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ABSTRACT
With economic development, the complexity of infrastructure has
increased drastically. Similarly, with the shift from fossil fuels to
renewable sources of energy, there is a dire need for such systems
that not only predict and forecast with accuracy but also help in
understanding the process of predictions. Artificial intelligence
and machine learning techniques have helped in finding out well-
performing solutions to different problems in the energy sector.
However, the usage of state-of-the-art techniques like reinforce-
ment learning is not surprisingly convincing. This paper discusses
the application of reinforcement techniques in energy systems and
how explanations of these models can be helpful.
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1 INTRODUCTION
Infrastructure, such as hospitals, power plants, and universities,
play an important role in our daily lives. Economic and global de-
velopment has increased infrastructure complexity. With the help
of advancements in technology and automation of labour-intensive
tasks, these complex systems require electrical power to be func-
tional and operative. Therefore, to meet the increasing demand
for electrical power, policymakers are encouraged to think about
other unconventional sources of energy that not only fulfill the
demand but also are more environmentally friendly. Conventional
sources of energy, such as oil, gas, and coal energy, are not good
for the environment as they emit immense amounts of CO2. More-
over, the reserves of conventional resources are depleting with
time, and this scarcity of resources can lead to severe problems for
future generations. Consequently, sustainable distributed energy
systems (DERs) are integrated into the energy systems [1]. While
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these systems emit less CO2, their inclusion has significantly in-
creased the complexity of the power grids since these DERs are
distributed across the power system (potentially far away from
consumers) and are weather-dependent. This later property of the
DERs adds uncertainty to their nature; hence, it demands the need
for proper management and planning of the systems to meet the
power demand and supply.

In 1956 when the term "Artificial intelligence (AI)" was coined
[2], it was presented as an idea of simulating learning and solving
every real-world problem on computers [3] with less or no hu-
man intervention [2]. Since computational resources have become
readily available, it has become easy for computers to learn the
problem-solving process and solve complex tasks in diverse areas
with the help of AI and machine learning (ML) algorithms. These
techniques have made a foray into every scientific field whether
it is healthcare, banking [3], transportation [4], and many other
areas. For instance, in the medical field, researchers have applied AI
and ML techniques to diagnose diseases like cancer [5], outbreak
prediction [6], and medical image processing with the help of com-
puter vision [7, 8]. Similarly, researchers have found opportunities
to apply AI and ML techniques to address issues of "systems of
systems".

AI has gained significant importance in scientifically address-
ing infrastructure issues. A lot of studies have been carried out
on infrastructure systems and researchers have done an extensive
review on how AI can assist us in dealing with problems arising in
infrastructure systems like energy, transportation, water systems,
and telecommunications [9]. In energy systems, AI and ML tech-
niques can be used to tackle numerous challenges of the ongoing
phase-out of conventional resource usage and the increasing usage
of renewable energy. This includes predicting the power generation
and load, enhancing monitoring of the system, and finding opti-
mal solutions to reduce power losses [10]. The above-mentioned
problems can be optimally solved with the help of state-of-the-art
methods like reinforcement learning. RL methods have proven their
credibility in other fields but in energy systems, their application is
not convincing which we will discuss in a later section.

Despite the accuracy and precision of the models generated by
advanced and state-of-the-art algorithms, policymakers and com-
panies are unable to trust the outputs of many of these algorithms
because of their black-box nature [11]. Even the developers of these
black-box models are often unable to comprehend how the model
processed the different input variables to convert to a certain output
function and how the inputs are related to each other [12]. Inter-
pretation of these models is crucial in all domains, especially in
medicine, energy systems, and other complex infrastructures, as
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we need to trust the systems concerned with such a vital part of
our lives.

In this paper, we will discuss the applications of ML and RL in
energy systems, explain why the interpretation of ML models is
important, which techniques are used for explaining these mod-
els, and in how existing knowledge should be advanced by new
research.

2 ENERGY SYSTEMS AND REINFORCEMENT
LEARNING

As discussed earlier, energy systems have reached a level of com-
plexity, and with more sensors, an increasing amount of data be-
comes available so that we can find solutions to these challenges to
the energy system with the help of ML-based algorithms. Already,
with the digitization of the systems, the usage of machine learning
methods has increased drastically. Including DERs made it crucial
to monitor the energy systems so they can operate effectively. To
model these systems, it is necessary to have a good knowledge
of the parameters on which such systems depend, necessitating
inference [4].

The most commonly used learning types in energy systems are
supervised, and unsupervised learning. These techniques are used
to forecast the power generation, optimally manage the operational
and maintenance cost [13], and schedule the storage and generation
operations. Authors in [13] have reviewed the number of articles
published to apply machine learning methods in the energy domain,
and they have found out that after 2012, researchers are more inter-
ested in using ML techniques in energy systems, and the number
of publications made annually reached up to 2000 [14]. Authors
in [9] support this increased interest as they reviewed the work
of researchers who have used ML-based methods to effectively
forecast the generation, manage demand and supply, and monitor
the performance of the systems. Hence, both reviews stress the
importance of how AI and ML approaches have efficiently solved
complex problems in energy systems.

Even though algorithms behave differently in different domains,
authors in [9] have curated a list of well-performing algorithms that
include artificial neural networks (ANN), support vector machines
(SVM), decision trees and random forests, and K-mean clustering.
Previously, in energy systems, the community leanedmostly toward
traditional approaches. However, with the transition and advance-
ments in the methods, researchers in the energy sector are also
increasingly adopting ANN-based techniques. Areas like demand
forecasting, weather predictions, and price forecasting are popular
and are solved by these algorithms [9]. For example, Hafeez et al [15]
have proposed a novel electrical load forecasting hybrid model that
outperforms previous ANN and LSTM algorithms concerning the
accuracy, runtime, and convergence rate. Furthermore, researchers
have also reviewed and studied how ANN can be applied to opti-
mize the performance of solar collectors [16]. They compared the
performance with traditional techniques like linear regression and
non-linear models and found that ANNs outperformed the other
methods.

In addition to the use of supervised and unsupervised learning
methods, RL is also attracting attention, and researchers are keen to
implement RL methods in different domains. Though we have seen

RL-basedmethods applied in different sectors, the researchers of the
energy domain seem to be reluctant to adopt RL approaches as can
be seen from a low number of RL publications in energy systems
[14]. In RL, the learning agent learns a specific policy based on the
feedback given by the environment [17]. The RL agent receives a
state from state space, and it takes actions either to explore the state
space further or to exploit learned rules. This new action leads the
agent to a new state after receiving a reward or penalty from the
environment [18]. This data-drivenmethod helps to learn and create
new policies based on trial and error to attain the maximum reward.
RL approaches are more suitable to find optimal solutions and react
to dynamic environments than supervised or unsupervised learning.
Moreover, in real-time decision-making and optimization problems,
the RL-based method can be the best choice [19]. In recent times,
RL methods have proven their worth in different fields like gaming,
robotics [19, 20] traffic control systems, advertising, and the stock
industry [19].

Since the complexity of energy systems escalated due to the
inclusion of DERs, it is of key importance to optimally control these
systems. Fortunately, the rise of complexity is accompanied by an
ever growing amount of operational and real-time data. Process-
ing and harnessing this bulk of data requires state-of-the-art ML
and specifically RL approaches to control and optimize the sys-
tems [21]. From dispatching generated power optimally over the
network to storing energy for later consumption, highly renew-
able energy systems are more complicated in terms of their system
management and therefore offer numerous opportunities for RL
applications. The uncertainties of the system like dependency on
weather, energy market variations, and improved technologies of
the energy systems, state-of-the-art techniques are required to ad-
dress the problems [14]. Regardless of the applications and domain,
reinforcement learning methodologies have attained success in the
scientific field as these methodologies handle uncertainties. Fur-
thermore, for some complex problems, model-free solutions are
suitable rather than model-based approaches. Thus, RL methods
are a powerful and effective technique for the modern challenges
of energy systems [14].

Concluding, more data becomes available for energy systems,
while the integration of DERs increases complexity and requires
optimization and control solutions capabale of processing real-
time multi-dimensional data efficiently. RL-based approaches are
uniquely suitable to address this challenge. The scalability of RL-
based approaches has improved with the improvement of state-of-
the-art methods like Deep Q network and Proximal Policy Opti-
mization (PPO) since they deal with multi-dimensional data [20].
Consequently, we are also proposing to using Deep Q network and
PPO to address our research question, as discussed in section 4.

3 ENERGY SYSTEMS AND INTERPRETATION
OF MODELS

Because of the advancements in the field of data science, many
data-driven complex tasks are solved with high-level accuracy with
the help of ML algorithms. However, most of these models and
output functions are uninterpretable, and even the designers of
those algorithms are unable to understand how these inputs are
converted into the following output. In ML, most of the models are
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black-box, i.e. these models are generated in an untransparent way
that does not reveal how results are obtained, e.g. because a large
amount of intrinsically simple units (neural layers) are combined
into one extensive complex system. This is in contrast to trans-
parent (or white box) models, such as linear regression, where we
clearly see how the model operates but which unfortunately are of-
ten performing worse than black boxes [12]. AI and ML techniques
face backlash from being unreliable and vulnerable to bias. This
behaviour of producing unfair and biased results is analyzed by
studying AI-designed tools where a famous criminal risk assess-
ment tool was biased in judging African-Americans as criminal,
and a beauty pageant winners tool judging black-skinned toned
participants unfairly [22, 23]. Such unreliable results can impact
the decision-making process and it will lead to wrong decisions
which can later on affect the process and management. Hence, it is
of key importance to have interpretability and transparency of the
models so that it can help in improving the credibility of models
and elevate acceptance of their decisions.

In this digital age, it becomes inevitable to use AI-based systems
for the decision-making processes. The intelligence of systems is
helping decision-makers and policymakers to think in different
ways. It is also evident that the fairness, transparency, and inter-
pretability of the predictions or suggestions provided by the AI
systems are crucial because these systems have a great impact on
human lives [24] . According to [24], the most important domains
where explainability of these systems are medical and law. How-
ever, this idea to make the models explainable is not confined to
only these areas. As we discussed earlier, energy systems are also
complex systems; hence, the application of AI and ML techniques is
beneficial in the decision-making process. However, theseML-based
systems are still not fully adopted in reality despite the accuracy
and advancement in ML technologies because the black-box nature
of such algorithms is a key hurdle [25]. Furthermore, the unrelia-
bility and lack of understanding of these systems is another barrier
to adopting ML-based systems specifically in the energy domain
[26]. So, to implement these ML-based systems, it is evident that
there should be a system that is interpreted by humans and adds to
model validation and inspection. Thus, increasing transparency of
ML solutions will likely lead to the adaptation of more such models
in the energy field.

The notion of explanations is defined differently, depending on
the context. Sometimes it is presented as an explanation of an in-
trinsic process which helps users to understand the process [24],
and some researchers categorize the explanations in various sub-
categories to achieve different goals like generating trust and trans-
parency, following some renowned regulations, ensuring fairness,
generating accountable and reliable models, reduction of misin-
terpretation in model performance, and validating models [27]. In
energy systems, we need explanations as just discussed (e.g. trust,
reliability, fairness). Current methods do not yet provide full expla-
nations but so far focus on deriving interpretations of the trained
models that identify and quantify the importance of different fea-
tures or input in generating any model as [24] has done work while
modeling energy systems. The necessary explanations also vary
depending on the target group, for instance, experts need explana-
tions in terms of finding out the potential significant features in
predictions as researchers in [28] have also interpreted their models

Years XAI and Energy systems
2020-2023 64
2010-2019 4
2000-2009 0

Table 1: This table shows the number of publications pub-
lished within these years that were related to keywords “XAI
and energy systems“

by computing the feature importance, whereas, for a layperson,
the underlying mechanics of the system are not important. Instead,
they are interested in actionable and causal explanations of the
predictions as mentioned in [26].

Though we are witnessing the increasing trend of applying ex-
plainable artificial intelligence (XAI) techniques in the energy field,
it is still a new and emerging aspect in the field of energy systems,
and a lot of work is yet to be done as it is shown in Table 1. It is
important to note that these publications have used a variety of
explainability approaches to elaborate a range of energy system
problems using again a spectrum of different ML-based methods,
including for example SHAP on regression or attention for forecasts
[29]

More and more researchers are shifting their attention to explain-
ing the ML models used in energy systems. There are some areas
where the concept of interpreting the models is widely used, includ-
ing power grid applications, the energy sector, and energy manage-
ment in buildings [29]. Authors in [29] have listed the commonly
used XAI approaches in the energy domain including Shapley addi-
tive explanations (SHAP) [30–33], feature correlation [34, 35], and
permutation feature importance [26, 36].

Similar to the explanations of other ML techniques, reinforce-
ment learning is also gaining importance in energy systems so that
energy experts can build trust in the systems. Many researchers
have implemented deep reinforcement learning (DRL) to solve com-
plex problems. For example, Huang et al [20] have addressed the
power energy control system with the help of DRL methods. While
in [37], researchers have worked on implementing DRL to address
power emergency control, and they have used deep explainer to
obtain at least initial interpretations of previously black box models.
However, the explainability of such systems is still mostly missing.
Thus, a lot of work has yet to be done since interpretations, let alone
full explanations, of reinforcement learning algorithms in energy
are not very common, as suitable methods are not readily available.
To name two examples of RL applications in energy systems that
require explanations:

• First, an RL controller of an energy storage system needs
explanations because this will help energy experts or laypeo-
ple understand and trust the control laws which are learnt
by the system.

• Second, frequency and voltage control of transmission sys-
tems could be realized by an RL agent, especially in emer-
gency situations, where humans are too slow to react and
existing rule-based systems are too inflexible.

However, actions to stabilize a system have to convince operators so
that they take appropriate action and so that potential damage due
to failure can be properly investigated. Both of the above-mentioned
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RL applications make explanations for these models inevitable [29].

4 OUR PLANNED CONTRIBUTION
We wish to focus on explainable reinforcement learning in small-
scale energy systems. Due to the stochastic nature of renewable
energy sources, it is natural to include energy storage in the energy
system to ensure a smoother and more constant supply of power,
e.g. to a household. Thermal energy storage (TES) systems are one
candidate for balancing the supply and demand of the buildings.
Wang et al have already developed a deep Q-network RL approach
to optimally control this setup [38]. Utilizing another technology,
Elseify et al [39] considered a scenario with multiple batteries to
store photovoltaic (PV) generated power and again obtained an
optimal solution using RL methods, specifically an equilibrium
optimizer. However, it is crucial to derive explanations for experts
and laypeople alike. Hence, we require suitable methods and proofs-
of-concept for explainable reinforcement learning [29].

In our research, we want to identify the optimal power manage-
ment of a building, including balancing renewable generation and
consumption via demand response and storage. Currently, we are
considering the use-case of buildings with roof-mounted PV panels
that have to balance PV generation, storage and purchases from the
power grid. We further assume that these buildings have installed
batteries to store excess solar power generated by the roof-mounted
PV so that this power can later be used when insufficient power is
generated by the PV panels, especially at night and on cloudy days.
We search for optimal usage strategies of batteries to minimize the
total costs of purchasing power from the connected utility grid.
Rather than using supervised and rule-based approaches, we aim
to solve this optimization problem with the help of state-of-the-
art RL methods like Deep Q-network, and PPO [40], so that the
agent learns the policies as per the given states of the environment.
Technically, we are modeling a single building in terms of demand
𝐷 , grid electricity prices 𝑝 , stored energy in the batteries, and the
power generated by the PV panel 𝐺PV. We have used the notion
of net demand which is the function of actual demand and power
generation of PV panel.

Net demand = 𝑓 (𝐷,𝐺PV) = 𝐷 −𝐺PV . (1)

This net demand indicates the extra power that the building needs
from the grid. The agent takes specific actions, for instance, to
charge and discharge the battery, and these actions are either re-
warded or penalized by the environment.

However, we also want to derive useful interpretations and ex-
planations from the model which is a black-box model. Initial steps
include interpreting the workings of the model, e.g. by obtaining
a ranking of features that have an impact on the predictions with
the help of break-down profiles [41]. Thus, we can formulate our
research question as

Can we use RL to solve an optimization problem in
a small-scale energy system (balancing power of a
single building) and how can we improve trust in such
a black-box model by explaining its learned policies
and actions?

In summary, our research contributes in the following way:

• Analysing the applicability of RL in solving optimization
problems in energy systems, like minimizing the cost of
purchasing electricity from the grid by maximizing the con-
sumption of PV panels’ generated power

• Having a comparative analysis of different state-of-the-art
RL methods

• Having explanations of the black-box models to build trust
in the outcomes of these models and analysing how features
impact the predictions

Later on, we will look for full explanations of why the model took a
certain action and why it did not take a different one (counterfactual
explanations), and ideally, generate these explanations dynamically
to explain the rationale of each step and every point in time. The
goal is to increase trust and transparency so that these systems
can be implemented at large scales and experts and laypeople feel
confident while adapting such systems.

5 CONCLUSION
Energy systems, as critical infrastructure and with many intrinsic
optimization problems, are excellent systems to apply explainable
ML and RL techniques. Unfortunately, XAI is still used too reluc-
tantly for supervised problems and even more rarely for RL. Hence,
we propose to bridge this gap and develop suitable explainable
reinforcement learning methods for energy systems.
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