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MADDPG-based Active Distribution Network
Dynamic Reconfiguration with Renewable Energy

Changxu Jiang, Zheng Lin, Chenxi Liu, Feixiong Chen, and Zhenguo Shao

Abstract—The integration of distributed generations
(DG), such as wind turbines and photovoltaics, has a sig-
nificant impact on the security, stability, and economy of
the distribution network due to the randomness and
fluctuations of DG output. Dynamic distribution network
reconfiguration (DNR) technology has the potential to
mitigate this problem effectively. However, due to the
non-convex and nonlinear characteristics of the DNR
model, traditional mathematical optimization algorithms
face speed challenges, and heuristic algorithms struggle
with both speed and accuracy. These problems hinder the
effective control of existing distribution networks. To
address these challenges, an active distribution network
dynamic reconfiguration approach based on an improved
multi-agent deep deterministic policy gradient
(MADDPG) is proposed. Firstly, taking into account the
uncertainties of load and DG, a dynamic DNR stochastic
mathematical model is constructed. Next, the concept of
fundamental loops (FLs) is defined and the coding method
based on loop-coding is adopted for MADDPG action
space. Then, the agents with actor and critic networks are
equipped in each FL to real-time control network topol-
ogy. Subsequently, a MADDPG framework for dynamic
DNR is constructed. Finally, simulations are conducted on
an improved IEEE 33-bus power system to validate the
superiority of MADDPG. The results demonstrate that
MADDPG has a shorter calculation time than the heuris-
tic algorithm and mathematical optimization algorithm,
which is useful for real-time control of DNR.

Index Terms—Distribution network reconfiguration,
active distribution network, deep deterministic policy
gradient, multi-agent deep reinforcement learning.

I. INTRODUCTION

n order to reach carbon peaking and carbon neutrality,
distributed generations (DGs), represented by wind
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turbines and photovoltaics, will be widely integrated
into the distribution network in the coming decades [1].
DGs can help regulate the bus voltage of distribution
networks and minimize network active power loss [2].
However, due to the randomness and fluctuations of
DGs, the connection of excessive DGs will dramatically
change the power distribution of the networks, leading
to voltage imbalance, harmonic pollution and other
problems that put the safety, stability, and economy of
the distribution networks at risk [3], [4]. Additionally,
as a substantial quantity of novel equipment like electric
automobiles and power electronic equipment are inte-
grated into the distribution networks, the direction of
power flow will change, and problems such as voltage
distribution and harmonics will also endanger the secu-
rity and stability of power systems [5]. Distribution
network reconfiguration (DNR) is a primary control
approach aimed at these problems by turning on/off the
states of switches to control the topology of the distri-
bution networks [6]. Therefore, exploring DNR tech-
nology is advantageous for enhancing the security, sta-
bility and economy of distribution networks.

Numerous experts have conducted research on the
algorithms of DNR, which can be categorized into three
types: mathematical optimization algorithms, heuristic
algorithms, and advanced intelligence algorithms.
Mathematical optimization algorithms utilize mathe-
matical theories for DNR solutions, such as the simplex
method, mixed integer nonlinear programming
(MINLP), and second-order cone programming (SOCP).
Reference [7] proposes a MINLP model to maximize
power system benefits by coordinating electric vehicle
charging/discharging strategies and dynamic DNR
strategies. Reference [8] proposes a mixed integer
SOCP model to minimize daily active power loss by
adopting hourly reconfiguration, and it is solved via the
Mosek solver. The mathematical optimization algo-
rithms have the advantage of typically ensuring global
optimality of solutions. However, when the network
grows larger, the number of variables in the solution
significantly increases, which poses challenges in
solving it efficiently and effectively. Furthermore, alt-
hough these references all mention the outputs of the
DGs, they regard DGs as negative loads and do not take
into account the randomness of DGs. The mathematical



144 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 6, NOVEMBER 2024

optimization algorithms dealing with stochastic opti-
mization problems may encounter problems of rapidity
and it is difficult to deal with the uncertainty of sources
and loads. For example, the solution results will be
conservative to some extent when robust optimization
methods are employed.

The second type of the solving algorithm of DNR 1is
the heuristic algorithm, which primarily includes the
branch exchange method, particle swarm optimization
(PSO) and genetic algorithm (GA). Reference [9] for-
mulates a multi-period DNR method to decrease the
number switch operations while satisfying the hourly
capacity requirements. The proposed model is solved by
the hybrid PSO algorithm for each partitioned time
period. Reference [10] utilizes GA with variable popu-
lation size to the DNR model, which improves the op-
timization efficiency of GA. Although heuristic algo-
rithms are simpler to model than mathematical optimi-
zation algorithms, global searching and computational
speed are challenging, making them less adaptable to
DNR decisions with a large number of mixed variables
and nonlinear constraints.

The third type of the solving algorithms of DNR is the
advanced intelligence algorithm, specifically referring
to the deep learning (DL) algorithms represented by an
artificial neural network (ANN), reinforcement learning
(RL) represented by Sarsa, Q-learning and deep rein-
forcement learning (DRL) represented by deep
Q-network (DQN) [11]-[14]. DL algorithms have effi-
cient feature extraction capabilities, enabling them to
learn nonlinear mappings between system states and
reconfiguration strategies. However, DL algorithms
typically require numerous labeled data for training.
Obtaining high-quality labeled data in the field of power
systems poses challenges and incurs significant costs.
The above algorithms have their own defects in solving
the DNR problem. Hence, it is imperative to conduct
research on novel approaches to tackle current DNR
problems.

The development of RL and DRL has introduced
novel concepts to address the problem of DNR. RL is an
algorithm with self-learning ability, where agents in-
teract with the environment to learn how to make a
sequence of decisions aimed at maximizing the cumu-
lative expected return. To effectively solve the problem
of large state and action space dimensions of traditional
RL, DRL algorithms combine the feature extraction
capability of DL with the self-learning capability of RL.
DRL algorithms have stronger generalization ability,
and can effectively solve the sequential decision prob-
lem with multiple stochastic factors. Reference [15]
proposes a method for adjusting tie-line power based on
DQN and experiments are conducted on the IEEE
39-bus system. Reference [16] improves the traditional
DQN and proposes a noisy net DQN-based DNR ap-
proach, which speeds up the training process of the

agent. Reference [17] proposes a proximal policy op-
timization (PPO) to analyze the optimal power flow
with DGs and storage systems. The aforementioned
research demonstrates the extensive utilization of the
DRL algorithm in power systems.

Multi-agent DRL (MADRL) is an expansion of sin-
gle-agent DRL. The MADRL framework involves the
presence of numerous agents in the environment and
these agents might have either competitive or coopera-
tive connections [18], [19]. Consequently, compared
with single-agent DRL, MADRL can effectively im-
prove the solving speed and obtain better performance.
The MADRL algorithm mainly includes multi-agent
deep Q-network (MADQN), multi-agent policy gradi-
ent (MAPG), and multi-agent deep deterministic policy
gradient (MADDPG). Among them, MADQN can
hardly adapt to non-stationary environments, and
MAPG may experience a sharp increase in variance as
the number of agents grows. MADDPG improves upon
the first two algorithms by employing a framework of
centralized training with decentralized execution. When
executing actions, agents output action policies ac-
cording to their own local observations. When updating
the networks, the agents will update the network pa-
rameters through the global observations and the action
information of all agents, and the policies of agents will
be updated towards the optimal policy.

Since the DNR model is a non-convex nonlinear
stochastic mathematical optimization model, the tradi-
tional mathematical optimization method will encounter
problems in rapidity and heuristic algorithms will take a
long time to solve the model, which will not be benefi-
cial for the control of active distribution networks.
Furthermore, the uncertainty of active distribution
networks presents a challenge for mathematical opti-
mization algorithms and heuristic algorithms. To ad-
dress these challenges, a MADDPG-based active dis-
tribution network dynamic reconfiguration approach is
proposed to achieve the safety and economy of the dis-
tribution network under the environment with multiple
uncertainty factors, such as DG output and load. In
comparison to traditional mathematical optimization
and heuristic algorithms, MADDPG does not rely on
explicit model construction [20]. It solves complicated
stochastic problems through interactions between
agents and real or simulated environments, demon-
strating the ability to map distribution network states to
DNR solutions. The neural network generalization ca-
pability of MADDPG allows agents to make online
decisions for similar states without retraining. Addi-
tionally, MADDPG can represent the uncertainty of DG
handling through a state transition function. In this pa-
per, the distribution network environment can be de-
composed into multiple fundamental loops (FLs), which
aligns perfectly with the multiple agents in the
MADDPG algorithm. Assigning the control decisions
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for each FL to different agents is more conducive to the
convergence of agent control strategies.

The contributions of this work are the following:

1) The optimization problem of dynamic DNR is
transformed into a partially observable Markov decision
process (POMDP) and a MADDPG-based active dis-
tribution network dynamic reconfiguration approach is
proposed, which is a novel approach to DNR.

2) In the DNR, the loop-based coding method is
adopted and each fundamental loop represents an agent
of MADDPG. The agent will decide which switch to
open based on the state of the active distribution net-
work and historical experience.

3) The proposed approach adopts the framework of
centralized training with decentralized execution, which
increases the efficiency of training and decision-making
of the agents.

4) The simulations are conducted on an improved
IEEE 33-bus power system, and the results illustrate
that MADDPG can improve the economy and safety of
the distribution networks.

The remainder of this paper is organized as follows.
The distribution network reconfiguration mathematical
model is introduced in Section II. Loop-based coding
method for DNR is introduced in Section III. Section IV
details the proposed deep reinforcement learning mod-
eling of DNR. The simulation cases are studied in Sec-
tion V. Section VI presents the conclusion.

II. DISTRIBUTION NETWORK RECONFIGURATION
MATHEMATICAL MODEL

In this study, a multi-objective dynamic reconfigura-
tion model is constructed with the goal of minimizing
the active loss and voltage offset. To achieve these goals,
the objective function can be formulated as follows:
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sents the connection state of the i+ line at time 7, x,;, is 1

when the i-f line is closed and 0 when the i-j line is open;
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the active and reactive power flowing through i-j line at

time ¢, respectively; AV, and AV, are voltage offsets
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before and after reconfiguration at time ¢, respectively;
T is the total simulation time; N is the total number of

buses; ¥, is the voltage amplitudes of bus i at time ¢,

and V, . represents rated voltage of the bus i.

Additionally, the distribution network should satisfy
the power flow balance constraint, expressed as follows:
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where P, , O, are the injected active and reactive

power into bus i at time £, By, , Opg,, are the active

and reactive power generated by the DG of bus i at time
t; Bosais» Qiowa.i, are the active and reactive load of bus i

attime #; V, , is the voltage amplitudes of bus j at time ¢;

I', is the set of buses adjacent to bus i; S; is the set of
buses in the distribution network; G, , B are the con-

is the

voltage phase difference between bus i and j at time ¢.

Furthermore, the DNR also should satisfy the radial
topology constraints, and the necessary and sufficient
conditions are: 1) the number of closed branches should
be equal to the number of network buses minus the
number of substations; 2) the distribution network is
connected.

The constraint of the above necessary and sufficient
condition 1) is expressed as follows:

Ny
D x,=N-N (6)
b=1
where x, denotes the branch status variable, and
x, = 0 means the switch of the bth branch is off, oth-

ductance and susceptance of i-j line; and o,

erwise x, =1 means that the switch of the bth branch is
on; N, is the number of branches; N is the number of

buses; and N is the number of substations.

Additionally, the constraint of the above necessary
and sufficient condition 2) is achieved by a virtual
network mirroring the original network’s topology,
which is formulated as follows:
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where v, denotes the virtual power flow from bus i to j;

H is a large enough constant; S; and B, represent the

set of branches and buses in the distribution network,
respectively.
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III. LOOP-BASED CODING SCHEMES FOR DISTRIBUTION
NETWORK RECONFIGURATION

An appropriate coding method is beneficial to im-
prove the efficiency of solving the DNR model. There
are three coding methods for branches: traditional
branch coding method, branch group-based coding
method and loop-based coding method.

According to the traditional branch-based coding
method, each branch state in the network is coded with 0
or 1, where 0 denotes an open state and 1 denotes a
closed state. The branch coding approach is straight-
forward, but it has the drawback of producing a large
number of infeasible solutions, which has a negative
impact on the efficiency of solving the DNR model.

The second coding method is based on the
branch-group according to the network homeo-
morphism graph theory. Firstly, buses unrelated to the
loops are deleted, and then buses with degree two are
deleted, and the equivalent branches are merged to form
a branch group. Each branch group is a set of optimi-
zation variables, and at most one branch is disconnected
in each branch group, otherwise an island will be
formed. For a network with M loops, only when M
branches are open, the network may become radial.

The loop-based coding method regards each loop as an
optimization variable, which contains all the re-
mote-controlled switches (RCS) in a loop. A FL is de-
fined as the smallest loop that does not contain other loops.
This method ensures the radial constraint through the
following two constraints: 1) Each FL at least keeps one
branch in an open state, which avoids the formation of
loops in the distribution network, formulated as (8); and 2)
Only one branch of the common branches (CB) between
the two FLs should be open, which ensures that there will
be no isolated island in the network, shown in (9).
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where x, , represents the state of the bth branch in the /th
loop; M, is the number of RCS in the /th loop; L is the

number of FLs of the network; x, , represents the state
of the bth branch in the CB between the /th loop and the
kth loop; Cj , denotes the number branch of CB be-
tween the /th loop and the £th loop.

Through the loop-based coding, the solution space of
the DNR model can be effectively reduced without the
loss of feasible solutions, and the calculation cost is
greatly reduced. For example, the IEEE 33-bus power
system is shown in Fig. 1. The FLs and CBs of the dis-
tribution network are shown in Table I and Table II.
When all switches are closed, there are 5 loops. The
branch state of the /th loop of the distribution network
can be represented by a vector x; :

X, :(xz,lsxz,za'"axz,hs"'axz,Ml ), Vie{l,2,---,L} (10)

Then, the branch state of the whole network is rep-
resented by x:

X=X, %5, %), X)) (11)

The number of switch combinations of the three coding
methods and computing time are shown in Table III.
Compared with the branch-based coding method, the
branch-group-based coding and the loop-based coding
method can effectively reduce the action combination by
68.67% and 80.22%, respectively. Obviously, the number
of combinations of the loop-based coding method is the
fewest, which significantly increases the solving efficiency
for solving the DNR problem. The computing time is de-
fined as the sum of the time for coding and power flow
calculation of all potential DNR schemes of the different
coding methods. It can be found from Table III that the
branch-based coding time is 15788.73 s due to the large
variable dimension. Due to the reduction of variable di-
mension, the calculation time of the method based on the
branch-group-based coding is 4739.99 s. The loop-based
coding method has the shortest calculation time, only
1195.81 s, which is 92.43% and 74.77% lower than the
previous two methods, respectively. Through the
loop-based coding method, the variable dimension and
calculation time are greatly reduced. It provides a
groundwork for the establishment of MADDPG action
space. The neural network constructed by the first two
coding methods is huge and difficult to converge, so the
loop-based coding method is crucial.
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Fig. 1. FLs of IEEE 33-bus system.

TABLEI
FLs or IEEE 33-BUS SYSTEM
FLs Branches
FL1 {b3, b4, bS5, b22, b23, b24, b25, b26, b27, b28, b37}
FL2 {b6, b7, b8, b15, b16, bl7, b25, b26, b27, b28, b29,
b30, b31, b32, b34, b36}
FL3 {b9, b10, bl1, b12, b13, bl4, b34}
FL4 {b2, b3, b4, b5, b6, b7, b18, b19, b20, b33}
FL5 {b8, b9, b10, b11, b21, b33, b35}
TABLEII
CBs oF THE IEEE 33-BUS SYSTEM
CBs Branches
CBI12 {b25, b26, b27, b28}
CB14 {b3, b4, b5}
CB23 {b34}
CB24 {b6, b7}
CB25 {b8}
CB35 {b9, b10, b11}
CB45 {b33}
TABLE III

NUMBER OF SWITCH COMBINATIONS AND COMPUTING TIME
Computing time

Coding strategy Number (s)
Branch-based coding 435897 (C3) 15 788.73
Branch-group-based coding 136 548 4739.99
Loop-based coding 86 240 1195.81
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IV. REINFORCEMENT LEARNING MODELING OF
DISTRIBUTION NETWORK RECONFIGURATION

A. Principle of Multi-agent Reinforcement Learning

RL is an algorithm with self-learning ability through
the continuous interaction between agents and the en-
vironment. The agents aim to obtain the maximum
cumulative expected discount return and find the opti-
mal action policy. During the training stage, the agent

firstly observes the environment and obtains the state s, .
Next, the agent executes the action policy @, according
to its historical experience and the environment state s,

is transferred to a new state s,,,, and gets a reward r, as
feedback to the agents. Finally, the agent will update the
action policy according to the received reward r, to take
optimal action policy.

Because of the dimensionality disaster and slow
convergence speed of single-agent DRL, the MADRL is
introduced. The framework of MADRL is shown in Fig. 2.

o @]

State | Action

(o] [y

Fig. 2. Framework of MADRL.

An interactive process between agents and the envi-
ronment in multi-agent DRL can be represented by
<M.,s,(0,,0,,...,0,,),(a,,a,, a4, ), (K. 1y, 1y ), 7y >
where M is the number of agents; s is the environment
state; o, : s = 0, denotes the partial observation state
of the mth agent; a, represents the action policy of the
mth agent; r, :sxa, — Rrepresents the reward value
ofthe mthagent; 7 :sxa, xa, x---a,, — s' is the state
transition function; y is the discount factor. The agents

aim to maximize the cumulative expected discount
return, which is as follows:

max

Zy m t
T g~ s SHI"P(SHI‘S/ )

is the mth agent’s policy; a

(12)

where 7

m

represents the

m,t

action of the mth agent; r, , represents the reward of the

mth agent at time #; s, is the environment state at time ¢,
p(s,,, |s,,a,,) represents the state transition probabil-

ity of s,,, after executing a,,, at state s, .

In the context of DNR, each agent corresponds to a
FL. The environment signifies the simulated distribu-
tion network. The agents will execute the action policy

according to the state of the environment (line and bus
information), and the state of the distribution network
environment will be updated due to the actions. Then, a
new state and a reward value will be fed back to the
agents. At the same time, the agents will store the tra-
jectory of interaction with the environment, evaluate the
action policy, and guide the neural networks of the
agents to update.

B. Partially Observable Markov Decision Processes for
Active Distribution Network Reconfiguration

The partially observable Markov decision process
(POMDP) is the basis of RL modeling. POMDP is an
observation-to-action system. It represents the chances
that an action may lead to different results, and esti-
mates the specific actions that are most likely to lead to
the best results. In the POMDP, decision makers take
measures to get the best results. POMDP of DNR will
be constructed as follows, including state space, action
space and reward function.

1) State Space

In the POMDP of DNR, the mth agent state space
denotes the state of the distribution network of the mth
loop, including load, DG output, bus voltage and branch
state. The state space of the mth agent at time ¢ can be
illustrated as:

{Pload Q:;atd,PDG QDG l/n

mit 2 m,t 2 1,t 2

B,; (13)
where P, and Q' represent the vector of the active

m,t

load and the reactive load of every bus in the mth loop at
time ¢, respectively; P,; and Q)¢ represent the vector

m,t

of the active power and reactive power of every DG in
the mth loop at time #; V,,, represents the vector of bus

voltage in the mth loop at time #; B, , is the vector of

m,t
the status of every branch in the mth loop at time ¢.
2) Action Space
Because multi-agent DRL is different from the heu-
ristic algorithm, the coding method is improved ac-

cording to Section IIl. @, , is the action policy of the

m,t

mth agent at time ¢, where a,,, is a vector of n, x1 and

m,t
n,, is the number of switches in the mth loop.

Therefore, the agents’ joint action a, can be obtained

by combining all the agent actions together, which is
expressed as follows:
(14)
where M represents the number of agents, and satisfies
M=L, i.e., the number of fundamental loops in the system.
3) Reward Function

The objective of the DNR model formulated in (1) is
to minimize the active power loss and voltage offset. To
achieve the objective, the objective function needs to be
transformed into reward functions. Simultaneously, it is
imperative to ensure that the DNR solution satisfies the
power flow equation constraints and radial constraints.
Since B, and AV, represent the active power loss and

loss,t t

voltage offset before DNR, which are constants at any

at = (al,t’az,t’” "aM,t
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time 7, so deleting £, and AV, from the objective

function will not affect the agents’ exploration of the
agent policy. Consequently, the reward functions can be
transformed into as follows:

rm,t,l = _})léss,t /])loss,t (15)
where 7, ., is the opposite of active loss after recon-

figuration of the mth agent at time ¢.

N _ '
—_A Vy_ _ V;,rate V;,t
Tntp = t Z

i=1

(16)

i,rate

where 7, ,

is the opposite of the voltage offset after
reconfiguration of the mth agent at time .
Therefore, the reward for the mth agent can be for-

mulated as follows:
{rm,t,l +7,,,, Meet the constraints

m,t

. (17)
—10, Do not meet the constraints

C. Multi-agent Reinforcement Learning Algorithm for
Distribution Network Reconfiguration

To address the problem of active DNR problem with
multi-uncertainties,  this  paper  proposes a
MADDPG-based active distribution network dynamic
reconfiguration approach, which is a combination of
Q-learning and policy gradient. In the DNR problem,
each actor network will output the action policy ac-
cording to the state of the network, that is, opening or
closing of the branches in the loop, while the critic will
evaluate the reconfiguration scheme of the actor and
guide the actor network update policy. By updating the
parameters of the neural networks, the optimal policy
can be found. In addition, to address the problem of
overestimation during the training process, MADDPG
employs double networks, namely the current network
and the target network. As shown in Fig. 3, the current
network is utilized for action selection, while the target
network is employed to calculate the target Q-values.

Actor network

Critic network

Gradient
update
a=(s,) Action a,
SR carle . ork — Y q
Current netw orl) Current network) | Mjistribution
] — 1
‘ , network
Soft v Soft with noise
update Vil update -
A 4

State s,|Reward r,

pi

S
\| Target network ) / @;ctﬂf
h 4
Sample , replay memory
D(s,a,r,s") buffer

Fig. 3. Neural network structure of MADDPG.

During the training stage, the policy gradient of the
ith actor network is represented as follows:

v, J@,)=EV, logz,(a,,lo,,)0,(s.a)] (18)
where Q, (s,,a,) is the state-action value function of the
mth critic network; V, represents the operation of

obtaining the gradient of parameter 6,,.
For critic networks, the parameters can be updated by
the following Berman error:

L(Hm) = E[(Qm (st > at) - y)z]
y = rm + ]/Qm I:SHI ’am,t+1 | am,Hl = u;n (st+1 ):I
where u' is the parameter of the target network.

The pseudo code of the MADDPG-based active DNR
approach is shown as Table IV.

(19)
(20)

TABLE IV
MADDPG-BASED ACTIVE DISTRIBUTION NETWORK DYNAMIC
RECONFIGURATION FOR M AGENTS
MADDPG-based distribution network reconfiguration for M agents

Initialize MADDPG network parameters
fore=1to E do:
for =1 to T'"do:
Receive initial state o,,, = {P1*, 01 P>° .02V, B, }

for agent m = 1 to M do:
Agent m selects an action a,,, =u, (0,,,)

Execute action a . in the environment

mt
Update the distribution network state and observe the reward 7, ,
if m=M do:
Update load rate, DG output, and let o, ,, <—0,,,

Store (o,,,,4,,%,,,0,,,) in memory buffer D
else do:
0,.,, <0

m+lt mt

Store (o, ,,a",r"

a5 F" 50, ) in memory buffer D
end for
for agent m = 1 to M do:

Sample a random minibatch sample from D

Update critic by minimizing the loss
L(@®,)=E[(Q,(s,.a) - )]
Update actor using sampled policy gradient:
V,,J0,)=EV, logr,(a,,l0,)0,(s.a,)]
end for
Update target networks for each agent m:
6, '=r0,+(1-r)0,"
u,'=ru,+(1-ru,’
end for
end for

V. CASE STUDY

A. Environment and Parameter Setting

In the case study, an improved IEEE 33-bus power
system is adopted, as displayed in Fig. 4. It contains 1
substation and 37 branches, and the operating voltage
ranges from 0.90 to 1.05. Branch and bus information
can be found in [21]. Based on the IEEE 33-bus system,
wind turbines with rated power of 120, 220 and 200 kW
are integrated at buses 10, 18 and 21, respectively, with
a power factor of 0.9. The 24-hour power curves of the
load and DGs with 5% fluctuation are illustrated in
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Figs. 5 and 6, which come from the Xihe energy big
data platform [22]. The FLs and branches with RCS are
shown in Fig. 7 and Table V.

All DRL methods employed in this paper run on the
Windows 11 operating system, and the framework of
DRL is Pytorch 11.3. The computer hardware configu-
ration is i7-12500h CPU@2.50 GHz, NVIDIA GeForce
RTX 2050 4 GB GPU and 16 GB memory.

The non-DRL algorithms for comparison, namely
GA and mixed-integer second-order cone programming
(MISOCP), run on Matlab 2021b, and GA algorithm
toolbox and Yalmip+Gurobi are used to solve the model
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There are many hyperparameters involved in the
MADDPG algorithm. The parameters of MADDPG and
neural networks are set in Tables VI and VIL

TABLE VI
HYPERPARAMETERS OF MADDPG
Hyperparameter value
learning rate o 0.00001
discount factor y 0.95
training batch size 64
memory capacity 10000
max episode 1000
random exploration episode 300

TABLE VII
ACTOR AND CRITIC NETWORK STRUCTURES OF MADDPG

Layer Actor network Critic network
1 |0, /512 (ReLu) |s;| /256 (ReLu)
2 512/64 (ReLu) 256+ M;) /128 (ReLu)
3 64/M, (softmax) 128/64 (ReLu)
4 64/1 (ReLu)

B. MADDPG Hyperparameters Determination

In order to evaluate the impact of different hyperpa-
rameters, it is necessary to adjust different learning rates
and discount factors of MADDPG. Figures 8—10 plot
the training process of the MADDPG network with
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different learning rates. It can be found from Fig. 8 that
the reward of the three networks all exhibit an initial
decrease followed by an increase during training. The
larger the learning rate, the faster the convergence of
MADDPG. The convergence speed of MADDPG net-
work with the learning rate 1x10™* and 1x10~ is simi-
lar, both of which are faster than that with the learning
rate 1x10~°. However, both of them have a downward
trend after the reward reaches the maximum, and the
trend of network learning rate 1x10~ is more signifi-
cant, which is because the network is over-fitted due to

the high learning rate, making the training effect decline.

Therefore, it can be concluded that the network with a
learning rate of 1x10~ is the most stable. Besides,
when the learning rate is 1x107°, the reward is the
highest, which is 5.19% and 32.97% higher than that
when the learning rate is 1x10™ and 1x10~, respec-
tively. It can be seen from Figs. 9 and 10, the conver-
gence speed of loss value of actor and critic with
learning rate of 1x107° is slower than that of the other
two networks, but the converged loss value is the
smallest, and the training effect is better than that of the
other two networks. Thus, the learning rate is setas 1x107.
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Figures 11-13 plot the training process of the
MADDPG network with different discount factors. As
shown in Fig. 11, different discount factors have little
influence on the reward, and the neural network with a
discount factor of 0.95 converges slightly faster than the
other two networks. Similarly, from Figs. 12 and 13,
both actor and critic loss exhibit an initial increase fol-
lowed by a subsequent decrease in the training stage,
and the loss value is the fewest when the discount factor
1s 0.95, so the discount factor is selected as 0.95.

To sum up, the learning rate of the MADDPG net-
work proposed in this paper is set as 1x1075, and the
discount factor is 0.95.
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C. Simulations and Analysis

Figures 14—16 plot the training results under different
algorithms. As shown in Fig. 14, the first 300 episodes
are in the exploring stage, and the rewards of DDQN
and MADDPG fluctuate due to random exploration.
After the number of episodes reaches 300, the agents
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begin to train, and the reward of the DDQN network is
still hard to converge. However, MADDPG agents co-
operate to control the topology of the distribution net-
work, and attain good results. When the number of
episodes reaches 400, the reward value reaches the
maximum. The gray dotted and black dotted line at the
top of Fig. 14 are the objective values of GA and
MISOCP, respectively. After the algorithm is stable,
MISOCP has the best effect and the highest reward
value, but the calculation time is the longest, and
MADDPG has the second-highest reward and the
shortest calculation time. The reward of GA is slightly

lower than MADDPG, and the calculation time is longer.

Convergence of DDQN is challenging, and it has the
lowest average reward value. Figures 15 and 16 show
the loss of actors and critics, where the first 300 epi-
sodes are exploring and have not yet started training.
After 300 episodes, actor and critic losses first increase
and then decrease, the reason for the initial increase is
that the network deviation is large, and consequently the
loss value is high. After training, the Q value of critic
networks is close to the true value, and actor networks
also converge to the optimal policy, so actor loss and
critic loss begin to decline and gradually converge.
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D. Effectiveness Analysis of MADDPG

To demonstrate the superiority of MADDPG, other
three algorithms, i.e., DDQN, GA and MISOCP are
utilized to compare the active loss and bus voltage of
24-hour power grid [23]-[25].

It can be found from Fig. 17, before DGs are inte-
grated into the network, the daily average network loss
and voltage offset are significant, which are 236.21 kW
and 1.74, respectively. After DGs are connected, the
daily average network loss and voltage offset are 188.46
kW and 1.48 respectively, which are 20.21% and
14.94% lower than those before DGs connected to the
distributed network. This demonstrates that the moder-
ate integration of DG into the power system can de-
crease network loss and voltage offset. The daily aver-
age network loss and voltage offset of DDQN are
143.59 kW and 1.13, respectively. Compared with the
scheme of simply connecting DG without DNR, the
reconfiguration scheme of DDQN reduces the daily
average active power loss and the daily average voltage
offset by 23.81% and 23.65%, respectively. However,
those are still inferior to MADDPG. Under the proposed
MADDPG-based active DNR approach, the daily av-
erage network loss and voltage offset are 140.90 kW
and 0.97. Compared with those of DDQN, the proposed
approach can greatly reduce the network loss and
voltage offset by 25.24% and 34.46%. These demon-
strate that in contrast to DDQN, MADDPG agents can
better adapt to the uncertainty of load and DG, and
possess better generalization capability. Besides, the
daily average loss of GA is lower than that of
MADDPG, which is 136.03 kW, but the voltage offset
is higher than that of MADDPG, which is 1.10, so the
reward of GA is lower than that of MADDPG. As a
mathematical optimization algorithm, MISOCP has the
best result, the network loss and voltage offset are
137.38 kW and 1.03, respectively. However, the
MISOCP algorithm has the longest computation time
and cannot achieve real-time optimization of DNR. As
the size of the distribution network grows, solving the
DNR model with MISOCP becomes increasingly chal-
lenging. Additionally, the results obtained by MISOCP
are ideal solutions, because they only be applied when
the stochastic information of DG and load of the power
system are known in advance. The uncertainties in load
and DG output make it difficult to apply MISOCP in
practical distribution network scenarios. Therefore,
MISOCEP is only suitable for theoretical research as a
reference experiment.

Average network loss {1.75
200 == Average voltage offset); 50 ;
g 1.25 :g
2150 1.00 £
§ 100 0.75 &
0.50 5
30 0.25 >

Without ~ With GA
DG DG

MISOCP DDQN  MADDPG
Algorithms

Fig. 17. Daily network loss and voltage offset of different algo-
rithms.



152 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 6, NOVEMBER 2024

Figures 18 and 19 display the voltage curve of dif-
ferent algorithms. It can be found from Fig. 18 that the
result of MADDPG is close to that of MISOCP, the
voltages of MADDPG at most buses are higher than that
of DDQN and GA, and the voltage distribution is more
balanced. This demonstrates that solving the DNR with
the MADDPG can more effectively ensure the safety
and economy of power systems.
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Fig. 18. Bus voltage of different algorithms at 06: 00.

Figure 19 displays the bus voltage of the distribution
network at different times with different algorithms.
From Fig. 19 (a) and (b), it can be found that DG can
effectively improve the bus voltage. For example, the
average voltage of the bus 18 has increased from 0.9060
to 0.9304. Similarly, from Figs. 19 (c), (¢) and (), it can
also be found that DDQN, GA and MADDPG algo-
rithms have also improved the bus voltage of the net-
work, such as bus 18. The average voltage of bus 18 of
the three algorithms is 0.9578, 0.9409 and 0.9713, and
the improvement effect of MADDPG is the most ob-
vious. Consequently, the voltage of MADDPG is the
most stable.
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In brief, DG access can improve the voltage of the
power system, and DNR schemes provided by DDQN,
GA, MISOCP and MADDPG can further improve the
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voltage of the network. MADDPG exhibits superior
adaptability to non-stationary environments than
DDQN. Therefore, the optimization results of
MADDPG are superior to DDQN. Compared to
MADDPG, the heuristic algorithm GA is sensitive to
parameter selection and initial conditions, leading to
poor stability and a tendency to get stuck in local optima.
Moreover, when dealing with high-dimensional model,
GA may incur high computational costs. This implies
that more computational resources and time are needed
for large-scale problems. While MISOCP, as a mathe-
matical optimization algorithm, can theoretically obtain
global optimal solutions, it faces challenges when
dealing with high-dimensional mathematical problems
and may encounter NP-hard problems or even fail to
find solutions. Additionally, MISOCP requires knowing
the stochastic variables in advance, making it unable to
consider the uncertainty in distribution networks. Thus,
MISOCP is mostly applicable to theoretical research
and encounters challenges when attempting to imple-
ment it in actual engineering. Consequently, among the
mentioned algorithms, MADDPG is the most appro-
priate for solving the practical problem of dynamic
DNR with multiple stochastic factors.

E. Numerical Comparison Among Different Algorithms

To quantitatively demonstrate the superiority of
MADDPQG, the current benchmarks for comparing the
performance of different algorithms on DNR tasks in-
clude DDQN, GA, and MISOCP. Table VIII lists the
reward, training time and decision-making time of dif-
ferent methods.

From Table VIII, it can be observed that:

1) The reward value of MISOCP is the highest, which
is —57.5062, and that of MADDPG is —57.5349, which
is 4.2218 and 1.4654 higher than that of DDQN and GA,
respectively. This is because MADDPG can effectively
use the bus and line information of the distribution
network, so that it can find a network topology structure
more appropriate for the current state. As for GA, due to
the complexity and high dimension of the distribution
network structure, it is not conducive to the optimiza-
tion speed and accuracy of GA, resulting in a slightly
inferior performance than that of a trained MADDPG.

2) In terms of computational speed, the training times
for MADDPG and DDQN are 0.89 hour and 2.08 hour.
The training time of MADDPG is reduced by 57.21%
compared with DDQN. The decision-making times for
MADDPG, DDQN, GA, and MISOCP are 0.10 s, 0.12 s,
28.34 s and 34.94 s, respectively. The decision-making
time of MADDPG is reduced by 20%, 99.65% and
99.71% compared with DDQN, GA and MISOCP,
respectively. Traditional heuristic methods and math-
ematical optimization algorithms require optimization
based on the precise parameters of the power grid,
which is time-consuming. On the other hand, although
data-driven approaches require offline training, they do

not rely on the power grid model parameters during
online operation. These methods utilize a neural net-
work to output the policy based on learned experience,
resulting in significantly faster performance compared
to other algorithms.

TABLE VIII
COMPARISON OF EVALUATION INDEXES OF DIFFERENT
ALGORITHMS
. Training time Decision-makin,
Algorithm Reward (hofr) time (s) g
GA —59.0003 28.34
MISOCP —57.5062 34.94
DDQN -61.7567 2.08 0.12
MADDPG 57.5349 0.89 0.10

Therefore, for solving the DNR model, MADDPG
not only effectively minimizes the network active loss
and voltage offset, but also significantly reduces the
calculation time, demonstrating the remarkable superi-
ority of MADDPG.

VI. CONCLUSION

To address the dynamic DNR model with multiple
uncertainties, an approach for DNR based on MADDPG
is proposed. It can adapt to the uncertainty of DGs and
loads in the power system and provide the optimal DNR
scheme. The conclusions are the following.

1) A loop-based coding method is adopted, which
greatly reduces the solution space of DNR. Compared
with the branch-based and branch group-based coding
methods, the proposed coding method reduces the cal-
culation time by 92.43% and 74.77%, respectively.

2) The MADDPG-based active DNR approach pro-
posed in this paper can significantly reduce the network
loss and improve the voltage offset.

3) Compared to other DRL methods, the proposed
approach is more adaptable to the non-stationary dis-
tribution network environment when solving the DNR
problem. It can converge neural network parameters
faster and achieve higher reward.

4) The proposed approach demonstrates the ability to
adapt to the uncertainty of DG and load, and has lower
computational costs. The decision-making time of the
proposed approach is reduced by 20%, 99.65% and
99.71% compared with that of DDQN, GA and
MISOCP, respectively.

In the future, our work will focus on constructing
more complex DNR models and developing better DRL
algorithms to achieve more flexible control and better
results of DNR. For instance, the graph structure in-
formation of the distribution network can be fully taken
into account in the DRL algorithm to obtain better DNR
schemes.
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