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ABSTRACT

Microgrid technology is a key solution to improve distributed power consumption,
complementary utilization of multiple energy sources, and power supply reliability. To
guarantee the reliability of the microgrid system, a realistic strategy must be created.
This work takes the microgrid as an object and uses simulation technology to
construct a microgrid system. Then, using this simulation system and the double deep
Q-learning, the goal is to minimize the 24-hour electricity consumption cost from the
external power grid to meet the requirements of voltage deviation. Power balancing
and energy storage loads for microgrid systems. Under the constraints of the electrical
state and other constraints, the control variable is the energy storage's capacity for
charging and discharging, and the optimization strategy of energy storage control is
obtained through training. The results demonstrate that the DDQN algorithm will save
26.95% of the electricity purchase cost, which is significantly more than the MPPT
algorithm's 12.43% savings. As a result, this work examines the efficacy of the
charging and releasing approach for energy storage and confirms the potential of the
suggested approach to reduce the cost of purchasing electricity.

KEYWORDS

Deep reinforcement learning; DDQN; Microgrid technology; Optimization strategy;
Electricity

PAPER INDEX

ABSTRACT

KEYWORDS

1. INTRODUCTION

2. SYSTEM MODEL
2.1. Microgrid Components
2.2. Deep reinforcement learning algorithm

3. RESULTS AND DISCUSSION
3.1. Network Settings
3.2. Numerical results

4. CONCLUSION

REFERENCES

https://doi.org/10.17993/3cemp.2023.120151.37-49



39

Investigaciéon y pensamiento critico. ISSN: 2254-3376 Ed.511ss12 N.1

1. INTRODUCTION

The power system's development of the energy structure has advanced
significantly in recent years toward a clean and sustainable development due to the
widespread availability of renewable energy. Because of structural changes on the
energy supply side and the 2030 carbon peaking target, the amount of renewable
energy in the power grid will increase even more[1]. The grid-connected use of large-
scale renewable energy is faced with a significant problem because distributed
renewable energy is highly volatile and intermittent due to the influence of natural
factors [2]. A microgrid is a compact power generation [3]. Configuring an energy
storage device is important to preserve the microgrid's power balance and lessen the
effect that distributed energy output uncertainty has on the microgrid. A typical
microgrid so typically consists of a variety of power-producing equipment, energy
storage devices, loads, and other components [4]. At present, there are many studies
on the microgrid, and the energy storage control strategy has attracted much attention
as a hot spot for optimal regulation of energy dispatch.

Microgrid scheduling is a popular topic in research connected to microgrids and is a
crucial tool for ensuring the safe, dependable, and cost-effective operation of
microgrids [5]. Traditional microgrid optimization scheduling is usually based on
optimization theories and methods. First, each component in the microgrid is
modeled, then the model is simplified and processed, and finally, the model is solved
by researching the related solution algorithm. Typically, the model's primary goal is to
minimize operational costs, and there are also related studies that comprehensively
consider the economic, environmental, and social benefits to establish a multi-
objective optimization model [6]. Commonly used model modeling methods include
mixed integer programming [7, 8], dynamic programming [9], model predictive control
[10, 11], distributed optimization [12], Lyapunov optimization, etc.; commonly used
model solving algorithms include Genetic algorithm [13, 14], particle swarm algorithm
[15, 16], active evolution algorithm [17], Lagrangian relaxation method, etc.

The uncertainty of microgrid operation has greatly increased during the past few
years because of the rising number of renewable energy sources. The common
solution to such problems is to convert uncertain problems into deterministic problems
for modeling and solving, mainly including scene-based stochastic optimization[18],
Opportunity Constrained Optimization [19], Robust optimization [20], etc. However,
these methods all have certain limitations, which are mainly reflected in: the refined
modeling of each component of the microgrid is difficult, and the simplified model is
difficult to describe the physical characteristics of the actual operation of the
components, resulting in the optimization results may be sub-optimal; the established
model It is generally nonlinear and non-convex, and its solution is a typical non-
deterministic polynomial problem, and the solution efficiency is low; the establishment
of the model needs to be completed according to the topology structure and operation
mode, and the adaptability to the change of topology structure and the access of new
power equipment Not strong; the pre-planned control based on "offline calculation and
online matching" is difficult to adapt to complex and changeable system conditions.
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Artificial intelligence has developed rapidly in recent years. As a typical timing
control problem, the microgrid energy control problem conforms to the deep
reinforcement learning solution framework, and there are many outstanding works at
present. Hua et al. [21] used a deep learning algorithm with asynchronous advantages
to solve the multi-microgrid energy dispatch control problem. Zhang et al. [22] gave
the composite energy storage coordination control strategy of the microgrid through
the deep reinforcement learning algorithm. Liu et al. [23] established a microgrid
framework model based on energy buses and compared the advantages of a deep Q-
learning algorithm in energy scheduling control problems compared with the heuristic
algorithm. Du et al. [24] gave retail pricing strategies through Monte Carlo
reinforcement learning algorithms to reduce the demand-side peak ratio and protect
user privacy. Mocanu et al.[25] explored the use of deep learning to refine the usability
of building energy management systems in a smart grid environment and was
successfully validated on a large database.

When addressing the energy storage charging and releasing control technique with
deep learning, in contrast to prior work, the training data is real-time data occurring
while the microgrid simulation environment is running. By adding state information
about voltage, current, phase angle, and other state information in the simulation
environment to achieve a simulation that is closer to the real state, the results are
more reliable. This paper firstly presents the composition of the microgrid objects
studied, and then mainly introduces the deep reinforcement learning algorithm
framework used and its application process in the energy storage control problem.
Finally, the comparison with the existing method illustrates the usefulness of the
algorithm flow in this research.

2. SYSTEM MODEL

2.1. MICROGRID COMPONENTS

A significant component of distributed energy in the microgrid system is
photovoltaic power generation. The photovoltaic power can be given by equation (1)

By (t)=R(t)SnPV (1)

S is the area of the placed solar panels, and R(t) is the amount of solar radiation at
time t, expressed in W/m2. The power of photovoltaic energy generation at time t is

calculated by multiplying the solar radiation power by the conversion efficiency #py,
which is the product of the solar radiation power and the panel area.

The battery is a popular kind of high-efficiency energy storage, and its internal
energy state satisfies the equation (2)

Ebat (t) = Ebat (t - 1)+ Bmt (t )72‘ (2)
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P,,(t) is the battery's charging and discharging capacity at time t; At is the time
interval between two charging and discharging operations.

Load. Load is the general term for the part that consumes electric energy in a
microgrid system. For a fixed microgrid system, the load demand is determined by the
local climate environment and the properties of the microgrid, so it is usually not
adjustable. In the energy scheduling problem in this paper, the load curve is input to
the microgrid as a fixed quantity. network system.

The external power supply used in this paper is replaced by the three-phase AC
power supply module that comes with Simulink. The parameter settings of the module
need to be given according to the actual simulation requirements. Then, it is
connected with the internal module of the microgrid system through the varistor
module to provide the required power for the system. In this study, a microgrid system
that uses grid connectivity is taken into account. The three-phase dynamic load is also
used to produce the PQ control effect since the energy storage system model that
needs to be developed can be modified. In the simulation experiment, due to the
randomness of the load, the microgrid load usually consists of two parts, one of which
is a variable load and the other is a fixed load, which is directly acted by the
resistance module in Simulink in the simulation model. The simulation modules of
each distributed energy source are regulated by the PQ control strategy to guarantee
the stability and controllability of the interaction between the microgrid system and the
external power. Based on the simulation model, this paper conducts deep
reinforcement learning training. As a result, the energy storage system's charging and
releasing control approach is optimized. Compared to traditional reinforcement
learning training based on mathematical formulas, the influence of more abundant
state variables on the control objective can be comprehensively considered.

2.2. DEEP REINFORCEMENT LEARNING ALGORITHM

Reinforcement learning is aimed at maximizing the expected return. The mapping
relationship between the environment's state variable and the agent's action variable
is discovered through the agent and the environment's ongoing interaction. The agent
provides an optimized action policy. Deep reinforcement learning uses deep neural
networks to create a correspondence between state variables and action variables.
Due to the powerful expressive ability of deep neural networks, deep reinforcement
learning can deal with more complex and practical policy decision-making problems.
In the disciplines of optimum control, robot control, and autonomous driving, deep
reinforcement learning has made significant strides in recent years. Deep
reinforcement learning is derived from MDP. The traditional MDP process consists of 4
elements, consisting of (S, A, R, p), which stand for the set of environmental
conditions, the set of actions the agent is capable of taking, the reward function, and
the policy set, respectively.

Solving algorithms for reinforcement learning optimization strategies includes three
categories: value function-based solutions, policy gradient-based solutions, and
search and supervision-based solutions [26]. This paper focuses on the solution

Al https://doi.org/10.17993/3cemp.2023.120151.37-49



42

Investigaciéon y pensamiento critico. ISSN: 2254-3376 Ed.511ss12 N.1

method based on the value function. Among them, the dynamic programming
algorithm is suitable for solving the situation with models and dimensions. The Monte
Carlo technique has the drawback of requiring entire state sequences, which is
challenging in many systems. Without the entire state sequence, the time series
difference approach can estimate the value function. The classic time series
difference methods include the SARSA and the Q-Learning algorithm. Both
approaches keep a Q-table to address tiny reinforcement. The size of the Q-table that
needs to be kept increases when the state and action spaces are continuous or
discrete at very large scales, which will bring difficulties to storage. However, the
development of deep neural networks has solved this problem. Using a deep neural
network instead of Q-table results in a deep reinforcement learning algorithm that is
more suitable for complex problems. A typical algorithm is the deep Q-Learning (deep
Q network, DQN) algorithm.

The Q-Learning algorithm is responsible for formula-based updates to the defined
Q function (3).

0(5,4)=0(S,4)+a (R+ymaxQ(S',a)-0(S,4)) 3)

Q(S’A)is a function of action value; a is the learning rate. When the update
formula converges, the optimal control strategy for reinforcement learning can be

obtained.
00541 )

Formula (3) is then used to determine the current goal Q value, and the Q network
updates the parameter w of the neural network.

DQN replaces the Q function in Q-Learning with a deep neural networ

The DDQN algorithm is based on DQN with two improvements. The first is to

introduce two networks, one is the target network 0 (S’A’ )to calculate the target Q

value, and the other is the update network Q(S’A| )to update the Q value, which
can reduce the Dependencies between small target Q-values and updated network

parameters. The target network has the same structure as the Q-value network, and
the timing is synchronized with the parameters from the Q-value network.

The second is to decouple the action selection of the target Q and the calculation
process of the target Q in the target formula (3), thereby reducing the overestimation
caused by the greedy algorithm. The specific method is that when calculating the
target Q, the maximum Q corresponding to the action is no longer found in the target
Q network, but the action corresponding to the maximum Q value is first found in the
update network:

@s'| )=argmax, 0(S 4 ) )

Then use this action @g | ) to calculate the target Q value:
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|

0 =R+y0'(S, @'l ) 5)

Through the above two improvements, the DDQN algorithm solves the strong
dependence and overestimation problems of the traditional DQN algorithm, and other
algorithm processes are the same as DQN.

3. RESULTS AND DISCUSSION

3.1. NETWORK SETTINGS

The implementation of the DDQN algorithm in solving the microgrid energy storage
control problem is demonstrated in this part, along with a comparison to the MPPT
control to demonstrate the efficacy of the DDQN method.

To speed up the simulation speed, in the simulation experiment verification, this
paper does not consider other distributed generation modules such as wind power
generation.

The upper and lower bound constraints in constraint (8) are set as:

P = _4x10°W, P"™ =4x10°W S™" =0.19 S" =(.85

bat bat soc soc

Another important setting is the setting of the Q-value estimation neural network in
the DDQN algorithm. According to experience and continuous debugging and
verification, the neural network used in this paper is a fully connected layer with 4
layers and 24 nodes, and the relu function is employed as the middle layer activation
function.

3.2. NUMERICAL RESULTS

When training the DDQN algorithm, it is necessary to normalize each component of
the state variable and then substitute it into the target network of DDQN for training.
Given that the control objective of this paper is to reduce the cost of purchasing
electricity, this paper multiplies the electricity price state variable by a 2-fold
amplification factor during training to increase the impact of electricity price
fluctuations on the control objective. The training time step is 300s, so a training cycle
is 288 steps. The results of this experiment were obtained under 100,000 training
cycles (Table 1).

Table 1. Hyperparameter settings for target network training

Hyperparameter value
Batch size 300
Learning rate 0.001
No. of training epochs 100000
No. of layers 4

https://doi.org/10.17993/3cemp.2023.120151.37-49
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No. of neurons 24

Optimization Adaptive Moment Estimation (Adam)

Combined with the real-time electricity price table in Fig.1, it can be seen that in 24
hours, the electricity price from 16 to 21 hours is the highest, followed by the electricity
price from 5 to 6 hours. The energy storage charging and discharging strategy
obtained by the DDQN algorithm is, between 0 and 2h, when the photovoltaic power
generation does not work, the energy storage is discharged first, from 50% to below
20%, after the SOC of the energy storage reaches the lower limit, the External grid
power generation. The energy storage begins to charge around 7 to 11 hours after the
photovoltaic system starts to produce power, at which point any excess power is
stored and the SOC rises from 20% to roughly 80%. The energy storage will stop
working after being fully charged between 11 and 17 hours, and the excess
photovoltaic power generation will be fed back to the external power grid. Then at a
peak time of electricity consumption from 17 to 22 hours, when the electricity price
increases, the cost of electricity increases, the energy storage is discharged during
this period for the use of the microgrid load, and the SOC of the energy storage at this
time is similar to that at 5 hours. level, that is, below 20%. In summary, this control
strategy is to store solar energy during the day for use at night, to achieve the purpose
of saving electricity purchase costs. Therefore, logically, this control strategy is
reasonable. Compared with the control strategy obtained by the DDQN algorithm, the
control strategy obtained by the DQN algorithm in the same training period is to
discharge the energy storage in 0-1h, and then the energy storage has been in an idle
state until about 14h to start charging the energy storage, and the same charging To a
similar level to DDQN, that is, the SOC is about 80%, and when the price of electricity
starts to increase in 18 hours, the energy storage is then released. The data results
showed that the control strategy obtained by the DDQN algorithm, compared with the
DQN algorithm, considers the power consumption characteristics at different times in
more detail, and allocates the charge and discharge capacity more reasonably, thus
achieving a better control effect than the DQN algorithm.

https://doi.org/10.17993/3cemp.2023.120151.37-49
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Fig.1 Comparison of energy storage SOC and real-time electricity price

The previous results give a qualitative analysis of the energy storage control
strategy, and Fig. 2 and Table 2 give quantitative data results to illustrate that the
control strategy trained by the DDQN algorithm is more optimized than the traditional
control method and the DQN algorithm. The traditional MPPT control based on
photovoltaic power generation is a simple state machine control method, that is, it
judges the positive or negative power difference between the load and the power in
the microgrid, and when the energy storage meets the given SOC state, according to
the photovoltaic maximum power tracking principle. It is possible to obtain the energy
storage's charging and discharging power. See the literature [27] for more information
on the specific algorithm process.

Fig. 2 and Table 2 show the purchased electricity and the corresponding expenses
in different situations. For the case without energy storage, when the electricity
purchased is 4344.6 kWh, the cost is $840.1; for the MPPT control method, when the
electricity purchased is 4003.6 kWh, the cost is $735.7; for the DQN control method,
when the electricity purchased for 3833.5 kWh, the cost is $626.9; for the DDQN

https://doi.org/10.17993/3cemp.2023.120151.37-49
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control method, when the purchased electricity is 3762.4 kWh, the cost is $613.7.
From the data in Fig. 2 and Table 2, compared with the MPPT algorithm, the control
strategy obtained by the reinforcement learning algorithm training saves the electricity
purchase cost, and under the same training period, the DDQN algorithm is cheaper
than the DQN algorithm[28-29]. Compared with the microgrid operation without
energy storage, the DDQN algorithm will save 26.95% of the electricity purchase cost,
which is much greater than 12.43% of the MPPT algorithm, which fully demonstrates
the effectiveness of the DDQN algorithm.

1000

500

Electricity purchased cost / ($)

0 4 8 12 16 20 24

Time/h
4000
MTTP
—— DDQN

No energy storage

—— DQN
2000 -

Electricity purchased / (kW.h)

16 20 24

Fig 2. Comparison results of DDQN, DQN, MPPT, and no energy storage.
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Table 2 Data results for DDQN, DQN, MPPT, and no energy storage

Method Electricity purchased/(kW.h) Cost/$
No energy storage 4344.6 840.1
MPPT 4003.6 735.7
DQN 3833.5 626.9
DDQN 3762.4 613.7

4. CONCLUSION

This research presents an optimum method for the microgrid energy storage
control problem based on the simulation model and the deep learning algorithm. The
specific conclusions of this study are as includes:

(1) Due to the advantages of deep reinforcement learning in solving model-free
problems, this study does not need to know the link between the control objectives,
control variables, and state information of grid-connected microgrids. The Q-value
function approximated by the neural network can be trained to identify the correlation
between the control goal and the state variables using the micro-state network's data.

(2) In the same operation cycle, the energy storage discharge time of the control
strategy of the DQN algorithm is 0-1h and 18-22h, while the discharge time of DDQN
is 0-2h and 17-22h. The data results demonstrated that the DDQN algorithm's control
strategy effect is superior to that of the DQN algorithm.

(3) The results of numerical verification show that the DDQN algorithm will save
26.95% of the electricity purchase cost, which is much greater than 12.43% of the
MPPT algorithm, which fully demonstrates the effectiveness of the DDQN algorithm.
The method proposed can be extended to a variety of microgrid energy control
scenarios, such as adding or deleting different distributed generation modules in the
simulation model, changing different control objectives, setting different control
variables, and so on.
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