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Abstract
Integrating renewable energy sources into the electricity grid introduces volatility and complexity,
requiring advanced energy management systems. By optimizing the charging and discharging behav-
ior of a building’s battery system, reinforcement learning effectively provides flexibility, managing
volatile energy demand, dynamic pricing, and photovoltaic output to maximize rewards. However,
the effectiveness of reinforcement learning is often hindered by limited access to training data due to
privacy concerns, unstable training processes, and challenges in generalizing to different household
conditions. In this study, we propose a novel federated framework for reinforcement learning in energy
management systems. By enabling local model training on private data and aggregating only model
parameters on a global server, this approach not only preserves privacy but also improves model
generalization and robustness under varying household conditions, while decreasing electricity costs
and emissions per building. For a comprehensive benchmark, we compare standard reinforcement
learning with our federated approach and include mixed integer programming and rule-based systems.
Among the reinforcement learning methods, deep deterministic policy gradient performed best on the
Ausgrid dataset, with federated learning reducing costs by 5.01% and emissions by 4.60%. Federated
learning also improved zero-shot performance for unseen buildings, reducing costs by 5.11% and
emissions by 5.55%. Thus, our findings highlight the potential of federated reinforcement learning to
enhance energy management systems by balancing privacy, sustainability, and efficiency.

ntroduction
s climate change drives the transition to renewable
y sources (RES), their intermittent nature frequently

es imbalances between energy supply and demand [1].
lla et al. [2] indicate that to maintain grid stability with
penetration exceeding 80%, Europe and the United

s may require an additional 0.2 TWh to 3 TWh of stor-
apacity. Furthermore, Europe alone spent 2.25 billion $
ongestion management in 2021 [3], highlighting the
for additional flexibility solutions.

n this context, residential battery energy storage sys-
(BESS) are essential to maintain grid stability, en-

e the integration of RES, or prevent grid expansion
When combined with dynamic electricity pricing and
t meters, advanced BESS scheduling algorithms can
ict energy demand peaks and optimize BESS usage
d on future electricity prices to reduce electricity costs
missions [5].
s shown in Figure 1, we propose a novel federated rein-
ment learning (FRL) approach to optimize the charging
ischarging operations of BESSs across geographically

ibuted buildings. In contrast to conventional reinforce-
learning (RL) approaches relying on isolated building
our federated method incorporates a global aggregation

This work was funded by the German Research Foundation (DFG)
rt of the Research Training Group 2153: “Energy Status Data -
atics Methods for its Collection, Analysis, and Exploitation”.
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Figure 1: Federated Reinforcement Learning Architecture for
Residential Battery Scheduling to Reduce Costs and Emissions

phase, enabling the model to learn from diverse build-
ing conditions without direct data exchange. Our federated
approach reduces overall energy costs, lowers emissions,
and enhances model robustness, while also ensuring im-
proved generalization to previously unseen buildings. By
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omenclature
ergy Management

Emission weighting factor

𝑒𝑠𝑠 Electrical power of battery energy storage system

𝑟𝑖𝑑 Electrical power from the grid

𝑎𝑑 Electrical power demand of the building (load)

𝑒𝑡 Net electrical power (prosumption)

𝑣 Electrical power from photovoltaic generation
Operational electricity cost

𝑛 Penalty cost of the battery energy storage system
CO2 equivalent emissions

𝑛 Dynamic electricity price

𝑒𝑒𝑑𝑖𝑛 Grid feed-in tariff
𝐸 State of energy

derated Reinforcement Learning
Clipping parameter for weight updates
Random noise term
Discount factor for future rewards
Expected value given policy 𝜋
Action space, the set of all possible actions
Entropy term
Markov Decision Process tuple
Normal (Gaussian) distribution
State transition probabilities
Reward function
State space, the set of all possible states

𝜇 Actor network
𝜙 Parameters of critic network
𝜋 Policy mapping states to actions
𝜓 Parameters of value network
𝜎 Standard deviation of noise
𝜃 Parameters of actor network
𝜐 Model performance metric
𝑎 Action taken by the agent
𝑏 Scaling parameter
𝑑𝑑𝑡𝑤 Dynamic time warping distance
𝑑𝑒𝑢𝑐 Euclidean distance
𝑔 Discounted cumulative reward
𝑄 Action-value function
𝑄𝜙 Critic network
𝑟 Reward received by the agent
𝑠 State of the environment
𝑉 State-value function
𝑉𝜓 Value network
𝑤 Neural network weights

Indices and Superscripts
𝑦̂ Estimated value of variable 𝑦
𝑏 Index of alignment in dynamic time warping
𝑖, 𝑗 Index of client, building, or model
𝑘 Index of cluster
𝑡 Discrete time step

taining training stability and privacy protection, our
method outperforms conventional solutions, establish-
RL as an effective approach for decentralized energy
ms.
raditional methods for BESS scheduling, such as rule-

d systems [6], mathematical modeling [7], and model
ictive control [8], rely on detailed technical knowledge,
limiting automation and scalability. In contrast, RL

s a data-driven approach utilizing historical and real-
data to dynamically adapt to complex environments [9],
ng to reductions in operational expenses and increased
resilience [10].
y optimizing BESS charging and discharging cycles,
an enhance photovoltaic (PV) self-consumption and

fit from dynamic electricity pricing, thereby reducing
and emissions [11]. The effective implementation of

or BESS scheduling necessitates high-resolution data,
ally obtained through smart metering infrastructure
However, relying only on local data may limit data

ability and diversity. One approach is to aggregate data

from multiple buildings on a central server for model train-
ing, although this strategy raises significant privacy con-
cerns [13]. Here, research indicates that smart meter data
can disclose sensitive details such as users’ habits, locations
[14], and absences [15], sometimes leading to resistance to
smart meter installation.

To ensure data privacy while learning from other build-
ings data, federated learning (FL) has been proposed. In
FL [16], models are trained on individual devices with
private data, and only the model parameters are shared and
aggregated on a central server, thus enhancing data privacy,
reducing latency and improving bandwidth efficiency within
the communication network [17].
1.1. Related Work

For a detailed understanding of the current research
and existing challenges, we introduce related work for RL
and FRL in BESS scheduling. Selected publications are
summarized in Table 1.

RL-based BESS scheduling has been explored in various
real-world applications, including residential buildings, en-
ergy communities, microgrids, and industrial facilities. Each
of these domains presents unique challenges in terms of

rs et al.: Preprint submitted to Elsevier Page 2 of 20
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Federated Reinforcement Learning for Energy Management

1
ept Matrix for the Literature on Reinforcement Learning and Federated Reinforcement Learning for Battery Scheduling

Year Focus RL Single obj. Multi obj. FL Cluster Agg. FRL vs. RL

2024 Cost saving (DQN, TD3, DDPG) ✓ ✓

2023 Cost saving (Model-based DDPG, DQN, Q-learning) ✓ ✓

2024 PV self-consumption (DDPG, TRPO, Actor-Critic) ✓ ✓

2023 Cost savings (Actor-Critic) ✓ ✓

2023 Cost savings and PV self-consumption (PPO, DQN, DDPG, TD3) ✓ ✓ ✓

2024 Cost savings and Comfort (Q-Learning) ✓ ✓ ✓

2024 Peak-load and self-sufficiency (A2C, PPO, TD3, and SAC) ✓ ✓ ✓

2024 Cost saving and PV self-consumption (DQN, Rainbow, PPO) ✓ ✓ ✓

2023 FRL for energy management (DQN) ✓ ✓ ✓

2023 FRL for demand side management (A2C) ✓ ✓ ✓

2023 FRL for reduced energy consumption (Actor-critic) ✓ ✓ ✓

aper 2024 FRL for Battery Scheduling (DDPG, TD3, SAC, PPO) ✓ ✓ ✓ ✓ ✓ ✓ ✓

eviations: Deep Q-Network (DQN), Twin Delayed DDPG (TD3); Deep Deterministic Policy Gradient (DDPG); Advantage
r Critic (A2C); Proximal Policy Optimization (PPO); Soft Actor-Critic (SAC); Trust Region Policy Optimization (TRPO)

ol. In residential systems, RL necessitates the capacity
apt to rapidly evolving load patterns [18] to reduce

ricity costs, improve PV integration, or reduce emis-
[19]. In energy communities, the presence of multi-

nteracting subsystems, such as PV, flexible loads, and
S, expands the control space and introduces coordina-
requirements across entities [20]. Microgrids introduce
ional complexity by requiring real-time balancing of
ly and demand, especially during islanded operation

external grid support is unavailable [21]. In industrial
xts, RL is used for dynamic scheduling of large-scale
ment to reduce peak loads and integrate renewable
es, thereby improving both operational resilience and
inability [22]. These application-specific characteris-
ighlight the need for customized RL formulations that

ess the operational constraints of each domain.
onsidering the different RL algorithms applied in
iterature, value-based, policy-based, and actor-critic
ods exist for both model-free and model-based RL
Value-based methods, such as State-action–reward

–action (SARSA) [34] and Deep Q-Network (DQN)
focus on estimating state or action values to guide

ions. However, they are rarely used for battery schedul-
n buildings due to their limitations in high-dimensional
es [36]. Sultana, Ma, Hu, and Wang utilize SARSA for
r scheduling of a BESS connected to a PV plant and
ectric vehicle (EV) charging station [37]. Similar, Liu,
, Matsui, Takanokura, Zhou, and Gao apply SARSA to
mize electricity cost in residential buildings [38].
olicy-based methods like REINFORCE [39], Proximal
y Optimization (PPO) [40], and Trust Region Policy

mization (TRPO) [41], learn the best policy, which is the
ability of taking action 𝑎 given a state 𝑠, making them
tive in continuous action environments. While some
ications exist using PPO [18] or TRPO [42] for battery
uling, most publications consider actor-critic methods
Kang et al. utilize PPO for residential BESS scheduling

with PV systems, demonstrating superior performance in
maximizing self-sufficiency and economic benefits under
real-world uncertainties [18]. Bollenbacher and Rhein apply
TRPO, to optimize Energy Hub configurations and control
strategies in multi-carrier energy systems, minimizing costs
while meeting electrical and heat demands [42].

Actor-critic methods combine aspects of both approaches
utilizing a policy network (the actor) to select actions
and a value network (the critic) to estimate action values,
enhancing stability and efficiency. Common actor-critic
methods are Deep Deterministic Policy Gradient (DDPG)
[44], Twin Delayed DDPG (TD3) [45] and Soft Actor-
Critic (SAC) [46]. Within buildings and electrical grids,
different objectives are considered, including cost mini-
mization [47], PV self-consumption maximization [48], or
frequency stabilization [49]. Other objectives include opti-
mizing energy efficiency, operational and investment costs,
reducing battery degradation, or maximizing user comfort
[50]. Chen et al. utilize DQN, TD3, and DDPG to evaluate
the economic impacts of battery capacity, PV output, and
price volatility [23]. Similarly, Xu et al. use model-based
DDPG, DQN, and Q-learning to enhance cost savings in
residential energy systems [24], while Real et al. reduce costs
by increasing PV self-consumption in residential systems
with Double DQN, Dueling DQN, Rainbow, and PPO [29].
Cheng et al. present a RL algorithm for optimizing the
scheduling of multi-BESS, aiming to reduce electricity
costs for consumers through adaptive control strategies [26].
Addressing grid objectives beyond economic performance,
Kang et al. demonstrate the reduction of peak loads and
improved self-sufficiency through the use of Advantage
Actor Critic (A2C), PPO, TD3, and SAC [18]. Meanwhile,
Yan, Xu, Wang, and Feng apply DDPG to control BESS
resources to provide frequency support in power grids,
aiming to enhance system stability and efficiency through
data-driven decision-making [51]. Focusing on PV self-
consumption, Dou et al. assess the performance of TRPO,

rs et al.: Preprint submitted to Elsevier Page 3 of 20
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Federated Reinforcement Learning for Energy Management

G, Twin Actor-Critic, and Asynchronous Advantage
r-Critic in scheduling residential BESS with PV sys-
, finding TRPO to be particularly effective in handling
rtainties and improving self-sufficiency [25]. Minimiz-
nergy costs and maximizing PV self-consumption, Xu
. introduce a model-based RL strategy specifically for

izing residential PV-BESS systems, demonstrating the
tiveness of TD3 [27]. Meanwhile, Felicetti et al. present
brid framework that combines Q-learning for BESS
ation with integer programming for load scheduling,
essfully optimizing both electricity bills and mitigating
iscomfort induced by demand response programs [28].
ew publications also exist, applying FRL to energy
gement in buildings. Here, Lee et al. use a DQN for

minimization [30], while Lee and Choi employ an A2C
emand side management [31], and Lee et al. utilize an
to reduce energy consumption [32].
esides the different RL algorithms, recent research
asingly focuses on developing scalable control ar-
ctures that can be applied across multiple buildings,
ibuted energy resources, and flexible loads [52]. Fur-

ore, multi-objective optimization formulations are
red to simultaneously address cost, emissions, and user
ort, providing a more comprehensive representation of
omplex dynamics of modern energy systems [53]. The
ased adoption of edge and distributed computing fur-
highlights the need for control algorithms that balance
utational efficiency with privacy protection [54].
espite recent advancements, several fundamental chal-
s persist in the field of RL-based BESS scheduling.
of the key challenges is the lack of effective transfer
ing strategies, which would enable models to learn from
across multiple buildings and generalize to environ-
s with varying characteristics. Most current approaches
on individual buildings and struggle with the inherent

bility in user behavior, building dynamics, and control
tives. This variability hinders the development of scal-

and robust solutions that can maintain high performance
ite limited data, while also ensuring stable conver-
e and meeting computational constraints. Additionally,
cy concerns pose significant barriers to centralized
ing methods, highlighting the need for decentralized
oaches that can preserve privacy while maintaining
el effectiveness. Addressing these challenges is crucial
eveloping high-performing, adaptive, scalable, and de-
ble BESS control solutions in real-world applications.
Paper Contribution and Organization
s shown in Figure 1, we introduce a FRL framework
ESS scheduling across multiple buildings, addressing
hallenges of effective transfer learning, privacy preser-
n, and the reduction of electricity costs and emissions
r variable conditions.
espite selected advances in FRL, no publications exist

hmarking FRL against locally trained models, Mixed
er Programming (MIP) or rule-based systems. How-
such comparative analyses are essential to validate

whether the FL framework indeed offers performance im-
provements. Additionally, no literature exists on state-of-
the-art RL algorithms in federated environments, nor have
clustering techniques been applied to leverage data het-
erogeneity, and advanced aggregation mechanisms beyond
simple averaging have not been explored in previous studies.

Therefore, further research is required to improve FRL
performance and data privacy. To the best of our knowledge,
we are the first to demonstrate that incorporating a FL ar-
chitecture into the RL training process can effectively lower
the electricity costs or emissions compared to locally trained
models and thus enable transfer learning. Consequently, our
main contributions are as follows:

• We introduce a novel FRL framework that seam-
lessly integrates multiple state-of-the-art RL algo-
rithms (DDPG, SAC, TD3, PPO) into a federated ar-
chitecture, enabling decentralized, privacy-preserving
training, and comprehensively benchmark its capa-
bilities against corresponding locally optimized RL
approaches, traditional rule-based methods, and MIP-
based models.

• We propose advanced federated aggregation tech-
niques, incorporating differential privacy, gradient
clipping, weighted updates, and clustering-based ap-
proaches to enhance robustness, convergence effi-
ciency, and resilience to data heterogeneity.

• We present a detailed sensitivity analysis that quanti-
fies the effects of prosumption and emission forecast
accuracy, as well as forecast horizon, on decision
quality, emphasizing the importance of reliable pre-
dictions. Further, we demonstrate the zero-shot learn-
ing capabilities of our FRL framework, demonstrating
improved generalization to unseen conditions.

The remainder of the paper is organized as follows: Sec-
tion 2 introduces our methodology, while Section 3 outlines
our experimental setup. Building on this, Section 4 presents
our results, Section 5 discusses our results and limitations,
and Section 6 provides our conclusion and future work.

2. Methodology
In this section, we provide a concise overview of our

methodology, including RL and FL to reduce electricity
costs and emissions.
2.1. Reinforcement Learning

As shown in Figure 2, a RL problem involves an agent
interacting with an environment. This interaction is char-
acterized by the agent observing states 𝑠, performing ac-
tions 𝑎, and receiving rewards 𝑟 based on the performance.
The underlying mathematical structure of this interaction
is formalized as a Markov Decision Process (MDP) [55],
represented by the tuple  ∶= ( ,, ,, 𝛾), where 𝑆
represents the state space, 𝐴 denotes the action space, 𝑃
defines the transition probabilities between states, 𝑅 is the

rs et al.: Preprint submitted to Elsevier Page 4 of 20
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rd function, and 𝛾 is the discount factor that balances the
rtance of immediate versus future rewards (0 ≤ 𝛾 ≤ 1).
he agent aims to optimize the total discounted rewards
any time step 𝑡, formulated as Equation 1 [56].

𝑔𝑡 = 𝑟𝑡+1 + 𝛾𝑟𝑡+2 + 𝛾2𝑟𝑡+3 +⋯ =
∞∑
𝑛=0

𝛾𝑛𝑟𝑡+𝑛+1 (1)

o guide decision-making, the agent utilizes a policy 𝜋,
h specifies a probability distribution over possible ac-
for a given state. This policy effectively represents the

t’s strategy for selecting actions based on the observed
, balancing exploration and exploitation. The agent’s
tive is to select actions that maximize the expected
lative future reward. The effectiveness of a state under
y 𝜋 is measured by the state value function 𝑉 𝜋(𝑠) [56],
h is formally defined in Equation 2.

𝑉 𝜋(𝑠) = 𝔼𝜋
[ ∞∑
𝑛=0

𝛾𝑛𝑟𝑡+𝑛+1 ∣ 𝑠𝑡 = 𝑠

]
, (2)

here 𝑠 is the state at time 𝑡, 𝑟𝑡+𝑛+1 denotes the reward
ved at time 𝑡 + 𝑛 + 1, and 𝛾 ∈ [0, 1) is the discount
r that determines the importance of future rewards. The
ctation 𝔼𝜋 is taken over all possible trajectories that
w the policy 𝜋 starting from state 𝑠.
n addition to evaluating states, it is often useful to eval-
state-action pairs. The action value function 𝑄𝜋(𝑠, 𝑎)
ides the expected return when taking action 𝑎 in state 𝑠
e 𝑡, and thereafter following the policy 𝜋. It is formally

ed in Equation 3

𝑄𝜋(𝑠, 𝑎) = 𝔼𝜋
[ ∞∑
𝑛=0

𝛾𝑛𝑟𝑡+𝑛+1 ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎

]
, (3)

here the expectation is again taken over all future
tories generated by following 𝜋 after taking action 𝑎
te 𝑠 [56].

We use single-agent RL, where each building has an
independent energy management system, instead of imple-
menting a multi-agent RL framework, where each building
requires inter-agent coordination. This approach reduces
complexity, avoids communication overhead, and improves
both scalability and stability by preventing coordination
failures.
2.1.1. Environment

As energy infrastructures become increasingly decen-
tralized, individual buildings equipped with PV systems
and BESSs are transforming from passive consumers into
prosumers, actively participating in the grid. We model
the building’s operating conditions as a simulated environ-
ment that incorporates PV production, volatile load profiles,
storage constraints, and dynamic price signals. Within this
environment, an RL agent learns to operate a BESS and
iteratively refining its control policies through performance-
driven feedback.

Based on the agent’s decision to charge or discharge the
BESS, the environment assesses the impact on the electricity
grid, ensures adherence to physical constraints, and provides
rewards to guide the agent’s actions. As shown in Figure 3, at
each time step 𝑡, the building’s net power ℙ𝑛𝑒𝑡,𝑡 is determined
by balancing the electric load of the building ℙ𝑙𝑜𝑎𝑑,𝑡, the
power generated by the PV system ℙ𝑝𝑣,𝑡, and the charging or
discharging power of the BESS ℙ𝑏𝑒𝑠𝑠,𝑡. The sign of ℙbess,𝑡 in-
dicates the operating mode of the BESS, with positive values
representing discharging and negative values charging. This
power balance is formalized in Equation 4. A positive net
power (ℙ𝑛𝑒𝑡,𝑡 > 0) implies that electricity must be purchased
from the grid at the dynamic market price 𝑝𝑑𝑦𝑛,𝑡, whereas a
negative net power (ℙ𝑛𝑒𝑡,𝑡 < 0) indicates surplus electricity
is fed into the grid and compensated at a fixed feed-in tariff
𝑝𝑓𝑒𝑒𝑑𝑖𝑛,𝑡, as expressed in the cost function Equation 5. A
positive value of 𝑐𝑡 represents a cost, whereas a negative
value indicates a profit:

ℙ𝑛𝑒𝑡,𝑡 = ℙ𝑙𝑜𝑎𝑑,𝑡 − ℙ𝑝𝑣,𝑡 − ℙ𝑏𝑒𝑠𝑠,𝑡 (4)

𝑐𝑡 =

{
ℙ𝑛𝑒𝑡,𝑡 ⋅ 𝑝𝑑𝑦𝑛,𝑡 if ℙ𝑛𝑒𝑡,𝑡 > 0,
ℙ𝑛𝑒𝑡,𝑡 ⋅ 𝑝𝑓𝑒𝑒𝑑𝑖𝑛,𝑡 if ℙ𝑛𝑒𝑡,𝑡 < 0.

(5)

To ensure the BESS operates within its physical con-
straints, the agent’s actions 𝑎 ∈  are limited to the
maximum charging or discharging power of the BESS.

Based on the previously defined cost structure, the
agent’s objective is formalized through the reward function
shown in Equation 6. This function integrates both economic
and environmental considerations by weighting electricity
costs and grid-related carbon emissions. Specifically, 𝑐𝑡 de-
notes the electricity cost or revenue as defined in Equation 5,
while 𝑒𝑡 represents the greenhouse gas emissions (in kg CO2-
equivalent) associated with electricity consumption at time
step 𝑡. The trade-off between economic and ecological objec-
tives is controlled by a weighting parameter 𝛽 ∈ [0, 1], with
𝛽 = 0 corresponding to a purely cost-driven optimization
and 𝛽 = 1 to an emission-minimization strategy.

rs et al.: Preprint submitted to Elsevier Page 5 of 20
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vironment Grid

PV BESS

Load

Buy Electricity:

Dynamic Pricing

Sell Electricity:

Feed-in Tariff

Pload, t
Pbess, t

Pgrid, tPpv, t

e 3: Power Flows within the Residential Battery Schedul-
nvironment

𝑟𝑡 = −𝑐𝑡 ⋅ (1 − 𝛽) − 𝑒𝑡 ⋅ 𝛽 − 𝑐𝑝𝑒𝑛,𝑡 (6)
urthermore, the reward function includes a penalty
𝑐𝑝𝑒𝑛,𝑡 for exceeding operational limits, such as charg-
eyond rated capacity or operating outside the state-
arge range (10% to 90%), which accelerates battery

adation. To facilitate convergence during training, all
onents of the reward function are normalized to ensure
ar magnitudes.
he state 𝑠𝑡 provided by the environment (Equation 7) is
ed as an 𝑛-tuple comprising the current State of Energy
) of the BESS (𝑆𝑜𝐸𝑡), the net electrical load of the
ing (ℙ𝑛𝑒𝑡,𝑡), the dynamic electricity price (𝑝𝑑𝑦𝑛,𝑡), and
ssociated emissions of the grid electricity (𝑒𝑡). In addi-
o these current values, 𝑠𝑡 includes forecast vectors of the
mic price (𝑝̂𝑑𝑦𝑛), emissions (𝑒), and net load (ℙ̂𝑛𝑒𝑡) with
ing horizons to enable the agent to make more informed
ions based on anticipated future conditions.

𝑠𝑡 = (𝑆𝑜𝐸𝑡,ℙ𝑛𝑒𝑡,𝑡, ℙ̂𝑛𝑒𝑡, 𝑝𝑑𝑦𝑛,𝑡, 𝑝̂𝑑𝑦𝑛, 𝑒𝑡, 𝑒) (7)
ccordingly, the reward associated with taking action 𝑎𝑡ate 𝑠𝑡 is defined as the expected immediate reward, as
n in Equation 8:

𝑅 = 𝔼[𝑟𝑡+1 ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎] (8)
ased on this reward formulation, the decision-making

lem is modeled as a MDP  ∶= ( ,, ,, 𝛾), where
notes the state space,  the action space,  the state
ition function,  the reward function, and 𝛾 ∈ [0, 1)
iscount factor.
. Algorithms
ffective scheduling of BESS demands robust RL al-
hms capable of adapting to the dynamic and complex
y system environments. These algorithms must handle
nuous action and observation spaces, reflecting real-
d conditions where power dynamics are not discretely

st +1

Environment

Actor (policy) θ
 

+

…
+

Critic (Value) Φ +

…
+

𝜋 𝑎|𝑠 = 𝑃 𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠

𝑉𝜋 𝑠𝑡 = 𝐸 (σ𝑡≥0 𝛾𝑡𝑟𝑡|𝑠0 = 𝑠, 𝜋)

State st 

(SoE, Load, ...)

Action at 

(charging current)

Reward rt 

(± costs, emissions)

rt +1

TD-Error

Figure 4: Actor-Critic Reinforcement Learning Architecture for
the Use Case of Battery Scheduling

quantified. Moreover, they need to be compatible with FL
settings to facilitate decentralized learning while ensuring
data privacy. Based on these criteria and our literature review
(Section 1), we select four state-of-the-art RL algorithms:
DDPG, SAC, TD3, and, PPO. By employing all four algo-
rithms, we not only enable a comprehensive comparison of
their respective performance metrics but also demonstrate
their seamless integration into our FL framework.

The DDPG agent [44] is an actor-critic method designed
to operate in continuous action spaces. As shown in Figure 4,
the architecture comprises two primary components: the ac-
tor and critic networks. The actor network maps the observed
state space to a specific action, effectively functioning as
a deterministic policy function. It takes the current state 𝑠
as input and outputs an action 𝑎 = 𝜇(𝑠 ∣ 𝜃), where 𝜃 are
the parameters of the actor network 𝜇. The critic network
evaluates the action taken by the actor by computing the
Q-value 𝑄(𝑠, 𝑎 ∣ 𝜙), representing the expected cumulative
reward for taking that action in the given state, where 𝜙 are
the critic network parameters. Here, the Temporal Difference
(TD) error, defined as the difference between the predicted
Q-value and the target Q-value, is used to update the critic
network’s parameters, thereby refining the accuracy of the
Q-value estimates and improving the policy. This evaluation
helps the actor network to refine its policy. The agent inter-
acts with the environment by selecting actions based on the
current policy and receiving feedback from the environment
in the form of rewards, which are used to update the networks
according to the gradients of the policy and value functions
[57].

The TD3 agent [45] builds on the DDPG framework,
incorporating additional strategies to enhance stability and
performance. Similar to the DDPG, the actor network in
TD3 determines the action based on the observed state 𝑠,
outputting 𝑎 = 𝜇(𝑠 ∣ 𝜃). TD3 uses two critic networks to
estimate Q-values𝑄1(𝑠, 𝑎 ∣ 𝜙1) and𝑄2(𝑠, 𝑎 ∣ 𝜙2), mitigating
the issue of overestimation bias by taking the minimum value
from the two critics𝑄𝑚𝑖𝑛(𝑠, 𝑎) = min(𝑄1(𝑠, 𝑎), 𝑄2(𝑠, 𝑎)). To
further stabilize training, TD3 introduces noise 𝜖 ∼  (0, 𝜎)
to the target action. Here, 𝜖 represents the noise term, which
follows a normal distribution  with a mean of 0 and a
standard deviation of 𝜎. This process, known as target policy

rs et al.: Preprint submitted to Elsevier Page 6 of 20
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Federated Reinforcement Learning for Energy Management

thing, reduces the likelihood of the policy overfitting to
w peaks in the Q-function [45].
he SAC agent [58] is designed to maximize the trade-
etween exploration and exploitation by optimizing a
astic policy. This agent includes an actor network that

uts a probability distribution over actions, rather than
gle deterministic action, represented as 𝜋(𝑎 ∣ 𝑠). This
astic policy enables the agent to explore a broader
of actions. The SAC architecture employs two critic

orks to compute Q-values 𝑄1(𝑠, 𝑎 ∣ 𝜙1) and 𝑄2(𝑠, 𝑎 ∣
providing more robust value estimates and reducing the
of overestimation. These networks evaluate the quality
tions taken based on the policy. A key feature of SAC
e entropy term (𝜋(⋅ ∣ 𝑠)) in the reward function,
olled by a temperature parameter, which adjusts the
ce between exploration and exploitation.
PO [59] is a policy gradient method known for its sim-

ty and effectiveness in optimizing stochastic policies.
, the actor network outputs a distribution over possible
ns 𝜋(𝑎 ∣ 𝑠), balancing exploration and exploitation. The
network estimates the state value 𝑠̂ = 𝑉 (𝑠 ∣ 𝜓), where

e the value network parameters. This value indicates
xpected return from the current state, helping to reduce
nce in policy gradient estimates and improving the
lity of the learning process. PPO introduces a clipping
anism to the policy update preventing drastic changes

e policy and ensuring more stable and reliable learning.
Training Architectures
ext, we present both local learning and FL to train our
gents.
n traditional local learning approaches for residential
S scheduling, each building independently trains its own
gent using only its individual dataset. Although this
odology results in models specialized for each building,
tricts the agent’s ability to recognize broader patterns,
as diverse occupant behaviors or seasonal demand

tions observed across different buildings. To address
limitation, horizontal FL is employed, enabling multi-
lients with similar data types to collaboratively train
red RL model without exchanging raw data. Unlike

cal FL, where different features of the same dataset are
tained by separate clients, horizontal FL allows clients
are the same feature space across different data samples.
ever, aggregating all clients to train a single global
el requires extensive generalization to address critical
rences in operational environments.
n FL, the server starts by initializing a global model
ach cluster. A cluster refers to a subset of clients with
ar data characteristics, allowing for more specialized
el training. Each global model comprises various neural
orks used by the RL agent, including but not limited
e value and policy network, depending on the specific
lgorithm employed. Subsequently, the global model is
ibuted to the clients within each cluster. Each client 𝑖
trains these networks locally using its specific dataset

Local

data

Local 

model

Training Training

Building 1 Building n

…

…
aggregates Global model

Server 

initializes a 

global model 

per cluster

Server selects n 

clients within 

a cluster

Server sends 

global model 

to n clients

Clients train global 

model with local data

Clients send trained 

model to server
Server aggregates local models to a global 

model for each cluster 

(clipping + differential privacy)

Server

Local

data

Local 

model

Figure 5: Federated Learning Architecture for Reinforcement
Learning based Energy Management [62]

𝐷𝑖. After local training, clients send their updated model pa-
rameters back to the server. The server then aggregates these
parameters using a predefined method, enhancing the RL
agent’s networks by integrating diverse model parameters
from similar clients, leading to a more robust and generalized
model. The server repeats this iterative procedure over 𝑡
training rounds, progressively enhancing the global model’s
performance [60]. An illustration of the FL architecture is
shown in Figure 5 [61].

To update model parameters from selected clients, we
consider four of the most promising approaches: Average
Aggregation [16], Clipped Average Aggregation [63], Dif-
ferential Privacy Average Aggregation [64], and Weighted
Average Aggregation [65].

In Average Aggregation the mean of each client’s model
weights 𝑤𝑖 are calculated, as defined in Equation 9 [66].

𝑤 = 1
𝑁

𝑁∑
𝑖=1

𝑤i (9)

Although Average Aggregation is simple to implement,
it has several limitations. Considering FRL for BESS schedul
ing, this approach can be sensitive to outliers and mali-
cious clients, potentially leading to a decrease in model
performance. If a building with incorrect data or an adver-
sarial intent submits biased model updates, these can dis-
proportionately affect the aggregated model. Additionally,
Average Aggregation may not effectively handle diverse
data distributions, such as varying battery usage patterns
across different facilities, potentially leading to suboptimal
scheduling outcomes.

Clipped Average Aggregation (Equation 10) enhances
robustness by constraining model weights𝑤𝑖 to a predefined
range ±𝛿 before averaging, thus mitigating the influence of
outliers and malicious updates [66].

𝑤 = 1
𝑁

𝑁∑
𝑖=1

𝑐𝑙𝑖𝑝(𝑤𝑖, 𝛿) (10)

𝑤 = 1
𝑁

𝑁∑
𝑖=1

(𝑤𝑖 + 𝑏 ⋅ 𝜖𝑖) (11)

rs et al.: Preprint submitted to Elsevier Page 7 of 20
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Federated Reinforcement Learning for Energy Management

2
rated Learning Procedure with Clustered Aggregation

Input: Get data from each client 𝑖
Server clusters clients into 𝑘 clusters based on similarity
for each cluster 𝑐𝑘 with 𝑘 = 1, 2,… , 𝐾
Initialize cluster-specific model weights, 𝑤𝑖 ← 𝑤𝑟𝑎𝑛𝑑

end for
for each cluster ck with 𝑘 = 1, 2,… , 𝐾
for each communication round 𝑡 = 1, 2,… , 𝑇
for each client 𝑖 in cluster 𝐶𝑘, 𝑘 = 1, 2,… , 𝐾
Get new server model and update local model 𝑤𝑖 ← 𝑤𝑟𝑎𝑛𝑑
Train local model 𝑤𝑘

𝑖 on local data
Transmit updated 𝑤𝑘

𝑖 back to the server
end for
Update cluster-specific weights by aggregation
end for

end for
Output: Cluster-specific weights: wk, 𝑘 = 1, 2,… , 𝐾

n Differential Privacy Average Aggregation, each model
te is modified by adding noise 𝜖𝑖, scaled by a factor 𝑏,
e computing the global average, as outlined in Equa-
11. The additional noise term is used to obscure indi-
al model weights and can improve model generalization,
e potentially slowing convergence during training [66].
he Weighted Average Aggregation algorithm improves
simple averaging by assigning a performance-based

ht 𝜐𝑖 to each model 𝑖, based on its performance on a
t-specific evaluation dataset. The global model is then
uted as a weighted sum, as shown in Equation 12:

𝑤 =
∑𝑁
𝑖=1 𝜐𝑖𝑤𝑖∑𝑁
𝑖=1 𝜐𝑖

(12)

y ensuring that better-performing clients have a greater
ence on the global model, the weighted average aggre-
n enhances overall model performance and reduces the
ct of outliers and malicious clients [65].
or our FL architecture, we combine both clipping,
rential privacy, and weighted average aggregation to
ve scalable and efficient BESS scheduling. This combi-
n ensures robust energy management across distributed
ge systems, enhances model accuracy by weighting
se data contributions, and maintains high data privacy.
n FRL, clustering is essential to address challenges with
independent and identically distributed (non-IID) data,
e the client’s data are heterogeneous and not uniformly
ibuted [67]. As different buildings have varying load and
atterns, clustering similar buildings can improve model
rmance and convergence during training. Therefore,

ustered FRL each cluster of buildings trains their own
al model, as shown in Table 2 [62].
ommon clustering methods, such as K-Means clus-

g, typically rely on Euclidean distance to assess the

similarity between data points. However, this metric is in-
adequate for clustering energy time series due to their in-
herent temporal variability, which involves significant dif-
ferences in timing and speed. To overcome this limita-
tion, we utilize K-Means clustering combined with Dynamic
Time Warping (DTW). DTW offers a more precise simi-
larity measure for time series data by flexibly aligning se-
quences, thereby accommodating non-linear temporal vari-
ations. This alignment enables the identification of similar
patterns despite differences in timing or speed, ensuring that
clusters accurately reflect underlying behavioral trends [68].
The Euclidean distance between two points 𝑥 and 𝑦 in an
𝑛-dimensional space is given by Equation 13 [69]:

𝑑𝑒𝑢𝑐(𝑥, 𝑦) =

√√√√ 𝑛∑
𝑖=1

(𝑥𝑖 − 𝑦𝑖)2 (13)

In contrast, DTW calculates the distance between two
time series 𝑋 = {𝑥1, 𝑥2,… , 𝑥𝑚} and 𝑌 = {𝑦1, 𝑦2,… , 𝑦𝑛}by finding the optimal alignment that minimizes the cumu-
lative distance. The DTW distance is defined as Equation 14
[68]:

𝑑𝑑𝑡𝑤(𝑋, 𝑌 ) =

√√√√min
𝑖𝑏,𝑗𝑏

( 𝐵∑
𝑏=1

(𝑥𝑖𝑏 − 𝑦𝑗𝑏 )
2

)
, (14)

where (𝑖𝑏, 𝑗𝑏) are the indices of the points being aligned
at the 𝑏-th step, and 𝐵 is the total number of steps in the
alignment path. The minimum is taken over all possible
alignments of the two time series. DTW systematically
explores all possible pairings of points between 𝑋 and 𝑌 ,
selecting the alignment that minimizes the total cumulative
distance. This process effectively handles time shifts and
speed variations, allowing DTW to identify similarities be-
tween the time series despite misalignments.

3. Experimental Setup
Building on our methodology, we describe our experi-

mental setup, including data analysis, RL hyperparameters,
and training scenarios.
3.1. Datasets

We utilize the Ausgrid dataset [70], which contains
smart meter readings from 2010 to 2013 from 300 residential
buildings in Australia (Figure 6).

The dataset includes controllable load, general load and
PV measurements in half-hourly resolution, indicated in
kilowatt hours (kWh). Based on these time series, we extend
the dataset by the total load (controllable and general load)
and the prosumption (load minus PV output). For computa-
tional efficiency, our analysis focuses on a randomly selected
subset of the first 30 households, referred to as clients.
Additionally, the buildings 31 to 60 are utilized to assess
zero-shot learning capabilities. Within the dataset, we define

rs et al.: Preprint submitted to Elsevier Page 8 of 20
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ers as (i) negative values (physical limitation for PV and
or that (ii) deviate more than two standard deviations
the last value (inertia on building level). However,

in the dataset no outliers or missing data points are
nt [62].
urther, we collect time and location-matching data for
lectricity prices from the Australian Energy Market
ator [71]. We delete five negative price values, as the
ral curve of the price does not seem to support negative
s. The missing five values are then replaced by linear

polation. It is worth noting that the price dataset con-
few price peaks that correlate with dates of weather

mes and are thus not corrected. Our final price dataset
ines the stock market price and an offset of 0.1891 $

d to the net costs. This offset represents the taxes, levies,
es, and grid usage fees. To sell electricity to the grid,
pply a fixed feed-in tariff of 0.076 $ according to the
nt tariff system in New South Wales [72].
o obtain greenhouse gas emissions data for grid elec-
y, we utilize information from the OpenNEM platform
for the geographical zone (Sydney) aligning with the
rid dataset. Since historical emission data for our spe-
time range is not available at half-hourly resolution, we
e emission data from 2023 to model daily and seasonal
tions. We scale this data to fit the annual emissions from
orresponding years in the Ausgrid dataset, ensuring

rate reflection of temporal and seasonal patterns. The
and emission patterns are illustrated in Figure 7.
o obtain our final datasets, we use the first year for
ing, the second year for evaluation, and the third year
sting.
Optimization algorithms
he energy management environment is initialized with
lt parameters to emulate a Tesla Powerwall, featuring a
kWh battery capacity and a 4.6 kW power limit for both
ing and discharging. To ensure seamless integration

of the Ausgrid dataset [70], we adjust our environment
to align it with the same 48-slot partitioning of the day.
Consequently, we define a continuous action space ranging
from −4.6 kW to 4.6 kW, thus limiting the energy transfer
to a maximum of 2.3 kWh per half an hour. The observation
space consists of a 58-dimensional vector including the SoE,
prosumption, grid emissions, electricity price, and fore-
casts. We incorporate forecasts for prosumption, price, and
emissions over the next 9 h (18 values), using both perfect
foresight and noisy forecasts. Perfect foresight facilitates the
assessment of the theoretical performance of the RL algo-
rithms by eliminating the impact of forecast inaccuracies,
while noisy forecasts are used to evaluate the robustness
and practical performance. The results of further forecast
horizons (0-24 hours) and the integration of different energy
forecasts (load, PV) are summarized in Appendix A.

Within our FRL architecture, we employ DDPG, SAC,
TD3, and PPO algorithms, each optimized for our energy
management system. A detailed summary of our algorithm
parameters is provided in Appendix B. For all RL algo-
rithms in our study, the following parameters are consistently
applied: a discount factor of 0.99, network architectures
comprising two fully connected layers with 400 and 300
units respectively, ReLU activation functions, and Huber
loss for TD errors. Algorithms that incorporate target net-
works, specifically SAC, DDPG, and TD3, implement a soft
update parameter 𝜏 of 0.05 with an update period of 5. These
algorithms also employ an actor-critic architecture, with the
actor learning rate set at 1×10−4 and the critic learning rate
at 1 × 10−3, both optimized using the Adam optimizer.

Further, the DDPG utilizes Ornstein-Uhlenbeck noise,
characterized by a standard deviation of 0.2 and a damping
factor of 0.15. The TD3 algorithm builds on the DDPG archi-
tecture by incorporating twin critics and policy smoothing
techniques, which help mitigate overestimation bias in value
function predictions. The SAC leverages a stochastic policy
framework with an actor network and two critic networks.
It optimizes the entropy temperature, with a target entropy
of -1, to effectively balance exploration and exploitation.
The PPO algorithm includes a value network and refines
both policy and value functions over 20 training epochs per
update cycle. Key parameters include a lambda value of 0.95
for generalized advantage estimation, entropy regularization
of 0.1 to encourage policy exploration, and an unclipped im-
portance ratio, ensuring that updates are controlled without
excessive constraint on the policy changes.

To comprehensively benchmark our RL algorithms,
we include a conventional rule-based BESS scheduling
approach and a near-optimal solution derived from a MIP
model. The rule-based system implements a straightfor-
ward strategy where BESS charging and discharging are
determined by predefined price and emission thresholds.
The full methodology of the rule-based system is shown in
Appendix C. Additionally, the MIP approach leverages all
historical and future data to minimize costs or emissions
while ensuring compliance with all constraints. Detailed

rs et al.: Preprint submitted to Elsevier Page 9 of 20



Journal Pre-proof

infor
pend

T
appr
ensu
scen
3.3.

O
mana
and m
param
ing a

A
a rep
ence
perfo
2000
train
and
(App

F
simu
the o
clust
Duri
and g
feder
feder
Aggr
prov
gatio
30) i

A
ing f
lated
630
9900
The
singl

4. R
I

the e
train
distin
as an
ing a
perfo
cable
rule-
the p
adva
in A
pend
TD3
demo
Sieve
Jo
ur

na
l P

re
-p

ro
of

Federated Reinforcement Learning for Energy Management

mation of the MIP formulation is provided in Ap-
ix D.
ogether, the four RL algorithms and the two benchmark

oaches provide a comprehensive evaluation framework,
ring a detailed analysis of performance across different
arios.
Training Architecture
ur training architecture integrates a customized energy
gement environment with FL to enhance data privacy
odel performance. The environment simulates crucial
eters of a BESS, while the FL setup coordinates train-

cross multiple agents.
ll RL agents are trained using a batch size of 128 and
lay buffer capacity of 20000 samples to store experi-
s. Note, that batch sizes smaller 128 resulted in unstable
rmance. Initial exploration is facilitated by collecting
random steps, followed by 30 steps per iteration during

ing. We run the training for a total of 5000 iterations
evaluate the agent’s performance at the last iteration
endix B).
or the FL setup, we distribute the training across 30
lated buildings, grouped into 9 clusters. To determine
ptimal cluster size, we evaluate various numbers of

ers ranging from 1 to 30, as shown in Appendix E.
ng our FL process, we repeat the local model training
lobal model aggregation for 3 rounds. Here, additional
ated rounds did not yield further improvements. For our
ated model aggregation, we employ Weighted Average
egation without clipping or noise, as this configuration
ided the best results. The evaluation of different aggre-
n methods, noise levels (0-1), and clipping values (0-
s presented in Appendix F.
ll experiments are run in the TensorFlow 2 deep learn-

ramework and all time related measurements are calcu-
on a simulation server using an Intel UHD Graphics

GPU with 16GB memory attached to an Intel Core i9-
K CPU at 4.6GHz, with 8 kernels and 32GB memory.
distributed training scenarios are all simulated on a
e machine.

esults
n this section, we present our results demonstrating
ffectiveness of our FRL approach compared to locally
ed RL. To ensure a comprehensive evaluation, four
ct methods are benchmarked. The MIP model serves
upper bound for the optimization problem, represent-
near-optimal solution and illustrating the theoretical

rmance limit. However, the MIP approach is not appli-
in real-time applications. Conversely, the traditional

based model establishes the lower bound, highlighting
erformance gap between simple algorithms and more
nced approaches. We describe the rule-based system
ppendix C, while the MIP approach is detailed in Ap-
ix D. Each RL algorithm (DDPG, PPO, SAC, and
) is evaluated under both local and federated training to
nstrate the effectiveness of our federated methodology.

Table 3
Average Annual Electricity Costs for Buildings 1 to 30. Here,
a positive Diff. indicates an improvement of FL over LL.

Local Learning Federated Learning
Mean ($) Std. ($) Mean ($) Std. ($) Diff. (%)

MIP 1016.40 ±0

DDPG 1146.53 ±28 1088.57 ±0.6 +5.06
SAC 1214.27 ±38 1199.92 ±0.1 +1.18
TD3 1204.08 ±47 1185.58 ±0.3 +1.54
PPO 1207.55 ±28 1193.50 ±2 +1.16

RuleB 1728.33 ±0

We start by analyzing the potential cost savings achieved
by the algorithms (Subsection 4.1), followed by an assess-
ment of emission reductions (Subsection 4.2). To further
validate the robustness of our RL algorithms, we imple-
ment a zero-shot optimization approach. Here, we test our
RL algorithms on a set of 30 new and previously unseen
buildings, without any preliminary retraining. By directly
applying the pre-trained models to these new buildings, we
assess their generalization capabilities and adaptability in
real-world scenarios (Subsection 4.3). While these initial
evaluations use perfect foresight for their forecasts, a sub-
sequent performance analysis evaluates cost and emission
savings using noisy predictions (Subsection 4.4). Next, the
trade-off between costs and emissions is analyzed by system-
atically varying the prioritization in the objective function
(Subsection 4.5). Finally, we briefly evaluate the training
times for each RL algorithm (Subsection 4.6).

Each model is trained 3 times per scenario to consider
statistical variations. If not stated otherwise, the metrics are
averaged over all buildings, clusters, or training rounds and
the results are achieved on the test dataset.
4.1. Analysis of Electricity Cost Savings

Optimizing electricity costs is essential for enhancing
both economic efficiency and the adoption of RES. In this
section, we present our findings on electricity cost sav-
ings, demonstrating that our best FRL algorithm (DDPG)
can reduce annual electricity expenses per building from
1146.53 $ to 1088.57 $ (a 5.06% decrease) compared to
the locally trained model. For reference, the near-optimal
costs calculated by the MIP amount to 1016.40 $, while the
rule-based system results in 1728.33 $ of yearly expenses.
Detailed results are provided in Table 3, where the reward
function is optimized solely for electricity costs (𝛽 = 0).

It is important to note that the RL algorithms and the
rule-based system can be deployed in real-time, whereas the
MIP approach has access to the ground truth of all historical
and future data patterns, thus offering a theoretical upper
limit that is not achievable with real-time forecasting-based
solutions.

The TD3 algorithm ranks second, with annual costs of
1204.08 $ for local learning and 1185.58 $ for FL. This
reflects a 1.54% improvement when using FL. However, the
DDPG still outperforms the TD3 algorithm by 8.91%.
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Federated Reinforcement Learning for Energy Management

imilarly, the PPO algorithm shows a 1.16% cost reduc-
in the FL setting, decreasing expenses from 1207.55 $
93.50 $. Despite this improvement, PPO remains 9.64%
effective than DDPG. Among all RL algorithms evalu-
SAC incurs the highest electricity costs, with 1214.27 $
r local learning and 1199.92 $ under federated training.
hen evaluating cost savings against the upper and

r bounds, the MIP approach achieves the lowest average
ricity cost per building at 1016.40 $. This represents
3% improvement over federated DDPG, an 11.35%
ovement over local DDPG, and a 41.19% reduction
ared to the rule-based system. Additionally, federated
G demonstrates a 37.02% cost reduction relative to the
le rule-based system, with costs ranging from 1088.57 $
28.33 $.
hile the rule-based and MIP methods yield determin-

results with zero standard deviation, the RL algorithms
tly vary in their performance caused by the random
lizations. Here, the federated training of the DDPG
t reduces the standard deviation from 28 $ to 0.6 $,
uilding, enhancing the robustness and reliability of the
ing process.
n addition to the average cost savings across all build-
and evaluation rounds, Figure 8 presents the cost sav-
for each of the 30 buildings and training rounds individ-
. Here, each building has three values per algorithm, in-
ing the three evaluation rounds. The area marked as gain
ates the improvement of FL compared to local learning
single evaluation round and building. As the greatly

ring values are hard to compare, we connected the
ts of the individual buildings with lines (although they
dependent) to improve clarity. Across the 30 buildings,

ederated DDPG architecture achieves additional total
gs of 1738.72 $, in electricity costs compared to the
ly trained versions, which translates to an average of
$ per building and year. As indicated by the gain and

areas in Figure 8, the FRL achieved the best results
buildings, while in 3 buildings the local learning

rmed similar or better. Furthermore, when considering
est result from the three evaluation rounds for both
and FL approaches instead of the average, the FL ar-

cture demonstrates improvements for all buildings, with
gs ranging from a minimum of 0.51 $ to a maximum of
1 $.
Analysis of Emission Savings
ddressing the critical challenge of reducing greenhouse
missions is essential to mitigating climate change and
ncing sustainability. Next, we present our results for
sion savings, highlighting that our federated DDPG
educe the average annual emissions per building from
.34 kg to 3352.55 kg (a 4.60% decrease) compared to
cally trained version.
etailed results are shown in Table 4, where the reward

tion is optimized solely for emissions (𝛽 = 1). Similar
bsection 4.1, we compare local and federated trained
lgorithms to the rule-based and MIP solutions.

1 5 10 15 20 25 30
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Figure 8: Electricity Cost Results for all 30 Buildings, where
Gain indicates an improvement with Federated Learning. Note
that the connecting lines are for orientation only, as each
building is independent.

Both the SAC and TD3 algorithms achieve similar emis-
sion reductions. In the local learning setting, SAC results
in slightly lower emissions (4745.93 kg) compared to TD3
(4749.27 kg). However, in the federated training setting,
TD3 demonstrates lower emissions (4615.88 kg) than SAC
(4638.73 kg). Notably, both algorithms show improvements
in the federated setting, reducing emissions by 2.81% for
TD3 and 2.26% for SAC.

While SAC shows the highest costs among the RL algo-
rithms, the PPO algorithm results in the highest emissions
savings, with 4861.73 kg in local learning and 4799.32 kg in
FL. Furthermore, when comparing the FL results of different
RL algorithms, DDPG outperforms SAC by 27.73%, TD3
by 27.37%, and PPO by 30.15%.

The MIP approach provides the lower bound with an
average of 2761.84 kg CO2 per building. This is 17.62%
lower than the federated DDPG, 21.41% lower than the
local DDPG, and 53.78% lower than the rule-based system.
Moreover, the federated DDPG approach reduces emissions
by 43.89% compared to the rule-based system. Similar to
the cost results, the FL of the DDPG decreases the standard
deviation from 92 kg to 12 kg per building, indicating a more
consistent performance across different buildings.

Similar to the cost savings, Figure 9 illustrates the emis-
sion reduction for each of the 30 buildings and training
rounds individually. While each building has three values
per algorithm indicating the performance within the three
evaluation rounds, the connecting lines between the building
results are for orientation only.

The FL architecture achieves additional emissions sav-
ings of 4853.41 kg compared to the locally trained version,
averaging 161.78 kg per building and year. Furthermore,
considering the best result from the three rounds for both
local and FL approaches, the FL architecture demonstrates
improvements for most buildings. While four buildings (1, 7,
23, 29) showed slight performance decreases, the remaining
26 buildings reduced emissions by up to 769.53 kg (Building
6).
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e 9: Emission Results for all 30 Buildings, where Gain
ates an improvement with Federated Learning. Note that
onnecting lines are for orientation only, as each building
ependent.

4
ge Annual Emissions for Buildings 1 to 30. Here, a

ive Diff. indicates an improvement of FL over LL.

Local Learning Federated Learning
Mean (kg) Std. (kg) Mean (kg) Std. (kg) Diff. (%)

2761.84 ±0

G 3514.34 ±92 3352.55 ±12 +4.60
4745.93 ±244 4638.73 ±1 +2.26
4749.27 ±104 4615.88 ±7 +2.81
4861.73 ±107 4799.32 ±0 +1.28

B 5975.37 ±0

Analysis of Zero-Shot Learning Capabilities
calability and efficiency in dynamic environments de-
on a model’s ability to perform effectively in novel sce-
s. Zero-shot learning measures this ability by assessing
eneralizability of models from learned experience to

en environments.
his section evaluates the zero-shot learning capabilities
r FRL approach, demonstrating that the FRL approach
chieve cost reductions of up to 5.11% and emissions
gs of up to 5.55% compared to locally trained models.
n zero-shot learning, the RL agents are evaluated on
buildings using unseen data, without any prior train-
r refitting. For simplicity, we only utilize the best-
rming RL algorithm (DDPG) from Subsection 4.1 and
ection 4.2. To obtain comparable DDPG agents, in
learning we train our models only on the data from

ing 1, while in FL we select the cluster containing
ing 1. Subsequently, we apply the local and federated
G agents to the buildings 31 to 60 without any retrain-
The results for cost savings are summarized in Table 5,
e the emissions reductions are detailed in Table 6.
he MIP provides a near-optimal solution of 963.88 $

erforming the rule-based system by 42.86%, which
ves costs of 1687.01 $ (Table 5).
he federated DDPG agent successfully reduces the
ricity costs from 1080.33 $ to 1025.07 $ outperforming

Table 5
Average Annual Electricity Costs for Buildings 31 to 60
with Zero-Shot Learning. Here, a positive Diff. indicates an
improvement of FL over LL.

Local Learning Federated Learning
Mean ($) Std. ($) Mean ($) Std. ($) Diff. (%)

MIP 963.88 ±0
DDPG 1080.33 ±4 1025.07 ±0 +5.11
RuleB 1687.01 ±0

Table 6
Average Annual Emissions for Buildings 31 to 60 with Zero-
Shot Learning. Here, a positive Diff. indicates an improvement
of FL over LL.

Local Learning Federated Learning
Mean ($) Std. ($) Mean ($) Std. ($) Diff. (%)

MIP 2520.83 ±0
DDPG 3301.30 ±12 3118.23 ±7 +5.55
RuleB 5806.26 ±0

the local version by 5.11% and the rule-based system by
39.24%. However, the federated DDPG stays 5.96% below
the upper limit provided by the MIP. Comparing our zero-
shot learning results to the cost savings from Subsection 4.1,
the difference between the federated DDPG and the near-
optimal MIP solution decreased from 6.63% to 5.96%,
indicating a slight increase in performance.

Considering the emission savings in Table 6, the MIP
provides a near-optimal solution of 2520.83 kg, outperform-
ing the rule-based system with 5806.26 kgCO2 emissions by
56.58%. The federated DDPG agent reduces the emissions
from 3301.30 kg to 3118.23 kg, outperforming the local
version by 5.55% and the rule-based system by 46.30%.
However, the federated DDPG stays 19.16% below the
upper limit provided by the MIP. Comparing our zero-shot
learning results to the cost savings from Subsection 4.2,
the difference between the federated DDPG and the near-
optimal MIP solution increased from 17.62% to 19.16%,
indicating a reduction in performance.

Besides the average zero-shot capabilities over all build-
ings, we show the results for each building and evaluation
round for cost savings (Figure 10) and emission savings
(Figure 11). The federated DDPG can improve the costs for
all buildings compared to the local trained DDPG, saving a
total of 1657.74 $, averaging 55.26 $ per building and year.
The minimal improvement of 5.21 $ is realized for building
16, while building 23 can lower the electricity costs by
129.55 $ (Figure 10).

Figure 11 highlights, that the federated DDPG can im-
prove the emissions for most buildings compared to the
local trained DDPG, saving a total of 5492.03 kg CO2 over
all 30 buildings per year, which averages to 183.07 kg.
While 4 buildings slightly decreased their performance, the
remaining 26 buildings could decrease their emissions by up
to 439.41 kg (Building 10).
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e 10: Cost Savings for all 30 Buildings within Zero-Shot
ing, where Gain indicates an improvement with Federated
ing. Note that the connecting lines are for orientation
as each building is independent.
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e 11: Emission Savings for all 30 Buildings within Zero-
Learning, where Gain indicates an improvement with

rated Learning. Note that the connecting lines are for
tation only, as each building is independent.

Analysis of Forecasting Accuracy on Emission
and Cost Savings
hile the previous result chapters used perfect foresight

heir forecasts, in this section we evaluate the impact
creasing forecast accuracy on the cost and emission
gs. By including both perfect and imperfect forecasting
s in our evaluation, we first highlight the potential

L without the influence of forecast errors. The results
decreasing performance with increasing noise scales

oth local and federated RL, underlining the importance
curate energy forecasts.
ithin our RL architecture, we include prosumption,
and emission forecasts with a forecast horizon of 9 h

imeslots). As the dynamic price data for the next day
enly available to incentivize demand response, we only
oise to the prosumption and emission forecasts. There-
we create random noise following a normal distribution
a mean of zero and varying standard deviations (0 to 2).
, the increase of the standard deviation relates to a
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Figure 12: Impact of Forecasting Accuracy on the Annual
Electricity Costs of Building 1 to 30
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Figure 13: Impact of Forecasting Accuracy on the Annual
Emissions of Building 1 to 30

decrease in forecasting accuracy. Each noise value represents
a kilowatt deviation from the actual forecast, with higher
standard deviations corresponding to larger forecast errors
and reduced accuracy.

For cost savings, we evaluate the effect of decreasing
forecasting accuracy by only adding noise to the prosump-
tion forecast, as the emissions do not affect the cost calcula-
tions (𝛽 = 0). The results are shown in Figure 12. To improve
the visibility of the performance changes, we do not include
the rule-based and MIP results.

As depicted in Figure 12, costs remain relatively similar
yet volatile for noise scales between 0 and 1. As we repeat
each experiment three times to account for statistical varia-
tions, the transparent shading around the line shows the stan-
dard deviation between the experiments. With an increasing
noise scale up to 2, the performance starts decreasing more
clearly. Here, a noise scale of 2 increases the costs by 2.05%
and 22.01 $ for the federated DDPG and by 1.12% and 12.69
$ for the local DDPG compared to perfect foresight.

In parallel to the cost savings, we evaluate the effect
of decreasing prosumption and emission forecast accuracy,
only for emission reduction (𝛽 = 1). The findings in
Figure 13 indicate a similar trend to the cost savings. The
emissions remain relatively constant for noise scales be-
tween 0 and 1, but as noise scales increase from 1 to 2, the
local DDPG shows a decline in performance, whereas the
federated DDPG maintains more consistent emission levels.
In detail, a noise scale of 2 increased the emissions by 2.76%
and 94.95 kg for the federated DDPG and by 6.92% and
248.59 kg for the local DDPG compared to perfect foresight.
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e 14: Emission Cost Trade-off for Building 1 to 30, where
optimizes only Costs and 𝛽 = 1 considers only Emissions

0.0 0.2 0.4 0.6 0.8 1.0
Tradeoff ( )

80

00
Costs
Emissions

3500

4000
Em

iss
io

ns
 [k

g]

e 15: Emission Cost Trade-off for Buildings 1–30, where
optimizes only Costs and 𝛽 = 1 considers only Emissions

Analysis of Emission and Cost Trade-off
hile in the previous result sections, we only optimize
or emissions, effectively setting 𝛽 to 0 or 1, in this sec-

we evaluate the trade-off between emissions and costs
stematically increasing 𝛽 from 0 to 1. For simplicity, we
show the results utilizing the federated DDPG agent.
igure 14 shows the average annual emissions per build-
While the blue bars represent the emissions that occur

target function only includes emissions (𝛽 = 1), the
w bars represent the additional emissions if only costs
educed (𝛽 = 0).
or each building the emissions increase when only opti-

ng for costs, which results in a difference of 27 763.86 kg
2 per year over all buildings. Considering the results on

ing level, building 3 has the highest cost emission trade-
s the emissions increase from 807.29 kg to 1260.97 kg
8%). Conversely, building 21 has the lowest trade-off,
e the emissions increase from 6175.19 kg to 7714.08 kg
5%).

n Figure 15 we present the cost and emission trade-off
ilding level. The results indicate that varying 𝛽 affects

ricity costs from 1109.33 $ to 1068.26 $ and emissions
4285.12 kg to 3359.66 kg. Emissions consistently de-
e as their prioritization in the reward function increases.
ntrast, electricity costs show an initial decrease as 𝛽

, reaching a minimum at 𝛽 = 0.6, after which the costs
tly increase. This trend is particularly interesting as it
ates that optimizing for both costs and emissions simul-
usly, rather than focusing solely on minimizing costs,
ts in lower electricity costs up to a certain threshold.
important to note, that the scales of emission and cost

values vary, meaning that a 𝛽 = 0.5 does not imply an equal
weighting of both factors. While the reasons for this trend are
discussed in Section 5, the findings suggest, that including
emissions in the reward function (until 𝛽 = 0.6) is always
beneficial to reduce both costs and emissions.
4.6. Analysis of Total Training Time

In addition to the electricity and emission reduction of
our RL models, we briefly evaluate the required training
time only within local learning, as the training time for FL
is proportional. Here, the total training time per building of
an RL algorithm is shown in Appendix G. The PPO is the
fastest algorithm with 10 minutes, followed by the SAC with
11 minutes, the TD3 with 12 minutes and the DDPG with 13
minutes.

5. Discussion
In this section, we discuss our results, including cost

and emission savings, zero-shot optimization, performance
under noisy predictions, and the cost-emission trade-off,
highlighting key insights and limitations.

Based on the cost savings results in Subsection 4.1, our
analysis shows that FRL significantly reduces electricity
costs and variance in BESS scheduling. In local learning,
models operate independently, which preserves data privacy
but limits their learning capacity due to the isolation from
other buildings’ datasets. Conversely, the FL architecture
enables models to utilize peer datasets within the same
cluster while maintaining privacy. Our findings highlight
that FRL enhances transfer learning, allowing models to
leverage peer data to reduce electricity costs.

Among the evaluated RL algorithms, DDPG consis-
tently outperforms the SAC, PPO, and TD3, highlighting the
effectiveness of deterministic policies for BESS scheduling
compared to the stochastic strategies employed by PPO and
SAC. The ability of DDPG to effectively optimize continu-
ous action spaces makes it ideal for energy systems.

The FRL framework also offers advantages in scalabil-
ity and efficiency. Its decentralized nature enables seam-
less integration of additional buildings without substantial
computational overhead. By clustering buildings based on
similarity, new buildings can either form new clusters or join
existing ones with high similarity. This scalability is partic-
ularly valuable for expanding energy management systems
in large-scale deployments.

The analysis of the emission reductions in Subsection 4.2
shows similar results to our cost savings, where the FRL
approach improves performance and reduces variance for
emission savings. However, unlike cost minimization, the
emission values are further from the optimum. This dis-
crepancy may be attributed to the structure of the emission
data, which remains constant during the night and has low
values during the day. Consequently, the RL algorithm must
learn to wait for longer time periods and only act during
certain hours, which requires more sophisticated strategies
to effectively optimize emissions.

rs et al.: Preprint submitted to Elsevier Page 14 of 20



Journal Pre-proof

I
perio
dicat
of ou
real-
to fac
or se
requi

F
ploye
train
redu

I
noise
smal
marg
(1 to
Thes
and i
their
accu
relat
forec
comp
agen
perfo

C
Subs
emis
both
redu
beyo
risin
comp
The
webs
ket c
spike
resul
comp
cons
test d
comp
incre
polic
conte
serve
prov
overfi
ratio
corre
addit
pre-p
we in
repre
must
abili

Sieve
Jo
ur

na
l P

re
-p

ro
of

Federated Reinforcement Learning for Energy Management

n Subsection 4.3, our FRL architecture demonstrates su-
r zero-shot capabilities compared to local learning, in-
ing that FL enhances the robustness and generalizability
r RL algorithms. Such improvements are crucial for

world applications where data patterns may change due
tors like new machine installations, changing residents,
asonal variations. Models with better generalization
re less retraining and are more resilient to data errors.
urther, pretrained RL algorithms can be efficiently de-
d across similar buildings, requiring only minimal re-

ing to adapt to specific operating conditions, thereby
cing data requirements.
n Subsection 4.4 we analyze the impact of forecast

on cost and emission savings. Our results show that
ler noise scales (ranging from 0 to 1) lead to only
inal changes in performance, while larger noise scales
2) cause more noticeable performance degradation.

e results suggest that while RL agents are able to learn
ncorporate future patterns into their decision making,
performance remains robust to moderate forecast in-

racies. This behavior can likely be attributed to the
ively low sensitivity of optimal control outputs to small
ast variations and the capability of the RL agent to
ensate for moderate noise levels. Consequently, the

t effectively adjusts its decisions, maintaining robust
rmance despite the presence of less accurate forecasts.
onsidering the trade-off between cost and emissions in
ection 4.5, our results demonstrate that incorporating
sions into the objective function can effectively reduce
emissions and costs simultaneously. However, this cost
ction is only observed up to a certain threshold of 𝛽,
nd which further prioritization of emissions results in
g costs. This initial decrease in costs is likely due to the
lexities of the dynamic price data used in our study.

electricity price data obtained from the utility’s official
ite exhibits significant variability due to changing mar-
onditions, seasonal base price adjustments, and price
s caused by extreme weather events. These fluctuations
t in different base prices for different months, which
licates the ability of the RL algorithm to identify

istent patterns during training and evaluation. In the
ataset, the price data exhibits even greater variability
ared to the training and evaluation datasets, making it
asingly difficult for the RL agent to develop a stable
y when focusing solely on cost minimization. In this
xt, incorporating emissions into the objective function
s as a stabilizing factor during the training process,

iding a regularization effect that mitigates the risk of
tting to volatile price data and encourages the explo-

n of more cost-effective solutions. Moreover, the cross-
lation between emissions and cost data could provide
ional information. Importantly, while we could have
rocessed the price data to smooth out these fluctuations,
tentionally retained the realistic data patterns to better
sent real-world conditions. In practice, RL algorithms
deal with similar levels of data uncertainty and vari-

ty, making this an essential aspect of our study. Based

on our results, we recommend including emissions in the
reward function in the presence of volatile price patterns to
stabilize the training of the RL agent while simultaneously
reducing emissions.
5.1. Limitations

This subsection addresses the limitations related to data
selection, benchmarking, and federated aggregation, while
highlighting key challenges for future research.

The electricity price data in our experiments shows
significant outliers, likely due to extreme weather events
and inconsistencies in base prices, with a noticeable spike
in the third year. These factors make the RL training for
cost savings more challenging, yet realistic. To enhance
the comparability of our optimization results, we assume
uniform feed-in tariffs for all households, even though, in
reality, each household might select different tariffs. Due to
the lack of high-resolution historical emission data, we rely
on simulated data, highlighting the need for more openly
available datasets to evaluate FRL performance across di-
verse scenarios.

The diversity of existing BESS scheduling approaches
makes comprehensive benchmarking challenging. There-
fore, we select only the most promising models from the
literature. Further, due to computational constraints, we
assume that using similar hyperparameters will yield com-
parable results, despite minor adjustments.

FRL integrates privacy preservation, cost and emission
savings, and scalability, making it an effective method for
managing the increasing complexity of energy systems. To
further advance its capabilities, future work could investigate
how FRL adapts to regulatory changes and evolving market
conditions. These adaptations would ensure consistent opti-
mization, even under novel conditions.

Enhancing the robustness of FRL against adversarial
threats is another direction for future work. Techniques for
mitigating the impact of manipulated data or compromised
clients, such as secure aggregation and anomaly detection,
ensure the integrity of the collaborative learning process.

In addition, reducing computational and communication
overhead is critical for scalability. While FRL distributes
computation across clients, further streamlining is essential
to maintain high performance and enable deployment in
resource-constrained environments. Addressing these chal-
lenges will establish FRL as a practical and reliable frame-
work for managing complex and dynamic energy systems.

6. Conclusion
In this paper, we presented a novel federated reinforce-

ment learning framework for battery scheduling, emphasiz-
ing enhanced data privacy, improved cost efficiency, and
reduced emissions. By enabling decentralized model train-
ing and parameter aggregation, this approach addresses key
challenges in energy management, including limited data
sharing, variability in household conditions, and the need
for generalization across diverse environments. Through a
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Federated Reinforcement Learning for Energy Management

rehensive evaluation, our federated approach demon-
d significant improvements in both operational cost

ctions and emission savings compared to standard rein-
ment learning methods. Utilizing the Ausgrid dataset,
valuated local and federated reinforcement learning
ithms, including Deep Deterministic Policy Gradient,
Delayed Deep Deterministic Policy Gradient, Soft

r-Critic, and Proximal Policy Optimization. For com-
ensive benchmarking, we compared our reinforcement
ing approaches with a simple rule-based system and a
optimal solution derived from mixed integer program-
. Our results show that the federated reinforcement
ing approach reduced costs by 5.01% and emissions
60% compared to the standard reinforcement learning
oach. Additionally, the federated approach improved
shot capabilities for unseen buildings by 5.11% for
and 5.55% for emission savings. We also highlighted
ritical role of accurate energy forecasts, showing that
ced forecast accuracy can lead to performance losses

to 2.05% for cost savings and 6.92% for emission
ction. Furthermore, our analysis of the cost-emissions
-off suggests that emissions should always be included
me extend in the objective function to improve per-
ance. Future work could analyze the effect of different
asting characteristics on cost and emission savings, as
as different clustering strategies to evaluate the ideal
er size.
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orecasting in Reinforcement Learning
his section presents the results of integrating various
asting methods into the RL environment for BESS
uling. Here, the term "forecasts" denotes the use of true

e values, also known as perfect foresight. This approach
d to establish a baseline, demonstrating the RL models’
tial under ideal conditions. In later stages, we apply
rfect forecasts with controlled noise to systematically
he robustness and adaptability of the RL models in more
ical, uncertain scenarios.
e compare the effectiveness of PV and load forecasts
s prosumption forecasts and assess the impact of in-
ng emission forecasts. We also evaluate different fore-
ng horizons (1 to 24 hours) to determine their influence
e RL agent’s decision-making. When different horizons
ed similar results, we chose the shortest horizon due
e increasing difficulty of making accurate long-term
asts. The results, summarized in Table 7, highlight the

Table 7
Performance Comparison of Different Forecasting Methods and
Horizons in RL Environment

Scenario Best Parameter

PV (horizon: 0-24 h) horizon 9 h
PV and Load Forecast (horizon: 0-24 h) horizon 9 h
Prosumption Forecast (horizon: 0-24 h) horizon 9 h
PV + Emission Forecast (horizon: 0-24 h) horizon 9 h
Prosumption + Emission Forecast (horizon: 0-24 h) horizon 9 h

Table 8
Optimization Algorithm Parameters for RL Environment

Parameter Setup Parameter Range Ideal Parameter

Initial Collect Steps {1000, 2000, 5000} 2000
Replay Buffer Capacity {20000} 20000
Collect Steps Per Iteration {1, 10, 20, 30, 50, 1000} 30
Num Iterations {1000, 5000, 10000} 5000

Actor Learning Rate [1𝑒 − 5, 1𝑒 − 3] 1𝑒 − 4
Critic Learning Rate [1𝑒 − 5, 1𝑒 − 3] 1𝑒 − 3
Network Layers {2, 3, 4, 5} 2
Network Units [10, 1000] (400, 300)
Gamma [0.9, 1] 0.99
Loss Huber loss Huber loss
Optimizer Adam Adam

DDPG Actor Target Networks {𝑇 𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒} 𝑇 𝑟𝑢𝑒
DDPG Critic Target Networks {𝑇 𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒} 𝑇 𝑟𝑢𝑒
DDPG OU_Stddev Values [0.1, 1.0] 0.2
DDPG OU_Damping Values [0.1, 1.0] 0.15
DDPG Target Update Tau [1𝑒 − 4, 1𝑒 − 2] 5𝑒 − 2
DDPG Target Update Period {1, 5, 10} 5

SAC actor loss weight [0.5, 2] 1.2
SAC critic loss weight [0.5, 2] 0.5
SAC target entropy [−5, 5] −1
SAC Alpha learning rate [1𝑒 − 5, 1𝑒 − 3] 1𝑒 − 3
SAC Target Networks {𝑇 𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒} 𝑇 𝑟𝑢𝑒

TD3 Target Networks {𝑇 𝑟𝑢𝑒, 𝐹𝑎𝑙𝑠𝑒} 𝑇 𝑟𝑢𝑒

PPO lambda value [0.8, 1] 0.95
PPO entropy regularization [0, 1] 0.1
PPO number epochs [1, 100] 20

best parameters for each scenario in terms of cost savings,
emission reductions. In our experiments, including pro-
sumption forecasts generally results in higher cost savings
and emission reductions compared to using PV and load
predictions. Including emission forecasts further enhances
performance, especially in terms of emission reductions.
Although longer forecasting horizons initially improve cost
savings and emission reductions, performance plateaus after
9 hours. Therefore, we selected a forecast horizon of 18
time steps (9 hours) as it offers the best balance between
performance and forecast accuracy in reality.

B. Optimization Algorithm Parameters
In this section, we present a detailed overview of our

RL parameters to ensure the reproducibility of our results.
Table 8 summarizes the setup, parameter ranges, and the
optimal values identified through extensive experimentation.

rs et al.: Preprint submitted to Elsevier Page 16 of 20



Journal Pre-proof

C. R
T

rithm
vanc
rule-
tives
each
the c
load
(𝑝𝑑𝑦𝑛(𝑒𝑡).empl
and e
Char
thres
sions
Afte
resul
the 9
when
thres
charg
thres
Fina
elect
energ
via a
as em
this
quan
optim

D. M
T

inclu
optim
as an
the M
deter
impl

T
rame
D.1.

W

od 𝑡

Sieve
Jo
ur

na
l P

re
-p

ro
of

Federated Reinforcement Learning for Energy Management

ule-Based Energy Management
his section introduces a rule-based scheduling algo-

for BESS, serving as a benchmark to evaluate ad-
ed optimization methods such as FRL and MIP. The
based approach specifically targets two distinct objec-
: minimizing either electricity costs or emissions. At
time step 𝑡, the algorithm uses a state vector comprising
urrent SoE of the BESS (𝑆𝑜𝐸𝑡), the net electrical
of the building (ℙ𝑛𝑒𝑡,𝑡), the dynamic electricity price
,𝑡), and the associated emissions of the grid electricity
To enhance decision-making, the algorithm additionally
oys forecasts of net load (ℙ̂𝑛𝑒𝑡), dynamic price (𝑝̂𝑑𝑦𝑛),missions (𝑒) for the subsequent 18 time steps (9 hours).
ging and discharging decisions rely on percentile-based
holds derived from forecasted electricity prices or emis-
, depending on the selected optimization objective.

r evaluating various thresholds, we achieved the best
ts using the 10th percentile as the lower threshold and
0th percentile as the upper threshold. Charging occurs
the current price or emission factor is below the lower

hold, indicating favorable conditions. Conversely, dis-
ing is triggered when these values exceed the upper
hold, signaling periods of high costs or emissions.
l costs and emissions calculations consider dynamic
ricity prices and grid emission factors for imported
y, whereas exported surplus generation is compensated
fixed feed-in tariff. Local PV generation is treated
ission-free. Due to its simplicity and transparency,

rule-based algorithm provides a valuable reference for
tifying the potential advantages of more sophisticated
ization techniques.

ixed Integer Program
o benchmark our FRL approach comprehensively, we
de MIP in our analysis. The MIP provides a near-
al solution for the BESS scheduling problem, serving
upper bound for our optimization objectives. Notably,
IP utilizes all available historical and future data to

mine optimal actions retrospectively, making real-time
ementation not feasible and the comparison theoretical.
his section provides the MIP formulation, including pa-
ters, variables, the objective function, and constraints.
Parameters
e define the following parameters for our problem.

𝐵cap - Battery capacity
𝐵min - Minimum battery capacity

ℙcharge, max - Maximum battery charging power
ℙdischarge, max - Maximum battery discharging power

𝑠𝑜𝑒init - Initial state of energy in the battery
𝑇 - Number of time periods
𝛽 - Eco factor

𝑐𝑡 - Buying cost at time period 𝑡
𝑠𝑡 - Selling profit at time period 𝑡

ℙ𝑛𝑒𝑡,𝑡 - Net load at time period 𝑡
𝑒𝑡 - CO2 equivalent emissions at time peri

D.2. Variables
Next, we define the variables for our problem.

energy_sell𝑡 - Energy sold at time 𝑡
energy_buy𝑡 - Energy bought at time 𝑡

s_b𝑡 - Buy/sell decision at time 𝑡
p𝑡 - Penalty for buy/sell conflict at time 𝑡

ba𝑡 - Battery action at time 𝑡
soe𝑡 - State of Energy in battery at time 𝑡

D.3. Objective Function
Our objective function maximizes the total profit while

considering emission costs and penalties. Note that profits
here correspond to negative costs in our previous experi-
ments.

max (1 − 𝛽)

(
𝑇∑
𝑡=1

(energy_sell𝑡 ⋅ 𝑠𝑡 − energy_buy𝑡 ⋅ 𝑐𝑡)
)

− 𝛽

(
𝑇∑
𝑡=1

(energy_buy𝑡 ⋅ 𝑒𝑡)
)

−
𝑇∑
𝑡=1

p𝑡

D.4. Constraints
The following constraints bind the objective function.

State of Energy Constraints:
soe𝑡 ≤ 𝐵cap, ∀𝑡
soe𝑡 ≥ 𝐵min, ∀𝑡 > 1
soe1 = 𝑆𝑜𝐸init
soe𝑡 = soe𝑡−1 − ba𝑡−1, ∀𝑡 > 1

Battery Action Constraints:
ba𝑡 ≤ ℙdischarge, max, ∀𝑡
ba𝑡 ≥ −ℙcharge, max, ∀𝑡

Energy Balance Constraints:
energy_sell𝑡 = (ℙ𝑛𝑒𝑡,𝑡 − ba𝑡) ⋅ s_b𝑡 ⋅ (−1), ∀𝑡
energy_buy𝑡 = (ℙ𝑛𝑒𝑡,𝑡 − ba𝑡) ⋅ (1 − s_b𝑡), ∀𝑡

Penalty for Simultaneous Buy and Sell:
p𝑡 = s_b𝑡 ⋅ (1 − s_b𝑡) ⋅ 100, ∀𝑡

In summary, the MIP serves as an important benchmark,
offering a near-optimal solution essential for assessing the
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9
ing time per reinforcement learning algorithm for 30
ings

DDPG SAC TD3 PPO

Time 105min 114min 117min 40min

tiveness of both rule-based and advanced FRL ap-
ches in BESS scheduling.

ederated Clustering Results
n the context of FRL, clustering can enhance overall
rmance by grouping similar buildings together. We
ucted experiments with various cluster sizes, ranging
1 to 30, to assess their impact on both cost and emission
gs. For clustering, we used prosumption data from

ember, October, and November 2010 at a 4-hour reso-
n. This approach captures load and PV patterns as well
asonal variations from summer to winter. We also tested
ering based solely on load or PV data, but these methods
ted in reduced performance compared to prosumption-
d clustering. Based on our results for emission and cost
gs, we selected a cluster size of 9. We employed k-
s clustering with DTW to group the buildings. Our

riments indicated that cluster sizes ranging from 5 to 10
ed similar performance, with the best results observed
luster size of 9.

ederated Aggregation Results
o improve the performance of FL, different aggrega-
mechanisms exist. Here we compared simple Average
egation to Weighted Average Aggregation and tested
rent parameters for clipping and noise. In theory clip-
could stabilize the training process, while noise can
as a regularization technique to incentivize further

ration. For Simple and Weighted Average Aggregation,
sted clipping parameters 𝛿 ∈ [0, 30] and noise param-
𝜖 ∈ [0, 1]. The results indicate that Weighted Aver-
ggregation outperforms Simple Average Aggregation.

tionally, incorporating clipping and noise decrease the
rmance. We achieved the best results using Weighted
age Aggregation with a no clipping nor noise. These
ngs highlight the importance of selecting appropriate
egation mechanisms and tuning parameters to enhance
ffectiveness of FL for BESS scheduling.

Training Time of the Reinforcement
Learning
n this section, we provide an overview of the training
s per RL algorithm, as shown in Table 9.
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 Novel federated framework for reinforcement learning in energy 
management.

 Federated reinforcement learning enhanced privacy, generalization, and 
robustness.

 Federated learning reduced costs by 5.01% and emissions by 4.60% in 
buildings.

 Improved zero-shot performance for unseen household conditions by over 
5%.

 Highlights federated learning's potential for efficient energy management 
systems.
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