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Abstract
This study utilizes machine learning and, more specifically, reinforcement learning (RL) to allow
for an optimized, real-time operation of large numbers of decentral flexible assets in the electricity
domain. The potential and current obstacles of RL are demonstrated and a guide for interested
practitioners is provided on how to tackle similar tasks without advanced skills in neuronal network programming. For the application in the energy domain it is demonstrated that state-of-theart RL algorithms can be trained to control potentially millions of small-scale assets in private
households. In detail, the applied RL algorithm outperforms commonly used heuristic algorithms
and only falls slightly short of the results provided by linear optimization, but at less than a thousandth of the simulation time. Thus, RL paves the way for aggregators of flexible energy assets
to optimize profit over multiple use cases in a smart energy grid and thus also provide valuable
grid services and a more sustainable operation of private energy assets.
Keywords: reinforcement learning, virtual power plant, aggregation of energy, value stacking
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Introduction

In recent years, deep learning has developed from a niche into a powerful tool for various applications, with drastic improvements in fields such as speech and visual recognition (LeCun et al.,
2015), robotics (Pierson and Gashler, 2017), manufacturing (Wang et al., 2018) and multi-agent
systems (Gronauer and Diepold, 2022). This success has been driven by the ability to train deep
learning algorithms using vast amounts of data to develop insight into quick, optimized decision
making in cases where conventional dynamic programming and econometric approaches suffer
from the so-called “curse of dimensionality” (Gosavi, 2004; Ning and You, 2019).
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Despite promising advantages in other disciplines, several recent, high-profile articles posit
that applied research using deep learning in the fields of business analytics and operations research
is still relatively scarce (Huck, 2019; Kraus et al., 2020). This issue also extends to practical applications: while 85% of executives believe artificial intelligence (AI) will provide their companies with a competitive advantage, only 5% actually extensively incorporate AI into their business
processes (Ransbotham et al., 2017). Many practitioners seem to either avoid AI for fear that this
topic requires extensive development of expert knowledge on neural network programming or
become discouraged by a seemingly endless number of obstacles that typically appear during implementation of a working setup.
One field where the introduction of AI might become a key enabler is the electricity system,
which is currently subject to at least two disruptive changes. First, the rise of digitalization is
facilitating the interconnection of potentially millions of decentral energy assets for power generation, storage and consumption within a “smart grid” (Henry and Ernst, 2021; Madlener, 2022).
Second, the transition towards low-carbon, sustainable energy technologies involves fundamental
changes not only in the electricity sector but also in the mobility and heat sectors. Electric vehicles,
heat pumps or home battery storage pose a significant risk to the stability of the electric grid, since
their substantial electricity demand could overstrain existing electric grid infrastructure (Cruz et
al., 2018; Deilami et al., 2011). This change in demand may lead to massive grid enhancement
costs, especially if operators have to design the grid for worst-case scenarios (e.g., multiple customers drawing large amounts of electricity simultaneously). However, despite these challenges,
the flexible nature of the operation of these assets also has the potential to provide multiple use
cases with benefits to customers, grid operators and electricity suppliers alike (cf. Figure 1). Flexible assets could, for example, be operated to (1) profit from volatile electricity prices, (2) reduce
grid stress by leveling out load peaks, (3) provide reserve power to stabilize the electric current
frequency, (4) reduce battery storage aging, or (5) maximize the self-consumption of local (solar)
electricity generation (Greenwood et al., 2017; Hao et al., 2018; Nykamp et al., 2012; Ruester et
al., 2013).
However, energy customers such as private households may not appreciate frequent adjustments in the operation schedule of their assets. Instead, the task of dispatching the flexibility potential of assets has recently fallen to “aggregators,” i.e. entities that pool distributed assets virtu-
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ally and market their potential for some of the use cases mentioned above, allowing them to generate additional revenue streams for themselves and their customers (Bell and Gill, 2018; Specht
and Madlener, 2019).
In a previous study, we demonstrated that a linear optimization model could be used to employ
flexible assets and generate up to 150 €/a for a typical household in Germany (Specht and
Madlener, 2020). These values represent the maximum theoretical potential, i.e. assuming perfect
foresight. In reality, these theoretical values cannot be achieved because one cannot perfectly
forecast local electricity production and consumption, electricity exchange prices, et cetera. Moreover, nonlinearities such as the aging pattern of battery storage result in optimization problems
that may take minutes or even days to solve (if considering thousands of time steps in advance),
which is hardly feasible for applications with potentially millions of households that need to update their power consumption schedule every few minutes (e.g. if electricity spot market prices or
demand for reserve power changed, if the user activated energy intensive devices, or if the electricity mix changes towards more intermittent renewables.
Deep learning approaches have recently been applied in this context and have shown a performance superior to that of conventional decision algorithms (Diamantoulakis et al., 2015; Kraus et
al., 2020; Tu et al., 2017). Reinforcement learning (RL), a subtype of machine learning, is an
especially promising approach in this field. For RL applications, large amounts of data are advantageous rather than challenging, since these data can be used to quickly train an instance of the
algorithm, called an agent. Once trained, agents can react to changes in their real-world observations with minimal computational effort and time. Furthermore, they do not require forecasts nor
human interaction to explain or interpret events. Instead, RL algorithms have the potential to learn
independently using their observations. This ability is a very helpful feature, since it is unrealistic
to task human employees with analyzing the routines and patterns of millions of customers.
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This study extends previous work by Kraus et al. (2020) and aims to address both the dearth
of literature on deep learning in the field of applied operations research as well as the lack of tools

Figure 1: Flexible assets in private homes, such as electric vehicles or battery storage, can be operated to maximize value for different stakeholders over multiple value pools.

to optimize the steering of electrical smart grid assets in private households with multiple revenue
streams. To this end, we investigate if deep learning can indeed outperform linear optimization
methods when maximizing revenue by optimizing flexible electricity operation over multiple
value streams, as introduced in Specht and Madlener (2020). The resulting original contributions
of this work are twofold. First, the general procedure proposed to develop a reinforcement learning algorithm for a given task can be applied without expert knowledge in the field of neural
network programming. It can be applied by researchers and practitioners in various fields of research, allowing these experts to improve the quality or calculation time of optimizations. Second,
to the best of our knowledge it is the first study providing quantitative evidence that a significant
economic potential and competitive advantage exists when using deep learning techniques for the
optimized operation of vast numbers of flexible energy assets.
The remainder of this paper is structured as follows. Section 2 reviews essential developments
in deep learning and presents RL as a state-of-the-art approach. Section 3 introduces the challenges in the energy context, matches these challenges with the strength and weaknesses of RL
with the aim to maximize the value generation of flexible energy assets in private households
while simultaneously considering up to five use cases. Based on the literature and our experiences,
we provide a checklist with commonly found obstacles and suggested solutions for readers interested in applying reinforcement learning to applications in their domain. In Section 4, we select
an appropriate RL-algorithm based on the challenges identified in Section 3 and briefly outline
the training process. Section 5 presents general findings from our application of AI in the energy
4

sector and includes the quantitative results for the selected application. Finally, Section 6 summarizes and concludes.

2

Milestones in the Developments Towards Reinforcement Learning
2.1

Background: Machine Learning

The concept of “machine learning” in its literal meaning is often traced back to the development
of Bayes’ Theorem in the 16th century and includes multiple developments, such as the invention
of artificial neural networks in the 1950s.
Similarly, the concept of “deep learning” dates back to the 1940s; however, the term gained
popularity only around 2006 (Goodfellow et al., 2016) and typically restricts the broad concept of
machine learning to concepts involving neural networks of multiple layers that are trained using
vast amounts of data. From 2006 onwards, researchers focused on applying deep learning algorithms to audio and image classification. These algorithms were trained on datasets (e.g., handwritten numbers or fashion items), typically using “supervised learning.” This approach requires
“labeled data” that informs the algorithm of whether its prediction is correct (cf. Li, 2018). Around
2011, the quality of the image classification of the best agents surpassed human ability in an increasing number of test settings.
Deep learning algorithms next became capable of learning to play complex, sequential games.
For instance, the algorithm “AlphaGo,” developed for the board game Go, was able to defeat the
best human players after it was trained on large datasets of human gameplay 1 (Silver et al., 2016).
Despite of these successes, this approach of supervised learning faced significant limitations. The
massive datasets required for training limited the application of deep learning to a small number
of appliances, where sufficient training data is available, as in the case of Go. Further, training an
algorithm using only available data necessarily implies that the algorithm cannot surpass the capability of whoever generated the training data.
2.2

Reinforcement Learning

In RL, an agent (or policy) learns to act to maximize the returns of a value function. More specifically, the agent conducts a so-called Markov decision process, which includes obtaining an im-

1

In fact, AlphaGo was actually a transition, also including first elements of Reinforcement Learning but at least
with a focus on learning from existing data.

5

pression from the environment in the form of an “observation,” performing an “action,” and receiving a “reward,” for example, confirmation that a goal was reached (cf. Figure 2, Sutton and
Barto, 2018). The main difference between RL and pure supervised learning is the ability of the
former to interact with its environment. This central feature allows the agent to actively explore
an environment without requiring an expert dataset and later “exploit” its experiences to maximize
its reward (Sutton and Barto, 2018).
The utility of RL can be illustrated using an example. Less than two years after AlphaGO
surpassed human capabilities primarily as the result of supervised learning, DeepMind released
its successor, AlphaZero (Silver et al., 2017). This new program fully exploited RL and was
trained by playing against itself, without any expert data. AlphaZero quickly surpassed AlphaGO
in the game Go and was also able to learn other games, such as chess or shogi. AlphaZero was
only provided with the game rules, and outperformed the best human players as well as computer
programs in a variety of games. In these games, experts observed that AlphaZero reinvented many
established human strategies but also developed powerful new approaches that were formerly
unknown to human professionals (Sadler and Regan, 2019).

Figure 2: Visualization of one step in a Markov decision process.

Early RL algorithms were only capable of handling discrete observation- and action spaces
(e.g., positions and moves in chess). Deep deterministic policy gradient (DDPG) is the first approach to address continuous observation- and action spaces and was presented in 2015 by a
Google DeepMind team (Lillicrap et al., 2015). However, this approach was instable and has been
modified in recent years by introducing critic networks that better evaluate the actions of the policy network and also reduce instability through different measures (most notably, “Double Qlearning”). Two distinct approaches were very promising in comprehensive tests: the soft actorcritic (SAC, Haarnoja et al., 2018) and the twin-delayed deep deterministic policy gradient (TD3,
Fujimoto et al., 2018). Both approaches are considered “off-policy”, which means that they fill
6

up a database, called a “buffer”, during operation and then select a new action based on their
previous experiences. In contrast to this, on-policy algorithms adjust their policy, that is their
“behavior”, on the flight and then discard the previous experience just proceeding with their updated policy. Compared to off-policy algorithms, this typically enables them to learn faster, with
more stability and with reduced hyperparameter tuning, but typically at the cost of sample efficiency. One of the most capable on-policy algorithms is proximal policy optimization (PPO,
Schulman et al., 2017).
In the long term, optimizing computer games is not the ultimate purpose of RL but instead
serves as a test bench for real-world applications. The limited applications of RL algorithms is
likely due to the skepticism of practitioners regarding the effort necessary to familiarize oneself
with this complex topic as well as concerns of overcoming numerous obstacles. To this end, we
contribute to the existing literature by presenting a method to apply state-of-the-art algorithms
without extensive background knowledge in programming neural networks. We also present a
clearly defined example of how to consider and overcome many of the major existing challenges
in a complex application.

3

Setting up an RL model for the Exemplary Application
3.1

Description of the Exemplary Application

The aim of this work is to apply a reinforcement learning algorithm to optimize the operation of
flexible energy assets over a variety of different use cases, similar to Nakabi and Toivanen (2021)
approach in the context of a micro grid. A real-world application was not possible in this context,
so the scenario was simulated by creating a virtual environment for the RL agent to interact with.
To facilitate comparison with existing studies, this environment was designed to be similar to the
one optimized by linear optimization as introduced in Specht and Madlener (2020).
The underlying motivation is that of an aggregator that operates distributed energy resources.
These assets have the potential for flexible operation (in our case, home battery storage systems
and the charging of battery electric vehicles (BEVs) in the customers’ premise) that could be used
to increase profit. This additional profit could be created either by generating additional revenue
or by reducing costs. Of the numerous promising use cases discussed as candidates for additional
value, we selected five in an attempt to depict the variety of applications (see Madlener and
Specht, 2018 for an in-depth discussion). These five cases are described below:
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(i) The electricity price for a household can be regarded as a combination of a static fixed price
component (26 €-ct/kWh, comprising taxes, grid fees, etc.) and a flexible price component that
captures price volatility and was based on real electricity exchange prices from Germany. While
customers today typically pay a fixed electricity rate, the energy supplier has to meet its customers’ demand at volatile exchange prices and could gain value from shifting flexible energy consumption to times with low prices.
(ii) As introduced in Section 1, new energy transition technologies such as electric vehicles
and heat pumps can cause severe load peaks, which would require grid operators to execute expansive grid enhancement measures. Instead, these grid operators could encourage households (or
their aggregators) to avoid consuming power during high load peaks. In Germany, article 14a of
the “Energiewirtschaftsgesetz” (EnWG) defines an initial attempt to reduce peak loads. Based on
this regulation 2, we implemented a mechanism that reduces the grid fees linearly by up to 5 €ct/kWh while reducing the allowed peak load from 15 kWpeak to 5 kWpeak.
(iii) Each day, the aggregator can opt to reserve a fraction of the battery capacity in order to
stabilize the grid by either storing excess electricity or providing additional power to the grid in
times of undersupply. While we assumed that the grid operator would pay the aggregator 1 €/kW
in a contracted week 3, this reserved battery capacity cannot be used for other purposes, thus causing opportunity costs.
(iv) Today’s lithium-ion batteries typically age faster when charged or discharged to very high
or low states of charge (SOCs). This aging function is approximately U-shaped. A detailed description of the function used can be found in Specht and Madlener (2020); for a detailed technical
investigation, we recommend Ecker et al., 2014). An optimized operation could avoid these edge
conditions (for example, by not draining battery storage completely each day in winter but instead
leaving a residual capacity as a buffer).
(v) The remuneration for electricity from local PV production fed into the grid is 10 €-ct/kWh,
which is significantly below the cost of electricity drawn from the grid (about 30 €-ct/kWh in

2

In Germany, recent regulation allows for reductions in grid fees for controllable load (e.g. heat pumps and BEV);
Germanies larges distribution system operator Westnetz, for example, offers a tariff reduction of about 5 €-ct/kWh
for devices in the distribution grid that can be switch off if the grid comes to its limit.
3
Since July 2019, the regulation for frequency containment reserve was subject to three major reforms and corrections, including a shift from a capacity price for a week [€/MW] to an energy pricing on daily basis [€/MWh], cf.
(Consentec, 2020). Since a reliable data basis for the new market framework is not yet available, we decided to stay
with contracts based on reserved capacity. However, a significant decline in revenues for this services was observed
in recent years, which is why we adjusted the typical revenue range of 1500-3000 to only 1000 €/MW per week or
1€/kW/week respectively.
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Germany); for this reason, an agent should try to maximize self-consumption both by storing
electricity in a battery during times of excess for times without local production and by prioritizing
charging a BEV in times with a surplus of PV electricity whenever possible.
3.2

Modeling the Exemplary Environment

We created a virtual environment based both on real data (i.e. for electric consumption profiles,
electricity generation profiles for a private PV system) and synthetic data (e.g. for electric vehicle
usage profiles). This data and the use cases introduced in Section 3.1 were used to model the
environment. Our overall goal was to minimize electricity expenses (or even maximize profit if
revenues might surpass costs) over one year (35,040 steps of 15 min duration each). The relevant
constraints (for example, maximum charging rates and non-negativity given the SOC of batteries
and vehicles) were considered.
The trained agent had four tasks: (a) to commit to a maximal amount of power drawn from the
grid for each week, (b) to commit to an amount of power to store as reserve power for the grid on
a daily basis, (c) to determine an amount of power to charge into or discharge from the battery
storage every 15 min and (d) to decide how much to charge into the BEV every 15 min. The
agent’s decisions were informed by eight provided values (“observations”), which included the
current SOC of the battery and the electric vehicle, the current power generation by the PV system
minus the regular power consumption of typical households as well as information on time and
date. These agent addresses these tasks by means of for Based on this, the agent’s response comprises four actions 4.
To decide on its actions, the agent is provided with eight “observations” 5, needed to understand
the given situation. These observations and actions are in a continuous space, so, for example, any
arbitrary amount of power (within the given constrains) can be used to charge a vehicle. We implemented some measures to penalize attempts to violate the given constrains (e.g., penalizing
attempts to discharge a battery below “empty” or beyond existing constraints as well as penalizing
attempts to exceed limitations placed on the maximum load drawn from the grid). Additionally,

4

The four values in the action space comprised: (1) the amount of electricity to charge/discharge to/from the
battery, (2) the energy to charge into the vehicle, (3) once a day, the commitment to provide a certain amount of
reserve power (use case (iii)), and, finally, (4) a self-imposed limitation on the maximum amount of power to draw
from or feed into the grid (use case ii).
5
The eight values in the observation space include i.a. (1) the current electricity price, (2) the sum of electricity
self-production minus consumption, (3-4) the state of charge of battery storage and electric vehicle, (5-6) information
for the agent regarding which long term use cases are currently applied as well as (7-8) information regarding the
date and the time.
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an increasing penalty for low SOCs in BEVs was implemented to reflect customers’ preference
for a fully charged vehicle. Finally, a conventional, heuristic algorithm was implemented that
simply charges the vehicle at once if it returns from a trip, then uses the battery to store excess
power (until it is full) and discharges this power at as soon as electricity demand surpasses local
PV generation. No other use cases were subject to this heuristic, allowing us to compare the optimized operation over all use cases to an incumbent operation strategy typically seen today.
3.3

General Challenges and Solutions

When designing our model, we encountered nine major obstacles that reflect typical experiences
in the literature (cf. Dulac-Arnold et al., 2019; Nakabi and Toivanen, 2021; OpenAI et al., 2019).
This chapter describes these obstacles for interested practitioners and provides our solution to
these challenges.
(i)

The need for a training model

A first, rather obvious obstacle is that stakeholders typically consider training an RL agent in a
real environment to be expensive, dangerous and/or intolerable. This obstacle clearly applies when
developing a flexibility aggregator in the electricity domain, since random actions during training
could place the grid under significant stress, incur massive costs for the aggregator and inconvenience the customers. For this reason, we opted to depict the problem as a virtual model to pretrain
the algorithm before considering a real-world application.
(ii)

The definition of a reward function

To evaluate their actions, RL algorithms need constant feedback in the form of a reward. If this
reward is not generated in a real setting for the reasons discussed previously, one must design a
reward function to evaluate all possible actions of the agent. In many applications, a maximization
of the purely monetary profit might be sufficient. However, in the chosen application, aspects
such as the customers’ preference for the immediate charging of an electric vehicle had to be
monetized to be considered by the agent. The return consequently includes both “regular” costs
and benefits realized by the algorithm’s actions comprising, for example, selling or buying electricity to or from the grid and revenue from providing services for the grid. Aspects such as the
unavailability of a fully charged car had to be transformed into “artificial” costs and benefit functions.
(iii)

Complex features of the environment
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In general, the better an agent understands a given situation, the better its solution. Unfortunately,
real-world situations cannot be fully explained in our application, as is likely true for most applications. More specifically, the environment is only partially observable since not all changes can
be explained to the agent (as no one actually knows, for example, what resulted in a given electricity price at a given time). Furthermore, the chosen application is stochastic, as the next state is
not exclusively determined by the agent’s action (the agent has no influence over whether the
customer decides to use their vehicle, which would result in its unavailability). However, we
found that eight observations at each state (every 15 min) were enough to allow recent algorithms
to gain a sufficient understanding of the underlying causalities in the environment. Moreover,
only four actions were required at each state for the agent to react to these observations and interact with the environment (especially to call actions such as “(dis-)charge the battery” and “charge
the vehicle”)
(iv)

Unlimited options in continuous observation and action spaces

As in many real applications, most of the chosen observations and actions are from a continuous
rather than a discrete action space, which theoretically creates an unlimited number of options. In
our case, for example, a BEV could be charged by any value between zero and the maximum
allowed load (22 kW). Maximizing decisions over an infinite amount of solutions in continuous
action spaces became an option only a few years ago, when new (actor-critic) methods made this
feature possible for RL algorithms, thus limiting the options for algorithms appropriate for our
application.
(v)

Long games with delayed rewards

A major challenge in long-term settings is the vast number of steps in each round. While a chess
game typically lasts around 80 moves and a game of Go around 150 moves (OpenAI et al., 2019),
our chosen environment required over 35,000 steps, representing 15-min intervals over one year.
A reduction is problematic here, since two opposing aspects have to be met. It is necessary to
depict the volatility in production and electricity prices at a sufficiently detailed resolution, but
the agent should also learn to consider seasonal differences that occur throughout a year. A possible solution is to limit long-term rewards (e.g., at the end of a specifically good game) and
instead focus on a steady stream of rewards, in our case after each 15-min time step.
(vi)

The need to define boundaries and constraints

Reinforcement learning typically involves learning from mistakes. Therefore, the agent must be
capable of violating constraints and receiving adequate feedback while ensuring that the virtual
11

environment responds properly, preventing the violation of any physical or regulatory boundaries.
For example, batteries must neither be charged below 0 nor above their capacity limit. In these
cases, we restricted the environment to the maximum allowed action space and returned a penalty
value to the agent if it attempted to overstep this limitation. This penalty required accounting for
two reward streams: the virtual rewards, including a penalty given as feedback to the agent, as
well the “real” economic balance, which represent actual revenue streams.
(vii)

The difficulty of defining a benchmark

Assessing the success of an agent’s strategy is non-trivial, since a result well below average might
be justified by a randomly selected, extremely difficult setting (e.g., a household with high consumption and high mileage on its electric vehicle). Therefore, we used a heuristic algorithm previously proposed in Specht and Madlener (2020) as a benchmark to compare the quality of the
agent’s strategy. This benchmark follows a set of simple instructions similar to the algorithms
currently used to control the energy assets in households.
(viii)

Differences in the scale of values

The agent’s observations and actions can vary significantly in their scale. This variation becomes
a problem when training the agent since slight variations in the action might be leveraged to significantly change small-scale variables, leading to instability. As frequently suggested by practitioners, we also normalized our observations and actions to a scale either between -1 and 1 or 0
and 1. For example, the observation of the SOC ranges from 0 to 1 so that a half-full battery is
normalized to 0.5. The operation the battery is done with actions ranging from -1 (discharge at
maximum rate) to 1 (charge at maximum speed).
(ix)

Need for training data

A problem reported frequently in literature is a lack of training data. While the simulated environment allows for any number of runs, repetitions on similar data lead to the agent “overfitting”
its policy to specific setups, which leads to a loss in performance on new data. To overcome this
issue, we mixed different data sets during training. Our environment included 85 different load
profiles of different households, five normalized PV production profiles that were multiplied by
different system sizes to get the actual electricity production, 10 normalized BEV usage patterns
that were scaled by eight different mileage options, and 35,040 timesteps per profile per year, thus
allowing for billions of different combinations. In fact, as we will be demonstrated in Section 5
the performance of the tuned agents tended to plateau after approximately 500,000 steps, with
more iterations leading to instabilities and a decline in performance.
12

4

Practical Experiences: Training the Agent in the Exemplary Environment

4.1

Setting up the Model Environment and Selecting an Adequate Algorithm

Once the requirements in Section 3.3 have been defined, two tasks must be considered. First, the
identified setting from Section 3.2 has to be programmed as an environment with which a reinforcement learning (RL) agent can interact. Secondly, an algorithm that works under the identified
constraints has to be selected to train the RL agent.
We decided to implement our setting as a “gym” environment. “Gym” is a collection of test
problems (typically small games) created by OpenAI that all share one interface 6. Within Gym,
new RL algorithms can be trained on the same set of tasks, which facilitates comparison of the
results. However, this also works the other way around: One can design a new game (called an
environment) in the standardized way, so multiple RL algorithms can be tested and compared
without a need for substantial changes to the environment.
Setting up just one of the more complex algorithms manually requires weeks to familiarize
oneself with a specific method based on literature and then implement the selected algorithm
based on specialized libraries such as pytorch or keras. Fortunately, there are also several projects
available that provide precast, customizable RL algorithm setups. We opted to use “Stable Baselines” (https://stable-baselines.readthedocs.io), a fork of OpenAI baselines. Stable Baselines provides around 14 major, state-of-the-art algorithms with numerous options to add or customize
specific features.
Using this combination of a standardized environment and RL algorithm blueprints, one can
set up a machine learning task and train an agent using selected algorithms with just basic programming skills (optimally in Python) but no in-depth understanding of AI programming. Once
a task and training algorithms have been selected, one must select a specific RL algorithm.
4.2

Selecting an Adequate Algorithm for the Specific Task

A significant number of different RL algorithms can be found in recent literature, and each has an
even greater number of possible modifications. However, systematically listing the requirements
of a given task as shown in Section 3.3 can help restrict the number of eligible algorithms. For
example, the considerations regarding feature limits (Section 3.3, iii) allowed us to discard any
“model-based” RL algorithms, since those depend heavily on the completeness and accuracy of

6

Interface in this context means that each came must host a standardized set of specific functionalities such as a
“step”-function or a “rest”-function.
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the ground-truth model, which is (even in well-defined technical settings) often referred to as
“fundamentally hard” and unstable (Achaim, 2020).
Furthermore, the use of continuous action and observation spaces further limits the range of
potential algorithms to a small number of very recent approaches, as described in Section 2.2.
Figure 3 shows a comparison of the three most promising candidates, SAC, TD3, and PPO2, in
their “vanilla” version (i.e., the published version before any hyperparameter tuning or modifications). The graphs in light colors illustrate findings for specific settings and are soothed for easier
comparability. The dotted graphs plot the difference to the heuristic algorithm on the secondary
axis, indicating that all vanilla versions perform significantly worse than the heuristic algorithm.
A comparison of the RL algorithms with each other revealed that SAC was the most promising
option.
In detail, Figure 3 shows that both the vanilla SAC and PPO2 reached their peak performance
for our setting after around two million timesteps (equivalent to simulating 57 households at 15min resolution for a year) before the learning progress flattened to a constant level. The performance in terms of “perceived profit” per year, however, reached just -2000 € for SAC. Perceived
profits here includs “real” revenues from use cases minus costs to supply the household with
electricity as well as “virtual” penalties for intended violations of restrictions). Vanilla TD3
reached peak performance with around 5000 €/a after only 1 million steps but was too instable to
maintain this level of performance. PPO2, finally, resulted in the highest overall yearly costs of
around €6,000.
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Figure 3: The continuous lines show the performance of SAC, TD3, and PPO2 throughout a training of up to
5 million iterations, with the dark colored graphs being a smoothed version of the lighter pendants. The dotted
graphs indicate the loss of the respective RL-algorithm to the simple heuristic on the secondary axis. Amongst
the RL algorithms, vanilla SAC performed best and most stable.
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However, PPO2 also had the fastest computation time, requiring only 1.5 h to complete 5 million training steps, while SAC and TD3 required 4.75 and 3.75 h, respectively, to complete the
same number of simulation steps on a desktop PC (CPU: i5-7500, 12 GB RAM).
These initial trials indicate that SAC is a promising candidate for more detailed analysis. However, comparison with the heuristic algorithm reveals a consistent, significant underperformance
of all three algorithms in their vanilla versions of (at best) €200 losses per year compared to incumbent algorithms, indicating an extensive need for performance improvement by means of hyperparameter tuning.

5

Results
5.1

Observations During the Training Process

As with other studies (Baker et al., 2019), we also found that RL agents excel at exploiting any
weaknesses in game mechanics. We expected fewer issues from this side since the underlying
environment had already been used for previous studies with linear optimization. However, the
RL agent was still able to find loopholes in our environment to exploit. For example, the environment was coded to set the battery SOC to a minimum of 0 at the beginning of each round and the
agent learned that it was profitable to discharge the battery storage below 0, sell this nonexistent
energy, accept the penalty for violating the rules, and allow the battery to be reset to 0 in the next
round.
When we applied the agent trained with SAC and with tuned hyperparameters to this task, we
learned that a single decision for the four tasks (a–d) takes about 0.0003 seconds (or 3 seconds for
10,000 decisions) on a personal computer (CPU: i5-7500, 12 GB RAM). This finding demonstrates that RL agents can control large numbers of households in nearly real-time, thus meeting
the requirements in term of optimization time.
5.2

Economic Findings in the Chosen Application

To assess optimization quality, we conducted sequences of 1000 simulation steps for different
households with different BEV usage profiles. With all use cases activated, a pretrained, general
RL agent was able to increase the average profit by €126 per year in comparison to the conventional heuristic algorithm, as depicted in Figure 4. More specifically, some settings yielded additional profits (i.e., reduction in electricity costs) of up to €315 per year, while a small number of
households experienced negative savings and thus higher costs compared to conventional operation by means of a heuristic algorithm (thus without utilizing any additional use cases).
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We selected one household based on a norm developed by the Association of German Engineers (VDI) to resemble the “most typical” household (VDI, May/2008) for which the general
algorithm achieved annual savings of around €150 and allowed the general agent to pretrain specifically on this household. This specialization yielded additional annual savings of €28–178, indicating that real-world applications will likely profit from training using individual customers’
data. This result is also remarkable in comparison to the €235 annual savings achieved by linear
optimization in Specht and Madlener (2020) in a nearly identical setting 7, not only because this
linear optimization utilized perfect foresight (while the RL agent only knows the present situation
and has some general experience from the past) but also because the RL agent only took about 10

Cost savings [€/a]

seconds (instead of 10 h) to optimize all 35,040 steps of a given year.
350
300
250
200
150
100
50
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-50 0
-100
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Average saving: 125.9
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Figure 4: (a): With all use cases activated, most households realized cost savings or profits of up to €315 and an
average of €125.9 per annum.

5.3

Comparison of the Behavior of the RL Agent and the Heuristic

A comparison of the agent’s action to the heuristic allows to better understand their characteristic
behavior. Figure 5 depicts the sum of local generation and ordinary consumption (lighting, cooking, et cetera); the net exchange with the grid, both in kW; as well as the SOC of the battery
storage and the BEV (in kWh) for the same day around equinox for a generally trained RL agent
and the heuristic. The sum of local generation and regular consumption (yellow) is the same in
both cases as neither of the algorithms can change the PV generation or the ordinary consumption
of the household. The PV system starts to generate electricity around 7 a.m., and this generation
quickly surpasses the consumption, resulting in positive net power. The RL agent left the BEV
(green) with a SOC of approximately 35 kWh the previous day and primarily uses the excess

7

The only major difference is that this paper introduced a remuneration for the reduction of load peaks, allowing
for additional revenue for this use case.
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production in the early morning to charge the BEV until it leaves at 10 a.m. and thus becomes
unavailable for charging. In parallel, the battery (blue) is charged slowly until the BEV leaves and
then is steadily charged to 6.2 kWh at 5 p.m. At that point, PV generation is not sufficient to meet
energy demands, so the agent begins to slowly discharge the battery. At 7:30 p.m. the BEV returns
home, and the RL agent observes that its SOC is about 6 kWh lower than when it left. The RL
agent meets this energy need by slowly charging the BEV and waiting for new PV electricity the
next day.
The heuristic algorithm immediately charges the car when it returns less than full. The heuristic
is consequently not able to use the early excess electricity in the morning hours to charge the
vehicle but instead feeds all excess electricity into battery storage, leading to a rapid charging
process that results in a full battery at 10:15 a.m. All the remaining excess electricity is fed into
the grid. Unlike the steady charging of the agent, this behavior results in distinct load peaks. In
times of undersupply, the battery is used to cover the difference. In particular, when the BEV
returns home, the battery is recharged at full speed, but since the BEV allows for significant
charging speeds, a massive amount of power is drawn from the grid, with the peak reaching -13.8
kW.
(b): Heuristic

(a): RL agent

Figure 5: Operation of BEV and battery by a generally trained agent (a) and the heuristic (b) for a day in March

In the future, these massive peaks of the heuristic would significantly stress the grid. Figure 6a
depicts the positive and negative electricity exchanges with the electric grid over a year, illustrating that the heuristic causes demand peaks of up to -22 kW (lower blue graph) that would necessitate extensive grid enhancements. In contrast, the implemented revenues for reducing load peaks
incentivize the RL agent to avoid this behavior (lower orange graph). Figure 6b shows that the
agent is becoming increasingly confident in reducing the electricity exchange with the grid over
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the year, resulting in commitments to limit this exchange to about 5 kW from September on. The
comparison with Figure 6a reveals that the agent frequently surpassed this commitment by a small
margin. Apparently, the agent learned that the penalties for violating this restriction were implemented with an exponential increase, so that small violations only resulted in “acceptable” penalties.
b)

a)

Figure 6: (a) The heuristic (blue) shows slightly higher production but significantly higher consumption peaks
compared to the RL agent (orange). (b) The agent limits its own electricity drawn from the grid (green) for each
week to gain additional revenues.

5.4

Pros and Cons of the Dispatch of a RL Agent in the Given Application

An in-depth analysis of the data from the RL agent’s operation revealed that most of the observed
savings were attributed to two use cases: reduction of consumption peaks and reserve power provision. However, these use cases typically require optimization and were therefore not implemented for the heuristic algorithm. For fair comparison, we set the specific profits from the two
use cases unavailable for the heuristic to zero. In this case, the heuristic slightly outperformed the
RL agent in the majority of the settings. The reason for this is the heuristics ability to store precisely the excess electricity in the battery, while the agent sometimes either charged slightly too
much (resulting in additional electricity been taken from the grid at high costs) or too little (losing
energy that would have been needed in the evening and had to be replaced, again, by expensive
grid electricity).
In contrast, the RL agent was able to outperformed the heuristic in settings where high PV
production and high BEV mileage enabled significant potential for increases in self-consumption
through a more considerate charging strategy (cf. Figure 5). Furthermore, only the RL agent was
able to significantly reduce load peaks thus diminishing stress for the electric grid and provide
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reserve power to stabilize the grid. Summing up, the performance of heuristic and RL roughly
balance out, just considering incumbent use cases for flexibility. Upcoming services such as supporting the electric grids, however, cannot be addressed sufficiently by todays heuristics thus demanding for new solutions such as RL.
5.5

Discussion of the Introduced Application for Energy Management

While the trained RL agent is still far from perfect, it nonetheless serves as a valuable proof of
concept. The precise value of individual use cases is requires further consideration as well as
national regulation, but as long as RL agents can be implemented in an environment, they seem
to be capable of adapting to almost any variation in regulation. In fact, general RL agents can
robustly adapt to changes in setting caused, for example, by variations in (i) energy demand of
different households, (ii) consumption patterns such as customer specific usage of a vehicle or
(iii) individual assets with potentially high peak loads. However, RL agent performance can be
increased if the agent is allowed to briefly pretrain using previous data (e.g., from the previous
year) to familiarize itself with detailed customer characteristics. Even on a regular desktop PC,
the decision speed is fast enough to handle thousands of schedule updates in real time. Finally,
the availability of blue-prints in the form of libraries, such as from Stable-Baselines, for most
aspects of the training process makes this topic accessible to nonexperts without extensive preparation (cf. Simonini 2019 for a comparison of RL libraries).
However, implementation of a customized setup still requires significant time and effort. While
a first “proof of life” can be quickly achieved, proper performance in more complex setups requires extensive shaping of the model, fixing of loopholes, hyperparameter tuning and training.
Moreover, even under the same settings and after an extensive training cycle, only a small fraction
(in our case about 1 in 25) of trained agents develop a good understanding of the underlying
patterns and only a very small fraction (about 1 in 250) really excel at its task, while all other
agents encounter difficulties in training, e.g. getting stuck in some local optima, so a degree of
luck is required in the training process. Finally, deep learning agents are basically a black box, so
their reasoning cannot be understood in detail. However, general concepts can still be observed
rather clearly in the algorithm results, allowing at least a rough understanding of an agent’s behavior.
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Overall, this study confirms the huge potential of deep learning and more specifically RL. Our
findings may encourage more practitioners to consider RL as an option for solving complex optimization problems. Complex situations where quick computations times outweigh the need for
perfect solutions seem especially promising candidates for the application of deep learning.

6

Conclusion

This paper investigated the potential of deep reinforcement learning (RL) for the optimized control of a large number of distributed flexible energy assets in private households. Further, this
work provides practitioners with a guide on how to tackle complex steering tasks with state-ofthe-art deep learning algorithms, typical obstacles to expect and potential solutions.
The main insights of this work related to operations research were threefold: First, we confirmed that deep neural networks trained using RL are capable of optimizing the schedule of vast
numbers of assets in almost real time. Second, we demonstrated that recent advances in RL algorithms as well as the practice in the AI domain of making these algorithms and tools freely accessible benefit non-experts. Even those with limited knowledge of deep learning have comparatively
easy access to potent, customizable algorithms that solve their individual control challenges, and
working with these algorithms requires only basic skills in (preferably Python) programming.
Third, we developed a list of common obstacles based on a practical example and provided an
exemplary procedure to select feasible algorithms suitable for a given challenge. We also confirmed that extensive hyperparameter tuning and model adjustments are required to outperform
conventional algorithms, as is often voiced by practitioners (Hubbs, 2016; Liessner et al., 2019;
Mantovani et al., 2019).
The application selected as an example provided four interesting insights into research on the
sustainable energy transition. First, AI agents are a promising approach to control the large number of flexible energy assets when considering multiple value streams. Advantages of AI over
conventional algorithms include their ability to optimize the operation of multiple, distinct use
cases; their capacity to handle nonlinearities; and their transformation of the “curse of dimensionality” into a “blessing of training options.” Second, we found that a general agent trained on unspecific data could adapt to an unfamiliar setting, for example, a different household with individual energy (and mobility) demand habits. However, allowing the agent to familiarize itself
with a given household based on previous data still considerably increased its performance. Thus,
data (e.g., on energy consumption habits of customers) will evidently become increasingly important for companies in the energy domain. Third, previous studies have found that working
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business models of the utilization of flexible home energy assets could theoretically be profitable
if one had perfect foresight and hours of computational time for linear optimization. This study
finally provided a tool that could realize a significant share of this theoretic potential but in a more
realistic setting without perfect foresight and at a speed sufficient for the number of assets that
would have to be coordinated. Fourth, the additional annual value of around €150 compared to
conventional algorithms has promising market potential and offers an economic solution to several issues related to the energy transition as well as the electrification of the heat and the mobility
sector. In fact, detailed analysis of the behavior of our trained agent revealed that it is still far from
perfect, so technical improvements and increasing revenue potentials (e.g., from increasing price
volatility allowing for arbitrage) might allow for even higher gains in future.
Overall, this study demonstrated the enormous potential of deep learning applications in the
operations research domain in general and in the energy sector specifically. This potential will be
further enhanced by rapid improvements in the underlying algorithms and computational power
that are currently underway.
Future research will surely reveal other fields of application where deep learning and RL might
replace incumbent algorithms and methods. Furthermore, the task of creating a customized environment to train an agent is still full of obstacles. More literature that provides a practical guide
for practitioners is required to provide researchers from multiple disciplines with reasonably easy
access to this powerful technology.
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