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Abstract: Due to the uncertainty and randomness of clean energy, microgrid operation is often prone
to instability, which requires the implementation of a robust and adaptive optimization scheduling
method. In this paper, a model-based reinforcement learning algorithm is applied to the optimal
scheduling problem of microgrids. During the training process, the current learned networks are used
to assist Monte Carlo Tree Search (MCTS) in completing game history accumulation, and updating
the learning network parameters to obtain optimal microgrid scheduling strategies and a simulated
environmental dynamics model. We establish a microgrid environment simulator that includes
Heating Ventilation Air Conditioning (HVAC) systems, Photovoltaic (PV) systems, and Energy
Storage (ES) systems for simulation. The simulation results show that the operation of microgrids
in both islanded and connected modes does not affect the training effectiveness of the algorithm.
After 200 training steps, the algorithm can avoid the punishment of exceeding the red line of the bus
voltage, and after 800 training steps, the training result converges and the loss values of the value and
reward network converge to 0, showing good effectiveness. This proves that the algorithm proposed
in this paper can be applied to the optimization scheduling problem of microgrids.

Keywords: microgrid scheduling method; model-based reinforcement learning; Monte Carlo Tree
Search; environment simulator

1. Introduction

With the growth of the global economy, the pressing issues of rising energy demand
and environmental protection have become major concerns for researchers. Distributed
energy system (DES) [1–4] and multi-energy system (MES) integrate advanced communi-
cation and control technologies with the power system and have become the mainstream
solution [5,6]. Microgrids, due to their ability to improve the flexibility, reliability, and
power quality of the grid, have become an important component of these systems. Micro-
grids provide an alternative to centralized power generation and long-distance transmission
that address their inherent limitations. Despite the benefits, the variability and intermittent
nature of clean energy production pose challenges to the safe and stable operation of micro-
grids. As a result, optimizing scheduling for microgrids has garnered considerable attention
to ensure the secure and stable grid connection of clean energy production capacity.

Currently, there have been relatively mature technological developments in the field
of economic scheduling for distributed energy and multi-energy systems [7–10]. However,
the problem of scheduling and management of microgrids as energy vehicles relatively
relies on traditional optimization models and algorithms. Heuristic algorithms are an
extremely important part of traditional optimization algorithms, such as the particle swarm
optimization algorithm for microgrid management proposed by Eseye et al. [11] and Zeng
et al. [12], are the primary approaches utilized to resolve microgrid optimal issues. In
2018, Elsayed et al. [13] proposed a microgrid energy management method based on the
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random drift particle swarm optimization algorithm. Moreover, Zare et al. [14] applied
the mixed-integer linearization method (MILP) to microgrid optimization problems in
2016. Other researchers have combined energy security issues with economic optimization
issues, proposing a two-level energy scheduling approach [15] and an alternating direction
method of multipliers (ADMM) [16]. Nevertheless, traditional optimal scheduling algo-
rithms necessitate the accurate establishment of environmental dynamics models, which
cannot be adaptively applied to various microgrid structures. Heuristic algorithms, such
as particle swarm optimization (PSO), tend to converge to local optimal solutions due to
gradient-based parameter updates. Moreover, the algorithm parameters cannot be opti-
mized and need to be adjusted based on experience. In summary, due to the constantly
changing scenario of microgrids and the complexity and diversity of energy coupling,
heuristic algorithms have defects such as high dependence on experience selection, poor
generalization, and poor robustness.

Fuzzy optimization algorithms are efficient in handling uncertainties and ambiguity,
which makes them suitable for solving complex coupling scenarios of multiple energy
sources in microgrids. Fossatì et al. [17] and Banaì et al. [18] have demonstrated the
feasibility of applying fuzzy optimization to the optimization scheduling problem of
microgrids. However, fuzzy optimization methods suffer from the uncertainties and
ambiguity of decision variables and constraints, as well as the complexity of solving the
problem, and the poor interpretability of the results.

The advancement of big data technology and the emergence of neural networks have
facilitated the application of reinforcement learning (RL) in various domains [19]. Rein-
forcement learning combines deep neural networks with Markov decision process (MDP)
optimization procedures and is a learning mechanism that maps environmental observa-
tions to selected action values. Subsequently, the reinforcement learning process updates
neural network parameters through the pursuit of maximum rewards from environmental
feedback. Reinforcement learning explains the decision-making process by establishing a
state-action-reward model. It continuously learns through trial or error and feedback to
obtain the optimal strategy. This makes it more efficient, interpretable, generalizeable, and
flexible which is compared to heuristic algorithms. As such, reinforcement learning has the
potential to meet the requirements for optimizing microgrid scheduling problems.

Currently, the prevailing algorithm utilized in integrated energy systems is model-free
reinforcement learning, which has shown remarkable performance and learning outcomes
in microgrid optimization scheduling. By optimizing the loss/reward function, this ap-
proach only updates neural network parameters between states and actions and does
not require specific environmental dynamics modeling. The application of Q-learning
to microgrid optimization was the first proposal [20–22], but the limited effectiveness of
Q-learning in the field of microgrid scheduling was attributed to the large Q-table and
overestimated Q-value. Double Q-learning (DQN) [23] and Deep Deterministic Policy
Gradient (DDPG) [24,25] have achieved more promising results than Q-learning with the
emergence of deep neural networks and strategy gradient optimization. To address the
overestimation and high square error drawbacks of the DDPG algorithm, Garrido et al. [26]
applied the TD3 algorithm to microgrids. Furthermore, Schulman et al. [27] proposed
the PPO algorithm in the year 2017, which OpenAI has adopted as the baseline for rein-
forcement learning algorithms. PPO has been extended to the microgrid management
domain [28].

Nonetheless, model-free reinforcement learning algorithms have many limitations as
they only establish a connection between observation values and action values through
the optimization object, disregarding the effectiveness of the environmental dynamic foun-
dation. Consequently, modifying the optimization task may not result in the anticipated
outcome using the original value path. In the face of this obstacle, the proposed approach
entails the need for neural network reconstruction and parameter optimization, which
ultimately results in longer training duration and compromised model resilience.
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Model-based reinforcement learning [29] is intended to address these issues by starting
with learning the environmental dynamic model and then planning based on the acquired
model. Typically, these models focus on either reconstructing the accurate state of the
environment [30–32] or completing observational sequences [33]. In 2016, Google’s DEEP-
MIND produced the AlphaGo algorithm, which triumphed over human chess players in
the field of Go. Energy scheduling techniques with the AlphaGo algorithm as the core
notion have also been adopted in the microgrid arena. For instance, Li et al. [34] established
a distribution system outage repair system utilizing tree search as the primary strategy.
Nonetheless, AlphaGo is a model-based reinforcement learning algorithm that requires
prior knowledge from experts in the domain of Go before training, such as the rules for
playing chess and winning or losing. Therefore, it is challenging to implement AlphaGo
in general optimization control problems. Another limitation of AlphaGo is the high
dimensional observation space, which requires large space and increased training time,
resulting in excessive costs for training. The comparison of advantages and disadvantages
of relevant research on microgrid optimization scheduling problems is shown in Table 1.

Table 1. Frequency used notation.

Reference Explicability
of Results

Require Prior
Knowledge or not

Computational
Complexity

Generalization for
Optimization Task Feature of the Paper

[13] Low Yes Low Low

Used random drift particle swarm
optimization to Solving the

energy management problem of
residential microgrids

[17] Low Yes Low Low

Built a fuzzy expert system to
control the power output of the
storage system and determined

the day-ahead
microgrid scheduling

[28] High No High Low
Proposed a safe implementation
of Proximal Policy Optimization

for EV scheduling problem

[34] High Yes High Low
Applies the tree search algorithms
to solve problem of restoring load

after a fault in a power system.

The generalization, flexibility, and low dependence on professional knowledge of
model-based reinforcement learning algorithms make them suitable for constantly changing
scenarios, complex energy structures, and diverse optimization tasks in microgrids. The
established environment model and policy model provide interpretability to the results.
The utilization of deep neural networks enhances the accuracy and reliability of the results.
Therefore, this paper borrows the algorithm ideas of model-based reinforcement learning
to optimize the scheduling of results.

To address the problems identified in the above analysis, this paper introduces a
microgrid energy scheduling method that combines environmental modeling with optimal
strategy learning. The key contributions of this research are summarized as follows:

1. This study converts the microgrid optimization scheduling issue into reinforcement
learning tasks by identifying the observation space, state space, and reward functions
within the microgrid model.

2. This paper introduces model-based reinforcement learning to address the optimal
scheduling problem in microgrid systems, which adopts the MuZero algorithm’s
excellent performance in discrete action spaces into the application of Monte Carlo
Tree Search for the determination of the optimal strategy.

3. This paper builds a joint training model for three major networks to enable the
algorithm to learn and optimize simultaneously for environmental dynamic and
optimal strategy determination without prior professional knowledge.
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The following organization is adopted in this paper: in Section 2, the microgrid
scheduling model is developed. The relevant principles and processes of the algorithm
are provided in Section 3. Subsequently, in Section 4, the simulation results are presented,
while Section 5 summarizes the research study.

2. Microgrid Scheduling Model

Inspired by the microgrid model proposed by Biagion et al. [35], known as the Power
Grid World, we have established a new microgrid model that incorporates HVAC, PV, and
ES. The microgrid structure is presented in Figure 1.
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The following section provides a detailed description of the model used by the
ith microgrid.

2.1. HVAC System

The system mainly refers to the load within the microgrid model, which aims to
regulate the output of HVAC power and discharge temperature in order to balance the
internal space temperature. The state space, action space, and reward function of the HVAC
system are described below.

The observation space of the HVAC system is:

oi,HVAC
t =

(
Ti

t , Tci
t, Ti,out

t , Pi,consumed
t , Ui,bus

t

)
, (1)

where Ti,out
t represents the outdoor temperature. Pi,consumed

t represents the power consump-
tion. And Ui,bus

t represents the current voltage of the bus where the ith microgrid is located.

Where Ti
t =

(
Ti,j

t

)
, j ∈ HVAC, represents the temperature collection of all spaces in the ith

microgrid and Ti,j
t represents the temperatures in the jth space of the HVAC system. And

Tci
t =

(
Tci,high

t , Tci,low
t

)
represents the upper and lower limits of the comfort temperature at

the current moment.
The action space of the HVAC system is:

ai,HVAC
t =

(
f i
t , Tdi

t
)
,

f i
t =

(
f i,j
t

)
j ∈ HVAC,

(2)
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where f i,j
t represents the flow rate of HVAC in jth space of the system, with the range of(

f i,j
min, f i,j

max

)
. And Tdi

t represents the discharge temperature of ith microgrid, with a range

of
(
Tdi

min, Tdi
max
)
.

To achieve the objectives of temperature comfort maintenance comfort and mini-
mizing power consumption in the system, this paper proposes the design of separate
reward functions.

2.1.1. Discomfort Reward

To ensure that the temperature in each space falls within a range that would make
people inside feel comfortable, a discomfort reward is established to penalize observations
that exceed the maximum comfortable temperature or fall below the minimum comfortable
temperature. Firstly, the difference is obtained by comparing the comfort temperature
limits, and the temperature of each space at the given moment t:

4Ti,j
t =

(
Ti,j

t − Tci,high
t , Tci,low

t − Ti,j
t

)
. (3)

After obtaining the temperature difference, the uncomfortable temperature value τ
i,j
t

of the jth space is calculated as follows:

τ
i,j
t = max

(
4Ti,j

t , 0
)

. (4)

Compute the discomfort reward by taking the sum of squared discomfort temperature
values for each space:

ri,temp
t = ∑

j∈HVAC
−
(

τ
i,j
t

)2
. (5)

2.1.2. Energy Consumption Reward

To attain the objective of maximizing energy conservation and minimizing emis-
sion, energy consumption incentives are implemented as a measure against high-power
consumption. The energy consumption incentives are exclusively linked to power con-
sumption, and their implementation aims to reduce energy consumption:

ri,consumed
t = −Pi,consumed

t . (6)

2.1.3. HVAC System Reward

With regards to the discomfort reward and energy consumption reward, this article
formulates the reward intended for the HVAC system design:

ri,HVAC
t = α× ri,consumed

t
β

+ (1− α)× ri,temp
t , (7)

where α, β are the balance coefficients used to balance discomfort rewards and energy
consumption rewards to satisfy the different control requirements.

2.2. PV System

Photovoltaic power generation is considered a clean and sustainable energy source.
However, due to the inherent uncertainty and randomness in its production capacity,
there exist potential safety hazards in connecting it to the electrical grid. According to the
research data of Biagion et al. [35], the photovoltaic power generation during a day mainly
exhibits a parabolic shape, similar to the curve of solar radiation energy. The normalized
daily photovoltaic power generation data is shown in Figure 2.
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As productivity equipment, this paper integrates the photovoltaic (PV) system into
the Microgrid Scheduling Model. In this model, the PV system serves as the production
capacity equipment that generates power for other parts of the system. The subsequent
sections highlight the state space, action space, operation model and reward function
associated with a PV system.

The observation space of the PV system is:

oi,PV
t =

(
Pi,EV

t

)
, (8)

where Pi,EV
t represents the actual production capacity at time t, and this part of the obser-

vation value is provided by the actual observation data of a day.
The action space of the PV system is:

ai,PV
t =

(
ξ i

t

)
ξ i

t ∈ [0, 1], (9)

where ξ i
t is the ratio between the production capacity at time t and the local consumption,

which is defined as the consumption rate of clean energy.
Based on the aforementioned physical definitions of observation and action space, it

can be inferred that the effective electrical energy input from the PV system to the microgrid
is:

Pi,PVreal
t = oi,PV

t × ai,PV
t , (10)

where Pi,PVreal
t represents the actual amount of electrical energy that is being consumed in

the jth microgrid at a given time t.
To ensure consistent and sustainable clean energy absorption by the microgrid, t the

paper designs the reward functions of photovoltaic systems in the form of a defined light
rejection rate as follows:

ri,PV
t = − oi,PV

t − Pi,PVreal
t − Pbus

oi,PV
t

, (11)

where Pbus represents the maximum energy that the electronic bus can transport.

2.3. ES System

The Microgrid Scheduling Model integrates an Energy Storage (ES) system that pri-
marily employs a battery pack to store electrical energy. Its main function is to stabilize
the power demand and supply within the system. The ensuing sections explicate the state
space, action space, transition model, and reward function associated with the ES system.
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The observation space of the ES system is:

oi,ES
t =

(
Ei,storage

t

)
, (12)

where Ei,storage
t represents the standard of energy which the pack stored at time t.

The action space of the ES system is:

ai,ES
t =

(
pi

t

)
pi

t ∈ [−1, 1], (13)

where pi
t represents the ratio of the energy charged or discharged at time t to the maximum

energy charged or discharged during each cycle. When pi
t ∈ (0, 1], it represents the

discharge of the battery, otherwise, it is charged.
From the above definitions of observed values and action values, it can be concluded

that the theoretical state transformation of the ES system is as follows:

Etheoritical
t =

 oi,ES
t−1 −

pmax × ai,ES
t × σ

υdischarge
ai,ES

t > 0

oi,ES
t−1 − pmax × ai,ES

t × σ× υcharge ai,ES
t < 0

, (14)

where σ represents the control interval of the system. υcharge, υdischarge represent the effi-
ciency of the discharging or charging of the energy.

Due to the limitation of energy storage in the ES system, the theoretical value at the
current time may differ from the actual stored energy. Therefore, the observation of the ES
system is as follows:

oi,ES
t =

min
(

Etheoretical
t , Estorage

max

)
ai,ES

t > 0

max
(

Etheoretical
t , Estorage

min

)
ai,ES

t < 0
, (15)

where Estorage
max , Estorage

min represent the upper and lower limit of the ES system.
Based on the above analysis, the reward function is designed for behaviors with

charging that exceeds the upper limit and discharging that falls below the lower limit
as follows:

ri,ES
t = µ×max

(
Etheoritical

t − Estorage
max , Estorage

min − Etheoritical
t , 0

)
, (16)

where µ is the balance coefficient used to balance the relationship between ES system
rewards and other system rewards.

2.4. System Reward

In grid-connected mode, a microgrid will interact with other microgrids on the same
bus. Therefore, the optimal scheduling of multiple microgrids should not only focus on the
development of each microgrid individually but also on the overall system optimization.

The paper presents a designed reward function that guarantees the safe and stable
operation of the bus voltage system. Each microgrid shall bear the overall system rewards
on an average basis.

ri,sys
t = −Ui,viol

t ×ρ
Nagent

,

Ui,viol
t = max

(
Ui,bus

t −Ubus
max, Ubus

min −Ui,bus
t , 0

)
,

(17)

where Ubus
max, Ubus

min represents the upper and lower limits of bus voltage under safe operation.
ρ represents a very high penalty coefficient. And Nagent represents the number of microgrids
on the same bus.
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2.5. Model Reward

Following the aforementioned analysis, the reward for individual microgrid can be
obtained as:

ri
t = ri,sys

t + ri,HVAC
t + ri,PV

t + ri,ES
t . (18)

The paper defines four rewards that hold equal significance in optimizing the system.
The reward for the whole model should comprise the summation of the rewards of each
microgrid:

rt = ∑
i∈sys

ri
t. (19)

3. Algorithm Design

To ensure that the optimal scheduling method of microgrid systems is closely tied to
environmental dynamics, this paper utilizes a model-based reinforcement learning method
for optimization. The Muzero algorithm framework, proposed by Schrittwieser et al. [36]. in
2020, has demonstrated superior performance in studying discrete action spaces. Accordingly,
this paper employs it to resolve the optimal scheduling challenge in microgrids.

As MuZero leverages Monte Carlo Tree Search (MCTS) [37] to identify optimal strategy
selection and requires discreet action values. Sinclair et al. [38] investigated the feasibility
of solving problems in continuous action spaces by discretizing the action space. This paper
discretizes the action space of the model:

xi,j
t =

(
a1, a2, . . . , aj

)
aj ∈ ai,j

t . (20)

The paper conducts the average discretization of motion space selection to ensure the
comprehensiveness and universality of motion selection.

The learning and training process of optimal scheduling strategies is grounded in the
MuZero training process, as demonstrated in Figure 3.
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Figure 3 showcases that the algorithm’s training process extensively comprises four
facets: Self-play, Replay Buffer, Trainer, and Shared Storage. The Replay Buffer functions
to hoard the game history data collated by the Self-play phase, while the Shared Storage
preserves the Trainer training model parameters. The upcoming sections of this chapter
expound upon the Self-play and Trainer components in detail.

3.1. Self-Play

The Self-play module’s importance lies in generating game data through the algo-
rithm’s interaction with the real environment, supplying data for the following model
training. Crucial to Self-play is the utilization of MCTS [37] as a strategy optimization
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technique, coupled with Representation, Prediction, and Dynamic learning function for
auxiliary simulation. The primary flow of MCTS exploration in Self-play from time t is
illustrated in Figure 4.
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The primary role of Monte Carlo Tree Search (MCTS) is to determine the most effec-
tive approach, acquire timely rewards, and evaluate the projected worth. The particular
course of action involved in identifying the optimal strategy at a given time t is depicted
in Figure 5.

Sustainability 2023, 15, x FOR PEER REVIEW 9 of 19 
 

3.1. Self-Play 
The Self-play module’s importance lies in generating game data through the 

algorithm’s interaction with the real environment, supplying data for the following model 
training. Crucial to Self-play is the utilization of MCTS [37] as a strategy optimization 
technique, coupled with Representation, Prediction, and Dynamic learning function for 
auxiliary simulation. The primary flow of MCTS exploration in Self-play from time t is 
illustrated in Figure 4. 

 
Figure 4. the Structure of MCTS. 

The primary role of Monte Carlo Tree Search (MCTS) is to determine the most 
effective approach, acquire timely rewards, and evaluate the projected worth. The 
particular course of action involved in identifying the optimal strategy at a given time t is 
depicted in Figure 5. 

 
Figure 5. the Search Process of MCTS with the Learned Model. 

MCTS utilizes the three fundamental steps of Selection, Expansion, and Backup to 
screen the optimal next node. The process will be explained in detail below. 
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MCTS utilizes the three fundamental steps of Selection, Expansion, and Backup to
screen the optimal next node. The process will be explained in detail below.

3.1.1. Selection

The selection of an action for the next node at the current node primarily employs
Upper Confidence Bound (UCB). UCB’s action selection mainly relies on the estimated
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reward garnered by selecting the action and the number of previous times the action has
been chosen:

xk = arg max
{

Q(s, x)+

P(s, x)
√

∑ N(s,y)
1+N(s,x) ×

(
c1 + log

(
∑ N(s,y)+c2+1

c2

))}
,

(21)

where Q(s, x) represents the mean predicted value that results from performing action x
in the current state. This value is primarily used to assist Monte Carlo Trees (MCTs) in
selecting actions that are expected to yield greater future rewards. The addition of further
content following the plus sign serves to expand the feasible options available for MCTs
to consider. Meanwhile, P(s, x) denotes the prior probability of selecting action x, while
c1, c2 is leveraged to ensure a balance of search tree efficiency and breadth. Consequently,
the search tree is more inclined to seek out and explore high-value nodes that have yet to
be discovered.

3.1.2. Expansion

When the simulation reaches the maximum number of steps before the game ends, a
new sub-node is expanded. The information pertaining to the new sub-node is calculated
by the presently trained policy and dynamic network. Subsequently, the reward and value
of the new node are obtained.

rm+1, sm+1 = gρ

(
sm, xm+1

)
, (22)

pm+1, vm+1 = fϑ

(
sm+1

)
, (23)

where m is the step of selecting a leaf node, and rm+1, sm+1, pm+1, vm+1 represent the reward,
state, policy and value that are calculated or estimated by the three networks. The data
is stored and subsequently subjected to a random simulation consisting of l step once
expansion has been completed.

3.1.3. Backup

The primary function of this process entails backtracking from the leaf node to the
root node of the whole process, updating the values that correspond to each node along
the way.

Q
(

sk−1, ak
)

:=
N(sk−1,ak)×Q(sk−1,ak)+Gk

N(sk−1,ak)+1
,

N
(

sk−1, ak
)

:= N
(

sk−1, ak
)
+ 1,

Gk =
m−k−1

∑
Φ=0

γΦrk+1+Φ + γm−kvm,

(24)

where Gk represents the cumulative median reward in MCTS and γ is the time loss constant.
N
(

sk−1, ak
)

represents the times that the node was selected and after passing through a

node, N
(

sk−1, ak
)

increases by 1.
The state, action strategy, reward, and value corresponding to the optimal selection

obtained from the combined search of MCTs and learned models in the actual environment
simulator will be recorded in the Replay Buffer for subsequent learning of the neural
network model.

3.2. Trainer

Given the extended duration of MCTS, it is not recommended for utilization in sce-
narios involving rapid changes within the microgrid. For this reason, a “Trainer” link
has been incorporated to facilitate reinforcement learning through deep neural network
training aimed at learning the environmental dynamics, rewards, and punishment mecha-
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nisms present in the current milieu. In total, three functions have been established, mainly
consisting of three neural networks, which are described in detail below.

3.2.1. Representation Function

The purpose of this function is to transform the observation space into a hidden
state within MuZero. This step is necessary to address the challenge posed by com-
plex observation spaces, such as Go, which has the potential to generate cumbersome
computing tasks:

s0 = hθ(ot), (25)

where s0 is the hidden state of the root node ot, θ is the weights of the representation model,
and the included neural network is an encoder network that encodes the observations
of the current state as the input into a hidden state. This model solves the problem of
increasing computational tasks due to excessive observation space.

3.2.2. Prediction Function

The model comprises two networks; the Policy network and the Value network. The
input to this model is the hidden state, which was highlighted in Section 3.2.1. The objective
of this model is to acquire the optimal strategy and expected average reward for the current
moment corresponding to the aforementioned hidden state:

pk, vk = fϑ

(
sk
)

, (26)

where ϑ represents the weight of the prediction model, while pk refers to the optimal
strategy derived from the model’s policy network, and vk represents the expected value
derived from the value network within the model.

3.2.3. Dynamic Function

This model presents an environmental dynamics simulation for the reinforcement
learning method. It calculates the hidden state at the current moment by utilizing the
previous moment’s hidden state and the current moment’s action:

rk, sk = gρ

(
sk−1, xk

)
. (27)

Training this model allows the method to acquire knowledge of the dynamic model
within the real environment, as the model serves as a transition model between hidden states.

3.2.4. Training Process

The training concept involves training three models to simulate MCTS for optimal
strategy selection, as well as simulation prediction of timely and expected rewards. Conse-
quently, this article presents the following loss function for updating parameters:

lt(θ, ϑ, ρ) =
K
∑

k=0
lP
(

πt+k, pk
t

)
+

K
∑

k=0
lV
(

zt+k, vk
t

)
+

K
∑

k=0
lR
(

ut+k, rk
t

)
+c
(
‖θ‖2 + ‖ϑ‖2 + ‖ρ‖2

)
,

(28)

where lP, lV , lR represents the loss function of the policy, value, and reward networks in the
microgrid model presented in this article. Specifically, the cross-entropy loss serves as the
loss function for the policy network, while the square error loss serves as the loss function
for the value network and reward network.

The pseudocode for parallel training of three major networks is shown in Algorithm 1.
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Algorithm 1: The Pseudocode of Trainer

Input: Game data from the self-play process, the current parameters θ, ϑ, ρ of the Representation,
Prediction and Dynamic model.
Output: The updated weight parameters of the model.
1 start
2 (25) representation function to transform the observation ot into hiden state s0
3 repeat
4 (26) prediction function to choose the action pk and estimate the value vk
5 (27) dynamic function to use the environmental dynamics and reward function to
calculate the next state sk and corresponding reward rk
6 (28) to update θ, ϑ, ρ

7 until complete a game training batch
4 end

The corresponding network structure and training process for joint parallel training of
three networks are shown in Figure 6.
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4. Simulation Results

The simulation verification implementation can be bifurcated into two vital stages,
namely parameter setting and results presentation. In Section 3.1 of this article, the
article will lay down the model’s parameters, whereas Section 3.2 will highlight the
simulation results.

4.1. Model and Neural Network Parameter Design

Based on the aforementioned analysis, the parameters may be applied to the Microgrid
Scheduling Model, the Reinforcement Learning Algorithm, and the neural network structure.
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4.1.1. Microgrid Scheduling Model Parameters

To begin with, an environmental simulator should be constructed to simulate the
operation model of microgrids as outlined in Section 2. The pertinent parameters regarding
the model discussed in Section 2 are listed in Table 2.

Table 2. Parameters of the Environmental Simulator.

Parameters Value Parameters Value

Tci,low
t 22 α 0.2

Tci,high
t 28 β 2

f i,j
min(j = 1, 2, 3, 4) 0.22 pmax 15

f i,j
max(j = 1, 2, 3, 4) 2.2 σ 0.083

f i,j
min(j = 5) 0.32 ρ 10,000

f i,j
max(j = 5) 3.2 vdischarge 0.95

Tdi
min 10 vcharge 0.9

Tdi
max 16 Estorage

min 3
Ubus

min 0.95 Estorage
max 50

Ubus
max 1.05

Where Tci,low
t , Tci,high

t represent the default value of the comfort temperature set, which
may vary over time, and Ubus

min, Ubus
max denote the upper and lower limits of the bus voltage

following normalization.

4.1.2. Reinforcement Learning Algorithm Parameters

The reinforcement learning algorithm based on the MuZero framework, as discussed
in Section 3, is devised, and the parameters related to training as specified in the same
section can be found in Table 3.

Table 3. Parameters of the Reinforcement Learning Algorithm.

Parameters Value Parameters Value

c1 1.25 Policy channels 32
c2 19,625 Value channels 2
m 300 Reward channels 2
l 20 Dynamic layers 16

Learning-rate 0.02 Policy layers 128
Encoding size 8 Value layers 16

Learning-decay 0.9 Reward layers 16
Training steps 1000 Optimizer Adam

Channels 32 Batch size 128

4.1.3. Neural Network Parameters

As per the learning model structure laid out in Section 3, the Representation, Predic-
tion, and Dynamic learning networks are entirely interconnected internally. The detailed
structure of the fully-connected network can be found in Table 4.

4.2. Result

The operation of microgrids can be bifurcated into two modes, namely islanded
operation and grid-connected operation. The fundamental difference between these two
modes lies in their connection to other microgrids. This paper comprehensively analyzes
and simulates the results of both modes under the purview of the reinforcement learning
method. To facilitate the operation of the reinforcement learning algorithm, we correct the
reward to the absolute value of the reciprocal of the original reward.
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Table 4. Structure of the Fully-connected Layer in Learning Neural Network.

Model Network Layer Information

Representation Encode
Linear Input: observation space

Output: encoding size
Identity /

Prediction

Policy

Linear Input: encoding size
Output: policy channels

ELU α = 1.0

Linear Input: policy channels
Output: action space + encoding size

Identity /

Value

Linear Input: encoding size
Output: 16

ELU α = 1.0

Linear Input: 16
Output: 9

Identity /

Dynamic

Encode state

Linear Input: action space + channels
Output: 16

ELU α = 1.0

Linear Input: 16
Output: 8

Identity /

Reward

Linear Input: encoding size
Output: 16

ELU α = 1.0

Linear Input: 16
Output: 9

Identity /

4.2.1. Islanded Operation

The “Islanded operation” pertains to a singular microgrid located on a bus, which
can function independently and sustain itself with its electrical energy. This paper sets the
number of microgrids in electrical models i = 1 in the islanded operation situation. In the
islanded operation mode, the bus’s rewards are exclusively allocated to only the microgrid.
To begin with, we scrutinize the performance of the method in the given environment,
which is highlighted in Figure 7.
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It can be seen in the figure that (a) is represented by the optimization of the algorithm
for the timely reward of the model, because the specific situation of each period in the energy
environment is different, so it is mainly based on the long-term stable operation of the
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microgrid, rather than the acquisition of timely reward (b) indicates that the algorithm for
the average expected reward, which can be seen from the figure has converged, representing
that the value path optimization of the algorithm for the microgrid optimization scheduling
problem has been completed.

Subsequently, the training for environmental cognition primarily encompasses learn-
ing across the three networks, namely policy, reward, and value. The optimization of the
loss values can be observed in Figure 8.
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Based on the observations illustrated in Figure 8c,d, the loss values for both the Value
and Reward networks have decreased to a value within 1. This development suggests
that MESA has gained a precise comprehension of the environmental timely rewards and
expected average values. However, the loss values for the policy network are gradually
converging but are still comparatively high. This outcome could be due to the present level
of discretization, which fails to converge to the minimum value. At the same time, due to
the improvement in discretization level, the action space has increased, and the probability
of encountering two actions with expected values equal to the immediate reward has
increased. Additionally, the loss of the policy network has tended to converge, indicating
that the results are acceptably good.

4.2.2. Grid-Connected Operation

In contrast to islanded microgrids, grid-connected microgrids necessitate comprehen-
sive consideration of not just their self-sufficiency but the optimal functioning of multi-
microgrids. In this study, is designated, and the cumulative reward is determined by
averaging the system reward of each microgrid. The obtained outcome is then juxtaposed
with the results obtained in the case of islanded operation, as manifested in Figure 9.
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Figure 9a,b demonstrate that the timely rewards and expected average optimization of
grid-connected operations surpass those of islanded operations according to IEEE standards.
The interaction between microgrids after grid connection enhances their stability, thereby
confirming the efficacy of the algorithm in the optimal scheduling of grid-connected
operations. It is important to note, however, that the increased complexity of the model
leads to slower updates of parameter loss values for the three main strategy networks
during grid-connected operations, as seen in Figure 9c–f.

5. Conclusions

In this paper, we thoroughly examined the optimal scheduling problem of microgrids,
inclusive of clean energy, and this paper utilizes a model-based reinforcement learning algorithm
to resolve the optimal scheduling dilemma of microgrids. The proposed method can effectively
acquire the microgrid’s operational model through the self-play process of the three learning
functions, namely MCTs, Representation, Prediction, and Dynamic. Moreover, it optimizes the
operation strategy by updating the learning network’s parameters during the self-play process
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via game data accumulation and reward function optimization, thereby reducing computational
tasks and augmenting the strategy’s robustness and adaptability. By establishing a microgrid
environment simulator encompassing HVAC, PV, and ES systems, we substantiated that the
proposed model-based reinforcement learning method can be successfully adopted for both
microgrid island and grid-connected operation modes. The simulation result demonstrates the
algorithm proposed is effective for the optimization scheduling of the microgrid system. The
convergence of the loss of the value and reward network demonstrates that the algorithm is
highly efficient in learning high-value actions in the environment. The reason why the policy
network converges to a higher value is that the action space is large, and there are approximate
high-value actions that can be chosen.
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