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Abstract——High penetration of distributed renewable energy 
sources and electric vehicles (EVs) makes future active distribu‐
tion network (ADN) highly variable. These characteristics put 
great challenges to traditional voltage control methods. Voltage 
control based on the deep Q-network (DQN) algorithm offers a 
potential solution to this problem because it possesses human-
level control performance. However, the traditional DQN meth‐
ods may produce overestimation of action reward values, result‐
ing in degradation of obtained solutions. In this paper, an intel‐
ligent voltage control method based on averaged weighted dou‐
ble deep Q-network (AWDDQN) algorithm is proposed to over‐
come the shortcomings of overestimation of action reward val‐
ues in DQN algorithm and underestimation of action reward 
values in double deep Q-network (DDQN) algorithm. Using the 
proposed method, the voltage control objective is incorporated 
into the designed action reward values and normalized to form 
a Markov decision process (MDP) model which is solved by the 
AWDDQN algorithm. The designed AWDDQN-based intelligent 
voltage control agent is trained offline and used as online intelli‐
gent dynamic voltage regulator for the ADN. The proposed volt‐
age control method is validated using the IEEE 33-bus and 123-
bus systems containing renewable energy sources and EVs，and 
compared with the DQN and DDQN algorithms based methods, 
and traditional mixed-integer nonlinear program based meth‐
ods. The simulation results show that the proposed method has 
better convergence and less voltage volatility than the other 
ones.

Index Terms——Averaged weighted double deep Q-network 
(AWDDQN), deep Q learning, active distribution network 
(ADN), voltage control, electrical vehicle (EV).

I. INTRODUCTION 

WITH the large-scale integration of distributed renew‐
able energy sources (RESs) such as photovoltaic 

(PV) generators and wind turbines (WTs) and the massive 
application of electric vehicles (EVs), the power mismatch 
between the energy production and energy consumption in 
active distribution networks (ADNs) becomes highly vari‐
able. The resulting dynamic changes in power flows and 
voltages increase the risk of violating the voltage limits at 
nodes with RESs and EVs of the ADN [1], [2]. These new 
features of highly variable operational environments make 
the reactive power and voltage control methods of the tradi‐
tional distribution network, such as transformer tap-chang‐
ings [3] and static reactive power compensation [4], highly 
inefficient. At the same time, with the increasing penetration 
of RESs, the traditional regulation resources are becoming 
scarce, requiring the full use of any adjustable resource of 
the system for voltage control [5]. One such resource is pro‐
vided by the participation of EVs as a bidirectional and ad‐
justable resource in ADN voltage control using vehicle to 
grid (V2G) technologies. Through the coordinated control of 
EVs and other power resources, the adjustable resources can 
be better utilized, thus reducing grid investment and opera‐
tion costs [6].

Existing voltage control methods in ADN with EVs usual‐
ly provide voltage control by regulating EV charging and 
discharging actions independently or in coordination with 
other control resources. For example, EV charging power 
control for the voltage control in ADN is based on model 
prediction of EV behaviors and convex optimization meth‐
ods [7]. The work in [8] achieves cost minimization and volt‐
age support at ADN nodes by regulating bidirectional reac‐
tive power between the EV and the grid using heuristic algo‐
rithms.

However, the randomness of EV state of charge (SOC) 
and the temporal and spatial uncertainties of the access of 
EVs to the grid make the schedulable capacity of EVs sto‐
chastic and time-varying. It turns the optimal voltage control 
model using EVs to a stochastic, mixed-integer, and nonlin‐
ear programming problem, whose solutions are time-consum‐
ing or even infeasible [9].

To solve the above problem, distributed and hierarchical 
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voltage control methods are proposed in the literature. In par‐
ticular, hierarchical control of EVs by using EV aggregators 
(EVAs) is proposed in [9]. In this structure, the optimization 
variables are changed from a large number of EVs into a 
few EVAs, which greatly reduces the communicational and 
computational burden. An EVA may manage one or more 
charging stations, or a group of EV fleets [10]. For example, 
the voltage optimization control problem is decomposed into 
multiple cone optimization problems that are solved separate‐
ly by using a three-level voltage control strategy and multi-
time-scale prediction of EV loads [11]. Alternatively, a Mon‐
te Carlo method is used to simulate the EV behaviors and a 
heuristic algorithm is used to solve the two-level voltage op‐
timization problem [12]. In [13], a discounted stochastic mul‐
tiplayer game method is used to control the power of EVA 
resulting from the electricity market auction mechanism to 
achieve voltage optimization through a hierarchical structure. 
In [14], voltage and reactive power optimization of EVs is 
realized using a distributed model predictive control method 
and optimization results are allocated through a peer-to-peer 
method.

The model-based voltage control methods mentioned 
above, however, are highly dependent on prediction results, 
specific equipment, and optimization models that are diffi‐
cult to solve accurately. Thus, this class of methods faces dif‐
ficulties in coping with scenarios of time-varying renewable 
energy generations, loads, and adjustable capacity of 
EVs [15].

To address the problems of model-based control methods, 
model-free control method using reinforcement learning 
(RL) algorithm has received increasing attention in power 
system applications, because it does not require a tedious 
and complicated modeling process, reduces model inaccura‐
cies caused by experience and bias, does not rely on predic‐
tion, and has better portability and adaptability. One of the 
most representative and widely used RL algorithms is the Q-
learning. For example, the voltage control methods using Q-
learning algorithm have been used for transformer tap and 
capacitor switching control for the voltage control in ADN 
[16], [17].

However, traditional Q-learning algorithms based on state-
action tables are prone to cause the “curse of dimensionali‐
ty” in scenarios with many states. So, they cannot efficiently 
cope with voltage control in an ADN with many nodes and 
variable states. Deep reinforcement learning (DRL) with hu‐
man-level control, which combines reinforcement learning 
with deep learning, such as deep Q-network (DQN) algo‐
rithm, can solve the problem with many states by estimating 
the action reward values of different states [18]. Multiple 
DQN-based algorithms have been reported in the literature 
for the voltage control in ADN. For example, the DQN algo‐
rithm is used to control the active power from battery ener‐
gy storage systems and the reactive power from switchable 
capacitors and inverters to achieve the voltage control in 
ADN [19], [20]. Multiple DQN algorithms are also com‐
bined to achieve multi-time-scale voltage optimization con‐
trol in ADN [21], and DQN algorithms with deep determinis‐
tic policy gradients are used to provide a two-stage EV 

charging policy to achieve voltage fluctuation suppression of 
distribution networks [22].

Overestimation or underestimation of actions in DRL can 
seriously degrade the learning performance. In the DQN al‐
gorithm, the same action reward value is used for the selec‐
tion and evaluation of an action, thus, the problem of overes‐
timation of the action reward value is common [23]. There‐
fore, a double deep Q-network (DDQN) algorithm is pro‐
posed in [23]. This algorithm prevents the overestimation of 
the action reward value by separating the selection and eval‐
uation of actions when designing the reward target, which 
has better performance than DQN in Atari 2600 game tests. 
The voltage control with DDQN algorithm is found to be 
more effective than conventional proportional control [24]. 
However, DDQN algorithm also poses the problem of under‐
estimating action reward values, especially in learning envi‐
ronments with stochastic relationships [25]. Therefore, 
DDQN algorithm may be less effective for power systems 
dominated by stochastic sources such as RESs, EVs, and 
loads. Based on this, the averaged weighted double deep Q-
network (AWDDQN) [26] algorithm is proposed. This algo‐
rithm integrates a dual weighted estimator with weights into 
DDQN algorithm, thus generating target values from previ‐
ously learned action estimation values. Thus, the dual 
weighted estimator reduces the overestimation problem of ac‐
tion reward values of DDQN algorithm. Besides, the impact 
of the stochastic variations is greatly reduced, overcoming 
the drawback of DDQN algorithm in underestimating action 
reward values.

In summary, although the DQN and DDQN algorithms 
have been used to solve the problem of voltage control in 
ADN, few of the existing studies discuss the problem of con‐
trol performance degradation caused by the action estimation 
bias of DQN and DDQN algorithms. In contrast, AWDDQN 
algorithm can overcome the shortcomings of DQN and 
DDQN algorithms. However, there are few applications of 
DDQN and AWDDQN algorithms in the field of voltage 
control in ADNs [24].

In this paper, an intelligent voltage control method based 
on AWDDQN algorithm is proposed for ADNs. The main 
contributions are as follows.

1) In the AWDDQN algorithm, dual weighted estimators 
are integrated into the DDQN algorithm to overcome the 
shortcomings of misestimation of action reward values by 
DQN and DDQN algorithms. The voltage control objective 
is incorporated into the designed action reward values to 
form the AWDDQN-based intelligent voltage controller for 
the ADN, where renewable power generations, loads, and ad‐
justable resources of EVs are time-varying.

2) The capability of EVAs is quantified as adjustable re‐
sources for voltage control using the schedulable capacity ap‐
proach of EVAs, ensuring that EV charging demand is satis‐
fied after participating in dispatch.

3) Comprehensive comparisons of voltage control meth‐
ods based on DQN, DDQN, AWDDQN, and traditional 
mixed-integer nonlinear program algorithms are presented, 
and the impact of inaccurate estimation results of action re‐
ward values on the performance of DQN and DDQN algo‐
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rithms is compared with the AWDDQN algorithm.
The remainder of this paper is organized as follows. Sec‐

tion II discusses the principle of the AWDDQN algorithm. 
The intelligent voltage control method based on AWDDQN 
algorithm is described in Section III. The effectiveness of 
the method is verified using digital simulation in Section IV, 
and the conclusions are drawn in Section V.

II. PRINCIPLE OF AWDDQN ALGORITHM 

A. DQN Algorithm

An agent selects an action to act on the environment ac‐
cording to a certain policy in a state of the environment. 
Then, the environment gives a reward for the action and 
steps to the next state. This process is usually described in 
reinforcement learning as a Markov decision process (MDP) 
model, represented by a tuple S, A, P, r, γ , where S is the 
state space, A is the action space, P is the state transition 
probability, r is the reward, and γ is the discount rate. One 
of the representative methods to solve the MDP model is the 
Q-learning algorithm, in which the expected value of func‐
tion Q(sa) for action a taken for the state s in an episode 
needs to be evaluated. According to the Bellman optimality 
equation, this function is described as:

Q(sa)=E ( )r + γP(ss') max
a′

Q(s'a') (1)

where E(·) is the expected value; P(ss') is the probability of 
reaching state s' from state s; and a' is the action in state s'.

The traditional Q-learning algorithm stores the action re‐
ward values of each state-action pair in a table and iterative‐
ly updates them continuously. However, storing and iterating 
the values of all state-action pairs are difficult when the 
state space is very large. To solve this problem, Q-learning 
algorithm is combined with deep learning to form the DQN 
algorithm [23]. Using neural networks, DQN algorithm 
learns to fit the true reward function Q(sa) with a parameter‐
ized approximate value function Q(sa|θ), where θ is the pa‐
rameter of Q(sa|θ).

The structure of DQN is shown in Fig. 1, which is a for‐
ward neural network containing one input layer, one output 
layer, and multiple hidden layers. 

Input layer

Multiple

hidden layers Output layer

Q(

Q(

Q(

… ……

st, a(2)|θ)

st, a(NA)|θ)

st, a(1)|θ)

st(1)

st(2)

st(NS)

Fig. 1.　Structure of DQN.

Its input is the current state st (stÎ S) at current time t, 
and the number of inputs is the dimensions of state space el‐
ements NS. Its output contains all the approximate action re‐

ward values of functions Q(sta|θ) (a ∈A) in that state st, and 
the dimension of outputs is that of action space NA. The agent 
selects the action with the largest reward value in the output 
layer.

The loss function in DQN is expressed as:
LDQN (θ i )=E(yDQN

i -Q(sa|θi ))
2 (2)

where yDQN
i  and θi are the target function and the parameter 

of Q(sa|θ) at iteration i, respectively. The target function is 
defined as:

yDQN
i = ri + γQ(s'a*

DQN|θ -
i ) (3)

where Q(s'a*
DQN|θ -

i ) is the maximum value in the state s'; ri 
is the reward at iteration i; θ -

i  is the parameter; and a*
DQN is 

the action in the DQN algorithm with the maximum approxi‐
mate value in the state s', as shown in (4).

a*
DQN = arg max

a′
Q(s'a'|θ -

i ) (4)

B. DDQN Algorithm

From (3) and (4), we can observe that the action a*
DQN in 

DQN algorithm is selected and evaluated by the function 
Q(s'a'|θ -

i ). This makes it more likely to select overestimated 
values, resulting in overestimation of action reward values. 
To address this problem, the target function in DDQN algo‐
rithm yDDQN

i  is modified as:

yDDQN
i = ri + γQ(s'a*

DDQN|θ -
i ) (5)

where a*
DDQN is the action with the maximum approximate 

value in the state s', as shown in (6).

a*
DDQN = arg max

a'
Q(s'a'|θi ) (6)

From (5) and (6), we can observe that the action a*
DDQN is 

selected by Q(s'a'|θi ) and evaluated by Q(s'a'|θ -
i ) in 

DDQN algorithm. The probability of the action overestimat‐
ed is greatly reduced by the design of those dual estimators.

However, the separation of selection and evaluation in 
DDQN algorithm sometimes creates underestimation prob‐
lems, especially in environments with high stochasticity and 
uncertainty [25].

C. AWDDQN Algorithm

To overcome the above problems, the AWDDQN algo‐
rithm [26] is proposed in this paper for intelligent voltage 
control method in ADNs.

The structure of AWDDQN algorithm is similar to that of 
DQN algorithm, except the loss function and the target func‐
tion. The loss function of the neural network in AWDDQN 
algorithm can be expressed as:

L(θ i )=E(yAWD
i -Q(sa|θi ))

2 (7)

where yAWD
i  is the target function in AWDDQN algorithm. 

Dual weighted estimators are used in the target function, as 
shown in (8).

yAWD
i = ri + γ ( )β

F ∑
f = i -F + 1

i

Q(s'a*|θf ) +
1 - β

F ∑
f = i -F + 1

i

Q(s'a*|θ -
f )

 (8)

a* = arg max
a'

Q(s'a'|θi ) (9)

where a* is the action with the maximum approximate value 
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in the state s'; F is the memorized number of steps; θf and 
θ -

f  are the parameters of the approximate value functions of 
the online network and the target network at the f th action in 
the past, respectively; and β is the weight, as shown in (10).

β =
||Q(s'a*|θ -

i )-Q(s'aL|θ -
i )

c + ||Q(s'a*|θ -
i )-Q(s'aL|θ -

i )
(10)

aL = arg min
a'

Q(s'a'|θi ) (11)

where aL is the action with the minimum approximate value 
in the state s'; and c is the hyperparameter for adjusting 
weight values.

After the loss function is established, the stochastic gradi‐
ent descent algorithm is used to update the network parame‐
ter θ, as shown in (12).

θi + 1 = θi - ηÑ(L(θ i )) (12)

where η is the gradient descent rate.
From (8), it can be observed that the action selection and 

evaluation are separated by the AWDDQN algorithm, thus 
avoiding the possible overestimation problem of action re‐
ward values of DQN algorithm. Therefore, it averages the F 
action estimation results learned in the past as the result of 
the target value, thus avoiding the possible misestimation of 
action reward values and the stochastic environment instabili‐
ty problem of DDQN algorithm. Using these dual weighted 
estimators and averaged weighted processing, better training 
stability and performance are obtained, thus achieving im‐
proved decision accuracy.

III. INTELLIGENT VOLTAGE CONTROL METHOD BASED ON 
AWDDQN ALGORITHM 

In the proposed method, the node voltages and the EVA 
and adjustable resource states constitute the state space, the 
active and reactive outputs of resources constitute the action 
space, and the weighted voltage fluctuations constitute the re‐
ward. This enables the agent to learn the most favorable out‐
put action for voltage control under different states.

A. Voltage Control Model for ADNs

The objective function for the voltage control can be ex‐
pressed as:

min∑
t = 1

T ( )1
N∑n = 1

N

ts (Unt -Ubase )2 (13)

where Un,t is the nth node voltage at time t; N is the total 
number of nodes; T is the dispatch time horizon; ts is the 
step interval; and Ubase is the base voltage, usually set to be 
1.0 p.u..

The constraints are as follows:

Umin £Unt £Umax (14)

Qjmin £Qjt £Qjmax (15)

Pjtmin £Pjt £Pjtmax (16)

where Umax and Umin are the allowable upper and lower volt‐
age limits, respectively; Pjt and Qjt are the active and reac‐
tive power of the jth adjustable resource at time t, respective‐
ly; Qjmin and Qjmax are the minimum and maximum values 

of the adjustable reactive power of the jth adjustable re‐
source, respectively; and Pjtmin and Pjtmax are the minimum 
and maximum values of the adjustable active power of the 
jth adjustable resource at time t, respectively.

In this paper, the adjustable reactive power resources con‐
sidered are static reactive compensators with constant upper 
and lower limits. The adjustable active power resources con‐
sidered are aggregated EVs, whose adjustable upper and low‐
er limits are time-varying.

B. Schedulable Capacity of EVAs

The capability of EVAs as adjustable resources is mea‐
sured by the schedulable capacity (EVSC), which is the bidi‐
rectional energy and power exchanged by an EVA with the 
grid at time t without affecting the future use of the EVs 
[27]. It includes the schedulable charging capacity (SCC), 
schedulable charging power (SCP), schedulable discharging 
capacity (SDC), and schedulable discharging power (SDP).

The calculations of SCC, SCP, SDC, and SDP are shown 
in (17)-(20).

SCCdt =Cd (SOCds - SOCdt )+ ηc (t + ts - tds )Pdcmax (17)

SCPdt =min(SCCdt /tsηcPdcmax ) (18)

SDCdt =Cd (SOCdt - SOC min
d )+ (tde - t - ts )Pdcmax /ηd (19)

SDPdt =min(SDCdtηd /tsPddmax ) (20)

where Cd is the battery capacity of the d th EV; SCCdt, 
SDCdt, SCPdt, and SDPdt are the SCC, SDC, SCP, and SDP 
of the d th EV at time t, respectively; Pdcmax and Pddmax are 
the maximum charging and discharging power of the d th EV, 
respectively; ηc and ηd are the charging and discharging effi‐
ciencies, respectively; tds and tde are the excepted arriving 
and leaving time, respectively; ts is the dispatch step; SOCds 
is the initial SOC of the d th EV on arrival; and SOCdt and 
SOC min

d  are the SOC of the d th EV at time t and the mini‐
mum required SOC when leaving, respectively.

The SCC, SDC, SCP, or SDP of an EVA is the sum of the 
SCC, SDC, SCP, or SDP of EVs connected to this aggrega‐
tor at time t, as in (21)-(24).

SCClt =∑
d = 1

Nlt

SCCdt (21)

SDClt =∑
d = 1

Nlt

SDCdt (22)

SCPlt =∑
d = 1

Nlt

SCPdt (23)

SDPlt =∑
d = 1

Nlt

SDPdt (24)

where Nlt is the total number of EVs connected to the l th 
EVA at time t.

Equations (17) - (24) give a quantitative representation of 
the schedulable capacity and power range of EVs to partici‐
pate in the voltage control in ADN without affecting the fu‐
ture use of EVs [28], [29]. The maximum adjustable active 
power of an EVA is the value of its SCP, and the minimum 
adjustable active power is the negative value of its SCP, i.e., 
Pjt,max = SCPjt and Pjtmin =-SDPjt.
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C. MDP Model

In reinforcement learning, the objective function and con‐
straints of voltage control are normalized to form an MDP 
model.
1)　State Space

In the proposed method, the state space S is the set of all 
states, and the state set st is the set of states of node voltages 
and adjustable resources of the ADN at time t, as shown 
in (25).

st ={UitSCCltSDCltSCPltSDPltOjt }
 (25)

where Ojt is the output active or reactive power of the jth 
( j = 12J) adjustable resource at time t.

These data can be obtained by direct state measurement 
from the system devices in real systems. In this paper, the 
states are obtained by power flow calculations after adopting 
actions to simulate the operation of a real system. Specifical‐
ly, the state space is divided into three parts, i. e., all node 
voltage values Uit, the EVSC of all dispatchable EVAs, and 
the output power of all adjustable resources Ojt. If the num‐
ber of adjustable EVAs is denoted by L, the dimension of 
state space NS is equal to N + 4L + J.
2)　Action Space

The action space A includes all output cases of all adjust‐
able resources. In this paper, the output cases are represented 
by the discretized outputs of the adjustable resources. Specif‐
ically, the action set at set for the state set st is a certain out‐
put action set of all adjustable resources, as shown in (26).

ì
í
î

ïï
ïï

at ={a(k)
1ta

(k)
2ta(k)

Jt }

a(k)
jt = k

(26)

where a(k)
jt  is the kth (k = 01K - 1) action of the jth (j =

1, 2, , J) adjustable resource at time t, and K is the total 
number of actions per adjustable resource. Since the output 
cases of each adjustable resource are independent, the num‐
ber of all possible cases is K J, i.e., NA =K J.

The set of actions can be converted into the output power 
of all adjustable resources, thus allowing the action space 
and the state space to be linked, with the conversion formu‐
la, as shown in (27).

Ojt =

ì

í

î

ï
ïï
ï

ï
ïï
ï

Qjmin +
Qjmax -Qjmin

K - 1
a(k)

jt         j is reactive unit

Pjtmin +
Pjtmax -Pjtmin

K - 1
a(k)

jt     j is active unit
(27)

As can be observed from the design of the action space, 
the output ranges of the adjustable resources should not ex‐
ceed their limits so that the constraints (15) and (16) are sat‐
isfied.

In addition, the action for EVs will be weighted according 
to the EVSC values of each EV, as shown in (28).

Pdt =

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

Ojt

SCPdt

Pjtmax

       Ojt ³ 0

Ojt

-SDPdt

Pjtmin

    Ojt < 0
(28)

where Pdt is the dispatched charging power of the d th EV at 

time t.
3)　Reward

The reward rt obtained by the agent after selecting an ac‐
tion according to the node voltage states at time t is de‐
signed to have a negative value, thus, a higher reward means 
a smaller voltage volatility rate. The objective function can 
be obtained by accumulating the rewards, and this design 
makes the objective function (13) incorporated into the re‐
wards, as shown in (29) and (30).

rt =-
1
N∑i = 1

N

λits (Unt + 1 -Ubase )2 (29)

λi =

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

ï

ï

1       0 < ||Unt + 1 -Ubase    £ 0.01

5      0.01 < ||Unt + 1 -Ubase    £ 0.03

10     0.03 < ||Unt + 1 -Ubase    £ 0.05       

50       ||Unt + 1 -Ubase    > 0.05

(30)

where λi is the penalty factor.
As can be observed from (29) and (30), by introducing 

the penalty factor λi, for constraint (14), a certain relaxation 
is achieved, and the penalty factor is higher for the nodes 
with larger voltage deviations. This allows the agent to prior‐
itize the scheduling of nodes with larger voltage deviations 
in resource-limited scenarios to prevent the voltage from ex‐
ceeding limits, and thus satisfy constraint (14).

D. Dynamic ε-greedy Strategy Design

A dynamic ε-greedy strategy is used during the agent train‐
ing. At each iteration, the agent will select a random action 
with probability ε or select the action with the maximum re‐
ward with probability 1 - ε, while the value of ε changes. In 
this paper, a dynamic ε -greedy strategy combined with a 
simulated annealing method is used [30] to select actions in 
training.

εe = exp ( )Q(sar|θi )-max Q(sa|θi )

δeT0

(31)

where εe is the ε value at the eth episode; δ is the cooling 
down factor, which is a constant greater than 0 and lower 
than 1; T0 is the initial temperature of simulated annealing; 
and ar is a uniformly and randomly selected action in state s.

With the dynamic ε-greedy strategy combined with simu‐
lated annealing method, the goal of exploring first and then 
converging is achieved.

E. AWDDQN-based Intelligent Voltage Control Processes

The AWDDQN-based intelligent voltage control processes 
include the offline training and online voltage control pro‐
cesses, as shown in Algorithm 1. The purpose of offline 
training process is to teach the AWDDQN-based intelligent 
voltage control agent how to pick the optimal action for dif‐
ferent states.

The AWDDQN-based intelligent voltage control agent is 
used as an online agent to control the real-time voltages of 
the ADN after the offline training is completed. The online 
voltage control process using the AWDDQN-based intelli‐
gent voltage control agent is shown in Fig. 2.
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The trained AWDDQN-based intelligent voltage control 
agent can decide the optimal output actions of the adjustable 
resources based on the system state information formed by 
node voltages, EVSC states, and other unit states.

In practice, the control procedure of EVs consists of two-
level hierarchical control. In the upper-level control, the dis‐
tribution system operator equipped with AWDDQN-based in‐
telligent voltage control agent achieves voltage optimization 

by coordinating the schedulable capacity needed among the 
EVAs. In the lower-level control, each EVA coordinates the 
control of EV charging and discharging behaviors according 
to the negotiated schedulable capacity in the upper-level con‐
trol. After receiving the action signal in the upper-level con‐
trol, the EVAs coordinate the power of EVs by (28) in the 
lower-level control. Similarly, each reactive unit changes its 
output power so that the action is completed. In this way, 
the ADN voltages, the EVSC of EVAs, and the output pow‐
er of other adjustable resources are updated to new states. 
Thus, the AWDDQN-based intelligent voltage control agent 
continuously selects the actions based on the new states. 
During the online control, the AWDDQN-based intelligent 
voltage control agent can handle the time-varying environ‐
ment in real time through observing the states measured and 
the rewards received after the actual control actions.

IV. SIMULATION AND RESULT ANALYSIS 

A. Test System and Parameter Settings

Modified versions of two typical distribution systems, i.e., 
the IEEE 33-bus and the IEEE 123-bus systems, are used as 
test cases. The settings of power resources and adjustable re‐
sources are shown in Table I.

The output profiles of WT units and PV generators are 
shown in Fig. 3(a), the load profiles are shown in Fig. 3(b), 
and the load base value is 3.5 MW in the modified IEEE 33-
bus system and 5 MW in the modified IEEE 123-bus sys‐
tem, respectively. Besides, ±10% uniformly random fluctua‐
tions (represented by dashed line) are set in the RES output 
power and load to simulate realistic fluctuations. The EVSC 
profiles of EVAs are shown in Fig. 3(c). The base values of 
RESs, loads, and EVSC are also set with ±10% uniformly 
random fluctuations. Each EVA has 100 EVs with battery ca‐
pacity of 40 kWh and charging and discharging power of 10 
kW, and the charging and discharging efficiencies are 0.98. 
EVs are assumed to be charged at work place during the 
day, and some EVs with unmet charging demands during the 
day continue charging at home during the night.

From Fig. 3(c), it can be observed that EVs are connected 
to the grid after 07: 00, and their SCPs gradually increase. 

TABLE I
SETTINGS OF POWER RESOURCES AND ADJUSTABLE RESOURCES

Testing 
system

IEEE 
33-bus

IEEE 
123-bus

Connected 
node

8, 25

15

18, 23

30

20, 60, 86

30, 68

29, 42, 52, 85

71, 109

Resource type

PV generators

WT units

EVAs

Reactive power 
resources

PV generators

WT units

EVAs

Reactive power 
resources

Power setting

1.5 MW

1.5 MW

Shown in Fig. 3(c)

[-0.5 Mvar, 0.5 Mvar]

1.5 MW

1 MW

Shown in Fig. 3(c)

[-0.5 Mvar, 0.5 Mvar]

Algorithm 1

1. Input: the maximum iteration I, memory buffer size M, mini-batch size 
B, number of steps in an episode T, number of copy steps C, state s0, 
c, γ, F, η, K, δ, and T0

2. Initialize: neural network structure, memory replay buffer, parameters 
θ0 and θ -

0

3. For i = 1 to I, do

4. Initialize state s0

5.   For t = 0 to T, do

6.   Select action at based on the dynamic ε-greedy strategy with the out‐
put power of adjustable resources by (26)-(28)

7.   Change distribution network and EVs due to the power output of ad‐
justable resources

8.   Obtain the new state st + 1 by (25)

9.   Calculate the reward rt by (29) and (30)

10.  Store the tuple {st, at, st+1, rt} in the memory replay buffer

11.    if memory replay buffer is full

12.      Delete the earliest tuple

13.    end if

14.  Sample a mini-batch of B tuples from the memory, and replay buffer 
to the target and online network

15.  Obtain Q(sa|θi ) from the online network

16.  Calculate yi
AWD of the target network by (8)

17.  Calculate L(θi) by (7)

18.  Update θi + 1 by (12)

19.  Input θi + 1 to the online network

20.    if Mod(i,C)= 0

21.      Copy θi+1 to θ -
i

22.    end if

23.  end for

24. end for

25. Output θ

Power flow change

EV state change

Implement

intelligent voltage

control agent

Current
state s

Output
power

Change outputs of

adjustable units

Reactive power
units

EVAs

Node voltages 

EVSC states Reward

Other unit state
change …

Other unit states
Chosen
action aNew

state s'

Read new state

Change state

Fig. 2.　Online voltage control process using AWDDQN-based intelligent 
voltage control agent.
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With the increase of SOC, the SCPs of EVs decrease, and 
their SDPs increase. Most EVs are disconnected from the 
grid after 17: 00, and both the schedulable charging power 
and discharging power of EVAs decrease. Some EVs are re‐
connected to the grid during the night, resulting in the in‐
crease and decrease of schedulable charging power and dis‐
charging power of EVAs again.

In the IEEE 33-bus system, the number of nodes N is 33, 
the number of EVAs L is 2, and the number of adjustable re‐
sources J is 3, so the number of state space NS =N + 4L + J =
44. The total number of adjustable actions per resource is K =
8, so the number of action spaces is NA =K J = 512. There‐
fore, the numbers of inputs and outputs to the neural net‐
work are 44 and 512, respectively. Similarly, in the IEEE 
123-bus system, the numbers of inputs and outputs to the 
neural network are 140 and 32768, respectively.

B. Training Process Analysis

The 400-day data for output power of RESs, loads, and 
EVSCs are generated by using a Monte Carlo method which 
is set with ±10% uniformly random fluctuations from the 
base values. The step interval ts is 15 min. The same method 
is used to generate the data in one day as the test set. The 
training parameters of the AWDDQN algorithm are given in 
Table II. And the hidden layer structures are {100, 100, 

100} in IEEE 33-bus system, and {200, 200, 200} in IEEE 
123-bus system. In DRL algorithm, the episode reward R 
(cumulative reward) obtained by an agent is used as evalua‐
tion criterion, which can be expressed as:

R =∑
t = 0

T

rt (32)

In this paper, 24 hours are taken as one episode, and T =
96. The calculation of rt is shown in (29) and (30).

The simulation results of the voltage control methods with 
the DQN, DDQN, and AWDDQN algorithms are obtained 
and compared using a computer with 3.0 GHz Intel Core i7 
CPU, 16 GB RAM, and GTX 2070 graphics card in the 
MATLAB environment. The training parameters of DQN 
and DDQN algorithms are the same as those of AWDDQN 
algorithm. The episode rewards of the three algorithms for 
the modified IEEE 33-bus system and IEEE 123-bus sys‐
tems are shown in Fig. 4.
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Fig. 3.　System information of testing system. (a) Output power profiles of 
WT units and PV generators. (b) Load profiles. (c) EVSC profiles of EVAs.

TABLE II
TRAINING PARAMETERS OF AWDDQN ALGORITHM

Parameter

Activation function

c

γ

η

F

M

B

C

I

δ

T0

IEEE 33-bus system

ReLU

1

0.99

0.001

5

10000

200

200

288000

0.98

105

IEEE 123-bus system

ReLU

1

0.99

0.001

4

20000

200

200

960000

0.99

105
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Fig. 4.　Episode rewards of DQN, DDQN, and AWDDQN algorithms. (a) 
IEEE 33-bus system. (b) IEEE 123-bus system.
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It can be observed from Fig. 4 that with the increase of 
training episode numbers, the three algorithms converge at 
similar speeds, all converging around 1500 episodes in the 
IEEE 33-bus system and 6000-7000 episodes in the IEEE 
123-bus system. However, the final convergence trend shows 
that AWDDQN algorithm has the highest episode rewards 
among the three algorithms, which indicates that the AWD‐
DQN algorithm can better evaluate the action reward values, 
as will be depicted in Section IV-C as well. In addition, it 
can be observed that the action reward values of all algo‐
rithms fluctuate highly at the early stage of training and 
gradually fluctuate less and converge. This indicates that the 
dynamic ε-greedy strategy has a better exploration at the ear‐
ly stage and a better stability at the later stage, which can 
achieve the goal of exploration first and convergence later.

C. Effect of K Value on Training

In the action space, K is the total number of actions per 
adjustable resource, i.e., the adjustable range of each adjust‐
able resource is divided equally into K values, and the larger 
K is, the more precisely the resources can be adjusted, and 
vice versa. Besides, from (9), we can observe that the action 
a* is obtained by traversing all actions a', thus the increase 
of dimensions of the action space delays the selection of the 
action. The number of dimensions in the action space is KJ, 
i. e., the number of outputs of AWDDQN algorithm is KJ, 
and its training speed is bound to become slower as K in‐
creases. Therefore, the investigation results of the effect of K 
in the IEEE 33-bus system are provided next.

Figure 5 shows the convergence process of AWDDQN al‐
gorithm, for K set to be 6, 8, and 10, corresponding to ac‐
tion space dimensions of 216, 512, and 1000 in the IEEE 33-
bus system. It can be observed that as K increases, the con‐
vergence speed decreases, with K = 6 converging around 
1000 episodes, and with K = 10 converging at 4000-5000 epi‐
sodes. The results with the smallest convergence values at 
K = 6 indicate that the action is not precise enough and the fi‐
nal results are poor, whereas the performances at K = 8 and 
K = 10 are similar. In addition, results with K > 10 show that 
the improvement is not significant, while the time of offline 
training increases greatly. Therefore, the value of parameter 
K is finally selected as 8.

D. Simulation Results and Discussions

According to the above setting for the modified IEEE 33-
bus and 123-bus systems, simulations are performed using 

the voltage control methods equipped with the DQN, 
DDQN, and AWDDQN algorithms, respectively. In addition, 
to demonstrate the advantages of the AWDDQN algorithm 
over traditional algorithms, the algorithm in [31] is also ap‐
plied, in which the voltage optimization is formulated as a 
mixed-integer nonlinear program (MINLP) and can be 
solved by commercial solvers in MATLAB.

Figure 6 shows the node voltages without control through‐
out the day.

The reasonable range of voltage is [0.95, 1.05]p.u.. In the 
IEEE 33-bus system, most node voltages rise significantly at 
noon due to the increased output power of PVs, with a sig‐
nificant voltage over the upper limit near node 25. At night, 
due to the absence of PV power and increase of loads, there 
is a significant voltage drop at the end nodes such as node 
33, and the voltage drop even below the lower limit. Similar‐
ly, there are node voltages outside limits in the IEEE 123-
bus system, such as the voltage of node 86.

Figures 7 and 8 show the voltage control results obtained 
by the voltage control methods with the MINLP, DQN, 
DDQN, and AWDDQN algorithms for the IEEE 33-bus and 
123-bus systems, respectively. In the IEEE 33-bus system, it 
can be observed that all methods can improve the voltage 
distribution, and the fluctuation ranges of node voltages be‐
come narrower. The voltage control methods with the AWD‐
DQN, DDQN, and DQN algorithms have smoother voltage 
profiles in the control horizon. This indicates that DRL algo‐
rithms lead the voltage control agent to intelligently choose 
an effective output power action according to the current 
state. For example, using AWDDQN algorithm, when the 
PV power output reaches the maximum at noon, the agent ef‐
fectively controls the EVs to absorb active power or controls 
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Fig. 5.　Training process of AWDDQN algorithm with different K values in 
IEEE 33-bus system.
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the reactive power resources to absorb reactive power to pre‐
vent overvoltage. At night, the agent controls the reactive 
power resources to achieve an optimal reactive power output 
or controls the discharge of EVs to improve end node voltag‐
es. Similar results are obtained in the IEEE 123-bus system.

It can be observed from Figs. 7 and 8 that the overall con‐
trol performance of the voltage control method with the 
AWDDQN algorithm is better than those of the methods 

with the DDQN and DQN algorithms. The AWDDQN algo‐
rithm mitigates the node voltage fluctuations more effective‐
ly compared with the DQN and DDQN algorithms. A de‐
tailed example of the optimal action results of the adjustable 
reactive power resources and the node voltage profiles using 
different DRL algorithms is shown in Fig. 9. These results 
indicate that the voltage control methods with the AWD‐
DQN, DDQN, and DQN algorithms follow the same behav‐
iors regardless of system scales.
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Figure 9(a) shows the action results of the reactive power 
resource 1 and voltages of node 8 using the voltage control 
methods with the DQN, DDQN, and AWDDQN algorithms 
in the IEEE 33-bus system. The reactive power absorption 
actions are taken during the daytime when the voltage is too 
high, while the reactive power output actions are taken dur‐
ing the night when the voltage is relatively low, thus support‐
ing voltages. By comparing the results of the three voltage 
control methods, for example, during 10:00-15:00, it can be 
observed that the reactive power absorption actions of both 
DDQN and AWDDQN algorithms are higher than that of 
DQN algorithm, leading to better voltage control perfor‐
mance. This indicates that the DDQN and AWDDQN algo‐
rithms can alleviate misjudgments of the action reward value 
obtained by the DQN algorithm. Figure 9(b) shows the ac‐
tion results of the adjustable reactive power resource 1 and 
voltages of node 86 using the voltage control methods with 
the DQN, DDQN, and AWDDQN algorithms in the IEEE 
123-bus system. By comparing the results of the voltage con‐
trol methods based on the three RDL algorithms, for exam‐
ple, during 05:00-10:00, it can be observed that the reactive 
power output action of the AWDDQN algorithm reaches the 
maximum, whereas the DQN and DDQN algorithms request 
lower values, indicating that the AWDDQN algorithm can es‐
timate the action reward value better than the DQN and 
DDQN algorithms.

The results of the two cases show that the control method 
with the AWDDQN algorithm can select the actions with 
higher rewards and thus obtain better control results com‐
pared with those with the DQN and DDQN algorithms. This 

proves that the control method with the AWDDQN algo‐
rithm is more accurate in evaluating the action reward val‐
ues.

Table III shows the voltage control results, optimized ob‐
jective function values, and calculation time with different al‐
gorithms.

From Table III, it can be observed that in terms of voltage 
control results of the two systems, the voltage control meth‐
od with the AWDDQN algorithm has the best performance 
among the four control methods, while the method with the 
DDQN algorithm has better performance than that with the 
DQN algorithm. In terms of the calculation time, voltage 
control methods with the AWDDQN, DDQN, and DQN algo‐
rithms require only 0.11%, 0.08%, and 0.08% of the time re‐
quired by the method with MINLP algorithm for the IEEE 
33-bus system, respectively, and 0.09%, 0.06%, and 0.06% 
of the time required by the method with the MINLP algo‐
rithm for the IEEE 123-bus system, respectively. Thus, volt‐
age control methods with the DRL algorithms are superior to 
the method with the MINLP algorithm regarding execution 
speed. This is due to the large space of optimization vari‐
ables and the large number of constraints. In both cases, the 
method with the AWDDQN algorithm requires slightly lon‐
ger calculation time, while the control performance is im‐
proved compared with others. This is acceptable because the 
calculation time of the control methods with the DRL algo‐
rithms is very short in all cases.

Figure 10 shows the SOC curves of EVA 1 after schedul‐
ing by the voltage control method with the AWDDQN algo‐
rithm. In the IEEE 33-bus system, EVs arrive at the work 
place in the morning (06:00-10:00), and only a few EVs are 
charged during this period because there is no excess power 
supply in the morning and the system voltage is relatively 
low. Most of the EVs are charged at noon, since the grid 
voltage is high due to the high output of PVs. In the end, al‐
most all EVs meet their charging demands, proving that the 
objective of distribution system operators and the EV indi‐
vidual demands can be satisfied. However, the charging de‐
mands of some EVs are not met, due to their short connec‐
tion time. There is a similar trend in the SOC curves in the 

TABLE III
VOLTAGE CONTROL RESULTS, OPTIMIZED OBJECTIVE FUNCTION VALUES, 

AND CALCULATION TIME WITH DIFFERENT ALGORITHMS

Testing 
system

IEEE 33-
bus

IEEE 123-
bus

Case

Initial state

MINLP

DQN

DDQN

AWDDQN

Initial state

MINLP

DQN

DDQN

AWDDQN

Objective 
function value

0.0248

0.0092

0.0103

0.0080

0.0072

0.0358

0.0046

0.0057

0.0030

0.0025

Voltage range

[0.924, 1.072]

[0.962, 1.053]

[0.948, 1.060]

[0.950, 1.051]

[0.955, 1.020]

[0.919, 1.055]

[0.965, 1.045]

[0.947, 1.048]

[0.974, 1.044]

[0.975, 1.040]

Calculation 
time (s)

213.45
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Fig. 9.　Optimal action results of adjustable reactive power resources and 
node voltage profiles using voltage control methods using different DRL al‐
gorithms. (a) IEEE 33-bus system. (b) IEEE 123-bus system.
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IEEE 123-bus system.

V. CONCLUSION 

In this paper, an intelligent voltage control method for 
ADNs based on AWDDQN algorithm is proposed. Using 
this method, the agent can intelligently control the adjustable 
active and reactive power resources according to the states 
of the ADN. The main conclusions are as follows.

1) The AWDDQN algorithm can intelligently coordinate 
and control the reactive power of resources and the active 
power of EVs for ADN voltage control, eliminating the over‐
voltage. The objective function is optimized from 0.0248 to 
0.0072 in the IEEE 33-bus system and from 0.0358 to 
0.0025 in the IEEE 123-bus system, respectively, without af‐
fecting the charging demands of EV users. These results indi‐
cate that the performance of the AWDDQN algorithm is un‐
affected by the scale of the systems.

2) The proposed method has a much faster speed than that 
with the traditional MINLP algorithms.

3) The simulation results for the IEEE 33-bus and IEEE 
123-bus systems indicate the problems of overestimation in 
the voltage control method with the DQN algorithm and the 
underestimation in that with the DDQN algorithm.

4) The proposed method with the AWDDQN algorithm 
can overcome these shortcomings by introducing the average 
weighted estimators, resulting in better evaluation of the ac‐
tion reward values and better reward convergence values.

5) The complexity of the design of AWDDQN target in‐

creases the calculation time at acceptable levels.
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