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Abstract

Given the uncertainty from renewable production, local loads and battery operating states
in microgrid, it is vital to develop an efficient energy management scheme to improve
system economics and enhance grid reliability. In this paper, we consider a renewable
integrated microgrid scenario including an energy storage system (ESS), bidirectional
energy flow from/to conventional power grid and ESS health estimation. We develop
a novel demand response-based scheme for microgrid energy management with a long
short-term memory (LSTM) network and reinforcement learning (RL), aiming to improve
the system operating profit from energy-trading and reduce the battery health cost from
energy-scheduling. Specifically, to overcome the uncertainty from future, we utilize LSTM
to forecast the unknown demand and electricity price. To obtain the desired ESS control
scheme, we apply RL to learn an optimal energy-scheduling strategy. To improve the critical
performance of the RL paradigm, we propose a random greedy strategy to encourage
exploration. Numerical results show that our proposed algorithm outperforms the baselines
by improve the system operating profit by 8.27% and 17.31% while ensuring ESS operating
safety. By integrating energy efficiency with sustainable energy management practices, our
scheme contributes to long-term environmental and economic resilience.

Keywords: battery health; operations management; energy optimization; reinforcement
learning

1. Introduction
Microgrids, integrated with distributed energy generators, renewable energy sources,

energy storage facilities, energy conversion facilities and loads, have received growing
attention than traditional power grids due to high reliability and flexibility in recent
years [1,2]. As a controllable unit, the microgrid, through its energy conversion equipment,
can utilize the forecasting and scheduling modules to quickly respond to various kinds
of demands in urban areas so as to achieve uninterrupted power supply and reduce
distribution losses [3,4]. In most medium-scale microgrids, the power is generated by
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renewable energy sources, i.e., solar photovoltaic [5] and wind [6]. However, the highly
integrated renewable energy brings great challenges to the microgrid instability due to its
unpredictability, intermittency and randomness [7,8]. Moreover, in areas where real-time
pricing is deployed, customer demand and electricity price vary throughout the day and
season [9,10]. All these constraints and uncertainties make the microgrid a complex system
that the service providers should treat as a smart unit and make more profit through
inter-connection with the main grid [11,12].

Demand response (DR) programs allow the consumers to reduce the energy consump-
tion by generating and storing energy at specific times, providing more flexibility for the
main grid while reducing energy expenses [13,14]. The dynamic pricing mechanisms com-
monly adopted in DR programs include time-of-use (TOU) rates, critical peak pricing (CPP),
and real-time pricing (RTP) [15]. TOU and CPP employ price levels that remain fixed over
relatively long predefined periods, whereas RTP exhibits more pronounced and frequent
fluctuations in response to real-time system conditions [16]. RTP-aided incentive-based
DR programs achieve about 93% of peak load reductions from existing DR resources in
the U.S [17,18]. The widespread deployment of the DR program enables service providers
(SPs) to profit from energy storage systems by purchasing relatively cheap energy to store
during low peak hours and selling the energy during peak hours [19,20]. Besides, both load
demand and power supply from distributed renewable generators also fluctuate greatly,
but the ESS connected to the main grid can be employed to achieve the balance between
generation and demand by peak load shifting [21,22]. However, owing to the increasing
application of ESSs in microgrids, the estimation of degradation cost for ESSs has become a
major obstacle to their participation in the electricity market [23]. Although existing studies
examine battery health status, its impact on the operating costs of microgrid scenarios
has been largely overlooked in prior work. In the context of global sustainability, energy
conservation and battery health management play a central role in reducing greenhouse
gas emissions and enabling long-term renewable energy integration [24]. The demand
response-based reinforcement learning framework we proposed directly supports sus-
tainable energy use by promoting efficient scheduling and reducing unnecessary energy
waste. Furthermore, by mitigating battery degradation, the system contributes to resource
conservation and minimizes the environmental footprint associated with frequent bat-
tery replacement. This aligns with the broader goals of sustainable urban infrastructure
and climate-resilient energy systems emphasized in the recent literature. Thus, our pro-
posed DR-RQL not only advances technical efficiency but also strengthens the sustainable
development pathway for modern microgrids.

In this work, we propose a novel DR-based energy scheduling framework with a long
short-term memory (LSTM) network and reinforcement learning (RL) in a microgrid energy
management system (EMS), aiming to maximize the SP’s operating profit and minimize the
battery degradation cost. So far, two major issues in energy scheduling are still the main
obstacles to their adoption in industry: model of battery health and uncertainty from the
RTP/demand. To address the battery health problem, a module to monitor battery health
is designed in the microgrid EMS, which is able to calculate the incremental operating cost
caused by the battery degradation. To deal with the future uncertainties, LSTM is utilized
to forecast future electricity price and demand based on existing RTP, and this process is
repeated when new RTP and demands are updated by SPs. To ensure sufficient exploration
in the real world, an RL-based Q-learning algorithm with a random greedy strategy is
developed to fully interact with the microgrid environment. Afterward, in cooperation
with the forecasted price and demand, Random Q-learning (RQL) is adopted to obtain the
optimal operating profit by scheduling an ESS while reducing battery degradation cost as
much as possible.
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The main contributions are summarized as follows:

• An energy management system is proposed for microgrid scenario, including a re-
newable energy generator, an ESS and bidirectional energy flow with the main grid.
Different from previous works, a battery health monitoring module is designed to
calculate the ESS degradation cost.

• A novel DR-based reinforcement learning scheme is proposed for the above energy
scheduling problem. To overcome the future price/demand uncertainties in presence
of the rapidly updated RTPs, LSTM is adopted to forecast the unknown electricity
price and demand.

• To improve profits through adequate exploration, a random greedy strategy-based
Q-learning variant is proposed to derive the optimized ESS control policy. RQL is
model-free, enabling the SP to determine the control actions in real time without
knowing the system dynamics.

• An examination of the SP’s operating profit under three representative energy-
scheduling baselines reveals that our proposed algorithm can improve the profit
by 5.04–17.31% than the other, indicating that the DR-based RQL algorithm enables
the SP to make more profit while keeping the ESS healthy.

The remainder of this paper is organized as follows: Section 2 introduces the related
works. Section 3 first introduces the microgrid EMS model and battery health model and
then formulates the joint optimization problem. Section 4 transforms the optimization
problem into an MDP problem and then introduces the DR-based RTP/demand forecasting
algorithm and RQL-based energy scheduling scheme. Section 5 evaluates the performance
of the proposed algorithm by simulations, and finally Section 6 concludes this paper. The
main symbols used in this paper are summarized in Table 1.

Table 1. List of Notations.

Symbol Definition

Wt Energy demand at t
Nt Renewable generation at t
Ns

t Portion of renewable energy serving demand at t
Nw

t Portion of renewable energy sold to grid at t
Pb

t Energy-purchasing price from conventional grid at t
Ps

t Energy-selling price to the customer at t
rt Charging energy stored into battery at t
dt Discharging energy from battery serving demand at t
Bt State of energy of battery at t
Dcycle

t Cycle depth of battery at t
Ht State of health of battery at t
Vess

t Battery degradation cost at t
Gt Energy purchased from conventional grid at t
Ut EMS operation profit at t
ηch Charging efficiency of battery
1/ηdis Discharging efficiency of battery
Eca Energy capacity of battery
cb Battery back replacement cost per kWh

2. Related Work
Energy scheduling and ESS degradation: Until now, a great deal of works have been

devoted to optimize operational cost in microgrid EMS with single or multiple energy
generators or storages [25]. The conventional renewable generator and energy storage
are studied in microgrid scenario and further transformed into a convex optimization
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problem, solved by modified Lyapunov optimization in [26], without considering ESSs
healthy. An online energy management approach is proposed to manage local demand
and EVs’ behaviors with stochastic optimization; however, the ESS degradation in [27] is
modeled as a convex function, which is too idealistic to be adopted in reality. The authors
of [28] study a grid-connected microgrid EMS including controllable distributed resources,
renewable energy resources, an ESS and propose an RL-based scheme to minimize the
real-time operation cost, which ignores the battery degradation cost. All these papers
have considered the power grid with renewable production and ESS operations without
incorporating battery health management. Meanwhile, in studies [29,30], a real market-
based case study of battery health is conducted in grid applications. State of health (SoH)
and end of life (EoL) are further introduced as indicators of battery health in [31], aiming to
estimate the degradation cost of an ESS under price arbitrage and frequency regulation,
with no renewable generator and SP participating.

DR program and RL: More recent works pay attention to the design of energy man-
agement mechanism under DR program in microgrid scenario. A day-ahead DR model,
spanning three hierarchical levels including the microgrid operator, SPs and customer
demand, is studied in the literature [32]. Then the Stackelberg game is utilized to analyze
the coordination between different participants [33]. Similarly, the study described in [34]
considers an integrated DR model and its application to electricity and natural gas systems
based on mixed integer nonlinear programming (MINLP), wherein the customer demand
is adjusted by DR strategy to minimize the energy purchase cost in engineering practice.
Most studies have explored DR in the day-ahead markets, but real-time DR offers greater
potential for balancing supply and demand [35–37]. So far, several studies attempted
adopting RL to solve the energy scheduling problem under a real-time DR program in a
microgrid EMS. An incentive-based DR program is developed in the literature [37,38] to
manage both electricity cost and dissatisfaction cost from the perspective of customers by
an artificial neural network and RL, wherein the multiple energy generations and ESSs
are also considered. The studies in [39,40] develop RL algorithms to minimize the cost of
energy consumption from controllable loads under the real-time DR scheme without any
expert knowledge of the system dynamics. Therefore, in order to bridge the above research
gap, this paper proposes a novel RTP-aid DR-based microgrid energy scheduling scheme
using RL and LSTM methods.

3. System Model
In this section, we consider an EMS in which the microgrid controller is equipped with

an ESS and distributed energy generators, with the aim of achieving the highest operating
profit. As shown in Figure 1, a bi-directional communication network connects both an EMS
and SP, which plays a main role in exchanging the information between price and energy
consumption. The microgrid controller integrates the future price and demand information
from the forecasting module and then executes control actions of ESS according to demand
response. In addition, the EMS is made up of a renewable energy generator (REG), an ESS and
the local load, connected to the conventional power grid (CPG) for bi-directional energy flow.
The mathematical model of the microgrid EMS, including the various operation constraints
for the REG, ESS, CPG, are described in detail in the following subsections.
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Figure 1. (a) Microgrid energy management model. (b) A monitoring device for battery health.

3.1. Renewable Energy Generator

Renewable energy generation units in microgrid are limited by technology and climate
conditions and thus need to meet the constraints of power generation [41]. At the same
time, the REG should give priority to supplying local loads within any time period [42].
We denote Nt as the amount of renewable energy production at time slot t and Wt as
the amount of local load at time slot t. The operation and supply constraints of power
generation are denoted as 

Ns
t = min{Wt, Nt}

Nmin ≤ Nt ≤ Nmax

Wmin ≤Wt ≤Wmax

(1)

where Ns
t represents the part of Nt that served the consumers preferentially, and Nmin and

Nmax denote the minimum and maximum amount of REG production. Wmin and Wmax

denote the minimum and maximum amount of local load. The excess part of Nt will be
sold back to CPG through bidirectional energy flow, calculated as Nw

t = Nt − Ns
t .

3.2. Service Provider

The service provider purchases energy from the CPG side through purchasing price
Pb

t and make profits by providing energy for the local load through selling price Ps
t [43].

Both purchasing and price is announced by the utility company at the beginning of time
slot t, which are bounded by {

Pb
min ≤ Pb

t ≤ Pb
max

Ps
min ≤ Ps

t ≤ Ps
max

(2)

where Pb
min and Pb

max are the upper and lower bounds of energy-purchasing price, Ps
min and

Ps
max are the upper and lower bounds of energy-selling price, respectively. To avoid energy

arbitrage, the purchasing price should be strictly higher than selling price Ps
t < Pb

t [44].
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3.3. Battery Dynamic Model

The energy storage system is a necessary component for the service provider to
obtain profits from consumers. The ESS should meet its own capacity constraints, charg-
ing/discharging amount constraints and energy balance constraints during operation [45].
Let rt be the amount of energy charging to the ESS, and dt denotes the amount of energy
discharging from the ESS. The ESS cannot work in the charging and discharging pat-
terns simultaneously in practical application [26], so rt and dt should meet the constraints
as follows:

rt · dt = 0 (3){
0 ≤ rt ≤ rmax

0 ≤ dt ≤ dmax
(4)

where rmax and dmax are the maximum charging and discharging energy of the ESS at time
slot t.

We introduce the state-of-energy (SoE) to describe the dynamic energy change of the
battery [46], denoted as Bt. Considering the battery charging/discharging operations and
charging/discharging inefficiency, the dynamic change of the battery evolves over time as

Bt+1 = Bt + ηch · rt −
1

ηdc · dt (5)

Bmin ≤ Bt ≤ Bmax (6)

where Bmax and Bmin represent the upper and lower bounds of battery SoE. ηch and ηdc

represents the battery charging and discharging inefficiency, respectively.

3.4. Battery Health Model

State of health is utilized to estimate the cumulative capacity loss of battery, which is
caused by battery degradation. In the existing works [31], battery degradation is divided
into calendar aging and cycle aging. Calendar aging is the natural reduction of battery over
time t [29,31]. Cycle aging is caused by the charging and discharging cycles of the battery,
which is defined as cycle depth. According to the charging and discharging actions in (3)
and (4), the cycle depth at the time slot t is denoted as

Dcycle
t =


−ηch ·rt

Eca
, rt > 0

−dt
ηdc ·Eca

, dt > 0
(7)

where Eca is the ESS capacity. The SoH of the ESS depends on the charging and discharging
cycles [47], modeled as

Ht+1 = (1− ρt) · Ht (8)

ρt = [αh · (Dcycle
t )βh + nh]

−1 (9)

where Ht is the battery SoH at the time slot t, and αh, βh, nh are the degradation coefficients
decided by the battery types and the values are obtained from the empirical experiments.
We define cb as the battery back replacement cost, and the degradation cost of ESS can be
calculated as

Vess
t = cb · (Ht − Ht+1) (10)

In addition to the cycle depth, over-charging and over-discharging can lead to extreme
SoC levels, which significantly reduce the battery lifespan. However, we can avoid over-
charging and over-discharging by enforcing upper and lower limits on the SoC via the
battery controller. In this work, the battery SoC is limited to the range of [0.1, 0.9].
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3.5. Pricing Model

During energy dispatch, the balance of supply and demand must be met, and the EMS
fills the shortage between demand and production by purchasing power from CPG [48].
At the beginning of each time slot t, the microgrid controller measures the REG production
and the ESS input/output energy and then determines the amount of electricity purchased
from CPG, expressed as

Gt = Wt + ηch · rt −
1

ηdc · dt − Ns
t (11)

0 ≤ Gt ≤ Gmax (12)

where Gt represents the amount of electricity from CPG, and Gmax is the upper bound of
electricity-purchasing amount. The profit of microgrid EMS at time slot t is mainly from
trading electricity between CPG and customers, denoted as

Ut = Ps
t · (Wt + Nw

t )− Pb
t · Gt (13)

The operating cost of the microgrid EMS at the time slot t is mainly from the ESS
degradation cost Vess

t , so the operating revenue for the microgrid EMS at every time slot t
can be calculated as Ut −Vess

t .

3.6. Objective Function

Based on the system components described in the previous subsections, we deduce
the system input variable as S⃗t = [Wt, Nw

t , Ns
t , Pb

t , Ps
t , Bt, Ht] and the decision variable

A⃗t = [rt, dt, Gt, Dcycle
t ] at the time slot t. The target of the EMS is to find an optimal control

policy πt (i.e., a mapping πt: S⃗t → A⃗t wherein t = 0, . . . , T − 1) to not only maximize
the operating revenue but also reduce the ESS degradation cost as much as possible. The
objective function is expressed as

P1 : max
πt

T−1

∑
t=0

[Ut −Vess
t ]

s.t. (1)− (13)

(14)

P1 is NP-hard, leading to high computational complexity as the T goes infinite [1,26,49].
The challenges of solving P1 are two-fold. First, P1 needs the statistics for future information
which is difficult to obtain, i.e., the uncertainty of REG production, electricity price as well
as demand. Thus, the energy scheduling algorithm should only rely on the current or
previous information of the system input. Second, the energy and health level of the ESS
is time-coupled; i.e., the next states Bt+1, Ht+1 rely on the current states Bt, Ht according
to the Equations (5) and (8). Therefore, the control policy πt for P1 should consider both
the present and future. As a result, we transform the joint optimization problem into
an MDP problem and adopt DRL to design an energy-scheduling approach in order to
meet all above constraints and provide an asymptotically optimal resolution for P1 with
system-operating profit being increased as much as possible.

4. RL-Based Demand Response Energy Scheduling Algorithm
In this section, we propose a day-ahead energy scheduling paradigm for the EMS

under the microgrid scenery utilizing the LSTM and Q-learning variant. To deal with the
uncertainty of demand response, an LSTM module is designed to forecast the day-ahead
electricity price and demand. After that, the Random Q-learning is adopted to derive the
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optimal energy-scheduling policy for the ESS. The details of LSTM module and Q-learning
variant are introduced as follows.

4.1. MDP Reformation

In this work, the NP-hard P1 is reformulated into the Markov Decision Process (MDP)
problem for the reason that the ESS health and energy level is up to the current energy
price, local load and the EMS control signal, which is independent of the previous control
actions and system states, satisfying the MDP property [49]. The MDP is divided into a
quadruple {S, A, R, γ}where S represents the set of states, A represents the set of actions, R
represents the reward function and γ is the discount factor. The EMS working as the agent
searches the optimal control strategy πt through trial and error learning. The elements of
{S, A, R} will be described in detail as follows.

4.1.1. State

First, we divide one day into 48 time slots, i.e., half an hour for each time slot. The
manually integrated state space S for the microgrid EMS comprises two types of informa-
tion, i.e., timing information (TI) and controlled plant information (CPI). In this work, TI
refers to the electricity price/load, which are announced by the current time slot tending to
be cyclically under diurnal variation and the REG production varying periodically under
seasonal variation. CPI includes the ESS energy level Bt and health level Ht influenced by
control actions in (5), (8). To sum up, the state space of EMS at the time slot t is defined as

st = (Pb
t , Nw

t , Wt, Bt, Ht) (15)

4.1.2. Action

Given the current state st, the action space A includes the charging/discharging
amount of electricity rt, dt in (4) and the cycle depth Dcycle

t which can be calculated by the
EMS after knowing the value of rt, dt according to the Equation (7). The action space at the
time slot t is defined as

at = (rt, dt, Dcycle
t ) (16)

4.1.3. Reward

Considering the NP-hard problem P1, the designed reward function comprises the
reward for energy-trading in (13), the reward for ESS degradation in (10) and the penalty
for over-charging and over-discharging in (6). The first part of reward function is the EMS
operating profit deduced from (14), denoted as

rpro
st ,at = Ut −Vess

t (17)

where rpur
t = Ut is the reward for energy-trading, and rhea

t = −Vess
t represents the reward

for ESS degradation. The penalty for over-charging/discharging is denoted as rcon
t

rcon
st ,at = −β ·Ut (18)

where β is the penalty coefficient. To sum up, the reward at the time slot t is deduced as

Rst ,at = rpro
st ,at + rcon

st ,at (19)

4.2. Demand Response Forecasting with LSTM

The variation in electricity price is a manifestation of DR, reflected in the fact that
electricity price will increase when demand is high and decrease when demand is low. This
work designs an LSTM-based module to extract the temporal feature from the day-ahead
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data announced by service providers and predicts the demand and electricity price of the
next day for EMS decision making. LSTM, as a novel nonlinear function approximator [50],
performs well in handling temporal relationship problems, i.e., load forecasting. The
structure of the LSTM module is shown in Figure 2.

ct-1
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Figure 2. The structure of the LSTM module.

Appropriate input selection for LSTM is a key factor in the success of demand response
forecasting. For this energy scheduling algorithm, the input variables for the LSTM neurons
contain the maximally correlated historical information, denoted as Xt ∈ {Xp

t , Xw
t }.

Xp
t = [Pb

t−j, ..., Pb
t−1, Pb

t ] (20)

Xw
t = [Wt−j, ..., Wt−1, Wt] (21)

where Xp
t , Xw

t is the electricity price and demand for the past j time slots. The processed in-
formation from the previous neurons ht−1, ct−1 and the output ht are the features extracted
from the historical demand response. The detailed forward propagation process for LSTM
can be described as follows:

it = σ(Wi[Xt, ht−1] + bi) (22)

ft = σ(W f [Xt, ht−1] + b f ) (23)

gt = tanh(Wg[Xt, ht−1] + bg) (24)

ct = gt ⊙ it + ct−1 ⊙ ft (25)

ot = σ(Wo[Xt, ht−1] + bo) (26)

ht = tanh(ct)⊙ ot (27)

where W and b denote the weight matrix and bias vectors, and σ and tanh represent the
sigmoid and hyperbolic tangent activation functions, respectively. it is the input gate that
determines what information from memory state gt should be saved into the current cell
state ct; ft is the forget gate utilized to decide what information from the previous cell state
ct−1 should be kept on the current cell state ct; and ot is the output gate that decides how
much information from the current cell state ct can be retained. Finally, the desired output
for the LSTM layer ht can be obtained.

Afterward, the forecasting variables are derived through the fully-connected layer,
calculated by Xpre

t = σ(W · Xt + b). All the weight matrix and bias can be computed by the
Adam optimizer, and the performance of the LSTM module is evaluated by mean absolute
error (MAE) between the actual and forecasted values as follows:

MAE(Xt) =
1
T

T

∑
t=1

∣∣∣Xt − Xpre
t

∣∣∣ (28)
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4.3. Decision Making with Random Q-Learning

In Algorithm 1, the forecasting electricity price and demand from the LSTM module
are concatenated with the current renewable generation, battery SoH and SoE level, and
then integrated into the state space. Given the state space st = (Pb

t , Nw
t , Wt, Bt, Ht), we

merge Wt with Nw
t into Wt − Nw

t , because Nw
t ≤ Wt at every time slot t. Afterwards, we

discretize the price Pb
t intoM intervals, Nw

t −Wt into N intervals, Bt into B intervals and
Ht intoH intervals. Thus, the state space is deduced as

st ∈ S = {M} · {N} · {B} · {H} (29)

where {M} refers to the price interval range from Pb
min to Pb

max, {N} refers to the purchased
energy interval range from Wmin − Nmax to Wmax − Nmin, {B} refers to the SoE interval
range from Bmin to Bmax, and {H} refers to the SoH interval range from 0 to 1.

Algorithm 1 RQL-Based DR Energy Scheduling Algorithm for Microgrid EMS

Require: Pb, W, Nt, Bt0 , Ht0 , the parameter for RQL
Ensure: Pb,pre

t , Wpre
t , the optimal Q-value table

1: %% Demand response forecasting with LSTM
2: for l in training epoch do
3: Normalize the Pb and W
4: Execute the LSTM forward propagation process
5: Adopt the Adam optimizer to derive the Wx and bx

6: Output the forecasting Pb,pre
t and Wpre

t

7: EndFor
8: Evaluate the forecasting performance:
9: MAE(Pb) = 1

T ∑T
t=1

∣∣∣Pb
t − Pb,pre

t

∣∣∣
10: MAE(W) = 1

T ∑T
t=1

∣∣∣Wt −Wpre
t

∣∣∣
11: %% RQL for decision-making
12: Integrated state space S
13: Initialize the Q-value table
14: for episode m = 1 to M do
15: Initialize the state st0
16: for time step t = 1 to T do
17: Choose action at using random ϵ-greedy policy
18: Obtain reward Rst ,at and observe next state st+1
19: Update the Q-value using the Bellman Equation:

20: Q∗ ← Q(st, at) + α

 Rst ,at
+γ ·max Q(st+1, at+1)
−Q(st, at)


21: Output the ∑T

t=1 Rst ,at until st+1 is terminal
22: EndFor
23: %% Evaluate convergence
24: if the accumulated reward is converged then
25: return the Q-value table;
26: else
27: retrain;
28: EndIf
29: EndFor

Different from the previous works, we introduce a Q-learning (QL) variant based
on reinforcement learning to achieve the optimal energy-scheduling policy, denoted as
Random Q-learning, which is described in detail in Figure 3 and Table 1. In this work, the
microgrid scenery represents the environment and has its own agent EMS with different
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actions and corresponding rewards. The agent obtains the state information st from the
microgrid and executes the control action at via random ϵ-greedy policy.
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Figure 3. Overall framework of the proposed RL-based DR energy-scheduling scheme. The offline
forecasting and training process is performed once, while the online scheduling is conducted at each
time t.

Random ϵ-greedy policy: Different from the traditional QL, we introduce the random
ϵ-greedy policy as a trick to encourage agent to explore the environment. The tradition
version of ϵ-greedy policy [51] is expressed as

at =

∀a, X > 1− ϵ

arg max
a

Q(st, a) X ≤ 1− ϵ
(30)

and the random ϵ-greedy policy we proposed is expressed as

at =

∀a, Ep ≤ ϕ ∪ X > 1− ϵ

arg max
a

Q(st, a) Ep > ϕ ∩ X ≤ 1− ϵ
(31)

where X ∈ [0, 1] is a generated random number, and ϵ is the greedy value. Ep refers to the
training episode, and ϕ represents the episode for exploration. After receiving the instant
reward Rst ,at , the EMS moves to the next state, and the Q-value Q(st, at) can be derived to
quantify the performance of actions in the current state.

Q-value table: The optimal Q-value Q∗(st, at) satisfies the Bellman equation, denoted

Q∗(st, at) = Rst ,at + γ ·max Q(st+1, at+1) (32)

where γ is the discounting factor indicating the importance of the future reward. The
Q-value is stored in the state-action table, wherein each item represents the value of
performing a specific action in a specific state. The agent executes different actions
at each time slot, and the corresponding Q-value is updated according to the Bellman
equation in (13), as follows:
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Q(st, at)← Q(st, at) + α

 Rst ,at

+γ ·max Q(st+1, at+1)

−Q(st, at)

 (33)

where α ∈ [0, 1] is the learning rate for trading off the newly-acquired and old Q-value. The
agent learns the optimal scheduling policy π through trials and errors. At the same time,
the Q-value of every state-action pair is updating and finally converges to the maximum
after adequate iterations.

5. Case Study
5.1. Experiment Setup

In this section, a microgrid EMS case shown in Figure 1 is adopted to evaluate the
performance of the proposed energy-scheduling algorithm. A day is divided into 48 time
slots; i.e., each time slot incorporates 30 min. The intervals are set atM = N = B =H = 5.
The ESS has a rate capacity of 2 MWh, and the efficiency of charging and discharging
for the ESS is 0.95. The degradation coefficients of the battery are αh = 0.001, βh = −2,
and nh = 0 according to empirical curve-fitting. Other parameters of EMS energy trading
and algorithm are listed in Table 2. The renewable generation, the load profile and the
electricity price are obtained from the National Electricity Market. The ESS, REG, Loads
and SP are simulated using the real-time data. The whole training process is performed
on a workstation with an Intel Core i7-9700K Processor 3.60 GHz and one Nvidia RTX
2060S. Once the training process is finished, the proposed approach can be used in the ESS
charging and discharging scheduling. The agent takes less than 0.1s to output the control
action, which can be used in real-time control.

Table 2. Parameters of RQL training settings and model.

Parameter Description Value

Bmin
The lower bound of battery

SoE 100 kWh

Bmax
The upper bound of

battery SoE 2000 kWh

Cb
Battery back replacement

cost 500 $/kWh

t Time slot 0.5 h
α Learning rate 0.001
γ Discounting factor 0.95
ϵ Greedy value 0.1
Ep Training episode 5000
ϕ Episode for exploration 400

5.2. Performance of DR Forecasting Model

In DR forecasting, the proposed model utilizes the previous price and demand data
from 1 June 2019 to 27 June 2019 for both training and testing. For a period of consecutive
30 days, the first 27 days of data are used for training, and the remaining 3 days are utilized
to evaluate. Both price and demand data are fed into the slide window with a stride of 2,
which results in 648 training pairs. After training, the model is saved to forecast unknown
price and demand data for next 144 half-hours. The LSTM module is designed with an
input layer containing two LSTM neurons, a hidden layer with eight neurons, and an
output layer with one neuron. Furthermore, we introduce two benchmarks to compare
with the LSTM module.
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• BiLSTM [52]: Bi-directional LSTM (BiLSTM) is a modified version of LSTM. In this
work, the input layer of BiLSTM contains one forward layer with two LSTM neurons
and one backward layer with two LSTM neurons. The remaining structure is the same
as the proposed LSTM module.

• ARIMA [53]:Auto-regressive Integrated Moving Average (ARIMA) model is a widely
used method for analyzing time-series data. In this work, the auto-regression degree
is set at p = 50, the moving average degree is q = 1, and the order of differentiation
is d = 5.

Specifically, the models above are trained and tested using data from the past 1296 time
slots, i.e., 1 June 2019 to 27 June 2019, and then used to forecast the DR data for the next
144 time slots, 28–30 June 2019. Finally, we evaluate the performance of the models by
visualizing the difference between forecasted data and actual demand response, as well as
computing the MAE between the forecasted value and groundtruth.

Figure 4 shows the comparison between the forecasted data and groundtruth for the
144 time slots in summer pattern, where the orange, green and red line denote the predicted
price/demand from LSTM, BiLSTM and ARIMA, respectively, the blue line represents the
groundtruth. From the figure we can observe that both the LSTM and BiLSTM module
can track the trend of actual price/demand accurately. Both models show high accuracy
in forecasting strongly periodic data i.e., demand as shown in Figure 4a. However, there
is a time lag between the weakly periodic data, i.e., price as shown in Figure 4b and the
forecasting value which can be seen in the 65th, 83rd, and 111th time slot. Furthermore,
the MAE for DR and computational time cost of the LSTM and the other two comparison
models are shown in Table 3. We can observe that the DR forecasting performance of LSTM
and BiLSTM is almost equal, and both are much better than ARIMA. However, LSTM
is 72.3% faster than BiLSTM in terms of computation time. Afterwards, the forecasted
price/demand will be integrated into state space for agent training.

a)

b)

(a)

(b)

Figure 4. Demand response forecasting results during June 2019: (a) Load. (b) Electricity price.
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Table 3. Performance of the Forecasting Module.

Model MAE(W) MAE(Pb)
Computing Time

(min)

LSTM 2.34 8.69 6.5
BiLSTM 2.59 8.47 11.2
ARIMA 8.90 12.94 10.7

5.3. Performance Evaluation for DR-RQL

First, we evaluate the convergence of the DR-RQL algorithm with 5000 training
episodes wherein each episode comprises 48 time slots. To demonstrate the performance
more visually, we compare DR-RQL with QL by two metrics, i.e., the reward per episode
and the average reward per 10 episodes, as shown in Figure 5. Both algorithms have the
same parameter settings evaluated under the real-time environment. The difference is
that the proposed DR-RQL utilizes a segmented modified ϵ-greedy strategy training in
DR-forecasting-based state space, while the classical QL is training under the past price
and demand data. The exploring episode ϕ for both DR-RQL and RQL is 400. During the
early training stage, the reward of DR-RQL improves more slowly than QL, i.e., the reward
of DR-RQL reaches −1634.12, while QL reaches 324.75 when training to the 400th episode;
this is due to the fact that the agent of DR-RQL is in the exploration state and randomly
selects actions to traverse the state-action value function in the first 400 training episodes.
After that, the agent of DR-RQL shifts to the utilization state, selecting the action according
to the maximum state-action value with a 90% probability, and still randomly selecting the
action to explore with a 10% probability. At the same time, the reward of DR-RQL rises
sharply and catches up with QL within 800 episodes. Ultimately, with enough exploring
and utilizing, the reward curves of DR-RQL gradually stabilize and converge to greater
value than QL; i.e., DR-RQL reaches 1215.61, while QL reaches 945.52 after 2200 episodes,
which demonstrates that DR-RQL derives to the optimal energy-scheduling strategy by
maximizing the cumulative reward in dynamic environment. Additionally, the reward
curve continues to oscillate slightly for the reason that the agent of DR-RQL still keeps
choosing random actions with a 10% probability.

Figure 5. Comparison of average reward using RQL and QL on the microgrid EMS case during the
training process.

Second, to gain insights into the economical superiority of the proposed DR-RQL
energy scheduling algorithm, we compare it with other benchmark algorithms. Details of
the benchmark algorithms are described as follows:
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• RQL: This scheme utilizes the segmented modified ϵ-greedy strategy in (31) to update
the Q-value table, training on the summer pattern dataset, i.e., 1–27 June 2019 for
energy scheduling.

• QL [54]: This scheme is the vanilla version of the proposed method, utilizing the original
ϵ-greedy strategy in (30) for action-selecting and training on the same dataset as RQL.

• Myopic [55]: This scheme pays more attention to current return and ignores the impact
on future, as the EMS prefers to empty the battery storage while never guiding the
battery to recharge only for maximizing the current reward.

• PSO [56]: Particle swarm optimization (PSO) is a heuristic optimization scheme
widely used in microgrid scenarios for energy management. In this work, 100 random
particles are generated in action space at to evaluate the objective function P1. During
each iteration, every particle adjusts its velocity and position to find the optimal
solution. The maximum iteration is set at 1500, the inertia weight is w = 0.9, and the
learning factor is c1 = c2 = 2.

In this work, we compare the cumulative system operational profit defined as
∑T−1

t=0 [Ut − Vess
t ] according to the (14) under the five different algorithms. As shown in

Figure 6, DR-RQL outperforms the benchmark algorithms by achieving the highest profit
and ensuring the battery operating safety. Figure 6e shows the cumulative EMS operational
profits on the 48 testing time slot. Specifically, the total operating costs for RQL, PSO, QL,
Myopic, and DR-RQL are USD 425.27K, USD 423.89K, USD 402.21K, USD 380.72K, and
USD 446.72K, respectively. Compared with RQL, PSO, QL, and Myopic, DR-RQL improves
the profit by 5.04%, 5.39%, 8.27%, and 17.31%, respectively.

ESS 

charge

ESS

discharge

ESS 

charge

ESS

discharge

a)

b)

c)

d)

e)

(a)

(c)

(d)

(e)

(b)

Figure 6. Operating results of DR-RQL for the microgrid EMS on 48 testing time slots: (a) Customer de-
mand and electricity price. (b) Charging discharging energy and the SoE of the ESS. (c) Output of each
dispatchable unit. (d) System profit and degradation cost during the EMS operation. (e) Comparison
results with benchmark algorithms on cumulative system operational profit.
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Figure 6 also shows the EMS operating results derived from DR-RQL on 48 testing
time slots. From the figure we can observe that the ESS is scheduled in an efficient and
economical manner to maximize the profit from purchasing electricity from the CPG side
and selling it to customers, and the operating safety of the battery is strongly ensured. For
instance, comparing Figure6a,b, we can see that the ESS is scheduled to charge at off-peak
hours to store energy and discharge to supply demand at peak hours. At the same time,
the ESS is also appropriately operated to satisfy the maximum (under 2.0) and minimum
(above 0.1) level of SoE to protect the battery.

Figure 6c shows the operation results of each unit based on DR-RQL in detail.
Figure 6d shows the trend of operating profit and degradation cost during the EMS op-
eration. The microgrid EMS operation results include energy trading with CPG, REG
output, and the ESS charging and discharging energy under the real-world environment
state. When the trading price is low (i.e., 0–16 h, 24–35 h), the ESS purchases energy from
CPG to store, and the operating profit decreases slightly. When the trading price is high
(i.e., 17–23 h, 36–48 h), the ESS releases stored energy to supply demand, and the operating
profit rises significantly. Meanwhile, the degradation cost is rising due to the frequent
battery operation. However, if the local load exceeds the supply capacity of microgrid EMS,
the EMS will purchase energy from CPG directly. Finally, we can conclude from the results
that the proposed DR-RQL method enables EMS to flexibly manage the dispatchable units
in response to the microgrid environment. Further details are provided in Appendix A.

6. Conclusions
This paper proposes a novel real-time DR-based reinforcement learning algorithm

for microgrid EMS energy scheduling, aiming to maximize SP’s operating profit while
maintaining ESS health level. The microgrid EMS is modeled as a controllable unit com-
prised with renewable generator, ESS, bilateral energy flow with the main grid and the
battery health monitoring module. Then, the optimization problem associated with energy
scheduling is transformed into an MDP. To deal with the uncertainty from the real-time
DR program, an LSTM network is utilized to extract discriminative features from the past
RTP/demand sequences and generate predicted data for the next training process. Random
Q-learning is presented to approximate the optimal control strategy, wherein the random
greedy policy is proposed to improve algorithm performance by encouraging exploration.
Ultimately, the effectiveness of the proposed DR-based reinforcement learning scheme
is evaluated in comparison with other three baselines. Simulation results demonstrate
that the proposed energy scheduling scheme can converge to the optimal value at about
400 episodes with slight oscillation and make profits from microgrid EMS operation. Mean-
while, numerical results show that DR-RQL outperforms the vanilla Q-learning as well
as the Myopic strategy by improve the SP’s operating profit by 8.27% and 17.31% while
ensuring ESS operating safety.

Future work will be expanded in the following direction:
In this work, we propose a value-based RL algorithm, which is suitable for indus-

trial environments that can be decomposed into limited discrete action and state spaces.
Nowadays, many advanced reinforcement learning algorithms are proposed to handle
continuous action and state spaceproblems, which means that we can feed continuous
sequences of data directly to the agent for training without discretizing the input data. On
the other hand, to enhance the algorithm’s adaptability across different microgrid scales,
we plan to collect datasets from small community microgrids and adjust key parameters,
such as ESS capacity, time resolution, and economic objectives, to enable comprehensive
multi-scale evaluation.
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Appendix A. Diagnostic Experiment with LSTM Prediction Module
We further evaluated the operation of the ESS without predictive information, as

illustrated in Figure A1. As shown in Figure A1, removing the LSTM-based prediction
module results in a notable degradation in operating profit, with a reduction of 4.80%.
Without access to essential forecasted signals, the agent is unable to formulate decisions
that properly account for long-term returns, thereby diminishing the overall profitability of
the system.

0 12 24 36 48
Time slot

0
1
2
3
4
5

Pr
of

it(
$)

1e5

Without DR
With DR

Figure A1. Comparison of operating profit without LSTM prediction module.

Appendix B. Performance Evaluation with Error Bars
In Figure A2, the blue bars indicate the average rewards from testing procedure,

while the black lines indicate the standard deviation of the rewards. In the analysis
shown in Figure A2, the results show that RQL achieved the highest average reward,
followed by DDPG, DQN and QL, with average reward values of 1215.6, 1200.1, 1195.4 and
945.5, respectively, and standard deviation values of 19.7, 50.9, 70.6 and 20.8, respectively.
Therefore, the algorithm with the highest stability remains the proposed RQL, followed
by QL, DDPG and DQN. Thus, the experimental data confirms that the proposed RQL
demonstrates the best performance and stability.
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Figure A2. Comparison of baseline performance after convergence with error bars.

Appendix C. Parameter Experiments
Figure A3 visualizes the effects of 16 combinations of α, γ through a heatmap, where

darker regions represent superior model performance. The experimental results clearly
demonstrate that the parameter combination α = 0.001, γ = 0.95 produced the best
performance, indicating that the combination achieves an ideal balance between bias and
variance in reward function estimation. Above all, we accordingly determined the final
parameter configuration.
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Figure A3. Heatmap comparison of model training effects under different (α, γ) combinations.
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