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Virtual sensor; optimization problem that revolves around maintaining CO, levels below a certain threshold
Deep reinforcement while utilizing the minimum amount of energy possible. To that end, we propose an intelligent
learning approach that consists of a supervised learning-based virtual sensor that interacts with a deep

reinforcement learning (DRL)-based control to efficiently control indoor CO, while utilizing the
minimum amount of energy possible. The data used to train and test the DRL agent is based on
a 3-month field experiment conducted at a kindergarten equipped with a heat recovery venti-
lator. The results show that, unlike the manual control initially employed at the kindergarten,
the DRL agent could always maintain the CO, concentrations below sufficient levels. Further-
more, a 58% reduction in the energy consumption of the ventilator under the DRL control
compared to the manual control was estimated. The demonstrated approach illustrates the
potential leveraging of Internet of Things and machine learning algorithms to create comfort-
able and healthy indoor environments with minimal energy requirements.
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1. Introduction

People are estimated to spend about 90% of their time in
indoor spaces (Klepeis et al., 2001). Consequently, there
has been an increasing need to provide sufficient indoor air
quality (IAQ) that promotes health and the general well-
being of building occupants. Carbon dioxide (CO,) is a pri-
mary element in the assessment of IAQ (Morawska et al.,
2021; Satish et al., 2012) — high CO, concentration levels
are an indicator of poor indoor environments that could
potentially be harmful to human health and lead to reduced
productivity and deterioration of occupant well-being
(Jacobson et al., 2019).

Pioneering studies have linked low-level exposure (e.g.,
700—1000) to changes in the respiratory movement ampli-
tude, increased in the flow of peripheral blood, and
reduced functioning state of the cerebral cortex (Azuma
et al., 2018). Such changes induced by exposure to CO,,
even in moderate concentrations, have also been observed
in experimental studies. For instance, Satish et al. observed
that decision-making capabilities subtly diminish when in-
door concentration levels change from 600 ppm to
1000 ppm but that the hindrance in decision-making capa-
bilities are significantly large when the concentration levels
reach about 2500 ppm (Satish et al., 2012). Other experi-
mental studies have linked low-to-moderate CO, concen-
tration levels to reduced psychomotor performance (Allen
et al., 2016, 2019), sick building syndrome (Redlich et al.,
1997), and an array of other health conditions (Azuma
et al., 2018). Recent studies have also shown that
increased CO, concentration could amplify the rate at
which airborne diseases are transmitted in indoor spaces —
the current SARS — CoV-2 responsible for the recent global
pandemic is a good example (Lewis, 2021).

To limit the effects of CO, concentrations on building
occupants, maximum permissible thresholds of CO, are
often dictated. In South Korea, for instance, the maximum
permissible CO, level is set to 1000 ppm (Hwang et al.,
2018). Similar thresholds have been dictated in Canada
(Nathansan, 1993) and Japan (National Research Council,
1981). Keeping indoor CO, levels below dictated thresh-
olds is critically important and has several implications
regarding occupant health and well-being. This is more so
in specific buildings such as educational facilities as they
are often densely and frequently occupied and even
perhaps more important for schools catering to small chil-
dren (e.g., kindergartens) as they may be much more sus-
ceptible to the health risks associated with poor 1AQ.

Sufficient air ventilation is the principal method of
controlling indoor CO, concentrations and ensuring that it
remains below dictated thresholds. While natural ventila-
tion is possible in certain cases, mechanical equipment is
required most of the time, especially in metropolitan cities
where outdoor air contains high concentrations of atmo-
spheric pollutants (Leung, 2015). The important role of
mechanical equipment in maintaining safe indoor CO,
levels coupled with the desperate and essential need for
building managers/owners to reduce energy consumption
often leads to high indoor CO, concentrations or unnec-
essary energy consumption; IAQ is foregone in an attempt
to save energy or vice-versa. Consequently, the issue be-
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comes an optimization problem that revolves around
maintaining CO, levels below a certain threshold while
utilizing the minimum amount of energy possible.

In the past, conventional control methods such as propor-
tional integrated derivative (PID) and rule-based controls
were employed in indoor environment control studies (Ryzhov
et al., 2019). Although extensively applied in the field, such
methods are, in certain cases, suboptimal given the
complexity in modeling the components of indoor environ-
ments, particularly the non-linearities associated with con-
trolling heating, ventilation, and air conditioning (HVAC)
systems. For example, PID controllers become unstable when
control gains are improperly chosen (Dounis and Caraiscos,
2009), and rule-based controls may not capture the non-
linearities in indoor CO, concentrations resulting in subopti-
mal outcomes (Salsbury, 2005). Advanced modeling theories
such as those based on model predictive control (MPC) have
also been widely employed to provide cost-effective optimi-
zation of indoor environments (Ryzhov et al., 2019) — here, a
dynamic system is understood through a series of mathemat-
ical constraints and optimizes the future system trajectories
of the system based on established models of the said system.
System models of indoor environments that are sufficiently
extensive are not always available, and the optimal sequence
of control signals which is computed at each control timestep
is computationally expensive, limiting MPC applications.
Moreover, interactively coupling real building data with pre-
dictive modeling to improve learning is often impossible under
the MPC approach.

As real building data becomes easily available through
the Internet of Things (loT) systems and highly calibrated
sensors, some reports have drawn attention to the poten-
tial usefulness of data-driven agent-based intelligent con-
trol systems, particularly reinforcement learning (RL), in
providing sufficient 1AQ (Yang et al., 2021). Such agents
provide continuous learning to improve control systems and
usually require no existing models of the control problem at
hand. However, the application of RL to provide cost-
effective solutions to poor indoor air quality has not been
extensively explored in the literature. Moreover, only a few
studies have demonstrated the importance of advanced
control techniques using actual field experimental data.
The present study thus had two central objectives. The first
objective was to employ deep reinforcement learning (DRL)
and assess its potential in reducing the energy consumption
of a heat recovery ventilator (HRV) while at the same time
maintaining indoor CO, concentration levels below the
maximum permissible level of 1000 ppm. The second
objective was to illustrate the use of a virtual sensor as an
alternative performance feedback platform when training
the DRL control scheme. This is particularly important
because previous studies have often used simulation tools
as the feedback platform to train DRL control schemes.
However, simulating real environments is computationally
expensive and is associated with other complexities
inherent in modeling tasks. Consequently, the use of a
virtual sensor avoids the high computation load and com-
plexities associated with simulated environments during
DRL training. To the best of our knowledge, this is the first
study that utilized a trained machine learning (ML) model
as the basis for the performance feedback system to the
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DRL-based control agent. The present study contributes to
the small but increasing number of studies showcasing the
suitability of autonomous smart agent controls to improve
building performance.

The rest of the article is arranged as follows: Section 2
briefly discusses the theory of RL and the elements of RL
pertinent to the present study, Section 3 describes the case
study space, indoor CO, predictions, and the development
of a virtual sensor, Section 4 presents and discusses the
obtained results, while Sections 5 and 6 discuss future
research and provide conclusive remarks, respectively.

2. Reinforcement learning

2.1. Theory

RL is a subcategory of ML algorithms in which the learning
system, also known as the agent, learns how to interact
with its environment to reach a defined objective
(Glorennec, 2000; Sutton and Barto, 2018). In RL problems,
the agent learns how to map its actions to the changing
environment to maximize a scalar reward signal, also
known as the reinforcement. RL problems are closed-loop
problems in an essential way because the agent’s actions
have an influence on its future actions. Contrary to other
ML algorithms, in RL, the agent is not told which actions it
should take, instead, it should find those actions by trial
and error, and these actions taken may not only affect the
contiguous rewards, but also influence all subsequent re-
wards. The above properties are the main discerning fea-
tures of RL problems.

RL is different from supervised learning. In supervised
learning, the learning system is provided with labeled ex-
amples to train on by a supervisor and learned how to map
inputs to the labels. The goal of the learning system is to
generalize its results when presented with data that was
not part of the training dataset. RL is also different from
unsupervised learning, where the learning system is given
an unlabeled dataset, and the goal is to discover hidden
structures or patterns. Whilst on the might of RL as a type
of unsupervised learning as it does not depend on examples
of correct actions to take, RL problems are about maxi-
mizing the total cumulative rewards instead of discovering
hidden patterns. Discovering hidden patterns may be part
of the agent’s learning process but by itself does not
contribute to cumulative reward maximization. Thus, RL is
considered as a third ML subcategory, besides supervised
learning and unsupervised learning, possibly other sub-
categories as well.

2.2. Markov Decision Processes and the Bellman
equation

Markov Decision Processes (MDPs) are the fundamental
mathematical formalism of any RL problem (van Otterlo
and Wiering, 2012). They are composed of (i) states set
(S¢), which describe any information available to the agent
at time ¢, (ii) actions set (A;), which are the decisions
chosen by the agent to induce changes in the environment
at time ¢, (iii) transition probability (p) from one state to
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another, and (iv) the reward function (R;), which defines
the objective of the RL problem. The Markov property de-
scribes that the state of the environment at t + 1 only de-
pends on the state and actions at t, and the environment
dynamic changes can be defined by equation (1) (Sutton
and Barto, 2018).

P(Ser1,r|Se,@) = Pr{Re; 1 = r,Se.1 = | St,Ae } (1)
To maximize the total cumulative rewards, the agent
consistently chooses the correct actions and avoids the
wrong ones, responding to the environment changes at
each time step. This process of choosing actions is known as
the policy. Thus, the process that yields the highest re-
wards is referred to as the optimal policy. The optimal
policy is computed by learning the value functions. The
value functions inform the agent of the goodness of taking
an action a while in the state s. The Bellman equation
(Bellman, 1952) is used to estimate these value functions,
and the value of choosing a particular action in a particular
state is computed based on the immediate rewards and the
future discounted rewards that depend on the discounting
factor (y). Therefore, the optimal value function (q.),
computed by the Bellman optimality equation (Bellman,
1966; Sutton and Barto, 2018), yields the optimal policy
that the agent follows to obtain the highest cumulative
rewards, which is given by equation (2).
q. = ZP(5t+17r|5taa) = f+“/mL?XCI* (St+17a):| (2)

St+1.0

2.3. Double Q learning

Q-learning (Aryana et al., 2021) is a popular model-free RL
algorithm and widely used to find the optimal solution for
MDPs. To find the solution of any MDP, Q-learning uses a Q-
table that records Q-values associated with each action
taken. The update rule for Q-learning value function
Q(s,a; 6;) for taking an action A in a state S; and evaluating
the immediate reward R;,{ and next state S;,¢ is shown in
equation (3) where « is the learning rate.

Ori1=0;+a [(Rm + YmaaXQ(Sm ,a;0) )

3)
~ Q(Se A 00) |V, QUSe A )
Q-learning has two major drawbacks: (i) it is computa-
tionally expensive to maintain the Q-table with an
increased number of actions and states, and (ii) it suffers
from poor performance caused by an overestimation of
action values when solving a stochastic MDP. To solve these
drawbacks, a deep Q-learning (DQN') (Mnih et al., 2015)
algorithm was developed. The DQN uses a deep neural
network (DNN) (LeCun et al., 2015) in place of a Q-table
and takes the current state as input to provide a vector of
possible estimated action values. Moreover, there was an
introduction of the experience replay and a target network
with parameters - to increase the DQN performance. The
update rule of a DQN is shown in equation (4). The DQN also

' DQN: deep Q-learning.
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showed the same overestimation issue as Q-learning. This
overestimation behavior is caused by the maximization
function over calculated action values, which tends to
choose large action values over low action values (van
Hasselt et al., 2016).

Ori1=0t+a [(Rtﬂ + ’me‘XQ(SHha% 0;) )

“4)
- Q(SuAt;Bt)] 'VﬁtQ(SnAt;@t)
Double Q-learning was proposed as a solution for the
overestimation problem (van Hasselt et al., 2016). Instead
of using the same value in the maximization function to
both pick and assess an action, the double Q-learning learns
two value functions, and each update provides two distinct
sets of weights, 6 for action selection (as in equation (3))
and ¢’ for action evaluation as shown in equation (5). These
two sets of weights play an important role in determining
the policy and its values.

Ori1 =0+ KRM +7Q (Sm ,argmaxQ (Se;1,a; 0¢); 32))
a

- Q(ShAt; 0t):| Van(St,At; Ht)
(3)

This study utilized the double Q-learning as the control
algorithm for indoor CO, because of its capabilities of
handling stochastic environments with complex in-
teractions, involving trade-offs between the maintenance
of adequate indoor CO, and minimization of ventilation
energy consumption. These complexities are affected by
the number of occupants and activities of the day, which
call for a sophisticated and robust algorithm. Therefore,
the double Q-learning was a viable solution for our envi-
ronment MDPs. Interested readers are referred to
(Arulkumaran et al., 2017; Kiumarsi et al., 2018; Yang
et al., 2020) for more details on the aforementioned
algorithms.

3. Methods

Fig. 1 illustrates the stages involved in the research
framework. Each stage is detailed in the subsequent
sections.

3.1. Site and data collection

The experimental site was a daycare center located in
Seoul, Republic of Korea (37° 21" 57.13”N 126° 57’ 32.69"E).
The center hosted children between the ages of one and
seven years, from Monday to Saturday, and the working
hours were from 07:30 a.m. to 07:30 pm.

An HRV equipped with sensors to record indoor and
outdoor air conditions was installed in one of the rooms of
the daycare center. The floor plan of the room and the
position of the HRV are shown in Fig. 2. The sensors
recorded CO,, PM2.5, PM10, temperature, and relative
humidity of indoor and outdoor air. Fig. 3 shows the position
of the sensors in the installed HRV. Moreover, measure-
ments related to the operation status (On or Off), air supply
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mode (Low, Medium, and High), and ventilation energy
were recorded. All the real-time data were recorded in
intervals of 10 seconds and saved in an established Dynamo
database on Amazon web services and later synchronized to
30 minute intervals. Table 1 elaborates the recorded vari-
ables and Table 2 shows manufacturer details of the
installed HRV.

3.2. Estimating energy saving potential by an HRV

HRVs are types of air conditioning systems that utilize air-
to-air exchangers and recover heat or coolness from the
stale exhaust air to the fresh supply air. This air-to-air ex-
change also helps remove odor, excess moisture, and air
contaminants by maintaining thermal comfort while
conserving energy.

The energy consumed by the unducted HRV (ISO 16494:
2014, 2014) employed in our study was tested and calcu-
lated following the 1SO16494 (ISO 16494: 2014, 2014). The
total consumed energy is expressed in terms of the net
supply airflow (Qsanet), the coefficient of energy (COE), the
coefficient of performance (COP), and the effective work
(EW). Fig. 4 shows the airflows through an HRV and equa-
tions (6)—(11) (ISO 16494: 2014, 2014) summarise the total
energy derivation. Interested readers may refer to (ISO
16494: 2014, 2014) for more details.

As the ventilation system installed in the kindergarten
was a HRV, the presented equations were primarily used in
estimating the overall energy consumption of the system
while accounting for the energy reduced by the usage of a
heat exchanger.

Qsavet = Q1 — Q2

|qm2,net(h2 - h1)‘ x 1000

COE = P,

EW = P;, x (COE —1)

Qsanee  EW P
cop CoE "

Etotal.HRV =

where Q is the airflow (m3/s), gm is the net supply mass
flow rate (kg/s), h is the enthalpy of the air (kJ/kg of dry
air), and P;, is the input power of the ventilator (W).

If the heat exchanger is not turned on, the total energy
consumed is:

_ qm; X |h1 *h3|

- cop (19)

Etatal

The total saved energy using the HRV is, therefore:

(11)

Esaved = Etotal - Etotal,HRV

3.3. Deep reinforcement learning (DRL) for indoor
CO;, control

3.3.1. Overall process flow

Fig. 5 illustrates the design of the developed virtual
sensor coupled with DRL for indoor CO, control. The role
of the virtual sensor is to emulate environment changes,
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the development of various configurations of the double
Q-learning.

in this case, the changes in indoor CO, in the kinder-
garten. The DRL part is responsible for maintaining in-
door CO, below 1000 ppm by making decisions and
forwarding these decisions to the virtual sensor for
evaluation. The overall workflow during the design is
described in the following steps — as subtly discussed in
the introduction, this unique approach of combining a
virtual sensor and DRL reduces the time, modeling, and

(i) The virtual sensor module allocates memory for
holding all the information related to changes in the
environment after each action is taken.

(ii) The agent reads a single observation from the record
holding the training data and provides the best action

computation complexities, consequently turning the accordingly.
focus on the DRL control development which facilitates
%
T
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Fig. 2

Floor plan of the case study kindergarten area.
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Fig. 3  Location of sensors in the HRV.
Table 1 Details of the recorded variables.
Variable Unit Device Range (Accuracy)
(6(0)} Parts per million (ppm) MH-Z19B 400—2000 (+30 ppm)
PM2.5 Micrograms/cubic meter (ng/m?3) PM2008M 0—100 pg/m? (+10 pg/m3)
PM10 Micrograms/cubic meter (ng/m?) PM2008M 0—100 pg/m? (+10 pug/m?3)
Temperature Degree Celsius (° C) SHTC1 —30—100 °C (£0.3 °C)
Relative humidity Percentage (%) SHTC1 0—100% (£3%)

Power consumption

Watt (W)
Ventilation mode —

Built-in meter —
Built-in meter —

Table 2 Manufacturer information of the installed HRV.

Model HRD-EG400S
Power 220 V x 60 Hz
Ventilation mode High Medium Low
Air volume (m3/h) 400 250 150
Power consumption (W) 160 75.5 41
Noise (dB) 50 or less
Effective heat transfer Heating 71
efficiency (%)
Cooling 59
Filter Dust (2) + Medium (1) + HEPA (1)
Weight (kg) 70
Product size (mm) 545 (Width) x 420 (Depth) x 1780 (Height)
Option Deodorization filter

(iii) The action chosen in step (ii) is forwarded to the
virtual sensor to assess the changes in indoor CO,
from which rewards are provided. These changes are
appended to the memory created in (i).

(iv) Based on how indoor CO, has changed, the rewards
are provided, and the agent adjusts the learning pa-
rameters accordingly.

(v) The agent reads the next record in line as in step (iii),
and the workflow continues until all the records have
been updated.
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3.3.2. Virtual sensor to estimate indoor CO,

The general idea of a virtual sensor is to provide an esti-
mate of a parameter based on the information extracted
from other measurements that the parameter of interest
depends on. Virtual sensors, therefore, provide a solution
to the limitations (time, costs, complexities) of physical
sensors or simulation-based estimations through ML pro-
cessing. To overcome the high computational loads and
modeling complexities associated with computer simulation
tasks in estimating indoor CO,, the performance feedback
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XGBoost is an advanced gradient boosting tree algorithm
through which accurate predictions are achieved from a
combination of weak learners added using the gradient
descent method (Chen and Guestrin, 2016). The learning is
conducted in a sequential fashion by developing several
models and concentrating on those observations in the data
that are difficult to predict, also known as the boosting
approach. Each additional model is solely added to improve
the accuracy of the previous model based on the objective
function (Friedman, 2002; Schapire, 1990). XGBoost has
several advantages over regular gradient boosting tree al-
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a

Double Q-learning loss function

Fig. 5

to the developed control agent was based on a data-driven
ML virtual sensor. Several ML algorithms were employed,
and their performances were evaluated to choose the best
algorithm to couple with DRL. These algorithms are the
random forest (RF), extreme gradient boosting (XGBoost),
deep neural networks (DNN), and long short-term memory
(LSTM) networks.

RF is an algorithm developed by Breiman (2001), and it
employs classification and regression trees (CART?) to make
predictions. These trees are constructed randomly by
selecting a subset of the training dataset with replacement.
This is also known as bagging. The other subset not selected
is used by the algorithm for the internal cross-validation
process to provide an accurate evaluation. The training
and cross-validation subsets are known as in-bag and out-
of-bag sets. New trees are created independently,
without pruning, based on the out-of-bag error and the final
results are estimated from the aggregation of all trees’
estimates. Interested readers may refer to (Biau and
Scornet, 2016; Breiman, 2001) for more details.

2 CART: classification and regression trees.

400

Virtual sensor coupled with DRL design approach.

gorithms and has gained popularity among ML practitioners.
These advantages include the regularization methods
(Lasso and Ridge) to avoid overfitting/underfitting, parallel
processing for faster computations, high flexibility in
customizing the objective function, capabilities in handling
missing values, tree pruning for early stopping, and cross-
validation mechanism. Readers are referred to (Chen and
Guestrin, 2016) for more information.

DNN (Montavon et al., 2018), also known as deep feed-
forward neural networks or multilayer perceptron is a DL
algorithm developed to overcome the generalization
drawbacks of traditional ML algorithms. DNN uses the
backpropagation approach to learn non-linear patterns
existing in the data. They are called feed-forward due to
the unidirectional flow of information from the input layer
to the output layer passing through hidden layers and the
model’s output is not forwarded back to itself. The non-
linear mappings are learned using the activation function
(Nwankpa et al., 2018), and inputs weights are adjusted by
the optimizer (Ruder, 2017) to minimize the loss. DNN has
gained popularity with big data availability where tradi-
tional ML failed and with the advances in computing
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resources. Interested readers may refer to (Goodfellow
et al., 2016; Montavon et al., 2018) for detailed
information.

LSTM networks were developed by (Hochreiter and
Schmidhuber, 1997) as an improvement of traditional
recurrent neural networks which face vanishing or explod-
ing gradient issues in the presence of long-term de-
pendencies. They are composed of memory blocks capable
of storing past information from time-series data. Each
LSTM unit has three types of gates that govern the flow of
information in the model. These are the forget gate, the
input gate, and the output gate. The forget gate de-
termines the information from the past cell state to be
retained; the input gate updates the cell state by condi-
tioning the current information to be stored. The infor-
mation from the input gate is forwarded to the output gate
which determines the portion of information to be sent to
the next layer or output cell. Interested readers may refer
to (Goodfellow et al., 2016; Hochreiter and Schmidhuber,
1997) for detailed information.

The inputs for each algorithm were the time of the day in
minutes, the outdoor CO,, the ventilation mode, and previ-
ous indoor CO, (See Table 3). For receding timesteps, the
models relied on the previous 1-h values (two receding
timesteps) to predict the indoor CO, values 30 min ahead.
Hyperparameters that demonstrated to affect the perfor-
mance for each algorithm were manually tuned to obtain the
best models. For the RF model, the tuned hyperparameters
were the maximum level or depth (max_depth) of each tree,
the minimum number of observations required for a node
split (min_sample_split), the maximum number of nodes in a
tree (max_leaf_nodes), the maximum number of trees
(n_estimators), and the fraction of the training set given to
each tree (max_samples). For the XGBoost, the hyper-
parameters were the maximum level or depth (max_depth)
of each tree, the learning rate (eta), and the percentage of
training variables to choose while creating a new tree (col-
sample_bytree), the percentage of observations to choose
while creating a new tree (subsample), and Ridge regression
(1) as the regularization parameter. For DNN and LSTM, the
hyperparameters were the number of hidden layers, the
number of neurons in each layer, the activation function, the
optimizer, the batch size, and the learning rate.

3.3.3. Controlling indoor CO, with DRL

3.3.3.1. Environment states. The sensors attached to the
ventilation system recorded variables that provided the IAQ
status at the kindergarten. The variables of interest were the
time of the day in minutes and outdoor CO, levels. These
recorded variables, along with indoor CO, provided by the
virtual sensor in response to the ventiatiuon mode chosen,
represented the state of the environment for the designed
control agent. The time of the day was an important variable
as it provided information about peak and low activity hours,
such as playtime and sleep time, respectively, that are likely
to result in increased indoor CO; levels. Thus, with various
states, the double Q-learning agent learned all the expec-
tations about indoor CO, changes.

3.3.3.2. Control actions. Indoor CO, can only be reduced
through ventilation by exchanging indoor contaminated air
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Table 3
Inputs (current and past values)

Variables used for indoor CO, virtual sensor.

Output
(30 min ahead)

Variable Range
Time of the day 0—-1410 Indoor CO,
(in minutes)
Outdoor CO, 400—711.5
[ppm]
Ventilation 0,1,2,3
mode
Indoor CO, 400—2098.3
[ppm]

with clean outdoor air with low CO, concentrations.
Consequently, for this study, the controlling variable
(agent’s actions) was the ventilation rate composed of
discrete set of values V = {0,1,2,3} where 0 is off, 1 for low
volume ventilation rate, 2 for medium volume ventilation
rate, and 3 for high volume ventilation rate. Please refer to
Table 2 of section 3.1 for details on air volume associated
with these ventilation rates.

3.3.3.3. Reward function. The reward function was
designed to balance the trade-off between indoor CO,
concentration levels and ventilation energy consumption.
The approach was to reward the agent with small rewards
every time the action taken yielded indoor concentration
levels below 1000 ppm and impose a heavy penalty when
the action taken resulted in indoor CO, concentration
levels above the limit. This approach was necessary to
avoid the cobra effect in RL (Itri et al., 2019). That is,
avoiding that our reward function does not make the
problem worse instead of solving it.

To include the notion of ventilation energy consumption,
the reward shaping technique (Grzes and Daniel, 2008;
Laud, 2004) was used. This technique provides a means to
incorporate domain knowledge, which is the power
consumed by the ventilation fan for each ventilation mode.
Equation (12) describes our employed reward function. It
was designed as such to alleviate the need for assigning
weight factors manually.

1 — scaled ventilation energy,
(if indoor CO, < 1000 ppm);
—20 — scaled ventilation energy,
(if indoor CO, > 1000 ppm).

Reward=

3.3.3.4. Training the DRL agent. The DRL agent was
trained to recognize possible indoor air CO, changes and
take actions accordingly. The training process starts with
the exploration phase. In this phase, the agent gathers
necessary information on how to potentially change the
environment by trying random actions. Here, at each time,
the agent records in the memory the state before executing
an action, the action for that state, the state after
executing the action, and the obtained reward. This phase
permits the agent to improve its current knowledge about
each action to make more adequate decisions in the future.
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After gathering enough experience, the training process
moves forward with the exploitation phase.

In the exploitation phase, the agent gets the state from
the environment and picks the best corresponding action.
The agent uses the knowledge gained and transitions from
exploration to exploitation following a probability ¢ of
choosing a random action. ¢ is also referred to as the greedy
factor, and exploiting an action that has yielded a good
cumulative reward is based on the probability of 1— & of
that action. As the training proceeds, the probability ¢
decreases also and the agent learns the best policy that
maximizes the overall cumulative rewards. ¢ never reaches
0, and this implies that there will always be a chance of
picking a random action along the training course. In this
study, the agent was trained on two months’ data
(December 2020 and February 2021) and tested on one-
month data (January 2021).

4. Results and discussion

4.1. Temporal variations in indoor CO,
concentrations and HRV usage

Fig. 6 illustrates typical temporal CO, concentration var-
iations within the kindergarten. The figure shows that
daily CO, concentration levels tended to vary from slightly
below 500 ppm to about 2000 ppm. The lowest concen-
trations were primarily observed in the early morning
hours (e.g., 8 a.m.) and late evening hours (e.g., after 5
p.m.). Peak indoor CO, concentrations (e.g., approxi-
mately 2000 ppm) were seen around mid-day. Addition-
ally, the CO, levels tended to be mostly below the
maximum permissible threshold (e.g., 1000 ppm) in the
early mornings. However, they gradually increased past
the threshold between midday and early afternoon before
decreasing in the late evenings. The observed CO, pat-
terns were somewhat expected and can be explained by
the occupancy schedule and the activities within the
kindergarten — the school activities roughly began in the
mid-morning, and the increase in occupancy (i.e., as
children report to the classroom) explains the gradual
increase in CO, concentrations. As the space houses chil-
dren, daily routine activities such as lunch and playtime
are conducted inside the same room, drastically
increasing indoor CO, concentrations during lunchtime.
Occupancy is also likely to increase during lunch hours due
to the presence of extra personnel (e.g., cooks). The
figure also shows the fan operation mode during the day.
Three interesting observations can be deduced from the
CO, concentration trend and the fan operation mode.

First, it is observed that the fan was either off (i.e.,
Mode 0) or operated at the maximum (i.e., Mode 3) — this
tends to indicate that, if the fan is operated, it was mostly
operated at the maximum capacity. Operating the fan at
the maximum capacity has potentially significant implica-
tions in terms of consumed energy and perhaps points to
the main limitation of manual control and the need for
efficient automated control; unnecessary energy
consumption.

Secondly, observing the CO, concentration patterns
showed instances when the CO, concentrations were above
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the maximum allowable level, yet the fan was not set to
operation. For example, as seen in the figure, at peak CO,
levels (i.e., 2000 ppm), which was often achieved at
midday, the fan is off and perhaps the reason for the
considerably high CO, levels. This further points to the
importance of automated controls for IAQ control as
manual control relies mainly on the occupants’ assessment
of IAQ, which is likely inaccurate as it is based mainly on the
perception of the environment and subjective assessment
rather than the quantifiable objective assessment of the
environment.

Thirdly, it was observed that even when the ventilator
was used, there was a considerable lag between the instant
the fan was switched on and when the CO, concentrations
reduced to acceptable levels (i.e., below 1000 ppm). For
instance, we estimated a 30 min to 2 h lag between the
time the ventilator was turned on and when the CO, con-
centration reduced to acceptable levels. This observation
points to the importance of preemptive control of CO, to
always maintain acceptable levels.

4.2. Modeling CO, concentration levels and the
basis for the virtual sensor

As discussed in section 2, multiple ML algorithms to forecast
CO, concentration levels were developed, thus forming the
basis for our virtual environment that provided perfor-
mance feedback to the double Q-learning agent. Four
prediction models were initially developed and tested
based on four different cutting-edge ML algorithms cate-
gorized into tree-based (i.e., RF and XGBoost) and DL-based
(i.e., DNN and LSTM). The models were optimized by
determining important hyperparameters and tuning said
parameters to obtain the best-performing model variants.
Table 4 shows the determined hyperparameters and the
inherent elements that provided the best model
performance.

Furthermore, among the four considered ML algorithms,
the XGBoost algorithm best predicted CO, concentration
levels both on the training dataset (R* = 0.998) and test
dataset (R? = 0.992) (see Table 5). The better performance
of XGBoost than the other considered ML algorithms was
also supported by lower predictive errors compared to the
other algorithms; training phase (RMSE 2.891,
MAE 1.575) and testing phase (RMSE 4.008,
MAE = 3.846). Table 5 shows the comparative performance
of the developed models. This finding is commensurate with
previous studies comparing the predictive performance of
ensemble tree algorithms, particularly XGBoost and deep-
learning-based algorithms such as the DNN and LSTM on
tabulated data (Shwartz-Ziv and Armon, 2022; Zamani
Joharestani et al., 2019). The better performance of
XGBoost than the other algorithms, particularly DNN and
LSTM, might be the fact that tree-based algorithms are
deterministic (i.e., the parameters are fit to guide the flow
of information) while DL algorithms are probabilistic (i.e.,
the parameters are fit to transform the given inputs and
indirectly guide the activations of subsequent neurons).
Thus, the inherent simplicity of XGBoost models provides
automatic feature selection and reduces their selection
bias, in turn improving their performance (Shwartz-Ziv and
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Table 4 Best hyperparameters for the developed models.
Model Hyperparameter Best value
RF max_depth 5
min_sample_split 2
max_leaf_nodes 100
n_estimators 50
max_samples 0.8
XGBoost max_depth 10
eha 0.01
colsample_bytree 0.8
subsample 0.8
A 1
DNN Hidden layers and [64, 64, 32, 32]
neurons
Activation [ReLU, Tanh, ReLU,
RelLU]
Optimizer RMSProp
Batch size 32
Learning rate 0.001
LSTM Hidden layers and [128, 64, 32, 32]
neurons
Activation [ReLU, ReLU, ReLU,
Swish]
Optimizer Adam
Batch size 32
Learning rate 0.001
Table 5 Performance results for the developed models.
Algorithm  Train Test
R? RMSE MAE R? RMSE  MAE
RF 0.939 18.407 6.508 0.818 25.667 16.828
XGBoost  0.998 2.891 1.575 0.992 4.008 3.846
DNN 0.987 6.726 5.531 0.986 7.638 5.608
LSTM 0.990 5.103 4.552 0.989 4.553 4.581

Armon, 2022). Based on the illustrated better performance
of XGBoost than the other algorithms on the employed
dataset and the discussed reports from previous studies
attesting to the robustness of XGBoost on tabulated data
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compared to other standard algorithms, XGBoost was cho-
sen as the basis for our virtual environment.

4.3. CO, concentration control under manual
control and DRL control

Fig. 7 compares hourly variations in CO, concentration
levels with manual control of the ventilator (i.e., controlled
by the occupants) and when the ventilator is controlled
using the trained DRL agent. The patterns in daily CO,
concentration levels are shown for a 5-week period of the
field experiment (i.e., the period used in the agent testing
phase). As seen in the figure, the CO, concentration was
somewhat below the maximum permissible levels (i.e.,
1000 ppm) most of the time regardless of the control
methods. However, there were some particular instances
when CO, concentration levels shot to considerably high
amounts under manual control while the levels are main-
tained below acceptable levels when DRL is the main
element of ventilator control. For example, On Day 1 of
Week 1 (See Fig. 7a), the CO, concentration levels under
manual control tended to increase gradually passed the
acceptable threshold at around noon, reached the peak
concentration amount (i.e., 2000 ppm) at around 15:30
before decreasing gradually to below 1000 ppm at around
17:30. For this same period, it is observed that the DRL
control manages to keep the CO, concentration levels in
acceptable ranges. This capability of DRL control to main-
tain acceptable CO, concentration levels at peak times and
when on the contrary, manual control seems to fail is again
observed on Day 6 of Week 3 (See Fig. 7n), Day 4 of Week 4
(Fig. 7r), Day 5 of Week 4 (Fig. 7s) and Day 4 of Week 5
(Fig. 7x).

The general observation implies that DRL maintains CO,
levels within acceptable ranges all the time while manual
control tends to fail in certain instances, particularly peak
times. This is an obvious observation with a couple of
possible explanations. First, CO, is a tasteless, colorless,
and odorless gas, making it difficult for occupants to
determine when the concentration levels have increased
significantly and even more challenging to quantify the
extent of deviation from acceptable ranges; this limits their
timing for the manual control of the ventilator leading to
poor IAQ. Secondly, CO, levels under manual control tended
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to increase mainly in the early afternoons to late after-
noons, which is most likely the busiest time in kindergar-
tens. For example, we observed that lunch meals were
served in the classroom, which significantly increased the
number of occupants as the food servers were in the class
together with the students and teachers — the increased
temporal occupancy rate explains the relatively sharp in-
crease in CO, concentration while the increased activity,
perhaps, points to the lack of active measures to reduce
CO, levels (i.e., turning on the ventilator). These reasons,
particularly in pertinence to CO, control, showcase the
necessity for advanced control techniques in indoor envi-
ronments and are attested to in similar previous studies
(Kumar et al., 2016). For instance, DRL manages to keep
CO, concentration levels within acceptable ranges by
following the employed policies and attempting to maintain
a desirable state of the environment. The results are
commensurate with multiple studies that demonstrate the
use of agent-based intelligent control systems such as DRL
for the optimal control of indoor environments (Dounis and
Caraiscos, 2009).

4.4, Ventilator mode state under manual control
and DRL control

Fig. 8 shows hourly mode settings under the manual control
and DRL control — the ventilator could be operated in 3
modes; 1 (low mode), 2 (medium mode), 3 (high mode), and
0 when the ventilator was off. The state of the ventilator
usage is shown for the entire period of the experiment.

— Measured indoor CO, — Indoor CO, with DRL Threshold

Week 1

(c) Day 1 (d) Day2 () Day 3

From the figure, we can visualize the temporal interactions
of the occupants with the ventilator and whether their
actions had useful outcomes in terms of IAQ. For example,
we observed that on Day 1 of Week 1 (Fig. 8a), and under
manual control, the ventilator was mostly off for the first
hours of the day and only switched on at around 14:30 —
this observation potentially explains the increase in CO,
concentration levels observed in Fig. 7 under manual con-
trol for the period between 11:30 and 17:30. On the con-
trary, from the same figure (Fig. 8a), we see that under DRL
control, the ventilator is switched on at 12:30 and the mode
of the ventilator quickly increases to 3 (the maximum
level); by taking this action, the agent can maintain the CO,
concentration levels below permissible levels for the entire
afternoon (see Fig. 7a for comparisons). Similar patterns
are seen across the other days during the experiment,
further highlighting the usefulness of properly trained DRL
agents compared to manual control in improving IAQ.
Furthermore, looking at the ventilator mode across the
entire field experiment period, it is observed that in most
cases, the ventilator was turned on in the early morning at
the beginning of the day and left on until the end of the day
(see, for example, Fig. 8k and 8l). Moreover, there were in-
stances when the ventilator was turned on past 18:30 while
there was little, or no occupancy expected in the room. This
is an interesting observation with vast implications on
building energy consumption and an illustration of how some
aspects of occupant behavior could impact energy use in
buildings. This complex interaction between occupants and
their buildings or subsystems of their buildings and the sub-
sequent influence on energy use is well broadly explored in
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the literature (Chen et al., 2021; Zhang et al., 2018). Simi-
larly, the observations from this study provide empirical ev-
idence on the role of occupant behavior, particularly in the
proper manipulation of ventilators to maintain sufficient IAQ
and increase energy conservation.

4.5. Ventilator energy usage under manual control
and DRL control

Fig. 9 shows hourly energy consumption by the ventilator
during the experimental period, both under manual control
and under the proposed DRL agent. The figure shows that
the ventilator energy consumption differs significantly
under the two control mechanisms. For most of the days,
the hourly energy consumption of the ventilator is main-
tained at 15 Wh from the early mornings to late evenings.
On the contrary, under DRL control, energy consumption is
mostly 0 Wh except for a few instances where it sharply
increases to 15 Wh around midday. This observation was
somewhat expected and is backed by our previous discus-
sions on the state of the ventilator during the experiment
period; the ventilator was mostly switched on under
manual control and off under DRL control hence the
observed differences in the consumed energy.

It is worth highlighting that there were a few instances
when hourly energy consumption was higher under the DRL
control scheme than manual control. Taking Day 1 of Week
1 as an example (see Fig. 10), the energy consumption is
considerably higher under the DRL control scheme than
manual control. Between 11:30 and 18:30. An explanation
for such instances can be derived from the CO,

~ Manual control = DRL control ~— Rewards

Week 1

(c) Day 1 (d) Day 2 (e) Day 3

concentration levels during the same time - it can be
deduced that CO, concentration levels were abnormally
high during the said period (i.e., 11:30—18:30). Conse-
quently, the agent turns on the ventilator to the highest
mode to ensure the CO, concentration levels are kept
below 1000 ppm. Similar instances were observed through
the experimental period; see, for example, Day 4 of Week 4
(Fig. 9r) and Day 4 of Week 5 (Fig. 9x) — the same expla-
nation applies to these similar cases and is essentially
because the DRL policy is designed such that it prioritizes
IAQ over energy conservation in circumstances where it
impossible to achieve both sufficient 1AQ and low energy
use.
While, in a few instances discussed above, the DRL
control scheme resulted in higher hourly energy consump-
tion than the manual control scheme, the overall daily
energy consumption was in general considerably lower
under the DRL control scheme than the manual scheme
(See Fig. 11). Similar observations were seen in weekly
energy consumption reductions (see Table 6). For instance,
it was estimated that the employment of the DRL control
scheme would reduce the weekly energy consumption of
the ventilator by —8%, 92%, 77%, 28%, and 58% in Week 1,
Week 2, Week 3, Week 4 and Week 5 respectively. The
negative reduction in Week 1, in which only two days were
considered, is due to our earlier discussed scenarios where
the DRL agent maximized the ventilator usage (Mode 3) to
keep the rapidly increasing CO, levels from surpassing the
dictated threshold. Furthermore, considering the monthly
energy consumption of the ventilator under both control
schemes, the estimated monthly energy consumption
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the monthly energy consumed by the ventilator. This

under the manual control scheme totaled up to 8.846 kWh
and 3.696 kWh under the DRL control scheme. This finding

finding is not particularly new and reiterates review reports

from Dounis and Caraiscos (Dounis and Caraiscos, 2009)
regarding the use of advanced control techniques for

indicates that employing DRL control mechanisms in this

case study kindergarten would result in 58% reductions in
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energy conservation purposes. However, only a few studies
have demonstrated the importance of advanced control
techniques via real experiments. The present study adds to
the small but increasing number of studies showcasing the
suitability of autonomous smart agent controls to improve
building performance.

4.6. DRL parameters and policy

There were various parameters involved in obtaining the
optimal policy in DRL. These included the architecture of
the neural networks used to estimate the value function,
the discount factor to balance how the agent cares about
immediate and future rewards, the learning rate, the size
of the experience replay buffer, ¢ to control the explora-
tion and exploitation, and how many episodes or rounds the
agent was trained. Tuning for the best values for these
parameters was done manually. The neural network con-
sisted of two hidden layers with 64 units each. The discount
factor was 0.9 and gave more importance to future rewards
as indoor CO, could not be reduced with immediate actions
(ventilation), rather than with a well-planned ventilation
strategy. The learning rate was 0.01, the buffer size of 50
kilobytes, and the minimum ¢ for the e-greedy policy was
0.1. The agent was trained with 300,000 timesteps.

Table 6 Weekly ventilation energy consumption under
the manual control and DRL control schemes.

Period Manual DRL Energy saved
control (Wh) control (Wh) by DRL (%)
Week 1 667.75 722 -8
Week 2 1865.5 143.5 92
Week 3 2579.5 603 77
Week 4 2239 1604 28
Week 5 1494.25 623.5 58
Total (month) 8846 3696 58
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5. Limitations and future research

The data used to train and test the virtual sensor and DRL-
based agent was collected from one kindergarten. This did
not allow us to evaluate the performance of developed
control system (i.e., DRL agent coupled with an XGBoost-
based virtual sensor) on other types of buildings. Future
research may consider using diverse data that span
different types of buildings. It is worth noting that the
observed energy savings are also particularly influenced by
the occupant behavior. It is possible that the proposed DRL
control scheme might not achieve similar performance if
installed in completely new environments where occupant
behavior significantly differs from that in the studied
kindergarten. Moreover, another scope for future research
is to evaluate the applicability of transfer learning (Pinto
et al., 2022) for virtual sensors and DRL.

One other major limitation of the current study is that
the performance of the proposed DRL control scheme is not
comparatively assessed against other common control
methods such as the MPC, and PID. A comparison of these
conventional techniques to the proposed DRL control
scheme would further highlight the usefulness of advanced
ML control techniques in providing conducive indoor envi-
ronments with minimum energy consumption and is worth
exploring in future research.

6. Conclusion

This study proposes a demand-controlled ventilation for in-
door CO, control using a virtual sensor and a double Q-
learning control agent. In particular, the developed
approach performs intelligent preemptive ventilation to
maintain indoor CO, below 1000 ppm with minimal ventila-
tion energy consumption, compared to the existing manual
control method. In a nutshell, the study achieves two sig-
nificant outcomes. First, the proposed DRL-based control
scheme showed significant energy savings compared to the
manual control that existed in the studied kindergarten; a
58% energy reduction was observed. The proposed approach
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thus provides a unique solution to tackle the shortcomings of
the existing control methods such as control lags in response
to changing indoor CO, and unnecessary energy consump-
tion. Second, the developed virtual sensor could accurately
model the variations in CO, concentrations; the predictive
performance of the virtual sensor showed a predictive per-
formance with R? of 0.99. Furthermore, the developed vir-
tual sensor was also successfully employed as the feedback
platform during the training of the DRL-based control
scheme. This showcases a new approach to training DRL
agents via trained virtual sensors and avoids the need for
simulated environments which are often computationally
expensive and whose performance are largely dependent on
factors beyond the mechanisms of the simulation tools (e.g.,
the simulation process and skills of the person performing the
simulations).
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