" A8 I AReq| Ul UO//SciL) SUOTPUOD Pue Swie | 8u 89S *[9202/50/T0] Lo AriqiTauliuo Ajim * Aiseaun Buy-Bunyd - un A Buno Alc Aq £8566GS/eU1/SSTT OT/I0P/ALI0D" A3 1M AIq U1 |UO//:SCNY WoJ) pepeojumoa ‘T ‘9202 eul



used for the empirical experiment, with the same environment,
equipment, and occupant density/schedule. Data from days with
anomalies, such as those with unexpected or irrelevant events
that compromised the occupational conditions, those with un-
repeated data spikes, those when the control system was not
in operation, and those without occupants were excluded from
the dataset. Only data collected within the occupancy hours of
8:00a.m. to 4:30 p.m. were included due to the significant influ-
ence of occupancy on the indoor temperature, humidity, and
CO, levels and because occupant activity directly affects the PM
concentration. To preserve the accuracy of the prediction mod-
els, a total of 15 days (7095 data points) selected from the 1st and
2nd semesters of the Korean academic schedule (1st semester:
March to July; 2nd semester: September to December) were in-
cluded in the dataset. The data points were selected from time
periods where the average indoor PM, ; concentration during
occupancy exceeded 5ug/m?, the CO, concentration was above
600 ppm, and at least two morning classes had been conducted.
The dataset was normalized using MinMaxScaler, which trans-
formed the data to a range of 0-1 based on the minimum and
maximum values. This dataset was then divided into training
(60%), validation (20%), and test data (20%). Details of the data
are presented in Table 1.

The ANN-based temperature prediction model was included
to evaluate its potential role in integrated ERV-HVAC control.
Although not directly used for control in the present study, it

TABLE1 | Details of the dataset used for prediction model development.

provides a foundation for future adaptation and demonstrates
the feasibility of incorporating thermal comfort into predictive
TAQ management.

Bayesian optimization, a method based on Bayesian probability,
was used to identify the optimal hyperparameter combinations
for the prediction models. Compared with grid search and ran-
dom search, Bayesian optimization offers a shorter search time
and a broader search scope. This method observes the perfor-
mance outcomes of randomly sampled hyperparameters and
uses these observations to estimate an optimal function. This
function then suggests the next hyperparameter to observe, re-
fining the optimal function prediction. This iterative process
continues until the estimated optimal function identifies the hy-
perparameters that achieve the target performance [59].

Because Bayesian optimization requires a predefined model
structure, this study defined the structural and optimizer pa-
rameters based on hyperparameter types (Table 2). The tuner
was set to explore the number of hidden layers, number of neu-
rons, and learning rate. According to prior studies, Adam was
used as the optimizer because it outperforms other stochastic
gradient descent approaches in nonimage calibration-based
tasks [60, 61], with ReLU employed as the activation function
and the mean square error (MSE) as the loss function. The re-
sulting ANN structure consisted of one input layer, four hidden
layers, and one output layer. Each layer included 11 input nodes

Details

Data collection period

Learning data selection criteria

Months selected from both the 1st semester (March-
July) and 2nd semester (September-December)

1. Average indoor PM, ¢ concentration above 5ug/m? during occupancy

2. Average indoor CO, concentration above 600 ppm during occupancy

3. Two or more sessions of indoor classes before noon

4. Data from 8:00am to 16:30 pm on days that meet Criteria 1, 2,
and 3 excluding P.E. class and special outdoor activities

Number of data points

Outdoor: temperature, relative humidity, CO,, PM

Indoor: temperature, relative humidity, CO,, PM

Indoor: temperature, relative humidity, CO,, PM

7095 (15 days)

,.5» and PM, concentration

55 and PM,, concentration

System: airflow rate

Indoor: CO,, PM, , and PM,, concentration

2.5

Outdoor: CO,, PM, ,, and PM,; concentration

2.5

System: mode and airflow rate

, 5»and PM,; concentration

Outdoor: temperature, relative humidity, CO,, PM, , and PM, , concentration

Input data PM, . model
CO, model
Temperature
model
Output data

System: mode and airflow rate

Indoor PM, . concentration 5min later/indoor Co,

concentration 5min later/indoor temperature 5min later

Dataset classification

Normalization

Training data (60%), validation data (20%), and test data (20%)

Min-max scaling
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TABLE 2 | Prediction model structure.

TABLE 3 | Details of the data used for prediction model retraining.

Hyperparameters Details Details
Structural Number of neurons 10-100 Data collection period 1st academic
for hidden layers semester of 2023
Number of 1-10 Learning data selection Same as the prediction
hidden layers criteria model (see Table 1)
Activation function ReLU Number of learning data 6327 (13 days)
Learning rate 0.0001 points
Input data Same as the prediction
model (see Table 1)
Optimizer e of optimizer Adam
P Ty P Output data Same as the prediction
Batch size 32 model (see Table 1)
Number of epochs 50
Loss function MSE

PM, ANN structure

Indoor Temp
Indoor R
Indoor CO2

Indoor PM2.5

Indoor PM10

: ) % PM25

Outdoor PM2.5
Outdoor PM10

Wind Power

ut Output
layer

) a

CO2 ANN structure

ndoor c02
ndoor P25

Indoor P10 .

Outdoor 02 1T B B con
Oudoor P23 o

Oudoor P10

Wind Power

Input  Hidden  Input Input Input  Output
layer layer layer
25)

y layer layer fayer ¥
®) (49) @s) 6] &)

Temperature ANN
structure

Outdoor RH.
Outdoor CO2
Outdoor PM2.5
Outdoor PM10

for PM, , 8 for CO,, and 12 for temperature, with hidden nodes
of 25, 49, 45, and 5, and a single output node.

The developed prediction models were integrated into the
MPCA for real-time predictions, with an added self-retrain-
ing function to enhance prediction performance and facili-
tate adaptability to environmental changes. This continuous
retraining function updated the necessary weights to correct
for errors, aligning predictions more closely with the actual
values and allowing the models to respond flexibly to changes.
Before embedding the prediction models into the algorithm,
they were retrained with recent data to validate and compare
their prediction performance before and after retraining. To

retrain the prediction models, a new dataset containing more
recent data than in the initial learning dataset was extracted.
The selection criteria remained the same, but data from differ-
ent dates were chosen. The final retraining dataset consisted
of 13 days of data (6327 data points) collected between March
and June 2023. Details of the retraining dataset are presented
in Table 3, and the structure of the prediction models is out-
lined in Table 2.

The retraining process was conducted by inputting the se-
lected retraining dataset into the PM, ,, CO,, and temperature
prediction models. This process is aimed at comparing the per-
formance of the models before and after retraining, ultimately
selecting the model with the highest prediction performance
to be included in the MPCA. After retraining, three perfor-
mance metrics were calculated for each prediction model: the
mean absolute error (MAE), coefficient of variation of the root
mean square error (CVRMSE), and R [2]. The MAE is an intui-
tive measure of the absolute magnitude of error that calculates
the average of the absolute error, whereas the CVRMSE mea-
sures the difference between the actual and predicted values
and R? indicates how well the regression equation explains
the original data, with values ranging from 0 to 1. Generally,
lower MAE and CVRMSE values indicate greater predictive
accuracy, whereas an R? closer to 1 represents lower error [62].
The MAE, CVRMSE, and R? were calculated using Equations
(1), (2), and (3), respectively:

MAE=l i

n i=1

Xq _yp‘ @

" (x-y,)
CVRMSE:J% Mxloo% @)
R2=1— Zznzl (Yi—Y) 3
a Yo &l ®
i=

where x, is the real value, y, is the predicted value, X is the mean
of x,, Y; is the i-th dependent variable, Y is the mean of Y;, and ¢;
is the regression analysis error [63, 64].

5of 22

85UB017 SUOWIWIOD BA 181D 3ol dde aup Ag peusenob a.e sejolie YO ‘8sn JO o[l 1oy Afeld1TaUIIUO AB|IA UO (SUORIPUOD-PUR-SLLIBYWIOD" A8 I AReq| Ul UO//SciL) SUOTPUOD Pue Swie | 8u 89S *[9202/50/T0] Lo AriqiTauliuo Ajim * Aiseaun Buy-Bunyd - un A Buno Alc Aq £8566GS/eU1/SSTT OT/I0P/ALI0D" A3 1M AIq U1 |UO//:SCNY WoJ) pepeojumoa ‘T ‘9202 eul



2.2 | Development of the MPCA
for the Indoor ERV System

2.2.1 | Development of the Rule-Based Control Algorithm

The rule-based algorithm developed in this study prioritized the
control of PM levels in the control hierarchy, followed by CO,
and temperature. The algorithm operated following Steps A to
E within a single control cycle. The final system control value in
the rule-based algorithm was determined based on the current
TAQ conditions. When the ERV system was activated, the pro-
cess entered Step A. In Step A, environmental data measured
using sensors within the ERV system and the operational status
were collected and stored in a real-time database. In Step B, ad-
ditional variables, such as occupancy schedules and room sched-
ules in spaces where the control algorithms were employed,
were input alongside the environmental data from Step A. This
was the initial decision-making phase that determined whether
to activate the ventilation system and algorithm. The ERV sys-
tem remained inactive on days without scheduled occupancy,
such as weekends, holidays, or breaks, or during hours from the
end of the school day until the start of the next. If the conditions
for activation were met, the rule-based algorithm proceeded to
Step D. This process is detailed in Figure 1.

In Step D, the decision-making phase determined the opera-
tional mode and airflow rate of the ERV system based on the
indoor and outdoor PM concentrations, indoor CO, levels,
and temperature. The primary criterion was the indoor PM, .

C START )

concentration. Although the School Health Act Enforcement
Rules recommend maintaining indoor PM, . levels below 35ug/
m?3, this algorithm set a lower threshold by referencing other
standards. The first threshold was set at 15ug/m?, based on the
“good” PM, ; concentration level defined by the Korean Ministry
of Environment, and the second threshold was set at 25ug/m?
in accordance with World Health Organization (WHO) guide-
lines. Accordingly, indoor PM, . levels were checked against the
15- and 25-ug/m? thresholds. If the indoor PM, ¢ concentration
was 15ug/m? or below, the IAQ was considered good and air
purification was not activated. If the indoor PM, . concentration
exceeded 15ug/m?3, either air purification or ventilation was ini-
tiated, with further criteria employed to determine the airflow
rate. The choice between air purification and ventilation was
based on a comparison of the indoor and outdoor PM, , concen-
tration; if the outdoor PM, . concentration was higher than the
indoor concentration, the air purifier operated in recirculation
mode (air purification), whereas if the outdoor PM, . concentra-
tion was lower than the indoor concentration, ventilation mode
was activated to introduce outdoor air. If the indoor PM, . con-
centration was 25ug/m? or below, the system operated at a low
airflow, but if it exceeded 25ug/m?, the indoor PM, , concentra-
tion was considered severe, and the system was immediately set
to a medium airflow for emergency operation.

The second criterion was to maintain the current CO, concen-
tration at or below 1500 ppm. Standards for CO, concentrations
vary widely by country, building, and purpose, with maximum
levels up to 5000 ppm [65], and no clear international standard

\ 4

Get sensor data (t)

Step A

A4

Set time schedule

A

‘Day’ not in weekend
& holiday?

Start time < time < End time?

Yes

Step B

Retrain & save ANN Model

A4

v Step D

FIGURE1 | Rule-based algorithm process.
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exists. Therefore, this study adopted the 1500 ppm standard concentration, and temperature at the appropriate levels with min-
specified in the School Health Act Enforcement Rules, the most imal energy consumption.

clearly established standard. Given that CO, can have more

immediate adverse effects on occupants than PM, . and can The predicted values were then utilized in Step D as a substi-
be quickly reduced in ventilation mode, the system was config- tute for the current PM, , concentration, CO, concentration, and
ured to prioritize control if the real-time CO, concentration rose temperature to make decisions, thus enabling preemptive IAQ
above 1500 ppm, selecting the outdoor air intake mode ahead control. At this stage, the airflow rate output from Step C was
of the first criterion. The third criterion was the current indoor directly employed, whereas only the mode decision was handled
temperature. If the current indoor temperature was between separately before proceeding to Step E. In the conventional rule-
18°C and 28°C, the indoor thermal environment was considered ~ based control strategy, the ventilation system was activated only

comfortable. when the indoor PM, , concentration exceeded the threshold.

However, with the MPCA, the ERV system was preemptively
When the decision-making process was completed in Step D, activated to reduce the indoor PM, . concentration before it
Step E was initiated, commanding the system to operate accord- surpassed the threshold. Preemptive control of the ERV system
ing to the optimal control solution derived in the previous step. in accordance with the predicted PM, , values is illustrated in
At this point, the operating mode and airflow rate of the ERV Figure 3. The same principle was applied to the indoor CO, con-
system were set to the values determined in Step D. The opera- centration, allowing the MPCA to maintain the CO, concentra-
tion cycle was then repeated after completing all of these steps. tions beneath the threshold for a longer period. The structure of
Steps D and E are summarized in Figure 2. Step C in the MPCA is detailed in Figure 4, whereas Steps D to E

for the MPCA are summarized in Figure 5.

2.2.2 | Development of the MPCA Containing

the Prediction Models 2.3 | Establishment of the Living Lab and Empirical
Experiments

The MPCA added the prediction models for the indoor PM,  con-

centration, CO, concentration, and temperature 5min ahead to 2.3.1| Details of the Living Lab

the previously developed rule-based algorithm. The overall struc-

ture of the MPCA was identical to that of the rule-based algorithm A living lab is a combined lab-household system designed for the

but with the inclusion of Step C. In this step, the real-time data development of integrated technical innovations [66]. Living labs

collected in Step A were used to retrain the prediction models and can be deployed in real-life situations or devised using simulations;

to generate predictions for each control factor. Retraining was in the present study, an actual school facility currently in use was

scheduled to occur once every Friday, but it would only occur if  selected. The spaces chosen as the location for the living lab were re-

at least 510 data points (equivalent to a minimum of 1 day's TAQ modeled first-grade classrooms in an elementary school located in

data) meeting the training data selection criteria had accumulated. Uijeongbu, Gyeonggi-do, Korea, where architectural and mechan-

For predictions, the airflow rate of the ventilation system was used ical improvements had previously been made. According to the

as an input variable along with the current indoor environmental Koppen-Geiger classification system, Uijeongbu has a continental

parameters, enabling the algorithm to determine the lowest air- monsoon climate (Dwa), with an annual average temperature of

flow rate that could maintain the indoor PM,  concentration, CO, approximately 11.5°C. The monthly annual average temperature
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FIGURE 2 | Steps D and E of the rule-based algorithm.
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PM, 5 Concentration contained
by predictive operation

Overshot PM, 5 concentration
by conventional logic

15 ug/m3
APM, 5 Concentration
predicted by ANN

Start ventilation by conventional logic

Start ventilation by predictive logic

— Predictive PM, 5

----- Conventional PM, 5

FIGURE 3 | Concept diagram for preemptive control in accordance with the predicted PM2.5 concentration.

ranges from —2.1°C in January to 25.7°C in August, whereas the
monthly annual average RH varies from 59% in March to 78% in
July. The annual average precipitation is approximately 1300 mm,
with much of this concentrated in summer (June-August). The
monthly annual PM, , concentration ranges from 14ug/m? in
August to 35ug/m? in March. In summer, the PM, | concentration
is lower because of the higher precipitation, whereas in February
and March, the PM, , concentration increases because of the yel-
low dust arriving from China. The monthly annual CO, concentra-
tion ranges from 403 ppm in August to 420 ppm in January. During
the 1st semester from March to July, the average temperature and
humidity rise, whereas during the 2nd semester from September
to December, the average temperature and humidity decrease. The
opposite trends are observed for the PM, . and CO, concentrations.

The school building used in the present study was representative
of a standard elementary school building in South Korea, with a
total floor area of 10,913 m?, four floors, and 26 classrooms accom-
modating approximately 20 students and one teacher per class.
This facility achieved a 29% reduction in PM infiltration by install-
ing airtight windows, air curtains, and dust-absorbing mats at the
main entrances [67]. Three first-grade classrooms on the first floor
of the building were equipped with window-type outdoor-air-in-
take ERV systems, and the doors and windows had been upgraded,
ensuring the airtight performance needed for experimentation,
thus qualifying them as a suitable living lab.

In this study, the classrooms used in the living lab had been sub-
ject to identical mechanical and facility improvements, had the
same occupancy per classroom, and followed the same basic ac-
ademic schedule. Each classroom was equipped with real-time
monitoring sensors to collect data from the window-type venti-
lation system. Details of the classrooms are presented in Table 4.

The ventilation system installed in the classrooms was an outdoor
air-intake ERV system mounted at the top of the windows. This
system was pre-set to operate in air purification mode, which em-
ployed forced ventilation of approximately 60 m3 within 10-15min.

It also offered four additional modes—outdoor air intake, indoor
air recirculation, purification, and bypass—and three adjustable
airflow levels (high, medium, and low). The internal components
of the ventilation unit included two fans, three damper motors, a
heat exchanger, and filters to provide ventilation and air purifica-
tion functions. The fans were located on the intake and exhaust
sides of the system, with a HEPA filter attached to the intake bring-
ing in outdoor air and a prefilter on the exhaust side for discharged
indoor air. HEPA filters can capture up to 99.97% of external PM
and IAQ contaminants when outdoor air is introduced.

This ventilation system was equipped with an indoor air recircula-
tion function and could independently purify air using its built-in
HEPA filter, distinguishing it from conventional ERV systems.
The indoor air recirculation mode operates one fan to recirculate
indoor air without utilizing outdoor air at all, whereas the outdoor
air intake mode operates two fans, one to supply and one to re-
move air, with the outdoor air moving through the filter when let
in. Both modes have the air go through the HEPA filter as part
of the air purification process. Therefore, this study refers to the
equipment as the outdoor air-intake ERV system or simply the ERV
system. When there were no occupants in the classroom, the ERV
system ceased operation and was switched to a powered-off state.

The ERV system was equipped with precalibrated sensors in-
stalled by the manufacturer and selected service provider. These
sensors provided continuous real-time measurements during the
empirical experiment. All sensors were factory-calibrated prior to
installation. Details of the ERV system and specifications of the
sensors installed in the classrooms are provided in Table 5.

2.3.2 | Data Collected From the Living Lab and Empirical
Experiments

In this study, the IAQ improvement and energy consumption
of the MPCA and the rule-based algorithm were evaluated
in real time under actual occupancy conditions. A total of
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TABLE4 | Living lab details.

Details

Building information Location
Size
Floor
Selected for the living lab

Occupant information Occupancy

Occupant hours

Unoccupied hours

Building plan and
living lab images

Uijeongbu-si, Gyeonggi-do, Republic of Korea
11x8x3m (W xDx H)
1F

Three first-grade classrooms

A total of 1 teacher and 20 or 21 first-
grade students in each classroom

Weekdays
08:00-09:00: Teacher only present
09:00-14:30: Teacher and students present.

14:30-16:30: Teacher and a minimal
number of students are present

Weekends, holidays, and after 16:30 p.m.-before 8 a.m.

Toilet — Toilet

Conference
room

Lab1

(orrido

Special Integrated
classroom classroom

Outdoor

6 days of empirical testing was conducted for this purpose.
The experiment was conducted in the three active living-lab
classrooms. Class A employed the MPCA, Class B ran the ERV
system autonomously under occupant discretionary control
(ODC) without an algorithm, and Class C used the rule-based
algorithm. In Class B, the teacher continuously operated the
ERV system in automatic mode with low airflow throughout
the experiment. All three classes were instructed not to man-
ually open the windows or doors for ventilation, except when
the students entered or exited.

To evaluate the statistical significance of differences among the
three control strategies (MPCA, rule-based control, and ODC),
daily mean values of PM, , and CO2 were analyzed using one-
way ANOVA. ANOVA is a statistical analysis used for comparing
mean values of three or more groups, and since this experiment
operates three different control strategies (MPCA, rule-based, and
ODC), we decided ANOVA comparison is suitable. After ANOVA

comparison, Tukey's HSD post hoc tests were conducted for pair-
wise comparisons. Additionally, standard deviations (SD) and 95%
confidence intervals (CI) were calculated to quantify variability
and test statistical robustness. Apart from daily mean values’ com-
parison, other statistical comparisons were conducted to support
each control algorithms' performance results in class hours spe-
cifically, and for relative comparison of energy consumptions. All
analyses were performed using Python (SciPy and Statsmodels).

Schedules were collected to exclude data on days with outdoor
activities or nonschool days. Data were collected from October
10 to October 23, 2023, focusing on 6 days where all three classes
remained indoors with no special activities, thus allowing for
real-time data collection and comparative analysis. The selected
experiment days were in October during the autumn semester
because the spring semester has a relatively unstable academic
schedule due to regular outdoor activities or events and has a
potential risk of extreme outlier incidents originating from
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TABLE 5 | Ventilating purifier details.

Device image

Device layout and
ventilation route

HEPA
Filter

HEPA
Filter

E— Damper Motor
—1

Outdoor air intake flow

Indoor air exhaust flow

Device specifications Ventilation fan motor Fans land 2 (2 in total)

Damper motor

Sensors

Remote control

Device mode and supply air Operation mode

power

Dampers 1, 2, and 3 (3 in total)
CO, sensors
PM, . sensors

Indoor/outdoor temperature/
humidity sensors

RF receiver for transmitter
(remote control)

Indoor air circulation, outdoor air
supply, and auto (not used in the study)

Supply air power Low: 150 CMH

Middle: 250 CMH
High: 400 CMH

Specifics Attached to the upper window, heat exchanger and HEPA filter installed

Sensor Specifics PM2.5: Range 0-500 ug/m?, resolution 1ug/m3, and maximum error + 10% at 100-500 ug/m3

CO2: NDIR dual-wavelength, range 0-3000 ppm, accuracy + 2%FS
or +3% of reading, update interval 2s

Temperature: accuracy + 0.2°C (0°C-65°C), +2% RH, and response time 8-86s

yellow dust, which can disrupt the experimental conditions.
Additionally, winter and summer have not been selected as ex-
periment periods, because even though they possess the most
extreme outdoor conditions suitable for empirical experiments,
they have winter and summer school breaks and thus have less
school schedules for experiment to be implemented or have sig-
nificant impact.

3 | Results

3.1 | Performance Evaluation of the Prediction
Models Before and After Retraining

The retraining performance of the prediction models for
the PM, . concentration, CO, concentration, and indoor
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temperature was assessed using data from the living lab
that was not included in the training dataset. The predictive
performance of each model is summarized in Table 6 and
Figure 6. Of the three prediction models, the PM, . model
had the lowest predictive performance, likely because PM, .
is more readily influenced by environmental factors, and its
concentration is thus more difficult to track accurately. Prior
to retraining, the PM, ; model had a CVRMSE of 34.83%,
exceeding the ASHRAE-recommended threshold of 30% for
hourly data [27]. However, after retraining, the PM, . model
produced a CVRMSE of 27.10%, representing a 22% improve-
ment and meeting ASHRAE standards, while the R? value also
improved from 0.79 to 0.90, a 14% improvement. The CO, and
temperature prediction models also demonstrated improved
prediction performance after retraining. The CO, model im-
proved by 7% in terms of the CVRMSE and 1% in its R? value,
whereas the temperature model produced improvements of
22% for the CVRMSE and 34% for R [2].

3.2 | Empirical Results and Analysis From
the Living Lab

3.2.1 | Air Quality Improvement

To assess the improvement in the air quality when using each
algorithm, the daily average PM, . and CO, concentrations, av-
erage IAQ over the entire experimental period, average IAQ by
occupant activity, and the duration of time the IAQ remained
within a previously set threshold were analyzed. The daily av-
erage PM, , and CO, concentrations for each classroom during
occupant hours over a 6-day period are presented in Table 7
and Figure 7. The results indicate that the classrooms with the
MPCA (Class A), ODC (Class B), and the rule-based algorithm
(Class C) maintained average PM, . and CO, concentrations
within acceptable thresholds, with the ODC classroom produc-
ing the highest IAQ. Between the two classrooms operated using
a control algorithm, the MPCA classroom maintained a higher

TABLE 6 | Performance of the prediction models before and after retraining.

Evaluation criteria

MAE CVRMSE R?

PM, . Before 2.54 34.83 0.79
After 2.13(0.41Y) 27.10 (7.73 V) 0.90(0.11 A)

CO, Before 70.51 11.49 0.98
After 23.38 (47.13 V) 3.34(8.15Y) 0.99 (0.01 A)

Temp. Before 0.93 4.70 0.61
After 0.65(0.28 ¥) 3.66 (1.04 V) 0.82(0.21 A)
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FIGURE 6 | Comparison of test data and prediction before and after retraining for each input.
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TABLE 7 | Daily average PM, . and CO, concentrations by control method.

MPCA oDC Rule-based control
PM, ; (ug/m®)  CO,(ppm) PM,, (ug/m’)  CO,(ppm) PM, ; (ug/m’) CO, (ppm)
Day 1 7.91 1194.29 5.24 936.09 10.59 1165.11
Day 2 10.28 940.23 3.94 794.58 12.38 935.28
Day 3 10.69 890.44 4.00 901.46 14.33 1063.01
Day 4 9.57 843.79 5.28 852.99 14.39 1041.07
Day 5 14.64 975.24 5.76 867.82 15.25 1031.67
Day 6 8.17 1195.54 10.81 1068.48 10.50 1227.86
Overall average 10.21 1006.59 5.84 903.57 12.91 1077.33
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FIGURE 7 | Visualization of daily average PM, ; and CO, concentrations by control method.

average air quality than the rule-based control classroom. In
terms of the average IAQ across the entire period, the use of the
MPCA led to an approximately 21% lower PM, . concentration
and 7% lower CO, concentration than with rule-based control.

Statistical analysis of the daily mean values has been con-
ducted to evaluate the statistical significance. For PM, ., mean
value, SD, and 95% CI of each algorithm are as follows; MPCA
showed mean value of 10.21 with SD of 2.44 and 95% CI of 7.65
to 12.77. ODC showed mean value of 5.84 with SD of 2.54 and
95% CI of 3.17 to 8.51. Rule-based control showed mean value
0f12.91 with SD 0of 2.06 and 95% CI of 10.75 to 15.07. Therefore,
the ANOVA for PM, ; revealed significant differences among
the three strategies (F = 13.76, pvalue < 0.001). Tukey's HSD
confirmed that rule-based control maintained significantly
higher concentrations than both MPCA and ODC, whereas
MPCA was higher than ODC, though this was due to exces-
sive use of the ventilation system in ODC classroom. For CO,,
mean value, SD, and 95% CI of each algorithm are as follows;
MPCA showed mean value of 1006.59 with SD of 152.52 and
95% CI of 846.53-1166.65. ODC showed mean value of 903.57
with SD of 93.78 and 95% CI of 805.15-1001.99. Rule-based

control showed mean value of 1077.33 with SD of 104.06 and
95% CI of 968.12-1186.54. In case of CO,, differences did not
reach statistical significance (F =3.20, p=0.069) in com-
parison with that of PM, .. Nevertheless, MPCA consistently
showed lower CO2 levels than rule-based control across all 6
days, with reductions of 3%-13%.

The average IAQ based on the PM, . and CO, concentrations
and the time spent under the acceptable threshold by activ-
ity type are summarized in Table 8. Occupant activities were
broadly categorized into class hours and nonclass hours (in-
cluding arrival, dismissal, homeroom, breaks, lunch, etc.).
MPCA showed 40% lower PM, . concentrations during class
hours and 10.5% lower PM, . concentrations during nonclass
hours in comparison with rule-based control. Also, MPCA
showed 3% lower CO, concentrations during class hours and
13.4% lower CO, concentrations during nonclass hours in
comparison with rule-based control.

The length of time for which the PM, . concentration remained
at or below 15ug/m? and the CO, concentration remained at or
below 1500 ppm was also calculated. The analysis revealed that
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TABLE 8 | Average PM, . and CO, concentrations and time under the threshold by control method and class activity.

MPCA oDC Rule-based control
PM, . Average concentration (ug/m?) Class hours 7.65 4.18 12.73
Nonclass hours 11.53 6.77 12.89
Total time under 15ug/m? (min) Class hours 885 775 610
Nonclass hours 1245 1766 1402
CO, Average concentration (ppm) Class hours 1395.63 1114.48 1439.69
Nonclass hours 796.36 792.36 919.46
Total time under 1500 ppm (min) Class hours 576 775 446
Nonclass hours 1700 1925 1677

ODC maintained a suitable IAQ for the longest period, followed
by MPCA and rule-based control. For the indoor PM, . concen-
tration, the total duration under the threshold was 2130 min for
MPCA, 2541 min for ODC, and 2012 min for rule-based control,
with an average daily time under the threshold of 355.00, 423.50,
and 335.33min, respectively. For the indoor CO, concentration,
the total time under the threshold was 2276 min for MPCA,
2700min for ODC, and 2029 min for rule-based control, with
a daily average of 379.33, 450.00, and 338.17 min, respectively.
Notably, the CO, concentration never exceeded 1500 ppm under
ODC because the ERV system operated continuously in outdoor
air-intake mode.

As a result, the MPCA maintained lower levels of PM, . and
CO, for a longer time than the rule-based algorithm. Notably,
during class hours, the MPCA achieved 885min of lower
PM, ; levels and 576 min of lower CO, levels, representing im-
provements of 45% and 29%, respectively, compared with the
rule-based algorithm.

3.2.2 | Energy Consumption According to
the Control Method

Overall, all three control strategies proved capable of main-
taining the TAQ under the required thresholds. However, the
development of optimal control algorithms that can improve
both the TAQ and energy efficiency is also an important goal.
Some recent studies have employed multiobjective optimi-
zation strategies for this purpose but have not demonstrated
their practical application in school environments [68, 69].
Therefore, in the present study, the energy consumption for
each algorithm was analyzed based on the hourly power con-
sumption of the outdoor air-intake ERV system under differ-
ent operating modes and airflow rates (Table 9). Due to the
structure of the ERV system, energy consumption almost
doubled when operating in outdoor air-intake mode (i.e., with
the fans for supplying air [SA] and exhausting air [EA] both
active) compared with indoor air-recirculation mode, during
which only the purification fan was active.

To compare the energy consumption between the control meth-
ods, the total hourly energy consumption, energy consumption by
occupant activity type, and energy consumption during periods
of acceptable IAQ were all determined. The operating hours and

TABLE 9 | Airflow rate and power consumption for the outdoor air-
intake ERV system by operation mode.

Power
Airflow consumption
rate (CMH) (W)
SA High 166.8 36.8
Middle 131.4 24.2
Low 105.0 16.7
EA High 165.0 36.8
Middle 130.2 24.2
Low 106.8 16.7
Purification/ High 166.2 27.9
bypass Middle 132.0 17.6
Low 103.2 12.3

energy consumption for each living-lab classroom are presented
in Table 10 and Figure 8. The following combinations were ana-
lyzed: outdoor air intake mode + medium airflow rate (OutMid),
outdoor air intake mode + low airflow rate (OutLow), indoor air
circulation mode + medium airflow rate (InMid), and indoor air
circulation mode +low airflow rate (InLow).

The operating hours were highest for ODC, followed by MPCA
and rule-based control. However, although the total energy con-
sumption was also highest for ODC (1346.83 W), rule-based con-
trol had a higher energy consumption than MPCA (571.85 and
539.51W, respectively). Thus, ODC resulted in approximately
2.4-2.5 times higher energy consumption compared with algo-
rithm-controlled operation.

The MPCA operated in outdoor air-intake mode for 585 min
and in recirculation mode for 809 min, whereas the rule-based
algorithm operated in outdoor air-intake mode for 834 min
and recirculation mode for 502 min. Thus, despite the longer
overall operating time, the MPCA reduced outdoor air intake
and increased recirculation. As a result, the energy consump-
tion was 334.6 W for outdoor air intake and 204.9W for recir-
culation, compared with 464.5 and 107.4 W, respectively, for
the rule-based algorithm.
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TABLE 10 | Operating hours and energy consumption according to the control method by mode and airflow rate.

Operating hours (min)

Energy consumption (W)

MPCA IA/low 365 1394 74.83 539.51
IA/mid 444 130.09
OA/low 550 306.35
OA/mid 35 28.25
oDC Auto/low (OA/low) 2418 1346.83
Rule-based control IA/low 452 1336 92.66 571.85
TIA/mid 50 14.65
OA/low 834 464.54
OA/mid 0 0
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FIGURE 8 | Visualization of operating hours and energy consumption by the control method by mode and airflow rate.

A comparative analysis of the operating time and energy con-
sumption by occupant activity type was also conducted (Table 11
and Figure 9). Under the MPCA during class hours, indoor air
recirculation under medium airflow was the most common op-
eration mode, followed by indoor air recirculation under low
airflow, outdoor air intake under medium airflow, and outdoor
air intake under low airflow. During nonclass hours, the order
changed to outdoor air intake under low airflow, indoor air re-
circulation under low airflow, indoor air recirculation under
medium airflow, and outdoor air intake under medium air-
flow. As for energy consumption, the outdoor air intake mode
under low airflow had the second-highest energy consump-
tion, whereas outdoor air intake mode under medium airflow
had the third-highest and indoor air recirculation under low
airflow had the lowest energy use. This discrepancy between
energy consumption and operating hours was due to the more

energy-intensive nature of outdoor air intake compared with in-
door air recirculation.

On the other hand, under the rule-based algorithm during both
class and nonclass hours, outdoor air intake under low airflow
was the most common operational mode, followed by indoor
air recirculation under low airflow and indoor air recirculation
under medium airflow.

The energy consumption during periods when indoor contami-
nant concentrations remained below the acceptable thresholds
despite continuous operation of the ventilation system is pre-
sented in Figure 10, illustrating the degree to which the two
algorithms avoided unnecessary operation. ODC was excluded
from this analysis because the system operated continuously,
leading to excessive energy use.
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TABLE 11 | Operating hours and energy consumption by occupant activity.

Class hours

Nonclass hours

Operating Energy Operating Energy
hours (min) consumption (W) hours (min) consumption (W)

MPCA IA/low 76 15.58 289 59.25

IA/mid 305 89.37 139 40.73

OA/low 29 16.15 521 290.20

OA/mid 33 26.63 2 1.61
Rule-based control ~ IA/low 102 2091 350 71.75

TA/mid 8 2.34 42 12.31

OA/low 412 229.48 422 235.05

OA/mid 0 0 0 0
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FIGURE9 | Operating hours and energy consumption by algorithm and classroom activity.

Under the MPCA, the energy consumption was 932W when
the PM, , concentration was below 15ug/m?, 1117W when the
CO, concentration was below 1500 ppm, and 658 W when both
PM, ; and CO, were within a normal range. In contrast, for the
rule-based algorithm, the energy consumption was 919, 945, and
563 W, respectively.

During periods when the contaminants were below the thresh-
old, the MPCA maintained lower PM, . and CO, concentrations
for a longer duration than the rule-based algorithm. Under the
MPCA, the average PM, . concentration was maintained at
10.64ug/m? and the average CO, concentration at 974.80 ppm,
with a total of 668 min of operation beneath the thresholds. In
contrast, the rule-based algorithm maintained an average PM, .
concentration of 13.21 ug/m? and an average CO, concentration

of 1065.22ppm, with a time under the threshold of 563min.
Details of the average air quality during the periods where the
PM, . and CO, were under the threshold for each algorithm are
presented in Table 12, and the overall PM, . and CO, concentra-
tions are summarized in Figure 11.

4 | Discussion

4.1 | Discussion on Performance Evaluation
of the Prediction Models

After retraining, the prediction models exhibited improved per-
formance across all metrics compared with before retraining.
The prediction trends for each model before and after retraining
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FIGURE 10 | Energy consumption during periods when the IAQ met the established threshold according to the control algorithm.

TABLE 12 | Average air quality using control algorithms during
periods when the PM, . and CO, concentrations were below the
threshold.

5

MPCA Rule-based control

Average PM, . 10.64 13.21
concentration (ug/m?3)

Average CO, 974.80 1065.22
concentration (ppm)

Operating hours beneath 668 563
the threshold (min)

are presented in figure within Table 6, demonstrating how the
models after retraining more closely tracked the true values.
This was particularly clear for the temperature model, where
abrupt fluctuations that were previously untracked were ac-
curately tracked after retraining. This improved accuracy was
likely due to the use of both recent data and data specifically
tailored to reflect dynamic IAQ patterns during retraining.

Overall, the results demonstrated that the retraining process
enabled the prediction models to adapt to an ever-changing en-
vironment, confirming that retraining could improve their pre-
diction performance. Consequently, the retrained models were
incorporated into the MPCA used in the living-lab experiment,
with periodic retraining employed to ensure continuous im-
provement in the prediction accuracy. As described in Section
2.2.2, the retraining process for the algorithm was scheduled
to occur once every Friday, but it would only occur if at least
510 data points meeting the same training data selection criteria
used for model development had accumulated. The threshold of
510 data points was selected because this was equivalent to a
minimum of 1 day's worth of acquired IAQ data. This would
ensure at least one retraining cycle each week during regular
semesters to adapt to changes in the weather, while avoiding ex-
cessive or unnecessary retraining during semester breaks. The

retraining process took an average of 3-4min and was set to
operate outside of regular operation periods to avoid interfering
with the automated control.

4.2 | Discussion on Empirical Results and Analysis
From the Living Lab Experiment

4.2.1 | Discussions on Air Quality Improvement Analysis

The results of empirical experiment indicating that the class-
room with the ODC produced the highest IAQ is thought to
have been because of the ODC's discretionary nature. The
teacher in charge of ventilation system operation kept the sys-
tem running constantly which led to excessive, yet powerful
ventilation. Between the two classrooms operated using a con-
trol algorithm, the MPCA classroom maintained a higher aver-
age air quality than the rule-based control classroom. Notably,
despite the additional CO, introduced during two postschool
meetings in the MPCA classroom on the first two experiment
days, the average CO, concentration over the entire period
was still lower in this classroom than in that with rule-based
control, demonstrating the superior IAQ performance of
the MPCA.

Although CO, differences were not statistically significant, the
consistent downward trend under MPCA compared with rule-
based control remains practically meaningful in classrooms
where CO, frequently approaches regulatory thresholds. The
lack of statistical significance is likely due to the small sample
size (n = 6) and high day-to-day variability, whereas the more
volatile characteristics of CO, in comparison with PM, . could
have also contributed to this end. Future studies with longer
monitoring periods are needed to increase statistical power.

The results of average PM, . and CO, concentrations by ac-
tivity type analysis in accordance with Table 8 show that the
MPCA maintained lower PM, , and CO, concentrations than
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FIGURE 11 | Comparison of the overall PM, ; and CO, concentrations according to the control method.

the rule-based control. This is regardless of the primary occu-
pant activity whether it be class hours or nonclass hours. This
difference in PM, . and CO, concentrations was greater during
class hours than during nonclass hours, suggesting that the
MPCA was better suited to supporting IAQ during essential
activities during class time for students. Although both MPCA
and rule-based control showed significantly higher concentra-
tions of PM, . and CO, than ODC, this is believed to be due
to the excessive use of the ventilation system that occurred in
ODC classroom as stated earlier.

In all three classrooms, the PM, . concentrations were lower
and CO, concentrations were higher during class hours than
during nonclass hours. This was due to occupant activity pat-
terns; during class hours, students remained seated and focused
on learning, reducing activity levels but increasing respira-
tion. With reduced movement and closed doors and windows,
PM, , entry and resuspension decreased, allowing particles to
settle, which lowered the PM, . concentration. However, the
increased respiration and closed environment led to a rise in
the CO, concentration. In contrast, during nonclass hours,
activities such as entering and exiting the classroom caused
doors to open, allowing more PM, . to enter and previously
settled particles to be resuspended, thus raising PM, . levels.
Additionally, fewer students remained in the room, reducing
CO, production from respiration, whereas the open doors and
windows allowed the CO, to escape, thus reducing the CO,
concentration.

Additionally, it is worth noticing the improvement of MPCA
over rule-based control in sense of duration of maintaining
lower levels of PM, , and CO, concentration during class hours.
Given that class hours are the most important activity time for
students, the MPCA was thus better suited for school facilities
than the rule-based algorithm because it maintained an accept-
able TAQ for a longer period during class hours.

4.2.2 | Discussions on Energy Consumption Analysis

The MPCA used 5.7% less energy than rule-based control despite
operating for a longer time, which was likely due to differences
in energy consumption between the system modes. The outdoor
air-intake mode uses two fans (SA and EA), whereas the recircu-
lation mode uses a single fan. Thus, the hourly energy consump-
tion under outdoor air-intake mode was 73.6 W for high, 48.4W
for medium, and 33.4W for low airflow, whereas recirculation
mode consumed 27.9, 17.6, and 12.3W, respectively, meaning
that the outdoor air-intake mode was 2.6-2.7 times more ener-
gy-intensive than the indoor air-recirculation mode.

The difference in the operating time under the recirculation and
outdoor air intake modes between algorithms was likely due
to the preemptive control of the MPCA. The outdoor air-intake
mode was activated when indoor CO, levels exceeded 1500 ppm;
however, the MPCA anticipated CO, trends through predictive
control, initiating ventilation preemptively even when CO, levels
were below 1500 ppm. As a result, the time that CO, remained
above 1500 ppm was reduced, leading to a 30% decrease in out-
door air-intake mode compared with the rule-based algorithm.
In contrast, the rule-based algorithm only activated the outdoor
air-intake mode once CO, levels exceeded 1500 ppm, meaning
that outdoor air-intake mode was in operation for longer periods.

This analysis demonstrated that using algorithms to control
the IAQ can reduce energy consumption by an average of 58.7%
compared with manual control. Additionally, even though the
MPCA operated for 4.3% longer than the rule-based algorithm,
it consumed 5.7% less energy, which is consistent with a recently
conducted review of studies that have utilized model prediction
control that reported an average reduction in energy consump-
tion of 1%-8% [70]. The Al-based control algorithm used in the
present study also produced a 21% improvement in the PM, .
concentration and a 7% improvement in the CO, concentration
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compared with the rule-based algorithm. Future developments
in AI performance can also lead to improvements in the predic-
tion accuracy of the models developed for the proposed MPCA,
reduce the difficulty of its application, and reduce its energy
consumption further.

According to comparative analysis of the operating time and
energy consumption by occupant activity type (Table 11 and
Figure 6), the order of most common operation mode for MPCA
changes between class hours and nonclass hours. This was due
to the predictive and preemptive nature of the MPCA, which an-
ticipated higher PM, . concentrations based on trends from prior
nonclass periods and focused on PM, ; reduction during class
hours. Toward the end of the class hours, the algorithm shifted
focus to CO, reduction, which had typically risen by that point. As
a result, the ranking of the control modes according to the energy
consumption during class hours differed from the ranking for op-
erating time.

On the other hand, the rule-based algorithm shows simpler and
synchronized results for the ranking of both operating hours
and energy consumption. This is due to the rule-based algo-
rithm operating based on the current concentrations of the TAQ
contaminants. During class hours, the focus was primarily on
reducing elevated CO, levels, leading to the higher use of the
outdoor air intake mode. Conversely, during nonclass hours, pri-
ority shifted to reducing the PM, . concentration, resulting in
the greater use of recirculation mode.

Analysis on energy consumption during periods when the IAQ
met the established threshold according to control algorithm
(Figure 7) shows that the MPCA consumes more energy than
rule-based algorithm in all three cases. This difference was likely
due to the preemptive control of the MPCA, which activated
the ventilation system even when the PM, , concentration was
below 15ug/m? or the CO, concentration was below 1500 ppm
or both, resulting in higher energy use compared with the rule-
based algorithm. To confirm this, a comparison was made of the
operation time when the actual PM,, ; and CO, levels were below
the desired set points. Under the MPCA, the system operated for
an additional 40min when the PM, . concentration was below
15ug/m3, consuming 11.6 W of energy, and for 7 min when the
CO, levels were below 1500 ppm, consuming 5.6 W.

The comparative analysis on average air quality using control
algorithms during periods when the PM, . and CO, concentra-
tions were below the threshold (Table 12 and Figure 8) is subject
to discussion. The analysis revealed that MPCA consumed more
energy than the rule-based algorithm when the IAQ was within
an acceptable range. This is because the MPCA initiated pre-
emptive control, allowing it to activate even when PM, . or CO,
or both were within set levels based on values predicted 5min
ahead of time. In addition, the MPCA demonstrated stronger
pollutant reduction capabilities than the rule-based algorithm,
resulting in a longer period of acceptable IAQ. Although the
energy consumption during acceptable IAQ periods was higher
for the MPCA, its total energy consumption was still lower than
that of the rule-based algorithm.

Additional comparative analysis between the MPCA and rule-
based algorithm in terms of temperature has been undertaken,

which also shows that MPCA produced a lower average indoor
temperature of 25.8°C compared with that of the rule-based al-
gorithm (27.1°C). The MPCA also led to a lower average indoor
temperature for class hours (25.9°C) compared with that of the
rule-based algorithm (27.3°C). This is because the MPCA had lon-
ger operating hours, with its preemptive control leading to the lon-
ger use of outdoor air intake mode and the ERV system in general.
This indicates that the MPCA can potentially be employed with
HVAC systems to reduce thermal energy consumption.

4.2.3 | Discussions on Empirical Experiment
Methodology

This empirical experiment was conducted in a single elemen-
tary school located in a Dwa climate zone during autumn. In the
Korean context, autumn conditions are broadly comparable to that
of spring, both representing mild transitional seasons, excluding
episodic yellow dust events. Additionally, the autumn conditions
are suitable for empirical experiments using elementary school in
Korea as it covers majority of school days in second semester while
showing less undesirable events schedule wise compared with
spring season. Winter and summer periods largely overlap with
school vacations, making occupancy-driven IAQ dynamics diffi-
cult to capture. Therefore, the findings here should be interpreted
as proof-of-concept under midseason conditions. Future research
could extend validation to extreme heating (winter) and cooling/
high-humidity (summer) periods to confirm generalizability, be as
fewer school days as it may in comparison with autumn season,
especially to expand research fields into thermal control.

This study addresses several limitations identified in previous
IAQ control research and provides a differentiated contribution
by implementing and validating an Al-based MPCA in an ac-
tual elementary school classroom. For example, this study imple-
ments empirical research methodology by utilizing a living-lab
elementary school classroom, unlike other research like Choi and
Lee [29], or Park et al. [30]. which used computer simulations.
Additionally, in comparison with Kim et al. [57], this study fo-
cused on controlling both particulate contaminant (PM, ) and
gas contaminant (CO,) instead of focusing on only one. Moreover,
this study's empirical experiment can serve as a practical experi-
mentation to existing attempts to consider both IAQ and energy
efficiency in school environments like Cho et al. [32]. Therefore,
in comparison with previous related research, it can be discussed
that this study's several distinctive contributions can be positioned
within existing literatures.

5 | Conclusions

In this study, an Al-based prediction control algorithm for an
ERV system was developed to manage the indoor environment
in elementary school classrooms, with its real-time performance
evaluated in the field. Utilizing living-lab classrooms within an
actual elementary school, real-time air quality data were col-
lected, and the resulting dataset was employed to develop ANN
prediction models for the indoor PM, ; and CO, concentrations
and temperature. Subsequently, the rule-based MPCA and ODC
were compared in three classrooms. The main findings of this
study are summarized below.
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1. Retraining of the prediction models improved their pre-
diction performance. As a result of this retraining, the
CVRMSE for the PM, . prediction model improved by 22%
and its R? improved by 14%. Similarly, the CO, prediction
model demonstrated improvements of 71% and 1%, whereas
the temperature prediction model improved by 22% and
34%, respectively. These retrained prediction models were
integrated into the MPCA.

2. The living-lab empirical experiment demonstrated that the
MPCA combined with the ANN-based prediction models
successfully maintained acceptable IAQ levels within the
classroom. During the experimental period, the MPCA led
to a reduction in the PM, . and CO, concentrations of ap-
proximately 21% and 7%, respectively, compared with the
rule-based algorithm. Additionally, the MPCA maintained
lower indoor PM, . and CO, concentrations for longer pe-
riods during class time (45% and 29% longer, respectively)
compared with the rule-based algorithm. These findings
confirmed that the MPCA was more suitable for school fa-
cilities than the rule-based algorithm.

3. This study confirmed that automating the ERV system
using the proposed MPCA reduced the energy consump-
tion compared with ODC. The classroom with ODC had
energy consumption levels that were 2.4-2.5 times higher
than those of the other classrooms because the ERV sys-
tem operated continuously. In the comparison between
algorithms, the MPCA demonstrated a 4.3% longer oper-
ating time than the rule-based algorithm, yet had a 5.7%
lower energy consumption. This demonstrated that the
preemptive control of the MPCA led to a more efficient
improvement in the IAQ compared with the traditional
rule-based algorithm.

4. The energy consumption of the MPCA was higher than
that of the rule-based algorithm when IAQ levels were
within the desired range. This is because the MPCA initi-
ated preemptive operation based on predicted values even
when the TAQ was satisfactory. However, the overall en-
ergy efficiency of the MPCA was higher than that of the
rule-based algorithm while also producing a higher IAQ
performance.

In summary, the MPCA developed in this study demonstrated su-
perior IAQ performance and lower energy consumption compared
with the conventional rule-based algorithm. Using the MPCA for
TAQ control was also significantly more efficient in terms of en-
ergy consumption compared with ODC while satisfactorily en-
hancing the TAQ. Therefore, the MPCA developed in this study
achieved preemptive IAQ prediction-based control and exhibited
a high energy efficiency, positioning it as a promising strategy for
improving the IAQ in elementary school facilities.

However, the prediction models used in the MPCA required
continuous retraining to enhance their prediction accuracy. In
addition, although the developed MPCA included temperature
prediction and control strategies based on these predictions, the
inability to directly control the HVAC system due to constraints
associated with the experimental environment was a clear lim-
itation. Therefore, future research will focus on ongoing data
collection and the retraining of the prediction models to improve

their accuracy. Additionally, an integrated MPCA for HVAC sys-
tems that includes the direct control of the heating and cooling
systems is planned for future work.
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