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G R A P H I C A L A B S T R A C T

H I G H L I G H T S

A novel Home Energy Management System for a battery is proposed coupling Deep Reinforcement Learning with load forecasting using artificial neural networks.
Reinforcement Learning agents can reach a 35% reduction in electricity bill when compared to standard model-based agents.
Low execution time, below 10 s for 7 day solution, makes it ideal for operational implementation.
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A B S T R A C T

Home Energy Management Systems (HEMS) are increasingly relevant for demand-side management at the
residential level by collecting data (energy, weather, electricity prices) and controlling home appliances or
storage systems. This control can be performed with classical models that find optimal solutions, with high real-
time computational cost, or data-driven approaches, like Reinforcement Learning, that find good and flexible
solutions, but depend on the availability of load and generation data and demand high computational resources
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Energy storage systems for training. In this work, a novel HEMS is proposed for the optimization of an electric battery operation in
a real, online and data-driven environment that integrates state-of-the-art load forecasting combining CNN
and LSTM neural networks to increase the robustness of decisions. Several Reinforcement Learning agents are
trained with different algorithms (Double DQN, Dueling DQN, Rainbow and Proximal Policy Optimization) in
order to minimize the cost of electricity purchase and to maximize photovoltaic self-consumption for a PV-
Battery residential system. Results show that the best Reinforcement Learning agent achieves a 35% reduction
in total cost when compared with an optimization-based agent.
Symbols

Abbreviations

PV Photovoltaics
ANN Artificial Neural Network
ML Machine Learning
RL Reinforcement Learning
MDP Markov Decision Process
DQN Deep Q-networks
PPO Proximal Policy Optimization
MILP Mixed Integer Linear Programming
CNN Convolutional Neural Network
LSTM Long Short-Term Memory
HEMS Home Energy Management System
BEL Battery Energy Level

Variables

𝐸𝑔
𝑡 Energy imported from the grid (kWh)

𝐸𝑏
𝑡 Energy from the battery to the load (kWh)

𝐸𝑃𝑉
𝑡 Energy from the PV system to the load

(kWh)
𝐿𝑡 Load (kWh)
𝐵𝑡 Battery energy level (kWh)
𝐿̂𝑡 Load forecast (kWh)
𝐿𝑁+
𝑡 Positive net load (kWh)

𝐿𝑁−
𝑡 Negative net load (kWh)

𝛥𝐵+
𝑡 Positive variation in the BEL (kWh)

𝛥𝐵−
𝑡 Negative variation in the BEL (kWh)

𝐸𝑖𝑛𝐺
𝑡 Energy coming from the grid to charge the

battery (kWh)
𝐸𝑖𝑛𝑃𝑉
𝑡 Energy coming from the PV system to

charge the battery (kWh)
𝐸𝑜𝑢𝑡𝐿
𝑡 Energy discharged by the battery to meet

local demand (kWh)
𝐸𝑜𝑢𝑡𝑋
𝑡 Energy discharged by the battery to be

exported (kWh)
𝑦𝑐ℎ𝑡 charging binary variable
𝑦𝑑𝑐ℎ𝑡 discharging binary variable
𝛿 Energy deficit or excess (kWh)

1. Introduction

Home Energy Management Systems (HEMS) are comprised by soft-
ware and hardware components, that are deployed in residential con-
sumer homes and buildings in order to improve efficiency in energy
use [1]. They integrate sensor components performing several tasks:
monitor home appliances’ operations, environmental variables inside
buildings or receive external signals while also managing load or gen-
eration data. They integrate not only actuator components that control
2

home appliances or storage systems after receiving commands, but also
Parameters

𝐻 Planing horizon
𝑝𝑏𝑡 grid electricity buying price (e/kWh)
𝑐𝑠𝑡 electricity selling price
𝑡𝑠, 𝑡𝑒 first and last timesteps of the scheduling

horizon
𝐶𝑐ℎ Charging rate (kW)
𝐶𝑑𝑐ℎ Discharging rate (kW)
𝜂𝑐ℎ Charging efficiency
𝜂𝑐ℎ Discharging efficiency
𝑖 Minimum incremental value of battery

power
𝑑ℎ Energy to power conversion
𝐵𝑚𝑎𝑥 Maximum Battery energy level (kWh)

Reinforcement Learning

𝑠𝑡 State at timestep 𝑡
𝑢𝑡 Action at timestep 𝑡 (MDP and MILP)
𝑟𝑡 Reward at timestep 𝑡
𝑉 𝜋 State value function under policy 𝜋
𝑄𝜋 State–action value function under policy 𝜋
𝛾 MDP discount factor
𝑝(⋅) transition probability
𝜋𝜃 policy parameterized by 𝜃
𝛼 Learning rate

components for managing servers, databases and web applications as
well [2].

An important part of HEMS is intelligence and decision making
capabilities which allow advanced load and generation management
strategies. These strategies may take solutions provided by optimization
or machine learning algorithms that take into consideration external
information on electricity prices, forecasts on future load or renewable
generation among many other pieces of information [3].

HEMS are instrumental if energy users are expected to assume a
more relevant role in the management of energy systems and evolve
from passive consumers into prosumers that not only produce their own
energy but can also control their load. Towards this end, Demand Side
Management (DSM) is a portfolio of measures that aims to improve
the energy system performance at the side of demand, i.e, perform
control of home appliances (eg. dish washers, heat pumps), electrical
storage systems or electrical vehicle charging, in order to satisfy grid
constraints, maintain user comfort or to reduce the user’s electricity
bill. This last objective is the most relevant for residential prosumers
that, on one hand, may be subjected to variable electricity tariffs
and, on the other, possess renewable energy generation which can
be used in the most efficient way. The integrated management of
these two sources of electricity (grid and own renewable energy gen-
eration) allows for more complex energy management strategies that
will potentially have a positive effect on the bill reduction objective
but also other possible objectives such as comfort or self-sufficiency

maximization.
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1.1. Demand response

Demand Response programs is a sub-category of DSM and can be
defined as the change in the electricity usage by consumers from their
normal patterns, in response to changes in the price of electricity over
time with the goal of lowering the energy costs [4].

Demand Response programs can be classified into two broad cat-
egories: incentive-based and price-based [5]. In Incentive-based, con-
umers are awarded incentives for changing their electricity demand
ehaviors. This may involve letting utilities directly shut-down appli-
nces, but also responding to calls in order to curtail load due to
mergencies or system contingencies. In price-based programs, con-
umers are charged with different electricity prices structures. There are
everal different schemes such as Time-of-Use, in which the electricity
rice depends on the moment in which electricity is used. This scheme
eflects the variations of electricity cost with time. There are three
ifferent periods, peak, off-peak and shoulder-peak. A variation of
ime-of-Use is Critical Peak Pricing in which prices are increased for
oments in which the reliability of the power systems is jeopardized.
nother important scheme is Real Time Pricing in which prices vary
ourly.

Information on electricity prices, provided by market operators, can
e integrated in HEMS and directly feed data-driven optimization or
achine learning algorithms that inform decision-making concerning

oad management. In this way, storage systems can perform arbitrage
y charging electricity when retail prices are low and discharging when
hey are high [6].

.2. Self-consumption maximization

Solar Photovoltaic (PV) electricity generation is one of the most rel-
vant renewable energy sources for accelerating the energy transition
n Europe. as a whole. The combined solar PV in EU is expected to
each 1 TW of installed capacity by 2030 [7].

Among the most relevant characteristics of solar PV technologies
ies its scalability, i.e., PV systems are economically and technically
iable at different scales, ranging from small kW-sized residential sys-
ems to multi-MW utility sized centralized plants. Different PV system
onfigurations also correspond to different remuneration schemes. Util-
ty sized systems will primarily sell electricity whether in wholesale
arkets or through Power Purchase Agreements, while smaller systems
ill typically follow self-consumption schemes with the objective of

onsuming locally produced electricity and reduce the electricity bill.
t the local level, whether residential, commercial or industrial, solar
V systems are primarily installed following this scheme and, since
xcess energy is poorly remunerated, PV system owners have a strong
ncentive to increase the share of local produced energy that is lo-
ally consumed [8] in order to offset energy imports and exports of
lectricity.

But, for residential consumers, there is a time lag between genera-
ion peak (at midday) and load peak (early evening) [8,9]. Therefore,
o maximize PV self-consumption, one can schedule appliance usage
uring high energy generation periods or employ storage systems to
bsorb excess energy and use it later when needed.

In this case, historical and forecasted environmental variables like
rradiance, temperature or future PV generation, can also be integrated
n HEMS in order to perform decision-making.

.3. Storage systems

With the increase in PV penetration in energy systems, storage
ystems are expected to gain relevance [10]. However, if using storage
ystems in coordination with solar PV systems seems feasible from
technical point of view, there are some economic bottlenecks that

revent PV-Battery systems from wide spread adoption. Foles et al. [11]
nalyze the viability of different solar PV configurations in Portugal and
3

onclude that, although PV-battery configurations are not profitable, it
s expected that, in the future, lowering costs in battery technology will
ake these configurations profitable. A similar conclusion is stressed

y Barbour and González [9] that highlight a consensus in literature,
ointing that batteries are currently less economic than PV-only sys-
ems, but that they may be economically viable if solar generation
s unrewarded, wholesale prices are used and battery costs decrease.
owever, Crespo [12], point that increases in raw materials create
ncertainty in these claims. One recent trend is that the enormous
ncreases in wholesale and retail electricity prices due to energy cri-
is and the Ukraine war may render PV-Battery systems much more
conomically viable and appealing.

.3.1. Energy management with electric storage batteries
Storage system management falls under the DSM problems um-

rella and have been typically solved with rule-based algorithms [13],
lassic optimization models or metaheuristics [14], i.e., model-based
pproaches [5]. However, applications to real use cases with these
pproaches imply developing complex optimization models that are
xpensive to solve. Moreover, energy management systems must lever-
ge the availability of home energy data such as load and renewable
eneration time-series while dealing with the uncertainty in this data,
task that can be expensive for model-based approaches [15]. Machine
earning models and, specially, Reinforcement Learning (RL), have re-
ently gained relevance in HEMS for control and optimization because
hey can face those challenges and because its mode of operation apply
aturally to real online use-cases in which the data needed to derive
ontrol actions for battery management is streamed to HEMS that is
ble to perform continuous adaptation to variability in data.

In order to deal with uncertainty in electrical load and PV gener-
tion, RL models may be coupled with forecasting models. The most
requently and widely used time series forecasting models can be
ivided in three subcategories: statistical, Machine Learning (Artificial
eural Networks (ANN) [16], Support Vector Machines [17], Gaus-

ian Processes) and hybrid models that combine several models [18].
ut, the use of ANN-based models for time-series forecasting have
ained increased relevance in the last years due to their systematic
etter performance against other non-ANN models, especially in sce-
arios for which large amounts of data are available. The current
tate-of-the-art of time-series forecasting models mainly use Convolu-
ional Neural Networks (CNN), Long Short-Term Memory (LSTM) and
ttention techniques [16,19].

.4. Review of applications of deep RL to battery energy management

Vázquez-Canteli and Nagy [15] review a wide range of RL appli-
ations to demand response up until 2019. The authors also focus,
pecifically, on scheduling of electrical storage systems coupled with
istributed RES generation. Most of the applications reviewed use
-Learning or value-function methods and focus on optimizing the
osts of consuming electricity, user comfort and minimizing electricity
mports from the grid. More recent studies perform battery energy
anagement using deep RL coupled with ANN-based forecasts for

lectricity prices, weather variables, load or renewable generation.
Harrold et al. [20] use the Rainbow algorithm [21] to control a

attery in a microgrid taking into account load demand, solar and wind
nergy sources with the objective of maximizing energy cost savings.
dynamic energy pricing scheme based on the real wholesale energy
arket is used. A regression ANN is used to predict the demand, price,
V and wind energy generations of the following time-step. Results
how that the forecast values improve the performance of the RL
lgorithms when compared to the cases in which they are not used.
everal RL algorithms are compared against each other, where Rainbow
roved to perform better.

Dorokhova et al. [22] develops an application of RL to electric
ehicle (EV) charging control problem. The energy system consists of
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an utility grid, building load, PV generation and a single EV. Three
different types of action spaces are used and, as such, three different
RL algorithms are used and compared. The objective is to maximize
the self-consumption of PV energy and authors conclude that the RL
algorithms prove their ability in the context of the problem, although
they have a considerable varying performance from episode to episode.
It is also pointed out that the RL algorithms are a great promise for real-
time applications due to their short execution times, when compared to
Model Predictive Control algorithms.

Lu and Hong [23] propose a real-time incentive-based demand
response algorithm for smart grid systems, where a forecasting model
based on an ANN is used to predict the unknown prices and energy
demands and to minimize future uncertainties. The input data contains
maximally correlated near-term and long-term historical data. Results
show that the trend in the forecast results is quite similar to the actual
results.

1.5. Review of load forecasting using ANN

The current state-of-the-art for time-series forecasting models
mainly use CNN, LSTM and attention techniques [19] but, recently,
hybrid models, using two of these techniques have also been used.

Amarasinghe et al. [24] develop a CNN model to perform the energy
load forecasting at an individual building level. This method uses
convolutions on historical loads where the output is then fed to fully
connected layers. The dataset used consists of four years of electrical
load data for a single residential customer, where 3 years were used
for training and one was used for testing. The CNN performs a forecast
for the next 60 h while being fed the previous 60 h. For comparison,
the results were compared against an ANN, SVM, LSTM and a factored
restricted Boltzmann machine. It was noticed that the results did not
vary much across the CNN, LSTM and the factored restricted Boltzmann
machine architectures, hence concluding that CNN is a viable candidate
for producing accurate load forecasts.

Zhang et al. [25] use a LSTM-based Recurrent Neural (RNN) to
perform medium and short-term electric load forecasting. Since these
models are developed for general time-series forecasting, they are
tested in different datasets. The first dataset is a time series describing
the monthly total number of passengers of the international airline
totalizing 144 observations for 12 years. This dataset is helpful to
examine the performance of the model in forecasting short time series
with multiplicative seasonal patterns. The second dataset, represents
the load of a building with 15 min resolution. For both datasets, the
LSTM model is compared against a seasonal autoregressive integrated
moving average model (SARIMA), a nonlinear autoregressive neural
network model (NARX), a support vector regression model (SVR) and a
feed-forward neural network model. For the first case, only the SARIMA
model has a slightly better performance when compared to the LSTM
model and for the second case the LSTM model is considerably much
better than all the other models. With this, it is concluded that LSTM
models are capable of forecasting complex univariate electric load
time series with strong non-stationarity and non-seasonality, clearly
outperforming traditional forecasting methods for short term electric
load forecasting problems.

Lin et al. [26] propose a dual-stage attention based LSTM (DA-
QLSTM) network for short-term zonal load probabilistic forecasting.
The first stage is a feature attention based encoder responsible for
calculating the impacts of the input features and the electricity load
at each time step, through their correlation. The most relevant inputs
can be adaptively selected then. In the second stage, there is a temporal
attention based decoder responsible for mining the time dependencies.
After the two stages, an LSTM model receives the attention results and
probabilistic forecasts are obtained through a pinball loss function. The
dataset used is comprised by five years worth of hourly electricity load
and temperature. This model is compared against several other state-
of-the-art load forecasting methods but the proposed model obtains the
4

best results.
Kim and Cho [27] develop a CNN-LSTM to predict residential load.
This neural network can extract spatial and temporal features which
are responsible for its remarkable accuracy. The CNN layer extracts
the features between the several variables that affect the load while the
LSTM layer is responsible for modeling the temporal information of the
irregular trends in time series components. The neural network receives
several variables that affect the electric load such as voltage, intensity
and sub-metering, as well as 32 household characteristics such as date
and time. The model receives pre-processed data every 60 min by the
sliding window algorithm as input, in order to predict the next 60 min.
The dataset has a resolution of 1 min. The performance of this model
was compared against other forecasting models, such as an LSTM, a
Gated Recurrent Unit (GRU), a Bi-LSTM and an Attention-LSTM models.

From the surveyed works it can be concluded that convolutional
structures are suited for the extraction of features between the variables
that affect the output. LSTM models are able to model long-term
dependencies and correlations, being the most adequate ANN archi-
tecture to problems where temporal information is relevant. Attention
mechanisms benefits reside mainly in the quantification of the impacts
of the input features on the target series.

1.6. Contributions

All the reviewed works in Section 1.4 use Q-Learning based algo-
rithms, an evidence that is further reinforced in [28] that point out
that 53% of surveyed papers are using Q-learning based algorithms.
Moreover, it indicates that dueling-DQN was applied in only one article.
From that review, it can also be seen that PPO is used just in a small
number of papers. However, this family of algorithms have consistently
showed good results in several tasks [29]. In this work a comparison
of the performance of PPO against several DQN-based algorithms and
an optimization-based agent is provided and results show that it out-
performs all other algorithms and that PPO is an important algorithm
to train energy management agents for managing storage systems. The
main contributions of this work is the development of a novel HEMS for
a home battery optimization system that couples a Deep Reinforcement
Learning (DRL) with state-of-the art load forecasting based on CNN-
LSTM considering recurrent dropout [30,31] in order to minimize the
user energy bill considering dynamic electricity tariffs and solar PV
generation. Although there are applications of CNN-LSTM to electricity
consumption forecasting, the literature review in Section 1.5, shows
that no other work considers the use of the recurrent dropout technique
in a CNN-LSTM architecture.

1.7. Organization

Fig. 1 provides an overview of the interrelations among the various
components involved in this work:

• Energy management problem: In Section 3, the general formu-
lation of the battery energy management problem for the HEMS is
provided. This problem is then formalized as an MDP or a Mixed
Integer Linear Program (MILP)

• Load forecasting module: In Section 4, RNN, CNN and LSTM
neural networks are introduced and their applications to load
forecast are detailed.

• Implementation: In Section 5, the details of the models imple-
mentation are provided, alongside the description of the dataset
used, and the details of the training and testing steps.

• Results: In Sections 6, 6.3 and 7, respectively the results, the
discussion and conclusions are provided.
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Fig. 1. Overview of the present work.
Fig. 2. The classic RL agent-environment interaction loop as presented in Sutton and
Barto [33].

2. Deep reinforcement learning

RL is one of the 3 main areas of the greater ML discipline. It has
gained increased attention in the last decade due to its successes in
mastering board and video games [32] but also in solving control and
optimization problems in engineering and energy systems [15,25]. It
differs from other ML areas (supervised and unsupervised learning)
in some fundamental aspects: the data used for training a RL agent
is not static but dynamically collected by that same agent during
the interaction with an environment (real or simulated) and, in that
process, is able to build a policy so that it can act optimally in that same
world. Moreover, an RL agent is not learning to label previously unseen
data points from labeled training data (as in supervised learning), but
it is using a reinforcement signal (reward) from which it can ‘‘discover’’
the best actions to take in specific states.

The classic RL interaction loop can be seen in Fig. 2 where the
environment, at each timestep 𝑡, assumes a specific state 𝑠𝑡 that the
agent can perceive fully or partially. Based on the observation of that
state, the agent chooses an action 𝑢𝑡 based on its policy that is sent
to the environment making it transit from 𝑠𝑡 to 𝑠𝑡+1. Based on the
action 𝑢𝑡 taken in 𝑠𝑡, the agent receives a reward 𝑟𝑡+1(𝑠𝑡, 𝑢𝑡) (a feedback
signal) that guides him in assessing whether the chosen action was good
or bad [33]. The RL framework naturally models sequential decision
problems in which an agent repeatedly acts on an environment and
5

whose decisions, taken at the present state, will impact the future states
and rewards. Moreover, uncertainty and stochasticity are also naturally
modeled with RL: when an action is taken in state 𝑠𝑡, the next state 𝑠𝑡+1
is achieved according to a probability distribution.

RL problems are mathematically formalized as Markov Decision
Processes (MDP) which are defined by the following elements: 𝑠𝑡 ∈ 𝑆
are a set of environment states, 𝑢𝑡 ∈ 𝐴 are the actions available to the
agent, 𝑟𝑡(𝑠𝑡, 𝑢𝑡) ∈ 𝑅 are the rewards received for taking the action 𝑢𝑡 in
state 𝑠𝑡 and 𝑝(𝑠𝑡+1|𝑠𝑡, 𝑢𝑡) is the probability of transitioning to 𝑠𝑡+1 from
state 𝑠𝑡 when action 𝑢𝑡 is taken.

The agent’s main task is to determine the optimal policy 𝜋∗, a
mapping from states to actions 𝜋(𝑢𝑡|𝑠𝑡) ∶ 𝑆 ↦ 𝐴 so that it maximizes the
expected cumulative sum of total reward on the long run, E

[
∑𝑇

𝑡=0 𝑟𝑡
]

.
In order to achieve this, two functions are of greater importance.

State-value functions quantify the expected discounted return starting
from state 𝑠 and following policy 𝜋 given by:

𝑉 𝜋 (𝑠) = E𝜋 [
∞
∑

𝑡=0
𝛾 𝑡𝑟𝑡|𝑠𝑡 = 𝑠], 𝑠 ∈ 𝑆

Action-value functions quantify the discounted expected return of
taking action 𝑢 in 𝑠 and thereafter following policy 𝜋:

𝑄𝜋 (𝑠, 𝑢) = E𝜋 [
∞
∑

𝑡=0
𝛾 𝑡𝑟𝑡|𝑠𝑡 = 𝑠, 𝑢𝑡 = 𝑢]

where 0 ≤ 𝛾 ≤ 1 is the discount factor, whose objective is to reduce
the importance of future rewards relative to the present rewards. The
Bellman equation is a fundamental property of value functions relating
values in a given state with values on future states:

𝑉 𝜋 (𝑠𝑡) =
∑

𝑢

∑

𝑠𝑡+1 ,𝑟
𝑝(𝑠𝑡+1, 𝑟|𝑠, 𝑢)

[

𝑟 + 𝛾𝑉 𝜋 (𝑠𝑡+1)
]

Using these definitions, 𝜋∗ is a policy that maximizes future rewards
better than any other policy which directly relates to the optimal value
and state–action functions 𝑉∗(𝑠) = max𝜋 𝑉 𝜋 (𝑠) and 𝑄∗(𝑠) = max𝜋 𝑄𝜋 (𝑠).

One important last result is the Bellman optimality equation: under
the optimal policy 𝜋∗, the value of a state is the expected return when
the best action is taken in that state [33]:

𝑉∗(𝑠) = max
𝑢

𝑄𝜋∗ (𝑠, 𝑢) = max
𝑢

∑

𝑠𝑡+1 ,𝑟
𝑝(𝑠𝑡+1, 𝑟|𝑠, 𝑢)

[

𝑟 + 𝛾𝑉∗(𝑠𝑡+1)
]

Almost all RL methods involve estimating whether 𝑉 𝜋 (𝑠) or 𝑄𝜋 (𝑠, 𝑢)

and these two functions have been classically represented as matrices
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Fig. 3. General architecture of an RL algorithm.
Source: [35]

which is a viable representation for small size problems. However,
when facing real world problems, the matrix representations are no
longer an option not only because of the possibly high state and action
space dimensions but also because some problems may be represented
by continuous states and actions. In these cases, function approximation
becomes an option.

In the last years, with the advances in Deep Learning, ANN became
a standard option to approximate any of the following components of
RL: value or action-value functions 𝑉𝜃(𝑠), 𝑄𝜃(𝑢, 𝑎), policy 𝜋𝜃(𝑢|𝑠) or even
the model dynamics 𝑝𝜃(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡), which become parameterized by 𝜃,
i.e., the ANN weights. The function approximation capabilities of ANN
paved the way for the broader area of Deep-RL.

2.1. Deep reinforcement learning algorithms

RL algorithms can be broadly divided in 3 main families: Policy
Gradient methods in which policy 𝜋𝜃 is improved and learned di-
rectly, Value-Based methods in which value functions (𝑄 or 𝑉 ) are
approximated and, from these, actions are taken. A third family of
algorithms are Actor–Critic methods that mix the previous two families
of algorithms: an actor uses 𝜋𝜃 to act on the environment and train
a policy while a critic evaluates how good that decision was, i.e, the
critic evaluates the policy [34]. Algorithms may be on-policy if the data
used to improve a policy is generated by that same policy or off-policy
if policies are improved using data collected with different policies.
Furthermore, RL algorithms may be model-free if the explicit dynamics
of the environment (transition probabilities 𝑝(𝑠𝑡+1|𝑠𝑡, 𝑢𝑡)) are unknown
or model-based when the dynamics are either given or must also be
estimated.

Nonetheless, RL algorithms share a common general internal archi-
tecture comprised by three main steps (Fig. 3):

• Generation of samples by running 𝜋𝜃 in the environment (data
collection)

• Function fitting or approximation
• Policy improvement by performing, for example, a gradient step

to update network parameters

In the remaining of this subsection we describe, in general terms,
the main algorithms used in this work.

Deep Q-networks (DQN). DQN is one of the most popular algorithm in
DRL due to its original achievements in playing Atari games [32]. It
is a model-free, off-policy algorithm that can be applied to discrete
action problems which is based on learning 𝑄𝜃(𝑠, 𝑢) from collected
experience of (𝑠, 𝑢, 𝑟, 𝑠′) tuples. DQN is based on the classical Q-Learning
algorithm [36,37] that updates the tabular 𝑄 function. However, when
using an approximation for 𝑄𝜃(𝑠, 𝑢), the algorithm becomes unstable
and may diverge from the 𝑄𝜃∗(𝑠, 𝑢). In order to address that issue, two
mechanisms were introduced by the original DQN proposal [32]: Replay
buffer, so that past experience can be reused, and the use of target
networks in order to reduce variance.
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DQN enhancements. In its original version, DQN is known to have
an overestimation problem when estimating 𝑄𝜃 , which is noisy due
to several possible reasons: the environment itself, non-stationarity or
non-linear function approximation. The proposal of the Double DQN
algorithm [38] aims to reduce this effect by decoupling action selection
from value evaluation, which can be achieved by using two different
networks for these tasks. Another enhancement relative to the original
DQN is Dueling DQN [39] in which two streams that explicitly sepa-
rate the representation of state values and state-dependent action, is
proposed.

Rainbow DQN. The Rainbow DQN [21] algorithm combines the previ-
ous enhancements with 4 other extensions. Prioritized Experience Replay
is a mechanism that allows to prioritize information-rich transitions
when sampling from the replay buffer by increasing its sampling prob-
ability. Multi-Step Learning uses 𝑛-step returns to compute the tar-
gets.Noisy Nets are neural networks whose weights and biases are
perturbed by a parametric function of noise so that the agent learns
how to discard the noise entries. Distributional-RL approximates the
distribution of returns.

Policy gradient methods. Policy Gradient methods directly approximate
the policy 𝜋𝜃 by performing updates directly on its parameters 𝜃 using
gradient descent. In this way, 𝜋𝜃 can model a stochastic policy from
which actions can be sampled from. These methods shape 𝜋𝜃 in such a
way that the probability of trajectories that lead to greater rewards is
increased while the probability of worse trajectories is decreased. How-
ever, policy gradient methods suffer from high variance in the gradient
estimation and a number of advances in this class of algorithms focus
on reducing variance (e.g. baselines [33, Chapter 13]).

Proximal policy optimization. PPO [29] is an on-policy algorithm whose
main idea is to improve the policy 𝜋 so that the resulting policy 𝜋′

does not differ abruptly from the previous one, potentially causing a
collapse in the learning performance. PPO belongs to the family of
Trust Region methods and constitutes an improvement relative to Trust
Region Policy Optimization [40]. There are two PPO variants which
introduce incentives so that the new policy remain close to the old
policy: PPO-Penalty and PPO-Clip.

3. Energy management problem

In this work, the energy management problem of a grid connected
residential electricity consumer which is equipped with a battery and
a PV system is formulated with the objective of minimizing the cost
of electricity purchase from the grid. The residential load may be
supplied by the PV system, the grid or the battery system. Therefore,
the problem to be solved is the optimal management of the storage
system (determination of the battery charge and discharge schedule) by
importing energy from the grid, charging with local PV or discharging
to supply the base load. Fig. 4 shows a schematic view of the energy
management problem and represent its components (PV system, grid,
storage system), the energy flows between them alongside the role of
the HEMS in controlling the battery system. This problem is the base
decision problem that an intelligent agent integrated in a HEMS will
have to solve. Therefore, it is a fundamental component of the overall
workflow developed for this work as can be seen in Fig. 1. In this work,
this problem is solved using Reinforcement Learning and a MILP model
for benchmarking purposes.

This energy management problem is a multi timestep scheduling
problem for a planning horizon 𝐻 . At each timestep the battery must
determine its charging or discharging power in order to minimize the
cost of supplying the load in the long run. The total cost is given by:
𝑡𝑒
∑

𝑡=𝑡𝑠

𝐸𝑔
𝑡 𝑝

𝑏
𝑡 (1)

where 𝐸𝑔
𝑡 is the energy that is imported from the grid and 𝑝𝑏𝑡 is the

grid’s electricity tariff, 𝑡 and 𝑡 are respectively the first and last time
𝑠 𝑒
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Fig. 4. Home Energy Management System.
steps of the considered time horizon. The house load demand 𝐿𝑡 can be
met by energy coming from the battery 𝐸𝑏

𝑡 , from the grid 𝐸𝑔
𝑡 and from

the PV panels 𝐸𝑃𝑉
𝑡 , every time step, thus:

𝐸𝑔
𝑡 + 𝐸𝑏

𝑡 + 𝐸𝑃𝑉
𝑡 ≥ 𝐿𝑡 (2)

At each timestep, the power injected or extracted from the battery
𝑢𝑡 is constrained by its charging and discharging limits 𝐶𝑐ℎ and 𝐶𝑑𝑐ℎ,
that we assume to be symmetric (𝐶𝑑𝑐ℎ = −𝐶𝑐ℎ). Negative values of 𝑢𝑡
represent discharging rates and positive values represent charging rates
(in kW):

− 𝐶𝑐ℎ ≤ 𝑢𝑡 ≤ 𝐶𝑐ℎ (3)

At each timestep, the Battery Energy Level (BEL), 𝐵𝑡, is limited by
its maximum capacity, 𝐵𝑚𝑎𝑥:

0 ≤ 𝐵𝑡 ≤ 𝐵𝑚𝑎𝑥 (4)

And the BEL update between timesteps is given by:

𝐵𝑡+1 =

⎧

⎪

⎨

⎪

⎩

𝐵𝑡 + 𝜂𝑢𝑡𝑑ℎ, 𝑢𝑡 > 0
𝐵𝑡 − 𝑑ℎ |𝑢𝑡|

𝜂 , 𝑢𝑡 < 0

𝐵𝑡, 𝑢𝑡 = 0

(5)

where 𝜂 is the discharging and charging efficiency of the battery and
𝑑ℎ is a energy (kWh) to power (kW) conversion factor.

These equations are the general energy management model faced by
the battery. However, depending on the optimization technique used
(model-based optimization or RL) several modeling implementations
must be performed. One relevant difference between these techniques
is the fact that, in RL, the constraints (3) and (4) cannot be hard-coded
since the agent will learn from trial and error experience by collecting
data in its interaction with the environment, and will be (hopefully)
guided into optimal behavior through rewards. Although the specific
model will be coded in the environment, the agent will not have access
to it during the training phase.

3.1. MDP formulation

In order to apply RL to the battery energy management problem
described in Section 3 it must first be mathematically formalized as
an MDP. This is a classical formalization of sequential decision making
problems under uncertainty, in which actions influence not just imme-
diate rewards but also future states and rewards. The MDP must satisfy
the Markov property which means that the evolution of the Markov
process in the future depends only on the present state and not on the
history of actions, states and rewards.

The RL agent’s main task is to decide, at each timestep, the battery
charging or discharging power rate 𝑢𝑡 in order to minimize the costs
of supplying a base load. At each timestep, the battery agent finds
itself in a state 𝑠𝑡 and decides to take an action based on its policy,
𝑢 ∼ 𝜋𝜃(𝑢𝑡 = 𝑢|𝑠𝑡). As a consequence, the environment emits a reward
𝑟𝑡 and transits into the next timestep state 𝑠𝑡+1. In the rest of this
subsection the MDP elements are detailed.
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Action space. At each timestep, the battery can either be charged,
discharged or idled. The action space is discrete and represents the
charging/discharging power rates that the agent can choose from:

𝑈 (𝑠) = {−𝐶𝑐ℎ,−𝐶𝑐ℎ + 𝑖,…− 𝑖, 0, 𝑖,… , 𝐶𝑐ℎ − 𝑖, 𝐶𝑐ℎ} (6)

where 𝑖 represents the minimum incremental value between each
charging/discharging level

State space. The state encodes the information that the agent needs
to take an action. In this work, the state is comprised by a total of
8 variables at each time step 𝑡: the PV energy generation, 𝐸𝑃𝑉

𝑡 , the
base load demand, 𝐿𝑡, the BEL, 𝐵𝑡, the previous timestep battery state,
𝐵𝑡−1, how much the BEL decreases in each time step 𝑡, 𝛥𝐵𝑡, the grid’s
imported energy, 𝐸𝑔

𝑡 , the load forecast for the next time step 𝐿̂𝑡+1 (this
quantity is provided by the load forecasting model further detailed in
Section 4), and the grid electricity tariff, 𝑝𝑏𝑡 . The state 𝑆 is be given by:

𝑆𝑡 = {𝐸𝑃𝑉
𝑡 , 𝐿𝑡, 𝐵𝑡, 𝐵𝑡−1, 𝛥𝐵𝑡, 𝐸

𝑔
𝑡 , 𝐿̂𝑡+1, 𝑝

𝑏
𝑡 } (7)

Transition dynamics. The RL algorithms used in this work are model-
free, i.e, when training a policy the agent has no access to the transition
dynamics of the MDP and learns from trial and error. However, in order
to implement the RL environment as a simulator, this dynamic must be
assumed, i.e., the modeling equations must be implemented. According
to the RL loop in Fig. 2 each time the environment receives an action
𝑢𝑡, it emits a reward 𝑟𝑡 and transits into a new state 𝑠𝑡+1. In this section
the equations of this transition are detailed.

After having received the action 𝑢𝑡, taken by the agent, the environ-
ment verifies if the current time step is not the last one, i.e 𝑡 ≠ 𝐻 . If
that is not the case the following updates are performed:

𝑡 ← 𝑡 + 1 (8)

{𝐸𝑃𝑉
𝑡 , 𝐿𝑡, 𝑝

𝑏
𝑡 } ← {𝐸𝑃𝑉

𝑡+1 , 𝐿𝑡+1, 𝑝
𝑏
𝑡+1} (9)

𝛿𝑡 ← 𝐸𝑃𝑉
𝑡 − 𝐿𝑡 (10)

𝐵𝑡−1 ← 𝐵𝑡 (11)

𝐵𝑡 ← 𝐵𝑡+1 according to Eq. (5) (12)

𝐿̂𝑡 ← 𝐿̂𝑡+1 forecasting model output (13)

The quantity 𝛿𝑡 = 𝐸𝑃𝑉
𝑡 −𝐿𝑡 is a variable that tracks the deficit or excess

of energy in the system. If 𝛿𝑡 > 0 there is an excess of energy, and if
𝛿𝑡 < 0 there is a deficit (the PV generation is not enough to supply the
load).

If the action taken by the agent is discharge (𝑢𝑡 < 0), the energy that
is imported from the grid, 𝐸𝑔

𝑡 , is updated with the following equations:

𝐸𝑔
𝑡 ←

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

|𝛿𝑡 − 𝑢𝑡| if 𝐵𝑡 > 0 and 𝛿𝑡 ≤ 0 and 𝑢𝑡 ≥ 𝛿𝑡
0 if 𝐵𝑡 > 0 and 𝛿𝑡 < 0 and 𝑢𝑡 < 𝛿𝑡
0 if 𝐵𝑡 > 0 and 𝛿𝑡 ≥ 0
max(|𝛿𝑡| − |

𝜂𝐵𝑡−1
𝑑ℎ |, | 𝜂𝐵𝑡

𝑑ℎ |) if 𝐵𝑡 < 0 and 𝛿𝑡 ≤ 0
|

𝐵𝑡
| if 𝐵 < 0 and 𝛿 > 0

(14)
⎩ 𝑑ℎ 𝑡 𝑡
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The last two cases are applied to situations where 𝐵𝑡 < 0, thus
iolating constraint (4). The deficit is compensated by importing energy
rom the grid. The fourth case takes into consideration two situations:
he first one, is for cases when 𝐵𝑡−1 > 0 and 𝐵𝑡 < 0 and so, 𝐸𝑔

𝑡 is
simply the amount of energy that battery could not supply, i.e., 𝐸𝑔

𝑡 =
|𝛿𝑡| − |

𝜂𝐵𝑡−1
𝑑ℎ | if 𝐵𝑡−1 > 0 and 𝐵𝑡 < 0. In the second situation there is no

need to import energy since 𝛿𝑡 > 0, but 𝑢𝑡 < 0, violating constraint (4).
Therefore, 𝐸𝑔

𝑡 = |

𝐵𝑡
𝑑ℎ |.

If the action taken by the agent is to charge or idle (𝑢𝑡 ≥ 0):

𝑔
𝑡 =

{

𝑢𝑡 − 𝛿𝑡 if 𝑢𝑡 > 𝛿𝑡
0 otherwise

(15)

If 𝑢𝑡 > 0, and 𝛿𝑡 > 0 but 𝛿𝑡 < 𝑢𝑡, energy from the grid is imported
o compensate. For cases where 𝑢𝑡 > 0 but 𝛿𝑡 < 0 the energy imported
rom the grid needs to compensate for both.

𝛥𝐵𝑡 is computed according to:

𝐵𝑡 =

⎧

⎪

⎨

⎪

⎩

|𝑢𝑡|𝑑ℎ
𝜂 if 𝑢𝑡 < 0 and 𝐵𝑡 ≥ 0

𝐵𝑡−1 if 𝑢𝑡 < 0 and 𝐵𝑡 < 0
0 if 𝑢𝑡 ≥ 0

(16)

In the second case, if 𝐵𝑡 < 0, it means that the battery was com-
letely discharged, and 𝐵𝑡−1 represents the energy that was available
o discharge.

After performing these updates the reward can be computed.

eward function. The reward function 𝑟(𝑠, 𝑢) is instrumental for the
earning process since it has the objective of guiding the agent in its
ecision process and on the determination of its policy. The overall
eward function developed in this work assumes different expressions
reward groups) according to the different types of actions whether
harging, discharging or idling. The greater or lower numerical value
f 𝑟(𝑠, 𝑎) depends on how satisfied are the logic conditions that model
he desired behavior of the agent.

The first reward term is applied for states in which the agent decides
o charge the battery (𝑢𝑡 > 0) and is given by:

𝑐ℎ =

⎧

⎪

⎨

⎪

⎩

𝑢𝑡
𝛿𝑡

if (18a), (18b), (18c), (18d)
𝑢𝑡𝜂𝑑ℎ

𝐵𝑚𝑎𝑥−𝐵𝑡−1
if (18a), (18b), (18c), (18e)

0 otherwise

(17)

where the conditions are given by:

0 ≤ 𝐵𝑡 < 𝐵𝑚𝑎𝑥 (18a)

𝛿𝑡 > 0 (18b)

𝛿𝑡 ≥ 𝑢𝑡 (18c)
𝑚𝑎𝑥 − 𝐵𝑡−1 ≥ 𝛿𝑡𝜂𝑑ℎ (18d)
𝑚𝑎𝑥 − 𝐵𝑡−1 < 𝛿𝑡𝜂𝑑ℎ (18e)

Condition (18a) defines the admissible range for BEL due to opera-
ional constraints (it is the same constraint as (4) but is here reproduced
or clarity). Conditions (18b), (18c) and (18d), when verified together,
ranslate the situation in which there is still capacity in the battery,
here is also excess and the excess is greater that the charging decision.
herefore, the first case in (17) is designed for situations where the
attery can be charged with all the available excess. The second case
s designed for situations where the battery should charge but 𝑢𝑡 has

to be smaller than 𝛿𝑡, otherwise the upper bound of the battery, 𝐵𝑚𝑎𝑥,
will be surpassed since there is no available capacity for all the excess.
The third case is applied when the conditions of the first two cases
are violated or the battery either discharges or idles. Every case is
normalized so that 𝑅𝑐ℎ varies between 0 and 1. The first case is
normalized by 𝛿 in order to incentivize the agent to charge the battery
as much as possible. The second case is normalized by the available
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capacity in the battery.
The second reward term is applied to states in which the agent
decides to discharge the battery (𝑢𝑡 < 0) and is given by:

𝑅𝑑𝑐ℎ =

⎧

⎪

⎨

⎪

⎩

1
1+|𝑢𝑡−𝛿𝑡|

if (18c), (18a) (20a)
𝑢𝑡
𝛿𝑡

if (18c), (18a), (20b)

0 Otherwise

(19)

𝛿𝑡 < 0 (20a)

𝛿𝑡 < 𝑢𝑡 (20b)

The first case in (19) is designed to punish situations where the
battery discharges more energy than what it is needed for the baseload,
verifying simultaneously (20a) and (20b) (energy waste) but also sit-
uations where 𝑢𝑡 = 𝛿𝑡 (discharging exactly what is needed). The
second case produces the reward for the situation where the battery
discharges less than what is needed (20b). The last case is used when
the conditions of the first two cases are not respected or the battery
either charges or idles. These cases are normalized to vary between 0
and 1.

The objective of the reward in (19) is to reward the agent when it
discharges the battery at a rate as close as possible to the energy deficit,
i.e 𝑢𝑡 ≈ 𝛿𝑡 (in this case 𝛿𝑡 < 0). However, due to the fact that the action
space is discrete but the state space is continuous the exact condition
𝑢𝑡 = 𝛿𝑡 is hardly ever verified. Moreover, the reward is decreased with
the distance between 𝑢𝑡 and 𝛿𝑡. However, it is important that all the
other possible actions get a reward as well, as it is better to discharge
a quantity less that 𝛿𝑡 than to not discharge at all. It is also acceptable
(but less rewarded) to discharge a quantity greater than 𝛿𝑡 as it still
compensates the base load demand, although it is not optimal as it is
wasting energy.

The third reward term is applied whenever 𝑢𝑡 = 0 (idled reward),
defined as:

𝑅𝑖𝑑𝑙𝑒 =

{

1 if (18a), (22a) ∨ (22b), (22c)
0 otherwise

(21)

𝛿𝑡 = 0 (22a)

𝛿𝑡 ≥ 0 (22b)

𝐵𝑚𝑎𝑥 ≥ 𝐵𝑡 ≥ 𝐵𝑚𝑎𝑥 − 𝜂𝑑ℎ𝑖 (22c)

There are only two situations when it may not be desirable to charge
or discharge the battery: when there is no excess nor deficit (𝛿𝑡 = 0) or
when the available battery capacity is less than the minimum charging
or discharging rate 𝑖 so that charging any amount would violate the
battery operational limits (18a).

The fourth group is the grid reward, i.e, the cost of the energy that
is imported from the grid:

𝑅𝑔𝑟𝑖𝑑 = −𝐸𝑔
𝑡 𝑝

𝑏
𝑡 (23)

At last, the total reward the agent receives at each timestep is
defined as:

𝑅𝑡𝑜𝑡𝑎𝑙 = 𝑤1(𝑅𝑐ℎ + 𝑅𝑑𝑖𝑠 + 𝑅𝑖𝑑𝑙𝑒) +𝑤2𝑅𝑔𝑟𝑖𝑑 (24)

The total reward is a multi-objective reward function and is divided
in two terms weighted by 𝑤1 and 𝑤2. This aims to build a signal that,
on one hand, can guide the agent on choosing its actions in order
to minimize the total cost of purchasing energy to supply the base
load but, on the other, can choose its course of action so that all its
operational constraints are satisfied.

In Eq. (24) only one of the three components, 𝑅𝑐ℎ, 𝑅𝑑𝑖𝑠 and 𝑅𝑖𝑑𝑙𝑒,
can be positive at each timestep. By trial and error, it was found that
𝑤1 = 0.1 and 𝑤2 = 1 got the best results and choosing 𝑤2 > 𝑤1
highlights the fact that the agent main priority is to minimize energy
cost.

After performing the transition updates and computing the total
reward, the back-up controller can be applied in order to ensure the
feasibility of the battery energy level 𝐵 .
𝑡
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Back-up controller. In order to further enforce the operational con-
straints, the battery is equipped with an overrule mechanism (back-up
controller) that corrects 𝐵𝑡 (state variable) each time the agent action
takes the MDP into a state that does not satisfy the battery capacity
limits (condition (18a)). The controller acts according to a simple
predefined set of rules:

𝐵𝑡 =

⎧

⎪

⎨

⎪

⎩

𝐵𝑚𝑎𝑥 if 𝐵𝑡 > 𝐵𝑚𝑎𝑥

0 if 𝐵𝑡 < 0
𝐵𝑡 if (18a)

(25)

In the first case, when the action leads to a state with a BEL greater
than the battery’s maximum capacity, the controller discharges the
excess energy in the battery to the maximum allowed value 𝐸𝑚𝑎𝑥. In
the second, when the action leads to a state with a negative BEL, the
deficit is compensated by importing energy from the grid.

The back-up controller is only applied after the agent has received
the reward for its action from the environment. This is important for
the agent learning process since violating the battery limits translates
into a neutral reward (𝑅 = 0). In this way, the back-up controller does
not interfere with the learning process.

3.2. MILP formulation

In this section, the energy management problem in 3 is first for-
mulated as a MILP. Unlike the RL approach, which learns by trial
and error by acting on the MDP (environment), this is a model-based
approach that determines the optimal solution that can be later used for
comparing the RL and the optimization-based agent. However, in order
to allow for this comparison a rolling horizon optimization algorithm
was developed based on the MILP formulation.

The complete MILP formulation, adapted from [9,41], is given by:

Minimize:
∑

𝑡∈𝐻
(𝑐𝑏𝑡 𝐿

𝑁+
𝑡 + 𝑐𝑠𝑡𝐿

𝑁−
𝑡 ) (26a)

Subjected to 0 ≤ 𝐸𝑖𝑛𝐺
𝑡 ≤ 𝐶𝑐ℎ (26b)

0 ≤ 𝐸𝑖𝑛𝑃𝑉
𝑡 ≤ 𝐶𝑐ℎ (26c)

𝐶𝑑𝑐ℎ ≤ 𝐸𝑜𝑢𝑡𝐿
𝑡 ≤ 0 (26d)

𝐶𝑑𝑐ℎ ≤ 𝐸𝑜𝑢𝑡𝑋
𝑡 ≤ 0 (26e)

0 ≤ 𝐵𝑡 ≤ 𝐵𝑚𝑎𝑥 (26f)

𝐵𝑡 = 𝐵𝑡−1 + 𝛥𝐵+
𝑡 + 𝛥𝐵−

𝑡 (26g)

−𝑀𝑦𝑐ℎ𝑡 ≤ 𝛥𝐵+
𝑡 ≤ 𝑀(1 − 𝑦𝑑𝑐ℎ𝑡 ) (26h)

−𝑀𝑦𝑑𝑐ℎ𝑡 ≥ 𝛥𝐵−
𝑡 ≥ 𝑀(1 − 𝑦𝑐ℎ𝑡 ) (26i)

𝑦𝑑𝑐ℎ𝑡 + 𝑦𝑐ℎ𝑡 = 1 (26j)

𝐸𝑖𝑛𝐺
𝑡 + 𝐸𝑖𝑛𝑃𝑉

𝑡 =
𝛥𝐵+

𝑡

𝜂𝑐ℎ
𝑑𝑡
60

(26k)

𝐸𝑜𝑢𝑡𝐿
𝑡 + 𝐸𝑜𝑢𝑡𝑋

𝑡 = 𝜂𝑑𝑐ℎ𝛥𝐵−
𝑡
𝑑𝑡
60

(26l)

𝐸𝑖𝑛𝐺
𝑡 + 𝐸𝑖𝑛𝑃𝑉

𝑡 ≤ 𝐶𝑐ℎ (26m)

𝐸𝑜𝑢𝑡𝐿
𝑡 + 𝐸𝑜𝑢𝑡𝑋

𝑡 ≥ 𝐶𝑑𝑐ℎ (26n)

𝐸𝑖𝑛𝑃𝑉
𝑡 ≤ −𝛿− (26o)

𝐸𝑜𝑢𝑡𝐿
𝑡 ≥ −𝛿+ (26p)

𝐸𝑜𝑢𝑡𝑋
𝑡 = 0 (26q)

𝐿𝑁+ = 𝛿+ + 𝐸𝑖𝑛𝐺
𝑡 + 𝐸𝑜𝑢𝑡𝐿

𝑡 (26r)

𝐿𝑁− = 𝛿− + 𝐸𝑖𝑛𝑃𝑉
𝑡 + 𝐸𝑜𝑢𝑡𝑋

𝑡 (26s)

This formulation models the battery dynamics by decomposing the
origin of the energy that charges the battery (grid or PV system) and
the destination of the energy discharged (load or exports).

The objective of this optimization model is to minimize the cost of
electricity purchase given by the sum of the cost of the energy that
9

Fig. 5. Online execution of the optimization-based agent.

is imported minus the revenue of what is exported. Constraints (26b),
(26c), (26d), (26e) constrain the energy fluxes between the PV system,
the grid, the load and the battery by the battery maximum charging and
discharging rates. Constraint (26f) guarantees that the battery operates
within its capacity limits and (26g) is the update rule for BEL. Binary
Constraints (26h), (26i) and (26j) guarantee that the battery is not
charging and discharging simultaneously. Constraints (26k) and (26l)
impose that the energy that is charged or discharged from the battery
is affected by their respective efficiencies and (26m) and (26n) ensures
that the total energy charged or discharged from the battery remains
within the limits. (26o) ensures that the energy available for charging
the battery from the PV system is always less than or equal to the
available excess PV and (26p) ensures that the energy used locally must
be less than or equal to the demand that is not met by the PV system.
At last, (26r) and (26s) define the decision variables (𝐿𝑁+

𝑡 and 𝐿𝑁−
𝑡 ) in

terms of the energy fluxes in the system.

Optimization-based agent. Fig. 5 shows the operation of the optimiza-
tion-based developed from the model in (26). At each timestep the
model is solved for a planning horizon 𝐻 = 2 (one hour with 𝛥𝑡 =
30 min). The agent is given the current and the next time step’s state
variables, except for the load demand forecast, 𝐿̂𝑡+1 that is given by the
CNN-LSTM model (see Section 4). Then, the agent saves the solution for
𝑢𝑡 determined for the first timestep and the window advances to 𝑡 + 1.
In this way is possible to develop a optimization-based agent capable
of acting in an online set ups in the same way as the RL agent.

4. Forecasting electricity load

Another component of the battery management agents developed in
this work is the residential load time-series forecasting module. Its role
is to make information from the future available at present time with
minimum uncertainty so that decisions taken at the present can have
the future in consideration. In this work deep learning models are used
since they systematically show increased performance against other
models specially in scenarios for which large detasets with temporal
features are available such as the present case (see Section 1.4).

The current state-of-the-art in time-series forecasting models mainly
uses ANN architectures such as Convolutional Neural Networks (CNN),
recurrent Long Short Time Memory (LSTM) or Attention mechanisms
[19].

CNN is a kind of ANN aimed at processing data that is organized
as a grid (time-series data can be seen as data organized in a 1D
grid) and applies the linear operation of convolution, i.e., it takes the
average over several input data points. Recurrent networks are a type
of ANN aimed at processing sequential data such as time-series that
uses parameter sharing between timesteps to model relevant relations
between features. LSTM (Fig. 6) is a special type of RNN that is able
to model long-term dependencies and correlations by consolidating
memory units that can update an hidden state. [16].
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Fig. 6. LSTM architecture.
4.1. CNN-LSTM neural network

The CNN-LSTM neural network used to forecast electricity load
consists of a convolutional layer followed by an LSTM layer for which
the work in [27] constitutes a starting point. Such architecture is able
to extract the complex features among the input features, while storing
time information about important characteristics of the load, being able
to predict complex and irregular trends.

However, the known overfitting problem prevents ANN from gener-
alizing. Therefore, the dropout technique was used. This regularization
mechanism randomly drops units of the neural network that is being
trained. There are several variations on how to apply dropout to RNN
and LSTM [30,31]. The recurrent dropout is the variation that will
be explored. The recurrent dropout is used to regularize the recurrent
weights, being applied to the recurrent connections. This technique
adds a strong regularizer on the neural network weights that are
responsible for learning short-term and long-term interactions.

5. Implementation

In the previous sections all the modeling components needed to
implement and train the HEMS system depicted in Fig. 1 were detailed:
the RL and optimization-based agents formulation of the energy man-
agement problem (Sections 3, 3.2) and the electricity forecasting model
using a CNN-LSTM network architectures (Section 4). In this section,
the implementation of these components is further detailed alongside
the description of the case study dataset used for training these models.

Before proceeding, it is important to clear out that each of these
components work in a different way, i.e, they are fed with different sub-
sets of the available data, produce different outputs/solutions and are
trained/solved with different algorithms. Fig. 7 presents a schematic
view of the differences of each model used in this work
10
It is relevant to highlight that while the optimization agent directly
produces a solution (an action that the battery has to take at the present
timestep) for the scheduling problem, the RL agents produces a policy
(a statistical distribution represented by a neural network) from which
actions can be sampled.

5.1. Dataset and pre-processing

In the present work, whether for RL training or forecasting, the
benchmark dataset on electricity load provided by the Irish Commission
for Energy Regulation [42] was used. This dataset ranges from 2009
to 2010 with 30 min resolution and comprises data of over 5000
households and businesses. For the solar PV energy generation, PVGIS
database [43] was used considering the same period for a location in
Ireland with optimized solar modules slope.

Pre-processing for RL training. For RL training, this dataset was divided
into a training and testing sets with respectively, the first 488 days and
the last 37 days. The testing set is further used in two different ways:

• Weekly Testing Set : the testing set (37 days) is subdivided in 30
different subsets of 7 days each (some days overlap in between
subsets) and the results are averaged over all subsets.

• Continuous Testing Set : the agents are tested in 37 consecutive
days.

• Testing House: the agents are tested for the full data range in a
different, previously unseen house, with the objective of assessing
the generalization capacity.

Pre-processing for forecasting model training. For CNN-LSTM training,
one household was chosen and the dataset was enhanced with extra
features: the number of hours at each timestep (in increments of 0.5 h,
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Fig. 7. Schematic view of the models used in the present work. Solid back lines represent data fluxes while purple arrows represent sequences of processes.
Table 1
Physical parameters used for the battery: grid electricity buying price values were taken
from the dataset [42]; Charging/Discharging rates and efficiencies and battery capacity
do not represent any specific battery model but values are in the range of common
batteries found in the market.

Parameters (unit) Value

𝐻 (Planing horizon) (days) 7
𝑝𝑏𝑡 (grid electricity buying price) (e/kWh) Tri-hourly tariff

0.11 (21 h–6 h 30 m)
0.13 (6 h 30 m–15 h 30 m; 17 h 30–21 h 30 m)
0.32 (15 h 30 m–17 h 30 m)

𝐶𝑐ℎ (Charging rate) (kW) 10
𝐶𝑑𝑐ℎ (Discharging rate) (kW) 10
𝜂𝑐ℎ (Charging efficiency) 95%
𝜂𝑐ℎ (Discharging efficiency) 95%
𝑖 (Minimum incremental value of battery power) (kW) 0.01
𝑑ℎ (Energy to power conversion) 0.5
𝐵𝑚𝑎𝑥 (Maximum Battery energy level) (kWh) 20

i.e, 30 min) and the weekday number (1–7). This data was normalized
and was split into training (70%), testing (20%) and validation (10%)
sets.

5.2. Energy management problem parameters

Table 1 shows the parameters defining the use case and the energy
management problem

5.3. Reinforcement learning agents

Hyperparameters and NN architecture. All RL agents use the same ANN
architecture (policy networks in PPO and value-functions in DQN fam-
ily) of 3 hidden fully-connected layers constituted by 1024, 512 and
256 neurons, respectively with the tanh activation function, followed
by 2 hidden fully-connected layers with 256 and 126 neurons, re-
spectively, with the ReLu activation function. The output layer is a
fully-connected linear layer with a single output for each valid action.

Table 2 presents the most relevant RL hyperparameters

Reinforcement learning implementation. The battery energy management
problem was implemented as a RL environment in the OpenAI Gym
framework [44]. The CNN-LSTM neural network was implemented
using Tensorflow [45] and Keras [46]. The optimization-based agent
model was developed based on the implementations of [9,41] which
is implemented using the algebraic modeling language Pyomo [47].
The RL algorithms were available in the RLlib framework [48]. All the
above mentioned methods were implemented in Python and ran on a
laptop with an Intel i7-10510U CPU 1.80GHz×8 processor, 15.4 GB
RAM.
11
5.3.1. Forecasting implementation
The proposed ANN architecture and hyperparameters for the elec-

tricity load forecasting CNN-LSTM model can be consulted in Table 3.
The LSTM layer has 100 units with a recurrent dropout of 30%, the

first and second dense layers have 1500 and 100 units, respectively,
and the last layer has 1 unit, as the output corresponds to the load of
the next time step.

CNN-LSTM training. A sliding window algorithm was applied to use
multivariate time series data as input for the LSTM. The input of the
CNN-LSTM is a 147 × 3 matrix, corresponding to 3 days of data (30 min
resolution) for 3 variables (Load 𝐿𝑡, number of hours of the time step
and the current weekday) The neural network is trained on the Stochas-
tic Gradient Descent based optimization algorithm Adam [49], with the
Mean Squared Error (MSE), a learning rate of 10−4 and a batch size of
256. The stopping criteria was set to 80 epochs of training without loss
improving on the testing data. The MSE, Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE) and the 𝑅2 regression score
function were used as evaluation metrics of the model’s performance,
given by:

𝑀𝑆𝐸 = 1
𝑛

𝑛
∑

𝑖=1
(𝐿̂𝑖 − 𝐿𝑖)2 (27a)

𝑀𝐴𝐸 =
∑𝑛

𝑖=1 |𝐿̂𝑖 − 𝐿𝑖|

𝑛
(27b)

𝑀𝐴𝑃𝐸 = 100
𝑛

𝑛
∑

𝑖=1

|

|

|

|

𝐿̂𝑖 − 𝐿𝑖
𝑝𝑟𝑖

|

|

|

|

(27c)

𝑅2 = 1 −
∑

𝑖(𝐿̂𝑖 − 𝐿𝑖)2
∑

𝑖(𝐿𝑖 − 𝐿̄)2
(27d)

where 𝐿̂𝑖 is the predicted load value, 𝐿𝑖 the real load value, 𝑛 is the
number of predictions and 𝐿̄ is the mean value of 𝐿 for the 𝑛 samples.

6. Results

In this section, the results of the training, whether for the forecasting
neural networks or the RL agents are presented alongside the testing
results.

6.1. Forecasting results

Table 4 summarizes the results for the three testing scenarios (see
Section 5.1) showing the relevant metrics in (27).

It can be seen that the results for the Continuous Testing Set and
Weekly Testing Set are quite similar, what is expected since they,
in practice, account for the same days just organized in a different
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Table 2
Hyperparameters of the RL algorithms.
Parameters DDQN Duel. DDQN Rainbow PPO

Learning rate 5 × 10−5 5 × 10−5 5 × 10−5 5 × 10−5

Training batch size 1344 1344 1344 1344
Horizon 336 336 336 336
Discount 𝛾 0.99 0.99 0.99 0.99
Target network update frequency 2500 2500 8000 –
Replay buffer capacity 250 000 250 000 250 000 –
Exploration 𝜖 1 → 0.1 1 → 0.1 1 → 0.01 –
Exploration 𝜖 time steps 250 000 250 000 250 000 –
Prioritization exponent 𝜔 – 0.7 0.5 –
Prioritization importance sampling 𝛽 – 0.5→ 1 0.4 → 1 –
Noisy nets 𝜎0 – – 0.1 –
Distributional atoms – – 15 –
Distributional min/max values – – [−33.6, 33.6] –
Multi-step returns 𝑛 – – 48 –
Value function clip – – – 33.6
Table 3
Proposed CNN-LSTM architecture.

Type #Filter Kernel size Stride Activation #Params.

Convolution 64 (2, 1) 1 ReLu 192
Convolution 128 (2, 1) 1 ReLu 16 512
Pooling – (2, 1) 1 – 0
TimeDistributed – – – – 91 600
LSTM(100) – – – – 80 400
Dense(1500) – – – ReLu 151 500
Dense(100) – – – ReLu 150 100
Dense(1) – – – – 101
N◦ of params. – – – – 490 405

Table 4
Prediction performance metrics.

Test case MSE MAPE MAE 𝑅2

Weekly testing sets 0.249 0.394 0.279 0.700
Continuous testing set 0.244 0.404 0.278 0.695
Testing house 0.558 0.953 0.453 0.344

way. The same is not verified for the Testing House that constitutes
previously unseen data presenting, therefore, higher values of error.

In Figs. 8(a) and 8(b) random week samples from the Weekly
Testing Set and from the Testing House, respectively, are presented.

As can be seen, the predictions are fairly accurate for the Weekly
Testing Set showing, however, the accuracy decreases for peak values
where it predicts systematically lower values when compared with
observed real data. For the Testing House the performance is much
lower but even though the model is capable of predicting general
trends.

The results presented for the forecasting model are the baseline
to apply RL. Please note that the main goal of the present work was
not to train the best forecasting model but to increase the RL agent
performance by providing future information. The results in Section 6.2
show that RL agents are able to manage the battery in order to reduce
electricity costs in the presence of uncertainty coming from forecasting
and for that they just need the general trend for the forecast.

6.2. Reinforcement learning results

In this section, the RL results for training and testing are presented
alongside the comparison among the RL agents

6.2.1. Training phase
Each RL agent was trained on 35 different training sets of 7 days.

The training ran for 250 iterations per each set and 4 episodes (of
7 days each) per iteration. In total, each agent is trained for 35,000
episodes, which corresponds to 8750 iterations. Fig. 9 shows the aver-
age reward evolution along iterations for the 4 agents during training.
The result of each iteration is the average of the 4 episodes.
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Fig. 8. The environment starts by receiving the load demand, the PV energy
generation, the grid’s electricity tariffs and the CNN-LSTM predictions.

In order to develop a robust agent, the initial BEL, 𝐵0, is randomly
initialized to a value between 0 and 𝐵𝑚𝑎𝑥.

As can be observed, the PPO agent is the best performer achieving
the highest average reward among the 4 agents, although, in the
early training stages, it takes longer to achieve higher rewards when
compared to the Double and Dueling DQN agents.

The Double DQN and the Dueling DQN agents are the RL agents
that learn the fastest as after only one iteration both achieve higher
rewards. The Double DQN training process revealed to be highly un-
stable, suffering from the previously seen ‘‘catastrophic forgetting’’
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Fig. 9. Evolution of the average reward per iteration for the 4 RL agents.

Table 5
Agents’ training duration in minutes.
Algorithm Time

Double DQN 700
Dueling DQN 770
Rainbow 1470
PPO 1715

phenomenon [50], which happens when the agent’s performance dras-
tically drops after a period of learning. Only after the 4000 iterations
the agent starts to stably learning again. Among the DQN algorithms
family, the Dueling DQN shows the most stable learning process, al-
though it still performs worse than the PPO. The Rainbow agent proved
to be not only the slowest learner, but also the one that got the worst
rewards.

The training duration, in minutes, of each agent is presented in
Table 5.

6.2.2. Testing phase
After training the agents, these were tested so they could be com-

pared among themselves and against the optimization-based agent
implemented in Section 3.2. In the testing phase the initial conditions
are deterministic and 𝐵0 = 0.6 kWh, which accounts for 3% of the
battery’s maximum capacity (𝐵𝑚𝑎𝑥). The decision to select a starting
point with an almost depleted battery was motivated by the fact that
agents face significant challenges when adapting to situations with lim-
ited energy availability. This choice was made to create a demanding
initial scenario.

In Figs. 10(a) and 10(b) the evolution of the RL agents performance,
measured by the average cost of electricity purchase, in the Weekly
Testing Set and Continuous Testing Set, along the training process is
presented. Each agent is trained for 250 iterations in the training set
and in the end it is tested on Weekly Testing Set and in the Continuous
Testing Set. The process is repeated for the 35 training sets.

From the plots it can be seen that the general trends for the four
RL agents are similar for both test cases and, as such, the following
analysis will be valid for both of them. By having identical trends in
both situations, it can be concluded that the agents are capable of
dealing with the initial conditions presented.

In the beginning, the Rainbow agent shows the worst performance
but slowly improves and, by the end, it presents a similar performance
when compared to the other DQN-based agents. The Double DQN
agent starts by showing an acceptable performance after only the first
iteration, but from the 4th until the 16th iterations, it suffers from
‘‘catastrophic forgetting’’ phenomenon, restarting the learning process
at the 16th iteration. The Dueling DQN agent has an acceptable per-
formance in the first iteration, but although its performance slightly
13
Fig. 10. Comparison between average and total cost evolution along the training
process.

improves during the remainder of the testing period its learning process
is mostly stagnated. The PPO agent shows the best performance and
achieves the lowest mean cost. It does not learn as fast as the Double
DQN and the Dueling DQN agents, but after the 4th iteration, it
consistently outperforms its counterparts.

The results obtained with the best versions of each RL agent and
the optimization-based agent are presented for the 3 test cases in
Table 6. For increased comparison, in Table 7 the no-battery scenarios
are presented for the same test sets.

Observing the results in Tables 6 and 7, it can be concluded that
the Double DQN, Dueling DQN and the Rainbow agents obtain worse
results than the no-battery case. This means that there is no benefit in
using this agents for energy management.

It must noted that the optimization-based agent takes into con-
sideration more information about the next time step than the RL
agents. Both the optimization-based agent and the RL agents take into
account the load prediction at the next timestep, output from the CNN-
LSTM, but whereas the RL agents do not take into consideration more
information about the next time step, the optimization-based agent also
takes the grid’s electricity tariff and the PV energy as input data for
the optimization. Although the optimization-based agent outputs the
optimal solution every two time steps, it is evident that it is not enough
for making a real impact on the final result, since these are a small
subset of the whole test case.
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Table 6
Total cost in imported energy in euros (e).
Test case Double DQN Duel. DDQN Rainbow PPO* MILP

Weekly testing sets 35.6 38.5 37.4 20.8 27.6
Continuous testing set 176.2 183.7 182.5 106.2 146.6
Testing house 1925.9 2207.1 2109.5 1070.3 1653.4
Table 7
Total cost in imported energy in euros (e) without
battery.
Test case Cost

Weekly testing sets (1 week) 29.4
Continuous testing set (37 days) 155.3
Testing house (478 days) 1734.8

The PPO agent achieved the best results for every test case. The
PPO agent decreased the total cost in 24.6%, 28.5% and 35.3%, respec-
tively for the Weekly Testing Set, Continuous Testing Set and Testing
House, when compared to the optimization-based agent. Moreover,
the PPO agent performed the best in the Testing House, which is the
most challenging test case. Comparing to the scenario with no energy
management, the PPO agent achieves 29.2%, 31.6% and 38.3% cost
decreases for the test cases.

In Figs. 11(a) and 11(b) a comparison of the BEL solution for the
PPO (the best RL agent) and MILP agents for Weekly Testing Set (3
days) and Testing House (4 days) is presented. For simplicity of reading
only 𝐿𝑡 and 𝐸𝑃𝑉

𝑡 are plotted against BEL. As can be seen, the PPO agent
manages the battery in a rather expected way: it charges with excess
PV electricity and discharges when there is deficit. The optimization-
based agent shows a poor performance making an insufficient use of
the battery.

The execution time of each RL agent and the optimization-based
agent is presented in Table 8. The four RL agents are much faster
at solving each test case than the optimization-based agent which
illustrates the time-cost benefits of RL agents when compared with
classical optimization ones.

6.3. Discussion

The tests made on the Testing House were a way of assessing
the generalization capabilities of the trained agents when faced with
previously unseen data. One immediate conclusion is that the PPO
agent was the only agent able to minimize the total cost and, hence,
being successful in the main energy management problem. From the
execution times, it can be seen that the RL agents are much more
adequate to online scenarios as they take much less time to decide
on what actions to take, compared to the optimization-based agent,
that needs to build and solve an optimization problem. Concerning this
agent, it should be noted that its horizon is only 2 timesteps and, if
this horizon would be increased, the execution times would be even
larger. It must be noted that model-based optimization differs from the
RL approach in an important point: while the latter takes a considerably
large time and computational resources to be be trained, the former
does not imply training but takes a considerable computational cost
to solve the problem to optimality or even and acceptable solution.
However, after the training is complete, the RL agents can solve a
scenario in a much shorter time than the optimization-based agent,
what is better suited for solving online scenarios, as these are expected
to constitute real cases in houses where batteries are to be installed.

7. Conclusions

In this work, RL agents were applied to an energy management
problem and a load forecasting model based on CNN-LSTM models was
developed from scratch so they could be integrated in a HEMS for man-
aging a residential battery considering PV generation and electricity
14
Fig. 11. Comparison of the Battery Energy Level between the PPO algorithm and the
optimization agent.

tariffs. Furthermore, for comparison purposes, a battery management
MILP model was also adapted into an online optimization-based agent
in order to compare against the RL agents.

Several RL algorithms were tested for different test cases so that
a comparison could be performed in terms of the savings achieved in
electricity purchase from the grid. Among the tested agents, the PPO
agent is, by far, the best performer being able to achieve savings in
electricity bill of 38.3% when compared with the case when there is no
energy management and 35.3% when compared with the optimization-
based agent. Moreover, the PPO-based agent is suitable for real-world
applications due to its low execution times since it only takes 1.4 s
to solve a scenario with 7 days, 3.4 s for 37 days and 44.4 s for
478 days. All the RL-based agents show the same order of magnitude
for execution times. While the optimization-based agent serves as a
valuable benchmark model, it falls short for real-world applications
due to its significant computational inefficiency. For instance, when



Energy and AI 16 (2024) 100347A.C. Real et al.
Table 8
Execution time in seconds (s).
Test case Double DQN Duel. DDQN Rainbow PPO MILP

Weekly testing sets 1.3 1.4 3.5 1.4 45.6
Continuous testing set 3.6 3.8 15.0 3.4 312.0
Testing house 45.7 46.9 193.2 44.4 4468.5
,

compared to the PPO agent, it takes approximately 100 times longer
to solve scenarios like the Testing House, making it impractical in
practice. DQN-based agents revealed to be unsuitable for effectively
reducing the energy cost for residential consumers.

Concerning the training phase duration, the PPO agent took roughly
29 h to fully train. This was expected, as RL agents typically need a con-
siderable amount of computational resources. This highlights a great
challenge concerning the use of such agents in real-world applications.

A load forecasting model, based on a CNN-LSTM neural network,
was also developed in this work with the objective of increasing the
RL agents performance. This is a state-of-the-art time series forecasting
neural network, which made use of the architecture that has been found
to deliver the best results. The results show that the forecasting model
obtained identical MSE ∼ 0.24, MPE ∼ 0.4, MAE between 0.178 and
0.279 and 𝑅2 ∼ 0.7 for the Weekly Testing Set and Continuous Testing
Set. As expected, the model does not obtain such good results for the
Testing House obtaining an MSE of 0.558, an MPE of 0.953, MAE of
0.453 and an 𝑅2 of 0.344.

The present work open up several research avenues in some of the
components that make part of this work. In terms of case study, future
work will focus on investigating the behavior of the agents when faced
with fully dynamic tariffs. In terms of the forecasting, future work
will develop a longer sighted model that is able of predicting several
timesteps ahead in order to increase the RL agents performance. Future
work will explore the impact of mixing data from different houses
during training in order to improve performance.
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