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ABSTRACT

This paper presents a novel optimal sizing model for a grid-tied microgrid operating under real-time pricing (RTP) for electricity
trading with the main grid. The model determines the optimal capacities of solar photovoltaic (PV), wind turbine (WT), battery
energy storage (BES) and inverter using a deep reinforcement learning approach. A double deep Q-network (DDQN) is pro-
posed to solve the complex sizing problem efficiently. The sizing model incorporates a rule-based energy management strategy,
where the average of day-ahead electricity price forecasts is used to guide the battery's state of charge (SoC) decisions. Although
the model is designed to be generic, a residential building in Australia is used as a case study to validate its practical appli-
cability. Numerical results demonstrate that the proposed method under RTP conditions achieves a lower net present cost
(NPC) of electricity compared to existing sizing models from previous studies. The effectiveness and robustness of the proposed
deep learning-based approach are further confirmed through comparative analysis with other machine learning techniques and

metaheuristic algorithms.

1 | Introduction

1.1 | Background and Motivation

Residential electricity tariffs are undergoing significant trans-
formation with the advancement of smart grid technologies.
Traditionally, consumers have been charged using flat tariffs,
where the electricity price remains constant throughout the day
and across the year. To encourage more efficient energy use,
time-of-use (TOU) tariffs were later introduced. Under TOU
tariffs, electricity rates vary by time of day, typically classified
into off-peak, shoulder and peak periods, allowing consumers to
reduce costs by shifting consumption to off-peak hours [1].

To provide even greater flexibility and align prices more closely
with real-time supply and demand conditions, real-time pricing
(RTP) tariffs have been developed. In an RTP scheme, electricity

prices fluctuate dynamically, typically on an hourly or half-hourly
basis, based on the utility's real-time generation costs and system
load [2]. With the continued deregulation of electricity markets
and the deployment of smart grid infrastructure, RTP is expected
to gradually replace both flat and TOU tariffs. Beyond improving
overall power system efficiency, RTP offers financial opportu-
nities for microgrid operators, who can leverage the variability in
electricity prices to minimise operational costs [3].

To capitalise on these opportunities, microgrids often employ
battery energy storage (BES) to manage the intermittent output
from renewable energy sources such as solar photovoltaic (PV)
and wind turbines (WT). However, a key challenge under RTP
conditions lies in the optimal sizing of BES and generation as-
sets. Proper sizing is critical for balancing cost, reliability and
performance in the face of uncertain generation and dynamic
pricing.
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1.2 | Literature Review

Previous studies have explored the optimal sizing of residential
microgrids primarily under flat and TOU tariff structures. For
example, a conventional energy management system (EMS) was
proposed for a home microgrid operating under a TOU tariff in
ref. [4]. Sizing of wind turbine-battery energy storage (WT-BES)
systems [5] and photovoltaic-battery energy storage (PV-BES)
systems [6] was carried out using rule-based EMSs under flat
tariff conditions. In ref. [7], the uncertainties associated with PV
generation and residential load were considered for the optimal
sizing of PV and BES under a TOU tariff. Additionally, ref. [8]
demonstrated the use of load shifting strategies to shift micro-
grid consumption from high-price to low-price periods under
TOU tariffs.

However, the sizing models developed in these studies are
relatively simplistic, primarily because the electricity pricing
structures are either static (flat tariff) or vary at only two or
three fixed intervals throughout the day (TOU tariff). This
limited price variability does not adequately capture the com-
plexities introduced by RTP environments.

Optimal microgrid sizing under RTP tariffs presents a signifi-
cant challenge due to the dynamic and unpredictable nature of
electricity prices. The uncertainty around when to buy or sell
electricity from/to the main grid or when to charge or discharge
the BES, complicates the decision-making process, especially
when determining the appropriate capacities of PV, WT and
BES components. In ref. [9], a stochastic optimisation approach
was used to determine the capacities of WT and BES for a smart
home, accounting for uncertainties in load, wind generation and
market prices. However, the model employed a relatively basic
rule-based operation strategy and stochastic models in general
require advanced statistical and computational techniques.

In ref. [10], the optimal sizing of PV and BES was investigated
under various tariff structures, including RTP. However, a
uniform operational strategy was applied across all tariffs,
failing to account for the distinct variability inherent in RTP.
Some studies have proposed BES control strategies specifically
tailored for RTP environments [11, 12], but these did not
address the sizing problem. In ref. [13], peak shaving techniques
were applied in response to RTP fluctuations to optimise oper-
ational performance, yet the system's component sizing was not
optimised. Similarly, ref. [14] developed an optimal scheduling
model for a residential load based on electricity price forecasting
and load shifting under RTP. However, load shifting can often
be impractical or undesirable due to potential impacts on
customer satisfaction and comfort.

In ref. [15], battery sizing was performed under an RTP tariff;
however, other critical components, such as solar PV, were not
considered. In ref. [16], demand response programmes were
incorporated to optimise microgrid sizing under RTP, whereas
ref. [17] addressed the optimal sizing problem using various
demand-side management strategies and evolutionary algo-
rithms. Despite these advancements, studies [15-17] did not
account for battery degradation, a factor that significantly in-
fluences both the operational strategy and optimal capacity
planning. Moreover, the applicability of these models to real-

world scenarios remains unclear due to limited practical
validation.

Reference [18] focused on optimising the size of a grid-tied
hybrid energy system using forecasted meteorological data.
Hourly temperature and solar radiation were predicted using
machine learning techniques, with Gaussian process regression
yielding the highest accuracy. The tunicate swarm algorithm
was employed for system sizing and benchmarked against par-
ticle swarm optimization (PSO) and harmony search. Results
showed that incorporating forecasted data reduced the cost of
energy by 0.33%, with tunicate swarm algorithm producing the
most cost-effective and reliable configuration. In ref. [19], a
mixed-integer linear programming framework was proposed for
optimal sizing and energy management of a grid-connected
microgrid. The objective was to minimise both energy costs
and carbon emissions by integrating TOU pricing, demand
response and renewable energy sources. The model incorpo-
rated battery storage, electric vehicles and renewable generation
into a unified optimisation strategy.

In ref. [20], the authors proposed a fuzzy logic-based control
strategy for a weak grid-tied PV-BES system that has been
optimally sized. The objective is to achieve economical power
regulation by dynamically adapting to seasonal TOU tariffs. The
controller efficiently managed power flows to minimise energy
costs while maintaining grid stability. Reference [21] introduced
a novel analytical method for determining the optimal sizing,
placement and scheduling of BES in a grid-connected microgrid.
By accounting for various heating load scenarios, the method
aims to enhance system efficiency through reduced operational
costs and improved energy reliability. In ref. [22], the authors
presented a systematic review of over 180 recent studies on the
optimal sizing, techno-economic feasibility and reliability of
hybrid renewable energy systems, with a specific focus on en-
ergy storage system integration. Reference [23] proposed a
comprehensive framework for the optimal sizing and placement
of distributed generation and BES in distribution networks. A
multiobjective optimisation approach is adopted to balance en-
ergy loss minimisation, voltage profile enhancement and reli-
ability improvement, with several planning scenarios evaluated.
In ref. [24], an optimisation strategy was presented for sizing a
hybrid energy system intended to supply auxiliary services in
substations. The system includes PV panels, batteries and diesel
generators. A hybrid algorithm combining genetic algorithm
and variable neighbourhood search was employed to minimise
cost while ensuring reliability.

These studies highlight that microgrid sizing problems are
inherently nonlinear, particularly due to battery degradation
and its impact on system lifetime and cost. Consequently, both
the development of a robust sizing model and the choice of
optimisation method are critical. Although classical optimisa-
tion techniques have been applied, they often struggle with the
nonlinear and complex nature of the problem. Metaheuristic
methods, such as PSO, used in refs. [4, 5], have been widely
adopted, but they often suffer from low exploration efficiency in
large search spaces and high computational requirements.
Recently, machine learning (ML) algorithms have emerged as a
promising alternative. ML methods are model-free and capable
of handling problem complexity by learning from training data
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[25]. Their flexibility allows for efficient handling of diverse
scenarios, and they have been successfully applied in recent
power system operation and planning studies.

To achieve a practical model of microgrid sizing, several factors,
such as real data, salvation cost, grid constraints and compo-
nents' degradations should be applied. However, previous
studies overlooked these factors in most cases. Table 1 lists a
summary of the deficiencies in the existing works on microgrid's
sizing based on the electricity tariff, energy management,
applied algorithm and the practicality of the study.

1.3 | Contributions

This paper makes several key contributions that extend beyond
the existing literature on electricity pricing-based models and
PV/BES sizing. From a practical standpoint, it addresses a cur-
rent and industry-relevant challenge through a real-world
Australian case study. The key contributions of this study, dis-
tinguishing it from existing pricing-based and PV/BES sizing
literature, are as follows:

e A comprehensive optimisation framework is developed to
jointly optimise the capacities of PV, WT, BES and in-
verters. The approach integrates a rule-based operational
strategy based on day-ahead price forecasts, enabling
explicit consideration of RTP volatility, an aspect most
often overlooked in models designed.

e A deep Q-Network reinforcement learning is adapted to the
sizing problem, extending the use of RL beyond operational
control. The method learns cost-optimal capacity decisions
through interaction with the environment and incorporates

TABLE 1 | Summary of deficiencies of the existing works.

practical factors including battery degradation, grid con-
straints and salvage value.

¢ The proposed methodology is demonstrated through a real-
world Australian case study. Real load, meteorological and
pricing data are applied to demonstrate the proposed model's
performance. Comparative results with machine learning
and metaheuristic techniques confirm the economic ad-
vantages and robustness of the proposed approach.

2 | Microgrid Model

Figure 1 shows the proposed system configuration and sizing
framework for the grid-tied microgrid in this study. The PV, WT
and BES will be connected to the microgrid through a central
IVT. This section describes the model of components and the
rule-based operation for the grid-tied microgrid.

21 | Model of Components

The generated power by PV (Ppy) is given by ref. [8]:

G(H)
GStC

Pey(£) = npy P, X [1 - W(T(0) = Tyee)] @
NOCT - 20

1) = TH0) + Gelt) - ——o ¢

2
where G. is the radiation on the PV collector in KW/m?, Npy 1S
the PV efficiency (accounting for cable and converter losses) and
T. and T are the cell and ambient temperatures in °C, and
NOCT is the normal operating cell temperature (assumed as
45°C). Gy, and Ty, are the irradiance and temperature at

Practicality
Ref. Electricity tariff Optimal sizing Energy management Optimization algorithm CD SC GC
[4] TOU v x EA v x x
[5] Flat v v EA x x v
[6] Flat v x Classic x x x
[7] TOU v x Classic x x x
[8] TOU v v Classic x x v
[9] RTP v v PSO x x v
[10] RTP v x Classic x x x
[11] RTP x x Classic x x x
[12] RTP x x Classic x x x
[13] RTP x x Classic x x v
[14] RTP x v Classic x x x
[15] RTP v x Classic x x x
[16] RTP v x EA x x x
[17] RTP v x EA x x x
This paper RTP v v DML v v v

Abbreviations: CD: components’ degradations; DML: deep machine learning; EA: evolutionary algorithm; GC: grid constraint and SC: salvage cost.
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FIGURE 1 | Proposed system configuration and sizing framework of
the grid-tied microgrid.

standard test conditions, considered to be 1 kW/m? and 25°C. 4
is the temperature derating coefficient (0.4%/W/°C).

The output power (Pwr) of the wind turbine is given by a
piecewise function of wind velocity (v) [6]:

0, V<V, 0rv>vy
v—v.\’
Pyr(t) = Pi{,T( c) s e Sv<y ®3)
Ve — Ve
Py, v <v<vy

where vy, v and v, are the cut-out, cut-in and rated wind speeds,
respectively. The WT's rated power is indicated by Pj,,. The
power of PV and WT degrades over time [26]. In this study,
constant annual degradations are considered for PV and WT to
obtain a more realistic model of those components. Based on the
output powers, annual degradations and numbers of PV and WT
in the optimisation problem, the power of renewable energy
(RE) is measured as follows:

Pre(t) = Nwr(1 — dwr) Pwr(t) + Npv(1 — dpy)' Ppy(£) 4)

The BES model contains the state of charge (SOC) formulation
based on the available input/output power limit of the battery.
The current battery SOCt depends on the SOC value in the
previous sample (¢t — 1) and the power extracted or injected in
the current sample t.

(P 3~ 0
5
B ©

SOCgs(t) = SOCgs(t — At) +

The charging and discharging powers of BES are limited to
available input and output powers of the battery. The following
equations indicate the limits of input and output powers for the
battery in each time interval.

max

les(l') = min(Pg‘;X, C?Sax - SOCEs(t))) (6)

max

pgg(t)zmm(P';;", Eft (socEs(t)—soc;;;“)> (7)

The maximum energy and power of the BES are formulated
based on the number of the batteries in the optimisation prob-
lem as follows:

PR = Nps Pps, ER* = Ngs Egs (®
The capacity of the IVT, through the optimisation, should be
greater than the power that passes through it.

Ny - (Pre(t) + Pig(0)) < Niv Prv )

2.2 | Microgrid's Operation Strategy

Operation strategy under a dynamic pricing is important to ach-
ieve efficient and economic power flow between the components.
In this study, a rule-based operation is developed based on the
next hour and day-ahead forecasts of data (Figure 2). Rule-based
operations offer valuable advantages such as straightforward and
understandable model, faster execution of decisions, easy
implementation and user-friendliness [5]. Figure 2 shows that the
operation strategy starts with obtaining the forecast data. In this
study, the long short-term memory (LSTM) method is used for
prediction of next hour wind, load, electricity price and radiation
as well as the day-ahead price. The architecture of LSTM is an
artificial recurrent neural network applied in the field of deep
learning [27]. The main reason for using LSTM is its feedback
connections unlike standard feedforward neural networks. This
means LSTM can process not only single data points but also
entire sequences of data. Afterwards, the average of day-ahead
price of RTP is calculated. Then, the next hour forecast of RTP
price at each time interval is compared with the calculated
average price. The main idea behind the new rule-based EMS is to
avoid the BES to discharge when the purchasing electricity price
islower than the average of forecasted day-ahead purchasing RTP
(RTPL®). On the other hand, the battery should not be charged if
the selling electricity price is higher than the average of forecasted
day-ahead selling RTP (RTPS).

In the EMS, if the generated power by RE is greater than the
load, and the selling electricity price (RTPs) is lower than
RTPS®, then the available input energy of BES (PY) is evalu-
ated. If the excess power of RE is less than Py, then all the
power is used for battery charging as follows:

Pis() = Pre(t) = Pu(t) (10)

On the other hand, if the excess power of RE is higher than P,
then it would be sold to the main grid (Ps).

Pg(t) = Prg(t) — Py(t) — P(1) (€8))

For the times that the selling electricity price is higher than
RTP®, the excess power of RE would be first sold to the grid
due to high price of electricity. In this condition, the sold power
to the grid is calculated by:
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[ Q

FIGURE 2 | The proposed rule-based operation strategy for the grid-tied microgrid.

Pg(t) = Pr(t) — Pu(t) 12)

If the excess power exceeds the maximum allowable selling
power to the grid (PF®), then the maximum power would be
first sold to the grid and the remaining power is used to charge
The BES is as follows:

PE(t) = Pre(t) — Py(t) — P§™ (13)

If the extra power is beyond the maximum selling power limit and
the available input power limit of BES, the extra power should be
curtailed. The curtailed power (Pp) is calculated as follows:

Pp(t) = Pre(t) = Pu(t) — Ps(t) — Pig(t) (14)

Itis to be noted that the curtailed power is not a physical load, and
it is assumed to be controlled by the control system of inverter via
a feedback loop [6]. If Pgg is lower than microgrid's load, and the
purchasing electricity price (RTPp) is lower than RTP5, then the
deficit power is first supplied by purchasing from the grid (Pp) and
then by discharging the BES (P%) as follows:

Pp(t) = Pu(t) — Pre(t) (15)

Pg5() = Pu(t) — Pre(t) — P (16)

However, if the purchasing electricity price (RTPp) is greater
than RTP®, then the deficit power is first supplied by dis-
charging power of BES by considering the available output po-
wer limit of battery (P%). If P% is higher than the power deficit,

then no power is purchased from the grid and the discharging
power of BES is sufficient.

PL(£) = Pp(t) — Pre(t) 17)

If P is lower than the power deficit, then the deficit power
after discharging the BES is purchased from the grid by:

Pp(t) = Py(t) — Prp(t) — PE5(0) (18)

The developed operation strategy is then used in the sizing stage
to achieve the optimal capacity of components.

3 | Optimal Sizing Model

Optimal sizing is a compromise problem to achieve the lowest
operation cost in long-term while considering the investment
cost of components. In this paper, the sizing model optimises
the primary system capacities, PV, WT, BES and the central
inverter, whereas the associated DC/DC and AC/DC converters
are implicitly linked to these capacities and remain within
realistic operating ranges. Therefore, the optimisation does not
assume oversized or impractical converter designs; rather,
converter ratings follow the selected component capacities in
accordance with typical engineering practice.

In the proposed framework, the microgrid first operates based
on the rule-based real-time dispatch strategy, which manages
charging, discharging and power exchange decisions under RTP
conditions. Building on this operational foundation, the DRL-
based methodology is then employed to determine the optimal
capacities of the microgrid components.

This section indicates the problem formulation and the meth-
odology to solve the problem.

3.1 | Optimisation Formulation

The objective function is defined as the total net present cost
(NPC) of the grid-tied microgrid. The total NPC (NPC,,) con-
tains the NPC of components (NPC,,,) and the NPC of opera-
tion which is the electricity trading between the microgrid and
the main grid (NPCyy).

f= II]l\}n NPCiy (19)
NPC,,; = NPC,,, + NPCyyq (20)
The NPC,, is calculated based on the real capital recovery factor

(RCRF) and the annual electricity trading cost between the
microgrid and the main grid (Cyy,):

NPCyy, =

(21)
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The Cy, is the summation of three values which are the total
annual cost for purchased electricity from the grid (ACp), the
total annual cost of sold electricity to the grid (ACs) and the
annual supply of charge for the grid connection (ACc):

T T
Cura = ), RTPp()Pp()At — ) RTPs(t)Ps()At +  DCs
=1 =1 “ja;j-’

(22)

ACp ACs

The RCREF is calculated based on the real interest rate (u) and
the project lifetime (I) as follows:

u(l +u)

RCRF=—— -
Q+uy-1

(23)

The real interest rate is obtained based on the interest rate (g)
and an escalation rate (e):

u=2>— (24)

The NPC,,, is calculated based on the net present discounted
values of capital cost (PD{"), operation and maintenance cost

(PDP™), replacement cost (PD[*) and salvage cost (PD{*).

4
NPCoon = D, Ni(PD{ + PD{"" + PD[* — PD{")  (25)
i=1

The PD;" is the initial investment cost for the components.
cap _ ~cap
PDS® =S (26)

The PDP™ is calculated based on the annual cost of operation
and maintenance (C;*™) for each component and the capital
recovery factor (CRF).

1

CRF @7

PDYP™ =™
1 3
The CREF is obtained based on the interest rate and the project
lifetime as follows:

1
CRF = g(1+g)

T a+g -1 (28)

The PD;* is formulated based on the replacement cost (C;?) for
each component and its replacement year.

nR;<l 1

PD[ = /%P - (29)

n=1 (1 +g)

The PD{ is calculated based on the remaining lifetime of each
component at the end of the project lifetime (M) over the
component's lifetime (L;) as follows:

cap M1

PD} = C; l
Li 1+g)

(30)

It is notable that the lifetime of BES should be computed based
on its degradation. The degradation of BES depends on the

depth of discharge (DOD) in each cycle of battery and hence the
system operation. When the annual system operation is termi-
nated, the number of charge/discharge cycles is extracted and
their SOCs are obtained and then the DOD is calculated
(DOD =1 — SOC). The rainflow cycle counting algorithm is
used to extract the cycles and their DODs [16]. Based on an
experimental model, the degradation of BES for each full cycle
can be formulated as follows [28]:

by
b,e-b:DODE) + b,

dgs(c) = (31)

The parameters b; to b, are constant and they are taken from
[16]. If the counted cycle by rainflow algorithm is half, then the
degradation is half of the full cycles. When the degradations for
all full and half cycles are obtained, the total degradation of the
BES is calculated for the annual operation:

di%s = Y dgs(c) (32)

If the total annual degradation exceeds 20%, the BES requires
replacement. Hence, the lifetime of BES based on its calendar
lifetime (20-year) and dje can be obtained as follows:

> (33)

Since the levelised cost of electricity (LCOE) is another useful
economic index to compare the electricity generation system of
microgrids, it has also been used in this study. The LCOE is
calculated based on the net present cost (NPC) of components
and electricity trading as well as the CRF, RCRF and the total
electricity demand of the microgrid (Ey):

20%

_ : ca
Lgs = mm<LES’ det
ES

NPC,op - CRF + NPC,yy - RCRF
LCOE = — %™ ;f fra (34)
M

The design constraints to run the optimal sizing model of the
grid-tied microgrid are as follows:

PE(0) + Po(D) + PR(D) = Pyy(t) + Pig(t) + Ps(t) + Pp(t)  (35)

NT® <N SN (36)
SOCER™ < SOCs(t) < SOCE™ (37)
0 < PE(t) < P(D) (38)

0 < PRs(t) < PRe() (39)
SOCgs(T) > SOCgs(t = 0) (40)

0 < Py(t) < P™ (41)

0 < Py(t) < P™™ (42)

Equation (35) presents the power constraint of the microgrid in
which the power balance should be maintained between the
generation and consumption sides. The number of the compo-
nents is limited to a maximum value as shown by Equation (36).
Equation (37) shows that the SOC of the battery is maintained
between minimum and maximum values to avoid heavy
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degradations of BES. The charging and discharging powers of
BES are limited to its available input and output powers as
shown by Equations (38) and (39), respectively. The SOC of BES
at the end of annual operation should be equal or higher than
the SOC at the beginning Equation (40). The purchased and sold
powers from/to the main grid are limited to their maximum
values as presented in Equations (41) and (42), respectively.

3.2 | Deep Reinforcement Learning for Sizing

The described model by Equations (1-42) indicates that the
objective function is not calculated in a closed form. In fact, the
rainflow cycle counting algorithm needs the future data of DOD
level, the BES degradation; hence, its lifetime cannot be calcu-
lated at the beginning. This challenge hinders connecting the
objective function and decision variables in a closed form. Thus,
the classic approaches cannot solve the problem. To overcome
this difficulty, a reinforcement learning (RL) method known as
double deep Q-network (DDQN) is used in this study.

3.3 | Problem Modelling for RL

The main goal of RL is to find capacity of devices so that the
NPC,, is minimised. This objective is pursued via taking
optimal action by an agent, which is artificial intelligence. Here,
the sizing problem of the microgrid is converted into a suitable
form of RL. Towards this goal, the RL model is formulated as an
e-greedy which includes following steps:

State Space S: The main goal is to minimise the cost function
which represents the state of problem in each step. In this paper,
there is only one state which is NPCy, that is,

Si = {NPCyo(} 3)

Then, by choosing the optimal actions, the state is moved from a
current state to an optimal state or from a current cost to a lower
cost by adopting the optimal policy.

Action Space A: Action space is a collection of applied RL-agent
actions to transit from state s, at step ¢ to state s, +; atstept + 1.
In this study, the action vector (A;) is defined by the number of
components and can be given by:

A; = {Npv, Nwr, Ngs, Niv} (44)

where Npy, Nwr, Ngs and Ny are the number of PV, WT, BES
and IVT, respectively.

Reward R: A reward signal R; is released to evaluate the per-
formed action in a certain state. To maximise the accumulated

reward, the RL agent inclines to choose the optimal actions
under policy 7 as follows:

v
max tZ Y Ruve (45)

where t’ is an index variable representing the future time steps.

From the current time step ¢, and 0 <y <1 is a discount factor.
The term y* ensures that rewards received further in the future
are given less weight compared to immediate rewards. This
reflects the principle of time preference in reinforcement
learning, where immediate rewards are usually more valuable
than distant future rewards. R;., represents the reward
received at the future time step ¢t + ¢'.

Policy: The agent's behaviour in a specific environment is
described by policy n, which makes a mapping from s; to a;.

Action-Value Function: The expected long-term reward is
described by this function. The main aim is to measure the
quality of executing an action under state s;, which is as follows:

Qr(a) = E[R|A(] (46)

where [E represents the expected value of accumulated reward
and A, is the performed action at ¢t and can be expressed by the
following relation:

A = arg minQ,(a;) 47)

To maintain a precise balance between exploitation and explo-
ration methods in the training process, the actions are selected
by a e-greedy mechanism, that is, the agent selects a random
action by the probability € and the maximum Q-value will be
selected by the probability 1 — e. To solve the formulated
problem in the form of e-greedy, a Q-Network method is applied
in this paper.

3.4 | Deep Q-Network

Q-learning is one of the RL methods, which is a model-free
method and can deal with successive decision-making tasks.
The main aim of the learning in Q-learning is to achieve an
optimal policy 7* that can maximise the long-term profit or
reward. The previous experiences, such as rewards, states and
actions as well as the next states are stored in replay memory
which is then used in the training process. Indeed, the data are
sampled randomly from the buffer (replay memory) and fed to
the train network. To avoid overfitting issues, this operation is
performed in small batch sizes. One of the best classical and
outstanding deep RL algorithms is Deep Q-Network (DQN). The
Q-Network is applied to learn the Q-value function Q(s;, a;) of
the expected future reward. A novel target Q-Network is used in
DQN which distinguishes it from the basic Q-learning algo-
rithm by:

Qtarget =Rty mc?X (Q(St, a3 0)) (48)

wher, Qg represents the value of target Q obtained by the
equation of Bellman and 6 shows the Q-Network parameters.
Two different Q-Networks exist in the DQN structure: target
and main Q-Networks. At every step, the target Q-Network
values are updated recurrently. These updated values are the
copy of the values of the main network. It is notable that if only
one Q-Network is used in the model, it leads to suboptimal or
delayed convergence especially when frequency of the incoming
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data are high. In this case, the data for training are greatly
correlated which may cause unstable target function. The DQN
performs all actions which results in Q-value's overestimation,
since with the iterations’ number, the errors will be accumu-
lated [29]. In this study, the overestimation problem of Q-value
is overcome by using a Double DQN in which another neural
network is utilised to reduce the error's impact.

3.5 | Double Deep Q-Network

DDQN algorithm effectively addresses the overestimation issue
inherent in standard DQN by decoupling the action selection
and evaluation processes. In the DDQN, two neural networks
are utilised with similar structure as in DQN, in which the
overall network moves towards stability since target value is
updated frequently [29]. In ref. [30], the impact of over-
estimation of DDQN compared to DQN is further analysed and
confirmed that DDQN consistently outperforms standard DQN
in various benchmark tasks. The current action is chosen by the
main Q-Network and at the same time uses the target state-
action value from the target Q-Network. Therefore, at each
epoch, in the present state for all possible scenarios of actions,
all the action-value pairs are obtained from the main Q-
Network. This value pair is updated at each epoch. Then, an
operator of argmax is applied over the values of state-action of
the possible actions. In this process, the state-action value to
maximise the Q-value for that particular action is described by:

Qtarget = Rer1 + )’Q(S:, Arg max Q(S;, a; 0); é) (49)

In each time step, the value corresponding to the chosen state-
action pair is obtained from the target Q-Network so that the
main Q-Network to be updated. Thus, this reduces the bias to-
wards overestimation, resulting in more accurate value estimate
and more stable learning. It is notable that the DDQN includes
nonsequential network architecture. In such network, the layers
are separated into two streams, in such a way that both sub-
networks have output layers. Subnetwork one is related to the
Q-value function which is to measure the value of the given
state. The other subnetwork measures the benefit value of tak-
ing a special action in the current state.

Qs a6, a, B) = V(s156, 8)

(50)
+ (A(st, a6, a) — irélz%A (s, a; 6, oc))

where A represents the value of advantage. @ and § are the
vector parameters of the advantage subnetwork and state-value
functions, respectively. 6 is a common parameter for both net-
works. By combining the outputs of the first subnetwork, the Q-
values are achieved, which are the base values of the state with
the benefit values of the second subnetwork actions.

For special state-action pair, the Q-value is equal to summation
of the value of that state which is measured from the state-value

(V) and the benefit of taking that special action in that special
state. Therefore, Equation (48) can be written as follows:

Q(S, a3 6, o, B) = V(S5 6, B) + A(S;, as; 6, ) (51)

From the above equation, the Q-value can be obtained if we
have the values for A and S. However, if the Q-value is known,
the values of A and S cannot be obtained. In Equation (48), the
last part is modified as below to enhance the stability of the
algorithm.

Q(S, a3 6, a, B) = V(S1;6, B) + A(S;, a3 6, )

- |_;|ZA(S" a6, a) &2

The Q-Network consists of three layers: input, hidden and
output layers. The hyperparameters are adjusted as 1 to get the
optimal weights. In time-series problems, adjusting the hyper-
parameters is so important to achieve optimal Q-value and long-
term reward. At the end, the Q-network will be trained through
minimisation of the loss function.

L(O) = E(Quarget — QSr, a3 6))’ (53)

Figure 3 demonstrates the application of the DDQN-based
sizing of the building microgrid.

4 | Case Study and Results

This section describes the case study and the obtained numer-
ical results for the proposed model.

4.1 | Case Study

The developed model and deep learning strategies are general and
applicable to any standard case studies. In this paper, to achieve
practical results, a building in Australia is selected as the grid-tied
residential microgrid. The LSTM is used to forecast the data of
load consumption, wind speed, solar radiation and market price
for the sizing model. The mean absolute error (MAE) of the next
hour forecasted data has been obtained as 1.5%, 4.2%, 2.5% and
3.5% for load, wind, radiation and price, respectively. It is notable
that the MAE of the day-ahead electricity price is obtained as 9.8%.
The day-ahead forecast data are generated for all 365 days of a year
on an hourly basis, which means 8760 h of data. Table 2 lists the
numerical data associated with the project, including grid PV,
WT, BES and IVT. The project lifetime is selected as 10 years, and
the microgrid building is prohibited to export more than 20 kW to
the grid at any moment. The lifetime of PV, WT and IVT are 25, 20
and 10 years, respectively. The annual degradations of WT and PV
are considered as 1.6% and 0.95%, respectively [26]. The BES
lifetime will be decided based on the annual degradation of bat-
tery after the microgrid's operation. The replacement cost of BES,
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FIGURE 3 | Illustration of the DDQN-based sizing for residential microgrid.

TABLE 2 | Input data for the optimal sizing problem.

Technical parameters Economic parameters

Project and grid Grid export constraint = 15 kW Interest rate = 8%

Grid import constraint = 20 kW Escalation rate = 2%

PV Unit capacity = 1 kW Capital cost = $1200/kW
PV lifetime = 25 years Maintenance cost = $25/kW/yr
WT Unit capacity = 1 kW Capital cost = $2500/kW

Maintenance cost = $50/kW/yr
Capital cost = $1000/kW

Inverter's efficiency = 95%

Lifetime = 20 years
vT Unit capacity = 1 kW

Lifetime = 10 years

BES Unit capacity = 0.4 kW/1 kWh
Minimum state-of-charge = 10%

Maximum state-of-charge = 95%

Capital cost = $500/kWh
Replacement cost = $350/kWh
Maintenance cost = $10/yr

if needed, is $350/kWh. The BES's charge/discharge efficiency is
assumed as 93%, and its initial SOC is considered as 60%.

4.2 | Computational Setup and RL Training
Configuration

The computational settings and reinforcement learning config-
uration used in the DDQN-based planning framework are pro-
vided in this subsection. The DDQN algorithm was trained
using 1500 episodes with an e-greedy exploration strategy,
where e decreases linearly from 1.0 to 0.05 with a decay factor of
0.995 per episode. The discount factor was set to y = 0.90,
whereas the replay memory contained 10,000 transitions and
mini-batches of size 64 were sampled during training. The target
network was updated every 50 iterations. A duelling DDQN
architecture was adopted, consisting of separate value and
advantage streams. The Q-network included two fully con-
nected hidden layers with 128 and 64 neurons, respectively,
using ReLU activation functions. The Adam optimiser was used
for training, and the loss function was defined in ref. (53).

The proposed forecasting and planning models were imple-
mented in MATLAB software and executed on a workstation

equipped with an Intel Core i7 CPU, an NVIDIA RTX 3060 GPU
(12 GB) and 32 GB of RAM. Owing to the low-dimensional
action space (four sizing variables) and the deterministic
structure of the planning environment, the models exhibited
fast convergence. The LSTM forecasting network required
approximately 10 s for training, whereas the DDQN-based
planning algorithm converged in roughly 2 minute. This
computational efficiency is one of the advantages of the pro-
posed approach, making the model suitable for practical
microgrid applications where rapid retraining may be required.

4.3 | Numerical Results

The results of the proposed model under RTP are compared to
the following existing models:

e Simple operation under RTP: the BES is charged and dis-
charged based on the availability of RES power after sup-
plying the load. Hence, the RTP variation is not considered
to affect the BES operation.

e Flat tariff: the purchasing and selling electricity prices are
fixed at $0.48/kWh and $0.17/kWh, respectively [5]. The
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renewable energy output is sold to the grid once it is higher
than the load and charge request of BES.

e Time-of-use tariff: The energy price for off-peak (12a.
m.-5p.m.) and peak times (6-11p.m.) are selected as $0.31/
kWh and $0.58/kWh for purchasing, whereas the selling
price is $0.17/kWh [31]. BES is not allowed to be charged
through the main grid at peak time.

e Grid only under RTP: there is no PV, WT and BES, and
hence, the entire energy is supplied by the main grid under
the RTP tariff.

The total NPC ($) and LCOE ¢/kWh results of the proposed
model and other existing models are indicated in Figure 4. As
shown in the figure, the proposed model has achieved the
lowest NPC and LCOE compared to other models. The LCOE of
the proposed model is 36.26 ¢/kWh and its total NPC is
$145,811. The economic results of the grid-only system are
almost double of the other models. Among the existing models,
the simple EMS has closer results to the proposed model. To
deeply investigate why the proposed model is more economic,
all the electricity trades and components’ economic results are
discussed. Table 3 lists the NPC of electricity trading (NPCy,)
between the microgrid and the main grid obtained for the

300 60
250 ? 55

200

50
150

(A7) 00T

45
100

Total NPC ($103)

50 40

Proposed Simple model Flat TOU Grid
model tariff tariff only

FIGURE 4 | Total NPC and LCOE obtained by the proposed and
existing models.

proposed model and the other existing models. It also lists the
annual supply of charge of electricity (AC¢), and annual costs of
purchased and sold electricity from/to the main grid, ACp and
ACs. The annual supply of charge is constant and the same for
all the considered models. Our proposed model achieves $37,042
profit for the residential microgrid whereas the profit is $35,289
for the simple EMS. The NPCy, of electricity trading is positive
for the other models which means that the annual purchased
cost plus the annual supply of charge is higher than the cost of
electricity sold to the grid.

The optimised microgrid with TOU tariff has the lowest revenue
($1163) from selling electricity to the main grid. In the grid-only
system, since all the energy is supplied by the main grid, then
the NPCy, is the highest among the models. The amount of
purchased/sold electricity would be discussed in Table 4.
Table 5 indicates the economic results of the microgrid's com-
ponents. The NPC of components (NPC,,y, ) for the simple sizing
model is slightly higher than that of the proposed model
because the NPC of BES is higher for the simple sizing model.
The proposed model has the lowest NPC of BES among the
other models. The model with flat tariff has the highest NPC of
components. This is while that the NPC,,y, is the lowest for the
model with TOU. The results of components’ NPC will be more
understandable when we discuss the capacity of components in
the next table. Table 6 shows the optimised capacity of the
microgrid components (i.e., PV, WT, BES and IVT). As shown in
the table, the capacity of PV, WT and IVT is obtained the same
for the proposed model and the simple EMS model. However,
the capacity of BES is 1 kWh greater for the simple EMS.
Although, the components have the same capacities in these
two models, but the NPCy,, and the total NPC were lower for the
proposed model as presented in Table 3. This is mainly because
the developed EMS in this study works more efficiently than the
simple EMS and it achieves lower cost of operation.

The model based on flat tariff has higher PV capacity compared to
other models. This is while the WT capacity is almost half of the

TABLE 3 | Economic results of electricity trading between the microgrid and the main grid.

Model NPCiq ($) ACp ($) ACs ($) ACc ($)
Proposed model RTP —37,042 7026 —-15,279 3248
Simple sizing RTP —35,289 6391 —14,407 3248
Flat tariff 18,432 6891 —7649 3248
TOU tariff 67,185 6992 —-1163 3248
Grid only RTP 269,095 265,847 0 3248
TABLE 4 | Operational results of the studied models for the residential microgrid.
Model TREG (MWh) TCB (MWh) TDB (MWh) TSEG (MWh) TPEG (MWh) TCE (MWh)
Proposed model RTP 122.02 7.69 6.92 69.31 14.21 4.82
Simple sizing RTP 122.02 9.97 8.99 66.83 12.15 5.00
Flat tariff 93.67 11.15 10.06 44.99 14.36 0.59
TOU tariff 52.74 11.09 10.03 11.07 20.73 0
Grid only RTP 0 0 0 0 61.35 0

Abbreviations: TCB: total charging of BES; TCE: total curtailed electricity; TDB: total discharging of BES; TPEG: total purchased electricity from the grid; TREG: total

renewable electricity generation and TSEG: total sold electricity to the grid.
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TABLE 5 | Economic results of microgrid's components.

Model NPCeom ($) NPCpy ($) NPCwr ($) NPCgs ($) NPCry (8)
Proposed model RTP 182,853 40,336 76,721 15,796 50,000
Simple sizing RTP 183,301 40,336 76,721 16,247 50,000
Flat tariff 140,173 42,404 40,617 17,149 40,000
TOU tariff 85,092 26,891 18,052 17,149 23,000
Grid only RTP 0 0 0 0 0
TABLE 6 | The optimised capacities of microgrid components.
System PV (kW) WT (kW) BES (kWh) IVT (kW)
Proposed model RTP 39 34 35 50
Simple EMS under RTP 39 34 36 50
Flat tariff 41 18 38 40
TOU tariff 26 8 38 23
Grid only under RTP 0 0 0 0
- l'i higher TPEG (14.21 MWh), most of the energy is purchased
2 0.8 during the low-price hours based on the developed methodol-
g 0.6 ogy. The model based on flat tariff has high values of TCB and
g g: TDB compared to the RTP models. This is mainly because of
o 2 o 2 L2 oS higher capacity of BES and PV in that model. Although the flat
=l o e o Grid model has 0.59 MWh curtailed energy, it is zero for the model

FIGURE 5 | Total NPC and LCOE obtained by the proposed and
existing models.

one for the proposed model. The WT capacity is the lowest (8 kW)
for the model based on TOU. This means that the WT does not
achieve high profitability, compared to PV, by flat and TOU tar-
iffs. However, the results show that higher capacity of BES is
achieved for the flat and TOU tariffs which means that the BES
maybe more compatible with those models. However, it should be
noted that those systems have achieved much higher operation
cost as indicated in Table 3. Since the total capacity of PV, WT and
BES is higher for the proposed and simple EMS models, a higher
IVT capacity (50 kW) is obtained for those systems compared to
the Flat and TOU. The annual operational results of the studied
models for the residential microgrid are shown in Table 4. This
table indicates the total renewable electricity generation (TREG)
by PV and WT, total charging of BES (TCB), total discharging of
BES (TDB), total purchased electricity from the grid (TPEG), total
sold electricity to the grid (TSEG) and total curtailed electricity
(TCE) of PV and WT for all studied models. It is notable that the
total electricity demand of the grid-tied microgrid is 61.35 MWh/
year. As shown in the table, the TREG of the proposed and simple
EMS models is 122.02 MWh/year. It is important to compare the
proposed model with the simple sizing at first. Most of the
generated power by PV and WT has been sold to the main grid,
69.31 MWh by the proposed model and 66.83 MWh by the simple
EMS model. Hence, as obvious, the TSEG is increased by the
proposed EMS. Indeed, the BES has better controlled in the pro-
posed model.

This is the main reason for lower TCE for the proposed model
compared to the simple EMS. Although the proposed model has

based on TOU because of lower capacity of PV and WT. In the
TOU model, a high portion of the load is purchased from the
main grid (20.73 MWh) compared to the other models. Figure 5
demonstrates the total annual degradation (TAD) of BES for
each model. As indicated in the figure, the proposed model has
achieved the lowest TAD (0.5%/year) compared to other models.
This is mainly because of the developed EMS in this study. The
charging and discharging of BES are controlled based on the
average of the day-ahead RTP tariff with comparison to the real-
time tariff. This has decreased the charging/discharging of BES
in the microgrid, and hence, lower cycles have been achieved
which means less battery degradation. The model based on the
TOU has the highest battery degradation due to increasing
charging/discharging based on the low and high electricity
prices during the day.

4.4 | Effect of Day-Ahead Forecasting Error
for RTP

The MAE of the day-ahead electricity price was obtained as 9.8%
by the LSTM algorithm. Considering the uncertainty in the day-
ahead forecast error by forecasting, the effect of different fore-
cast errors on the sizing problem is investigated. Figure 6 shows
the total NPC and LCOE results of the proposed model for
different day-ahead forecast errors of the electricity price. The
minimum NPC and LCOE are shown to be obtained for forecast
errors less than 2.5%, which means that high prediction accu-
racy is required to achieve near-optimal economic performance.
The operation rules are changed on the basis of the predicted
day-ahead electricity price. On the other hand, it is shown that
from 2.5% to 15%, the NPC and LCOE of the microgrid increase
progressively due to the accumulation of suboptimal operational
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FIGURE 6 | Effects of day-ahead forecast errors of electricity price on
total NPC and LCOE of the microgrid.

decisions described above. Interestingly, when the forecast error
exceeds 15%, no further change in NPC and LCOE is observed,
with both remaining at approximately $147,000 and 39.49
¢/kWh, respectively. A 15% forecasting error therefore repre-
sents the worst-case condition within the investigated range as
higher errors up to 20% yield identical results. Overall, the
analysis confirms a strong link between forecasting accuracy
and economic performance: lower forecast errors correlate with
lower NPC and LCOE, whereas higher errors lead to progres-
sively higher costs until reaching a saturation point. This em-
phasises the importance of accurate forecasting algorithms for
achieving cost-optimal microgrid operation and sizing.

4.5 | Comparison With Other Algorithms

To demonstrate the effectiveness of the proposed DDQN algo-
rithm, the total NPC and computational time are compared with
two other machine learning methods and a benchmark meta-
heuristic methodology. A traditional Q-learning method and the
basic RL algorithm are used for the optimal sizing problem. The
PSO algorithm is selected as the metaheuristic method due to its
successful implementation in power system sizing studies [4, 5].
Figure 7 shows the comparison of the methods. To overcome
the issue of finding different solutions of different algorithms,
the optimisation has been run for 20 times for each algorithm.
Then, the best result (minimum cost) has been selected for each
algorithm. As shown, the DDQN has achieved the lowest NPC
compared to other methods which shows the efficacy of the
DDQN method in finding the optimal solution. In terms of
computational time, the Q-learning and basic RL algorithms
need shorter time to achieve the results compared to DDQN.
However, a 10-min computational time for the DDQN is quite
reasonable for a long-term sizing study.

5 | Conclusion and Future Work

This study developed a practical and comprehensive model for
the optimal sizing of a grid-tied microgrid under dynamic real-
time pricing (RTP). The model incorporates all key practical
parameters and solves the sizing problem using a double deep
Q-network (DDQN) reinforcement learning method. The pro-
posed approach was benchmarked against existing models and
methods, demonstrating superior performance in terms of cost
and efficiency.
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FIGURE 7 | Total NPC and computational time of different
algorithms by solving the optimal sizing problem.

The model achieved the lowest net present cost (NPC) of
$145,811 and a levelised cost of electricity (LCOE) of 36.26 ¢
kWh, outperforming other sizing approaches. Although the
component capacities were similar to those obtained through
simple RTP-based sizing, the operational NPC was significantly
lower, resulting in a reduced total NPC. Additionally, the model
contributed to lower battery degradation, with an annual rate of
just 0.5%, compared to higher degradation observed in other
models, due to optimised charge/discharge cycles.

However, the performance of the model was sensitive to day-
ahead forecast errors; forecast inaccuracies above 2.5% pre-
vented the system from achieving the lowest NPC. Although the
DDQN method required slightly more computational time, it
consistently yielded better economic results.

Future work may include developing an experimental microgrid
prototype to evaluate real-time operational performance and
validate the effectiveness of the DDQN-based sizing approach
under real-world conditions, including communication delays,
forecast uncertainty and control variability. Further studies
could also examine the role of energy aggregators, particularly
how coordinated multihousehold or community-level sched-
uling under RTP affects optimal sizing, operational cost and
system stability. In addition, the integration of electric vehicles
with bidirectional charging, vehicle-to-grid (V2G), presents an
important avenue for future investigation as the flexible storage
capacity and mobility patterns of EVs may significantly influ-
ence the optimal sizing of distributed resources. Exploring these
areas would enhance the robustness and scalability of the pro-
posed model for broader practical deployment.

Nomenclature

Acronyms

BES battery energy storage

CRF capital recovery factor
DDQN double deep Q-network
DOD depth of discharge

DQN Deep Q-Network

EMS energy management system
LCOE levelised cost of electricity
LSTM long short-term memory
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MAE mean absolute error

ML machine learning

NOCT normal operating cell temperature

NPC net present cost

PSO particle swarm optimization

PV photovoltaic

RCRF real capital recovery factor

RL reinforcement learning

RTP real-time pricing

SOoC state-of-charge

TAD total annual degradation

TCB total charging of BES

TCE total curtailed electricity

TOU time-of-use

TPEG total purchased electricity from the grid

TREG total renewable electricity generation

TSEG total sold electricity to the grid

WT wind turbine

Parameters

At Time interval (hr)

Ny Efficiency of inverter (%)

Npy Efficiency of solar PV (%)

AC¢ Annual supply of charge of electricity ($)

ci® Initial investment cost for component i ($)

crm Annual operation and maintenance cost for
component i ($)

i Replacement cost for component i ($)

Cira Annual electricity trading cost between the
microgrid and the main grid ($)

dpy Degradation of photovoltaic system (%)

dwr Degradation of wind turbine (%)

L; Lifetime of component i (year)

L Calendar lifetime of battery (year)

M Remaining lifetime of component i (year)

Ppg Nominal power of battery (kW)

Py Nominal power of inverter (kW)

PD{*f Present discounted value of capital cost for

component i ($)

PDP™ Present discounted value of operation and main-
tenance cost for component i ($)

PD* Present discounted value of replacement cost for
component i ($)

ppy Present discounted value of salvage cost for
component i ($)

R; Replacement year for component i (year)

N /18 Charging/discharging efficiency of battery (%)

Py, /P;{,T Rated power of solar PV and wind turbine (kW)

RTPY® [RTPS® Average of forecasted day-ahead purchase/sell

real-time price (¢/kWh)

SOC" [socpe Minimum and maximum state of charge limits of
battery (%)

e Escalation rate (%)

g Interest/discount rate (%)

1 Project lifetime (year)

u Real interest rate (%)

Variables

N; Number of component i (decision variables)

Ngs, Niv Numbers of battery, inverter

Nov, Nwr Numbers of solar PV and wind turbine

ACp/ACs Annual costs of purchased and sold electricity from/to
the main grid ($)

di%é /dps Total and each cycle degradations of battery (%)

Ey Total electricity demand of the microgrid (MWh)

Egs Nominal energy of battery (kWh)

Lgs Obtained real lifetime of battery (year)

LCOE Levelised cost of electricity (¢/kWh)

NPC.om Net present cost of the components ($)

NPC,y, Total net present cost of the grid-tied microgrid ($)

NPCyyq Net present cost of electricity trading between the
microgrid and the main grid ($)

Pp Curtailed power (kW)

Py Power demand of the microgrid (kW)

P, / Pg Purchased/sold power from/to the main grid (kW)

PE / P Charging/discharging power of battery (kW)

Pi /P;’;g Available input/output power of battery (kW)

Ppy Generated power by 1-kW solar PV (kW)

Prg Actual generated power by renewable energy re-
sources (kW)

Pyr Generated power by 1-kW wind turbine (kW)

RTPp/RTPg Real-time price for purchased/sold power from/to the
main grid (¢/kWh)

SOCEgs State of charge of battery (%)

ppex [ pre Maximum purchased/sold power limit from/to the

main grid (kW)
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