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Abstract 

Energy communities represent an important step towards clean energy, however their management 
is a complex task due to various factors such as fluctuating demand and energy prices, variable 
renewable generation, and external factors such as power outages. This paper investigates the 
effectiveness of a Reinforcement Learning agent, based on the Proximal Policy Optimisation (PPO) 
algorithm, for energy management across three different energy community configurations. The 
performance of the PPO agent is compared against a Rule-Based Controller (RBC) and a baseline 
scenario using solar generation but with no active management. Simulations were run in the 
CityLearn framework to simulate real world data, and results show that the PPO agent was up to 
9.2% more effective in reducing annual costs and carbon emissions than the RBC, its effectiveness 
increasing in scenarios which allowed control over resources such as photovoltaic generation and 
battery storage. The main contribution of this work is demonstrating the viability of Reinforcement 
Learning agents in energy optimization problems, providing an alternative to traditional RBC 
controllers for energy communities. 

Keywords: energy community; microgrid; PPO algorithm; energy efficiency; renewable energy 
 

1. Introduction 

The energy sector is moving away from centralised, fossil-based generation, towards 
decentralised renewable-driven systems. This transition is made possible by the growing availability 
of small-scale generation technologies like rooftop solar panels, which allow consumers to become 
active participants in the energy system. In this context, energy communities have emerged as local 
collectives that can produce, consume, store, and manage energy together. However, setting up and 
managing such a community is a complex task. Members may have conflicting priorities, energy 
consumption patterns, renewable energy production is not constant, and the regulatory and pricing 
environment is still evolving. Traditional approaches using RBCs can be too rigid in such dynamic 
environments. 

This paper explores the potential of Reinforcement Learning as an adaptive solution for energy 
management optimization in energy communities. The advantage of reinforcement learning agents 
is their ability to learn optimal strategies through direct interaction with the environment, without 
requiring a complete mathematical model of the system, allowing them to learn an intelligent control 
strategy which can maximize the economic and environmental benefits of integrating local renewable 
energy resources. 

To evaluate the potential of reinforcement learning under realistic conditions, this study 
examines three diverse community schemas. Each schema is meant to represent a different scenario 
in which an energy community might find itself in. The first schema represents a heterogeneous 
community, with both prosumers and consumers, meant to simulate more diverse and non-ideal 
configurations. The second schema represents a small community with a large producer, meant to 
simulate small communities which include a commercial space, like a supermarket, with different 
consumption patterns and production capabilities. And the third configuration is similar to the 
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second, however it represents an ideal energy community in which all members are prosumers, with 
the ability to store energy. 

The rest of this paper is structured as follows. Section 2 reviews the state of the art and related 
work in microgrid optimization and energy management. Section 3 describes the methodology used, 
presenting the three energy communities scenarios used, the CityLearn simulation environment, and 
the implementation of the PPO agent. Section 4 presents and compares results obtained by the PPO, 
the RBC, and baseline scenario. Section 5 discusses these results, the limitations of this study, 
highlights the conclusions, and presents future research directions. 

2. Key Research Directions in Microgrid and Energy Community Management 
2.1. Microgrid and Energy Storage Optimization 

Modern research focuses on optimizing microgrid configurations to balance economic viability 
and operational ability. Often targeting commercial or remote applications [1,2]. These models 
usually focus on minimizing net present cost and carbon emissions while ensuring demand is met, 
either through backup generators or smart battery state management. Real-time energy monitoring 
is a key component of Industry 5.0’s energy efficiency efforts. Smart Grids leverage IoT sensors to 
capture and analyze energy consumption data in real time, enabling a deeper understanding of 
energy usage patterns and identifying areas of potential energy wastage. Smart Grids are equipped 
with IoT sensors that are installed at various points within the grid, including households, businesses, 
and industrial facilities. These sensors continuously collect data on energy consumption, such as 
electricity usage, voltage levels, and power quality parameters. 

The IoT sensors transmit the collected data in real time to a centralized monitoring system. This 
data includes information on energy consumption patterns, usage trends, and peak demand periods. 
It provides a comprehensive view of the energy flow throughout the grid and identifies areas where 
energy efficiency improvements can be made. The real-time energy consumption data is analyzed 
using data analytics techniques, including machine learning and AI algorithms. These algorithms 
identify patterns, anomalies, and correlations within the data, enabling insights into energy usage 
behaviors and potential areas of energy wastage. Real-time energy monitoring helps in identifying 
peak demand periods accurately. With this information, energy providers can implement demand-
response strategies to manage peak loads efficiently. By incentivizing consumers to shift their energy 
usage to off-peak hours or adjust their consumption during peak periods, the grid’s overall energy 
efficiency can be improved. 

The insights derived from real-time energy monitoring can be used to provide personalized 
recommendations and feedback to consumers. By analyzing individual energy consumption 
patterns, consumers can receive suggestions on how to reduce energy waste and optimize their usage. 
This can include tips on adjusting thermostat settings, optimizing lighting usage, or upgrading to 
energy-efficient appliances. 

Overall, real-time energy monitoring enables utilities, businesses, and consumers to make data-
driven decisions to improve energy efficiency. By identifying energy usage patterns, peak demand 
periods, and causes of power losses, real-time monitoring allows targeted interventions and 
optimization strategies that contribute to a more sustainable and efficient energy ecosystem. 

In recent years, there has been an increasing trend of production capacities from renewable 
sources, i.e., wind and solar power plants. Recently, various research has been performed on different 
types of floating offshore wind turbines and floating photovoltaic energy yield and performance 
models, designing optimized structural platforms for climate-resilient systems. Thus, in the 
technological mix of the electricity production system, the share of energy produced from renewable 
sources increases. The problem that arises in the case of energy produced from renewable sources is 
that it has an intermittent character, that is, at night or when the wind is not blowing, the energy 
production is minimal, and if the sun shines brightly or the wind blows, a large amount of energy is 
produced, sometimes even an amount that cannot be consumed at that moment. For this reason, 
capacities are needed to ensure the flexibility of the power system and to be able to respond quickly 
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to the intermittency of wind and solar radiation, i.e., when too much energy is produced, to store the 
excess energy, and when the production is minimal, to release the stored energy. A solution would 
be the use of technologies for energy storage, such as high-capacity batteries, the most common and 
practically deployable solution to support renewable integration and local flexibility. 

2.2. Grid Robustness and Resilience. 

Grid robustness and resilience have also been notable areas of research in recent studies 
regarding modern power systems. In the context of energy communities, robustness generally refers 
to the energy system’s ability to maintain stable functionality under expected conditions without 
performance degradation. Resilience generally refers to an energy system’s ability to recover from or 
resist more rare or extreme conditions, such as natural disasters or large-scale equipment failure [3]. 

As small-scale renewable energy solutions become more popular, traditional centralized control 
strategies may struggle to fulfill these requirements, making local or community level control 
strategies necessary [4]. These community level control strategies can improve voltage stability, 
reduce stress on the distribution network and maintain functionality during faults by taking 
advantage of techniques, such as intelligent scheduling, load shifting and distributed storage 
coordination. 

Grid resilience research is also being conducted on the physical side of energy communities and 
microgrids implementations. Bi-directional power flow, voltage deviations, and network losses are 
being addressed through energy transaction algorithms and efficient PV placement [5–7]. 

Physical resilience measures, such as grid segmentation, islanding, backup generators, 
additional power lines and communication redundancy remain popular, however recent research 
hints towards a shift from traditional hardware reinforcement to resilience through control strategies. 
Adaptive and A.I. controllers can detect abnormalities and recover easier from failures by 
dynamically configuring microgrids and managing distributed storage. Together, these studies 
suggest that resilience and robustness cannot rely only on physical redundancy, but must also 
incorporate intelligent coordination. 

2.3. Transactive Energy and Market-Based Coordination 

Transactive Energy Frameworks (TEFs) are a modern approach to coordinate distributed energy 
resources and improve local autonomy by facilitating structured interactions between prosumers, 
aggregators and the main grid [7,8]. By dynamically pricing electricity based on supply and demand 
conditions, these frameworks encourage participants to adjust consumption, generation, and storage 
schedules in a way that benefits both the local community and the grid operator. [9,10] 

In such systems, coordination mechanisms are varied. Peep-to-peer (P2P) trading is one such 
coordination mechanism, which allows for direct energy trades between members of a community, 
either for free or at a discounted rate, to encourage consumption of self-generated energy and 
discourage dependency on the grid [1,5]. Another example of a TEF are aggregator-based structures, 
which uses a central agent to manage energy transactions within a community, and can offer better 
scalability than P2P, requiring less infrastructure to be implemented. The use of blockchain 
technology and smart-contract platforms have also been proposed to record and validate transactions 
within the community, ensuring transparency and trust without the need of a central intermediary 
[3,4]. 

However, implementing TEFs comes at the cost of new operational and computational 
challenges. Managing a large number of transactions, forecasting demand and generation, and 
determining fair and stable prices require adaptive control. Reinforcement learning agents have 
shown strong potential in bidding automation, pricing, and scheduling decisions by learning optimal 
policies directly from market feedback [11,12]. Multi-agent reinforcement learning (MARL) 
techniques are proposed to enable decentralized negotiation between members of a community, 
leading to faster convergence without the need of a central coordinator. Despite these advances, 
several challenges remain. Designing fair compensation and incentive mechanisms and 
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interoperability of heterogeneous members are still active areas of research, especially when 
integrating services such as demand response and storage dispatch in community-level markets [13]. 

Research suggests that combining market-based coordination with adaptable strategies, such as 
the PPO agent explored in this study, could provide a balanced framework which merges economic 
efficiency with operational adaptability [14,15]. 

2.4. Challenges 

Energy communities are often made up of many actors, each with their own infrastructure, 
usage patterns, demands, and priorities. Within a single community, some buildings might have solar 
panels, and batteries, while others are supplied only from the grid. Some members might have fixed 
consumption patterns while for others these vary. Weather variability is another challenge, most 
renewable energy in these communities come from solar panels, which only produce energy during 
the day and are very sensitive to weather fluctuations. Coordinating the operation of multiple 
distributed storage devices across a long time horizon results in a very large search space. The 
scheduling problem becomes NP-hard, meaning that the number of possible control actions grows 
exponentially with the number of buildings, devices, and time steps [16]. This motivates the use of 
reinforcement learning or genetic algorithms, which can approximate near-optimal solutions without 
a complete state space search. 

Even if technical solutions are in place, the problem of coordination remains. The members of 
the community have different production capabilities, load demands, and consumption patterns. 
Prosumers, aggregators, and collaborative networks of prosumers play an important role in ensuring 
resilience and in exploiting renewable energy sources in such a way as to achieve sovereignty over 
critical resources for the future [12,17]. 

Due to the complexity and variability of managing energy communities, traditional rule-based 
approaches might be hard to build or have poor performance. Reinforcement Learning learns from 
interacting with the environment, without requiring a full model of the system, learning directly from 
data, making it a fitting solution for systems with unpredictable dynamics. 

While existing studies have explored microgrid optimization, storage strategies, and even 
reinforcement learning for demand response, several limitations remain. Many studies rely on rule-
based controllers, which cannot adapt dynamically to uncertain conditions. Other studies apply 
reinforcement learning but focus narrowly on a single objective, such as cost minimization, without 
considering the impact on emissions, grid stability, or fairness. Comparative studies across 
heterogeneous communities, which include transactional systems like peer-to-peer energy sharing, 
and the use of aggregators are also scarce. In addition to rule-based approaches, many studies have 
applied multi-objective optimization algorithms, such as genetic algorithms or Pareto-based methods 
for P2P transactions in energy communities (e.g., NSGA-II). These methods are effective in exploring 
trade-offs between costs, emissions, and stability, but they require extensive offline computation and 
rely on predefined objective functions, making them more challenging to implement. Our work aims 
to fill this gap by testing a PPO-based reinforcement learning agent for three representative 
community schemas, and comparing the agent’s performance against traditional rule-based 
controllers [18,19]. 

3. Reinforcement Learning for Energy Communities 

Reinforcement Learning (RL) is a machine learning paradigm that fits problems which involve 
sequential decision making in uncertain environments. RL agents learn from feedback given from 
the environment to the agent in the form of rewards or punishments. In energy communities, the 
environment could represent the electrical grid, buildings, storage systems, and solar panels, while 
rewards could be represented by cost savings, carbon footprint reduction or meeting demand. What 
makes RL a good fit for this task is its ability to adapt to dynamic or incomplete systems, weather 
patterns, consumption habits, and system constraints. For example, an agent could learn when to 
charge or discharge a battery depending on predicted solar generation and user demand. 
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3.1. Research Objectives and Problem Formulation 

The primary research objective of this work is to explore the viability and effectiveness of 
Reinforcement Learning as an energy management system for energy communities with access to 
renewable energy. The aim is to show how an RL-based agent can optimize dispatch decisions to 
minimize costs, and the environmental impact, comparing results for multiple scenarios. These 
scenarios range from a non-optimised configuration, where buildings draw energy from the grid 
whenever required (Grid-only), to a passive utilization of local photovoltaic generation without 
coordinated storage management (Grid + Solar). Finally, more advanced control strategies are 
explored, including a rule-based controller (RBC) and a reinforcement learning (PPO) agent. 

In this work we focus on three schemas, simulating multiple realistic energy community 
configurations. The buildings interact directly with the grid, and indirectly with each other. When 
local production does not exist or is not sufficient, demand is covered by imports from the grid, while 
excess generation can be stored in local batteries or sold back into the grid. The PPO agent observes 
these interactions and decides in real time whether to charge or discharge available batteries, while 
the rule-based controller follows fixed schedules based on the time of day, without adapting 
dynamically to load or generation variability. These communication signals can be seen in Figures 2–
4, where the buildings demand a certain amount of energy from the grid, which supplies them with 
the requested energy at a given cost, whereas the PPO agent observes the current state and, where 
possible, makes a decision whether to charge or discharge the batteries. 

Schema 1, seen in Figure 2 and described in Table 1, models a community of 5 residential 
buildings. Building 1 is a regular prosumer, with a battery and PV, buildings 2 and 5 represent a 
typical consumer, with neither solar or storage capabilities, while building 3 only has PV, and 
building 4 only storage capabilities. Building 4 includes only an energy storage system, without local 
PV generation. This was introduced to test whether a storage-only participant could provide value 
through energy arbitrage or load balancing within the community. Consumption patterns for 
residential buildings are provided by the CityLearn framework and represent cooling load, heating 
load, domestic hot water (DHW) demand, and general appliance and lighting consumption (see 
Figure 1). 

Schema 2 simulates a smaller community of 3 entities, 2 regular prosumers and a third entity 
with a larger power consumption and generation capacity, but without a battery, similar to a local 
supermarket (see Figure 3 and Table 2). 

 
Figure 1. Sample of energy loads and PV production over 24 hours1. 

 
1 Taken from building 1, schema 1, 1st of July 
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Figure 2. General Architecture of Schema 1. 

Table 1. Properties of the first energy community. 

SCHEMA 1 Solar PV  Battery Storage  

(Capacity / Nominal Power) 

Notes 

Building 1 Yes (120 kW) Yes (140 kWh, 100 kW) Full setup 

Building 2 No No Grid-only 

Building 3 No Yes (50 kWh, 20 kW) Battery only 

Building 4 Yes (40kW) No PV only 

Building 5 Yes (25kW) Yes (50 kWh, 25 kW) Full setup 

 

Figure 3. General Architecture of Schema 2. 

Table 2. Properties of the second energy community. 

SCHEMA 2 Solar PV  Battery Storage  

(Capacity / Nominal Power) 

Notes 

Building 1 Yes (70 kW) Yes (140 kWh, 100 kW) Full setup 

Building 2 Yes (70 kW) Yes (100 kWh, 100 kW) Full setup 
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Building 3 Yes (300 kW) No PV only 

Schema 3 is similar to schema 2, but the third building has a battery. It simulates an ideal case, a 
small community in which all participants are prosumers (see Figure 4 and Table 3). 

 
Figure 4. General Architecture of Schema 3. 

Table 3. Properties of the third energy community. 

SCHEMA 3 Solar PV  Battery Storage  

(Capacity / Nominal Power) 

Notes 

Building 1 Yes (70 kW) Yes (140 kWh, 100 kW) Full setup 

Building 2 Yes (70 kW) Yes (100 kWh, 100 kW) Full setup 

Building 3 Yes (250 kW) Yes (150 kWh, 100 kW) Full setup 

3.2. Environment and Simulation 

The environment in which our RL agent trains is CityLearn2 [20,21]. CityLearn is an open-source 
environment built on the OpenAi Gym interface, developed for testing energy management 
strategies in building clusters and urban energy communities. It includes components that simulate 
building electricity demand, photovoltaic generation, energy storage systems, and dynamic grid 
pricing. This framework provides realistic datasets based on real measurements and supports both 
centralized and multi-agent control schemes. 

In our implementation, the three community schemas defined in Section 3.1 were configured 
through the framework’s JSON environment files by specifying the number of buildings, their 
generation and storage capacities, and load profiles. The chosen schemas were inspired by the values 
given in the CityLearn Challenge 2021 datasets. [22]. Since CityLearn is open-source, it can be 
extended by modifying or adding environment components, such as custom reward functions, new 
state variables, or peer-to-peer trading mechanisms, allowing for future work involving transactive 
energy systems. 

Figure 5 illustrates the general flow of reinforcement learning training. The process begins when 
the environment provides the agent with a state observation3, based on this, the RL agent’s neural 
network generates an action4. This action is then applied to the simulated environment, which then 

 
2  The CityLearn repository is publicly available at https://github.com/intelligent-environments-

lab/CityLearn 
3 Information describing the current state of the environment, this can be current demand, solar 

generation, electricity prices, etc. 
4 A value in the range [-1,1], which determines whether to charge, discharge or remain idle. 
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updates its state, returning a reward signal5 and a new state observation. This cycle continues for 
every step in the simulation, until the episode is done, allowing the agents to learn optimal strategies 
through experience rather than explicit programming. 

 

Figure 5. Reinforcement Learning Loop. 

By default, each building operates independently, drawing electricity from the grid whenever 
local PV generation or battery storage cannot meet its demand. This approach ensures the demand is 
met but results in high grid dependency, energy costs and emissions. To lower energy costs and 
carbon emissions, control strategies can be implemented to manage how and when each building 
uses or stores energy. In this study, two control strategies are evaluated and compared against a non-
controlled baseline, where solar energy is used directly. The first strategy is a Rule-Based Controller 
(RBC), which follows a fixed schedule for charging and discharging. The second is a reinforcement 
learning proximal policy approximation (PPO) agent, which learns optimal control strategies through 
interaction with the environment. An example of how a control strategy could lower costs is energy 
arbitrage, taking advantage of lower energy prices during the night to charge the battery, and 
discharge it when energy is more costly during the day. Unfortunately, this scenario is not available 
in every country, differentiated prices at different times of the day not yet being regulated [12]. 

3.3. State, Action, and Reward Spaces 

In our case, a state is represented by a series of values which describe the environment at each 
step, i.e., current and predicted electricity prices, carbon footprint metrics, outdoor temperature and 
energy loads (see Table 4). 

Table 4. State observation structure6. 

Name Unit Description 

month  

Month of year ranging from 1 

(January) through 12 (December). 

day_type  

Day of week ranging from 1 

(Monday) through 7 (Sunday). 

hour  Hour of day ranging from 1 to 24. 

daylight_savings_status  Boolean that indicates if the current 

 
5 A numeric value given by the reward function which helps guide the RL agent’s learning process. 
6 https://www.citylearn.net/overview/observations.html 
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day is daylight savings period. 

outdoor_dry_bulb_temperature °C Outdoor dry bulb temperature. 

outdoor_dry_bulb_temperature_predicted

_6h °C 

Outdoor dry bulb temperature 

predicted 6 hours ahead. 

outdoor_dry_bulb_temperature_predicted

_12h °C 

Outdoor dry bulb temperature 

predicted 12 hours ahead. 

outdoor_dry_bulb_temperature_predicted

_24h °C 

Outdoor dry bulb temperature 

predicted 24 hours ahead 

outdoor_relative_humidity % Outdoor relative humidity. 

outdoor_relative_humidity_predicted_6h % 

Outdoor relative humidity predicted 

6 hours ahead. 

outdoor_relative_humidity_predicted_12h % 

Outdoor dry bulb temperature 

predicted 12 hours ahead. 

outdoor_relative_humidity_predicted_24h % 

Outdoor dry bulb temperature 

predicted 24 hours ahead. 

diffuse_solar_irradiance W/m2 Diffuse solar irradiance. 

diffuse_solar_irradiance_predicted_6h W/m2 

Diffuse solar irradiance predicted 6 

hours ahead. 

diffuse_solar_irradiance_predicted_12h W/m2 

Diffuse solar irradiance predicted 12 

hours ahead. 

diffuse_solar_irradiance_predicted_24h W/m2 

Diffuse solar irradiance predicted 24 

hours ahead. 

direct_solar_irradiance W/m2 Direct solar irradiance. 

direct_solar_irradiance_predicted_6h W/m2 

Direct solar irradiance predicted 6 

hours ahead. 

direct_solar_irradiance_predicted_12h W/m2 

Direct solar irradiance predicted 12 

hours ahead. 

direct_solar_irradiance_predicted_24h W/m2 

Direct solar irradiance predicted 24 

hours ahead. 

carbon_intensity kgCO2/kWh Grid carbon emission rate. 

indoor_dry_bulb_temperature °C 

Zone volume-weighted average 

building dry bulb temperature. 

average_unmet_cooling_setpoint_differen °C Zone volume-weighted average 
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ce difference between 

indoor_dry_bulb_temperature and 

cooling temperature setpoints. 

indoor_relative_humidity % 

Zone volume-weighted average 

building relative humidity. 

non_shiftable_load kWh 

Total building non-shiftable plug 

and equipment loads. 

solar_generation kWh PV electricity generation. 

cooling_storage_soc 

kWh/kWhcapaci

ty 

State of the charge (SOC) of the 

cooling_storage from 0 (no energy 

stored) to 1 (at full capacity). 

heating_storage_soc 

kWh/kWhcapaci

ty 

State of the charge (SOC) of the 

heating_storage from 0 (no energy 

stored) to 1 (at full capacity). 

dhw_storage_soc 

kWh/kWhcapaci

ty 

State of the charge (SOC) of the 

dhw_storage (domestic hot water 

storage) from 0 (no energy stored) to 

1 (at full capacity). 

electrical_storage_soc 

kWh/kWhcapaci

ty 

State of the charge (SOC) of the 

electrical_storage from 0 (no energy 

stored) to 1 (at full capacity). 

net_electricity_consumption kWh 

Total building electricity 

consumption. 

electricity_pricing $/kWh Electricity rate. 

electricity_pricing_predicted_6h $/kWh 

Electricity rate predicted 6 hours 

ahead. 

electricity_pricing_predicted_12h $/kWh 

Electricity rate predicted 12 hours 

ahead. 

electricity_pricing_predicted_24h $/kWh 

Electricity rate predicted 24 hours 

ahead. 

cooling_device_efficiency 1 

cooling_device Carnot cycle COP 

based solely on temperature 

difference between heat source and 

sink. 
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heating_device_efficiency 1 

heating_device Carnot cycle COP 

based solely on temperature 

difference between heat source and 

sink if heat pump else technical 

efficiency. 

dhw_device_efficiency 1 

dhw_device Carnot cycle COP based 

solely on temperature difference 

between heat source and sink if heat 

pump else technical efficiency. 

cooling_demand kWh 

Cooling energy supplied by 

cooling_device and cooling_storage 

for space cooling. 

heating_demand kWh 

Heating energy supplied by 

heating_device and heating_storage 

for space heating. 

dhw_demand kWh 

Heating energy supplied by 

dhw_device and dhw_storage for 

DHW heating. 

cooling_electricity_consumption kWh 

cooling_device net electricity 

consumption in meeting 

cooling_demand and 

cooling_storage demand. 

heating_electricity_consumption kWh 

heating_device net electricity 

consumption in meeting 

heating_demand and 

heating_storage demand. 

dhw_electricity_consumption kWh 

dhw_device net electricity 

consumption in meeting 

dhw_demand and dhw_storage 

demand. 

indoor_dry_bulb_temperature_set_point °C 

Zone volume-weighted average 

building dry bulb temperature set 

point. 

indoor_dry_bulb_temperature_delta °C 

Absolute difference between 

indoor_dry_bulb_temperature and 
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indoor_dry_bulb_temperature_set_p

oint observations. 

power_outage  

Integer signal indicating power 

outage at time step (1) or not (0). 

A possible action in this environment represents a decision to charge or discharge an energy 
storage device and how fast. Values are normalized between -1 and 1, where 1 is charging as fast as 
possible and -1 represents a discharge as fast as possible. 

The reward function in training RL is designed to guide the agent towards a desired behavior. 
Initial experiments focused on minimizing wasted energy generated by PV, however this caused the 
agent to only charge the battery, never actually using it in fear of wasting some solar energy. When 
the reward function was changed to focus on decreasing the overall energy consumption the agent 
learned a more balanced strategy. The exact formula used to calculate the reward was: 𝑚𝑖𝑛ሺെ𝑒ଷ, 0ሻ, (1) 
where e is net energy consumption, thus punishing the agents for consuming energy from the grid, 
guiding them towards focusing on self-sustainability, and lower power peaks. 

3.4. Algorithm and Training 

Figures 1 and 6 give a more detailed energy profile for a generic actor in a community. Generally, 
energy usage starts at ~07:00 and continues well into the evening. And the solar generation starts a 
bit earlier at ~06:00, with a drastic decrease at ~14:00. Provided with this information, the RBC was 
set to charge as fast as possible when the energy is the cheapest, during the night (22:00 - 06:00), to 
rely on solar generation at peak hours (07:00 - 14:00), and to discharge during the evening (14:00-
22:00) when the solar generation cannot cover the consumption anymore. 

 

Figure 6. Example of usage simulated by CityLearn for a commercial building over 24 hours. 

We chose PPO as the RL algorithm due to its ability to work with environments with continuous 
action spaces and robustness during training. PPO’s implementation prevents the sudden 
performance drops which appear due to large updates present with other RL implementations. We 
used the standard PPO implementation from the Stable Baselines3 library, 2 fully connected layers 
of 64 neurons each (see Figure 7). Given the tabular nature of the data, no convolutional layers were 
used, because the improvement in the feature extraction does not compensate for the additional 
computational cost. Similar architectures have been applied to energy management and demand-
response problems, showing PPO’s stability and sample efficiency in continuous microgrid 
environments [23]. 
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Figure 7. Architecture of the PPO agent. 

The simulation and decision making process follow the steps shown in Figure 8. It gets an 
observation from the environment, this is passed through the agent’s neural network, and the 
dispatcher selects an action using the neural network’s output. After selecting an action, the 
environment is updated using the selected action, and the reward is calculated using the reward 
function, which helps the agent’s network to make better decisions. 

 

Figure 8. Application Flow. 
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Table 5. Hyperparameters used for training the RL agent. 

Hyperparameter Value Description 

Training steps 400,000 Total number of environment interactions used for training. This 

determines the overall training duration. 

Learning rate 0.0001 Step size for gradient updates. Small values slow down 

convergence but also ensure gradual stable learning. 

Gamma 0.99 Discount factor which controls how much future rewards 

influence current decisions. 

Batch size 64 Number of samples used per gradient update. 

Steps per update 2048 Number of environment steps collected before each policy 

update. 

Epochs 10 Number of passes over each batch during optimisation 

GAE Lambda 0.95 Generalised Advantage Estimation. Trades off bias and variance 

in advantage computation for smoother learning. 

4. Results 

For each of our experimental setups four scenarios were considered in order to minimize the 
impact of each change. A grid-only scenario was used to show the raw energy needs of the 
community. A second scenario was a community which has access to solar panels but no control 
strategies, representing a passive system where buildings consume energy from the local PV and the 
remaining demand is supplied by the grid, which we used as a baseline to test control strategies 
against each other. The remaining two scenarios represent the same community with access to PV, 
storage capabilities, and two control strategies, a RBC and a PPO agent, respectively. 

The performance of the control strategies is measured based on economic, stability, and 
environmental factors. We focus on the total amount of energy used, its cost, the amount of carbon 
emissions generated, and the peak energy consumption at the end of a one-year simulation period. 
All economic indicators in this study refer strictly to electricity costs from energy consumption, not 
accounting for installation of hardware investment costs. All percentage improvements reported 
below are computed relative to the corresponding baseline within the same schema, using the 
formula: 

Percent reduction = 
ெಲିெಳெಲ  ×  100, (2) 

where 𝑀஺ is the baseline value, and 𝑀஻  is the value we compare with. 
As expected in all situations, simply adding solar energy to the community greatly diminishes 

economic, and environmental impacts. When compared to the “Grid-only” baseline, the “Grid + Solar” 
configuration reduced annual costs by 72.4%, 87.2% and 84.7%, and reduced the amount of carbon 
emissions by 62.4%, 82.9%, and 79.5% in each schema respectively. 

The improvements depend on how many resources the RL agent is able to control. For Schema 
1, the agent can control 3 out of 5 buildings, since only 3 buildings in the community had batteries. 
When compared to the “Grid + Solar” scenario, the PPO-controlled community achieved a 2.5% 
reduction in annual costs and carbon emissions (see Table 6, Figure 9), while the RBC-controlled 
community performed 1.9% worse. This demonstrates that an improper control strategy can degrade 
performance in certain conditions. Overall, the PPO agent was able to lower energy consumption and 
carbon footprint by 4.4% more than the RBC (calculated relative to the common “Grid + Solar” 
reference). 

For schema 2, even though the agent had control over 2 out of 3 buildings, most of the energy 
available for the community is produced by the largest entity, which the agent cannot control. We 
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see that in this case, none of the controllers could provide better performance than the “Grid + Solar” 
scenario. The PPO-controlled community achieved a 1.28% higher power consumption, and the RBC-
controlled community achieved a 3.96% higher energy consumption. In such communities investing 
in any form of control system only brings the local distribution system operator (DSO) the advantage 
of a lower peak power consumption (see Table 7, Figure 10). While PPO remains superior to RBC in 
cost and carbon footprint reduction, the best solution in this case would be to go with a simpler 
system, of just using the power generated by the PV without storing anything. 

In Schema 3, where all actors in the community had energy storage options, and the PPO agent 
was able to manage resources, we see a similar result to Schema 1. When comparing a scenario in 
which the PPO agent controls resources against a “Grid + Solar” baseline, we see a 4.3% reduction in 
costs and carbon emissions, and a 9.2% performance difference between PPO control and RBC control 
(see Table 8, Figure 11) (when comparing both against the “Grid + Solar” baseline). 

Table 6. Performance across the board for strategies in the first schema. 

SCHEMA 1 Grid only Grid + Solar RBC PPO 

Annual Cost ($) 587,176.69 162,000.67 165,080.21 157,863.93 

Energy Used (kWh) 2,044,709.71 736,365.63 750,364.67 717,566.10 

Carbon emissions (kg) 1,094,800.08 413,185.86 421,040.27 402,635.01 

Peak Energy consumption 

(kWh) 

351.3 398.61 395.97 429.79 

 

Figure 9. Comparison of control strategies for Schema 1. 

Table 7. Performance across the board for strategies in the second schema. 

SCHEMA 2 Grid only Grid + Solar RBC PPO 

Annual Cost ($) 581,955.27 74,270.4 77,209.41 75,218.32 

Energy Used (kWh) 2,051,007.59 337,594.4 350,952.56 341,902.95 

Carbon emissions (kg) 1,109,990.13 189,428.1 196,924.1 191,845.78 

Peak Energy consumption 

(kWh) 

816.33 543.99 513.64 549.56 
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Figure 10. Comparison of control strategies for Schema 2. 

Table 8. Performance across the board for strategies in the third schema. 

SCHEMA 3 Grid only Grid + Solar RBC PPO 

Annual Cost ($) 581,955.27 89,183.1 93,898.79 85,316.74 

Energy Used (kWh) 2,051,007.59 405,378.7 426,811.46 387,801.47 

Carbon emissions (kg) 1,109,990.13 227,463.22 239,490.68 217,602.01 

Peak Energy consumption 

(kWh) 

816.33 554.21 505.53 554.21 

 

Figure 11. Comparison of control strategies for Schema 3. 

One disadvantage of the PPO-controlled community is that given the current configuration and 
implementation it consistently registers higher peak power consumption due to the nature of the 
reward function, which does not punish the agent for reaching high power peaks. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 November 2025 doi:10.20944/preprints202511.0053.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.0053.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 19 

 

5. Discussion 

Results show that while simply integrating solar energy is highly effective, the choice of a control 
strategy can further improve economic and environmental outcomes. The choice of control strategy 
should depend on the layout of the energy community and its complexity. Reinforcement Learning 
is best suited for variable environments with controllable resources and rule-based approaches are 
more efficient in simpler or less flexible systems. The PPO agent consistently showed better 
performance for minimizing costs and carbon emissions compared to the RBC in the scenarios, 
provided it had enough control over the communities’ resources. 

While the PPO agent is superior when it comes to resource optimization, one notable advantage 
of the RBC over the PPO agent is peak energy consumption. The RBC shows a clear advantage when 
it comes to reducing the peak power consumption, a metric of the grid stability. Schema 3, slightly 
different from schema 2, shows the advantage of providing control to a RL agent. Only by adding a 
battery to the third entity helps the RL agent make more impactful decisions, thus improving the 
overall performance against the baseline. 

This research was conducted in the CityLearn framework, which has its limitations. While the 
framework provides a robust environment for simulating energy communities, it doesn’t support 
more advanced concepts, like peer-to-peer energy trading or the role of energy aggregators. It does 
not provide specific electrical characteristics such as nominal voltage or current for the battery models 
either. This is a limitation of the simulation and was not a parameter considered in this study. The 
nominal power and capacity values for the PV panels and batteries were not arbitrarily chosen, they 
were specifically taken from one of the CityLearn Challenge datasets, which are designed to model 
realistic community configurations. These datasets leverage real-world data from sources like the 
End-Use Load Profiles for the U.S. Building Stock to create their scenarios [20]. 

6. Conclusions 

This study analyzed the effectiveness of using a PPO reinforcement learning agent for energy 
management in three energy communities’ configurations, comparing it to a more traditional Rule-
Based approach. Results show that the effectiveness of the PPO agent was directly linked to the 
degree of control it had over the available resources. 

Across three community schemas, adding photovoltaic generation alone reduced annual 
operational costs by 72-87% and carbon emissions by 62-83% relative to grid-only operation. When 
storage and control were introduced, the PPO agent achieved up to 4.3% additional reductions of 
costs and carbon emissions when compared to a “Grid + Solar” baseline, and a 4-9% improvement 
over the rule-based controller. These results indicate that RL agent control strategies are 
advantageous in communities where the participants are prosumers, or a mixed community, where 
multiple buildings are equipped with photovoltaic generation and battery storage. In these 
configurations, the PPO agent can coordinate charging and discharging decisions, adapting to 
variables in the environment to minimize overall costs, whereas rule-based controllers may still be 
preferable in communities with a predictable energy dynamic, like commercial or industrial sites. 

Future development will focus on methods for expanding the PPO agent’s control, by 
introducing new systems to the CityLearn framework. Implementation of an optimization algorithm 
based on Pareto non-dominance (e.g., NSGA-II, NSGA-III, CNSGA-II) to generate feasible offline or 
semi-online control and energy transfer strategies followed by implementation and testing of the 
resulting reward structures will represent a further step to follow in our research. Systems like Peer-
To-Peer energy sharing and third-party energy aggregators could allow the Reinforcement Learning 
agent to explore more complex decisions and potentially achieve better results. Grid stability and 
peak energy consumption analysis also represent future focus points, given the framework’s built-in 
power outage scenarios, the computational capabilities for complex reward functions. 
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