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Abstract: The increasing prevalence of renewable energy and the evolving nature of energy consumption have motivated the need
for more complex and dynamic microgrid energy management systems. Recent advances in artificial intelligence (AI) address these
challenges by learning, predicting, and optimizing based on the large volumes of data generated by microgrid systems and related
operations. Drawing on this context, the article proposes a novel framework for multi-agent reinforcement learning (MARL) with
clustering and forecasting for optimized energy sharing in a microgrid environment with renewables and battery storage integration. The
framework consists of three components: first, a structure-adapting unsupervised learning approach for creating clusters of prosumer
energy consumption and generation patterns; second, a time-series forecasting ensemble for predicting future behaviors of the prosumers;
and third, a continuous internal auction with a MARL for optimized energy sharing within the microgrid that collectively leads to
reduced dependence on external energy sources. The proposed framework is empirically evaluated in the microgrid setting of a large
multi-campus tertiary education institution. The results of this evaluation include stabilization of mean reward gain between independent
agent and multi-agent models, impact of forecasting on MARL across seasonal variation, performance gains of 10–15% of MARL
against heuristics, and scalability of the framework against cost, stability, reward, and convergence metrics. These results confirm the
effectiveness of this AI framework for optimized prosumer energy sharing in microgrids with renewables and battery storage integration.

Keywords: multi-agent reinforcement learning, deep learning, demand forecasting, microgrid auction, artificial intelligence

1. Introduction

Microgrids are an innovative “system approach” that con-
stitutes energy consumption loads, renewables generation and
storage options as a subsystem of the overall energy grid [1, 2].
Microgrid energy management systems (MEMS), distributed
energy resources, prosumer behaviors, demand response, elec-
tric vehicles, and local controllers are recent developments that
have further expanded microgrid operations toward achieving
financial, environmental, and organizational objectives [3, 4].
However, this also means that microgrid operations are increas-
ingly more complex and challenging. The primary challenge in
current microgrids composed of prosumers is the bidirectional
energy flow, which adds complexity to integration with conven-
tional systems. This increases the complexity of maintaining the
microgrid’s topology and maintaining power balance and volt-
age fluctuations. The second challenge arises from the variability
and uncertainty in the microgrid, which stems from dynamic
load profiles and renewable energy sources. This could lead to
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increased complexity in energy storage management and dynamic
load balancing. This complexity has led to the adoption of arti-
ficial intelligence (AI) models for the optimized operation of
microgrids [5]. Despite recent work in supervised learning for
forecasting generation and consumption and in reinforcement
learning for optimizing renewable generation, a unified approach
for optimized energy sharing and management of distributed
energy resources in a microgrid setting is lacking. In this article,
we address this gap by proposing a novel AI framework based on
the following three research contributions, (1) structure-adapting
unsupervised learning approach for generating clusters of past
consumption and generation behaviors of prosumers, (2) time-
series forecasting ensemble for predicting future behaviors of the
prosumers, and (3) continuous internal auction with multi-agent
reinforcement learning (MARL) for optimized energy sharing.
The structure-adapting unsupervised learning approach generates
clusters of prosumer consumption and generation behaviors that
are utilized to identify the optimum battery storage distribution,
predict behaviors of each prosumer cluster, and optimize energy
sharing. We evaluate the learning capabilities of this AI frame-
work in the real-world microgrid setting of a large multi-campus
tertiary education institution. The rest of the paper is organized as
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Table 1
Terms and abbreviations used in this article

Symbol Type Description

Aid Int Id of an agent

Eid,t kWh Amount of energy sold/bought by agent Aid on hour t. Negative values mean buy, and
positive values mean sell

Pid,t Currency/kWh Price at which agent Aid bids on hour t

Ebuy,t kWh The sum of the amount of energy from buying bids on hour t

Esell,t kWh The sum of the amount of energy from accepted selling bids on hour t. This value starts at
0 and is updated during the auction

Bidt [Eid, Pid] Bid of agent Aid at hour t

Pt Currency/kWh Price of electricity from the grid at hour t

Sell_bidst Array of type Bidt Sell bids of all of the agents at hour t, sorted in ascending order of price

Buy_bidst Array of type Bidt Buy bids of all of the agents at hour t, sorted in ascending order of price

Sell_orderst Array of type Bidt Accepted sell bids of all of the agents at hour t, sorted in ascending order of price

Buy_orderst Array of type Bidt Accepted buy bids of all of the agents at hour t, sorted in ascending order of price

follows. Section 2 articulates the proposed framework for MARL
with clustering and forecasting for optimized prosumer energy
sharing, followed by Section 3, which presents the experiments
and results, and Section 4, which concludes the paper. Table 1
presents terms and abbreviations used in this article.

2. Related Work

MEMS are responsible for the effective operation of micro-
grids. Starting with classical systems, meta-heuristic methods,
stochastic programming, and model predictive control (MPC)
methods, MEMS have gradually evolved into the robust appli-
cation of AI models and approaches to address the increasing
complexity, variability, and uncertainty of microgrids. This
section will focus on related work in unsupervised, supervised,
and reinforcement learning that is relevant to the proposed
framework.

Unsupervised learning algorithms learn a structure or
representation from unlabeled datasets. These structures are fre-
quently referred to as clusters, profiles, or segments. The energy
domain generates many high-velocity and high-frequency unla-
beled datasets from smart meters, control systems, and grid
management systems. Using smart meters attached to houses,
buildings, machinery, and geographical areas, several unsuper-
vised learning approaches have been proposed to generate clusters
of consumption and/or generation profiles. Czétány et al. [6] used
a clustering-based method to profile the energy consumption of
households, using k-means, fuzzy k-means, and agglomerative
hierarchical clustering on daily and annual energy data to gener-
ate the consumption profiles. Zhan and Chong [7] used principal
component analysis for feature extraction from energy data and
to generate clusters. Peter et al. [8] conducted a review of intel-
ligent protection schemes implemented in AC, DC, and AC/DC
hybrid microgrids, alongside their limitations, protective features,
and performance evaluation. A deep autoencoder approach for
energy theft detection in microgrid settings [9] and cyber–physical

anomaly detection in inverter-based microgrids [10] have also been
proposed.

Supervised learning algorithms learn a function between
input attributes and a target attribute/s, using labeled data. Given
the temporal nature of energy production, supply, consump-
tion, and management, time-series data streams generated by
energy infrastructure and equipment can be efficiently leveraged
as labeled data for the prediction and forecasting of future behav-
iors of consumption and generation. Supervised learning has been
effectively applied in energy use cases, such as price, load fore-
casting, real-time monitoring, and anomaly detection [11–13].
Time-series forecasting has also been used to handle anomalies
in data, including missing values, and to develop efficient and
scalable load forecasting in distributed and causality processing
scenarios [14]. Hybrid approaches of combining unsupervised
learning with supervised learning have also been proposed [15].

Several recent studies have applied reinforcement learning to
optimize the operation of microgrids with smart loads, gener-
ation, and energy storage. These applications need to consider
special characteristics of microgrids, such as power flow con-
straints at the point of common coupling to the utility grid
[16, 17], the option for microgrid internal demand response mar-
kets [18], existing energy trading possibilities offered by power
utilities [19], and the eventual emergence of novel markets
designed for a microgrid dominated power system [20]. However,
optimization with reinforcement learning utilizes only a subset
of relevant AI techniques. In a recent taxonomy of AI applica-
tions for distributed energy resources, Sierla et al. [21] investigated
the applications of supervised, unsupervised, and reinforcement
learning, as well as combinations of these techniques [22].

The proposed AI framework aims to address these limita-
tions as follows. As battery storage is an expensive and scarce
resource in a microgrid setting [23], the prosumer clusters ensure
this limited resource is utilized in the most effective manner
[24, 25]. The time-series forecasting ensemble predicts future
energy use for both prosumer clusters and individual participants.
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It also aims to address the uncertainties that occur in the energy
sharing from external factors such as weather and consumer
behavior [26, 27]. The continuous internal auction lays the foun-
dation for efficient allocation of surplus in the microgrid [28] and
facilitates competitiveness among microgrid nodes for balanced
energy usage [29]. MARL [30] enables each prosumer to oper-
ate independently in the continuous internal auction and thereby
automates the scaling and optimization of energy sharing in the
microgrid [31]. This delivers a financial benefit for prosumers con-
sidering fairness and autonomy [32], as well as decreased energy
usage from the external grid, which then also enables carbon
emissions reduction.

3. Methodology

This section delineates the structure of the proposed AI
framework and its composition in terms of the following three
core modules: (1) prosumer clusters: structure-adapting unsu-
pervised learning approach for generating clusters of prosumer
usage and generation patterns from raw data streams; (2) time-
series forecasting ensemble: an ensemble of supervised learning
algorithms for forecasting consumption and generation; and (3)
microgrid auction with multi-agent bidding: a continuous internal
auction based on MARL for optimized microgrid energy shar-
ing. Figure 1 illustrates the structure and composition of this AI
framework. It begins with the extraction and processing of con-
sumption and generation data from the metering infrastructure,
as well as other devices and equipment, at the highest granu-
larity available (typically 5–15 min frequencies). The inherently

Figure 1
Modular composition and information flow of the proposed

framework

spatiotemporal granularity of energy data is central to developing
AI techniques for energy systems. For instance, high-resolution
temporal data combined with spatial granularity enables precise
modeling of consumption behaviors in energy [33, 34]. In contrast
to healthcare data, where fine-grained, individual-level measure-
ments are available, energy data are more challenging due to
the complexity of dynamic consumption, diverse device types,
and the influence of external factors. Next, the raw data streams
are received by Module 1 for the generation of prosumer clus-
ters. The optimal prosumer clusters and multi-granular profiles
of consumption and generation are then input into the other two
modules. In Module 2, optimum clusters are used to determine
the forecast for consumption and generation. In Module 3, cluster
information is used to determine the optimal battery allocation
for prosumers.

Module 2 receives prosumer clusters as well as the raw data
streams for forecasting future consumption and generation of all
buildings to determine uncertainties that occur due to external
behaviors of the microgrid. Forecasting for the prosumer clusters
ensures the forecasts are robust, efficient, and scalable, specifically
in a microgrid setting where forecasting is aligned to the prosumer
clusters instead of individual prosumers. These forecasts are then
passed on to Module 3, which initiates a microgrid auction for
optimized prosumer participation and competitive energy shar-
ing. The optimum energy-sharing strategy is composed of three
heuristic methods and two MARL methods, independent learn-
ing, and a shared agent. The following three subsections provide
the details of each module.

3.1. Module 1: prosumer clustering using
structure-adapting unsupervised learning

The prosumer clusters are generated using a structure-
adapting unsupervised learning approach. These clusters are
propagated through to Module 2 for cluster-based scalable fore-
casting and in Module 3 for an optimal battery allocation
strategy. The structure-adapting unsupervised learning approach
is implemented using the Hyperseed algorithm [35] and the k-
means algorithm. Hyperseed is a few-shot unsupervised learning
algorithm with a learning rule defined by a single vector opera-
tion. It has been shown to learn a complete feature space from a
limited number of input vectors within a few training iterations.
This few-shot learning capability makes Hyperseed well-suited for
low-compute energy sharing in microgrid environments.

Using Hyperseed, we can represent different groupings of
prosumers based on past data of consumption and generation
behaviors. We represent the diverse prosumer consumption pat-
terns using two sets of variables in terms of time bands and date
ranges, leading to a total of 52 statistical features. These features
are described in Table 2. We define prosumers and their statisti-
cal representation as follows: Ci = {s1, s2, ..., s j}, where Ci is the
ith prosumer and sj is the jth statistical feature of Ci. Learned
prosumer behaviors are further grouped into clusters using the
k-means algorithm. The k-means algorithm generates a set of dis-
tinct, non-overlapping groups. It operates by iteratively assigning
each data point to the nearest cluster center and then updat-
ing the cluster centers as the mean of the assigned points. The
optimal number of clusters for k-means is determined using the
elbow method by analyzing the inflection point of the within-
cluster sum of squares. Using these clusters, we define different
energy consumption profiles. Hyperseed learns prosumer behav-
iors, which are then grouped into distinct, non-overlapping groups
using k-means.
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Table 2
Description of 52 features used in Module 1 prosumer clustering

Feature label Description Feature count

Mean energy consumption Mean hourly energy usage of a given date range 1

Mean energy consumption by month Mean hourly energy usage of a given date range calculated monthly 12

Mean peak energy consumption Mean peak energy usage of a given date range 1

Mean peak energy consumption by month Mean peak energy usage of a given date range calculated monthly 12

Mean working hour energy consumption Mean hourly energy usage of a given date range calculated
separately for working hours and non-working hours

2

Mean working hour energy consumption
by month

Mean hourly energy usage of a given date range calculated
separately for working hours/non-working hours and each month

24

Once the energy consumption profiles are identified, we use
the profiles to determine the allocation of available batteries. If we
have n batteries available, with each profile’s median consumption
being mC1,mC2, ...,mC j for j number of profiles, we calculate
the total consumption of all profiles MC. Therefore, allocation
for each profile can be presented as Equation (1), with remaining
batteries allocated to the highest consumption profile. Equation
(1) provides a coarse baseline allocation and does not explicitly
model temporal variability or generation intermittency. Its use is
restricted to scenarios with relatively stable prosumer profiles.

Allocated Batteries for C j = ⎢⎢⎣n ·m · C j

MC
⎥⎥⎦ (1)

3.2. Module 2: time-series forecasting ensemble

The time-series forecasting ensemble generates short-term
load and generation forecasts for each individual prosumer and
each prosumer cluster. Load and generation forecasts help to
reduce the uncertainties arising from external factors, such as
seasons, weather events, people’s behaviors, and other planned
activities. The major challenges of forecasting for prosumers in
a microgrid setting are forecast accuracy, missing values and
anomalies in individual prosumer data [36], and scalability [37].
This module utilizes an ensemble of supervised learning algo-
rithms to address the challenge of forecast accuracy. The ensemble
consists of nine algorithms: random forest; k-Nearest Neigh-
bors; support vector machine; multilayer perceptron with two
variations (multi-step dense and single-step dense); XGBoost;
convolutional neural network (CNN) with 1-D CNN with 32 fil-
ters followed by two fully connected layers with hidden unit size
of 32 and 1, respectively; Temporal Convolution Network; and
Long Short-Term Memory [38]. This ensemble follows a dynamic
leader selection mechanism. At each forecasting step, the model
with the lowest recent prediction error over a rolling evaluation
window is selected as the leader, and its output is used as the final
forecast. This adaptive selection strategy enables the ensemble to
respond effectively to nonstationary consumption and generation
patterns in an energy-sharing setting by identifying the most reli-
able predictor under current conditions (Equation (2)). Here, yt
denotes the observed value of the target variable at time step t,
and ŷt represents its forecast.

ŷ (t) = ˆ
y
(argmin

i
Erri(t−1)) (t) (2)

Model performance can be evaluated using a combination
of absolute, relative, and task-specific metrics. Absolute measures

such as total operational cost and root mean square error
(RMSE) quantify raw performance and directly reflect system
objectives. To enable scale-invariant comparison across models,
seasons, and targets with different magnitudes, relative metrics
including the relative RMSE are additionally reported. Com-
plementary indicators such as mean absolute error (MAE) and
percentage-based errors provide robustness against outliers and
improve interpretability. MAE is used to evaluate the models from
Module 2, which is defined as follows:

mae = (1
n
) n∑
i=1

|yi − xi| (3)

The second and third challenges are addressed with the use of
prosumer clusters alongside the raw data streams as a means of
normalization and validation of similar consumption and gen-
eration behaviors. For the second challenge of missing values
and anomalies, the use of prosumer clusters mitigates the impact
by enabling cluster-level aggregation and imputation. Specifi-
cally, when individual prosumer data are incomplete or contain
anomalous measurements, values are imputed using cluster-level
statistics, such as median or trimmed mean profiles, derived
from time-aligned peers with similar consumption and generation
characteristics. This approach preserves temporal structure while
reducing sensitivity to outliers, as anomalous individual read-
ings are addressed through aggregation within the cluster. For
the third challenge, developing individual forecasts for each pro-
sumer is not scalable when the microgrid expands and the number
of prosumers increases. Therefore, prosumer clusters generated in
Module 1 are used to identify disjoint segments and train a fore-
casting model for each profile and aggregate all profile forecasts
to identify total consumption and generation. This module uses
past 24 h consumption data as the input window. All the raw
data stream values and continuous numerical features are scaled
to [0, 1] using min-max normalization for the training process.
All time-based features are converted to sin using sin (2𝜋 · hour

24
)

and cos signals using cos (2𝜋 · hour

24
).

3.3. Module 3: microgrid auction for energy sharing

The final module, Module 3, conducts two functions: imple-
mentation of the internal auction and the optimization of the
auction for energy sharing across prosumers. The module receives
two inputs: prosumer clusters of selected granularity and the
forecasts and forecast horizons for each prosumer and prosumer
cluster. Prosumer clusters are used to identify the battery dis-
tribution in the microgrid, while forecasts and forecast horizons
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are used as state parameters in the optimization of the internal
microgrid auction, which is composed of two MARL methods.

3.3.1. Internal auction
The internal auction function determines the energy-sharing

structure of the prosumers, where each agent bids for buying or
selling on the upcoming market epoch (the bid consists of the price
at which the agent is willing to buy or sell as well as the amount of
energy to be bought/sold in kWh). Thus, the action of the agent is
to select the bid. The auction terminology is such that positive is to
“sell,” negative is to “buy,” and accepted bids are called “orders.”
Figure 2 depicts a flowchart of the internal auction function. The
auction runs hourly automatically for 24 h accepting bids from
prosumer nodes. The proposed auction is an internal mechanism
that does not have explicit separate auction steps like a normal
auction and does not consider separate gate closure, operation,
and settlement steps. Instead, bids should be evaluated prior to
the top of each hour to determine the amount to buy/sell from/to
the grid, covering the gate closure and settlement process. The
proposed internal auction does not have trading prices. Instead,
the auction is used to determine the accepted bids for each hour
and the order of the accepted orders. The evaluation for hour t
is specified in Figure 2. The evaluation begins with the cheapest

sell bid. If it is cheaper than the grid price, it is accepted (i.e., it
becomes an order), which is used to cover the cheapest buy bid, in
part or fully: (1) if fully, that buy bid is accepted (i.e., it becomes
an order) and the auction proceeds to the next buy bid, or, (2) if
partly, the next sell bid is used to cover the buy bid that was only
partially covered by the last sell bid. The auction then proceeds
to evaluate the cheapest remaining sell bid. There are three ways
in which the auction can end, each of which is indicated in the
flowchart with a colored and formatted arrow as follows: (1) red
and dashed: all of the buy bids were successfully covered by sell
bids; (2) green and dotted: sell bids that had a price higher than
the grid price were rejected, and the demand of the agents whose
buy bids were not accepted in the auction were covered from the
grid; and (3) violet and solid: all the sell bids were accepted, but
they did not cover the demand from all of the agents, and the
demand of the agents whose buy bids were not accepted in the
auction were covered from the grid.

3.3.2. Energy-sharing strategy
The second function of this module is the optimization of the

auction for energy sharing. It implements the distributed decision-
making functionality for each prosumer node when participating
in the auction. Every prosumer will be executing this function to

Figure 2
UnifiedModeling Language (UML) diagram of the internal auction for energy-sharing structure of the prosumers (see Table 1 for terms)

End

Start
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determine the optimal action at each epoch of the auction. The
action for each node is typically to either buy or sell into the
microgrid, while the decision to buy or sell from the external grid
is decided by the auction.

All prosumers have two objectives, where they need to
minimize their own individual cost, and as a microgrid commu-
nity, they need to minimize the overall cost of the microgrid.
The potential conflicts of shared agent and independent agent
approaches, which both have as an objective of minimizing
cost, are addressed through the reward function by evaluating
both community reward and individual reward and then select-
ing the most effective configuration. We utilize reinforcement
learning to find optimal solutions that satisfy these two objec-
tives. Single-agent reinforcement learning is unable to address
the individual objectives of the participants due to the added
complexities of nonstationarity, scalability, and partial observ-
ability [39]. Therefore, we have formulated internal auction actions
of prosumers in the microgrid as a MARL optimization prob-
lem [40], which is solved in a distributed manner that supports
scalable microgrid management while also accounting for indi-
vidual prosumer objectives. The transformation of Single-Agent
Reinforcement Learning (SARL) into MARL introduces the
challenges of nonstationarity, scalability, and partial observability
[39]. Nonstationarity is when the environment becomes nonsta-
tionary due to the actions of multiple agents [41]; scalability of the
joint action space, which increases with the number of agents [42];
and partial observability, where different agents observe different
instances of state [43]. Three types of MARL approaches attempt
to address these three challenges: independent agents, joint action
space, and centralized training of decentralized policies. Indepen-
dent agents are the most widely used [44] and straightforward
as they ignore the nonstationarity condition and implement each
agent as a separate SARL agent [45]. In joint action spaces, an
SARL agent represents the multi-agent environment using joint
or shared actions. This method resolves the nonstationarity issue
by representing the multi-agent environment using a single agent
[46]. But this method has issues with scalability in a multi-agent
environment, as it cannot take advantage of multiple agents and
needs to train a single larger agent. The third approach is to use
decentralized policies similar to independent agents but use a cen-
tralized training process [44]. Further, this can support partial
observability through local states and actions in each agent [39],
as reported in several recent approaches [47, 48].

Based on recent literature, Multi-Agent Proximal Policy
Optimization (MAPPO)-based independent agent algorithms are
able to mitigate the nonstationarity of the environment using tech-
niques from proximal policy optimization (PPO), such as policy
clipping [49]. In this work, we use independent agent MAPPO
and centralized training approaches in MARL to optimize energy
sharing in a prosumer microgrid. The proposed MAPPO algo-
rithm follows the architecture suggested in Reference [49] and
learns decentralized independent policies for each agent based on
individual policy clipping.

3.3.3. Optimization function
The optimization function aims to maximize energy shar-

ing and minimize the emission and cost of the microgrid. The
cost is quantified by the number of units purchased by the grid
multiplied by the spot price at that time Pt. To achieve this objec-
tive, the function of an individual microgrid entity can be defined
as a cost for an individual epoch, considering the three energy
generation and consumption units: each microgrid entity’s energy
consumption Ploadi , each microgrid entity’s PV energy generation

PPVi , and battery energy storage change PBESi . The identified
objective function is shown in Equation (4).

△ Ji (t) = Pt (Ploadi (t) − PPVi (t) + PBESi (t)) (4)

The energy storage system of each prosumer has a constraint
that is required to protect the energy storage from high through-
put. This restriction ensures the minimum and maximum state of
energy (SOE) of the battery. This is important for the safety of the
batteries [50, 51]. Equation (5) shows the constraint of the SOE
value, and Equation (6) shows the calculation of the SOE value.

SOEi,min ≤ SOEi ≤ SOEi,max (5)

SOEi (t) = SOEi (t − 1) + 𝜂PBESi

BESmaxi

(6)

Here, PBESi is the discharge/charge amount for the building i, 𝜂 is
the charging/discharging efficiency coefficient, and BESmaxi is the
battery capacity.

The total cost of the microgrid can be identified as J. The
purpose of the multi-agent system is to minimize this objective
function. Equation (7) shows the objective function of the system.
Here,M is the total number of epochs considered for optimization,
and N are all individual participants in the microgrid.

J = M∑
t=1

N∑
i=1

△Ji (t) (7)

This generalized energy system can be modeled as an opti-
mization of two objectives: first is to consider the individual cost
of each prosumer, and second is to use the overall cost of the
microgrid by aggregating the individual cost over all participants.
In this research, both objective functions were empirically evalu-
ated, and the second was selected due to improved value. This is
expected, as the objective of the multi-agent system is to reduce
the overall external cost of the microgrid. The cost function to
consider for minimization is the total cost(J) of all the epochs.

3.3.4. The MARL approach
This section presents the MARL approach for the identified

optimization function. Reinforcement optimization is formulated
by considering a Markov decision process (MDP) and defined
as a tuple of (S,A,P,R, 𝛾). Here, S is the environment state
space, A is the action space, P is the transition probabilities, R
is the reward, and 𝛾 is the discount factor. When there are mul-
tiple agents, the MDP process is no longer valid, and actions
from individual agents affect the other agent dynamics. The exten-
sion of MDP, known as a Markov game, is used to formalize
the multi-agent environment. The MARL parameter tuple will
change as (N,S, {A}i∈N,P, {R}i∈N, 𝛾). In this tuple, N is the num-
ber of agents (N > 1), S is the state space, Ri is the reward
function, and 𝛾 is the discount factor, 𝛾 ∈ [0, 1]. Ai is the action
space for the i th agent, and the joint action space can be iden-
tified as A = A1 × A2... × AN. P is the transition probability
P ∶ S × A → 𝛿(S) for the state s′ ∈ S when given starting state
s ∈ S and joint action a ∈ A.

V𝜋
i (s) = ∑

a∈A𝜋 (s, a)∑P (s, a, s′) [Ri (s, a, s′) + 𝛾Vi (s′)] (8)

Joint policy of multi-agents can be identified as 𝜋(s, a) =∏ j 𝜋 j(s, a j), and it is determined by the value function in
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Equation (8). Here, a is the joint action that can be demonstrated
using the common notation for opponent

set – i = N
i as a = (ai, a−i).

𝜋∗i (s, a, 𝜋−i) = argmaxV(𝜋i,𝜋−i)
i (s) (9)

Optimal policy for agent i can be identified as Equation (9),
and it depends on the policies of the remaining agents. In a
MARL setting, multiple agents can interact with the environment
and update the state of the environment; these agents can collab-
orate or compete in a single environment, and individual agents
can have the same or multiple policies [52]. Moreover, the state is
determined by the environment state and agents’ own state, and
the reward value of a single agent is determined not only by their
own action but also by the other agent’s action. Due to these com-
plexities, there can be a scenario where the optimization problem
does not converge, and the methods to use for a multi-agent sce-
nario are dependent on the use case. Therefore, energy sharing
of the microgrid community environment is a typical scenario for
MARL optimization, where each prosumer is considered a sepa-
rate agent with their own goals and determines their own actions
to participate in the internal auction. MARL approach provides
a scalable solution considering the individual goals of the agents
and addresses the added complexity that arises from the growth
of the dimensions of the input state [50].

Action space: The individual agent determines the bids for
the internal auction, which includes the bidding price, bidding
volume (amount), and whether the bid is a sell or buy order. To
achieve this, we use two separate values for price and amount.
The sign of the price value will determine if the bid is a buy or
sell order: a negative price means a sell order, and a positive price
means a buy order. To simplify the MARL agents, these two val-
ues are discretized as follows: the amount is kept in a constant
value (CA), which is based on the previous year’s max amount,
and the price is considered as two discrete values for buy and sell
(𝛼), where 𝛼 ∈ (−1, 1). When considering the bid, the auction
price is converted to a continuous value using a linear scaling
of the current grid price. The total number of such tuples within
the action space is determined by the number of agents and the
number of participant buildings in the microgrid.

State space: The multi-agent environment state space has two
components: the agent’s own state space and the environment
space. The agent’s own states are visible to agents, but environ-
ment space visibility is determined by the agent’s visibility of other
agents. This is identified as full observability or partial observabil-
ity. Table 3 shows the complete state space used for the MARL
solution assuming full observability. For the state transition of
the agent space from the action, Equation (10) determines the
discharge or charge amount.

Pload(t)i + 𝛼 · CV = PBES + PPV(t)i (10)

Reward function:Determining the reward function is the most
important aspect of an reinforcement learning (RL) solution. In
this work, we evaluated three reward functions to identify the
optimum solution for the MARL optimization: (1) common cost
of the microgrid ∑N

i=1 △Ji(t) at each epoch, (2) individual cost
of the building (Equation (3)), and (3) reward function, which
evaluates accepted buy order as positive value and sell order as
negative value, multiply by current price (Pt). The reward func-
tion is selected empirically by evaluating the results for the four
seasons. In this experiment, the first reward function identified is
used with the independent agent method.

4. Experiments

The proposed AI framework and its constituent modules
were empirically evaluated using a real-world case study based
in a tertiary education setting in South East Australia. The case
study consisted of data for energy consumption and renewables
generation from 56 buildings for two years, Jan 1, 2023, to Jan 1,
2025. Both consumption and generation data are streamed into a
centralized server in 15 min intervals. The 56 buildings are used
for various purposes, such as lecture theaters and classrooms for
teaching, administration offices, student accommodation, sport
and recreation, and retail. Battery storage is available for 28
buildings. Each building will work as an edge node, predict the
generation and consumption for the next epoch, and determine
the bidding action to participate in the internal auction. In this
scenario, we assume the full observability between agents as the
community is a university and individual building information is
shared among others using the central agent.

Table 3
Summary of the state space values with each category

Category Value

Environment state Microgrid total load (∑N
i=1 P

load
i (t))

Microgrid total PV generation (∑N
i=1 P

PV
i (t))

Current market price

Predicted microgrid load at t + 1,∑N
i=1 P̃

load
i (t + 1)

Microgrid total PV generation at t + 1, (∑N
i=1 P̃

PV
i (t + 1))

Month
The day of the week

Hour of the day

Agent state Agent load (Pload
i (t))

Agent PV generation (PPV
i (t))

Current SOE value
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Table 4
Comparison of five state-of-the-art MARL algorithms across eight capabilities relevant to microgrid energy-sharing auctions

Capabilities QMIX
Independent Q-
Learning (IQL) MADDPG MAAC MAPPO

Action space Discrete Discrete/Cont Continuous Discrete/Cont Discrete/Cont

Training
methods

Centralized Critic,
Decentralized
Actor

Independent
Learning

Centralized Critic,
Decentralized
Actor

Centralized Critic,
Decentralized
Actor

Centralized Critic,
Decentralized
Actor

Optimization
method

Value
Decomposition

Q-learning DDPG-based
(Deterministic
Policy Gradient)

Actor-Critic with
Q-function
Decomposition

PPO-based (Policy
Gradient)

Stability High (in
cooperative
settings)

Low (due to
nonstationarity)

Moderate (requires
tuning)

High (due to
Q-function
decomposition)

High (due to PPO
stability)

Sample efficiency High Low Moderate High High

Scalability High (for
cooperative tasks)

Excellent
(independent
agents)

Moderate
(centralized critic)

Moderate
(centralized
critic)

High

Handling
coordination

High Low (independent
learning)

Moderate High High

Multi-agent
settings

Cooperative
settings

Simple environ-
ments with
independent
agents

Cooperative
or mixed
environments

Cooperative tasks,
both discrete
and continuous

Complex multi-
agent environments
(cooperative/
competitive)

Due to the diverse capabilities of MARL algorithms, it
was pertinent to compare the state of the art across numerous
attributes for the selection of a suitable algorithm for the proposed
framework and the nontrivial energy-sharing microgrid auctions
environment. For instance, Multi-Agent Deep Deterministic Pol-
icy Gradient (MADDPG) performs well in continuous action
spaces, Multi-Agent Proximal Policy Optimization (MAPPO)
provides improved stability due to its use of PPO, and Multi-
Agent Actor-Critic (MAAC) performs well in scenarios requiring
tight coordination among agents. Based on this comparison
(Table 4), MAPPO was selected as the most suitable algorithm
due to the capacity for high optimization, stability, coordina-
tion, diversity of multi-agent settings, and Centralized Critic,
Decentralized Actor training method in continuous spaces.

The agents were trained using simulated online MARL over
historical market data from 2023, rather than a static batch learn-
ing procedure. Although the data are historical, the training
process explicitly preserves the temporal dynamics and strategic
interactions among agents. The 2023 dataset was used to con-
struct a sequential market simulation environment, where each
trading interval (e.g., hourly/day-ahead auction) represents one
environment step. At each step, all agents simultaneously observe
their local states (including price signals, demand/generation fore-
casts when available, and historical clearing outcomes) and submit
bidding actions to the simulated auction mechanism. Agents are
trained online within each episode, so that policy updates occur
iteratively as agents interact with one another and the environ-
ment over the full 2023 timeline. This enables agents to adapt
to nonstationarity induced by other learning agents. Multiple
episodes over the 2023 period are executed to ensure convergence
and policy stability. For evaluation, the learned policies are frozen
and deployed in an out-of-sample simulation using 2024 data,
without further learning or parameter updates. This temporal sep-
aration prevents information leakage and allows performance to
be assessed under dynamic conditions. This training–evaluation

split reflects a realistic deployment setting in which bidding agents
are trained on historical market behavior and then executed in
future markets without retraining.

The independent agent method uses a separate policy for
each agent, and the shared agent method shares the same policy
for all the agents. The MARL hyperparameters were optimized
using three methods: Grid Search, Bayesian, and Gradient-based.
Grid Search was guided by cross-validation on the training set,
Bayesian guided by a convergence objective evaluated on the
validation dataset, and Gradient-based was guided by a hyper-
network trained to approximate the best response for multi-agent
functions. The resulting hyperparameters were then used in the
experiments for the PPO algorithm, as identified in Table 5.

Table 5
Selected PPO hyperparameters

Hyperparameter Value𝛾 0.99

Batch size (horizon) 2500

Learning rate (Adam step size) 0.001

GAE parameter (lambda) 1

Clipping parameter 0.3

All experiments were conducted using a discrete-time sim-
ulation environment developed in Python v3.9. The MARL
framework and forecasting models were implemented using
PyTorch v1.13, NumPy, and Pandas. The energy-sharing auc-
tions, including prosumer consumption, generation, and battery
constraints, were simulated within a custom-built environment
executed at each decision step. Experiments were run on a work-
station equipped with an Intel Core i7 CPU, 32 GB RAM, and
an NVIDIA RTX 3080 GPU with 10 GB memory. All training
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and evaluation were performed on a single machine without dis-
tributed computing. This hardware configuration was sufficient to
support the computational requirements of the proposed MARL
framework and ensures reproducibility of the reported results.

4.1. Experiment 1

This experiment evaluates a suitable MARL method for
the selected dataset from the two methods available in the AI
framework: independent agents and shared agents’ methods. To
empirically evaluate the two methods, both MARL agents are
trained on the 2023 data and evaluated using the 2024 data. In
Figure 3, we compare the MARL training process using two
methods. The graph shows the mean reward plotted against the
training iteration. Up to around 100 epochs, the reward increases
exponentially and then saturates, indicating the convergence of
the reinforcement learning process. However, after around 700
episodes, the independent agent method passes the shared param-
eter method and achieves an overall higher mean reward. This
demonstrates that compared to single RL agent models, the multi-
agentmodels are unstable, and that the overall highestmean reward
is higher in the independent agent method. Figure 4 presents the
accumulated error for the two MARL methods, where the inde-
pendent agent method has a lower cost compared to the shared
agent method.

4.2. Experiment 2

This experiment evaluates the time-series forecasting ensem-
ble module in the MARL energy-sharing strategy. Given the
seasonality of forecasts, this experiment takes into account the
four seasons of Australia. Table 6 shows the selected date ranges
for the experiments from the four seasons. In this table, the
first column, “Season,” indicates the season in which the data
are selected; the second column, “Training Date,” signifies the
selected starting date in the training dataset for each season; and
the third column, “Testing Date,” identifies the starting date in the
testing dataset for each season. In this experiment, we selected a
subset of five prosumers with variable and dynamic consumption
and generation patterns.

Figure 3
Comparison of the two MARL methods: independent agent and

shared parameter method

Figure 4
Accumulated error of the two MARL methods: independent

agent and shared parameter method

Table 6
Training and testing periods for multi-agent reinforcement

learning for four seasons

Season Training date Testing date

Spring 01-09-2023 02-09-2024

Summer 01-12-2023 01-12-2024
Autumn 01-03-2023 01-03-2024
Winter 01-06-2023 01-06-2024

The experiment uses independent agents as the implemen-
tation method of MARL. All multi-agents are trained on the
data from 2023 and evaluated using the 2024 data (date ranges
as shown in Table 6). To evaluate the forecasting method, multi-
agents are trained in two approaches, with and without the
forecasting data. The MARL method determines bidding to par-
ticipate in the auction and calculates the accumulated cost for the
first five-day period starting from the dates presented in Table 6.
The forecasting method to utilize for the experiment is empiri-
cally selected from the available forecasting methods in the AI
framework.

Figure 5 shows for each season how MARL bidding in
the auction works with and without forecasting data of con-
sumption and generation. According to this comparison of two
seasons with forecasting information, MARL bidding action pre-
diction generates a lower cost. Both autumn and spring bidding
action with forecasting information generates lower accumulated
costs compared to bidding without forecasting. This implies that
high variances in spring and autumn are detected in the fore-
casts, and this enables the MARL bidding action to predict more
accurately. In contrast, summer and winter bidding actions
produce lower costs without the forecasting information. The con-
trasting behavior observed in summer and winter is likely due
to the relative stability of consumption and generation patterns
during these seasons. In summer, solar generation follows a
more predictable diurnal profile with lower short-term variability,
while in winter, consumption patterns tend to be dominated by
stable demand. Under such conditions, the additional forecast-
ing information provides a limited marginal benefit with some
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Figure 5
Comparison of MARL accumulated costing with and without forecasting

prediction errors that propagate into the bidding policy. As a
result, MARL agents relying solely on recent observations can
achieve comparable or lower costs than those incorporating fore-
casts. In the next experiments, these findings are used to determine
the training of the MARL agents for each season.

4.3. Experiment 3

This experiment evaluates the proposed independent agent
MARL method with three heuristic methods that also utilize
the same generalized optimization function. For this compari-
son, heuristics are more suitable than MPC due to its limitations
in applicability to peer-to-peer energy-sharing auctions. First,
MPC typically relies on accurate and explicit system models,
including demand dynamics and generation profiles. In auction-
based energy-sharing settings, prices and bidding outcomes are
non-deterministic and emerge endogenously through interactions
amongmultiple agents, limiting the validity of suchmodel assump-
tions. Second, standard MPC formulations do not explicitly
account for strategic behavior, as they generally assume either
centralized coordination or price-taking agents. This means MPC
is unable to capture prosumers dynamically adapting their bids
in response to competitors’ actions. Third, extending MPC to

multi-agent auction environments would require either centralized
optimization with full information sharing or iterative coordina-
tion schemes, both of which are impractical in peer-to-peermarkets
due to scalability, privacy, and communication constraints. In
contrast, heuristic bidding strategies reflect the types of decision
rules commonly adopted by prosumers in practical deployments,
requiring minimal information, no explicit system models, and
low computational overhead. This aligns closely with the proposed
MARL framework, which directly learns decentralized bidding
policies from interaction data, enabling agents to adapt to nonsta-
tionary auction environments without relying on explicit system
models.

The independent agent MARL method utilizes battery
allocation from Experiment 1 and time-series forecasts from
Experiment 2. The MARL agents are trained on 2023 data for
the four seasons, and for each season, a separate MARL model
is identified. The three heuristic methods used in this experiment
are as follows.

Heuristic Method 1: The first heuristic method uses the min-
imalistic solution, which will bid to the auction based on actual
consumption and generation values. This method will produce
a sell bid when there is excess energy from generation. Price
and amount are determined by the previous external price and
the actual excess amount. If there is a lower generation than
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consumption, it produces a buy bid for the auction for the previous
external price.

Heuristic Method 2: The second heuristic method uses ran-
dom values to determine the amount, and the amount values are
randomly picked from a normal distribution constraint to the
maximum and minimum identified. Price is determined by the
previous external price similar to heuristic method 1.

Heuristic Method 3: The third method uses the forecast to
determine buy and sell orders. If the predicted price is less than
the predefined threshold value, then the order is set to “buy
order”; otherwise, it is set to “sell order.” This will ensure buy-
ing from the grid when the price is less at the predicted price. The
amount is determined by the random value similar to heuristic

method 2, and the threshold value is determined by the previous
year’s average external price. Figure 6 provides a cost compari-
son between the three heuristic methods and the MARL method
for two seasons, spring and summer. Accordingly, MARL is the
lowest of all four methods, and the cost reduction is tenfold lower
in summer due to the lower consumption and higher generation
values.

We analyzed this gain in the MARL method by compar-
ing the last 24 time steps of summer with the local buy values
between the individual participants of the microgrid. Figure 7
shows the comparison between the MARL method and three
heuristic methods. According to these graphs, the MARL method
learns to increase the local grid buy values when the external

Figure 6
Cost comparison of the heuristic methods and independent agent MARL method for spring and summer

Figure 7
Comparison of price and generation by local and grid buy for the MARL method and three heuristics
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energy price is high compared to the three heuristic methods.
This results in lower external energy buy in high price points and
high external buys when lower price points. For example, on both
December 10 and December 11 at 06:00, there are high price
points where the local buy is high (blue shaded regions). Further-
more, at approximately 16:00 on December 10, another instance
of high local buying activity is observed. All high local buy points
correspond to high grid price points. On the other hand, heuris-
tic method 1 has only one high local buy point on December 11
at 07:00 when the price is at its lowest, and heuristic method 2
has considerable local buy points (blue shaded regions) randomly
in both high and low price points, and in the considered 24 time
steps, heuristic method 3 has no high local buy points. Here, local
buy means local energy sharing between the nodes of the micro-
grid. Local buy amount is calculated by iterating all the sell orders
and aggregating sell order amounts that have a local buying entity,
which is a microgrid node.

4.4. Experiment 4

Experiment 4 evaluates the scalability of the proposed frame-
work for an increasing number of auctions in more complex
environments with increased consumption, generation, and pro-
vision. As the number of auctions increases, the complexity of
decision-making, coordination among agents, and the overall
training process becomes nontrivial. This scalability assessment
can determine how effectively the framework adapts to larger-scale
problems without compromising performance or stability. Scal-
ability testing further enables identifying potential bottlenecks in
computational resources, learning time, and reward convergence.
As depicted in Figure 8, we have evaluated the framework for
60 auctions and presented metrics for cost, stability, reward, and
convergence. Overall, the increasing number of auctions leads to
an increasing computational cost; however, the multi-agent infor-
mational flows of the framework ensure that learning stability,

Figure 8
Scalability of the proposed framework for increasing number of

auctions

agent stability, and reward function are also increasing in perfor-
mance. This balance between the cost of learning and efficiency
of increasing auctions is indicative of related work on MAPPO
reporting slightly higher rewards for fewer auctions and stable
performance with more auctions.

5. Conclusion

In this paper, we have formulated the prosumer microgrid as
independent, self-serving agents who are motivated to optimize
their own financial goals, and by completing their own goals,
they are able to contribute toward community financial goals.
An internal auction setting enables the competitive behaviors
required to achieve individual and community goals. We leveraged
MARL to optimize each agent’s goals, as it enables scalability
and computational efficiency by allowing distributed processing
of individual agents. However, it is challenging to converge to
an optimized solution due to the high complexity that arises
from the dynamic environment of an individual self-serving agent
because the environment itself is defined by other self-serving
agents. We proposed two MARL methodologies—independent
agent and shared agent—to overcome this challenge. Moreover,
to improve the optimization process, two interdependent mod-
ules were introduced to identify clusters of prosumer agents and
forecast their consumption and generation. The clustering mod-
ule identifies clusters of self-interested agents, which is utilized
in identifying the optimum energy storage distribution in agents
and as a scalability enabling technique in the forecasting module.
The forecasting module supports MARL by predicting the uncer-
tainties that arise from factors external to the microgrid. This AI
framework, consisting of a structure-adapting unsupervised learn-
ing for prosumer clustering, a time-series forecasting ensemble
for forecasting, and a continuous internal auction with a MARL
optimization, is demonstrated on the real-world microgrid setting
of a large multi-campus tertiary education institution. Due to the
complex configuration of a prosumer energy-sharing microgrid
setting, we have recognized further evaluation of the proposed
framework and its learning capabilities as future work that is
outside the scope of this article. This includes evaluation of the
framework in diverse microgrid environments such as commer-
cial, residential, and industrial scenarios, as well as a comparison
with other similar methods that leverage prosumer clustering
and time-series forecasting to inform and enable a continuous
internal auction using MARL capabilities. Further studies will
also consider partial observability, fairness-aware objectives, and
transferability of learned policies across seasons and microgrid
environments, as well as real-time deployment constraints and
regulatory considerations.
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