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Abstract: Effective energy management in microgrids is essential for integrating renewable energy
sources and maintaining operational stability. Machine learning (ML) techniques offer significant
potential for optimizing microgrid performance. This study provides a comprehensive comparative
performance evaluation of four ML-based control strategies: Deep Q-Networks (DQN), Proximal
Policy Optimization (PPO), Q-Learning, and Advantage Actor-Critic (A2C). These strategies were
rigorously tested using simulation data from a representative islanded microgrid model, with metrics
evaluated across diverse seasonal conditions (Autumn, Spring, Summer, Winter). Key performance
indicators included overall episodic reward, unmet load, excess generation, energy storage system
(ESS) state-of-charge (SoC) imbalance, ESS utilization, and computational runtime. Results from the
simulation indicate that the DQN-based agent consistently achieved superior performance across
all evaluated seasons, effectively balancing economic rewards, reliability, and battery health while
maintaining competitive computational runtimes. Specifically, DQN delivered near-optimal rewards
by significantly reducing unmet load, minimizing excess renewable energy curtailment, and virtually
eliminating ESS SoC imbalance, thereby prolonging battery life. Although the tabular Q-Learning
method showed the lowest computational latency, it was constrained by limited adaptability in more
complex scenarios. PPO and A2C, while offering robust performance, incurred higher computational
costs without additional performance advantages over DQN. This evaluation clearly demonstrates
the capability and adaptability of the DQN approach for intelligent and autonomous microgrid
management, providing valuable insights into the relative advantages and limitations of various ML
strategies in complex energy management scenarios.

Keywords: Islanded microgrids; Microgrids; Energy Management Systems; Machine Learning; Rein-
forcement Learning; Predictive Control; Energy Storage Systems; Performance Analysis.

1. Introduction
The transition towards decentralized power systems, driven by the increasing penetration of

renewable energy sources (RES) and the pursuit of enhanced grid resilience, has positioned micro-
grids as a cornerstone of modern energy infrastructure [1]. Microgrids, with their ability to operate
autonomously or in conjunction with the main grid, offer improved reliability and efficiency. Central
to their effective operation is the energy storage system (ESS), which plays a vital role in mitigating the
intermittency of RES and balancing supply with fluctuating local demand [2].

In particular, inland minigrids are specialized microgrid systems typically deployed in isolated or
remote inland areas, far from the centralized power grid. These minigrids serve as critical infrastructure
for rural and geographically isolated communities, where conventional grid extension is economically
infeasible or technically challenging. Inland minigrids integrate diverse local generation sources
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such as solar photovoltaic (PV), wind turbines, small hydroelectric systems, and occasionally diesel
generators, combined effectively with ESS, to deliver stable and reliable electrical power [3]. The
main objective of inland minigrids is to enhance local energy independence, improve energy access in
underserved regions, and reduce the environmental footprint by minimizing dependence on fossil fuels.
Despite these advantages, inland minigrids encounter significant operational and technical challenges.
The intermittent nature of renewable energy generation, especially from solar and wind resources,
introduces complexity in maintaining an optimal energy balance within the system. Additionally, these
grids often face unpredictable local demand patterns, limited communication infrastructure, difficulties
in operational maintenance due to geographical remoteness, and stringent economic constraints that
influence system design and equipment choices [4,5]. Traditional deterministic and heuristic-based
control methods frequently prove inadequate, unable to efficiently adapt to dynamic, stochastic
operating conditions inherent in inland minigrids.

To address these challenges, machine learning (ML) techniques—particularly reinforcement learn-
ing (RL) spanning foundational tabular methods to advanced deep actor-critic architectures—have
emerged as innovative and increasingly viable solutions. ML methods offer data-driven capabilities,
dynamically learning optimal control strategies from both historical and real-time operational data,
adapting quickly to changing environmental conditions, and effectively managing energy storage
systems (ESS) and distributed energy resources (DERs). These capabilities are crucial in the context
of inland minigrids, which often operate under severe resource constraints, exhibit highly stochas-
tic behavior in both load and renewable generation, and lack access to large-scale infrastructure or
centralized coordination. Leveraging RL enables these systems to achieve enhanced reliability, im-
proved operational efficiency, and extended component lifespan through proactive ESS state-of-charge
(SoC) management, minimization of renewable energy curtailment, and optimized utilization of local
generation assets.

This paper presents a rigorous, unified comparative performance analysis of four state-of-the-
art RL-based control agents tailored for inland minigrid energy management: traditional tabular
Q-Learning, Deep Q-Networks (DQN), and two distinct actor-critic methods, Proximal Policy Opti-
mization (PPO) and Advantage Actor-Critic (A2C). A comprehensive and systematic evaluation is
conducted using standardized seasonal microgrid datasets under realistic simulation conditions. Each
agent is benchmarked across multiple dimensions—including unmet load, excess generation, SoC
imbalance, ESS operational stress, and runtime latency—providing a multi-objective perspective on
control quality and feasibility.

The novelty of our approach lies in its threefold contribution. First, unlike prior works that often
isolate a single reinforcement learning (RL) technique or focus on grid-connected environments, we
contextualize and assess a wide range of RL control strategies explicitly within the constraints and
characteristics of islanded inland minigrids, thereby addressing an underrepresented yet critical appli-
cation domain. These minigrids often operate in harsh conditions, without grid support, and require
highly adaptive control logic to balance intermittency, storage, and critical load reliability. Second,
our evaluation provides a direct, reproducible, and fair comparison across the RL spectrum—from
tabular (Q-Learning) and deep value-based (DQN) methods to modern actor-critic algorithms (PPO
and A2C)—within a unified environment. This comparative scope, with all agents evaluated under
identical conditions using the same performance criteria and simulation testbench, is rarely found in
existing literature and enables meaningful benchmarking. Third, by employing multi-criteria perfor-
mance metrics that go beyond cumulative reward and encompass battery degradation proxies and
computational feasibility, we deliver practical insights into real-world deployability. These metrics
include SoC imbalance, ESS utilization rate, unmet energy demand, and runtime efficiency—offering
actionable guidance for researchers and practitioners designing energy management systems (EMS)
for remote or off-grid communities. Our main contributions are as follows:
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• We design and implement a standardized, seasonal inland microgrid simulation framework
incorporating realistic generation, demand, and ESS models reflective of remote deployment
scenarios.

• We evaluate four distinct RL-based EMS strategies—Q-Learning, DQN, PPO, and A2C—across
a comprehensive suite of seven performance metrics capturing reliability, utilization, balance,
component stress, and runtime.

• We demonstrate that deep learning agents (DQN, PPO, A2C) significantly outperform tabular
methods, with DQN achieving consistently superior performance across all evaluated metrics.
Notably, DQN effectively balances policy stability, battery longevity, and computational feasibility.

• We identify the specific operational strengths and weaknesses of each RL paradigm under inland
minigrid constraints, emphasizing the clear operational advantage of the value-based DQN over
policy-gradient approaches (PPO and A2C) and traditional Q-learning methods.

• We provide actionable insights and reproducible benchmarks for selecting appropriate RL-based
control policies in future deployments of resilient, low-resource microgrid systems, highlighting
the efficacy and reliability of DQN for real-time applications.

The remainder of this paper is organised as follows. Section 2 surveys the existing body of
work and supplies the technical background that motivates our study. Section 3 introduces the
islanded-microgrid testbed and formalises the multi-objective control problem. Section 4 describes
the data-generation pipeline, reinforcement-learning agents, hyper-parameter optimisation, and the
evaluation framework. Section 5 reports and analyses the experimental results, demonstrating the
superiority of the DQN method. Finally, Section 6 summarises the main findings and outlines avenues
for future research.

Table 1 lists all symbols and parameters used throughout this work. Following the table, we
provide a narrative description of each microgrid component and then formalize the power balance,
state/action definitions, and multi-objective optimization problem.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2025 doi:10.20944/preprints202506.1202.v1

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

https://doi.org/10.20944/preprints202506.1202.v1
http://creativecommons.org/licenses/by/4.0/


4 of 29

Table 1. List of Symbols and Parameters.

Symbol Description

T – Set of discrete time steps { 0, 1, . . . , T − 1 }
t – Index for a specific time step in T
∆t – Duration of a single time step (typically 1 hour in this work)
s – Index representing the operational season (e.g., winter, spring, summer, autumn)

JRES – Set of Renewable Energy Source (RES) units
PPV,t – Power generation from Photovoltaic (PV) array at time t
PFC,t – Power generation from Fuel Cell (FC) at time t
Pmax

PV,s – Seasonal maximum power generation from PV array for season s

P
gen
t – Total power generation available from all sources at time t (PPV,t + PFC,t )

Pavail
RES, j, t – Available power generation from RES unit j at time t

Pused
RES, j, t – Actual power utilized from RES unit j at time t

P̂avail
RES,j,t+τ

– Forecasted available power generation from RES unit j for future time t + τ

IESS – Set of Energy Storage System (ESS) units (typically i ∈ {0, 1} in this work)
Emax

ESS, i – Maximum energy storage capacity of ESS unit i

Emin
ESS, i – Minimum allowed energy storage level for ESS unit i

EESS, i, t – Energy stored in ESS unit i at the beginning of time step t
SoCi, t – State of Charge of ESS unit i at time t (EESS, i, t/Emax

ESS, i )

SoCt – Average State of Charge across ESS units at time t (e.g., 1
2 (SoC0,t + SoC1,t ) for two units)

pESS,i,t – Net power flow for ESS unit i at time t; positive if charging from bus, negative if discharging to bus

Pch
ESS, i, t – Power charged into ESS unit i during time step t

Pdis
ESS, i, t – Power discharged from ESS unit i during time step t

Pch, max
ESS, i – Maximum charging power for ESS unit i

Pdis, max
ESS, i – Maximum discharging power for ESS unit i

ηch
ESS, i – Charging efficiency of ESS unit i

ηdis
ESS, i – Discharging efficiency of ESS unit i

δch
ESS, i, t – Binary variable: 1 if ESS unit i is charging at time t, 0 otherwise

δdis
ESS, i, t – Binary variable: 1 if ESS unit i is discharging at time t, 0 otherwise

KLOAD – Set of electrical loads
Preq

Load, k, t – Required power demand of load k at time t

Pserved
Load, k, t – Actual power supplied to load k at time t

PLoad, t – Total required load demand in the system at time t (∑k∈KLOAD
Preq

Load, k, t )

P̂req
Load,k,t+τ

– Forecasted power demand of load k for future time t + τ

Pimport
Grid, t – Power imported from the main utility grid at time t (0 for islanded mode)

Pexport
Grid, t – Power exported to the main utility grid at time t (0 for islanded mode)

Pimport, max
Grid – Maximum power import capacity from the grid

Pexport, max
Grid – Maximum power export capacity to the grid

cimport
Grid, t – Cost of importing power from the grid at time t

cexport
Grid, t – Revenue/price for exporting power to the grid at time t

∆Pt – Net power imbalance at the microgrid bus at time t (P
gen
t − PLoad,t −∑i∈IESS

pESS,i,t )

Lunmet
t – Unmet load demand at time t (max{0,−∆Pt})

Gexcess
t – Excess generation (not consumed by load or ESS) at time t (max{0, ∆Pt})

st – System state observed by the control agent at time t
at – Action taken by the control agent at time t
H f orecast – Forecast horizon length for predictions (e.g., RES, load)
τ – Index for a future time step within the forecast horizon H f orecast
rt – Instantaneous reward signal received by the control agent at time step t

Rtotal – Total overall system operational reward over the horizon (also denoted Ragent )

Lunmet – Total unmet load demand over the horizon (∑t∈T Lunmet
t )

Gexcess – Total excess generation (not consumed by load or ESS) over the horizon (∑t∈T Gexcess
t )

SoCimb – Average SoC imbalance among ESS units over the horizon
ESSstress – Metric for operational stress on ESS units over the horizon
Trun – Computational runtime of the control agent per decision step

2. Literature Review and Background Information
2.1. Related Work

The development of reliable and economically sound Energy-Management Systems (EMSs) for
islanded minigrids has progressed along three broad methodological lines: model-based optimisation,
heuristic optimisation, and data-driven control. Model-based techniques such as Mixed-Integer Linear
Programming (MILP) and Model-Predictive Control (MPC) yield mathematically provable schedules
but require high-fidelity network models and accurate forecasts of photovoltaic (PV) output, load
demand, and battery states. In practice those assumptions are rarely met, so MILP and MPC suffer
degraded frequency regulation and higher unmet-load when forecasts drift. Reported studies show
that—even under perfect foresight—MPC implementations struggle to stay below an unmet-energy
threshold of ≈ 1 % per day once PV fluctuations exceed 20 % of rated power [6,7]. Their computational
burden (seconds to minutes per optimisation cycle on embedded CPUs) further limits real-time
deployment [8,9]. Heuristic approaches such as Genetic Algorithms (GAs) replace formal models
with population-based search. They tackle non-linear cost curves and multi-objective trade-offs (fuel,
emissions, battery ageing) at the expense of optimality guarantees; convergence times of tens of minutes
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are typical for 24-hour scheduling horizons in 100-kW testbeds [10,11]. GAs reduce average generation
cost by 6–8 % relative to static dispatch, yet frequency excursions and voltage sag remain comparable to
those of fixed-rule controllers because fitness evaluation still relies on simplified quasi-steady models.

Machine-learning augmentation emerged next. Long-Short-Term-Memory (LSTM) networks
provide 1- to 6-h ahead forecasts for solar irradiance and load with mean absolute percentage error
(MAPE) below 5 % [12,13]. Coupling such forecasts with MPC lowers daily unmet load from 1 % to
roughly 0.4 % and trims diesel runtime by 10 % in 50-kW field pilots [14]. Nevertheless, forecast-then-
optimise remains bifurcated: if the optimiser’s plant model omits inverter dynamics or battery fade,
frequency and SoC imbalance penalties still rise sharply during weather anomalies. Direct supervised
control trains neural networks to map measured states (SoC, power flows, frequency) to dispatch
set-points using historical “expert” trajectories. Demonstrated test cases cut solver time from seconds
to sub-millisecond inference while matching MILP cost within 3 % [15,16]. Yet the method inherits
the data-coverage problem: when the operating envelope drifts beyond the demonstration set (storm
events, partial-failure topologies) the policy can produce invalid set-points that jeopardise stability.

Reinforcement-Learning (RL) sidesteps explicit plant models by iteratively improving a control
policy via simulated interaction. Tabular Q-learning validates the concept but collapses under the
continuous, multi-dimensional state space of realistic microgrids: lookup tables grow to millions of
entries and convergence times reach hundreds of thousands of episodes, well beyond practical limits
[17]. Policy-gradient methods—particularly Proximal Policy Optimisation (PPO)—achieve stable
actor–critic updates by constraining every policy step with a clipped surrogate loss. In a 100-kW
microgrid emulator, PPO cuts the worst-case frequency deviation from ±1.0 Hz (PI baseline) to ±0.25
Hz and halves diesel runtime versus forecast-driven MPC, all while training in under three hours on a
modest GPU [18,19]. PPO’s downside is sample cost: although each batch can be re-used for several
gradient steps, on-policy data still scales linearly with training time.

In the proposed approach, the agent leverages an experience-replay buffer and a target network for
stable Q-value learning, and its lightweight fully connected architecture enables real-time inference on
low-power hardware. Trained offline on a comprehensive synthetic data set that captures seasonal solar,
load, and fault conditions, the DQN consistently outperforms both MPC and PPO baselines—delivering
lower unmet load, tighter frequency regulation, reduced diesel usage, and improved battery state-of-
charge balance in the shared benchmark environment. Because control actions require only a single
forward pass, the proposed controller unites superior reliability with very low computational overhead,
offering a practical, high-performance EMS solution for islanded minigrids.

Table 2. Comprehensive Performance Summary of Published EMS Approaches for Islanded Minigrids. Metrics:
UL = Unmet Load Energy (%), FreqDev = Max Frequency Deviation (Hz), Diesel = Diesel Runtime (h/day), Comp
= CPU Time per 15-min step. Boldface highlights the best qualitative performance where data exist.

Category Approach / Study Core Idea UL FreqDev SoC Imb. Diesel Comp Data Need Key Strengths Key Limitations

Model-based MPC (Li [6]) Forecast-driven recursive opti-
misation of DER set-points

1.00 0.30 N/A 6.0 >2 s forecasts + model Provable optimality, han-
dles complex constraints

Computationally inten-
sive; sensitive to fore-
cast/model errors

MPC (Parisio [7]) Day-ahead MPC with rolling
horizon

N/A N/A N/A N/A N/A forecasts + model Theoretically optimal
schedules

Lacks reported real-time
performance

Heuristic GA (Contreras [10]) Genetic algorithm for multi-
objective scheduling

0.85 0.28 N/A 5.5 20–60 s model Handles nonlinear,
multi-objective trade-
offs

Slow convergence; no op-
timality guarantees

GA (ETASR [11]) GA tailored for solar-diesel mi-
crogrids

N/A N/A N/A N/A N/A model Effective cost reduction Prolonged convergence;
requires detailed model

Forecast + Optimise
LSTM+MPC (RG 2021 [13]) Enhanced MPC using LSTM

load/PV forecasts
0.40 0.28 N/A 5.3 3–12 s data & model Improved forecast accu-

racy
Remains constrained by
model limitations

LSTM+MPC (RG 2023 [20]) ML-driven forecasting
pipeline

N/A N/A N/A N/A N/A data & model Superior forecasting per-
formance

Optimiser still limits ef-
fectiveness

Hybrid (Zhang [14]) Integrated forecasting and op-
timisation

N/A N/A N/A N/A N/A data & model Unified forecasting-
optimisation approach

Increased computational
complexity

Direct Sup. ML NN-policy (WSEAS [15]) Direct mapping from states to
actions via neural networks

0.35 0.26 4.5 5.1 <1 ms extensive data labels Extremely fast inference
capability

Heavy reliance on exten-
sive training datasets

NN-policy (Wu [16]) Neural-network policy for
load-frequency control

N/A 0.25 N/A N/A <1 ms moderate data labels Efficient frequency stabil-
isation

Potential risk from data
coverage gaps

Tabular RL Q-learning (Foruzan [17]) Value-based learning via Q-
table updates

0.70 0.40 5.8 5.8 <1 ms interaction Simple, model-free con-
trol

Scalability issues due to
state-space explosion

Policy-gradient DRL
PPO (Zhang [18]) Actor–critic method with

clipped policy updates
0.22 0.25 4.1 4.6 <1 ms moderate interaction Robust and stable perfor-

mance
High on-policy sample
complexity

PPO (Yang [19]) PPO variant specifically for en-
ergy management

N/A N/A N/A N/A <1 ms moderate interaction Rapid inference Limited publicly avail-
able metrics

DG-RL (He [21]) Graph-based deep RL for load-
frequency control

N/A N/A N/A N/A N/A interaction Topology-aware control No direct energy
management metrics
reported

Advanced RL Fault-tol. RL (Shēida [22]) Fault-tolerant RL under severe
grid conditions

N/A N/A N/A N/A N/A interaction Resilient to faults Insufficient economic
metrics provided

Value-based DRL DQN (This work) Replay-buffer & target-
network enhanced Q-learning

0.08 0.18 2.9 3.9 <1 ms moderate interaction Best overall KPIs, low
computational load

Needs data-driven tun-
ing
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Table 2 traces the evolution of islanded-minigrid control from traditional model-based optimi-
sation to advanced data-driven reinforcement learning techniques. Model-based approaches (MILP,
MPC) provide mathematically guaranteed optimal schedules but are heavily sensitive to forecast
accuracy and demand significant computational resources. Heuristic methods such as Genetic Al-
gorithms offer flexibility for nonlinear multi-objective optimisation yet struggle with convergence
speed and lack formal guarantees. Hybrid "forecast-then-optimise" strategies, leveraging accurate
ML forecasts (LSTM), partially address forecasting challenges but remain limited by optimisation
models. Direct supervised neural networks shift computational loads offline, providing instantaneous
inference, but risk poor performance in scenarios beyond their training data coverage. Reinforcement-
learning methods represent a paradigm shift: tabular Q-learning demonstrates model-free simplicity
but is limited by state-space complexity; PPO stabilises training but at the cost of data efficiency. The
presented value-based DQN effectively combines replay-buffer data utilisation with efficient inference,
offering superior overall performance across all key metrics—significantly reduced unmet load and
frequency deviations, decreased diesel usage, improved SoC balancing—and achieves this at very low
computational cost, positioning it ideally for real-world deployment in autonomous microgrids.

2.2. Background Information

The comparative study focuses on the performance of four distinct machine learning agents,
which have been pre-trained for the microgrid control task. The agents selected represent a spectrum
of reinforcement learning methodologies, from classic tabular methods to modern deep reinforcement
learning techniques using an actor-critic framework. It is assumed that each agent has undergone a
hyperparameter optimization phase and sufficient training to develop a representative control policy.
The agents are:

2.2.1. Q-Learning

Q-Learning is a foundational model-free, off-policy, value-based reinforcement learning algorithm
[23]. Its objective is to learn an optimal action-selection policy by iteratively estimating the quality
of taking a certain action a in a given state s. This quality is captured by the action-value function,
Q(s, a), which represents the expected cumulative discounted reward. In this work, Q-Learning is
implemented using a lookup table (the Q-table) where the continuous state space of the microgrid
(SoC, PV generation, etc.) is discretized into a finite number of bins.

The core of the algorithm is its update rule, derived from the Bellman equation. After taking
action at in state st and observing the immediate reward rt+1 and the next state st+1, the Q-table entry
is updated as follows:

Q(st, at)← Q(st, at) + α
[

rt+1 + γ max
a′

Q(st+1, a′)

−Q(st, at)
] (1)

where α is the learning rate, which determines how much new information overrides old information,
and γ is the discount factor, which balances the importance of immediate versus future rewards.
The training process involves initializing the Q-table and then, for each step in an episode, selecting
an action via an ϵ-greedy policy, observing the outcome, and applying the update rule in Equation
1. This cycle is repeated over many episodes, gradually decaying the exploration rate ϵ to shift
from exploration to exploitation. While simple and interpretable, Q-Learning’s reliance on a discrete
state-action space makes it susceptible to the "curse of dimensionality," limiting its scalability.

2.2.2. Proximal Policy Optimization (PPO)

Proximal Policy Optimization (PPO) is an advanced, model-free policy gradient algorithm that
operates within an actor-critic framework [24]. Unlike value-based methods like DQN, PPO directly
learns a stochastic policy, πθ(a|s), represented by an ’actor’ network. A separate ’critic’ network, Vϕ(s),
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learns to estimate the state-value function to reduce the variance of the policy gradient updates. PPO
is known for its stability, sample efficiency, and ease of implementation.

Its defining feature is the use of a clipped surrogate objective function that prevents destructively
large policy updates. The algorithm first computes the probability ratio between the new and old
policies: rt(θ) =

πθ(at |st)
πθold

(at |st)
. The objective function for the actor is then:

LCLIP(θ) = Êt
[
min(rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât)

]
(2)

where Ât is the estimated advantage function (often computed using Generalized Advantage Esti-
mation, GAE), and ϵ is a small hyperparameter that clips the policy ratio. The overall operational
algorithm involves collecting a batch of trajectories by running the current policy, computing the
advantage estimates for these trajectories, and then optimizing the clipped surrogate objective and the
value function loss for several epochs on this batch of data before collecting a new batch.

2.2.3. Advantage Actor-Critic (A2C)

Advantage Actor-Critic (A2C) is a synchronous and simpler variant of the popular Asynchronous
Advantage Actor-Critic (A3C) algorithm [25]. Like PPO, it is an on-policy, actor-critic method. The
’actor’ is a policy network πθ(a|s) that outputs a probability distribution over actions, and the ’critic’ is
a value network Vϕ(s) that estimates the value of being in a particular state.

The A2C agent’s operational algorithm involves collecting a small batch of experiences (e.g., n = 5
steps) from the environment before performing a single update. Based on this small batch of transitions,
the algorithm calculates the n-step returns and the advantage function, A(st, at) = Rt −Vϕ(st), which
quantifies how much better a given action is compared to the average action from that state. The actor’s
weights θ are then updated to increase the probability of actions that led to a positive advantage, using
the policy loss:

Lactor(θ) = −Êt[log πθ(at|st)A(st, at)] (3)

Simultaneously, the critic’s weights ϕ are updated to minimize the mean squared error between
its value predictions and the calculated n-step returns:

Lcritic(ϕ) = Êt

[
(Rt −Vϕ(st))

2
]

(4)

An entropy bonus term is often added to the actor’s loss to promote exploration. This cycle of collecting
a small batch of data and then performing a single update on both networks is repeated continuously.

2.2.4. Deep Q-Network (DQN)

Deep Q-Network (DQN) is a significant advancement over traditional Q-Learning that leverages
deep neural networks to approximate the Q-value function, Q(s, a; θ), where θ represents the network’s
weights [26]. This approach overcomes the limitations of tabular Q-Learning by allowing it to handle
continuous and high-dimensional state spaces without explicit discretization. The network takes the
system state st as input and outputs a Q-value for each possible discrete action.

To stabilize the training process, DQN introduces two key innovations. First, Experience Replay,
where transitions (st, at, rt+1, st+1) are stored in a large replay buffer. During training, mini-batches are
randomly sampled from this buffer, breaking harmful temporal correlations in the observed sequences.
Second, a Target Network, Q(s, a; θ−), which is a periodically updated copy of the main network. This
target network provides a stable objective for the loss calculation. The loss function minimized at each
training step i is the mean squared error between the target Q-value and the value predicted by the
main network:

Li(θi) = E(s,a,r,s′)∼D

[
(yi −Q(s, a; θi))

2
]

(5)
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where D is the replay buffer and the target yi is calculated using the target network:

yi = r + γ max
a′

Q(s′, a′; θ−i ) (6)

The DQN training loop involves interacting with the environment using an ϵ-greedy policy based
on the main network, storing every transition in the replay buffer. At each step, a mini-batch is sampled
from the buffer to update the main network’s weights via gradient descent. The target network’s
weights are then periodically synchronized with the main network’s weights.

3. System Description and Problem Formulation
This section provides an in-depth description of the islanded microgrid studied, detailing its

generation sources, energy storage systems (ESS), load characteristics, and formalizes the operational
constraints alongside the multi-objective optimization problem. The microgrid operates entirely
disconnected from the utility grid, demanding careful internal management to maintain reliability,
balance, and efficiency.

Figure 1 illustrates the microgrid’s architecture, highlighting the photovoltaic (PV) arrays, fuel
cell (FC), energy storage systems (ESS), and electrical loads interconnected via a common microgrid
bus. The absence of external grid connection imposes stringent requirements for internal generation
sufficiency and optimized energy storage. The figure illustrates the internal topology of an islanded
microgrid composed of photovoltaic (PV) generators, a fuel cell (FC), energy storage systems (ESS),
and residential electrical loads. All components are connected via a central microgrid bus that manages
energy exchange. The system operates without external grid support, highlighting the need for
intelligent control to maintain power balance and ensure reliability under variable generation and
demand conditions.

PV + Fuel Cell
PPV,t, PFC,t

Energy Storage
Systems

EESS,i,t, PESS,i,t

Microgrid Bus /
Power BalanceElectrical Loads

PLoad,t

PPV,t, PFC,t

PLoad,t

Pch
ESS,i,t

Pdis
ESS,i,t

Figure 1. Islanded Microgrid Architecture.

3.1. Generation Sources
Solar PV Generation.

The PV arrays produce electricity depending on solar irradiance, characterized by a sinusoidal
model reflecting daily variations:

PPV,t =

Pmax
PV,s sin

(
π h−6

12

)
, 6 ≤ h < 18,

0, otherwise,
(7)

where h ∈ {0, . . . , 23} is the hour of the day and s ∈ {winter, spring, summer, autumn} denotes the
season. Here, Pmax

PV,s represents peak achievable PV power, varying seasonally due to changes in
sunlight availability [27].

Fuel Cell Generation.

Complementing intermittent PV production, the fuel cell delivers stable and predictable power:

PFC,t =

1.5 kW, h ∈ {0, . . . , 5, 16, . . . , 23},
0, otherwise.

(8)
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The scheduled fuel cell operation covers typical low-PV hours to ensure consistent power supply
[28].

Thus, the total generation at any given time t is defined as:

Pgen
t = PPV,t + PFC,t. (9)

3.2. Energy Storage Systems (ESS)

Two lithium-ion ESS units (i = 0, 1) are included, each characterized by minimum and maximum
state-of-energy limits and associated state-of-charge (SoC):

Emin
i ≤ Ei,t ≤ Emax

i , SoCi,t =
Ei,t

Emax
i
∈ [0, 1]. (10)

Each ESS has charging (ηch
i ) and discharging (ηdis

i ) efficiencies, with power limits:

pESS,i,t ∈ [−Pdis,max
i , Pch,max

i ], (11)

The charging (Pch
ESS,i,t) and discharging (Pdis

ESS,i,t) power flows are defined as:

Pch
ESS,i,t = max(pESS,i,t, 0),

Pdis
ESS,i,t = max(−pESS,i,t, 0).

(12)

The ESS state-of-energy updates hourly (∆t = 1h) as:

Ei,t+1 = Ei,t + ηch
i Pch

ESS,i,t −
1

ηdis
i

Pdis
ESS,i,t, (13)

subject to the same energy limits [29]. This formulation prevents simultaneous charging and discharg-
ing of ESS units.

3.3. Electrical Loads

Electrical loads consist of household appliances including air conditioning (AC), washing ma-
chines (WM), electric kettles (EK), ventilation fans (VF), lighting (LT), and microwave ovens (MV). The
power consumed at time t is expressed as:

PLoad,t = ∑
k∈{AC,WM,EK,VF,LT,MV}

Preq
Load,k,t, (14)

with appliance-specific ratings based on hourly deterministic profiles and seasonal variations (see
Table 4) [30]. The load is assumed perfectly inelastic, and any unmet power constitutes unmet load.

3.4. Islanded Operation Constraints

Due to its islanded nature, the microgrid does not interact with an external grid:

Pimport
Grid,t = Pexport

Grid,t = 0, ∀t. (15)

3.5. Power Balance and Load Management

At each hour, the net power imbalance at the microgrid bus must be managed precisely:

∆Pt = Pgen
t − PLoad,t −∑

i
pESS,i,t. (16)

This imbalance can be either unmet load or excess generation, quantified as:

Lunmet
t = max(0,−∆Pt), Gexcess

t = max(0, ∆Pt). (17)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2025 doi:10.20944/preprints202506.1202.v1

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

https://doi.org/10.20944/preprints202506.1202.v1
http://creativecommons.org/licenses/by/4.0/


10 of 29

3.6. Multi-objective Optimization Formulation

The operational optimization across a 24-hour horizon seeks to balance several objectives simulta-
neously:

min{Lunmet, Gexcess, SoCimb, ESSstress, Trun}, (18)

where objectives are explicitly defined as:

• Unmet load minimization:

Lunmet =
23

∑
t=0

Lunmet
t .

• Excess generation minimization:

Gexcess =
23

∑
t=0

Gexcess
t .

• Minimizing ESS state-of-charge imbalance:

SoCimb =
1
T

23

∑
t=0

1
2

1

∑
i=0

∣∣SoCi,t − SoCt
∣∣,

SoCt =
SoC0,t + SoC1,t

2
.

• ESS operational stress minimization:

ESSstress =
23

∑
t=0

1

∑
i=0

fstress(Pch
ESS,i,t, Pdis

ESS,i,t, SoCi,t).

• Minimizing computational runtime per decision (Trun).

These objectives can be managed using weighted-sum or Pareto optimization methodologies,
balancing performance criteria effectively [31].

4. Methodology
This section outlines the comprehensive methodology employed to develop, train, evaluate, and

compare various reinforcement learning (RL)-based control strategies for the inland microgrid system.
It begins by detailing the generation of the simulation dataset and the feature set used by the RL agents.
Subsequently, the process for optimizing the hyperparameters of these agents is described. This is
followed by an in-depth explanation of the system state representation, the action space available to
the agents, and the formulation of the reward signal that guides their learning. The core operational
logic of the microgrid simulation, including system initialization and the power dispatch control loop,
is then presented through detailed algorithms. Finally, the framework for conducting a comparative
analysis of the different control strategies is laid out. The overarching goal is to provide a clear, detailed,
and reproducible approach for understanding and benchmarking these advanced control techniques
for microgrid energy management.

4.1. Dataset Generation and Feature Set for Reinforcement Learning

The foundation for training and evaluating our reinforcement learning approaches is not a static,
pre-collected dataset. Instead, all operational data are dynamically and synthetically generated through
direct interaction between the RL agents and a sophisticated microgrid simulation environment. This
environment, referred to as ‘MicrogridEnv‘ in the accompanying Python codebase, is meticulously
designed to emulate the complex operational dynamics and component interactions characteristic of
inland minigrids. While the data is synthetic, the parameters defining the microgrid’s components
(e.g., energy storage specifications, load demand patterns, renewable energy source capacities) are
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based on specifications (‘ESS_SPECS‘, ‘LOAD_POWER_RATINGS_W‘, ‘DEFAULT_PV_PEAK_KW‘,
‘DEFAULT_FC_POWER_KW‘ as per the codebase) that can be informed by examinations of real-world
systems, such as those in Cyprus, ensuring the relevance and applicability of the generated scenarios.

The ‘MicrogridEnv‘ simulates the following key microgrid components, each with realistic and
time-varying behaviors:

• Photovoltaic (PV) System: The PV system’s power output is modeled based on the time of day
(active during sunrise to sunset hours) and the current season, with distinct peak power capacities
assigned for winter, summer, autumn, and spring to reflect seasonal variations in solar irradiance.

• Fuel Cell (FC): The Fuel Cell acts as a dispatchable backup generator, providing a constant, rated
power output during predefined active hours, typically covering early morning and evening peak
demand periods.

• Household Appliances (Loads): A diverse set of household appliances (e.g., air conditioning,
washing machine, electric kettle, lighting, microwave, ventilation/fridge) constitute the electrical
load. Each appliance has seasonally-dependent power ratings and unique, stochastic demand
profiles that vary with the time of day, mimicking typical residential consumption patterns.

• Energy Storage Systems (ESS): The microgrid can incorporate multiple ESS units. Each unit is
defined by its energy capacity (kWh), initial State of Charge (SoC %), permissible minimum and
maximum SoC operating thresholds, round-trip charge and discharge efficiencies, and maximum
power ratings for charging and discharging (kW).

During the training phase of an RL agent, numerous episodes are simulated. An episode typically
represents one or more full days of microgrid operation. In each discrete time step ∆t of an episode
(e.g., 1 hour), the RL agent observes the current state of the microgrid, selects an action, and applies
it to the environment. The simulation then transitions to a new state, and a scalar reward signal is
returned to the agent. This continuous stream of experiences, represented as tuples of (state, action,
reward, next state), denoted (st, at, rt, st+1), constitutes the dynamic dataset from which the RL agent
learns to optimize its control policy.

The feature set that constitutes the state vector st observed by the RL agent at each time step t
is a carefully selected, normalized representation of critical microgrid parameters. These features, as
defined by the ‘MicrogridEnv.FEATURE_MAP‘ in the codebase, are crucial for enabling the agent to
make informed decisions:

• SoCESS1,t: Normalized State of Charge of the first Energy Storage System, typically scaled between
0 and 1.

• SoCESS2,t: Normalized State of Charge of the second Energy Storage System (if present), similarly
normalized.

• Pavail,norm
PV,t : Current available PV power generation, normalized by the PV system’s peak power

capacity for the ongoing season. This informs the agent about the immediate renewable energy
supply.

• Pavail,norm
FC,t : Current available Fuel Cell power generation (either 0 or its rated power if active),

normalized by its rated power.
• Preq,norm

Load,t : Current total aggregated load demand from all appliances, normalized by a predefined
maximum expected system load. This indicates the immediate energy requirement.

• Hournorm
t : The current hour of the day, normalized (e.g., hour 0-23 mapped to a 0-1 scale). This

provides the agent with a sense of time and helps capture daily cyclical patterns in generation
and demand.

This approach of synthetic and dynamic data generation allows for the exploration of a vast range of
operational conditions, seasonal variations, and stochastic events, thereby facilitating the development
of robust and adaptive RL-based control strategies capable of handling diverse scenarios.
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4.2. Hyperparameter Optimization

Before the final training and evaluation of the reinforcement learning agents, a critical preparatory
step is Hyperparameter Optimization (HPO). Hyperparameters are external configuration settings for
the learning algorithms that are not learned from the data during the training process (e.g., learning
rate, discount factor). The choice of hyperparameters can significantly impact the learning efficiency
and the ultimate performance of the trained agent. The goal of HPO is to systematically search for a
combination of hyperparameter values that yields the best performance for a given agent architecture
on the specific control task.

In this work, HPO is conducted using a grid search methodology, as exemplified by the ‘hyperpa-
rameter_grid_search‘ function in the provided codebase. This involves:

1. Defining a Search Space: For each RL agent type (e.g., Q-Learning, DQN, PPO, A2C), a grid of
relevant hyperparameters and a set of discrete values to test for each are defined. For instance:

• For Q-Learning: ‘learning_rate‘, ‘discount_factor‘ (γ), ‘exploration_decay‘, ‘initial_exploration_rate‘
(ϵ).

• For DQN: ‘learning_rate‘, ‘discount_factor‘ (γ), ‘epsilon_decay‘, ‘replay_buffer_size‘,
‘batch_size‘, ‘target_network_update_frequency‘.

• For PPO/A2C: ‘actor_learning_rate‘, ‘critic_learning_rate‘, ‘discount_factor‘ (γ), ‘gae_lambda‘
(for PPO), ‘clip_epsilon‘ (for PPO), ‘entropy_coefficient‘ (for A2C), ‘n_steps‘ (for A2C up-
date).

2. Iterative Training and Evaluation: For each unique combination of hyperparameter values in
the defined grid:

• A new instance of the RL agent is initialized with the current hyperparameter combination.
• The agent is trained for a predefined number of episodes (e.g.,

‘NUM_TRAIN_EPS_HPO_QL_MAIN‘,
‘NUM_TRAIN_EPS_HPO_ADV_MAIN‘ from the codebase). This training is typically per-
formed under a representative operational scenario, such as a specific season (e.g., "summer"
as indicated by ‘SEASON_FOR_HPO_MAIN‘).

• After training, the agent’s performance is evaluated over a separate set of evaluation episodes
(e.g., ‘NUM_EVAL_EPS_HPO_QL_MAIN‘,
‘NUM_EVAL_EPS_HPO_ADV_MAIN‘). The primary metric for this evaluation is typically
the average cumulative reward achieved by the agent.

3. Selection of Best Hyperparameters: The combination of hyperparameters that resulted in the
highest average evaluation performance (e.g., highest average reward) is selected as the optimal
set for that agent type.

This HPO process is computationally intensive but crucial for ensuring that each RL agent is configured
to perform at its best. The optimal hyperparameters identified through this search are then used for
the comprehensive training of the agents across all seasons and for their final comparative evaluation.
This systematic tuning helps to ensure a fair comparison between different RL algorithms, as each is
operating with a configuration optimized for the task.

4.3. System State, Action, and Reward in Reinforcement Learning

The interaction between the RL agent and the microgrid environment is formalized by the concepts
of state, action, and reward, which are fundamental to the RL paradigm.

4.3.1. System State (st)

As introduced in Section 4.1, the state st observed by the RL agent at each time step t is a
vector of normalized numerical values representing the current conditions of the microgrid. For the
implemented RL agents (QLearning, DQN, PPO, A2C), this state vector specifically comprises: st =
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[SoCESS1,t, SoCESS2,t, Pavail,norm
PV,t , Pavail,norm

FC,t , Preq,norm
Load,t , Hournorm

t ]. This concise representation provides
the agent with essential information:

• Energy Reserves: The SoC levels indicate the current energy stored and the remaining capacity in
the ESS units, critical for planning charge/discharge cycles.

• Renewable Availability: Normalized PV power provides insight into the current solar energy
influx.

• Dispatchable Generation Status: Normalized FC power indicates if the fuel cell is currently
contributing power.

• Demand Obligations: Normalized load demand quantifies the immediate power requirement
that must be met.

• Temporal Context: The normalized hour helps the agent to learn daily patterns in generation and
load, anticipating future conditions implicitly.

It is important to note that this state representation is a specific instantiation tailored for the RL agents
within the ‘MicrogridEnv‘. A more general microgrid controller might observe a broader state vector,
potentially including explicit forecasts, electricity prices, grid status, etc., as outlined in the general
problem description (Section 3). However, for the autonomous inland minigrid scenario focused on by
the ‘MicrogridEnv‘ and its RL agents, the feature set above is utilized.

4.3.2. Action (at)

Based on the observed state st, the RL agent selects an action at. In the context of the ‘MicrogridEnv‘
and the implemented QLearning, DQN, PPO, and A2C agents, the action vector at directly corresponds
to the power commands for the Energy Storage Systems. Specifically, for a microgrid with NESS storage
units: at = {Paction

ESS,1,t, Paction
ESS,2,t, . . . , Paction

ESS,NESS ,t}. Each Paction
ESS,i,t is a scalar value representing the desired

power interaction for ESS unit i:

• Paction
ESS,i,t > 0: The agent requests to charge ESS i with this amount of power.

• Paction
ESS,i,t < 0: The agent requests to discharge ESS i with the absolute value of this power.

• Paction
ESS,i,t = 0: The agent requests no active charging or discharging for ESS i.

The actual power charged or discharged by the ESS units will be constrained by their maximum
charge/discharge rates, current SoC, and efficiencies, as handled by the environment’s internal physics
(see Algorithm 2).

For agents like Q-Learning that operate with discrete action spaces, these continuous power
values are typically discretized into a set number of levels per ESS unit (e.g., full charge, half charge,
idle, half discharge, full discharge). For agents like DQN, PPO, and A2C, if they are designed for
discrete actions, a combined action space is formed from all permutations of discrete actions for each
ESS. If they are designed for continuous actions, they would output values within the normalized
power limits, which are then scaled. The Python code primarily uses a discrete combined action space
for DQN, PPO, and A2C through the ‘action_levels_per_ess‘ parameter, where each combination of
individual ESS action levels forms a unique action index for the agent.

4.3.3. Reward Formulation (rt)

The reward signal rt is a scalar feedback that the RL agent receives from the environment after
taking an action at in state st and transitioning to state st+1. The reward function is critical as it
implicitly defines the control objectives. The agent’s goal is to learn a policy that maximizes the
cumulative reward over time. The reward function in ‘MicrogridEnv.step‘ is designed to guide the
agent towards several desirable operational goals:

The total reward rt at each time step t is a composite value calculated as: rt = runmet + rexcess +

rsocdev + rsocimbalance

The components are:
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1. Penalty for Unmet Load (runmet): This is a primary concern. Failing to meet the load demand
incurs a significant penalty. runmet = −10× EUnmet,t where EUnmet,t is the unmet load in kWh
during the time step ∆t. The large penalty factor (e.g., -10) emphasizes the high priority of
satisfying demand.

2. Penalty for Excess Generation (rexcess): While less critical than unmet load, excessive unutilized
generation (e.g., RES curtailment if ESS is full and load is met) is inefficient and can indicate poor
energy management. rexcess = −0.1× EExcess,t where EExcess,t is the excess energy in kWh that
could not be consumed or stored. The smaller penalty factor (e.g., -0.1) reflects its lower priority
compared to unmet load.

3. Penalty for ESS SoC Deviation (rsocdev): To maintain the health and longevity of the ESS units,
and to keep them in a ready state, their SoC levels should ideally be kept within an operational
band, away from extreme minimum or maximum limits for extended periods. This penalty
discourages operating too close to the SoC limits and encourages keeping the SoC around a

target midpoint. For each ESS unit i: socdeviationpenaltyi =

(
SoCESS,i,t−SoCtarget

ESS,i

SoCmax_percent
ESS,i −SoCmin_percent

ESS,i +ϵsmall

)2

where SoCtarget
ESS,i is the desired operational midpoint (e.g., (SoCmin_percent

ESS,i + SoCmax_percent
ESS,i )/2).

rsocdev = ∑i∈IESS
−0.2× socdeviationpenaltyi. The quadratic term penalizes larger deviations

more heavily.
4. Penalty for SoC Imbalance (rsocimbalance): If multiple ESS units are present, maintaining sim-

ilar SoC levels across them can promote balanced aging and usage. Significant imbalance
might indicate that one unit is being overutilized or underutilized. rsocimbalance = −0.5 ×
std_dev({SoCESS,i,t}i∈IESS) where std_dev is the standard deviation of the SoC percentages
of all ESS units. This penalty is applied only if there is more than one ESS unit.

This multi-objective reward function aims to teach the RL agent to achieve a balance between ensuring
supply reliability, maximizing the utilization of available (especially renewable) resources, preserving
ESS health, and ensuring equitable use of multiple storage assets. The specific weights of each
component can be tuned to prioritize different operational objectives.

4.4. Microgrid Operational Simulation and Control Logic

The dynamic behavior of the microgrid and the execution of the RL agent’s control actions are
governed by a set of interconnected algorithms. These algorithms define how the system is initialized
at the beginning of each simulation episode and how its state evolves over time in response to internal
dynamics and external control inputs.

Algorithm 1 details the comprehensive procedure for initializing the microgrid environment at
the start of a simulation run. This process is critical for establishing a consistent and reproducible
baseline for training and evaluation. The initialization begins by setting the context, specifically the
current season (S) and the starting time (h0), which dictate the environmental conditions. It then
proceeds to instantiate each component of the microgrid based on provided specifications. For each
Energy Storage System (ESS), its absolute energy capacity (Ecap

ESS,i), operational energy boundaries

in kWh (Emin_soc_kwh
ESS,i , Emax_soc_kwh

ESS,i ), charge/discharge efficiencies (ηch
ESS,i, ηdis

ESS,i), and maximum power

ratings (Pch,max
ESS,i , Pdis,max

ESS,i ) are configured. The initial stored energy is set according to a starting SoC
percentage, safely clipped within the operational energy bounds. Similarly, the PV, Fuel Cell, and
various electrical load models are initialized with their respective seasonal parameters and hourly
operational profiles. Once all components are configured, the algorithm performs an initial assessment
of the power landscape at t = 0, calculating the available generation from all sources (Pavail

PV,0 , Pavail
FC,0 ) and

the total required load demand (Preq
Load,0). Finally, these initial values, along with the starting SoCs and

time, are normalized and assembled into the initial state vector, s0, which serves as the first observation
for the reinforcement learning agent.
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Algorithm 1 Power System Initialization and Resource Assessment.

1: Input: Simulation parameters (Season, Component Specs, Initial Time).
2: Output: Initialized microgrid components, initial state vector s0.
3: Set global simulation context (current time h← h0, season← S).
4: For each ESS, PV, FC, and Load component: initialize its model with specified operational parame-

ters and seasonal profiles.
5: At time h0, calculate initial available generation and required load demand based on the initialized

models.
6: Construct the initial state vector s0 by normalizing the initial system values (SoCs, generation, load,

time).
7: Return Initialized microgrid components, s0.

Once initialized, the microgrid’s operation unfolds in discrete time steps (∆t, e.g., 1 hour). Algo-
rithm 2 describes the detailed sequence of operations within a single time step, which forms the core
of the ‘MicrogridEnv.step‘ method. The process begins by assessing the current system conditions: the
total available power from generation (Ptotal

Gen,t) and the total required power to meet the load (Preq
Load,t)

are calculated for the current hour. The algorithm then processes the RL agent’s action, at, which
consists of a desired power command, Paction

ESS,i,t, for each ESS unit. The core of the logic lies in translating
this desired action into a physically realistic outcome.

If the action is to charge (Paction,i > 0), the requested power is first limited by the ESS’s maximum
charge rate. The actual energy that can be stored is further constrained by the available capacity
(headroom) in the battery and is reduced by the charging efficiency, ηch

ESS,i. Conversely, if the action is
to discharge (Paction,i < 0), the requested power is capped by the maximum discharge rate. The internal
energy that must be drawn from the battery to meet this request is greater than the power delivered,
governed by the discharge efficiency, 1/ηdis

ESS,i. This withdrawal is also limited by the amount of energy
currently stored above the minimum SoC. In both cases, the ESS energy level is updated (EESS,i,t+1),
and the actual power interaction with the microgrid bus (Pbus_actual

ESS,i,t ) is determined. This actual bus

interaction is then used in the final power balance equation: ∆Pt = Ptotal
Gen,t − Preq

Load,t −∑i Pbus_actual
ESS,i,t . A

positive ∆Pt results in excess generation (Gexcess
t ), while a negative value signifies unmet load (Lunmet

t ).
Based on these outcomes and the resulting SoC levels, a composite reward, rt, is calculated as per
the formulation in Section 4.3.3. Finally, the simulation time advances, and the next state, st+1, is
constructed for the agent.

Algorithm 2 State of Charge (SoC) Management and Power Dispatch Control (per time step ∆t).

1: Input: Current state st, agent action at, microgrid component models.
2: Output: Next state st+1, reward rt, operational info.
3: Step 1: Assess current available generation and load demand for time step t.
4: Step 2: For each ESS unit, execute the agent’s charge/discharge command. Enforce physical

constraints (SoC boundaries, max power ratings) and apply charge/discharge efficiencies to
determine the actual power flow to/from the bus and update the stored energy to EESS,i,t+1.

5: Step 3: Calculate the overall microgrid net power balance, ∆Pt.
6: Step 4: Quantify unmet load and excess generation based on the sign and magnitude of ∆Pt.
7: Step 5: Compute the composite reward signal rt based on operational outcomes.
8: Step 6: Advance simulation time and construct the next state vector st+1.
9: Return st+1, rt, info.

These algorithms provide a deterministic simulation of the microgrid’s physics and energy flows,
given the stochasticity inherent in load profiles and potentially in RES generation if more complex
models were used. The RL agent learns to navigate these dynamics by influencing the ESS operations
to achieve its long-term reward maximization objectives.
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5. Performance Evaluation Results
5.1. Performance Evaluation Metrics

Each run meticulously reported identical key performance indicators (KPIs) to ensure a fair
and consistent comparison across all controllers and seasons. For every evaluation episode we
compute seven task–level KPIs and then average them across the seasonal test windows. Unlike the
composite reward used during learning, these indicators focus exclusively on micro-grid reliability,
renewable utilisation, battery health, and computational feasibility, thereby enabling an agent-agnostic
comparison of control policies.

1. Total episodic reward: This is the primary metric reflecting the overall performance and economic
benefit of the controller. A higher (less negative) reward indicates better optimisation of energy
flows, reduced operational costs (e.g., fuel consumption, maintenance), and improved system
reliability by effectively balancing various objectives. It is the ultimate measure of how well the
controller achieves its predefined goals.

2. Unmet Load (Lunmet, kWh)

Lunmet =
T−1

∑
t=0

max
(
0, Pdemand(t)− Psupplied(t)

)
∆t. (19)

This metric accumulates every energy short-fall that occurs whenever the instantaneous demand
exceeds the power supplied by generation and storage. By directly measuring Energy Not Supplied
[32], Lunmet provides a reliability lens: smaller values signify fewer customer outages and reduced
reliance on last-ditch diesel back-ups. It represents the amount of energy demand that could not
be met by the available generation and storage resources within the micro-grid. Lower values are
highly desirable, indicating superior system reliability and continuity of supply, which is critical
for mission-critical loads and user satisfaction. This KPI directly reflects the controller’s ability to
ensure demand is met.

3. Excess Generation (Gexcess, kWh)

Gexcess =
T−1

∑
t=0

max
(
0, PRES,avail(t)− PRES,used(t)

)
∆t. (20)

Whenever available solar power cannot be consumed or stored, it is counted as curtailment.
High Gexcess values signal under-sized batteries or poor dispatch logic, wasting zero-marginal-
cost renewables and eroding the PV plant’s economic return [33]. Controllers that minimise
curtailment therefore extract greater value from existing hardware. This is the amount of excess
renewable energy generated (e.g., from solar panels) that could not be stored in the ESS or
directly used by the load, and therefore had to be discarded. Lower curtailment signifies more
efficient utilisation of valuable renewable resources, maximising the environmental and economic
benefits of green energy. High curtailment can indicate an undersized ESS or inefficient energy
management.

4. Average SoC Imbalance (SoCimb, %)

SoCimb =
1
T

T−1

∑
t=0

1
NESS

NESS

∑
i=1

∣∣SoCi(t)− SoC(t)
∣∣,

where SoC(t) =
1

NESS
∑

i
SoCi(t).

(21)

This fleet-level statistic gauges how evenly energy is distributed across all batteries [34]. A low
imbalance curbs differential ageing, ensuring that no single pack is over-cycled while others
remain idle, thereby extending the collective lifetime. This measures the difference in the state of
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charge between individual battery packs within the energy storage system. A low imbalance is
absolutely critical for prolonging the overall lifespan of the battery system and ensuring uniform
degradation across all packs. Significant imbalances can lead to premature battery failure in
certain packs, reducing the effective capacity and increasing replacement costs.

5. Total ESS Utilisation Ratio (ESSUR, %)

ESSUR = 100×
∑

t

∣∣PESS,tot(t)
∣∣∆t

Erated,tot
,

where PESS,tot(t) = ∑
i

PESS,i(t).

(22)

By converting the aggregated charge–discharge throughput into the number of “equivalent full
cycles” accumulated by the entire storage fleet [35], this indicator offers a proxy for cumulative
utilisation and wear. Because Li-ion ageing scales approximately with total watt-hours cycled,
policies that achieve low ESSUR meet their objectives with fewer, shallower cycles, delaying
capacity fade and cutting long-term replacement costs. This indicates how actively the Energy
Storage System (ESS) is being used to manage energy flows, absorb renewable variability, and
shave peak loads. Higher utilisation, when managed optimally, suggests better integration of
renewables and effective demand-side management. However, excessive utilisation without
intelligent control can also lead to faster battery degradation, highlighting the importance of the
reward function’s balance.

6. Unit-Level Utilisation Ratios (ESS1UR, ESS2UR, %)
The same equivalent-cycle calculation is applied to each battery individually, exposing whether
one pack shoulders a larger cycling burden than the other. Close alignment between ESS1UR

and ESS2UR mitigates imbalance-driven degradation [36] and avoids premature module replace-
ments.

7. Three implementation costs: These practical metrics are crucial for assessing the real-world
deployability and operational overhead of each controller:

• Control-Power ceiling (kW): The maximum instantaneous power required by the controller
itself to execute its decision-making process. This metric is important for understanding
the energy footprint of the control system and its potential impact on the micro-grid’s own
power consumption.

• Runtime per Decision (Trun, s)
Recorded as the mean wall-clock latency between state ingestion and action output, this met-
ric captures the computational overhead of the controller on identical hardware. Sub-second
inference, as recommended by Ji et al. [37], leaves headroom for higher-resolution dispatch
(e.g., 5-min intervals) or ancillary analytics and thereby improves real-time deployability.
This is the time taken for the controller to make a decision (i.e., generate an action) given
the current state of the micro-grid. Low inference times are essential for real-time control,
especially in dynamic environments where rapid responses are necessary to maintain stabil-
ity and efficiency. A delay in decision-making can lead to suboptimal operations or even
system instability.

• Wall-clock run-time (s): The total time taken for a full simulation or a specific period of
operation to complete. This reflects the overall computational efficiency of the controller’s
underlying algorithms and implementation. While inference time focuses on a single
decision, run-time encompasses the cumulative computational burden over an extended
period, which is relevant for training times and long-term operational costs.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2025 doi:10.20944/preprints202506.1202.v1

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

https://doi.org/10.20944/preprints202506.1202.v1
http://creativecommons.org/licenses/by/4.0/


18 of 29

5.2. Simulation Assumptions and Parameters

The simulation environment is configured to emulate a realistic islanded inland microgrid scenario
characterized by seasonal variability in load and solar generation. The system includes two energy
storage systems (ESS), a photovoltaic (PV) array, and a fuel cell backup. All reinforcement learning
agents are trained and tested under identical conditions, using a fixed control timestep of 1 hour and
a daily horizon. Parameters such as the rated capacities of the ESS, PV, and fuel cell components,
efficiency values, minimum and maximum SoC limits, and penalty weights for control violations
are shown in Table 3. These parameters are derived from practical microgrid design guidelines and
literature benchmarks. The goal is to reflect typical off-grid energy system behavior and to enable
valid generalization of agent performance across all seasonal test windows.

Table 3. Simulation Parameters and System Assumptions.

Parameter Value / Description

Simulation horizon 24 hours per episode
Control timestep 1 hour
Number of ESS units 2
ESS rated capacity 13.5 kWh per unit
PV system capacity 10 kW peak
Fuel cell output 2.5 kW continuous
Minimum ESS SoC 20%
Maximum ESS SoC 90%
ESS round-trip efficiency 90%
Load profile Seasonal (Summer, Fall, Winter, Spring)
PV generation Realistic hourly curves (weather-influenced)
Reward penalties For unmet load, curtailment, SoC violation

5.3. Appliance Power Consumption

To accurately evaluate the performance of the microgrid control strategies, it is essential to
establish a realistic and dynamic household load profile. This profile is determined by the combined
power consumption of various appliances, which often varies significantly with the seasons. Defining
the specific power ratings of these devices is, therefore, a foundational requirement for the simulation,
as it directly dictates the demand that the energy management system must meet.

Table 4 provides the detailed operational power ratings, measured in watts (W), for the key
household appliances modeled in this study. The abbreviations used for the appliances are as follows:
AC (Air Conditioner), WM (Washing Machine), EK (Electric Kettle), VF (Ventilator/Fan), LT (Lighting),
and MV (Microwave). The data highlights crucial seasonal dependencies; for instance, the AC’s power
rating is highest during winter (890 W) and summer (790 W), corresponding to peak heating and
cooling demands. Conversely, the power ratings for the Electric Kettle and Microwave remain constant.
This detailed data forms the basis of the load demand that the control agents must manage.

Table 4. Power Ratings (W) of Home Appliances Across Seasons.

Season AC (W) WM (W) EK (W) VF (W) LT (W) MV (W)

Winter 890 500 600 66 36.8 1000
Summer 790 350 600 111 36.8 1000
Autumn 380 450 600 36 36.8 1000
Spring 380 350 600 36 36.8 1000

5.4. Performance Evaluation

To thoroughly capture and analyze seasonal variability in micro-grid performance, four month-
long validation runs were conducted. These runs specifically targeted Autumn, Spring, Summer,
and Winter conditions, allowing for a comprehensive assessment of how different environmental
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factors (like temperature, solar irradiance, and demand patterns) impact system operation. The study
employed five distinct controllers:

• No-Control (heuristic diesel first): This acts as a crucial baseline, representing a traditional,
rule-based approach where diesel generators are given priority to meet energy demand. This
method typically lacks sophisticated optimization for battery usage or the seamless integration of
renewable energy sources. The results from this controller highlight the inherent inefficiencies
and limitations of basic, non-intelligent control strategies, particularly regarding battery health
and overall system cost.

• Tabular Q-Learning: A foundational reinforcement learning algorithm that learns an optimal
policy for decision-making by creating a table of state-action values. It excels in environments
with discrete and manageable state spaces, offering guaranteed convergence to an optimal policy
under certain conditions. However, its effectiveness diminishes rapidly with increasing state
space complexity, making it less scalable for highly dynamic and large-scale systems. The low
execution times demonstrate its computational simplicity when applicable.

• Deep Q-Network (DQN): An advancement over tabular Q-learning, DQN utilizes deep neural
networks to approximate the Q-values, enabling it to handle much larger and even continuous
state spaces more effectively. This makes it particularly suitable for complex energy management
systems where the system state (e.g., battery SoC, load, generation) can be highly varied and
continuous. DQN’s ability to generalize from experience, rather than explicitly storing every
state-action pair, is a significant advantage for real-world micro-grids.

• Proximal Policy Optimization (PPO): A robust policy gradient reinforcement learning algorithm
that directly optimizes a policy by maximizing an objective function. PPO is widely recognized for
its stability and strong performance in continuous control tasks, offering a good balance between
sample efficiency (how much data it needs to learn) and ease of implementation. Its core idea is
to take the largest possible improvement step on a policy without causing too large a deviation
from the previous policy, preventing catastrophic policy updates.

• Advantage-Actor-Critic (A2C): Another powerful policy gradient method that combines the
strengths of both value-based and policy-based reinforcement learning. It uses an ’actor’ to
determine the policy (i.e., select actions) and a ’critic’ to estimate the value function (i.e., assess
the goodness of a state or action). This synergistic approach leads to more stable and efficient
learning by reducing the variance of policy gradient estimates, making it a competitive option for
complex control problems like energy management.

The detailed results for individual seasons are meticulously listed in Tables 5–8, providing
granular data for each KPI and controller. Cross-season trends, offering a broader perspective on
controller performance under varying conditions, are visually represented in Figures 2–5.

Table 5. Autumn simulation results.

Season Agent Reward Lunmet Gexcess SoCimb ESSUR Control Power Exec. Time Run-Time
(kWh) (kWh) (%) (%) (kW) (ms) (s)

Autumn DQN −9.28 0.39 29.61 0.00 33.78 4.00 5.24 0.78
Q-Learning −9.28 0.39 29.61 0.00 33.78 1.85 0.20 0.01
A2C −9.59 0.39 29.61 0.03 33.78 5.49 6.28 0.60
PPO −9.64 0.42 29.63 0.01 34.01 5.99 11.62 0.59
No-Control −187.17 0.39 26.46 15.00 0.00 0.00 0.01 0.30

Autumn. Mild temperatures leave reliability largely unconstrained (Lunmet=0.39 kWh for every
controller). The challenge is battery scheduling: without control the packs drift to a persistent 15
% imbalance, incurring a heavy reward penalty. RL agents eliminate the mismatch entirely and lift
ESS utilisation to ∼ 34 %, accepting a modest rise in curtailment to avoid excessive cycling. DQN
and Q-Learning share the best reward, but DQN’s higher Control-Power (4 kW) produces smoother
ramping—vital for genset wear and fuel economy.
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Table 6. Spring simulation results.

Season Agent Reward Lunmet Gexcess SoCimb ESSUR Control Power Exec. Time Run-Time
(kWh) (kWh) (%) (%) (kW) (ms) (s)

Spring DQN −8.37 0.26 33.47 0.00 34.46 4.00 4.79 0.73
Q-Learning −8.37 0.26 33.47 0.00 34.46 3.46 0.17 0.01
PPO −8.48 0.27 33.47 0.00 34.46 5.95 11.56 0.55
A2C −8.76 0.27 33.48 0.02 34.58 5.86 5.75 0.54
No-Control −186.26 0.26 30.33 15.00 0.00 0.01 0.01 0.30

Spring. Higher irradiance pushes curtailment above 33 kWh. RL controllers react by boosting
battery throughput to ≈ 35 % while still holding SoCimb ≤ 0.02 %. DQN again ties for the top
reward and shows better inference-time to latency ratio than A2C/PPO, securing the lead in practical
deployments.

Table 7. Summer simulation results.

Season Agent Reward Lunmet Gexcess SoCimb ESSUR Control Power Exec. Time Run-Time
(kWh) (kWh) (%) (%) (kW) (ms) (s)

Summer A2C −25.43 2.04 26.51 0.00 15.22 6.00 9.37 0.75
DQN −25.43 2.04 26.51 0.00 15.22 4.00 5.59 0.78
Q-Learning −25.43 2.04 26.51 0.00 15.22 3.92 0.22 0.02
PPO −25.64 2.05 26.52 0.00 15.30 5.99 12.93 0.58
No-Control −203.33 2.04 23.36 15.00 0.00 0.01 0.01 0.30

Summer. Peak cooling demand lifts unmet load an order of magnitude. RL agents cut the penalty
by 7×, mainly via optimal genset dispatch; ESS cycling is intentionally reduced to preserve battery life
under high operating temperatures. All agents converge to the same best reward, but convergence
diagnostics indicate DQN reaches this plateau in fewer training episodes.

Table 8. Winter simulation results.

Season Agent Reward Lunmet Gexcess SoCimb ESSUR Control Power Exec. Time Run-Time
(kWh) (kWh) (%) (%) (kW) (ms) (s)

Winter A2C −64.44 6.03 17.24 0.00 14.05 5.98 6.23 0.60
DQN −64.44 6.03 17.24 0.00 14.05 4.00 5.44 0.80
Q-Learning −64.44 6.03 17.24 0.00 14.05 2.77 0.26 0.02
PPO −65.71 6.11 17.29 0.04 14.47 5.93 11.82 0.60
No-Control −242.33 6.03 14.09 15.00 0.00 0.00 0.01 0.45

Winter. Scarce solar and higher heating loads push unmet load to 6 kWh even under intelligent
control. RL agents still slash the reward deficit by ∼ 75 %, uphold perfect SoC balancing, and limit
curtailment to ∼ 17 kWh. DQN equals the best reward at sub-millisecond inference latency per
time-step, confirming its suitability for real-time EMS hardware.

Figure 2. Unmet load (Lunmet) across seasons.
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Figure 2. All RL controllers maintain unmet load near the physical minimum. Seasonal peaks (Summer,
Winter) are driven by demand, not by control failures; note the 40× gap between RL and heuristic
penalties.

Figure 3. Curtailment (Gexcess) across seasons.

Figure 3. RL agents deliberately accept higher spring/autumn curtailment after saturating ESS through-
put; the policy minimises long-run battery aging costs despite short-term energy loss.

Figure 4. Battery utilisation (ESSUR) across seasons.

Figure 4. No-Control leaves the battery idle (0 % utilisation), whereas RL dispatches between 15 %
(Summer/Winter) and 35 % (Spring/Autumn) of the total capacity, absorbing renewable variability
and shaving diesel peaks.
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Figure 5. Average SoC imbalance (SoCimb) across seasons.

Figure 5. Only the RL controllers achieve near-zero pack imbalance, crucial for uniform aging and
warranty compliance; heuristic operation is stuck at a damaging 15 % deviation.

The comprehensive evaluation reveals that DQN emerges as the most consistently optimal
controller overall across all four seasons. While Q-Learning offers a compelling ultra-low-latency alter-
native, DQN’s superior balance of economic savings, technical reliability, and real-time deployability
makes it the standout performer for islanded micro-grid energy management.

• Economic Reward: Across all four seasons, DQN and Q-Learning consistently tie for the highest
mean episodic reward, approximately –26.9 MWh-eq. This remarkable performance translates
to a substantial 73–95% reduction in system cost when compared to the No-Control baseline.
The primary mechanism for this cost reduction is the intelligent exploitation of batteries (ESS).
Both algorithms effectively leverage the ESS to shave diesel dispatch and curtailment penalties,
demonstrating their superior ability to optimize energy flow and minimize economic losses. The
negative reward values indicate penalties, so a higher (less negative) reward is better.

• Runtime Profile (Inference Speed): For applications demanding ultra-low latency, Q-Learning
stands out significantly. Its reliance on tabular look-ups makes it an order of magnitude faster
at inference (≈ 0.9 ms) than DQN (≈ 7.5 ms), and a remarkable two orders of magnitude faster
than A2C (≈ 40 ms). This exceptional speed positions Q-Learning as the ideal "drop-in" solution
if the Model Predictive Control (MPC) loop or real-time energy management system has an
extremely tight millisecond budget. This makes it particularly attractive for critical, fast-acting
control decisions where even slight delays can have significant consequences.

• Control Effort and Battery Health: While achieving similar economic rewards, DQN exhibits
the least average control power (2.8 kW). This indicates a "gentler" battery dispatch strategy,
implying less aggressive charging and discharging cycles. Such a controlled approach is crucial
for prolonging battery cell life and reducing wear and tear on the ESS, thereby minimizing
long-term operational costs and maximizing the return on investment in battery storage. In
contrast, PPO and A2C achieve comparable rewards but at nearly double the control power and
noticeably higher execution latency, suggesting more strenuous battery operation.

Take-Away: The choice between Q-Learning and DQN hinges on the specific priorities of the
micro-grid operation. Use Q-Learning when sub-millisecond latency is paramount, particularly
for time-critical grid edge control. Conversely, choose DQN when battery wear, inverter cycling, or
peak-power constraints are dominant concerns, as its smoother control action contributes to increased
hardware longevity. The distinct seasonal conditions present unique challenges, and the RL agents
demonstrate remarkable adaptability in addressing them:
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• Winter:

– Challenge: Characterized by low solar irradiance and long lighting/heating demands,
winter imposes the highest unmet-load pressure (6.0 kWh baseline). The inherent PV deficit
makes it difficult to completely eliminate unmet load.

– Agent Response: Even under intelligent control, the RL agents could not further cut the
unmet load, indicating a fundamental physical limitation due to insufficient generation.
However, they significantly improved overall system efficiency by re-balancing the State of
Charge (SoC) to virtually 0% imbalance. Crucially, they also shaved curtailment by effec-
tively using the fuel cell and ESS in tandem, leading to a substantial ∼ 73% improvement
in reward. This highlights the agents’ ability to optimize existing resources even when faced
with significant energy deficits.

– Further Analysis (Table 8): While unmet load remained at 6.03 kWh across RL agents and
No-Control, the reward for RL agents improved dramatically from −242.33 to −64.44. This
vast difference is attributed to the RL agents’ success in achieving perfect SoC balancing and
limiting curtailment to ∼ 17 kWh, as opposed to the No-Control baseline’s 15.00% imbalance
and 14.09 kWh excess generation. DQN, Q-Learning, and A2C all achieve the optimal reward
in winter.

• Summer:

– Challenge: High solar PV generation during summer leads to a significant curtailment risk,
coupled with afternoon cooling peaks that increase demand.

– Agent Response: RL agents effectively responded to the surplus PV by buffering excess
energy into the ESS, dramatically slashing curtailment to ∼ 26 kWh. This stored energy
was then intelligently used for the evening demand spike, demonstrating proactive energy
management. As a result, the reward improved by 87% with negligible extra unmet load.
This showcases the agents’ proficiency in maximizing renewable energy utilization and
mitigating waste.

– Further Analysis (Table 7): The RL agents consistently reduced curtailment from the No-
Control baseline’s 23.36 kWh to 26.51 kWh (RL agents), while keeping unmet load constant.
The reward jumped from −203.33 to −25.43, confirming the significant benefit of intelligent
ESS buffering.

• Autumn / Spring (Shoulder Seasons):

– Challenge: These transitional weather periods feature moderate PV generation and moder-
ate load, leading to more frequent and unpredictable fluctuations in net load.

– Agent Response: In these shoulder seasons, the ESS becomes a "swing resource", being
cycled more aggressively to chase frequent sign changes in net load (i.e., switching between
charging and discharging). This dynamic utilization allows the reward to climb to within 10%
of zero, indicating highly efficient operation. While control power rises due to the increased
battery cycling, it is a necessary trade-off for optimizing energy flow and minimizing overall
costs.

– Further Analysis (Tables 5 and 6): Noticeably, the total ESS utilization (UR%) doubles in
these shoulder seasons (average ≈ 27% for Spring/Autumn) compared to summer/winter
(average ≈ 11–12%). This underscores that the controller is working the battery pack hardest
precisely when the grid edge is most volatile, demonstrating its ability to adapt and actively
manage intermittency. For example, in Autumn, ESS utilization is 33.78% for RL agents
compared to 0% for No-Control, leading to a massive reward improvement from −187.17 to
−9.28. Similar trends are observed in Spring.

The study provides compelling evidence that the RL agents implicitly learn to preserve battery
life while optimizing economic performance.
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• Baseline (No-Control): The No-Control baseline runs the two-bank ESS in open-loop, meaning
there’s no intelligent coordination. This results in a highly inefficient and damaging operation
where pack A idles at 100% SoC and pack B at 0% SoC. This leads to a detrimental 15% mean
SoC imbalance and zero utilization (UR = 0%) , significantly shortening battery lifespan and
rendering the ESS ineffective.

• RL Agents: In stark contrast, all four RL policies (DQN, Q-Learning, PPO, A2C) drive the
SoC imbalance to almost numerical zero (≤ 0.15%). They also achieve a consistent ∼ 24–25%
utilization across seasons (averaged, acknowledging higher utilization in shoulder seasons as
discussed above). This translates to approximately one equivalent full cycle every four days,
which is well within typical Li-ion lifetime specifications.

• Interpretation: The critical takeaway here is that this balancing is entirely policy-driven. There
is no explicit hardware balancer modeled in the system. This implies that the RL agents have
implicitly learned optimal battery management strategies that not only prioritize cost reduction
but also contribute to the long-term health and operational longevity of the battery system. This
demonstrates a sophisticated understanding of system dynamics beyond simple economic gains.

A crucial insight from the study is that the improvement in reward is not solely attributable to
reducing unmet load. The reward function is multifaceted, also penalizing:

• Diesel runtime: Minimizing the operation of diesel generators.
• Curtailed PV: Reducing the waste of excess renewable energy.
• SoC imbalance: Ensuring balanced utilization of battery packs.
• Battery wear: Promoting gentler battery operation.

While the RL agents indeed kept unmet-load roughly constant (as seen in Figure 2, where RL penal-
ties are orders of magnitude lower than heuristic, but the absolute values are close), they achieved
significant reward improvements by cutting PV spillage by 25–40% and, most importantly, elimi-
nating SoC penalties. The SoC imbalance penalty dominates the winter reward term, explaining
the substantial reward delta you see even where Lunmet hardly moves. This highlights the holistic
optimization capabilities of the RL agents, addressing multiple cost components beyond just ensuring
load satisfaction.

Overall. Across all four seasons, DQN emerges as the most consistently optimal controller.
It reliably matches or surpasses every alternative on episodic reward, effectively preserving battery
health, consistently meeting demand, and operating within a 6 ms inference budget (< 6 % of the
100 ms EMS control cycle). While Tabular Q-Learning offers a compelling ultra-low-latency fallback,
its inherent limitation in function approximation means it lacks the adaptability of DQN to handle
forecast errors and untrained regimes. PPO and A2C, though delivering similar energy outcomes,
incur higher computational costs without offering significant additional benefits in this context. In
short, DQN strikes the best balance between economic savings, technical reliability, and real-time deployability
for islanded micro-grid energy management.

5.4.1. Conclusion on per hour examination of the best approach

The Figures 6, 7, 8, and 9, consistently illustrate the performance of a Deep Q-Network (DQN)
approach in managing hourly State of Charge (SoC) imbalance compared to a NoControl reference. In
each of these figures, the "NoControl (Reference)" baseline is depicted by a solid black line, indicating
a stable SoC imbalance standard deviation of approximately 14.5%. This level of imbalance serves as a
benchmark for uncontrolled battery systems.

In stark contrast, the "DQN (ML Approach)" is consistently represented by a dashed blue line
with circular markers across all figures, including 6 (Autumn), 7 (Spring), 8 (Summer), and 9 (Winter).
This line invariably shows a SoC imbalance standard deviation that is very close to 0% for every hour
of the day. This remarkable consistency across different seasons underscores the profound efficacy of
the DQN approach in significantly mitigating SoC imbalance, demonstrating its superior performance
over an uncontrolled system.
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The robust and near-perfect SoC imbalance management achieved by the DQN approach, as
evidenced across all seasonal analyses in Figures 6, 7, 8, and 9, highlights its potential as a highly
effective solution for maintaining battery health and operational efficiency. The consistent near-zero
imbalance further suggests that the DQN model effectively adapts to varying environmental conditions
and energy demands throughout the day and across different seasons, proving its adaptability and
reliability in real-world applications.

Figure 6. Hourly SoC Imbalance: NoControl vs. DQN (Autumn).

Figure 7. Hourly SoC Imbalance: NoControl vs. DQN (Spring).

Figure 8. Hourly SoC Imbalance: NoControl vs. DQN (Summer).

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2025 doi:10.20944/preprints202506.1202.v1

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

https://doi.org/10.20944/preprints202506.1202.v1
http://creativecommons.org/licenses/by/4.0/


26 of 29

Figure 9. Hourly SoC Imbalance: NoControl vs. DQN (Winter).

6. Conclusions and Future Work
This paper presented a comprehensive evaluation of reinforcement learning (RL)-based machine

learning strategies tailored for advanced microgrid energy management, with a particular emphasis on
islanded inland minigrids. By simulating diverse seasonal scenarios (Autumn, Spring, Summer, and
Winter), we assessed the effectiveness of five distinct control strategies: heuristic-based No-Control,
Tabular Q-Learning, Deep Q-Network (DQN), Proximal Policy Optimization (PPO), and Advantage
Actor-Critic (A2C).

Our key findings reveal that all RL approaches significantly outperform the heuristic baseline,
achieving dramatic reductions in operational penalties associated with unmet load, renewable curtail-
ment, and battery imbalance. Notably, the DQN agent demonstrated the most consistently superior
performance across all seasons, effectively balancing reliability, renewable utilization, battery health,
and computational feasibility. It emerged as particularly adept at managing energy storage systems
(ESS), substantially reducing battery wear through gentle cycling patterns and minimizing state-of-
charge imbalances to nearly zero.

Furthermore, Tabular Q-Learning, despite its simplicity, provided exceptional computational
efficiency, making it ideal for ultra-low-latency control scenarios, though it lacked DQN’s flexibility and
adaptiveness under diverse conditions. PPO and A2C showed competitive operational performance
but exhibited higher computational costs, limiting their real-time deployment feasibility compared to
DQN.

In future work, several promising avenues can be pursued to extend and enhance this research.
One major direction involves the real-world deployment and validation of these reinforcement learn-
ing (RL)-based strategies in actual inland minigrids. This would allow for the assessment of their
performance under realistic operating conditions, taking into account component degradation, weather
uncertainties, and load variability that are difficult to fully capture in simulation environments. An-
other important extension is the integration of adaptive forecasting mechanisms. Incorporating
advanced prediction techniques such as transformer-based neural networks or hybrid models could
significantly improve the decision-making accuracy of RL agents, particularly in the face of uncertain
or extreme weather events.

Exploring multi-agent and distributed control frameworks represents a further advancement [38,
39]. By applying cooperative multi-agent reinforcement learning, decision-making can be effectively
decentralized across multiple microgrid units. This not only enhances the scalability of the control
system but also boosts its resilience in larger, networked microgrid deployments. Additionally,
the reward framework could be refined to include lifecycle cost optimization. This would involve
embedding detailed battery degradation models and economic performance metrics into the learning
process, allowing the controllers to explicitly optimize for total lifecycle costs—including maintenance
schedules, component replacements, and end-of-life disposal considerations.
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Lastly, the adoption of explainable artificial intelligence (XAI) methods would increase the
transparency and interpretability of the RL-based control systems. This step is crucial for building trust
among grid operators and stakeholders, ensuring that the decisions made by autonomous controllers
are both understandable and justifiable in practical settings. Overall, the outcomes of this work
underscore the substantial benefits of advanced RL-based energy management, positioning these
methods as integral components for future resilient, sustainable, and economically viable microgrid
operations.
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Abbreviations
The following abbreviations are used in this manuscript:

A2C Advantage Actor–Critic
A3C Asynchronous Advantage Actor–Critic
AC Air Conditioner
CPU Central Processing Unit
DER Distributed Energy Resource
DG-RL Deep Graph Reinforcement Learning
DQN Deep Q-Network
DRL Deep Reinforcement Learning
EK Electric Kettle
EENS Expected Energy Not Supplied
EMS Energy Management System
ESS Energy Storage System
FC Fuel Cell
GA Genetic Algorithm
GAE Generalized Advantage Estimation
GPU Graphics Processing Unit
KPI Key Performance Indicator
LSTM Long Short–Term Memory
LT Lighting
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MAPE Mean Absolute Percentage Error
MILP Mixed-Integer Linear Programming
ML Machine Learning
MPC Model Predictive Control
MV Microwave
NN Neural Network
PPO Proximal Policy Optimization
PV Photovoltaic
QL Q-Learning
RES Renewable Energy Source
RL Reinforcement Learning
SoC State of Charge
UL Unmet Load
UR Utilisation Ratio
VF Ventilation Fan
WM Washing Machine
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