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updates

DNR in [9] is implemented to minimize power losses and
voltage deviations. This model is tested on a DN using a

Electricity is one of the most essential human needs hybrid of the honey bee mating optimization (HBMO) and the
[1][2]. The electricity generation process consists of three shuffled frog leaping algorithm (SFLA). DNR aims to reduce

1. INTRODUCTION

basic stages: generation, transmission, and distribution. power losses and voltage deviations, which are modeled in
Numerous studies have been conducted to increase the [10]. This approach is simulated on a DN using the bacterial
performance of these sections [3][4]. The distribution foraging optimization algorithm (BFOA). DNR in [11] is
network (DN) is the closest part of the electricity transmission modeled using adaptive modified particle swarm
process to customers. As a result, they have a high impact on optimization (AMPSO). This method aims to minimize
customer satisfaction. Therefore, various solutions are power losses, voltage deviations, and operating costs on two
employed to improve the performance of this section, DNs. Uncertainty in load and wind turbines is also considered
including distributed generation (DG) and batteries [5], tap in this article. Dynamic reconfiguration for two DNs has been
changers [6], demand response planning, and distribution performed in [ 12]. This approach uses the modified honey bee
network reconfiguration (DNR) [7]. DNR is a practical mating optimization (MHBMO) algorithm to minimize
approach to controlling and optimizing DNs, in which the energy losses and operating costs and to increase the voltage
distribution network operator (DSO) uses switches within the stability index (VSI). The DGs, including photovoltaic (PV)
DN to optimize its operation under varying conditions [8]. panels and batteries, are incorporated into this model. In [13],
Numerous studies have been conducted in this field, using the DNR was performed utilizing a genetic algorithm (GA)
various algorithms to find the optimal arrangement of DNs. and an enhanced genetic algorithm (EGA). This study aims
Some of these studies are mentioned below. to reduce power losses and improve the reliability of DN by
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modeling and testing two DN. In [14], dynamic
reconfiguration of the DN is performed to minimize operating
costs, energy losses, and energy not supplied (ENS). This
method is implemented using the hybrid improved particle
swarm optimization-artificial bee colony optimization
algorithm, accounting for DGs. The fireworks algorithm
(FWA) was used in [15] to simultaneously and separately
perform DNR and determine DG locations. This modeling
was conducted to reduce power losses and voltage deviations
on the DN. Various loadings were employed in this article. In
[16], dynamic distribution network reconfiguration (DDNR)
is formulated as a multi-objective problem. This model is
designed using the improved particle swarm optimization
(IPSO) algorithm to minimize energy losses, ENS, and
operating cost. In this method, uncertainty in resources, the
time-of-use (TOU) mechanism, and the demand response
program (DRP) are also considered.

Mixed-integer quadratically constrained programming
(MIQCP) and mixed-integer linear programming (MILP)
algorithms are employed in [ 1 7] for DNR. These models have
been tested across seven DNs to reduce power losses and
voltage deviations. In [18], DNR is employed to reduce
power losses and voltage deviations in a DN. This article uses
the modified plant growth simulation algorithm (MPGSA)
and employs DGs, such as wind turbines and PV panels. The
DNR and DG location in [19] are used to reduce power losses
and voltage deviations. It has been exploited using the
uniform voltage distribution-based constructive algorithm
(UVDA). This approach has been tested on two DNs. DNR is
modeled using the runner-root algorithm (RRA) in [20]. This
technique is analyzed under different objective functions,
including minimizing power losses and voltage deviation,
load balancing between lines and feeders, and minimizing the
number of switching operations across two DNs. In [21], a
novel graph-based bi-level optimization model is used. In the
first step, DNR seeks to decrease power losses and voltage
deviation. In the second step, the locations of the disconnector
switches and the telecommunication load breaker switches
are tested across two DNs to minimize power losses, voltage
deviations, and ENS. The DNR and finding capacitor
locations for two DNs have been determined using the
adaptive whale optimization algorithm (AWOA) in [22]. This
approach seeks to reduce power losses, voltage deviations,
and operating costs. Reference [23] introduces the
reconfiguration of several DNs using feasibility-preserving
evolutionary optimization (FPEO). This method was
evaluated with the goal of decreasing voltage deviation and
power loss. In [24], the optimal configuration for two DNs
was determined to minimizing voltage deviation and power
loss. This modeling was simulated using binary group search
optimization (BGSO). Several meta-heuristic algorithms,
such as ant colony (AC), have been proposed in [25] to reduce
power loss and voltage deviation. This model was applied to
finding the optimal configuration for several DNs.

In [26], the DNR has been modeled to minimize power losses
and voltage deviations. This procedure is applied to two DNs
and programmed using the enhanced binary cuckoo search
algorithm (EBCSA). In [27], two DNs were reconfigured
utilizing a discrete particle swarm optimization (DPSO)
algorithm. This experiment was conducted to reduce voltage
deviation and power losses. The reconfiguration of six DNs
in [28] was performed to minimize power losses and voltage
deviations. This article employs an analytical method called
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the H-matrix. DNR has been performed in [29] along with
scheduling for electric vehicle charging and discharging. This
model has been analyzed using modified grey wolf
optimization (MGWO) to minimize power losses and voltage
deviations in two DNs. DNR is described in [30] employing
switch opening and exchange (SOE) and mathematical
programming (MP) methods. This paper aims to minimize
power losses and voltage deviations on several DNs. DNR
has been simulated in [31] using a modified sequential
switch-opening and exchange (MSSOE). This approach is
implemented to reduce power losses and voltage deviations
and has been applied to several DNs employing DGs. DNR
has been performed in [32] using a chaotic stochastic fractal
search algorithm (CSFSA). This technique has been applied
to several DNs to minimize voltage deviation and power
losses. Reference [33] is a comprehensive study on the DNR
applied to various DNs. This model is formulated as a mixed-
integer conic programming (MICP) problem to reduce power
losses and voltage deviations. DNR and on-site generation's
location are done in [34]. This seeks to decrease power loss
and voltage deviation and is evaluated on several DNs. This
model was evaluated by mixed-integer quadratic
programming (MIQP). The DNR and DG location has been
developed in [35]. This approach is done by the harmony
search algorithm (HSA) and tested on two DNs.

With the development of optimization algorithms and their
use across various fields of electricity, artificial intelligence
(AJ) is a powerful method for optimizing multiple aspects of
the electricity industry. Several studies have applied Al to the
electricity industry, such as forecasting DGs [36][37], fault
location and detection [38], and DN management
optimization. The following studies that have used Al
algorithms for DNR are discussed.

In [39], the reconfiguration of two DNs is modeled to
minimize power losses and voltage deviations. This research
employs several deep reinforcement learning (DRL)
algorithms, including deep Q network (DQN), double deep Q
network (DDQN), and NoisyNet deep Q network (NoisyNet-
DQN). DNR employs several DRL algorithms as described
in [40]. The list of modeled algorithms in this article includes
proximal policy optimization (PPO), dueling deep Q network
(Dueling DQN), DQN, soft actor-critic (SAC), and DQN with
prioritized experience replay. This approach was tested on
two DNs to minimize power loss and voltage deviation, using
action sampling to reduce the action space. DNR was
modeled utilizing DQN and Dueling DQN algorithms in [41].
This method employs action-space reduction, called power-
flow-based action sampling, and applies it to three DNs to
reduce voltage deviation and power loss. DNR is modeled on
a DN in [42]. This model is trained using the DQN algorithm
to decrease power loss and voltage deviation. In [43], DNR is
modeled using a hybrid of an explainer neural network and a
reinforcement learning (RL) agent. This method was
evaluated on two DNs with four loadings to decrease power
losses and voltage deviations. Online reconfiguration of DN
is modeled in [44] using the DQN algorithm. This modeling
aims to maintain DN stability by controlling its constraints.
This method has been tested on two DNs equipped with PV
panels and wind turbines. Dynamic reconfiguration of two
DNs in [45] has been performed to reduce switching and
power loss costs. This modeling has been investigated and
simulated using different loadings using the DQN algorithm.
Restorative dynamic distribution network reconfiguration
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(RDDNR) is modeled in [46] for two DNs under variable
conditions. This modeling is simulated using DQN and SAC
algorithms to minimize switching operations, voltage
fluctuations, and line overload, and to minimize the areas
affected by outages. A convolutional neural network (CNN)
model for stochastic distribution network reconfiguration
(SDNR) is suggested in [47]. This essay seeks to decline
power losses and enhance the VSI on two DNGs.

In [48], a new method called a loss-based experience replay
buffer was introduced to improve the learning speed of DRL
algorithms for DNR. This method was applied to three DNs
while considering uncertainty and probabilistic analysis, with
the objective of minimizing voltage deviation and power loss.

In [49], the long short-term memory (LSTM) algorithm is
utilized to determine the optimal microgrid structure. This
modeling aims to improve reliability and VSI while
minimizing voltage deviation, power losses, and operating
costs across two DNs. In this modeling, uncertainty in load,
DGs, and cyber-attacks is considered. The DDNR for two
DNs in [50] has been performed using the guaranteed
convergence particle swarm optimization (GCPSO) and
honeybee-graph (HG) algorithms, as well as DQN. This
modeling has been done to improve reliability and reduce
power losses and voltage deviations. Also, uncertainty in the
load and DGs has been considered. In [51], DRL was used for
simultaneous DNR and radial topology identification in DNs.
This method was evaluated on two DNs with the aim of
minimizing power loss and voltage deviation.

In DRL, formulating an accurate environment is crucial;
suboptimal modeling can mislead the agent, whereas a well-
designed framework significantly enhances learning
performance. While prior studies on DNR typically describe
their finalized models, they often fail to justify the selection
of specific components. To address this gap, this paper
systematically investigates which state representations and
reward functions are most effective for the DNR problem.
Across our comparative analysis, the underlying Dueling
DQN agent, the physical DN, and the action space are kept
identical, with variations introduced strictly in the state space
definitions and reward formulations. We examine state
variables adopted from existing literature alongside newly
proposed features to determine their specific impact on the
agent’s learning efficiency. Furthermore, several reward
function designs, targeting power loss minimization and
voltage deviation reduction, are rigorously evaluated. The
proposed methodology is tested on the modified IEEE 16-,
33-, and 69-bus DNs to identify the optimal modeling
strategy.

The rest of the paper is organized as follows. The second
section describes the mathematical modeling. The third
section describes the DRL algorithm and its components. The
fourth section introduces the simulation and results, and the
fifth section analyzes the simulation results. The final section
presents the conclusion.

2. MATHEMATICAL FORMULATION OF DNR

In this section, the mathematical formulations and physical
constraints governing the DNR are detailed.

2.1. Power Flow Analysis

Two popular methods for power flow in power systems
include:
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e  Gauss-Seidel method

e Newton-Raphson method

The Newton-Raphson method is the most commonly used
because it converges rapidly with fewer iterations. Initially,
the method is grounded in KCL, and estimates are then made
of the magnitudes and angles of the voltages at the load and
generator buses. Then, for each equation in the system
representing power balance, a Taylor series is developed,
neglecting higher-order terms. This results in a linear system
of equations, as shown below [52][53].

[Ihus] = [Ybus]- [Vbus] (D
Kl(z =Gy, +]'BX<P (2)
— 71
ani =" [ag ®)
Npus
AP,: = _Pi + Z|V|L |V|k(Gik COS¢ik+Bik Sin¢ik) (4)
&
AQ;=—-0Q; + Z|V|z V1 (G sin ¢ik — By, cos ¢ik) )
' aaP  aap
_|ae avi
J=ang anQ ©)
9 alV|

Where I,,,,; represents the current matrix, Y;,,¢ represents the
admittance matrix, and V¢ represents the voltage matrix of
the buses. And G, and B;, represent the conductance and
susceptance between buses i and k, respectively. AP and AQ
represent the mismatch equation, and J represents the
Jacobian matrix. The next estimation (m+/) of voltage
magnitude and angles is obtained by solving the linearized
system of equations shown below [54].
UM = @™ + A (7

[V = [v|™ + AV (®)
This process continues until a termination condition is met. A
common stopping point is when the norm of the mismatch
equations falls below a specified threshold. In this article, the
PandaPower package is employed for power flow analysis
[55].

2.2. Constraints

2.2.1. Bus Voltage Limit
The bus voltage must be between the the minimum and
maximum allowable values as follows.

VMin < Vi < VMax; i = 1,2, ---'Nbus-

)

2.2.2. Line Current Limit
The line current must be between its upper and lower limits
as follows.

0<1I; <Iye i=12,..,Npranch-

(10)

2.2.3. Radial structure Limit

One of the most basic constraints when operating DN is the
radial structure of its components. The DSO must choose the
DN arrangement to ensure this constraint is satisfied. In the
absence of network radiality, errors may occur in the DN's
protection devices. The number of tie switches in DNs must
be constant and equal to the number of DN loops. As a result,
the number of tie switches in DNs is calculated from the
following relationship [32].

Nis = Npranch — (Npus — Ns)

(11
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Where N, represents the number of tie switches, Ny ,qncn and
Np,s denote the number of lines and buses, respectively, and
N, shows the number of resources in the DNs.

2.2.4. Wind turbine
The power output of a wind turbine depends on the turbine
model and wind speed. It is calculated using the following
equation [49]:

(0; 0<vy: <vgy

T = ! Pra(A+ By, +Cv2,); Ve < Uy < Vpg (12)
Pra; Vrq < Uyt < Vo
lO; Vw,t = Veo

which PT represents the turbine’s power output. v; , Vg,
and v,, denote the cut-in, cut-out, and rated wind speeds,
respectively. B, is the rated power output, while 4, B, and C
are the specific coefficients for the turbine model.

3. RL ALGORITHM

RL is a machine learning paradigm that aims to maximize a
predefined reward signal, which represents the objective
specified by the problem designer. In addition to the reward,
RL comprises four main components: the agent, the
environment, the action, and the state. The agent is the
decision-making entity that interacts with the environment
and selects actions according to a policy in order to maximize
the cumulative reward. The environment represents the
external system with which the agent interacts and determines
the system’s response to the agent’s actions. An action refers
to any decision or operation performed by the agent that
affects the environment.

The state represents the current configuration of the
environment as perceived by the agent. In a Markov state, the
current state contains all the information required to predict
the next state and reward, such that the future is conditionally
independent of the past given the present state. This property
is known as the Markov property. If the state does not fully
capture the system dynamics, the problem is considered non-
Markovian, and additional historical information may be
required for optimal decision-making. The overall structure
of the RL framework is depicted in Fig. 1.

. .
IAgent .
i . |
i <EN Policy :
Tl |E |
Il 2 a |
@ | o [
e |2 |
| - L
I RL ’ |
| "| algorithm |} _ -1
._ X L — ) ’
N I —
r(s,a)
yd
Reward calculation
s -~ a
Environment [«

Fig. 1: General structure of the RL algorithm framework.
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RL algorithms are generally categorized as on-policy or off-
policy. In on-policy methods, the policy used to interact with
the environment is the same as the policy being learned. In
contrast, in off-policy methods, the behavior policy differs
from the target policy being optimized. A well-known on-
policy algorithm is SARSA, in which the state—action value
function is updated as follows:

0(s,) « Q(s,@) +a(r +7vQ(s,a) — Q(s,@)  (13)
An example of an off-policy algorithm is Q-learning, where
the update rule is given by:

0(5,@) < Q(s,@) + a(r + maxQ(s',) — (s, @)  (14)

In these equations, a represents the learning rate.
3.1. DRL Algorithm

In this study, the state of the problem is defined in various
forms. A critical point is that the state dimensionality in the
DNR problem is high, which makes the use of DRL essential.
One of the DRL algorithms is DQN. This algorithm utilizes
an experience replay buffer, where experiences are stored in
the form of (s, a;, 13, S¢). At each time step, a random mini-
batch is sampled from the buffer, and the loss function is
computed using the following equation [56][57]:
K

1
LO) = Y 0= 9

i=1
Where K is the batch size, and y; and y; are defined as
follows:

(15)

9i = Qa(si,ay) (16)
T if s' is terminal
Yi=r+ y max Qg (si,a’) if s' is not terminal (17
a

Where 6 and 8’ show the main and target parameters of the
neural network, respectively.

One extension of DQN is the Dueling DQN algorithm [58].
In this architecture, the neural network branches into two
separate streams to estimate the state value function (V-
function) and  the advantage  function  (A-function),
respectively. The final action-value function (Q-function) is
then computed as follows:

Q16,,6,,651(5, @) = Vig, 0,1(5)

+ (A[‘gl,gz] (S, a)

1
- EZA[el.ez](s'a )>
a

In these equations, 8;represents the weights of the shared
layers, 8, denotes  the weights of theA  stream,
and 63 denotes  the  weights of theV  stream.
Additionally, A indicates the number of possible actions in a
given state. In this research, the Dueling DQN algorithm is
employed as the baseline. This algorithm was selected
primarily due to its high sample efficiency compared to other
methods, its straightforward implementation, and its ability to
deliver excellent performance in problems involving discrete
action spaces, given that DNR is inherently a discrete
problem. The components of the proposed method will be
elaborated upon in the following section.

3.2. Problem Modeling using DRL

(18)

In the DNR problem, the agent is the DSO, responsible for
opening and closing switches as actions. The environment is
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the DN itself, which is linked to the PandaPower package in
this article. Most prior studies have employed a single reward
function for the DNR problem. However, in this research, to
precisely investigate the impact of the reward function on the
final solution, three distinct reward functions are introduced
and compared. The total power loss is incorporated into the
reward function via the following equation:
P,
Tlosst = = (19)
total,init

where Py, Tepresents the total line power losses in the
current configuration, and Pyytq;inie denotes the total line
power losses in the initial DN state. Essentially, this term
aims to minimize the current power losses relative to the DN's
initial power losses. To incorporate voltage deviation into the
reward function, the following two options are available:

1 Npus
Tmaet = — N z |vl' - vT€f| (20)
bus &=
i=1
Npus
1 2
Tmset = — N Z (vi - vref) @n
bus =1
where v; represents  the  voltage at thei-th  bus,

and v, denotes the reference voltage, which is typically one
p.u. Based on the three terms introduced above, three reward
functions are defined as follows:

Reward 1: 1, = 1555 (22)
Reward 2: 1. = 1jgsst + MTmaer (23)
Reward 3: 1 = 1ipsst + AaTimser (24)

Another important factor that significantly affects the agent's
learning process is the state. The learning process depends on
the agent's state at any given moment. In previous research,
only three states were available to the DSO, whereas in DN,
data from those states may be unavailable under different
conditions. Therefore, examining the variable effective states
for DRL-based modeling of DNR is sensitive. In this paper,
we modeled several states that the DN can experience under
different conditions, as shown as follows:

S1 = [pe, q¢] (25)
S2 = [pt, qp, ] (26)
S3 =[] 27)
S4 = [vg, at] (28)
S5 = [vt, ¢¢] (29)
§6 = [vy, Pr, a¢] (30)

As a result, the Dueling DQN algorithm is trained under six
modeled states. In these models, a, denotes the
connected/disconnected status of lines; v; and ¢, denote the
buses' voltage and voltage angle, respectively; p, and q,
denote the active and reactive power of all buses,
respectively. The investigated states essentially determine the
number of input neurons in the utilized neural network. As
the length of the state vector increases, the number of these
input neurons correspondingly increases. In practice, the
differences among the various state representations lead to
structural changes in the neural network’s input layer during
implementation. Furthermore, when storing experiences in
the replay buffer, more complex state representations require
additional memory space.

As explained above, a detailed comparison of the proposed
method's modeling of the structures of different DRL
components with previous articles is presented in Table 1. An
examination of the modeled sections reveals numerous
similarities across the DRL models used in prior DNR
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research. The DN operator is an agent that seeks to find its
optimal configuration in different conditions by interacting
with the DN.

To do this, it performs the action selection process by
changing the structure of the DN by disconnecting or
connecting its lines, and receives a response from the
environment accordingly. In this research, because the DSO
seeks to minimize power losses and voltage deviations, these
parameters are incorporated into the reward function. As a
result, through trial and error, the DSO moves toward the
optimal policy and ultimately identifies the optimal DN
structure. The difference between previous research is the
state in DRL. Therefore, in this research, various states that
can affect the agent's learning process are modeled, including
those identified in prior research. In addition, three reward
function formats were designed to minimize power losses and
voltage deviation, as discussed above. In summary, Fig. 2
illustrates the learning process of the proposed model within
the DN. Furthermore, the pseudocode for the proposed

algorithm is provided in Algorithm 1.
Table 1: A comparison of the various parts modeled in DRL with previous
research.

Ref Agent ENV__ Action State Reward
[39] DSO DN lines [Pe, q¢] Pioss + VD
[40] DSO DN lines [Per g ;] P,ss + VD
[41] DSO DN lines [pe, ge ;] Piyss + VD
[42] DSO DN lines [ve, @] Pyss + VD
[43] DSO DN lines [pe, ge ;] Piyss + VD
[51] DSO DN lines [pe, qe ;] Pyss + VD
[48] DSO DN lines [ve, ] Pioss + VD
This : P loss»
rescarch DSO DN lines Eq 25-30 Pgss + VD

ENV= Environment, lines= Disconnecting or connecting lines.

[Distribution Network)

@37@ I S

VSV S mimam =

-
Replay Memory

(s, a,, 1) 5)))

DQN Loss Function:
£(6,,0,,0,)

Fig. 2: General structure of the proposed modeling.
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Algorithm 1 Dueling DQN for DNR

1. Input: modeled state and reward.

2. Output: optimal policy.

3. Initialize:

4. Online Q-network with random parameters 6 =

[011 02' 93]

5 Target Q-network with parameters 6~ = [61, 05,05 ]

6 Replay buffer D

7. Exploration rate &,

8 Main loop (for episode =1 to M):

9. Reset the environment and receive s

10. for each time step:

11. Select and apply action a; according to € — greedy
policy and receive s{ and

12. Store (S¢, ag, 13, St) in replay buffer

13. Select a mini batch from the replay buffer and train
the agent according to Equation 15

14. Set s; = s and update € value

15. Every C episodes set 6~ = 60

4. SIMULATION AND RESULTS

The IEEE modified 16- and 33-bus DNs were used as the first
and the second test DNs, and the IEEE 69-bus DN as the third.
The specifications of these DNs are shown in Table 2, and
their general structure is shown in Figs. 3 to 5.

Table 2: Characteristics of the tested DNs.

DN specifications 16-bus 33-bus 69-bus
Number of buses 15 33 69
Number of lines 17 37 73

Rated voltage (kV) 12.66 12.66 12.66

Tie switches S15-S17 ~ S33-S37  S69-S73

Power loss (kW) 511.390 202.677 225

AVD (p.u.) 0.0141 0.0515 0.0266
Minimum voltage (p.u.) 0.9693 0.913 0.909
AVD: Average voltage deviation.

Substation
1
S5 6 s17 15 S14
Fig. 3: Structure of the first test DN.
19 20 21 22
13 14 15 16 17 18

Substation

26 27 28 29 30 31 32 33

23 24 25 :
000 oo

Fig. 4: Structure of the second test DN.
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60 61 62 63 64 65

Substation
132/12.66 kV.

36 37 38 39 40 41 42 "344 45 46

§36 7 S37 T S38 839 T S40  S41 S42 T S43 7844 T S45

Fig. 5: Structure of the third test DN.

An important point regarding the simulations in this section
is that, for each reported result, the proposed algorithm was
executed ten times. In addition, to generate the reward curves,
the plots were averaged across the ten runs and then smoothed
with a 100-run moving average. Furthermore, the standard
error is illustrated as lightly shaded regions in all plots, and
the most frequent outcome across these ten runs was selected
as the final configuration. The hyperparameters used in this
study are listed in Table 3. Additionally, 4; and A, are
supposed to be 10 and 50, respectively. These values are
selected by empirical tests.

4.1. First Case Study’s Results

The convergence curves of the agents trained on the 16-bus
DN using different models are shown in Fig. 6. As can be
observed from this figure, almost all of the proposed reward
functions converge smoothly to their final solution. The lower
values of the Reward 2 and Reward 3 curves at most time
steps are due to the presence of an additional negative term in
their reward functions. Overall, in this DN, all models
converge stably to their final solutions. Moreover, all
assumed states in this DN preserve the Markov property,
ensuring appropriate behavior of all reward functions.

Table 4 presents the final switching combinations for this DN
under different states and reward functions. As can be
observed, all models have converged to the same solution. In
addition, Fig. 7 illustrates the average voltage deviation and
power losses of the obtained combinations for each model,
which again indicates that all considered states and reward
functions are appropriate for this DN. Moreover, a significant
improvement relative to the DN's initial condition is observed

in all models.
Table 3: Hyperparameters of the proposed algorithm.

Hyperparameter Value
16-bus 33-bus 69-bus
Hidden units {32,32} {32,32} {32,32}
Activation function ReLU ReLU ReLU
Replay buffer capacity 500 2000 2000
Batch size 16 128 128
Learning rate 0.005 0.0005 0.0005
Optimizer RMSprop ~ RMSprop ~ RMSprop
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4.2. Second Case Study’s Results

The proposed algorithm was also applied to the second test
DN across different state-modeling schemes. The resulting
convergence curves, representing the learning process of the
agent under these modeled states, are shown in Fig. 8.
According to this figure, the performance of Reward 1 is
generally superior, as it reaches a near-stable state in a shorter
period of time. In addition, the converged policies obtained
for different models are presented in Table 5. As shown in
this table, due to the complexity of this DN, the converged
policies across models are not identical.

Fig. 9 illustrates the power losses and the average voltage
deviation for different models. In terms of power losses, the
best performance is achieved with Reward 1 in combination
with states S2 and S6, whereas the minimum average voltage
deviation is obtained with Reward 2 and Reward 3. Overall,
all reward functions perform best under state S6 and worst
under state S1. These results clearly highlight the critical role
of state representation in DRL-based control of DNs. As DN
complexity increases, richer, more informative state
definitions are required to preserve the Markov property,
thereby yielding more stable learning and superior control
performance.

4.3. Third Case Study’s Results

The learning process of the DRL agent under different state
models for the third test DN is shown in Fig. 10. These curves
indicate that all three proposed reward functions exhibit
stable performance in this DN. In addition, Table 6 presents
the converged policies for the different models, indicating
that the models perform differently in this DN. The numerical
results from each of these models are shown in Fig. 11.
According to this figure, the lowest power losses are again
achieved by combining Reward 1 with states S2 and S6. In
addition, the reward functions Reward 2 and Reward 3 can
achieve optimal power loss performance in certain states. In
contrast, the minimum average voltage deviation is obtained
from the combination of Reward 2 and S6, indicating that
adding a voltage-related term to the reward function can
effectively reduce average voltage deviation. Overall, in this
DN, all models significantly reduce both voltage deviation
and power losses relative to the DN's initial configuration,
and the percentage variations in the results are smaller than
those observed in the 33-bus DN.
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Fig. 6: Converge diagram in the first DN under different modeling: (a) state S1, (b) state S2, (c) state S3, (d) state S4, (e) state S5, (f) state S6.

Table 4: Policies learned by the agent in the first DN.

Reward 1 Reward 2 Reward 3
State Open switches State Open switches State Open switches
S1 10-8, 7-9, 6-15 S1 10-8, 7-9, 6-15 S1 10-8, 7-9, 6-15
S2 10-8, 7-9, 6-15 S2 10-8, 7-9, 6-15 S2 10-8, 7-9, 6-15
S3 10-8, 7-9, 6-15 S3 10-8, 7-9, 6-15 S3 10-8, 7-9, 6-15
S4 10-8, 7-9, 6-15 S4 10-8, 7-9, 6-15 S4 10-8, 7-9, 6-15
S5 10-8, 7-9, 6-15 S5 10-8, 7-9, 6-15 S5 10-8, 7-9, 6-15
S6 10-8, 7-9, 6-15 S6 10-8, 7-9, 6-15 S6 10-8, 7-9, 6-15
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Fig. 7: Different modeling results in the first DN by the proposed method.
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Fig. 8: Converge diagram in the second DN under different modeling: (a) state S1, (b) state S2, (c) state S3, (d) state S4, (e) state S5, (f) state S6.

Table S: Policies learned by the agent in the second DN.

Reward 1 Reward 2 Reward 3
State Open switches State Open switches State Open switches
S1 9-10, 14-15, 32-33, 7-8, 28-29 S1 11-12, 14-15, 18-33, 6-7, 27-28 S1 10-11, 14-15, 17-18, 7-8, 27-28
S2 9-10, 14-15, 32-33, 7-8, 25-29 S2 9-10, 13-14, 18-33, 7-8, 27-28 S2 9-10, 14-15, 18-33, 7-8, 27-28
S3 9-10, 14-15, 32-33, 7-8, 28-29 S3 9-10, 14-15, 18-33, 7-8, 27-28 S3 9-10, 14-15, 18-33, 7-8, 28-29
S4 9-10, 14-15, 32-33, 7-8, 28-29 S4 9-10, 14-15, 18-33, 7-8, 28-29 S4 9-10, 14-15, 18-33, 7-8, 28-29
S5 9-10, 14-15, 32-33, 7-8, 28-29 S5 9-10, 14-15, 18-33, 7-8, 28-29 S5 10-11, 14-15, 32-33, 7-8, 27-28
S6 9-10, 14-15, 32-33, 7-8, 25-29 S6 9-10, 14-15, 18-33, 7-8, 28-29 S6 9-10, 14-15, 32-33, 7-8, 28-29
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Fig. 9: Different modeling results in the second DN by the proposed method.
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Fig. 10: Converge diagram in the third DN under different modeling: (a) state S1, (b) state S2, (c) state S3, (d) state S4, (e) state S5, (f) state S6.

Table 6: Policies learned by the agent in the third DN.
Reward 1 Reward 2 Reward 3
State Open switches State Open switches State Open switches
S1 13-14, 13-21, 62-63, 11-43,57-58 S1 13-14, 13-21, 63-64, 11-43, 55-56 S1 13-14, 13-21, 63-64, 11-43, 56-57
S2 13-14, 13-21, 61-62, 11-43, 56-57 S2 12-13, 14-15, 62-63, 11-43, 54-55 S2 13-14, 13-21, 62-63, 11-43, 55-56
S3 13-14, 13-21, 62-63, 11-43, 55-56 S3 13-14,13-21, 61-62, 11-43, 57-58 S3 13-14, 13-21, 62-63, 11-43, 56-57
S4 14-15, 13-21, 63-64, 11-43, 55-56 S4 13-14, 13-21, 61-62, 11-43, 53-54 S4 13-14, 13-21, 62-63, 11-43, 55-56
S5 13-14, 13-21, 62-63, 11-43, 57-58 S5 13-14, 13-21, 62-63, 11-43, 55-56 S5 13-14, 13-21, 61-62, 11-43,57-58
S6 13-14, 13-21, 62-63, 11-43, 57-58 S6 13-14, 13-21, 62-63, 11-43, 58-59 S6 14-15, 13-21, 63-64, 11-43, 55-56
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4.4. Comparative Results

A comparison with non-DRL methods, including
mathematical and metaheuristic approaches, for the second
and third case studies is presented in Tables 7 and 8,
respectively. In these evaluations, state representation S6 and
reward function 1 were utilized. As shown in Table 7, it
achieved better results compared to FWA, Graph, FPEO,
EBCSA, and H-matrix. The SOE and MP methods obtained
results similar to the proposed method. In addition, in Table
8, it performed better than MSSOE, HSA, FWA, BGSO, and
AC. Notably, regarding power loss, the proposed algorithm
achieves the minimum value in both tables. These results
indicate that the proposed modeling framework is not only
effective compared to other DRL configurations, it also
demonstrates highly competitive and superior performance

against conventional optimization algorithms.
Table 7: Algorithms comparative in second case study.

Algorithm PL (kW) AVD (p.u) MV (p.u)
Initial 202.677 0.0515 0.913
Proposed method 139.551 0.0348 0.9378
SOE [30] 139.551 0.0348 0.9378
MP [30] 139.551 0.0348 0.9378
FWA [15] 139.978 0.0326 0.9413
Graph [21] 139.978 0.0326 0.9413
FPEO [23] 139.978 0.0326 0.9413
EBCSA [26] 139.978 0.0326 0.9413
H-matrix [28] 139.978 0.0326 0.9413

AVD: Average voltage deviation, PL: Power loss, MV: Min voltage.

Table 8: Algorithms comparative in third case study.

Algorithm PL (kW) AVD (p.u) MV (p.u)
Initial 225 0.0266 0.909
Proposed method 98.697 0.0124 0.9495
MSSOE [31] 98.697 0.0129 0.9494
HSA [35] 105.221 0.0140 0.9494
FWA [15] 116.486 0.0175 0.9495
BGSO [24] 98.800 0.0142 0.9495
AC [25] 98.800 0.0142 0.9495

AVD: Average voltage deviation, PL: Power loss, MV: Min voltage.

4.5. The Effect of Uncertainty on Proposed Method

In this section, it is assumed that wind-based DGs are
integrated into two more complex DNs: the second and third
case studies. For the second case study, these DGs are
installed at buses 8, 18, 24, and 30, while in the third case
study, they are located at buses 10, 22, 48, and 60. Fig. 12
illustrates the considered uncertainties regarding the DN
loading levels and wind speed variations over a daily period.
From this daily profile, hours 9, 15, 19, and 24 have been
specifically selected for detailed evaluation. These distinct
operating hours are subsequently analyzed and referred to as
Scenarios 1, 2, 3, and 4, respectively.

The simulation results for the second case study are presented
in Fig. 13. As can be observed, the proposed method
successfully reduces both power loss and average voltage
deviation across all examined scenarios compared to the
initial configuration. This demonstrates the robust
performance and adaptability of the model when subjected to
uncertainties. Furthermore, the results indicate that the
improvements achieved by the Dueling DQN algorithm are
particularly significant during the more severe operating
conditions (Scenarios 1 and 3), highlighting the algorithm’s
effectiveness in managing stressed DN states.

Fig. 14 illustrates the simulation results across the four
defined scenarios for the third case study. Similar to the
previous test case, the proposed Dueling DQN achieves
substantial reductions in both power loss and average voltage
deviation. It is noteworthy that the most dramatic
improvements occur during the highly stressed conditions of
Scenarios 1 and 3. This consistent behavior across a larger
system underscores the scalability of the proposed method
and its capability to maintain optimal grid operation even
under severe DN stress.
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5. COMPARATIVE ANALYSIS OF SIMULATION
RESULTS

In the simulation section, the Dueling DQN method is

evaluated on three different IEEE DNs. To investigate the

impact of modeling choices, six different state representations

and three different reward functions are considered. The key

findings obtained from the simulations are summarized as

follows:

= For the 16-bus DN, all models converge to the same
solution. However, as the complexity of the DN
increases, the proper selection of state representations
and reward functions becomes increasingly important.

= In general, increasing the amount of information
included in the state representation leads to a process
with stronger Markovian properties. The simulation
results support this claim, as in most cases on the 33-bus
and 69-bus DNs, the S6 state representation yields the
best performance across the corresponding reward
functions.
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= A strong correlation is observed between the average
voltage deviation and power losses in DNs. As a result,
even when the reward function is defined solely in terms
of power losses, a significant reduction in voltage
deviations can still be expected.

=  Adding a voltage-related term to the reward function can
lead to solutions with improved voltage deviation
performance. However, this improvement may come at
the cost of increased power losses.

= Incorporating a voltage term into the reward function
increases the learning process's sensitivity to the selected
state representation. Therefore, when such a reward
function is used, it is recommended that the chosen state
representation include as much DN information as
possible.

= In general, the designed states for the DNR problem in
this article are helpful because they significantly reduce
power losses and average voltage deviation relative to
the initial DN configuration.

=  Although increasing the complexity of the state
representation theoretically adds to the computational
burden, the convergence plots demonstrate that the
average training time across different states remain
remarkably similar. This is primarily because, in the
proposed algorithm, the majority of the processing time
is consumed by experience gathering (interaction with
the environment). Furthermore, since the neural network
training is accelerated using a GPU, expanding the input
dimensions has a negligible impact on the overall
training time.

6. CONCLUSION

This study explores the application of the Dueling DQN
algorithm for distribution network reconfiguration (DNR) to
effectively minimize power losses and voltage deviations in
three distribution networks. Furthermore, the impact of
uncertainty in distributed generation and load profile has been
simulated to demonstrate the flexibility of the proposed
method. A major focus is placed on the underlying learning
formulation, revealing that the success of the deep
reinforcement learning (DRL) agent is highly dependent on
how state representations and reward functions are carefully
designed. The evaluations demonstrate that including a
broader range of network parameters in the state
representation generally leads to better optimization
outcomes. Additionally, adding voltage-specific terms to the
reward function improves the system’s voltage profile,
though it makes the agent’s performance more sensitive to the
chosen state variables. Overall, the findings indicate that the
optimal state formulation is not universal and must be tailored
to the specific complexity of the distribution network;
however, in general, a state representation containing more
elements usually better preserves the Markov property.

Although the proposed method performs well across
various distribution networks, it may require significant
training time. Future research will focus on implementing
transfer learning techniques to leverage the agent’s learned
experiences from smaller distribution networks for
application in larger ones, as well as reducing training time
with action space reduction methods.
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