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Abstract—The rapid response of reactive power compensation
is crucial to guarantee the stable operation of energy Internet (EI)
with variable loads and distributed power generations. Therefore,
this paper proposes an intelligent approach for reactive power
optimization in EI based on graph convolutional networks (GCN)
and deep Q-learning (DQN). With the adjacency matrix that
represents topology of EI, the GCN in the proposed approach
fuses the monitoring data of EI nodes for a comprehensive
feature extraction. Furthermore, reactive power optimization of
EI during voltage sag is solved by DQN method in which GCN
is used as the Q network. Thus, the optimized output of reactive
power compensation device can be put into EI to ensure the
voltage stability. The case study on the simulation data of an EI
system that considers photovoltaic and battery storage system
verifies the effectiveness of the proposed approach. The result
shows that the proposed approach achieves fast response to the
faults and sudden increase of load in EI, and gives more accurate
reactive power compensation than the common control method
of reactive power compensation device.

Index Terms—Deep Q-learning, energy Internet, graph convo-
lutional networks, microgrid, reactive power.

I. INTRODUCTION

THE research on EI has been developed rapidly in recent
years, as EI can absorb distributed energy resources

and achieve effective energy management. The increase of
distributed energy brings EI more prone to voltage stability
problem with the variety of power generations and random
loads, which results in voltage stability management to be an
important aspect of EI protection [1]. The voltage instability
in EI may lead to large-scale power system blackouts, which
cause huge economic losses.

In the actual power system, reactive power compensation
devices such as static var compensator and static var generator
are usually used for the optimal control of reactive power.
These devices often use the feedback control method to
determine the reactive power compensation according to the
deviation of bus voltage. It is effective to deal with not serious
voltage instability, but it can not respond in time in the face
of fault conditions that will cause a sharp voltage sag [2].
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Due to the informatization and intellectualization of EI,
the collected abundant data needs to be fully utilized in
guaranteeing the safe operation of EI. Based on the collected
real-time data, the voltage stability in EI can be transformed
into an optimal control problem [3]. The optimal control
value can be obtained by solving equations [2], [4] or using
heuristic algorithms [5]. However, in the face of the changing
parameters in EI, the calculation of these methods is not quick
enough, and may fall into local extremum, which results in the
optimal solution can not be obtained.

With the rapid development of artificial intelligence methods
in recent years, deep learning has been applied in many
power system control problems, such as fault detection [6],
energy management [7] and renewable energy storage [8].
However, the aforementioned deep learning methods that only
combine the information in EI as deep learning input are
totally data-driven. The topology information that serves as
domain knowledge of EI has not been considered properly,
which results in the poor robustness of deep learning methods,
especially under variable power generations in EI. The EI
topology indicates the interconnection between the nodes and
facilitates the precise determination of the required reactive
power compensation.

With the topology, the information of EI can be regarded
as data with graph structure. Motivated by applying convolu-
tional neural networks (CNN) that has been successfully and
widely used in computer vision to data with graph structure,
graph convolutional networks (GCN) is proposed by defining
convolution operations on a graph [9] with the adjacency
matrix. Recently, GCN has been successfully applied and
shows advantages than CNN in many fields such as traffic
prediction [10] and virtual network embedding [11].

Therefore, to make full use of the informatization of EI
and domain knowledge, GCN is introduced to the reactive
power optimization during fault conditions in this paper. A
novel reactive power optimization approach is proposed for
voltage stability based on GCN and deep Q-learning (DQN).
With the EI topology represented by the adjacency matrix
and graph convolution operation in GCN, the features in



the real time data of EI nodes and its adjacent nodes are
extracted and fused. Then the action of reactive power input
with the largest Q value is selected as the optimized reactive
power compensation. The main contributions in this paper are
summarized as follows:

1) For the first, GCN is introduced to reactive power
optimization of EI in this paper. By considering EI
topology, GCN achieves comprehensive feature fusion
of EI information with the graph convolution operation.

2) To obtain the optimized output of reactive power com-
pensation device, GCN is first combined with DQN.
The voltage stability and reactive power output are
considered in Q function simultaneously.

3) The case study on an EI system shows that the proposed
method achieves better voltage stability and accurate
reactive power compensation during voltage sag than the
state-of-the-art methods based on deep learning.

The rest of the paper is organized as follows. Section II
presents the basic principles of GCN and DQN. Section III
introduces the proposed reactive power optimization approach
for EI. Section IV verifies the proposed approach on the
simulation data of an EI system. Section V concludes the
paper.

II. PRELIMINARIES

A. Graph Convolutional Networks

In recent years, with the strong feature extraction ability
of convolution kernels, CNN has been successfully applied
in many fields [12], [13]. However, the information with
graph structure are common in our daily life, such as Internet,
transportation network and power grid, the topology of which
is significant for the state awareness of the system. Considering
the multiple nodes interconnected in EI, the information of
EI nodes is in a form of graph structure. Therefore, GCN
is introduced to accomplish accurate feature extraction of EI
information.

Aiming at applying convolution operation on graph struc-
tured data, GCN is proposed by deriving graph convolution
operation with adjacency matrix [14]. Considering an undi-
rected graph G = (V, E) with N nodes vi ∈ V , K edges
(vi, vj) ∈ E . An adjacency matrix A ∈ RN×N is constructed
to indicate the topology, and a degree matrix Dii =

∑
j Ai,j is

constructed to indicate the degree of nodes. Then a normalized
Laplacian matrix L of the graph is obtained by combining A
and D [15]:

L = D−
1
2 (D −A)D−

1
2 = UΛUT (1)

where Λ is the matrix composed of eigenvalues of L, U is the
matrix of eigenvectors, and T is matrix transposition.

Then graph convolution operation is defined by:

y = σ
(
Ugθ(Λ)UTx

)
(2)

where y is the output features of nodes, gθ is the graph con-
volutional kernels. gθ(Λ) represents the convolution operation

of gθ on Λ. x is the input node features, σ(·) is the activation
function.

As L only represents the relationship between directly
connected nodes, to extract the features of adjacent nodes with
a larger distance, a Chebyshev polynomial is applied to Λ by
[15]:

gθ(Λ) =

k−1∑
0

βkTk(Λ̃) (3)

where Tk(·) is the k-th order Chebyshev polynomial, βk
is the convolutional kernels for k-th order features, Λ̃ =
2Λ/λmax − I is the rescaled Λ since Tk(·) needs the input
between [−1, 1]. λmax is the maximum of Λ, and I is the
identity matrix. Therefore, we can derive the final formula of
a graph convolutional layer by:

y = σ
(
U

k−1∑
0

βkTk(Λ̃)UTx
)

= σ
( k−1∑

0

βkTk(L̃)x
)

(4)

where L̃ = 2L/λmax − I is the rescaled L.
As shown in Fig. 1, a complete GCN has multiple stacked

graph convolutional layers to obtain the final features of nodes.
xi, yi and oi are the input, hidden and output features of
the ith node, respectively. After each graph convolution layer,
the features of each node are updated by combining the
information of adjacent nodes. Finally, fully connected layers
are constructed to accomplish target tasks such as classification
and regression.

Fig. 1: Structure of GCN.

B. Deep Q-learning

Reinforcement learning is a method to solve decision-
making or optimization problems, in which agents learn by
trial and error and interact with the environment to get
the maximum reward. The common model of reinforcement
learning is the Markov decision process, which consists of a
set of states s and actions a. State and reward r only depend
on the state and action of the previous time step.

When deep learning is introduced into reinforcement learn-
ing, DQN is first proposed as a value based reinforcement



learning method [16]. DQN learns how to evaluate the current
state, and then selects the best action according to the Q value.
The main process of DQN is as follows:

1) Get the state s from environment. Use s as the input of
Q network to obtain the Q value for each action a.

2) Choose the action should be taken using ε − greedy
algorithm: a = argmax(Q(s, θ)).

3) Perform action a in the environment. The environment
transit to the next state s′ and return the reward r.

4) Save the sequence < s, a, r, s′ > into the replay mem-
ory.

5) Repeat 1) to 4) and obtain enough replay data.
6) Sample a batch data from replay memory and train the

Q network. The loss during the training is calculated by:
loss = (r + γmaxa′Q(s′, a′; θ)−Q(s, a; θ))2.

where θ is the parameters of Q network, and γ is the
accumulation coefficient. After the training with replay data,
the Q network is able to obtain the action with the largest
reward based on the perception of the environment.

III. THE PROPOSED REACTIVE POWER OPTIMIZATION
APPROACH FOR VOLTAGE STABILITY IN EI

Based on the power grid architecture, energy Internet in-
tegrates information and power electronics technologies to
connect a number of distributed generators with renewable
energy and energy storage devices to power grid. Meanwhile,
information acquisition devices are placed at each node to
collect real-time data, which forms the information flow of
EI. However, the variability of renewable energy brings great
difficulties on the efficient utilization and balance of supply
and demand to EI. At the same time, as EI advocates local
consumption, the local microgrid should not only be integrated
into the main power grid, but also operate in isolated island.

Fig. 2: Structure of a local microgrid in EI.

As shown in Fig.2, the photovoltaic power source, battery
energy storage devices and two variable loads are connected
to the main bus of the EI system. In the local consumption,
there will be voltage stability problems, which affects the
reliability of the system operation. When a large disturbance
or a fault occurs in EI, transient voltage stability problems
such as voltage sag may occur in the local network which
is not robust. How to reasonably configure reactive power
compensation after the voltage sag is the main problem to
be solved in this paper.

To solve the problem, based on GCN and DQN, a novel re-
active power compensation optimization approach is proposed
for the voltage stability in EI during the voltage sag. Fig.3
shows the flow chart of the proposed approach, and the detail
steps of the proposed approach are described as follows:

Fig. 3: Flow chart of the proposed approach.

1) Construction of EI Model: As the training of DQN uses
a trail and error method, it is difficult to perform totally online
training. Therefore, in addition to the data collected in the
actual EI system, numerical simulation is needed to obtain
more interactive data between reactive power compensation
device and EI system. With the collected field data of EI nodes
as initial power flow data, disturbances and faults are injected
to the EI model to simulate the voltage sag in EI system.

2) Acquisition of EI State: For the optimized output of
reactive power compensation device, it is necessary to obtain
the complete information of the voltage sag. The monitoring
data of all EI nodes, which consist of active power, reactive
power, frequency and three-phase voltages of each node during
a certain period with T samples, are combined into a matrix
S ∈ RN×T×6 as the state of EI system. In this paper, T is
set as 60 with a sampling rate of 100Hz, which includes the
monitoring data from 0.3 second before to 0.3 second after
the occurrence of voltage sag.

3) Construction of Q network and Reward Function: With
the advantage in considering the topology of EI, GCN is used
as the Q network in the proposed approach. In GCN, the order
of Chebyshev polynomial is set to 3, since the relationship
between nodes with a large distance is weak. Number of graph
convolutional layers is set to 2, which refers to [14]. Two fully
connected layers is added after graph convolutional layers. The
output size of GCN is equal to the number of actions.

Reward function in DQN is used to evaluate the state
of environment after the action is executed. For evaluation
of voltage stability, firstly, the voltages of nodes should be
higher than 0.8 pu. Secondly, considering the loss of reactive
power compensation device, the output of reactive power
compensation device is added as a penalty in the reward
function. The reward function in the proposed approach is



defined as:

R =
1

N

N∑
i

sgn(U − 0.8)× (1−∆U)− αOrec (5)

where sgn() is the signum function, U is line voltage of nodes,
∆U is the absolute value between U and 1 pu, Orec is the
output of reactive power compensation device, and α is a
weight coefficient.

4) Offline Training: During the training of the DQN model,
the EI model act as the environment that perform state
transition to obtain the new state and the reward according to
5. GCN gives the optimized action with EI state as input. To
obtain an accurate and robust model, the detail training process
of the DQN model based on GCN is shown in Algorithm 1.

Algorithm 1 Training Process of DQN Model for Voltage
Stability in EI.

1: Obtain the active and reactive power data of actual EI
nodes with m samples.

2: for i ∈ 1, 2, ...,m do
3: With the i-th sample as the initial power flow of

EI, simulate n voltage sag conditions by injecting dis-
turbances and faults.

4: Sample the EI state during voltage sag as s.
5: end for
6: repeat
7: for k ∈ 1, 2, ...,mn do
8: Use the EI state sk as the input of GCN to obtain
Q(s; θ) for all action.

9: Choose the action a by: a = argmax(Q(s, θ)).
10: Eexecute action a in EI environment and obtain

the state s′ and reward r.
11: Save < s, a, r, s′ > into replay memory.
12: end for
13: Sample data batches that include < s, a, r > from

replay memory.
14: Use the EI state s as the input of GCN to obtain

Q(s, a; θ) for action a.
15: Calculate the loss for action a: loss = (r −

Q(s, a; θ))2.
16: Carry out back propagation using Adam optimizer for

all batches to update GCN parameters.
17: until loss < lossend

5) Online Implementation: The trained DQN model is
implemented to online reactive power compensation with the
EI state from monitoring data as input. If a voltage sag is
detected, the DQN model give the optimized output of reactive
power compensation device to ensure voltage stability of EI.

IV. NUMERICAL SIMULATION AND RESULTS

In this section, the effectiveness of the proposed approach is
evaluated on an EI system. Moreover, the comparison with the
state-of-the-art methods is carried out to show the superiority
of the proposed approach.

A. EI Simulation

Based on the structure shown in Fig. 2, the simulation model
of the EI system is constructed using PSD/BPA software. The
EI system operates at 5 kV, 50 Hz. Photovoltaic power source
(PV) is 1.0 MV and battery storage system (BES) is 0.5
MV. Load 1 and Load 2 are ZIP loads with different power
curves and factors. The reactive power compensation device
is installed on the main bus. Fig. 4 shows the power curves of
DGs and loads used in the case study, which are with dynamic
changes and contain the data of a whole day with an interval
of 10 minutes. Negative values represent the load and positive
values represent the power generation.

Fig. 4: Power curves of PV, BES and loads.

With the power curves at one moment as initial power
flow, voltage sag conditions after disturbances and faults
are injected. Disturbances include sudden increase of load
on nodes. Faults include two-phase short circuit, two-phase
ground and three-phase short circuit on lines. Fig. 5 shows
the voltage curves of EI nodes when a two-phase ground on
the line between main bus and load 1. The fault occurs at 0.9
second.

Fig. 5: Voltage curves of EI nodes during a two-phase ground
fault.

B. Parameter Setup and Offline Training

In parameter setup, first, an adjacency matrix with a size of
6 × 6 is to describe the EI topology. Then a GCN with two
graph convolutional layers and two fully connected layers is
constructed, the detail parameters of which are list in Table I.
The reactive power compensation values are discretized into
25 actions, which ranges from 0.2 MVar to 5 MVar.

Half of the voltage sag conditions that contains 3456
samples are used in the offline training, while half are used



TABLE I: Parameters of GCN

No. Layer Type Input Size Parameters Output Size

1 Graph Convolutional layer 6 × 360 360 × 100 × 3 6 × 100

2 Graph Convolutional layer 6 × 100 100 × 30 × 3 6 × 30

3 Fully connected layer 1 × 180 180 / 60 1 × 60

4 Fully connected layer 1 × 60 60 / 25 1 × 25

to evaluate the trained GCN model. The training of GCN is
processed by Tensorflow in Python environment on a computer
with a GTX 1070 GPU and 16 GB memory. The learning rate
is set as 0.0001. After 1000 steps, the training of GCN achieves
convergence during about 290 minutes. Most of the training
time is spent on the interaction with the EI environment.

C. Results and Analysis

Table II lists the average losses and reward values of the
training set and test set. It can be seen that all the training and
test can achieve voltage stability during voltage sag conditions.

TABLE II: Average Losses and Reward Values of the Training
and Test Set

Data Set Loss Reward

Training 0.0085 0.904
Test 0.0101 0.908

Fig. 6 shows the reactive power compensation result of the
voltage sag condition in Fig. 5. 2.4 MVar reactive power is
put into the EI system, which raises the voltage of load 1 to
above 0.8 pu and ensures the voltage stability of the EI system.
The reward is 0.842. The dosh lines shows the reactive power
compensation result given by static var generator. As static var
generator only receives the voltage of the main bus, the line
voltages cannot recover above 0.8 pu.

Fig. 6: Reactive power compensation result of GCN action.

To show the superiority of the proposed approach, GCN
is further compared with the state-of-the-art methods, which
include deep reinforcement learning (DRL) [17] and static var
generator (SVG). Table III shows the average reward of all
methods using the training and test set.

The comparison result shows that the proposed approach
has 1.1% and 5.0% higher average reward than DRL and SVG
for voltage stability, respectively. SVG has a slow response to

TABLE III: Comparison with the State-of-the-art Methods

Methods Training Set Reward Test Set Reward Total

DRL 0.895 0.897 0.896
SVG 0.873 0.852 0.863
GCN 0.904 0.908 0.906

the voltage sag, which results in a low average reward. DRL
do not take EI topology into consideration, therefore, reactive
power compensation is not accurate enough. Compared with
the state-of-the-art methods, GCN has better feature fusion
ability of adjacent EI nodes and rapid response capacity to be
an effective approach for voltage stability in EI.

V. CONCLUSION

This paper proposed a novel reactive power optimization
approach for voltage stability in EI based on GCN and DQN.
GCN that considers EI topology is first introduced to reactive
power optimization. The training of GCN uses the method of
DQN to get the optimal reactive power compensation value.
The case study on an EI model shows that the proposed
approach can ensure the voltage stability of EI during voltage
sag. The comparison study shows that the proposed approach
provide more accurate reactive power compensation than the
state-of-the-art methods.

In future work, the GCN can be further used in EI with
more nodes and reactive power compensation devices. With
the topology information and special structure of GCN, the
optimization problems in EI with multi-agents can be solved.
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