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ABSTRACT: Effective partitioning is crucial for enabling parallel restoration of power systems after blackouts. This
paper proposes a novel partitioning method based on deep reinforcement learning. First, the partitioning decision
process is formulated as a Markov decision process (MDP) model to maximize the modularity. Corresponding
key partitioning constraints on parallel restoration are considered. Second, based on the partitioning objective and
constraints, the reward function of the partitioning MDP model is set by adopting a relative deviation normalization
scheme to reduce mutual interference between the reward and penalty in the reward function. The soft bonus scaling
mechanism is introduced to mitigate overestimation caused by abrupt jumps in the reward. Then, the deep Q network
method is applied to solve the partitioning MDP model and generate partitioning schemes. Two experience replay
buffers are employed to speed up the training process of the method. Finally, case studies on the IEEE 39-bus test
system demonstrate that the proposed method can generate a high-modularity partitioning result that meets all
key partitioning constraints, thereby improving the parallelism and reliability of the restoration process. Moreover,
simulation results demonstrate that an appropriate discount factor is crucial for ensuring both the convergence speed
and the stability of the partitioning training.

KEYWORDS: Partitioning method; parallel restoration; deep reinforcement learning; experience replay buffer; parti-
tioning modularity

1 Introduction

Power systems are vulnerable to outages caused by natural disasters, equipment failures, and other
factors. Notable examples include the widespread blackout in Spain and Portugal on 28 April 2025, the
power outage in the UK in 2019 [1], several major power outages in Europe in 2021 [2], and the power
outage in Texas, America, in 2021 [3]. Consequently, it is crucial to develop and implement rapid restoration
techniques to reduce outage duration and reduce outage losses. Restoration modes generally include
sequential restoration and parallel restoration. Since sequential restoration follows a single restoration path
and often entails prolonged restoration times, it is unsuitable for large-scale outages. In contrast, parallel
restoration accelerates the restoration process by simultaneously restoring multiple subsystems [4].

In recent years, research on parallel restoration strategies has garnered increasing attention. By dividing
a power system outage into multiple independent subsystems, restoration efforts can be initiated simul-
taneously among these subsystems, thereby reducing the overall outage duration. Developing efficient
partitioning schemes is central to parallel restoration in power systems and warrants further study. Various
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methods have been proposed to address this partitioning problem, including complex network theory, graph
theory, mathematical programming, and intelligent methods.

Based on the complex network theory, Zou and Li [5] used an improved Fast-Newman algorithm and
a weighted modular Q function to optimize the system partitioning. However, the method failed to consider
the power balance within the subsystem. The virus propagation model is categorized as a propagation-
dynamics algorithm within the framework of complex network theory. Since Huang et al. [6] proposed a
partitioning method based on the susceptible-infected-recovered model, where different blackstart resource
was regarded as “virus sources,” their propagation paths determined the formation of subsystems. However,
the infection rates in the method are challenging to set accurately, which may lead to deviations in the
partitioning result. Yang et al. [7] proposed an improved GN-based partitioning method for community
detection methods. However, the improved GN algorithm relied on edge betweenness and system strength
weights, which resulted in relatively high computational complexity. Yang et al. [8] proposed a balanced-
depth algorithm to accelerate partitioning for a power system. Case study results showed that, compared
with other partitioning methods, this algorithm achieved higher efficiency and generated higher-quality
partitioning results. And by introducing the electrical coupling strength (ECS) and an improved Fast-
Neumann algorithm, Zhao et al. [9] optimized the partitioning quality. However, the impact of variations in
the ECS parameter on the partitioning result was not discussed. Moreover, constraints such as the balance
of subsystem sizes were not considered. As a simple and efficient community detection algorithm, the Label
Propagation Algorithm (LPA) was also applied to partition a power system [10,11]. Wei et al. [10] proposed
a method based on the LPA combined with cooperative game theory. By introducing the Shapley value of
buses, reference [10] realized a cooperative game strategy process between buses and subsystems to prevent
label oscillations. However, cooperative game theory requires enumerating all possible combinations of
nodes and subsystems, resulting in a computational burden for large systems. To address the oscillation
problem commonly encountered in the LPA, Huang et al. [11] proposed an efficient method that introduced a
strategy where labels influenced their buses to avoid oscillations. However, reference [11] used an exhaustive
search method to refine the partitioning strategy, which could lead to low computational efficiency. Sun
et al. [12] proposed a two-stage power grid partitioning strategy that integrates grid structural features and
node voltage characteristics. Yet, the optimization adjustments during the partitioning process significantly
increase computational complexity.

Based on the graph theory, Li et al. [13] used the minimum spanning tree algorithm to construct the
power system network backbone with the shortest restoration time. At the same time, schedulable loads
were considered to address the minimum power output constraints of generators. However, generating
candidate partitioning schemes through exhaustive enumeration and evaluating them individually could
increase computational complexity and affect scalability. Ganganath et al. [14] proposed a partitioning
method for the power system using a three-step strategy, including initialization modeling, constraint
satisfaction, and greedy clustering. However, this partitioning model did not consider the size balance
constraint among subsystems, which may result in a certain subsystem becoming excessively large. Spectral
clustering algorithms in graph theory have been applied to power system partitioning. For instance, Sarmadi
and Dobakhshari [15] proposed the partitioning method based on spectral clustering; Hu et al. [16] proposed
an improved spectral clustering-based partitioning method that addresses the sensitivity to initial values;
Feng et al. [17] proposed a spectral clustering-based partitioning method that accounts for wind power
integration. Chakrabarty et al. [18] proposed a partitioning based on K-means clustering. Yet this method
depends on pre-outage system topology and heuristic rules. However, the spectral clustering algorithms
involve significant eigenvalue decomposition, which increases computational complexity. Kyesswa et al. [19]
investigated the performance differences of several partitioning methods (KaFFPa, spectral clustering, and
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METIS) in AC optimal power flow and dynamic power system simulation. The study showed that the KaFFPa
partitioning algorithm outperformed other methods regarding computational speed and scalability.

The partitioning problem is usually treated as an optimization problem. Jiang and Ortmeyer [20] used
a propagation-based mixed-integer linear programming method, considering power balance constraints
between various types of generators and loads. However, this method is complex and relies on detailed
mathematical modeling. Wu et al. [21] proposed a partitioning method based on mixed-integer nonlinear
programming, which assigned blackstart resources and load buses to each subsystem according to electrical
distance and power flow tracing results, while progressively satisfying the power balance within each
subsystem. Wang et al. [22] proposed a partitioning method for a power system based on the location
of blackstart resources, while employing the ADMN algorithm to coordinate power exchange among
subsystems. Hartmann et al. [23] proposed a quantum optimization-based power grid partitioning method.
However, hardware constraints and high sensitivity to parameters limit its applicability. Li et al. [24]
developed a partitioning model based on mixed-integer linear programming, solving it using the Normalized
Normal Constraint and the Variation Coeflicient method. However, this study did not sufficiently discuss
the impact of parameter variations on the partitioning result. Hartmann et al.

Based on the intelligent algorithms, Talib et al. [25] proposed a partitioning method based on the
heuristic search for lower total restoration time. The method searched for suitable cut sets to balance the
restoration time of each subsystem as much as possible. Thereby, the overall restoration speed was improved.
However, the method relied on preset heuristic rules, making it less adaptable to power systems with
different structures. Sun et al. [26] proposed a two-step grid-connected restoration partitioning strategy.
First, a grouping model for the resource is established. Then, based on graph theory, the power system is
partitioned to minimize interconnections between subsystems. However, the model has a relatively high
computational complexity. Huo et al. [27] proposed a load restoration optimization strategy based on power
system partitioning. The partitioning problem was solved by using an improved genetic algorithm. However,
the limitations of the genetic algorithm may lead to local optima in some cases. Pan and Zhang [28] proposed
a flexible blackstart partitioning method for a power system, introducing a subsystem restoration time
balance index. However, the method is relatively sensitive to initial data and heuristic rules.

With the rapid development of artificial intelligence technologies in recent years, several researchers
have applied DRL algorithms to solve power system problems. DRL performs well in solving complex
decision-making tasks as an adaptive optimization algorithm. Thus, DRL has gradually been applied in
making decisions for power system restoration [29-31]. Du and Wu [29] used expert demonstration data to
improve the agent’s learning efficiency, avoid random exploration risks, and optimize microgrid restoration
decisions. Hosseini et al. [30] used the Soft Actor-Critic algorithm to train local controllers for distributed
resources, enabling swift and accurate power restoration operations facing uncertainties. Igder and Liang [31]
used the Deep Q-Network (DQN) method for microgrid service restoration, allowing the agent to select the
optimal restoration path and achieve efficient power restoration. In summary, DRL has performed excellently
in solving power system problems. The existing methods for partitioning have relatively high computational
complexity, or the algorithms easily fall into local optimal solutions.

This paper proposes a novel partitioning method for power system restoration based on DRL. The agent’s
partitioning decision process involves identifying subsystem boundaries and assigning nodes to different
subsystems. By considering the distribution of blackstart resources, the balance of node number among
subsystems, and the power balance of the subsystem, this method can generate a power system partitioning
scheme for parallel restoration.
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The main contributions are as follows:

o The partitioning decision process for power system parallel restoration is first modeled as a Markov
Decision Process (MDP). According to partitioning characteristics, the state and action spaces are
constructed for reasonable partitioning schemes.

« A novel partitioning method based on DRL is proposed. Through trial and error, the agent can find the
optimal subsystem boundaries to partition the blackout system rapidly.

o The sensitivity of DRL parameters to the partitioning decision process is evaluated. The significant
influence of varying discount factors on the training process of the partitioning decision has been
experimentally verified.

The rest of this paper is organized as follows. Section 2 introduces the partitioning model of power
system parallel restoration. Section 3 formulates the partitioning decision process of power systems as an
MDP model. Section 4 solves the partitioning model of power systems using the DRL algorithm. Section 5
uses the IEEE 39-bus test system for partitioning simulation to verify the effectiveness of the proposed
method. Section 6 is a summary of this paper.

2 Partitioning Model for Power System Parallel Restoration

Based on graph theory, a power system can be abstracted as a graph composed of edges and nodes, where
the edges represent transmission lines or transformers, and the nodes represent power plant-, substation-,
or load-buses. Partitioning tasks are to find the boundary edges among subsystems or to divide nodes into
different subsystems.

Reasonable partitioning for power systems following blackouts is helpful for effective parallel restoration
of multiple subsystems. According to the partitioning strategy, each subsystem can restore itself indepen-
dently and quickly. Thus, this section proposes the partitioning model for power system parallel restoration
to maximize modularity, subject to constraints including balance of node number among subsystems,
distribution of blackstart resources, and power balance within each subsystem. The derived subsystems are
generated by solving the proposed model for parallel restoration.

It assumes that the power system topology remains unchanged after blackouts. Dual-circuit lines or
multiple-circuit lines are treated as single-circuit lines. Since the restoration task is to restore the outage
system to its state as much as possible before the outage, the loads do not consider the fluctuations throughout
the day.

2.1 Objective

Modularity is an important metric used to measure network partitioning and evaluate the quality of
node division within a network [32]. According to the community detection theory, modularity effectively
captures the strength of connections among subsystems and nodes within each subsystem. This paper uses
modularity as the partitioning objective for a power system to measure the partitioning quality. According
to [33], modularity can be calculated as follows:

Q= Zn:i Al-——kikj 8 (civir i) €]
) ‘ / ij m i,vlL Ljv2 )

where m is the total number of edges in the network, A is the adjacency matrix; k; represents the number of
adjacent nodes connected to node i, ¢; ,,; indicates that node vl is in subsystem §;. The function J represents
the partitioning relationship between nodes, and its formula is as follows:

)

S (c c ) _ | Lwvland v2are in the same subsystem
by Ev2) 00yl and v2 are not in the same subsystem
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Generally, higher modularity indicates a more reasonable partitioning, with stronger connections
between nodes within the subsystem. For the actual network, Newman pointed out that good network
partitioning typically has a modularity Q ranging from 0.3 to 0.7 [34].

2.2 Constraints
2.2.1 Balance Constraint on Node Number among Subsystems

For power system parallel restoration, if one subsystem contains too many nodes, restoring itself
demands many operational steps, thereby extending restoration time and consuming more restoration
resources. Conversely, a subsystem with too few nodes may finish too early and sit idle. Significant deviations
can cause the overall restoration progress to be held back by the slowest subsystem. Balancing the node
number among subsystems can ensure that each subsystem’s restoration workload is comparable. Load
restoration in every subsystem completes roughly the same time, optimizing the deployment of resources
and maximizing parallel restoration efficiency. The constraint for balanced node number is as follows:

\%4
Navg = ’ri‘l > (3)
1Sil = ziws (4)
veV
Z\Zavg_AS Zzi,vgNavg""A’ (5)
veV

where N,,, represents the average number of nodes each subsystem; V' represents the number of nodes in
the power system; [« | represents the ceiling of a value; |Si| represents the sum of nodes within subsystem S;;
z;, = 1 represents that node v belongs to subsystem §;; and A is an allowable deviation value. Eq. (5) represents
the threshold for the number of nodes within each subsystem.

2.2.2 Distribution Constraint of Blackstart Resource

Each subsystem should have blackstart resources to restore itself. Thus, the number of subsystems is not
larger than the number of blackstart resources. Moreover, every node should be connected to one subsystem
to restore all nodes. This equation ensures that each node belongs to exactly one subsystem. And the number
of subsystems does not exceed the number of blackstart resources. The distribution constraint of blackstart
resources is as follows:

IS ulSy|u -+ USk| =V, (6)
1Si[ S| = @, Vi # j, (7)
K < Ngs, (8)

where Ngg represents the number of blackstart resources. U represents the union operation; N represents the
intersection operation; V represents the number of any given subsystem.

Each subsystem should include a blackstart resource to ensure that each subsystem can self-initiate and
restore [35]. The formula for each subsystem with only one blackstart resource is as follows:

. - 1, while node v is ; blackstart resource node )
Y71 0, Otherwise ’
> % =1LVie{l,2,...,K},K < Ngs. (10)

veS;
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2.2.3 Power Balance Constraint in the Subsystem

If the generator capacity is insufficient in each subsystem, it cannot provide adequate cranking power to
restore all loads. Consequently, the maximum power of the generators within each subsystem must be larger
than the demand of the loads. The power balance constraint is as follows:

PE" > P Vie {1,2,...,k}, (11)

where P§™ represents the total output power of generators within subsystem §;, while Pé‘x_’ad represents the
total load power within subsystem ;.

3 MDP Formulation of the Partitioning Decision Process

The decision process is modeled as an MDP based on the partitioning process’s characteristics. The
assignment of nodes to subsystems is regarded as the MDP’s state space, while the set of edges is viewed as
its action space. The MDP’s reward function is designed.

3.1 Fundamental Concepts of MDP

MDP is a process in which the agent continuously interacts with the environment, gradually optimizing
its decision policy to achieve a specific goal. MDP can be represented as follows:

MDP = {S,A,P,r1,y}, (12)

where S represents the state space; A represents the action space; P represents the transition probability from
current state s to next state s’ with performing action a; r represents the obtained reward from state s to state
s’ with performing action a; and y represents the discount factor.

MDP aims to find the optimal policy 7 that maximizes the cumulative reward. One characteristic of
MDP is the Markov property, which means that the next state of the system depends only on the current
state and the current action.

The partitioning scheme comprises a series of edge actions, which influence the assignment of nodes to
subsystems. The affiliation state of nodes only depends on the node affiliation state and action at the previous
moment, and is irrelevant to historical states. Therefore, the partitioning decision process for a power system
conforms to the Markov property since the process can be modeled as an MDP.

3.2 Design of State Space

The partitioning decision process focuses on the problem of node assignment to subsystems and
subsystem boundaries. Therefore, this paper defines the state of node assignments to subsystems and the
state of edges serving as subsystem boundaries as the state space of the MDP. The state of a node is defined
as follows:

f(v)e{,2,...,Nps},veV, (13)

where f(v) represents the subsystem index to which node v belongs. For instance, f(1) = 2 represents
that node 1 belongs to subsystem 2. When a node has not been partitioned, the node’s state is defined as

fv) =-1.

The state of branches serving as subsystem boundaries is as follows:

N =(No,Ny,...,N;_1),I<L (14)
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where N = 0 represents that branch [ is not the subsystem boundary, N; = 0 represents that branch I serves as
the subsystem boundary; L represents the total number of edges for the power grid. N represents the branch
state vector, a1 x N vector.

According to Eqs. (13) and (14), the state space is defined as follows:

S=[f(),f(2),....f(v),N], (15)

where the position of f(v) in the state space is determined by node v. For a power system network with V'
nodes and L edges, the state space is represented as 1 row and (V + N) columns. The f(v) should be assigned
to row 1, column v of the state space.

To better explain the state space, this paper uses a 7-bus topology as an example. The initial topology is
shown in Fig. 1.

O black-start
resource node

o normal node

Figure 1: 7-bus topology

As shown in Fig. 1, the black nodes are normal nodes, and the blue nodes indicate the locations of
blackstart resources. And the power grid has 7 nodes and 7 edges. Blackstart resources are located at node
3 and node 6. Nodes directly connected only to the blackstart resource at node 3 are assigned to Subsystem
1, while nodes connected only to the blackstart resource at node 6 are assigned to Subsystem 2. Fig. 2 shows
three scenarios in the partitioning process.

() blackstart resource node
[} normal node

=== subregion boundary

subsystem 1
3 s|@
D @ .- Q)
D> )
@) subsystem 2

(a) Partitioning process (b) Partitioning completion (c) Partitioning failure

Figure 2: Three scenarios in the partitioning process
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The evolution of the state space is as follows:

(1) Asshownin Fig. 1, all nodes are simultaneously connected to all blackstart resource nodes at this stage.
Nodes belong to no subsystem yet; thus, f(1) and f(7) are all set to —1. No edges have been selected
as subsystem boundaries, hence N = (0, 0, 0, 0, 0, 0, 0). The state vector is § = [-1, -1, -1, -1, -1, -1,
-1, N].

(2)  As shown in scenario (a) of Fig. 2, all nodes remain connected to all blackstart sources, thus f(1) to
f(7) remain the status of —1. The agent has selected edge 4 as a subsystem boundary, hence N = (0, 0,
0,1,0,0,0).

(3)  Asshown in scenario (b) of Fig. 2, the agent has selected edges 4 and 7 as subsystem boundaries, thus
N=(0,0,0,1,0,0,1). All nodes are connected exclusively to a blackstart resource, hence f(1) to f(4) =
—land f(5) to f(7) = 2. The state vectoris S=[1,1,1,1, 2, 2, 2, N].

(4) As shown in scenario (c) of Fig. 2, nodes 1 and 2 are disconnected from all blackstart resources,
resulting in an “islanding” phenomenon of these nodes. Consequently, this state is regarded as a
partitioning failure.

3.3 Design of Action Space

Action space represents the set of all possible actions the agent can take. Careful design of the action
space is critical in DRL. A huge action space may significantly increase computational complexity, whereas
an overly constrained one could hinder the agent’s ability to accomplish the designated task. A well-designed
action space of appropriate size can facilitate more efficient exploration by the agent.

Thus, this paper defines the number of edges in the power system as the action space, each representing
one action. In this way, the action that the agent selects serves as the subsystem’s boundary. The connectivity
of the generated subsystems can be ensured by using edge actions to partition the power system. The method
facilitates the agent in generating a reasonable partitioning scheme with fewer actions. The definition of
action space is as follows:

A=E, (16)

where E represents the set of all edges in the network.

3.4 Design of Reward Function

The reward function evaluates the agent’s value from performing a specific action. This paper designs
the reward function based on the objective and constraints of the partitioning model for power systems.
Among them, the objective serves as the reward term of the reward function, and the constraints serve as
the penalty terms.

Regarding the reward and penalty terms in the reward function, the manuscript adopts a relative
deviation normalization scheme to compress the value of each term to the range [0, 1). Since the modularity
Q value naturally falls within the range of 0 to 1, the reward term for modularity Q does not need to be
normalized. To avoid the overestimation of Q-values, this paper adopts the soft bonus scaling mechanism to
construct the reward function, as follows:

{ Q, Q < Quax
Rq =

Q+(xtanh(%), Q>= Qumax (17)

where « is a constant and represents the reward component of the reward function for guiding the agent
towards higher partition quality decisions. ¢ limits the magnitude of the additional reward. The tanh () is
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the hyperbolic tangent function, which ensures a continuous transition of the additional reward from 0 to 1
and prevents huge numerical jumps.

For the penalty term about node deviation among subsystems, the unnormalized node penalty term will
play a dominant role if the node deviation is too large. In contrast, the other terms will be ignored. Therefore,
the penalty term R,,4. needs to be normalized, as follows:

|Si|_Navg
——= [Si|=- Ny, > A
s SN
Rnode: _Nan_|Si| N —|S|>A > (18)
—Navg > avg i
0, 1Si] = Navg| < A

where |S;| represents the node number of subsystem §;. A represents the deviation threshold for the node
number of subsystems. Eq. (18) ensures the penalty term R, is within [0, 1]. A corresponding penalty is
applied based on the deviation of the node number. If the deviation between the subsystem node number and
the average node number is exceptionally large, R,,4. approximately equals to 1. Conversely, if the deviation
nears the predefined threshold A, R4, converges to 0.

For the penalty term about power balance within each subsystem, R;oyer also needs to be normalized,

as follows:
0, P > ppd
S S
load _ pgen 1 '
Rpower = PS,- PSi gen load * (19)
- > P . < PS,
PlOad Sx i
Si

Eq. (19) ensures the penalty term Ry, Within [0, 1). A corresponding penalty is applied based on the
deviation of the power balance. If the deviation between the Pg°2d and Pg#°" within each subsystem is very
large, Ryower approximately equals 1. Conversely, if the deviation approaches 0, Ry,y.r converges to 0.

Based on Eqgs. (17)-(19), the final reward function formula for the power system partition model is
obtained as follows:

R (S; (Il) = RQ + Rnode + Rpower- (20)

According to Foraboschi [36], there are differences between the mathematical models in engineering
and physical models. Therefore, mathematical models require built-in fault tolerance. Inspired by the paper,
this MDP reward function incorporates tolerance considerations. For example, Eq. (17) achieves smooth
transitions in modularity through the hyperbolic tangent function tanh (); Eq. (18) permits the agent to
generate partitioning scheme within node-number deviation threshold A; Eq. (19) dynamically adjusts
penalty severity through proportional deviations, guiding the agent to ensure that generated subsystems
satisfy power balance constraints, thus guaranteeing engineering tolerance in the partitioning model.

4 Partitioning Method Based on Deep Reinforcement Learning

Reinforcement learning is a typical algorithm for solving MDP models. Therefore, the paper uses
relevant DRL algorithms to solve the partitioning model for power system parallel restoration.

The model is solved using the DQN algorithm in deep reinforcement learning. First, reinforcement
learning and the DQN algorithm are introduced. Then, the experience replay buffer of the DQN algorithm
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is designed. Finally, the interaction process between the DQN algorithm and the power system environment
is explained.

4.1 DQN Algorithm

The interaction process between deep reinforcement learning and the environment is shown in Fig. 3.

Action | |Output

___________ I
I r K
| Node typer | | I} Nodeload, 1 !
oo ooo | ey o it | X
{| Node [ The connection 1 I | | Generator capacity, ( B frmCh |
| informa relationship ! Reward — Reward [ of the |
Of] [ ons | | . X L . ~
: o L . J 1| value i function The distribution of | | ower !
(| -tion | between nodes | ! i1 theblackstart | orid i
[ N el sl iniuia Ol Teas =
I boundary type | I } : resources I |

The data of the system

Environments

Figure 3: The process of deep reinforcement learning

As shown in Fig. 3, the agent interacts with the environment through states, actions, and rewards. The
state space and reward function determine the input data for agent training or decision-making. The action
space determines the output data for agent decision-making. Among them, the state space’s node information
and boundary types are used as the agent’s input data; the reward value is obtained based on the node load,
generator capacity, and the distribution of blackstart resources; the action is selected from the branch of the
power grid. First, the power grid environment serves as data input. The data that the agent receives is used
to make decisions. Subsequently, the agent outputs an action to act on the environment. Following this, the
reward value is calculated according to Eqs. (17) to (20). The obtained reward value in each training episode
serves as the agent’s input, guiding the agent to perform the next action. The updated grid environment and
generated reward are then fed to the agent, initiating the next interaction cycle.

As an algorithm in deep reinforcement learning, DQN combines Q-learning with deep neural networks.
In Q-learning, the value function Q(s, a) is used to evaluate the value of an action. Moreover, the function
Q(s, a) serves as a bridge between states and actions. The formula for the value of Q is as follows:

Q(s,a) =r(s,a) + Erunly max Q(s',a'] (21)

where y is the discount factor; A is the action space; r(s, a) represents the immediate reward obtained when
taking action a in state s, directly reflecting the interaction results between the agent and the environment.
E; . »[...] represents the average Q-value for all possible subsequent states under policy 7. T represents the
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subsequent state transitions under policy m; Q(s, a) represents the expected value obtained after transitioning
to the next state by taking action a in state s.

The deep neural network can effectively process data, and its ability to update parameters allows
it to better adapt to changes in the environment, thereby improving the generalization ability of the
algorithm [37]. The state space of the partitioning model is formed by the state of node assignments to
subsystems and subsystem boundaries, and the action space becomes increasingly complex as the number of
nodes grows. As an evolved version of the Q-learning algorithm, the DQN algorithm leverages deep neural
networks to generate a Q value, improving the agent’s ability to handle complex state spaces. Therefore, this
paper employs the DQN algorithm to solve the partition model. The primary goal of DQN training is to
obtain a neural network with suitable parameters to represent Q(s, a) [38]. The correct mapping between
states and actions can be achieved by training an appropriate neural network. Consequently, the agent can
determine the proper boundary actions based on the state of node assignments to the subsystem, thereby
generating a reasonable partitioning scheme.

The DQN algorithm performs better in training through e-greedy exploration, experience replay, and
target networks. The use of a target network ensures training stability.

The formula for e-greedy is as follows:

€=&= &Jecrement> (22)

where € represents the exploration rate of the agent. During training, the agent selects actions randomly
with a probability of ¢, or selects an action with the highest Q-value with a probability of 1-. By performing
e-greedy exploration, the agent can explore the power system environment and identify better actions at
subsystem boundaries.

The data generated during training is stored in the experience replay buffer. Once enough experience
has accumulated, the agent randomly selects a batch of experiences from the buffer for learning and updates
the parameters of the neural network. The use of dual replay buffers is shown to enhance the agent’s learning
efficiency [39]. Thus, this paper introduces two experience replay buffers: one that stores all experiences, and
another that stores explicitly experiences associated with high-reward actions. The formulaic expressions for
the experience buffers are as follows:

(s(0),a(0),7(0),5(0))

(s(8),a (1), (8),5' (1))
(5(0),a(0), " (0), (0))

(s(),a(t),r" (1),5' (1))
random.sample (memory, BatchSizel)
random.sample (high_memo, BatchSize2) |’

memory = , (23)

high_memory = , (24)

minibatch = (25)

where BatchSizel and BatchSize2 represent the batch of samples drawn from the first and second experience
replay buffers, respectively. The agent progressively learns an improved subsystem partitioning strategy by
sampling from the experience replay buffer and updating the neural network parameters.

4.2 Process of Agent-Environment Interaction

Fig. 4 illustrates the interaction between the agent and the power system environment and the parameter
update process of the DQN neural network.
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Figure 4: Process of agent-environment interaction based on DQN

As shown in Fig. 4, the agent part includes an experience replay bufter, two neural networks, and a
mechanism for updating the network parameters. The environment part consists of the model’s objective and
constraints. The data generated from interactions is stored in the experience replay buffer, which includes
the current state s, the chosen action a, the obtained reward r, and the next state s’ After enough data
accumulates in the experience replay buffer, the agent randomly samples a batch for learning. The role of Q-
Network is to generate a Q-value table of actions based on the current environmental state, thereby selecting
the action with the highest Q-value. The role of the Target Q-network is to enhance the stability of the Q-
network’s learning process and reduce fluctuations during training. The Q-network and the target Q-network
are used to compute the predicted and target Q-values, respectively. Loss function is calculated based on
their difference, and the Q-network is updated using gradient descent.

4.3 Flowchart

Fig. 5 presents the flowchart of the proposed partitioning method, including 5 steps. The steps of the
partitioning decision process can be simplified as follows:

(1) Initialize episode = 0, € = 1, and obtain the data of grid nodes’ subsystem affiliations.

(2)  Generate a random number that is uniformly distributed in [0, 1]. Compare this value with ¢ to select
either a random action or the action corresponding to the maximum Q-value.

(3) IfEgs. (6) to (10) are satisfied, the partitioning result for the current episode is successful; otherwise,
the agent continues to search for subsystem boundaries. Considering the necessity for rapid network
reconfiguration following large-scale blackouts, the number of subsystem boundaries should be
minimized. To meet this requirement, this paper limits the number of search actions for subsystem
boundaries to Step = 10. If partitioning cannot be achieved within 10 actions for a given episode, the
training is terminated for that episode and proceeds to the next episode.

(4) After the partitioning process is completed, calculate the reward value using Eqs. (17) to (20) and
store the corresponding data in the experience replay buffer defined by Fqs. (23) and (24). Further-
more, every 200 training episodes, sample data from the replay buffer to update parameters of the
neural network.

(5) Training is terminated upon reaching 50,000 episodes, and the model parameters are saved. These
parameters can then be loaded into the model for online deployment, enabling the agent to generate
partitioning schemes rapidly.
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Figure 5: The flowchart of the proposed partitioning method

5 Case Studies

In this paper, a partitioning method for a power system based on DRL is implemented using Python on

the PyCharm platform. The method is validated through simulation on the IEEE 39-bus test system.

Discuss the partitioning training process differences with different discount factor y values. Compare
the partitioning results of this study with those from other references to validate the effectiveness of the

proposed partitioning method.

5.1 IEEE 39-Bus Test System

The IEEE 39-bus test system is shown in [40]. It consists of 10 generators, 39 buses, and 46 branches.

Generators G32, G33, and G37 are designated as blackstart resources.
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The hardware configuration includes a 4.05 GHz CPU, 16 GB of RAM, and an NVIDIA GeForce GT 710
GPU with 2 GB of video memory. The software configuration includes Python 3.11 and PyTorch 2.2.2. The
settings for code-related parameters are shown in Table 1.

Table 1: Parameter setting

Parameters Parameters Value
€ The probability of an agent randomly selecting the action 1
€min Maximum probability 0.01
Sdecrement Probability decrement 0.001
Lr Learning rate 0.001
Y Attenuation factor 0.9
memory replay memory size for Fq. (23) 2000
high_memoy replay memory size for Fq. (24) 10,000
o Additional reward for modularity 1
A Deviation threshold for the number of subsystem nodes 2

The learning rate is crucial to the model’s learning process in deep reinforcement learning. If the learning
rate is too large, the model may fail to converge; if the learning rate is too small, the learning speed is slow.
This paper adopts a fixed learning rate scheme, setting /. = 0.001 based on reference [31]. The more parameters
about €, &yin, and €gecrement are set based on reference [31]. According to Eq. (17), a constant & guides the agent
towards higher partition quality decisions. However, the excessively large constant dominates other reward
terms. Thus, the manuscript sets « = 1. Minor node deviations facilitate reasonable resource allocation. This
paper sets the node-deviation threshold as A = 2. The reasons are as follows:

(1) A strict zero-deviation requirement would lead to more penalties. The agents useful feedback from
other terms would be ignored during early exploration.

(2) Practical power grid partitioning permits minor node imbalances.

(3)  This setting provides optimization space for the DRLs objective.

The parameters are shown in Table 1.

5.2 Analysis of Training Process and Discussion
5.2.1 The Evolution of Modularity Curves and Reward Function Curves
The variation of partitioning modularity during the training process is shown in Fig. 6.

As shown in Fig. 6, in the initial stage, the partitioning result has low modularity and exhibits significant
fluctuations. Due to being in a state of random exploration at this stage, random actions were given by
the agent. As a result, subsystems are unreasonable. Moreover, the subsystems vary greatly among different
training episodes. Therefore, modularity fluctuated significantly and remained relatively low.

As exploration experience accumulates, more data, including high-reward value data, is stored in the
experience replay buffer. The agent’s policy is effectively updated through sampling from the replay buffer.
The agent can give appropriate boundary actions, resulting in gradually more reasonable subsystems. Hence,
the modularity curve begins to show an upward trend. The specific manifestation is the gradual increase in
modularity around 1500 episodes.
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Figure 6: Modularity curve of partitioning during training

Between 1500 and 2200 episodes, the curve’s rate of increase slows and exhibits steady fluctuations. This
phenomenon indicates that the agent has entered the local optimization phase. At this stage, the agent can
explore more reasonable partitioning results by taking actions either through random exploration or based
on Q-values. Thus, the modularity curve rises further by the 2500th episode.

Between around 2500 and 3300 episodes, the boundary actions are composed of random actions and
actions based on the Q-values. Therefore, subsystems vary in quality, resulting in significant fluctuations in
the modularity curve. After 3300 episodes, action selection based on Q-values becomes the agent’s primary
method. Thus, the boundary actions given by the agent become more fixed, resulting in a gradual decrease
in fluctuations.

After multiple rounds of sampling and learning, the neural network parameters are effectively updated
after 4500 episodes. The agent gives more appropriate boundary actions. Subsystems generated by the agent
become more reasonable, which further increases modularity. It then converges to the maximum value
around 5000 episodes.

Moreover, since the reward function integrates the modularity, node number balance, and power
balance, it is necessary to analyze the convergence of all reward components. Fig. 7 shows the reward function
curve during the training process of the DRL-based partitioning method.

As shown in Fig. 7, as the number of training episodes increases, the reward curve gradually rises until
it converges. In the first 2990 episodes, because the neural network parameters have not yet been effectively
updated and random actions remain the agent’s primary choice, the partitioning result generated by the
agent still fails to satisfy the relevant constraints. Primarily, during the first 1250 episodes, large penalties are
incurred for constraint violations, thereby the obtained rewards are severely negative; between episodes 1250
and 2990, the reward curve begins to rise, indicating that the degree of constraint violation steadily decreases.

After episode 2990, partitioning schemes generated by the agent satisfy all constraints. Thereby, the
reward curve reflects only the change of modularity. The rapid rise of the reward curve from episode 2990
to 4900 shows that the quality of generating partitioning schemes continues to improve. After episode
4900, the reward curve no longer changes. It indicates that the agent had learned to generate optimal
partitioning schemes.
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5.2.2 Comparison of Different Parameters

Energy Eng. 2026;123(1)

Different parameter configurations affect the performance of the agent during the training process.
Discount factor y represents the agent’s ability to predict future outcomes. A larger y value means the agent
focuses more on future rewards, demonstrating greater foresight and a broader perspective. Conversely, a
smaller y value means the agent is relatively myopic, prioritizing the immediate rewards the current action
brings. Therefore, changes in the y parameter impact the training process. Hence, the paper selects the
parameter y as a variable. The changes in the modularity of the training process are analyzed as the value of
y varies, to determine the impact of different parameter configurations on the training process. The training
is conducted under three scenarios with y values of 0.7, 0.9, and 0.99. And the modularity curves are shown

in Fig. 8.
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Figure 8: Modularity curves under different parameters
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As shown in , the modularity curves under three different parameters converge to the max-
imum value after training. However, the curves exhibit significant differences in convergence time and
fluctuation levels.

For the scenario where y = 0.7, the relatively low value makes the agent more myopic. As a result, during
the first 3500 episodes, the obtained modularity remains relatively low. The fluctuation level is becoming
small, indicating that DQN training is relatively stable in this setting. However, the partitioning decision
process focuses more on the rewards brought by the global results. A lower y value means that the agent only
considers the immediate reward of the current action while ignoring the impact of multiple future actions
on the partitioning results. Consequently, the modularity curve exhibits the slowest convergence rate under
this parameter setting.

For the scenario where y = 0.9, the modularity curve starts to increase gradually at around 1500 episodes,
and the magnitude of the increase steadily improves as training progresses. At the same time, the degree
of fluctuation is also relatively small. Therefore, the value better balances the impact of current and future
actions on the partitioning results.

For the scenario where y = 0.99, the modularity increase curve is the fastest, and the convergence time
is also the earliest. This is because the agent focuses more on future rewards and can consider the impact of
multiple future actions on the partitioning results. However, the larger fluctuations also mean the training
process is unstable and may be difficult to converge.

Therefore, considering these factors comprehensively, y = 0.9 is more suitable for training of DQN.

5.3 Partitioning Result and Interpretation

The partitioning result provided by the agent is shown in
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Figure 9: IEEE 39-bus test system partitioning result
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As shown in Fig. 9, edges 3-4, 14-15, 16-17, and 9-39 partition the system into three subsystems. And the
relevant data for each subsystem are presented in Table 2.

Table 2: The data in each subsystem

Subsystem number Subsystem size Subsystem node number Generator output power Load power

Subsystem 1 6 14 1371 kW 1279.03 kW
Subsystem 2 5 13 2427 kW 21591 kW
Subsystem 3 4 12 3569 kW 28151 kW

Regarding the distribution of blackstart resources within the subsystems, each subsystem contains only
one blackstart resource. Furthermore, each subsystem expands outward from the resource. Starting from the
blackstart resource, all nodes within the subsystem can be reached through at most six branches.

Regarding the number of nodes within the subsystem, subsystem 1 has a maximum scale of 6, with 14
nodes; subsystem 2 has a maximum scale of 5, with 13 nodes; and subsystem 3 has a maximum scale of 6, with
12 nodes. Since the agent partitions the IEEE 39-bus test system into three subsystems, the average number
of nodes in each subsystem is 13. Therefore, the number of nodes in the three subsystems falls within the
node deviation range.

Regarding power balance within the subsystem, the generator output power of subsystem 1 is 1371 kW,
while the load power is 1279.03 kW; the generator output power of subsystem 2 is 2427 kW, while the load
power is 2159.1 kW; the generator output power of subsystem 3 is 3569 kW, while the load power is 2815.1 kW.
Therefore, the power balance constraint for the three subsystems is met. Overall, the subsystems generated
by the agent through four boundary actions have high modularity and meet all the constraint conditions. The
partitioning results indicate that the agent can generate reasonable subsystems with fewer boundary actions.

5.4 Comparison and Discussion

Compare the partitioning results of the paper with those of the partitioning results in Huang et al. [6]
and Lin et al. [41]. Lin et al. [4]] performed partitioning for a power system based on the GN algorithm.
The edges with the highest betweenness are treated as subsystem boundaries, and these boundaries are
iteratively removed to achieve subsystem partitioning. The method evaluates the partitioning results using
modularity and power balance within subsystems. However, the balance of subsystem sizes is not considered.
The comparison is conducted based on the maximum subsystem size and modularity. The comparison results
are shown in Table 3.

Table 3: Partitioning result comparison

Partitioning method Subsystem boundary Maximum subsystem size ~Modularity Q
The method proposed in the paper 3-4, 14-15,16-17,9-39 6 0.6639

SIR method from [6] 13-14, 14-15, 9-39, 17-18, 17-27 6 0.6354

GN method from [41] 1-39, 3-4, 14-15, 16-17 7 0.5505

As shown in Table 3, the sizes of the three subsystems for the paper are 6, 5, and 4. Therefore, the
maximum size of the subsystem is 6. And the three subsystem sizes obtained in Huang et al. [6] are 6, 6, and
6. Therefore, the maximum size of the subsystem is 6. And the three subsystem sizes obtained in Lin et al. [41]
are 7, 5, and 4. Therefore, the maximum size of the subsystem is 7. The maximum size of the subsystems
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obtained in this paper is relatively small. Due to the balance constraint on node number among subsystems,
the number of nodes in each subsystem is nearly identical, resulting in smaller subsystem sizes.

In terms of partition quality, the modularity is 0.6639 for the paper, which is greater than the modularity
of the partitioning results in Huang et al. [6] and Lin et al. [4]]. A higher modularity indicates better
partitioning quality, with nodes within the same subsystem being more intricately connected, and fewer
connections between nodes in different subsystems. Thanks to the e-greedy strategy, the agent can explore as
many partitioning results as possible, including some with high modularity. The agent generates partitioning
results with higher modularity through sampling-based learning and strategy optimization.

To better visualize the differences between the three partitioning results, a radar chart was generated
based on the number of subsystem boundaries, size, and the inverse of modularity, as shown in Fig. 10.

Number of subsystem boundary

5.5

—#— Algorithm proposed in the paper
—@— SIR algorithm from [6]
—&— GN algarithm from [41]

7.5

17019 Maximum subsystem size
Figure 10: Modularity curves under different parameters [6,41]

Fig. 10 presents a triangular diagram with three key parameters, including the number of subsystem
boundaries, subsystem size, and the inverse of modularity. Each color corresponds to a different method: red
represents the proposed method in this paper, blue stands for the method from Huang et al. [6], and green
indicates the approach from Lin et al. [41].

As shown in Fig. 10, a smaller triangular area indicates a more reasonable partitioning result obtained
by the corresponding method. The proposed method yields the smallest triangular area, demonstrating that
its partitioning results are the most optimal among the compared methods.

6 Conclusion

The partitioning decision process for the power system is formulated as an MDP. The paper proposes
a novel partitioning method for a power system based on DRL. The agent can explore possible partitioning
results through continuous interaction between the agent and the environment. An experience replay buffer
storing high-reward actions enhances the learning efficiency of the agent. The effectiveness of this method is
validated through simulation studies on the IEEE 39-bus test system. Reinforcement learning features “offline
training and online deployment,” enabling the well-trained agent to generate partitioning schemes following
large-scale blackouts rapidly and accurately. The partitioning scheme can serve as a reference for practical
decision-making.
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However, the growing number of nodes and edges in large-scale power grids elevates computational
complexity and slows down the convergence speed of the proposed method. As the penetration of renewable
energy continues to rise, the uncertainty of renewable energy output leads to a dynamic and uncertain
operating environment, further reducing the accuracy of the proposed method. Thus, future work will focus
on enhancing the convergence performance of partitioning methods for larger-scale power grid parallel
restoration with high penetration of renewable energy.
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