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ABSTRACT

Domestic hot water accounts for approximately 15% of the total residential energy consumption in
Europe, and most of this usage happens during specific periods of the day, resulting in undesirable peak
loads. The increase in energy production from renewables adds additional complexity in energy
balancing. Machine learning techniques for heat pump control have demonstrated efficacy in this regard.
However, reducing the amount of time and data required to train effective policies can be challenging.
This paper investigates the application of transfer learning applied to a deep reinforcement learning-
based heat pump control to leverage energy efficiency in a microgrid. First, we propose an algorithm
for domestic hot water temperature control and PV self-consumption optimisation. Secondly, we
perform transfer learning to speed-up the convergence process. The experiments were deployed in a
simulated environment using real data from two residential demand response projects. The results show
that the proposed algorithm achieved up to 10% of savings after transfer learning was applied, also
contributing to load-shifting. Moreover, the learning time to train near-optimal control policies was
reduced by more than a factor of 5.

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Domestic hot water (DHW) accounts for approximately 15% of
the total residential energy consumption in Europe according to a
report from Eurostat [1]. It comprises water heating for uses other
than space heating, such as showers or taps, and most of its usage
happens during specific periods of the day, such as early in the
morning and evenings, resulting in undesirable peak loads.
Meanwhile, studies from the International Energy Agency [2] show
that energy production from renewables are increasing all the time,
representing almost 20% of the total generation in the EU, and it is
expected to expand to 32% by 2030 as stated by the European
Commission [3]. Energy from renewable sources, such as PV and
wind, rely on weather conditions, and coordinating demand and
production is one of the challenges arising from this change in the
energy matrix. This new scenario is part of the smart energy system
concept, which includes energy efficiency and better management
of resources in an integrated manner. It is relevant in terms of
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achieving a strategy of 100% renewable envisaged for the future, as
explored by Mathiesen et al. [63].

Demand Response (DR) solutions, which have been commonly
applied in the industrial and commercial sectors, have started to
involve residential homes, as can be seen in recent projects around
the world, such as the EU Horizon 2020 projects RESPOND [4] and
REACT [5]. DR solutions empower consumers to play a significant
role in grid operation, by reducing or shifting loads during peak load,
in response to any incentives or time-based rates [6]. The DR actions
can be performed manually or automated, through the use of new
technologies like the Internet-of-Things (IoT). Electric heat pumps
are very suitable for DR because of their high electricity consumption
and flexibility. In a common residential application, heat pumps can
be used for heating, ventilating, and air conditioning (HVAC), and
DHW applications. The first aims to provide indoor thermal comfort
and air quality, while the second improves the user's life in specific
aspects, such as shower and hot water taps. From the control strategy
perspective, electric heat pumps can be managed and turned on at
different times of the day without affecting the needs of the end-
user. They are an alternative option to oil or gas-based systems,
thus contributing to the reduction of carbon emissions. Choosing the
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right time to use electric heat pumps is crucial in terms of cost
savings, which should prioritize periods where electricity price is
low or on-site energy production is high. Moreover, the water tank
capacity in residences is limited and there are heat losses over the
day, hence water heating has to be performed more than one time to
keep the temperature at the desired setpoint, increasing the need for
a more complex control algorithm.

The utilisation of heat pump systems combined with renewables
has been object of study in the past years. Hedegaard et al. [61] stated
that individual heat pumps and heat storage could play an important
role in the integration of wind power. Their research shows that heat
pumps can increase wind power utilisation, thus reducing the excess
electricity production by up to 8% and 19%, for systems with and
without heat storage, respectively. Protopapadaki and Saelens [62]
also studied the interaction of heat pumps and renewables, but with
a focus on solar generation. Results from their simulations confirmed
that thermal storage offers the ability to shift electricity demand,
leveraging the consumption of PV energy generation.

Rule and schedule-based approaches are the most common heat
pump control methods, which allow users to set a specific tem-
perature setpoint for the water tank or pre-program the time to
activate the system, respectively. Nonetheless, the use of adaptative
control solutions is gaining popularity due to their capacity of
improving energy and cost savings while also allowing for load
shifting capabilities, for instance considering optimisation by local
renewable self-consumption and dynamic tariffs. Machine learning
(ML) adaptative methods have demonstrated efficacy in this
domain, as proven by authors in Refs. [7—12], but there are some
issues such as the lack of data available or the amount of time
needed to train optimal policies.

Some DHW controllers are based on reinforcement learning (RL),
which is a sub-field of ML. Here the controller agent learns by inter-
acting with the environment, thus improving and learning near-
optimal policies according to the previous experiences after a large
number of trials, where no previous knowledge is needed. For a
particular state, the agent receives a reward after performing an ac-
tion, which indicates whether the chosen action was good or not. For
instance, in DHW control the agent would be penalized if the tank
temperature drops to less than a specified setpoint, or it would be
rewarded if water was heated when the energy price at that specific
time is low. The RL agent target is to achieve a cost minimization while
ensuring the specified parameters of temperature over time.

Achieving optimal control policies may require a huge number of
trials, where the learning agent will be exposed to a number of
conditions and verify the consequences after performing different
actions. Transfer learning (TF) techniques in contrast have been
showing efficiency in reducing learning time, by reusing knowledge
from another agent. For example, if an agent already has experience
in a particular state, the hypothesis is that this can be shared with a
second agent in a similar environment, hence avoiding the need of
visiting the same state again. This was proved by authors in Ref. [13],
where a significant speed-up in learning times was achieved in an
HVAC control system. Apart from the building efficiency domain, TF
has also demonstrated efficacy in other domains, such as computer
vision [14—16], games [17,18] and 3D environments [19,20].

Considering that some houses from a specific community are
equipped with similar heat pumps and PV systems, hence sharing
common environmental and heating dynamics, this paper in-
vestigates the use of transfer learning to a deep reinforcement
learning (DRL)-based heat pump control to leverage energy effi-
ciency in a microgrid, focusing on DHW. The thermal constraints of
the hot water tank will not differ much between the houses, as they
are built using the same material and insulation levels. Also,
external temperatures will not significantly vary among the houses,
and PV production will be also similar if the houses are
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geographically located close to one another, although some small
variations can happen depending on the position of the installation.
The main contributions of this paper include:

e The development of a model-free DRL algorithm for a DHW tank
temperature control for a number of houses in a microgrid,
aiming to reduce energy consumption from the grid by opti-
mizing the usage of PV energy production and enhancing
financial savings through a Time-of-Use tariff scheme.

e The utilisation of transfer learning techniques for a DRL-based
DHW control, allowing for much faster learning rates, and
comparison of its convergence speed with models without
transfer learning.

The rest of this paper is organized as follows: Related work,
which shows the related works regarding energy management
systems and relevant transfer learning approaches. Problem
formulation provides information about the environment structure
and the principles of ML applied in this research. Experimental setup
explains the variables and agent's definition for the test cases,
including also the algorithms. The Results section presents all the
relevant outputs of our experiments, showing the performance of
the algorithm and comparing the methods. Finally, the Conclusions
and future works section recaps the main points of the paper,
introducing ideas for future work.

2. Related work

This section provides an overview of residential smart control
for demand response, showing the current control methods and
also detailing recent works in this subject, with a focus on water
heating and reinforcement learning. Moreover, some examples of
transfer learning applied to HVAC control and other domains are
presented, aiming to show the advantages that this technique can
bring when applied to the DHW domain.

2.1. Residential smart control for demand response

Demand response solutions can be applied in different types of
residential assets, such as HVAC, DHW, smart appliances (e.g.,
dishwasher and washing machines), and electric vehicles. There is a
variety of control methods for comfort and energy management,
which can sometimes use renewable energy production, batteries,
or dynamic prices as part of the optimisation process. The focus of
this research is on RL model-free methods, where the agent
controller does not need complete information about the envi-
ronment, as it attempts to directly approximate a control policy
through environmental interactions. Model-free methods are more
adaptive to variations in the environment, likely to perform better
than model-based when approximating the missing model is a
complex task. Other methods out of the reinforcement learning
domain include fuzzy control [21,22], and model predictive control
[23—25], that can be very accurate, but sometimes costly and time-
consuming as detailed models of the building are required.

Vazquez-Canteli and Nagy [26], in their review about reinforce-
ment learning for demand response, identified more than one
hundred studies across different applications in which only
approximately 15% were about water heating (DHW, thermal stor-
age, heat pump, and district heating). Their research shows that Q-
Learning is the most popular learning method in the energy and
buildings context, which can also be seen in the reviews from Mason
and Grijalva [27] and Han et al. [28]. Their studies also found that the
utilisation of Deep Q-learning has been increasing since 2015, mainly
because its advantage of handling large state-action space with more
efficiency, hence reducing learning time. Considering that in this
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research we will be handling multiple devices (heat pumps and PVs)
from a number of houses and also thinking about future expansion of
this study, we chose a DRL approach combined with transfer learning
techniques to enhance learning speeds.

The efficacy of reinforcement learning applied to DHW and resi-
dential PV production self-consumption can be seen in research car-
ried out by De Somer et al. [9] and later on by Soares et al. [29], where
the fitted Q-iteration control algorithm achieved on average 14% and
more than 20% increase in self-consumption, respectively, compared
to a thermostat control method. Both works used a model-based
reinforcement learning approach, where the transition function of
the control strategy was learned from historical data. In complex
environments, approximating the missing model by learning the
transition function from the historical data will not be adaptive to
changes beyond the scope. For instance, weather conditions may vary
from year to year, so the control strategy learnt from a data set from
the previous year may not represent the new reality. Al-jabery et al.
[10] applied Q-Learning for a number of different domestic electric
water heaters models, targeting to reduce energy bills by using the
Time-of-Use (ToU) tariff scheme as part of the optimisation process.
Similarly, Ruelens et al. [8] reached a 15% reduction in the cost of
energy reduction using fitted Q-Learning and dynamic prices. In
another work, Ruelens et al. [42] applied a model-free batch RL al-
gorithm using a Monte Carlo and fitted Q-iteration approach in
different experiments involving an electric water heater and heat-
pump thermostat. The results showed that RL can be an option to
model-based controllers, with a decrease in the total electricity cost of
up to 19%. Kazmi et al. [7] applied DRL to a set of 32 houses, reducing
energy consumption used for water heating by approximately 20%.
Kazmi et al. [43] applied a multi-agent RL approach to accelerate
learning of a large-scale pilot consisting of 50 thermostatically
controlled loads from different houses, where the proposed solution
can potentially achieve savings up to 300 kWh annually per house-
hold (30% of reduction). Finally, Chen et al. [44] proposed an RL control
method for DHW and space heating, using a Differentiable Model
Predictive Control (MPC) policy, encoding domain knowledge on
planning and system dynamics. The agent was pre-trained on his-
torical data and once the controller behavior was learnt, a policy
gradient algorithm was applied, reaching 6.6% of energy savings and
16.7% of cooling demand reduction.

Recent works, also about deep reinforcement learning applied
to heat pumps, but not with a focus on DHW, also showed the ef-
ficiency of such algorithms in this domain. For instance, research
articles [45—56], which are mostly from the HVAC and space
heating domain, use DRL approaches with different targets. For
instance, Vazquez-Canteli et al. [50] considered a multi-agent
approach for a number of connected buildings, which reduced
daily peak load by 15% by coordinating different loads. Kurte et al.
[48] and Christensen et al. [54] used a price-responsive model as
part of the optimisation, where the agent had to prioritize control
actions when the cost of electricity was low.

Regarding convergence time, Yang et al. [30] proposed an RL
approach with tabular Q-learning and batch Q-learning, applied to a
heat pump control combined with a photovoltaic-thermal solution,
outperforming the rule-based model by 10% after the third year of
simulation. Patyn et al. [31] compared different neural architectures
models for reinforcement learning applied to heat pump control,
which outperformed standard thermostat controller and shift loads
after 20—25 days. This is one of the motivations of our research: we
aim to apply TF to reduce learning time, thus achieving near-optimal
policies faster and bringing additional savings to users.

2.2. Transfer learning for reinforcement learning

Transfer learning refers to the use of experience learnt by
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performing one task to improve another related, but different, task
[32]. The objective is to increase convergence speed, as instead of
learning from the beginning without prior knowledge, the agent
integrates value function estimates from other agents to perform
the tasks, achieving better results faster as a result of the knowl-
edge sharing. Taylor and Stone [32] describes in their review five
different types of transfer learning approaches, where our research
is classified as part of the allowed tasks differences group, which is
applied to methods that have the same state variables and actions.
For instance, in our experiments, the agent's representation of the
world, which includes PV energy production metering, tempera-
ture sensing, and heat pump actuation all remain the same, while
states values and/or actions can change. Furthermore, according to
da Silva and Costa [33], our TF method is categorized as Inter-Agent
transfer, in which knowledge is shared with another agent with a
very similar characteristic, and this agent is able to merge the
transferred knowledge with its own experience.

Although TF studies have been carried out and have demon-
strated success in other domains, to the best of our knowledge this
is the first time it has been applied to a model-free DRL-based heat
pump control in a microgrid, leveraging PV self-consumption and
reducing energy through ToU tariffs. In recent work from a close
domain, Lissa et al. [13] proposed an RL algorithm which can
transfer HVAC control polices between agents from different
geographic locations. The results showed that the learning time to
train near-optimal control policies was reduced by more than a
factor of 6, compared to models without TF. Also in the HVAC field,
Xu et al. [34] applied TF to a DRL-based HVAC control, transferring
knowledge from different zones, equipment and locations, thus
reducing the training time, energy cost, and temperature violations.
Zhang et al. [55] proposed an RL approach with TF to reduce the
training cost of an RL control policy for smart homes with different
appliances and user preferences, showing that TL can effectively
reduce the training time of a new policy if the new home is similar
to the benchmark home. Finally, authors in Refs. [35,36] also
explored TF, but with focus on building predictive models, pre-
dicting energy consumption, temperature and humidity.

3. Problem formulation
3.1. Test environment

The experiments were deployed in a simulated environment
using real data from two residential demand response projects,
RESPOND [4] and REACT [5], in which one of their case studies was
realized in the Aran Islands, Galway, Ireland. Energy supply in small
islands can be challenging due to its geographic characteristics,
hence the community relies on energy imported through subma-
rine cables or fossil fuels. Both can be very costly, the first is
expensive to deploy or upgrade if needed, and the second is not
easy for logistical reasons and it is also not environmentally
friendly, due to its carbon emissions. Some of the houses in the
island have individual PV energy systems, which helps to reduce
the grid load. However, a smart controller is needed to coordinate
demand and production, which is the aim of RESPOND [4] and also
subject of study of REACT [5] in a number of islands across Europe.

Our study considers as reference five houses that have been
recently upgraded in the Aran Islands, all equipped with an 8.5 kW
Mitsubishi Electric Ecodan heat pump along with a PV panel array
consisting of 8 panels, with a total nominal power of 2 kWp. For
each house, the heat pump is connected to a 200-liter cylinder
(tank) which is used to store hot water. The main characteristics of
the cylinder can be seen in Table 1, extracted from the manufac-
turer's document [37]. These features rule the dynamics of the
simulations in terms of water heating and temperature losses.
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The standard DHW mode operates automatically based on the
upper and lower limits set by the user. For instance, if the user sets
the maximum temperature to 50 °C and a maximum temperature
drop of 10 °C the hot water is automatically heated once the tank
temperature drops to 40 °C, until it achieves 50 °C again, where this
cycle restarts [38]. This rule-based method will be used as a com-
parison during the experiments.

Our final test environment is a python application deployed
from a detailed building model. Sensors were installed in the
houses to measure indoor temperature °C, total electricity con-
sumption (kWh), total PV production (kWh) and heat pump elec-
tricity consumption (kWh). The construction characteristics
obtained from a site survey, such as dimensions and u-values, along
with data collected from each of the sensors, were used as a
reference for developing a detailed and calibrated white-box
model, using the Integrated Environmental Solution Virtual Envi-
ronment (IESVE) software. Further details on each of the u-values
and measurements can be found in Ref. [53]. The tank dynamics of
Table 1 are also included as part of the environment. Finally, we
added historical data from the PV sensors of the residences with a
15-min resolution, acquired in May 2020. In summary, the test
environment reads the current state every 15 min and estimates
the next DHW tank temperature values, considering the action
taken by the RL algorithm, developed with TensorFlow, and the
dynamics established previously.

3.2. Markov decision process and reinforcement learning

The main goal of a reinforcement learning algorithm is the so-
lution of the Markov Decision Process (MDP). Its foremost property
states that given the present, the future is independent of the past.
It means that the current state concisely represents all the history,
hence there is no need to keep previous records. Board games, such
as chess or checkers are a good example of this property, in which
the current configuration of pieces on the board at any stage of the
match is sufficient for a player to make a decision on the next move.
The MDP is composed of 4 components:

e Environment state space (S).

o Total action space (A).

e Probability distributions of state transitions (p(S¢,1lSt, ar))-

e Probability distribution governing the rewards received

(q(se1lse, ar)).

Overall, an MDP task can be discretized into time periods, where
at each period t the agent occupies a state s; € S, and then chooses
an action a; from the set of all possible actions within the current
state. The execution of the selected action induces an environ-
mental state s, 1 and results in the allocation of a reward R(s;, a;).
The state transition probability p(s;,1|st, ar) governs the probabil-
ity that the agent will transition to state s, as a result of choosing
ar in S¢. q(Se,1/St, ar) represents the expected reward received by
the agent after transitioning from state s; to s;,1 by executing ac-
tion a;. Solving an MDP results in the output of a policy, which is a
mapping from states to actions guiding the agent's decisions over

Table 1
DHW tank characteristics.

Domestic Hot Water tank

Volume 200 L

Material Duplex 2304 stainless (EN10088)
Time to raise DHW tank temp 15—65 °C 22.75 min

Time to reheat 70% of DHW tank to 65 °C ~ 17.17 min

Heat loss 1.91 kWh/24 h

Smart Energy 3 (2021) 100044

the entire learning period.

Specific problems where the model is complete and fully
observable can be solved through traditional techniques such as
dynamic programming. However, the vast majority of real-world
problems cannot be fully observed, as part of the environment
may be unknown. To solve this issue, the possible solutions are to
estimate the model by using statistical methods (Model-based
Reinforcement Learning) or by directly estimating its value function
or policy (Model-Free Reinforcement Learning), where learners
attempt to directly approximate a control policy through environ-
mental interactions [7—13]. Buildings and heat pumps can be
modelled as an MDP if the complete information about the envi-
ronment is available. However, in case of some missing informa-
tion, dynamic programming cannot be applied to generate an
optimal or near-optimal policy. As an option, the missing model
may be either approximated by a Model Based Reinforcement
Learning algorithm, or directly have its policy or value function
estimated by a model-free Reinforcement Learning technique, such
as Q-Learning [40]. This method is part of the temporal difference
methods and is capable of making predictions incrementally and in
an online way. For each time where a state is non-terminal, the
update rule in Equation (1) is calculated.

Q(st, ar) — Q(St, ar) + afreyq +v MaxaQ(Ser1, @) — Q(St, ar)]
(1)

Actions are selected according to the policy = and approxima-
tions of Q™ (st, at) are calculated after each time interval. To balance
exploration and exploitation and achieve the best results, an action
selection policy, for instance ¢— greedy, can be selected. The
¢ — greedy strategy chooses the best action from the policy most of
the time, however the agent explores a certain amount of the time
ruled by e. After a number of trials, the agent should converge to a
near-optimal operation, which means it will choose the actions that
leads to the highest reward. In our experiments, a near-optimal
policy means that the agent achieved the comfort standards of a
rule-based controller and managed to do this at the lowest elec-
tricity cost possible, when PV production is high and/or the tariff is
low. The importance of future rewards is governed by the discount
factor v, situated in a range from O to 1. Values close to 1 assigns a
greater weight to it, while a value close to 0 considers only the most
recent rewards. Finally, « is a value lower than 1 that represents the
learning rate of value estimates over the learning process.

Overall, tabular Q-Learning methods need to interact with the
environment and revisit states a number of times in order to learn a
good policy. The learning time to converge to an a near-optimal policy
depends on the state-space size, where for each additional state or
action included, the problem size can increase exponentially, which is
known as the curse of dimensionality. This effect of this issue can be
mitigated against by replacing the Q-table with a function approx-
imator, using for example an artificial neural network to estimate the
Q-values using Equation (1). Mnih et al. [60], followed by Wei et al.
[41], used this method, where the Q-value estimates for all outputs
can be calculated by performing one forward pass (inference) in the
neural network. The loss function is calculated as the mean squared
error between the target Q-value and the inferred output of the neural
network, and the weights of the neural network are updated using a
gradient descent method. As this method has a built-in back-propa-
gating optimizer for the learning process, the learning rate « is no
longer needed in Equation (1). Hence, both Q (s, at) terms cancel each
other, resulting in the simplified Equation (2).

Q(St,ar) < re 1 + v MaxgQ(Sei1,a) (2)

For the purposes of this work we utilize this method, called Deep
Q-learning, as it can manage larger state-action spaces and bring
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more possibilities of increasing learning speed by estimating values.

4. Experimental setup

This section describes the 3 experiments proposed in our
research, showing their algorithms and reward structure. Overall,
all of them have the same common target, which is to achieve
financial savings by using the heat pump to heat the hot water tank
when the cost of electricity is low, which happens either when PV
production is high, or the tariff applied at that specific time is
reduced. As the controller has also to keep the tank temperature
between the specified setpoints set by the user, this is a multi-
criteria learning RL problem. Starting with the electricity cost
(Ec), we defined it as the cost to perform an action at a time ¢,
calculated using Equation (3). In summary, it is the difference be-
tween the energy consumed by the heat pump and PV production,
multiplied by the tariff at a specific time.

Ec= (HPpower - PVprod) *Tariff (3)

For instance, let's assume that a heat pump consumes on
average 2 kWh when heating the water and the tariff cost is 0.0915
EUR/kWh for off-peak (from midnight to 9 a.m.) and 0.185 EUR/
kWh for other periods [39]. Considering also the average PV pro-
duction per hour of May 2020 from one of the houses, Fig. 1 shows
the average electricity cost per hour to activate the heat pump for
DHW purposes. The line represents the energy to be imported from
the grid considering heat pump on (total HP consumption minus PV
production) times the cost of electricity at the specific hour. Note
that in this example the best time to use the heat pump is from
midnight to 9 a.m. (reduced tariff) and from 1 p.m. to 6 p.m. (high
PV production). In theory, the aim of the control algorithm in this
regard is to operate within these ranges. This example shows the
monthly average; however, the near-optimal operation times will
vary across the days, hence the algorithm will need to adapt itself
according to the circumstances.

Moving to tank temperature control, the agent's performance is
measured according to the difference of the actual tank tempera-
ture and the lower temperature or maximum temperature in the
action zone, as can be seen in Equation (4). The action zone ranges
from the minimum temperature set by the user and the average of
the upper and lower setpoints. For example, if the minimum and
maximum tank temperatures are defined as 40 °C and 50 °C,
respectively, the action zone range will be from 40 °C to 45 °C. The
reason for limiting the action zone is to avoid exceeding the
maximum temperature setpoint, as the heating process happens
considerably fast (see Table 1). On the other hand, as the tank is
well-insulated, heating losses are slow, hence an action zone of 5 °C
gives the algorithm enough flexibility to perform actions.

|Tactual - Tzone,min|7 l_f Tactual < Tzone_min
actual — Tzone,max|7 lf Tac[ual > Tzone,max (4)
, otherwise

AT =

The timestep is discretized to 15-min periods, where the system
analyses the current state, performs an action, and moves to another
state. The states are independent, as they only rely on the heat pump
and PV production conditions at the current time, hence following the
Markov property. The state-space S comprises the PV production, tank
temperature and hour of the day. After performing an action, the
environment will move to a new state and receive a reward r¢, which
is 0 if the action is water heating “on” and the temperature is below
Tone_min Or water heating is “off” and the temperature is above
Tzone_max- For all other possibilities, r¢ is calculated based on Equations
(3) and (4). A constant ¢ was added to balance the targets of
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temperature setpoints and economic savings, resulting in Equation

(5).

re= — (Ec+ AT *q) (5)

The number of tank temperatures and PV production inputs may
vary depending on the algorithm and the number of houses
included, as detailed in the next subsections. In a simplified way, the
proposed DRL control approaches follow the steps of Algorithm 1.
The difference among them is basically the environment parameters,
for instance, if houses are treated individually or as a group, and the
way agents access the policy and previous experiences.

ALGORITHM 1: Generic DRL Heat Pump Control
Initialize Environment parameters
Initialize Q (s, @) arbitrarily
Repeat (for each episode)
Initialize s
repeat
Choose a from s using policy derived from Q(e — greedy)

Take action (a)
Update environment states (s, 1)
Calculate reward (r)
Q(st, ap) « 1ryq + ¥ MaxgQ(Serr, @)
S € St4q
until s is terminal
end

4.1. Independent learners

The aim of this first experiment is to deploy the individual heat
pump control DRL agent, which will be used as a base for com-
parisons in later stages. It considers that each of the houses has its
own PV, heat pump and control system, operating without having
any communication with other houses in the community, as can be
seen in Fig. 2. The neural network (NN) designed to estimate the Q-
values is similar to the one presented by Wei et al. [41], from the
HVAC domain. It is composed of an input layer, two hidden layers,
and an output layer. The input values are tank temperature, PV
production, and hour of the day, but first, they are normalized on a
scale from O to 1 (min-max normalization). This helps the algo-
rithm to achieve a more stable learning process, as it does not have
to work with numbers with different dimensions. As an example,
tank temperature values are lower than one hundred degrees,
while PV production can go up to two thousand W. Then, there are
two hidden layers, where softmax is the activation function chosen,
followed by the output layer with possible actions (turn on or off
DHW). The losses are calculated by the mean squared difference
between the current output and the ideal target values. Further-
more, we use a Gradient Descent Optimizer, which adjusts weights
in the neural network to minimize these losses. The proposed al-
gorithm uses an & — greedy policy to improve efficiency. Finally,
rewards are calculated individually for each of the houses following
Equation (5).

4.2. Independent learners with transfer learning

The second experiment consists of having individual learners in
each of the houses, similarly to the independent learners' experi-
ment, but now the agents can share their knowledge among the
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Fig. 1. Average electricity cost (may 2020).

other houses in the community, as illustrated in Fig. 3. The NN
structure, normalization process and rewards follow the same
approach as 4.1 and Algorithm 1. As the equipment available in the
houses is the same, the agents update their respective policy in
each timestep but also take into account the neighbors’ policy. For
instance, if an agent from a specific house faces the same state that
was previously visited by any other house, it will either choose the
same action performed (exploit) or explore, if the agent decides to
take another action. Similar to the previous experiment, the
possible actions for each agent are to turn on or turn off DHW. Next,
it will receive a reward and update its own policy according to the
new experience learnt. Similarly, the agents from other houses will
follow this process. The idea is to reduce the number of trials a
single agent has to perform to learn near-optimal policies by using

’>.
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the knowledge obtained from the agent that already visited some
particular state. This concept is called parallel transfer learning
[57,58], where the knowledge to be shared between agents does
not need to wait until the end of the process to be available.
Similarly, da Silva and Costa [59] proposed that agents can advise
each other in a multi-agent system composed of simultaneously
learning agents.

4.3. Global learner

The third experiment explores a different solution, where a
global agent is used to control all heat pumps in the community, as
presented in Fig. 4. The general idea follows Algorithm 1, but now
there is only one NN that receives all tank temperatures. Also, as the
energy production is very similar among the houses (PV systems
have the same capacity and are very close geographically), we
considered the average of the PV production as input instead of
having individual inputs for each of the PV systems. In this new
model, for each timestep the agent reads all tank temperatures and
the PV average at once, and takes an action that can be turning on
only one of the heat pumps or keeping them all off. The rewards are
now calculated considering the summation of temperature differ-
ence values (Equation (4)) and the electricity cost (Equation (3)).
These changes impact on the setpoint and savings balance, hence ¢
will have a different value to keep a good performance in both. In
summary, the global agent has a higher number of inputs and
outputs compared to the previous models, but control actions
cannot be done in parallel. In theory, as the tank temperature drop
is slow, the agent can manage the time slots of activation and keep
the performance without violating the lower setpoint temperature.

1

(i

Fig. 2. Independent Learners topology.

Single
Agent

Single
Agent
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Single
Agent

>
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Single
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Fig. 3. Independent Learners with Transfer Learning topology.
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Fig. 4. Global Learner topology.
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5. Results

Several tests with different parameters were performed to
determine the best configuration for balancing energy savings and
tank temperature matters. The final NN architecture is composed of
8 neurons in each of the hidden layers, with @ = 0.0001,y = 0.95
and ¢ = 0.05, where these values are fixed during the whole
experiment for a fair comparison of learning speed. First, we
removed Ec and selected ¢ = 1 in Equation (5), to certify that the
algorithm was achieving a similar performance to the rule-based
method. Next, we added Ec and started to tune the value of g, in
which the final value was defined as 100. Values close to zero mean
low savings, while high values affect the tank temperature as the
algorithm will start to focus only on savings and possibly will not
turn on the equipment even if the temperature is lower than the
expected setpoint. The final control algorithms were analyzed in
terms of control efficiency, energy savings, and convergence speed.

5.1. Control’s efficiency

After selecting and balancing the algorithm parameters, simu-
lations were performed for the independent and global learner. The
agent's goal was to achieve a near-optimal policy by interacting
with the environment, the details about the number of episodes
needed and convergence speed is found in subsection 5.3. The first
metric to evaluate the control's efficiency was to certify the agent's
ability to keep the tank temperature in an acceptable range, so we
selected one random month (episode) after the learning process
achieved the near-optimal policy. After achieving stability, both
independent learners' methods (with and without transfer
learning) have the same result, hence this analysis considers only
one independent and one global agent, both with 5 houses. Fig. 5
summarizes the tank temperatures for each of the methods.

The independent learners presented a slightly more uniform
temperature distribution, as each agent had to handle only their
own tank temperature. Their average temperatures were around
45 °C, with a few exceptions where it achieved up to 60 °C. This can
represent, for instance, a moment when PV production is high and
the agent decides to heat the water creating a buffer, which will
consequently postpone later actions. The overall performance of
the global agent was similar, as managing 5 tank temperatures
seems to be a more challenging task. In this control strategy, re-
wards of the five houses are accumulated, and sometimes the agent
can prioritize one house over another, as long as the net rewards are
low, and this can result in more temperatures out of the expected
range.

The second criteria for a control's efficiency analysis consist of
evaluating if the control algorithm can optimize energy usage by
performing actions when the electricity cost is lower, as presented
in Fig. 1. Similarly to the first test, we selected a month after a near-
optimal policy was achieved, then we verified the accumulated
distribution of the loads over the hours for the two DRL algorithms
(independent and global) and also compared them with a rule-
based controller, as can be seen in Fig. 6. The average PV produc-
tion of May 2020 is also plotted in the chart as a reference for a
quick understanding of the best control periods.

The results show that the independent learner (green line) was
able to perform water heating actions in the periods of low energy
price (midnight to 9 a.m.) or high PV production (noon to 5 p.m.),
and that brings benefits for both end-users and utilities. In a simple
manner, the first one gets a reduction in the electricity bill, while
the second will have a load reduction during the peak hours. Ac-
cording to EirGrid [64], the Irish national grid operator, the energy
peak in Ireland happens at 5 p.m., which matches with one of the
periods where energy imported from the grid is lower in the

Smart Energy 3 (2021) 100044

independent learner experiment. On a large scale, it could help
even more the utility, by avoiding unnecessary upgrades in the only
connection point with the main island [5].

Due to the tank dynamics, on average, the heat pump needs to
perform a control action more than once a day to keep the tem-
perature in between the setpoints. The agent must coordinate ac-
tions in such a way the next action will also be in periods of low
energy cost. For instance, although hours 2—4 a.m. have a low cost,
performing an action in that period may result in a next action to be
done in the period of high cost 9 a.m. to noon due to a temperature
drop below the setpoint. In that case, it would be better to antici-
pate the action, making the next action fall before 9 a.m. (first low-
cost period), or delay it to 5—7 a.m., so the next action would
probably be performed in the next low-cost period (high PV pro-
duction). The global agent has a similar distribution of the rule-
based control, having the loads well-distributed over the hours,
and one of the reasons is the difference in the process flow. In the
independent learners’ approach, actions can be performed in par-
allel in each 15-min timestep, while the global agent only allows
one heat pump activation per timestep.

5.2. Energy savings

In the energy savings analysis, we compared the amount of
energy consumed from the grid by the independent and global

Boxplot grouped by House
Tank Temperature - Independent Learners

30 T T T T :
1 2 3 4 5
House
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Tank Temperature - Global Learner
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Fig. 5. Tank temperatures demonstration.
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learners against the rule-based method, our reference model.
Overall, the independent learner performed better in all the houses,
achieving up to 9.55% of reduction. The global learner reached
almost 5% of reduction in the best case, but the average of this
model was just around 2%. The individual information for each
model and house can be found in Table 2. Without considering
reductions from the PV production, the gross average energy con-
sumption presented across the DRL-based models was reduced by
2% for most of the houses. Only house 2 presented an increase of 1%,
but this fact does not mean a real increase in terms of final savings,
as the actions of this specific house could have happened in periods
of low-cost tariff or high PV production, resulting in a net value
could be lower. In summary, as the comfort element was the first
control target, the average gross energy consumption was very
similar to the rule-based model, but the difference is the time en-
ergy is consumed.

Regarding financial savings, we verified the energy bought from
the grid for each of the periods, low-cost and high-cost tariffs. Both
DRL-based models achieved an average of 5% compared to the rule-
based, with a maximum reduction of 7.46%. This maximum is lower
than the 9.55% found for energy savings and the main reason is the
ToU tariff chosen, which has a long period of low-price energy (9 ha
day). Considering that heat pumps have to turn on more than once
a day for water heating, there is a big probability that one of the
cycles will be within the low-cost tariff, even operating through a
rule-based model.

5.3. Convergence speed

The convergence speed test aims to verify if transfer learning
helped the algorithm to achieve a near-optimal policy faster. First,
we evaluated the performance of an independent learner
(subsection 4.1), where we identified the number of episodes
necessary to learn the control strategy, as can be seen in Fig. 7. Each
episode represents the whole month of May 2020, and the agent
took around 11 episodes to reach the plateau, mainly because the
tank heating losses are slow. Overall, it is necessary to execute only
two actions on average for water heating in an entire day, hence
visiting the same set of states can take a large number of trials even
using estimates from the NN. Secondly, we performed an experi-
ment to assess the independent learner with transfer learning
applied (subsection 4.2), considering a different number of houses
sharing experiences in each of the tests (H = {1,2,3,4,5}). The
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idea is to compare if rewards are reduced even from early episodes,
thus achieving a near-optimal control policy faster than letting a
single agent learn by itself.

In summary, the algorithm convergence speed increases grad-
ually according to the number of houses sharing experiences. Thus,
the best result can be found in H = 5, where the total reward is
considerably lower since episode 0 compared to the other experi-
ments. In this scenario, the learning time to train near-optimal
control policies was reduced by more than a factor of 5. This
improvement is achieved mainly because agents are most of the
time at different states, hence their knowledge is complementary
to each other. Considering 4 houses (H = 4), the time was reduced
by a third. Although the experiment with three houses (H = 3)
presented a lower initial total reward compared to H = 2, both
achieved stability in episode 8.

Besides improving convergence speed, reducing total rewards in
the initial episodes also helps the agent to present an initial better
behavior. For instance, it will partially perform the right water
heating actions following its policy instead of just guessing
randomly. The difference between the total rewards of the agent
without TF (reference) and the agent with TF is known as Jumpstart
[32,33]. In our experiment, the Jumpstart also increased gradually
following the number of houses included.

6. Conclusions and future works

This work presented a new DRL algorithm with a transfer
learning approach for a DRL-based heat pump control to leverage
energy efficiency in a microgrid. The main objective was to control
the heat pump tank temperature at the lowest energy cost possible,
by optimizing PV self-consumption and taking advantage of the
Time-of-Use tariff. Moreover, transfer learning was applied to
speed up the learning process, hence achieving a satisfactory

Table 2
Energy savings.

Rule-based Independent DRL-based Global DRL-based
House Ref. Avg. (kWh) Total (kWh) Reduction Total (kWh) Reduction
#1 29.86 —5.12% 31.15 —1.02%
#2 28.57 -9.23% 31.03 —1.40%
#3 31.47 29.86 —5.13% 30.31 —3.69%
#4 28.46 —9.55% 29.97 —4.77%
#5 28.93 —8.06% 32.12 2.06%
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Fig. 6. Load distribution per control type.
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Convergence Speed Test

Rewards

Episode

Fig. 7. Convergence speed.

performance since early trials. A total of three different DRL to-
pologies were proposed and tested, having their results compared
to a rule-based reference model. The energy savings of almost 10%
achieved by the TF DRL algorithm is similar to the values found by
Refs. [9,30]. In addition to that, our TF approach reduced the time to
learn near-optimal policies by more than a factor of 5, considering
the whole cluster of houses. This performance is similar to the one
achieved by the Q-Learning model with TF proposed by Ref. [13] in
the HVAC domain.

Our test case was based on a real-life project [4], located in the
Aran Islands, Galway, Ireland. Although we selected five houses, the
island has around 450 dwellings with similar characteristics that
could be part of a project in future works, totalling a significant
amount of load. The proposed algorithm will be improved to
incorporate space heating, and other types of targeted optimisa-
tion, such as the demand curve of the neighbourhood. About the
Time-of-Use tariff chosen, new tests with a shorter period of low
cost will be carried out to better quantify energy savings and al-
gorithm accuracy. Our research showed how transfer learning can
speed-up convergence in DQNs. New experiments will be deployed
to understand the benefits of transfer learning in other RL methods,
including, but not limited to, soft-actor-critic (SAC) and tabular
methods. Furthermore, the algorithm will be enhanced with
experience replay, which was not considered in the current version
to isolate the transfer learning performance, both versions will be
compared in future work. Finally, the adaptability of the agent and
transfer learning will be tested considering heat pump with
different dynamics.
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