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Abstract: In 2019, buildings accounted for 55% of the global electricity demand, making them a key contributor to global
emissions and a core target for energy efficiency, energy reduction, and policies and measures promoting renewable
energy usage. Reinforcement learning (RL) is an agent-based modelling technique that has proven successful in many
applications, particularly in artificial intelligence. RL has attracted research attention owing to its utilization in building
energy management (BEM) applications. In this work, the latest research advances that utilize this method are
investigated and discussed, primarily its usage in modelling complex building energy problems, building energy
consumption control, optimization for comfort and cost savings, and the enhancement of demand forecasting algorithms.
Furthermore, the combination of RL with other deep learning methods is discussed. As a state-of-the-art technology in
smart grid building applications, RL is applied for control purposes and forecasting enhancement.

Keywords: Building Energy Demand; Deep reinforcement learning; Energy consumption prediction; Energy efficiency;

Energy Management.

1. INTRODUCTION
In 2019, the building sector accounted for 55% of the
global electricity demand [1], accounting for almost 38%
of global greenhouse gas emissions. Thus, the reduction
of such high demands and an increase in renewable
energy through various policies and technologies has
become an urgent issue[2]. Building energy demand is a
multidimensional problem that can be approached
considering different intricate paradigms listed below:
1- Improvement of building thermal performance
determined by materials and design of a building

[3].

2- Energy efficiency improvement of appliances and
facilities [4]

3- Changes in energy-related occupant behaviors
through various interventions, including market-
based pricing policies and the demand response
approach[5][6].

4- Renewable energy integration [7].

5- Smart buildings incorporated with Al-based

energy management and optimization [8].

To overcome these challenges, researchers have
deployed the latest advancements in artificial intelligence
(Al) and machine learning fields, particularly to tackle
the building energy challenge from the macro-country
levels to micro-building levels[9]. The ML approach can
be classified into three main categories: The first is
supervised learning, which maps the relationship
between dependent variables and the target variable. It
can be used for numerous building energy applications,
such as predicting human behavior, risks, energy demand,
and renewable energy generation, as well as identifying
equipment types and activities[10][11][12][13]. The
second is unsupervised learning, which is primarily used
for autonomous pattern recognition in buildings and can
be useful for identifying energy lifestyle patterns,
consumer types, and anomaly detection[14][15]. The
area of smart building energy management (BEM)
systems, because of their innovative features compared
to conventional control and forecasting methods. Hence,
this article presents a brief overview of the methodology
of RL and its recent applications in BEM. Section 2
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presents a discussion on the basic methodology for RL
and deep RL (DRL) and their varieties. Section 3
introduces the most recent research on RL/DRL
applications for building energy control and forecasting,
and Section 4 presents the conclusions of the paper. Third
is reinforcement learning (RL) algorithms that have
recently attracted research attention, particularly in the
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Fig. 1. Major applications of ML methods in Building
energy Demand Management
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2. REINFORCEMENT LEARNING OVERVIEW
AND FORMULATION

The RL methodology is based on optimal control theory
and first emerged in the 1950s. It was utilized to
formulate system control problems in which the target
system behavior variable was reduced with time[16]. The
Markov decision processes (MDPs) introduced by
Bellman constitute a core part of the RL theory [17]and
MDPs were introduced to formulate problems related to
optimal control. One of the most important
characteristics of RL is that it can operate with or without
a system model (model-based vs. model-free), which is a
significant advantage over conventional control
methodologies[18]. Recently, model-free RL has been
gaining increasing attention. It can be applied to complex
systems whose dynamics are too difficult to capture and
model[19]. One of the recent breakthrough applications
of RL and DL is the deep mind model applied to Google’s
data center. Following its application, the cooling costs
were reduced by 40%, and their proposed model-free
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solution had the following advantages over conventional
methods[20]:

1. The nonlinear, intricate, and complex nature of
the data center environment and its equipment
makes engineering formulations of such systems
unfeasible.

2. A large number of scenarios that could occur in
such environments, both internally and externally,
hinder the speed of adapting to such static-
engineering solutions.

3. The fact that different datacenters with different
configurations would require specific fine-tuned
models, where RL and DL solutions are more
generalizable.

This is one example of how such methods can be
leveraged to reduce costs and increase energy efficiency
in different types of building settings.

3. RL FORMULATION

The core aspects of RL include the environment, agents,
and their interactions, as shown in Error! Reference s
ource not found.. This figure depicts how agents at each
time step in the real world observe a state (s;) from their
surroundings, take action (a;) according to a certain goal
(policy), and finally receive feedback (reward r;) based
on how the state changes. With sufficient experience, the
RL agent learns the best strategy (optimal policy) to
navigate the environment and maximize its rewards[19].
At the core of any RL lies the formalization of MDPs,
which entails the Markov property, which states that the
transitions are only based on recent states and actions and
are irrelevant to any prior history. The MDP is a tuple of
five elements (S, A, R, P, py); with S and A being the set
of all valid states and actions, respectively; R represents
the reward function, where at any moment in time, r; is
defined as a function of state and action R(s, a;, St41),
P represents the transition probability function that
defines the probability of transitioning into state (s")
starting at state s and performing action a P(s’|s,a), and
finally p, indicates the initial state distribution that is
used to define the first state of the problem. A transition
of states s;,, is based on the model of the environment
that might be unknown to the agent, and the last action
a, is based on the agent’s policy, which can either be
deterministic f (s;, a;) or stochastic P(.|s;, a;)[19].
First, based on a certain episode, T is defined as a
sequence of actions and states in the world
(S0, @g, S1, a4, --- ), and the cumulative reward over that
episode can be defined in several ways, such as a finite-
horizon (fixed T) undiscounted return:

T

RD =) 1 ®
t=0
or an infinite-horizon discounted return:
R@ =) 7' @)

t=0
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where y € (0,1) indicates a discount factor for
convergence purposes over infinite sums, bias towards
early rewards, and other mathematical reasons. For
policy = and return R(t) over T steps in time, the
expected return J(rr) of the RL problem is formulated as

Jm = [ PEImR® = ERD] @)

where P(t | ) indicates the transition probability of
a T-step sequence of state/action T and the principal
optimization challenge in a RL paradigm is to find the
optimal policy * that maximizes the expected return.
The right side of Equation 3 contains a common
abbreviation for the expected return depicted by E[R(7)],
where (T ~ 1), meaning that T follows a policy .

3.1 RL Variants and Deep RL
There are many variants of RL that are optimized for
different problems, the two main ones include [21]:

1. Model-based: either the model of the environment
is given or learn the model (approximate
environment transitions). Model-based
approaches are more sample efficient (time steps
of ~ 100 to converge).

2. Model-Free: either value-based (approximate Q-
function), policy-based (approximate policy), or a
combination of both (approximate policy-value
function). Value-based RL, such as Q-learning, is
more sample efficient (time steps ~ 1M) than
policy-based approaches (time steps ~ +10M).

Deep RL (DRL) is a branch of RL algorithms that utilizes
deep learning algorithms, such as feedforward neural
networks, convolutional neural networks, or recurrent
neural networks, to approximate either the environment
transitions, Q-function, or policy-value function [22]. An
example of a popular DRL is deep Q-learning (DQN)
[23], which is based on a Q-learning algorithm, as shown
in Fig. 2. In Q-learning, the quality (estimated return) of
a pair of action states is stored in a lookup table and is
based on the estimation of the Bellman optimality
equation [21,24] with a Q-function:

Qe+1(sp.ar) = Q(sp, ap) +

4

a [rt + Ymaath(St+1,a) = Q:(se, at)] @

where Q.44 indicates the estimated new Q-value based

on an action a, taken in state s, a indicates the learning

rate, y indicates the discount factor, and max Q. (s, a)
a

denotes the maximum reward that can be gained in the
new state s.,; by considering the best action a. In a
DQN, the Q-function is approximated using any deep
learning algorithm, as shown in Fig. 2. DQN is one of
the many variants of DRL that utilizes deep learning
algorithms to approximate policy/value functions, which
is extremely useful in cases where the state-action space
is too large or continuous, thus increasing the difficulty
of obtaining its Q-table in the case of Q-learning as an
example.
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Fig. 2. RL and DRL overview

RL and DRL algorithms can be further classified based
on their action spaces as discrete (DQN), continuous
(deep deterministic policy gradient (DDPG) [25],
reinforcement [26]), or both (proximal policy
optimization (PPQ)) [27]. The type of action space is a
crucial characteristic that can dictate the selection of the
RL algorithm used, which is determined by the target
application, particularly in BEM systems.

4. RECENT APPLICATION OF RL AND DRL IN

BUILDING ENERGY MANAGEMENT
Recently, there have been applications of RL and DRL
algorithms for BEM. In general, the main goal of these
algorithms is decision making, where the decision
(action) can be a control signal, control threshold,
algorithm selection, human behavior, rescheduling
choices, etc., for the many elements that exist in the
building premise. First, the challenges of conventional
BEM are briefly discussed in comparison to RL BEM.
Second, the latest applications and research are
introduced.

4.1 Conventional vs RL based BEM: challenges and
opportunities.

Learning and adaptation is a key characteristic of RL;
hence, such functionalities can be adapted and evolved
with time and usage, which can provide an advantage
over static conventional methods [11]. One such case is
conventional ML-based forecasting, which can be
enhanced with an added layer of learning beyond its
weights and biases, as discussed in subsection 3.1.
Moreover, they can overcome the limitations of
conventional  proportional-integral-derivative  (PID)
feedback-based control systems that rely on standard,
static, and heuristic rules, such as the ASHRAE
Guideline 36. PID-based control systems also suffer from
the limitation of integrating future predictions in the
control loop, which can be overcome using model
predictive control (MPC) systems [28]. MPCs have a
predictive aspect “P” and are based on identifying the
model “M” that characterizes different types of dynamics
within a building environment. Models for building
applications are not easily generalizable relative to other
applications of MPC, such as car and airplane
applications, primarily because buildings can have
several unique designs. Building energy modelling has
been commonly performed based on detailed physics-
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based models using tools, such as EnergyPlus, which can
consume a relatively large simulation time (t > ~
sec/min), scaling up with larger and more complex
building types [29]. Although such modelling is typically
performed for constructing building design standards and
pre-optimizing building systems, it might not be optimal
for real-time BEM with a very high response time (t <~
s) owing to the complex physics-based modelling
approach. In buildings, the ubiquitous challenges in both
modelling and control decisions are usually intricate and
feed into one another, as discussed by Yu et al.[8], which
can be summarized as follows:

¢ Real Time Modelling: Constructing accurate and
efficient real-time thermal dynamics models for
buildings is challenging because of their complex
and stochastic elements[30]. Complexity is
caused by the many elements and parameters that
must be fed into the modelling approaches.
Stochasticity exists due to uncertainty concerning
extrinsic elements in modern buildings, such as
renewable energy generation, dynamic energy
pricing, temperature, and intrinsic elements, such
as occupancy, HVAC schedule, and indoor
temperatures [31].

e Multi-objective optimization: The subsystems
existing in smart buildings, such as cooling,
heating, and energy storage, have temporal and
spatial operational constraints, where the control
decision of one subsystem can affect the future
decisions of all others, thereby increasing the
complexity of managing and coordinating
decision making [32]. Furthermore, based on
efficient computational complexity in terms of
both space and time, it is challenging to
implement real-time BEM in conventional control
methods when dealing with large solution spaces,
particularly for large-scale BEM [33].

e Generalization: Difficulty in engineering
standard and generalizable solutions applicable to
BEM problems under varying environments and

building designs/configurations using
conventional modelling and control
approaches[34].

Through online learning and other methods, such as
transfer learning, model-free RL can overcome the need
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for complex building models, while also having the
potential for being generalizable. Furthermore, multi-
objective optimization can be efficiently solved by
designing appropriate reward functions [8]. Finally, most
of the existing research has focused on simulation
environments, which is discussed in Tables 1 and 2, and
only a few studies have focused on real implementation
and validation, as discussed by Wang and Hong[28], in
which only 11% of the studies were conducted in real
buildings. Real implementations face challenges related
to the requirement of large amounts of data and training
time, security issues, and the need for transfer learning to
achieve better generalization[28].

4.2 Building energy demand forecasting
High-performing forecasts of future energy demands are
crucial to achieving optimal operation as well as supply
demand balance, particularly when renewable energy is
integrated, or demand response programs are active.
Table 1 lists the recent applications of a variety of
RL/DRL algorithms to increase the performance of
prediction. While recent research in this area is very
limited, as RL is primarily used for decision-making
control-based problems, which is evident from the table,
researchers are combining RL with the DL algorithms to
increase the prediction performance by:

e Training the RL agent to select the best model at
each prediction horizon from a set of available
models based on a certain context.

e Training the RL agent to change the
hyperparameters in real time to obtain an adaptive
DL model, specifically when the training data
exhibits high variation.

e An autoencoder is used to improve the state-space
representation and then a DRL is used to directly
predict the energy demand.

A new and interesting perspective is presented on the
integrations of these methods, which particularly relates
to the first two points, that is, RL can make the DL
algorithms more dynamic and evolve in real-time on a

Table 1. RL and DRL for building energy demand forecasting

higher dimension than learnable parameters. This shows
the potential for exploring the integration of RL with
other DL algorithms, not only for prediction purposes, as
discussed, but also for classification or unsupervised
approaches. For many prediction applications, DDPG is
the choice of DRL algorithm because of its continuous
action space, which is suitable for predicting continuous
variables, such as energy demand, and for having high
accuracy, as it requires higher computational resources.
Finally, the direct usage of DRL is being tested for
prediction applications and DRL might be able to
outperform other ML methods, as observed in Table 1.

4.3 Building energy demand control

Smart and direct management of key energy-consuming
appliances, especially thermal loads, such as water
heating and heating, ventilation, and air conditioning
(HVAC) systems, are key to achieving energy savings in
buildings. Hence, most recent RL-based BEM research,
as shown in Table 2, focuses on identifying the optimal
strategies of such smart load control, not only to achieve
energy and cost savings but also to satisfy comfort levels.
The key points observed during the study are as follows:

e Thermal loads either HVAC or water heating are
the primary control targets through their setpoints
or ON/OFF operations.

e RL has been used to solve the control challenge
while satisfying operational constraints, such as
the thermal comfort level, energy demand, and
electricity price.

e The DQN is the most extensively utilized
algorithm for these applications because of its
discrete action space, while other algorithms are
being tested, such as the DDQN, PPO, and SAC.

e The effectiveness of such systems is measured by
the cost savings and energy demand reduction.

e A model can first be trained offline in a simulated
environment for better initial performance, and
then deployed for real-time online learning.

Ref. Year B-IL-J?Irgier:g RL Methods RL Target Decision Description & Results
University LSTM-model When the new training data has high variance, day ahead
[35] 2022  Campus DDPG h energy demand and peak demand prediction can gain up to 23%
S yperparameter -
Building increased accuracy.
The proposed model decreased the mean absolute percentage
[36] 2022 Office Deep-forest-based DQN An hour ahead energy  error MAPE, the mean absolute error MAE, and root mean
Building (DF-DQN) demand squared error RMSE by 5.5%, 7.3%, and 8.9%, respectively
than DRL models.
Building and Ch0|cNee?gl‘hI;;?§arest Depending on different contexts, the RL algorithm can learn to
[37] 2022 Industry Multiarmed Bandit (KNN) or Artificial switch between KNN and ANN methods at each time horizon
Neural Networks (ANN) to improve performance.
Compared the prediction performance of three of the most
Asynchronous Advantage The ground source heat common DRL algorithms with three conventional machine
[38] 2020 Office Actor-Critic (A3C,) DDPG, pump (GSHP)-5 minutes learning algorithms, for both 5 min ahead and 1-hour head
Building  and Recurrent Deterministic ahead/1 hour demand  horizons. DDPG and RDPG exhibited enhanced performance
Policy Gradient (RDPG) energy forecasting while A3C did not show an advantage over the other
algorithms.
The combination of the DRL with Autoencoder (AE) feature
. . extraction to predict the HVAC system energy improves
[17] 2019 B‘am‘i’ﬁg DDPG déﬁ:ﬁga&'g)‘/”g;i;‘;?gg performance by 22.46% and 25.96% for the MAE and RMSE

respectively, thereby outperforming support vector machines
(SVM) and neural networks (NN).
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Description & Results

Their model exhibited improved performance over fixed set point temperature
control in a building simulated using energy plus.

The proposed DRL model employs solar energy generation, weather variables,
and hot water usage to control the space heating while balancing energy
demand, comfort levels, and water hygiene. Accordingly, a reduction of 60%
energy was estimated by coupling the proposed control system with solar
energy.

Formulated a DR system that considers the dynamic time-of-use pricing,
considering energy demand, thermal comfort, and environmental features to
learn the optimal control of the thermostat set point. The results revealed cost
savings of 9.17% compared to the constant setpoint.

The proposed control scheme resulted in a 15—30% comfort increase and
reduced costs by 5—12%. It was also concluded that in the case of multiple
smart buildings, decentralized control outperforms central control.

The DRL model coupled with a probabilistic window opening behavior method
that was employed to capture the occupancy and building interaction achieved
an estimated energy saving of 2—6%.

5—12% energy saving was estimated in comparison with conventional control
schemes.

Evaluated the efficiency of a model that combines the Gaussian process
regression (GPR) for predicting thermal comfort performance (PMV) in real-
time and a DRL model to determine the optimal control policy to minimize

Table 2. RL and DRL for building energy demand control
. RL -
Ref. Year Target Building Methods RL Target Decision
HVAC based on variable
Building HVAC air volume (VAV)
[39] 2022 model DQN temperature set point reset
sequence.
Residential Double Heat pump ON/OFF, space
[40] 2022 houses DON heating setpoint
(DDQN)
University .
[41] 2022 Building PPO HVAC setpoint
Simulated Smart
[24] 2021  Residential DON Heating Control
Buildings
Residential ~ SOTt Actor-
[42] 2021 heating svstem Critic Heating Control
9 sy (SAC)
[43] 2020 Office Building ~DON V' S“pg(')}’nrt‘ea“”g set
University Variable refrigerant flow
[44] 2019 Campus DON (VRF) system and a
Building humidifier control

energy consumption while sustaining thermal comfort under dynamic
environmental conditions.

5. CONCLUSION

RL has been introduced in the context of building energy
demand prediction and energy management to overcome
the ubiquitous challenges of conventional building
modelling. With this background, this paper provides a
brief overview of the different types of RL, particularly
DRL methods. DRL utilizes DL methods as policy
approximators and is classified as model-based or model-
free, with discrete or continuous action spaces. These
characteristics of DRL are critical for selecting the
appropriate algorithm based on the application type and
target variable of control or forecast. As pointed out in
recent literature, DQN was primarily used for control
applications because it has a discrete action space,
whereas DDPG with a continuous action space was
utilized for prediction purposes. Although recent
research has reported innovative attempts to combine DL
and DRL for demand forecasting, little research has been
conducted to exploit such combinations in the context of
BEM. Considering the high potential of such a
combination of methodologies, it should be further
explored even outside of the prediction category.
Thermal loads were identified as the main target variable
for optimal control operations in buildings, where RL
was employed to control their thermal set-points and
operation. Control is performed by solving multi-
objective optimizations, such as energy saving, comfort,
and cost reduction. Finally, most recent research has been
conducted under simulation environments for different
building types and available data; hence, testing and
validating RL-based BEM for real buildings is very
limited and has its own implementation challenges,

which makes it an interesting direction for future research.
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