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A B S T R A C T

Solving the AC optimal power flow (AC OPF) problem poses significant challenges in power system operations 
because of its inherent nonlinearity and complexity. This paper introduces a novel strategy to solve the AC OPF 
problem by utilizing a new problem decomposition framework combined with reinforcement learning (RL)-based 
cutting planes. The problem is decomposed into two sub-problems, DC OPF and AC power flow (AC PF) 
calculation sub-problems. To yield the AC-feasible solution, linear inequality constraints (i.e., cuts) are obtained 
by an RL agent and added into the DC OPF sub-problem. Then, the AC PF calculation is performed using the 
solution to the DC OPF sub-problem (i.e., power generation profiles) and voltage magnitude reference values, 
which is the output of the RL agent. Additionally, the action selection method is employed for the RL agent’s 
training efficiency. Case studies under various simulation scenarios are conducted to show the effectiveness of 
the proposed strategy compared to the conventional strategies. The simulation results indicate that the proposed 
strategy significantly enhances computational efficiency and solution feasibility compared to the conventional 
methods.

1. Introduction

Optimal power flow (OPF) calculations are fundamental for main
taining secure and cost-efficient power system operations and are 
regularly performed by system operators across varying time scales from 
minutes to months. Since its introduction in the 1960 s [1], the studies 
on OPF have primarily addressed the single-period problems, neglecting 
the intertemporal coupling effects. However, as power systems evolve 
towards greater sustainability, integrating various energy sources and 
adhering to policies against climate crisis, the need to solve the multi- 
period OPF problem increases. The multi-period OPF reflects the inter
temporal dependencies, thereby enhancing the cost-efficiency and se
curity of power systems while supporting environmental sustainability 
goals.

Although solving the AC OPF problem is essential for ensuring sys
tem security, its nonlinearity and non-convexity make it NP-hard [2]. 
Thus, most system operators reformulate the AC OPF problem. To 
manage its complexity, the system operators typically solve the DC OPF 
problem [2], which simplifies the nonlinear constraints in the AC OPF 

problem to be solved by linear programming (LP) solvers. However, it 
relies on several simplifying assumptions, including constant voltage 
magnitudes at buses and reactive power ignorance, which may lead to 
the system insecurities, such as voltage limit violations and line over
loads. Various linearization methods, such as piecewise linear approxi
mation and Taylor series expansion, have been utilized to address the 
nonlinearity of power flow constraints [1–3]. While these methods 
simplify the original nonlinear problem, they can also compromise the 
intrinsic nonlinear properties of power systems and introduce additional 
decision variables, including integer variables. Consequently, the 
computational burden escalates with system sizes.

Recent research has sought to overcome the linearization methods’ 
limitations by leveraging heuristic methods [4–6] and machine learning 
(ML) algorithms [7–12]. In [4–6], various evolutionary algorithms have 
been utilized, but the obtained solutions are often sensitive to initial 
values and prone to converging to local optima. To address these chal
lenges, deep neural networks (DNNs) have been utilized in [7–12] to 
approximate the OPF solution and trained by both supervised learning 
and reinforcement learning (RL). In the supervised learning-based ap
proaches, fully connected neural networks (FCNs) were used in [7], and 
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graph neural networks (GNNs) were adopted in [8,9] as surrogate 
models for AC OPF. In particular, GNNs were introduced to explicitly 
incorporate grid topology, and these studies demonstrate improved 
generalization to varying topologies compared to FCNs. Furthermore, in 
[10], multiple FCNs are utilized for the physics-informed surrogate 
model, decomposing the overall model into three sub-models to mitigate 
the learning complexity and bias. However, the supervised learning 
requires large datasets generated by nonlinear programming (NLP) 
solvers under various system conditions, which is challenging to obtain 
due to the inherent complexity of the AC OPF problem, especially when 
the solver’s initial conditions are not appropriately chosen [1]. In the 
reinforcement learning-based approaches, a convex-constrained DRL 
algorithm was applied in [11] to obtain the AC OPF solution directly, 
aiming to ensure safe control actions, sample efficiency, and training 
stability. In [12], a physics-informed RL approach was introduced, 
where the AC power flow (AC PF) module was embedded within the 
actor network to satisfy the constraints of the OPF. However, the con
ventional RL-based methods that directly search for the solutions within 
the nonconvex solution space of the AC OPF problem often require 
extensive exploration and longer training to achieve high-quality solu
tions. Moreover, physics-informed RL approaches, which integrate 
physical models directly, can affect the efficiency of the algorithm 
modification and the agent training.

To reduce the original problem’s complexity, decomposition ap
proaches have been applied [13–16]. In [13], the optimization problem 
incorporating unit commitments was divided into smaller sub-problems 
over a shorter optimization horizon (i.e., temporal decomposition). In 
[14], the original problem was partitioned into sub-problems for parti
tioned sub-systems from the entire power system (i.e., spatial decom
position). Similarly, in [15], the hierarchical decomposition was 
proposed, dividing the AC OPF problem into a master problem and sub- 
problems for the transmission system and distribution systems, respec
tively. However, these decomposition approaches did not fully resolve 
the nonconvex nature of the AC OPF problem, and the decomposed 
problems retained their nonconvex natures. In [16], the original prob
lem was decomposed into sub-problems by integer variable introduction 
and bilinear programming-based reformulation. The reformulation was 
based on the assumptions that voltage magnitudes were approximately 
one and that angle differences across power lines were close to zero. 

Nevertheless, these assumptions may not be practical in real power 
systems.

Cutting plane methods have also been utilized as an effective 
approach for addressing the AC OPF’s complexity. [17] introduced 
semidefinite programming (SDP) cuts to enhance the solution accuracy 
of second-order cone programming relaxations. [18] relaxed the OPF 
problem for high voltage DC and AC grids based on SDP and incorpo
rated additional SDP cuts. However, these approaches can lead to 
infeasible solutions unless specific conditions in the power system hold 
[2], which help in minimizing the optimality gap. [19] iteratively 
incorporated the supporting hyperplanes and half-spaces into the LP- 
based optimization problem to obtain a solution that satisfies the AC 
OPF problem’s constraints. However, these approaches are sensitive to 
initial conditions since the added constraints are derived from prior it
erations, potentially affecting solution quality. Recently, cutting plane 
methods in various domains beyond power systems have incorporated 
ML algorithms [20,21]. [20] obtained the minimal number of cuts for 
the enhanced performance. [21] employed imitation learning to train 
the agent that mimics expert decision-making in cut selection. Despite 
their effectiveness, they concentrated on cut selection procedures rather 
than cut generation, and the computational complexity of the original 
problem were not considered.

Beyond classical cutting plane methods, recent studies [22,23] have 
explored feasibility restoration techniques that share conceptual simi
larities with cut incorporation, as they refine relaxed solutions to 
recover AC feasibility. For example, [22] applied AC feasibility resto
ration to DC OPF–based market clearing by using a linearized OPF al
gorithm with PTDFs for generator ranking and selection. However, this 
method primarily addresses active power violations and lacks reactive 
power and voltage coordination, while requiring proper initial points. 
[23] trained a DNN to output AC OPF solutions and introduced a 
feasibility restoration module that projects the DNN output onto the AC- 
feasible set via an optimization problem based on quadratically con
strained quadratic programs (QCQP). However, the projection step is 
computationally expensive, and solving a relaxed QCQP can still lead to 
infeasible solutions, similar to SDP-based approaches.

This paper presents problem decomposition method and an RL-based 
cutting plane method to address the computational complexity associ
ated with solving the AC OPF problem. The problem decomposition 

Nomenclature

Sets and Indices
b, g, l, t Indices for bus, generator, power line, and time step
Case• Subscripts for Case •
max, min Superscripts for maximum and minimum limits
SB,l, SG,b Sets of buses linked to line l and generators at bus b
⋅, ̂⋅ Solution and cut of the DC OPF sub-problem

Variables
α Weighting factor for the expected entropy
a, an

t Vector expression for an action and its n-th element at time 
t

CG Cost for power generation
|Fl

t| Magnitude of line flow on power line l
re
t Power system states on line (or bus) e

Pg
t , Qg

t , |Vg
t | Active/reactive generated power and voltage magnitude 
reference of generator g

P̂
t,max
g Added cut (power output limit) for generator g

|Vb
t |, θb

t Voltage magnitude and phase angle at bus b

Parameters
Bbb', Gbb' Susceptance and conductance of the power line between 

buses b to b'
E Environmental data for the system operation
Fl

max Maximum value of line flow on power line l
NASP, NASV Time-step intervals for which each cut and voltage 

magnitude reference is held constant
NB, NG, NL Numbers of buses, generators, and loads
NHL1, NHL2 Numbers of hidden layers in actor and critic networks
NT Number of time steps of the optimization horizon
NR,2-4, NR,2-6 Repetition numbers of Steps 2–4 and 2–6
PL,b

t , QL,b
t Active and reactive power loads

Pg
max, Pg

min, Qg
max, Qg

min, Δθl
max, Δθl

min, |Vb|max, |Vb|min Max-/ 
minimum values of active/reactive generated power, 
phase angle difference, and voltage magnitude

PNL Vector expression for net loads profile
RH,g, RL,g Up-/downward ramp rates of generated power for 

generator g
S, S′ Present and subsequent states for the RL agent
Z System information (i.e., component and topology)
γ Discount factor for reward calculation
λ Vector expression for weighting factors in objective and 

reward function
Δt Unit time step
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method divides the AC OPF problem into two sub-problems: DC OPF and 
AC PF sub-problems. To obtain an AC-feasible solution, linear inequality 
constraints (i.e., cuts) are added to the DC OPF sub-problem and itera
tively adjusted for the sub-problem’s feasible region restriction. The 
corresponding solution for the restricted region is converted into the 
final solution for the AC-feasible region after its AC PF calculation. This 
procedure is referred to as problem decomposition in this paper. The 
added cuts are adjusted by the RL algorithm, and it can be seen that the 
cut generation and selection are performed simultaneously. This is 
referred to as RL-based cutting plane method. Once the agent is adequately 
trained, the proposed strategy ensures convergence by solving the DC 
OPF sub-problem with optimal cuts, which is convex. The proposed 
strategy successfully mitigates the challenges incurred by the AC OPF’s 
non-convexity without relying on specific assumptions in conventional 
SDP-based approaches. In addition, the efficiency of the agent training is 
improved through the proposed action selection method that reduces 
fluctuations in generator operations over time. The primary contribu
tions of this study are as follows: 

• A novel decomposition strategy for solving AC OPF problem is 
introduced, where the problem is divided into a DC OPF and AC PF 
calculation sub-problems to enhance the computational efficiency.

• This study pioneers the RL-based cutting plane method for power 
system operation, which concurrently generates and selects cuts for 
computation efficiency against conventional cutting plane proced
ures. In addition, the proposed method is shown to be more efficient 
in solving the optimization problem than conventional RL-based 
methods that find the solution directly.

• The DC OPF sub-problem is refined through strategically adjusted 
cutting planes, ensuring that the resulting AC PF solutions exhibit 
fewer constraint violations and are more likely to be AC-feasible.

• Comprehensive case studies validate the proposed strategy’s effec
tiveness, highlighting its improvements in computational efficiency 
and convergence.

The structure of this paper is as follows: Section 2 proposes and ex
plains a new RL-based strategy for the OPF calculation. Section 3 ana
lyses the proposed strategy, focusing on feasible regions and 
computational complexities. Section 4 discusses the results of case 
studies under various conditions. Finally, Section 5 summarizes and 
concludes this study.

2. Problem decomposition and RL-Based cutting plane methods 
for AC OPF

2.1. Overview

To efficiently achieve an AC-feasible solution, the proposed strategy 
utilizes a decomposition framework that separates the AC OPF problem 
into the DC OPF and AC PF sub-problems. Although both sub-problems 
can be solved using conventional solvers within reasonable time, the DC 
OPF sub-problem, whose decision variables consist of active power and 
phase angles only, often results in AC-infeasible solutions. To address 
this issue, the proposed strategy introduces additional linear inequality 
constraints (i.e., cuts) into the DC OPF sub-problem with an RL agent 
optimizing these cuts, and the active generated power is constrained by 
the additional cuts. The cuts serve as the time-varying generation limits 
in the sub-problem. Then, the AC PF sub-problem reconstructs system 
states, including voltage magnitudes and reactive power, which are used 
to compute the reward function for the RL agent training.

The proposed strategy follows the seven-step procedures: 

Step 1) Apply the problem decomposition method (i.e., the refor
mulation of the AC OPF problem), dividing the AC OPF problem into 
the DC OPF and AC PF sub-problems. The RL agent is then pre- 
trained with an initial dataset for initial action.

Step 2) Obtain the action (i.e., cuts for power generations, and 
voltage magnitude references at PV and slack buses) from the RL 
agent, add the cuts into the DC OPF sub-problem, and solve the 
extended sub-problem.
Step 3) Compute the AC PF solution based on the solution of the DC 
OPF sub-problem and the voltage references (both are obtained in 
Step 2). This step calculates the system variables that are not 
determined in Step 2 (e.g., voltage magnitudes at PQ buses and 
reactive power generation).
Step 4) Evaluate the reward function based on generation costs and 
constraint violations. The corresponding action, state, and reward 
are stored for the next agent training.
Step 5) Train the RL agent with the data, which is stored in Step 4, for 
the maximized reward.
Step 6) Adjust the cuts and voltage magnitude references (i.e., action) 
based on the updated agent.
Step 7) Iterate Steps 2 to 6 until the iteration number exceeds the pre- 
determined value. Once the agent training is completed, Steps 2 and 
3 are executed to obtain the final OPF solution.

Fig. 1 compares the feasible regions of three OPF problems: the 
conventional AC OPF and DC OPF problems and the DC OPF sub- 
problem including the cuts. The grey and red regions represent the 
feasible regions of the conventional DC OPF and AC OPF problems, 
respectively. The yellow and pink regions indicate the converted feasible 
regions of the conventional DC OPF (i.e., the grey one) and the DC OPF 
sub-problem with the cuts, respectively. The conversion is performed 
through AC PF calculation. The yellow and red markers represent the 
solutions resulting from the conventional DC OPF problem and the DC 
OPF sub-problem formulated under the proposed strategy, respectively. 
Due to the simplifications inherent in the DC OPF formulation 
–particularly the omission of power losses and reactive power– the 
feasible region of the DC OPF problem does not intersect with that of the 
AC OPF one, as depicted in Fig. 1(a) [24]. The impact of the cuts on final 
solutions with respect to the AC-feasibility is assessed by performing the 
AC PF calculation. Calculating the AC PF at each point in the feasible 
region of the DC OPF problem makes the feasible region converted to be 
aligned with the AC OPF problem’s feasible region. For simplicity, the 
converted feasible region, along with its two-dimensional projection of 
the DC OPF sub-problem, is used throughout the remainder of this paper 
as Fig. 1(b) without the additional explanations.

2.2. Original AC OPF problem

The following formulation describes the original AC OPF problem:
ƤƤ1 (Original AC OPF problem): 

min
PG , |VG |

CG(C,PG), (1) 

s.t.
∑

i

⃒
⃒Vt

b

⃒
⃒
⃒
⃒Vt

i

⃒
⃒
(
Gibcos

(
θt

i − θt
b
)
+ Bibsin

(
θt

i − θt
b
))

=
∑

g∈SG,b

Pt
g − Pt

L,b, ∀t, b

(2) 
∑

i

⃒
⃒Vt

b

⃒
⃒
⃒
⃒Vt

i

⃒
⃒
(
Gibsin

(
θt

i − θt
b
)
− Bibcos

(
θt

i − θt
b
))

=
∑

g∈SG,b

Qt
g − Qt

L,b, ∀t, b (3) 

Ft
l = Vt

i

(
YiiVt

i + YijVt
j

)*
, ∀t, l, (i, j) ∈ SB,l (4) 

⃒
⃒Ft

l

⃒
⃒ ≤ Fmax

l , ∀t, l (5) 

Δθmin
l ≤ θt

i − θt
j ≤ Δθmin

l , ∀t, l, {i, j} ∈ SB,l (6) 

Pmin
g ≤ Pt

g ≤ Pmax
g , ∀t, g (7) 

Qmin
g ≤ Qt

g ≤ Qmax
g , ∀t, g (8) 
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|Vb|
min

≤
⃒
⃒Vt

b

⃒
⃒ ≤ |Vb|

max
, ∀t, b (9) 

RL,g ≤
(

Pt
g − Pt− Δt

g

)/
Δt ≤ RH,g, ∀t, g. (10) 

The objective function (1) consists of the generation cost CG, and it 
aims to be minimized. CG is determined by the unit generation price C 
and active power generation PG. (2) and (3) indicate active/reactive 
power balance constraints, respectively. Pg

t and Qg
t are active/reactive 

power outputs of generator g, and PL,b
t and QL,b

t are active/reactive load 
at bus b. (4) and (5) specify power flow and its limits Fl

max on line l that 
connects buses i and j, where Vi

t and Yij are complex voltage at bus i and 
(i, j)-th element of the admittance matrix of the power system. (6) to (10) 
represent the system operating constraints. They include constraints on 
phase angle differences across power lines (i.e., θi

t–θj
t), active/reactive 

power generations (i.e., Pg
t and Qg

t), bus voltage magnitude (i.e., |Vb
t |), 

and ramp rates of power generations (i.e., (Pg
t–Pg

t –Δt) /Δt), respectively. 
The ramp rate constraint (10) incurs intertemporal coupling effects in 
power generation scheduling, and the power balance and flow con
straints (2) to (4) incurs the non-convexity in ƤƤ1. Both characteristics 
make solving ƤƤ1 challenging.

2.3. Problem reformulation using problem decomposition method (Steps 1 
– 3)

To alleviate the computational challenge, the proposed strategy 
reformulates the original problem ƤƤ1 through the problem decomposi
tion as follows:

ƤƤ2 (Reformulated AC OPF problem in compact form): 

min
PG , |VG |

CG(C,PG), (11) 

s.t. Pmin
g ≤ Pt

g ≤ Pmax
g , ∀t, g (12) 

Qmin
g ≤ Qt

g ≤ Qmax
g , ∀t, g (13) 

A⋅rE ≤ rM
E , ∀E (14) 

where [PG,QG, rE] = fACPF(PG, |VG|;E,Z ), (15) 

PG = fDCOPF+
(
P̂

max
G ;C,E,Z, εDC

)
, (16) 

[
P̂

max
G , |VG|

]
= fAgent(E;C,Z, εRL), (17) 

Pmin
g ≤ P̂

t,max
g ≤ Pmax

g , ∀t, g. (18) 

The objective function (11) and constraints (12) and (13) are same as 
(1), (7), and (8), respectively, in the original problem ƤƤ1. For notational 

simplicity, rE (i.e., re
t) and rE

M in (14) and (15) are used to indicate the 
power system states [{|Vb

t |, Fl
t, θb

t }t,b,l]T and its minimum and maximum 
values, respectively. A is an incidence matrix that reformulates indi
vidual variable bounds and linear difference constraints into a unified 
compact inequality form. Thus, (14) corresponds to (5), (6), and (9).

(15) represents AC PF calculation function fACPF(⋅) given the active 
power generation schedules P gt obtained by DC OPF sub-problem, gen
erators’ voltage magnitudes |Vg

t| obtained by the RL agent, environ
mental data E (e.g., load profiles), and system information Z (e.g., 
system components and topology). Because of the formulation for AC PF 
calculation, (15) corresponds to (2)–(4) in ƤƤ1. (16) indicates the DC OPF 
sub-problem solving function fDCOPF+(⋅) that provides the active power 

generation schedules P gt based on additional cuts P̂
t,max
g , the generation 

price C, E, Z, and an initial value εDC. (16) includes additional con
straints on cuts P̂

t,max
g to restrict its feasible area as follows: 

Pt
g ≤ P̂

t,max
g , ∀t, g. (19) 

P̂
t,max
g is distinct from Pg

max. The former represents the additional 
generation limit introduced by the cuts, while the latter indicates the 
actual power generation limit. Their relationship including Pg

t is 
expressed as follows: 

Pt
g ≤ P̂

t,max
g ≤ Pmax

g , ∀t, g. (20) 

For clarity, the compact formulations presented in Eqs. (14)–(18)
represent the functional expressions of the detailed equations intro
duced earlier. Specifically, each component (e.g., AC PF calculation, DC 
OPF sub-problem, and forward evaluation) is expressed as a single 
functional module to enhance readability and generalize the proposed 
strategy. This compact representation has been widely used in previous 
studies [8,12,25], as it maintains mathematical rigor while simplifying 
the overall optimization structure.

(17) represents forward estimation function fAgent of the RL agent 
given E, C, Z, and the probabilistic factor εRL for the RL algorithm. The 

outputs (i.e., action) of the agent are |Vg
t| and P̂

t,max
g , which are the input 

of (15) and (16), respectively. Because fDCOPF+ in (16) does not include 
explicit constraints on voltage magnitudes and reactive power flow, ƤƤ2′s 
solution is induced towards the AC feasibility and CG minimization 
through the RL agent’s actions. (18) specifies the acceptable ranges of 
P̂

t,max
g , which are same as the ranges of Pg

t to consider operation con
straints of generators. To solve ƤƤ2, fACPF, fDCOPF+, and fAgent in (15)–(17) 
are evaluated sequentially instead of solving them simultaneously. 
Table 1 lists the comparisons among the original problem and both sub- 
problems using ƤƤ1 and ƤƤ2. Notably, ƤƤ1 and ƤƤ2 are closely resembled 
(but not equivalent). When the action of the RL agent is optimally 
determined, the solution of ƤƤ2 is determined satisfying AC feasibility. To 

PG

PG

PG

PG PG' PG''

PG PG' PG'' +PLoss

PG

PG

the
conv. DC OPF region

the
conv. DC OPF region

the restricted region

Fig. 1. A depiction of the feasible region comparison among the conventional AC and DC OPF problems, and the DC OPF sub-problem of the proposed strategy.
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ensure the feasibility of solutions to both sub-problems, it is assumed 
that the system operates under normal conditions. Specifically, power 
loads are kept within the operating capacity of generators and power 
lines, and the system remains reasonably balanced [26]. In addition, the 
selection of the initial solution for AC PF calculation can affect its 
convergence. Therefore, a well-established approach (i.e., |V| = 1p.u. 
and θ = 0 rad) proposed in [27] is employed in this study to maintain the 
feasibility and enhance the convergence of the Newton-based AC PF 
calculation.

2.4. Cutting plane generation and selection (Steps 4 – 6)

As an RL algorithm, soft actor-critic (SAC) algorithm [28] is 
employed in the RL-based cutting plane method of the proposed strat
egy. As illustrated in Fig. 2, the agent consists of an actor and critic 
networks. The actor network estimates the best action a corresponding 
to the given state S (i.e., the net load profile) as follows: 

a =
[
a1

1, a
2
1,⋯, aNT

2NG

]T
, at

n ∼ N
(
μπ,t

n (S), σπ,t
n (S)

)
, ∀t, n (21) 

where NT and NG represent the numbers of the unit time steps and the 
controllable generators, respectively. μn

π,t and σn
π,t denote the mean and 

standard deviation of an
t , and these values are obtained by policy func

tion π for S.

The action a is defined by P̂
t,max
g and |Vg

t| for all generators g and 1 ≤ t 

≤ NT, i.e., a = [P̂
1,max
1 , P̂

2,max
1 ,…, P̂

1,max
2 , P̂

2,max
2 ,…, |V1

1|, |V1
2|,…, |V2

1|, |V2
2|, 

…]T. The size of the action space is 2NTNG. Note that, as NT or the system 
size increases, the action space expands significantly, making the agent 
training challenging, particularly in case that the state has high variance 
[29]. To enhance training efficiency and exploration performance, the 
action space reduction is advisable [30]. In the proposed strategy, each 
value of P̂

t,max
g and |Vg

t| is held constant over multiple time steps, denoted 

as NASP and NASV, based on the system operators’ preferences. This 
method, which is denoted as action selection throughout this study, re
duces the action size to NG(⌈NT/NASP⌉ + ⌈NT/NASV⌉), improving training 
efficiency.

The policy function π is trained by minimizing (22): 

Jπ = ES[Ea[αlogπ(a|S) − Ω(S,a) ] ]. (22) 

Similarly, the Q-function Ω is trained by minimizing (23): 

JΩ = E(S,a)

[
(Ω(S, a) − r(S, a) − γES '[Ψ(S') ] )2

]
, (23) 

Ψ(S) = Ea[Ω(S, a) − αlogπ(a|S) ]. (24) 

To fully capture the intertemporal coupling effect [31], the state S 
consists of multi-period data across the optimization horizon, and the 
next state S′ is not explicitly considered, with a zero value for the dis
count factor γ, indicating that it is a single-step RL algorithm. This 
structure stems from the fact that the current action (i.e., P̂

t,max
g and |Vg

t|) 
has almost no effect on the subsequent state (i.e., net load). Thus, the 
multi-period AC OPF problem in this study does not need to be modeled 
as a Markov decision process (MDP). Instead, the RL agent is employed 
as a static optimizer without relying on the sequential decision-making 
mechanism of conventional multi-step RL algorithms.

The update of weighting factor α is conducted by minimizing (25): 

Jα = Ea[ − αlogπ(a|S) − αH ], (25) 

where H represents a desired minimum expected entropy. The pro
cedure of the RL-based cutting plane method including the agent 
training is outlined in Algorithm 1. In this study, explicit termination 
criteria of a training loop are not defined; instead, the numbers of iter
ations are set sufficiently large for the agent training loops (i.e., lines 
3–13 in Algorithm 1) to follow the standard RL algorithms [28]. 
However, incorporating termination criteria could further reduce the 
computational cost by stopping the training process once the reward 
sufficiently saturates.

To formulate the reward function, ƤƤ2 is reformulated into ƤƤ3 by 
relaxing the constraints (12)–(14) as follows:

ƤƤ3 (Reformulation of ƤƤ2 for reward calculation): 

min
PG , |VG |

λTy, (26) 

where y =
[
CG(C,PG),DT

X
]T
, (27) 

(15)–(18)
The objective function of ƤƤ3 consists of the objective function, or the 

operating cost, (11) of ƤƤ2 and the penalty DX of (12)–(14) as expressed 
in (26) and (27). DX is the constraint violations for Pg

t , Qg
t and re

t from 
their acceptable ranges, and each value is computed as follows: 

Dx :=
∑

t

[
∑

n

{
max

(
xt

n − xmax
n ,0

)
+ max

(
xmin

n − xt
n,0

)}
]

, (28) 

where xn
t denotes a variable in (12)–(14) (e.g., Pg

t , Qg
t , |Vb

t |), and DX is 
a non-negative value, meaning that the constraint violation treats as a 
cost in the optimization. λ is a set of the weighting factors, which are 
selected empirically, considering the trade-offs among the various 
components of the objective function as well as the system operator’s 
preferences. Based on ƤƤ3, the reward function is formulated as follows: 

r := − λTy. (29) 

To compute (29), the environment first provides Pg
t of the non-slack 

generators by solving the DC OPF sub-problem. These values, together 
with |Vg

t| determined by the RL agent, are then used in the subsequent 
AC PF calculation. The AC PF results determine CG and Dx for (29).

During the RL agent training process, the agent in (17) is updated 
continuously. After sufficient training iterations, the well-trained agent 

Table 1 
Comparisons of the AC OPF problem and the decomposed sub-problems in the 
proposed strategy.

Elements AC OPF Decomposed problems of AC OPF

DC OPF with cuts 
(fDCOPF+)

AC PF (fACPF) RL-based 
cutting plane  
(fAgent)

Objective (1) (1) Min. 
violations 
of (2)–(4)

Min. (1) and 
violations of (5)– 
(9)

Decision 
var.

{Pg
t , Qg

t , | 
Vb

t |, θb
t }b,g, 

t

{Pg
t , θb

t }b,g,t {Ploss
t , Qg

t , | 
Vb

t |, θb
t }b,g,t

{P̂
t,max
g , |Vg

t|}g,t

Const. (2)–(10) DC power 
balance, (5)–(7), 
(10), (19)

– (9) for slack and 
PV buses, (18)

Solver NLP 
solver

LP solver Newton’s 
method

RL

^

r

^

Fig. 2. A diagram for the input–output relationship between the environment 
and agent of the proposed RL-based cutting plane method.
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can be used to yield the solution for ƤƤ2, ensuring computational effi
ciency and the improved feasibility. Once the training process is con
ducted offline, only the action determination part in Fig. 2 is executed for 
the online application. Specifically, the RL agent receives the net load 
PNL as the state S and produces the action a corresponding to (21), which 
is then used in the DC OPF sub-problem and AC PF calculation to ulti
mately derive the solution of the AC OPF.

In this study, the grid topology is assumed to remain fixed and the 
system is operated under normal conditions without considering con
tingencies or high RES variability, as the main objective is to reduce the 
computational complexity of the multi-period AC OPF problem. For 
future work, the proposed strategy can be extended to handle network 
reconfiguration and uncertain operating conditions by incorporating 
topological parameters and formally defined uncertainty sets into the 
RL-based framework and further integrating them into both sub-prob
lems.

Algorithm 1: RL-based cutting plane method to solve AC OPF problem

1: Initialize policy network π, Q-networks Ω1, Ω2, entropy weighting factor α, and 
replay buffer

2: Reset environment and set state S.
3: For iR,2-6 = 1 to NR,2-6 do
4: For iR,2-4 = 1 to NR,2-4 do
5: Sample action a = π (S) based on (21): an

t ~ N(μn
π,t(S), σn

π,t) for n, t
6: Observe environment feedback.
7: Compute reward r (S, a) using (29).
8: Store tuple data {S, a, r(S, a)} into the replay buffer.
9: End
10: Sample mini-batches from the stored data.
11: Update π, Ω1, Ω2, and α by minimizing (22), (23), and (25).
12: Minimize (22) with Ω(S, a) replaced by min(Ω1(S, a), Ω2(S, a)).
13: End

14: Output: optimal action a (i.e., {P̂
t,max
g , |Vg

t|}g,t)

3. Analysis of The proposed OPF strategy

3.1. Feasible region comparison

To show the feasible region differences among the AC OPF problem, 
the conventional DC OPF problem, and the DC OPF sub-problem (16) 
incorporating the cuts, these problems are formulated for the IEEE 9-bus 
system [32] that has three generators and power loads at three PQ buses. 
Figs. 3 and 4 show the projected feasible regions onto Pg

t , Qg
t , and |Fl

t| of 
the selected generators and power lines. Specifically, Fig. 3 visualizes 
variations of the DC OPF sub-problem’s feasible region and solution 
throughout the agent training procedure, while Fig. 4 shows only vari
ations of the sub-problem’s solution. In contrast to Fig. 3, Fig. 4 shows 
only the AC OPF problem’s feasible region, as the DC OPF problem does 

not account for the reactive power generations. In Fig. 3, the portion of 
the DC OPF’s feasible region that lies outside the AC OPF’s region rep
resents the solution set that are infeasible for the AC OPF problem. It 
highlights that the DC OPF’s solution is not inherently AC-feasible, as 
the DC OPF formulation neglects certain state variables of the system, 
such as reactive power and voltage magnitudes.

To address this concern, the RL-based cutting plane method pro
gressively refines the feasible region of the DC OPF sub-problem (16), as 
shown in Fig. 3(a)–(d). Among the added cuts, the cuts for the selected 
two generators (i.e., P̂

max
G2 P̂

max
G3 ) are depicted as vertical and horizontal 

boundaries of the feasible region. Throughout the iterative procedures 
from (a) to (d), these cuts are continuously adjusted, guiding the solu
tion toward the feasible region of the AC OPF problem. It is also 
observed in Fig. 3(e)–(h) and 4. The gap between the solution and the AC 
OPF’s feasible region represents constraint violations of the decision 
variables, and its reduction increases the reward (29) for the RL agent. 
Consequently, by leveraging the proposed cutting plane method with a 
well-trained RL agent, an AC-feasible solution can be achieved 
effectively.

Because the cuts in the proposed strategy are the additional linear 
inequality constraints for power ratings, the resulting feasible region can 
be conservative, as illustrated in Fig. 3. However, it can be regarded as a 
trade-off for ensuring AC feasibility and achieving low computational 
complexity [33]. Addressing this conservativeness within the proposed 
strategy remains a future research area. Additionally, a key contribution 
of this study is obtaining high-quality solutions that satisfy AC feasibility 
for the OPF problem. The conventional DC OPF solutions often lead to 
increased operational costs due to the system constraints violations, 

FL

FL

PG

PG

PG

PG

PG

PG

PG

PG

FL

FL

FL

FL

FL

FL

PG |FL PG FL

^PG

^PG

^PG

^PG

^PG

^PG

^PG

^PG

Fig. 3. Feasible region and solution variations of the DC OPF sub-problem in the proposed strategy during the agent training compared to feasible regions of the 
original AC OPF and conventional DC OPF problems with axes representing Pg

t and |Fl
t|.

QG

QGQG

QG

QG

QG

Fig. 4. Solution variations of the DC OPF sub-problem in the proposed strategy 
during the agent training compared to the original AC OPF problem’s feasible 
region with the axis representing Qg

t .
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requiring corrective actions [34]. In contrast, the proposed strategy fo
cuses on minimizing the violations, thereby mitigating the need for 
costly adjustments in system operations.

3.2. Computational complexity analysis

The computational complexities of the three main procedures in the 
proposed strategy–solving the DC OPF sub-problem, estimating cuts and 
voltage references using the RL agent, and calculating AC PF–are 
determined as follows: 

CCDCOPF = O
(
{NT(NG + NB)}

3.5)
, (30) 

CCRL = O
(
{NTNB}

2)
, (31) 

CCACPF = O
(
NTN3

B
)
. (32) 

Thus, the overall complexity is derived by summing (30)–(32), 
resulting in O({NT(NG + NB)}3.5). This complexity is equivalent to that of 
solving the DC OPF problem CCDCOPF and remains notably lower than 
that of solving the AC OPF problem, which is known to be NP-hard. It 
confirms the proposed strategy achieves the same computation effi
ciency as the DC OPF formulation. Each complexity of (30)–(32) is 
derived as follows.

The computational complexity of the interior-point method for 
solving an LP-based problem is O(NDV

3.5) [35] for NDV decision vari
ables. As listed in Table 1, for a multi-period DC OPF problem, NDV is 
determined by NT(NG + NB). Consequently, the computational 
complexity of solving the DC OPF problem can be expressed as: 

CCDCOPF = O
(
{NT(NG + NB)}

3.5)
. (33) 

The computational complexity of the cut and voltage reference 
estimation is same with that of the DNN’s forward evaluation, and it is 
expressed as O(NHLMHN

2) [36], where NHL is the number of hidden 
layers in a DNN, and MHN is the maximum number of hidden nodes of 
the layers. In this paper, the DNN is the actor network in SAC algorithm, 
and NHL for the network is set as 3. MHN is chosen to be of the same order 
as NTNB, because the actor network’s input and output node sizes are 
NTNL and ⌈NTNG/NASP⌉ + ⌈NTNG/NASV⌉, respectively, and they increase 
in the same order with NTNB, when NASP and NASV are set as 1. Conse
quently, the complexity of the agent’s action estimation is derived as: 

CCRL = O
(
{NTNB}

2)
. (34) 

Although the training is performed offline and at predetermined 
periods set by the system operators, this work also incorporates the 
computational complexity of the agent training. The agent training in
volves sequential operations of forward evaluation, backward propa
gation, and the subsequent update of model parameters. Through 
experimental analysis in previous studies [37,38], it has been confirmed 
that the computational complexity of the parameter update is negligible, 
whereas that of the backward propagation is approximately twice that of 
the forward evaluation. Nonetheless, as both forward and backward 
propagations have the same asymptotic complexity in big-O notation, 
CCRL can be represented as given in (31).

The AC PF calculation involves two operations: matrix multiplication 
and inversion. In case of an n × n matrix, both operations have 
computational complexities of O(n3) and O(n2), respectively [35]. In this 
study, n is set to 2NB to calculation the AC PF. For multi-period AC PF 
calculation, CCACPF is obtained as: 

CCACPF = O
(
NTN3

B
)
. (35) 

The original AC OPF problem is NP-hard due to its nonlinear and 
nonconvex power flow constraints, leading to non-polynomial compu
tational complexity [39]. In contrast, the proposed method decomposes 
the original problem into tractable subproblems and employs the RL- 
based cutting plane method, allowing each subproblem to be solved in 

polynomial time. As a result, the proposed strategy achieves improved 
computational efficiency compared with the original AC OPF strategy.

4. Case studies and Numerical results

4.1. Test conditions

The IEEE 39-bus [40] and 9-bus [32] systems were used to evaluate 
the proposed strategy. In Section 4.1, both systems were tested to show 
the solution degradations as the system size increases. In the other 
sections, the 39-bus system was employed to assess the effectiveness of 
the proposed strategy. Both profiles of RESs’ generation and power loads 
were reconstructed from the NYISO’s measured data during June to 
August 2019 and June 2020 [41]. Among the reconstructed data, the RL 
agent was trained using the first 100 days of data, while the rest was 
utilized to evaluate the proposed strategy. The parameters for the case 
studies were listed in Table 2. In Sections 4.2, 4.4, and 4.5, the RES 
penetration rate was set to 0 %, whereas in Section 4.3, the rate was 
increased to 50 %. The types, capacities, and operating prices of gen
erators were randomly assigned based on recorded statistics in 2020 on 
oil, coal, and natural gas-based power generation in the United States 
[42].

The case studies evaluated eight strategies with respect to the OPF 
results: the proposed strategy, five conventional strategies based on 
linearization, RL, heuristic optimization, and DC/AC OPF formulations, 
a variant of the proposed strategy with an alternative action selection, 
and another variant without the problem decomposition, referred to as 
Cases 1–8, respectively. Table 3 provides a detailed comparison among 
the eight strategies. In Case 2, nonlinear constraints (2)–(5) in the AC 
OPF problem are linearized by applying Taylor series [2]. In Case 3, the 
action of the RL agent consists of {Pg

t , |Vg
t|}g,t to find the solution of the 

AC OPF problem directly. In Case 4, a hybrid DE-PSO algorithm pro
posed recently is utilized to find the solution directly [5]. In Cases 5 and 
6, the DC OPF and AC OPF problems are solved by an LP and NLP solver, 
respectively. In Case 7, the action space is reduced by increasing the 
number of the retained time steps (i.e., NASP, NASV) for each action 
element. Thus, the action sizes for each generator and the agent network 
sizes of Case 7 are smaller than that of Case 1, as listed in Table 4. In Case 
8, the AC OPF problem is addressed solely using the proposed cutting 
plane method, without no decomposition involved. In this section, 
CPLEX was used for solving LP-based problems, while Matpower Interior 
Point solver (MIPS) [43] was for NLP-based problems. All case studies 
were performed on a system equipped with a 32 GB RAM and 3.8 GHz 
Intel Core i7 processor.

Sections 4.2, 4.3, and 4.4 evaluated the proposed strategy based on 

Table 2 
Parameters for Section 4.

Explanations Parameters Values Units

# of time steps in optimization 
period

NT 24 [h]

unit time step Δt 1 [h]
max./min. of voltage magnitude |Vn|min, | 

Vn|max
0.94, 1.06 [p. 

u.]
up-/downward ramp rates of 

generators
RH,g, RL,g 60, 80 [%]

Explanations Parameters Values Units

39-bus 9-bus

# of repetitions of Step 2–4 and 2–6 NR,2-4, NR,2-6 30, 
100

30, 
80

−

# of epochs for agent training NTR 100 80 −

batch size in agent training NBS 8000 1000 −

# of hidden layers for agent NHL1, NHL2 2, 2 −

learning rate for agent training RT 1 × 10‒2 −
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the deviations in |Vb
t | and Qg

t , with line flow limits relaxed to allow de
viations in these variables. In contrast, Section 4.5 examines the strategy 
based on the deviations in |Fl

t| and Qg
t , where the original line flow limits 

from [40] were reinstated. This is because that the proposed strategy is 
assessed in scenarios where the DC OPF strategy (i.e., Case 2) results in 
simultaneous deviations in |Fl

t| and Qg
t . In Section 4.6, the convergence 

analyses were performed by executing the proposed strategy multiple 
times under various daily net-load profiles.

To evaluate the solution quality of each case (i.e., Case •), certain 
properties (e.g., generation cost and constraint deviations) were 
compared with those of Cases 5 and 6, and four metrics were formulated 
as follows: cost difference (ηC), speed-up (ηT) [7], reduction ratio of 
maximum constraint deviation (ζ|V|, ζQ, and ζ|F|), and reduction ratio of 
total summation of constraint deviations (κ|V|, κQ, and κ|F|). 

ηC = 100
(
CG,Case⋅ − CG,Case6

)/
CG,Case6, (36) 

ηT = TCase6/TCase⋅, (37) 

ζx = 100
(
Mx,Case5 − Mx,Case⋅

)/
Mx,Case5, (38) 

κx = 100
(
Dx,Case5 − Dx,Case⋅

)/
Dx,Case5. (39) 

where CG and T are the generation cost and computation time, 
respectively. Mx is the maximum value of constraint deviations on var
iable xn

t , and it is calculated as follows: 

Mx : = max
(
max(x − xmax,0) + max

(
xmin − x, 0

))
. (40) 

Dx is the total summation of constraint deviations on variable xn
t , 

which is calculated by (28). ηC calculates the relative difference in 
generation cost CG between Case • and Case 6. Similarly, ηT measures the 
ratio of computation time in Case 6 to that in Case •. ζx calculates the 
relative reduction in the maximum constraint deviation compared to 
Case 5, while κx evaluates the overall reduction in the constraint de
viations relative to Case 5. To ensure reliable performance evaluation, 
each case was run 100 times, and for all non-deterministic algorithms 
(Cases 1, 3, and 4), the 95 % confidence intervals of the metrics (i.e., ηC, 
ζx, and κx) for the operating cost and constraint deviations are reported 
in the form of “mean ± half-width of the interval”. Since Case 2 is a 
deterministic linearization-based method, confidence intervals are not 
applicable and therefore omitted.

4.2. Comparisons of the OPF results

Tables 5 and 6 list the OPF results of Cases 1–4 of the 9-bus and 39- 
bus systems, respectively. As indicated by the values of ζ|V|, ζQ, κ|V|, and 
κQ, the proposed strategy (i.e., Case 1) significantly reduced constraint 
deviations compared to Cases 2–4 even the system size increased. In the 
39-bus system, the constraint deviations for Cases 3 and 4 are signifi
cantly larger than those of the proposed strategy, and Case 2 was 
infeasible for all given load profiles. In Case 4, the maximum deviation 
MQ of Qg

t was larger than the conventional DC OPF result (i.e., Case 5), 
while the total deviations DQ of Qg

t were slightly lower than Case 5, as 
shown in ζQ < 0, κQ > 0 in Table 6. Regarding the operation costs, ηC of 
Cases 2–4 were higher than Case 1, indicating that the operating costs of 
both cases were higher than Case 1, as well as Case 6. The lower cost 
difference ηC and the higher maximum and total deviation reductions 
ζ|V|, ζQ, κ|V|, and κQ, of Case 1 implies that the solution of Case 1 was 
closer to the optimal solution rather than that of Cases 2–4.

Additionally, the proposed strategy demonstrated a substantial 
reduction in the computation time for the OPF calculation. Specifically, 
it achieved the speed-up ηT of 26.65 and 30.58 times compared to Case 6 
in the 9-bus and 39-bus systems, respectively. It is acknowledged that 
the RL-based strategy utilizes a pre-trained agent, whereas Case 6 solves 
each instance from scratch. This may appear to introduce a bias in 
computation time comparison; however, such an offline–online frame
work is a well-established paradigm in learning-based optimization 
studies [11,44,45]. The proposed strategy can require substantial 
computational load during the offline training stage but significantly 
reduces the time and resources required for online operation. The 
computation time of Case 1 was slightly higher than the time of Cases 2 
(in 9-bus system) and 3 (in both systems). This is because the LP-based 
algorithm in Case 2 can be computationally efficient, and the DC OPF 
sub-problem was not solved in Case 3. However, as the system size in
creases, the solution qualities of both cases can be degraded as shown in 
the simulation results of the larger systems. The simulation results 
verified that the problem decomposition and RL-based cutting plane 
method are effective in solving the OPF problem, while ensuring the 
computational efficiency.

When comparing the OPF results of Cases 2–4 in both systems, Cases 
3 and 4 outperformed Case 2 in terms of the constraint deviations and 
feasibility, because a RL algorithm and heuristic algorithm can be 
considered as kinds of NLP solvers, and the solution quality of the 
linearization method can be degraded by the increased model 
complexity. However, the conventional RL-based strategy (Case 3) and 
heuristic-based strategy (Case 4) finds the solution of the OPF problem 
directly. Thus, it requires more iterations for the agent training than 

Table 3 
Comparison of features among the proposed and conventional OPF strategies.

Strategies Solver PR CP NC AS

Proposed Case 1 RL, LP PD ○ ○ −

LOPF-based Case 2 LP L − − −

Conv. RL-based Case 3 RL − − ○ −

Heuristics-based Case 4 DE-PSO − − ○ −

DC OPF-based Case 5 LP S − − −

AC OPF-based Case 6 MIPS − − ○ −

Proposed w/ AS Case 7 RL, LP PD ○ ○ ○

Proposed w/o DaC Case 8 RL, MIPS − ○ ○ −

*AS: different action selection, CP: cutting plane method, DE-PSO: hybrid DE 
and PSO algorithm, L: linearization, NC: nonlinear system constraints, PD: 
problem decomposition, PR: problem reformulation, S: simplification

Table 4 
Parameter comparisons between Cases 1 and 7.

Strategy Action sizes  

per a generator

# of nodes in both networks of the RL agent

Actor network Critic network

for P̂
t,max
g

for |Vg
t| Input Hidden Output Input Hidden Output

Case 1 8 24 408 420 320 728 930 1
Case 7 2 6 408 420 80 488 520 1

Table 5 
Comparisons of the proposed strategy with the conventional linearization, RL, 
and heuristics-based strategies in the 9-bus system.

Metrics Case 1 (9B) Case 2 (9B) Case 3 (9B) Case 4 (9B)

ηC [%] 4.38 ± 0.01 4.56 16.91 ± 0.41 42.41 ± 0.98
ζ|V| [%] 99.99 ± 0.00 51.24 48.93 ± 4.05 31.77 ± 3.93
κ|V| [%] 99.99 ± 0.00 35.57 86.94 ± 1.37 72.13 ± 1.91
ηT ×26.65 ×42.87 ×31.36 ×0.0062
TCase1–4,6 [sec] 0.1227, 0.0763, 0.1043, 527.3, 3.2706
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Case 1 as the system size increases.
To further examine the stability of the proposed strategy, the 95 % 

confidence intervals of ηC, ζx, and κx were evaluated. The results show 
that, for Case 1, the deviations from the mean were notably small, 
indicating that the proposed strategy provides highly consistent solu
tions. Moreover, the intervals for Case 1 were substantially narrower 
than those of the conventional RL-based method (Case 3) and the 
heuristic-based methods (Case 4). This implies that the proposed strat
egy not only achieves lower constraint deviations and operation costs on 
average but also yields solutions with considerably lower variability, 
demonstrating improved robustness against randomness in initialization 
and learning dynamics.

4.3. OPF results for different RES penetration rates

The RES penetration rate RRES is defined as: 

RRES :=
∑NT

t=1

∑NRES

g=1
Pt

RES,g

/
∑NT

t=1

∑NB

b=1

Pt
L,b, (41) 

where PRES,g
t represents the generated power of RES g, and PL,b

t de
notes the active power load at bus b. RRES is defined as the total sum
mation of PRES,g relative to that of PL,b throughout the optimization 
horizon. As the share of RES in the system grew, the net load decreased, 
making the violation of |Vb

t | negligible even in Case 5. Thus, the simu
lation results in Table 7 focus on Qg

t deviation. In Case 1, κQ remained 
similar at 0 % and 50 % penetration. However, at 50 % penetration, the 
cost difference ηC was 3.73 % higher, and the reduction ratio of the 
maximum constraint deviation ζQ was 5.12 % lower than at 0 % pene
tration. In addition, the confidence intervals of Case 1 at 50 % pene
tration widened slightly, indicating a modest increase in solution 
variability. This is attributed to the increased variance in the state S 
during the agent training. The RES’s generations, particularly from wind 
power, follows no fixed pattern, leading to greater variance in net load 
profiles (i.e., the agent’s states). Fig. 5(a) illustrates the normalized 
reward profiles along with their upward and downward variations of 
Case 1 for both penetration rates. The slower saturation of the rewards at 
the higher RES penetration indicates greater difficulty in identifying the 
optimal action.

Fig. 5(b) presents the reward profiles of Cases 1 and 7. These profiles 
not only provide empirical evidence for the convergence of the proposed 

strategy, but also show that the agent required less training time in Case 
7 compared to Case 1. It indicates that reducing the action size improves 
the exploration efficiency and enhances the training performance within 
the same number of iterations. Table 7 also shows the confidence in
tervals were further narrowed in Case 7, demonstrating additional 
robustness gains. While Case 7 achieved higher feasibility (i.e., higher ζQ 
and κQ) than Case 1, it also incurred higher operation cost ηC than Case 1 
at the same RRES. A smaller action space implies reduced variability in 
generator operation, meaning that generators experience less opera
tional strain. However, low operational fluctuations can make it more 
challenging to precisely respond to rapid load variations while preser
ving solution feasibility and cost efficiency. This highlights the inherent 
trade-off between reducing operational stress on generators and mini
mizing total generation costs.

4.4. OPF results without problem decomposition method

To assess the effectiveness of the proposed decomposition approach, 
Case 1 was compared with its variant (i.e., Case 8) that does not 
incorporate the problem decomposition. In Case 8, the RL-driven cuts 
were integrated directly to the full nonlinear AC OPF problem defined by 
Eqs. (1)–(10). It indicates that the cuts for Pg

t were introduced into the 
problem, and it was solved using MIPS. Unlike in Case 1, the RL agent 
estimated the cuts only, as |Vg

t| was determined by solving the AC OPF 
problem. To maintain a fair comparison, λi were kept identical in both 
cases.

The OPF results of both cases are listed in Table 8. While Case 8 
obtained the AC-feasible solution and produced extremely small confi
dence intervals, which indicate high solution stability, it required much 
longer computation time than Case 1. This is because that Case 8 solves 
the NLP-based problem and estimates the optimal action. Additionally, 
the total generation cost incurred in Case 8 was 1.55 % higher than that 
in Case 6, indicating a decrease in economic efficiency. Fig. 6 illustrates 
the reward profiles during the training process for Cases 1 and 8. While 
the rewards of Case 8 achieved faster saturation compared to Case 1, a 
single execution time of Case 8 was approximately 31 times longer than 
that of Case 1. Thus, it is hard to show that Case 8 achieved computa
tional efficiency compared to Case 1. These findings suggest that the 
problem decomposition is also necessary to enhance computational 
efficiency.

4.5. OPF results considering line flow limits

The effectiveness of the proposed strategy was assessed based on the 
violations of the line flow |Fl

t| and reactive power generation Qg
t con

straints. As listed in Table 9, the OPF results indicate that the compu
tation time of Case 1 was 31.06 times shorter than that of Case 6, and 
that the constraint violations were reduced sufficiently as indicated by 
ζ|F|, ζQ, κ|F| and κQ. This verifies that the proposed strategy is capable of 
obtaining feasible solutions under the condition that various constraints 
are considered, provided that the reward function incorporates the 
corresponding penalty terms. As shown in Section 4.2, the proposed 
strategy (i.e., Case 1) outperformed the other conventional strategies (i. 
e., Cases 2–4), in terms of the feasibility, cost difference, and constraint 
deviation reductions. Moreover, it yields substantially narrower confi
dence intervals than Cases 3 and 4, consistent with the observations in 
Section 4.2.

4.6. Convergence analysis

The comprehensive convergence performance of the proposed 
strategy was examined using 20-day test dataset. The RL training and 
execution were repeated 100 times for each daily dataset, with the initial 
weights of the neural networks being randomly selected for each 
execution. Fig. 7 shows the proportion of acceptable solutions among 
100 executions for each day, where the acceptable solutions were 

Table 6 
Comparisons of the proposed strategy with the conventional linearization, RL, 
and heuristics-based strategies in the 39-bus system.

Metrics Case 1 (39B) Case 2 (39B) Case 3 (39B) Case 4 (39B)

ηC [%] 3.97 ± 0.23 NA 13.97 ± 0.19 14.28 ± 0.17
ζ|V| [%] 79.63 ± 2.20 NA 41.19 ± 2.94 38.31 ± 3.59
ζQ [%] 76.65 ± 2.26 NA 20.67 ± 3.83 − 12.66 ± 6.98
κ|V| [%] 97.04 ± 0.65 NA 79.22 ± 1.78 72.27 ± 3.07
κQ [%] 93.01 ± 0.79 NA 34.58 ± 2.32 1.134 ± 6.94
ηT ×30.58 NA ×35.77 ×0.0025
TCase1–4,6 [sec] 0.1990, NA, 0.1701, 2452.6, 6.0845

* ηC, ζx, and κx are expressed as “mean ± half-width of 95 % confidence interval”.
* NA: not available (no feasible solution).

Table 7 
Evaluation of the proposed strategy based on RES penetration rates and action 
selection in the 39-bus system.

Metrics Case 1 Case 7

RES 0 % RES 50 % RES 50 %

ηC [%] 3.97 ± 0.23 7.70 ± 0.17 8.89 ± 0.20
ζQ [%] 76.65 ± 2.26 71.53 ± 2.41 82.68 ± 1.53
κQ [%] 93.01 ± 0.79 93.12 ± 1.45 96.06 ± 0.26
TCase• [sec] 0.1990 0.2117 0.2119

* ηC, ζx, and κx are expressed as “mean ± half-width of 95 % confidence interval”.
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defined as solutions that exhibited at least 85.0 % of the constraint de
viation reduction ratios (i.e., κ|V| and κQ). The proposed strategy ach
ieved a minimum ratio of acceptable solutions of 90.0 % and an average 
ratio of 98.9 % despite the inherent stochastic nature of the agent 
training procedure and variations in the daily load profiles, whereas 
none of the conventional DC OPF solutions were acceptable. Moreover, 
the proposed strategy reduced the maximum value of the constraint 
deviations (i.e., ζ|V| and ζQ) by 80.0 % on average compared to those of 
the conventional DC OPF solutions. The results show the solutions of the 

proposed strategy converge closely to the AC-feasible area.

5. Conclusions

This study proposed the problem decomposition and RL-based cut
ting plane methods to solve the multi-period AC OPF problem with 
computational efficiency. The problem was decomposed into the DC 
OPF and AC PF sub-problems. To obtain the AC-feasible solution, 
additional linear inequality constraints (i.e., cuts) and voltage magni
tude references were required by the DC OPF and AC PF sub-problems, 
respectively, and these were determined by the RL agent. Comprehen
sive case studies verified the proposed strategy’s computational effi
ciency and solution feasibility compared to the conventional OPF 
strategies. In addition, the computational complexity analysis was 
conducted, and it also confirmed that the proposed strategy had lower 
complexity than the original AC OPF strategy. Although the proposed 
strategy can exhibit conservativeness in their solution, due to the 
characteristics of the feasible area restriction, it is the trade-off of 
computational efficiency. Further research will explore methods to 
reduce the conservativeness while maintaining the efficiency.
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Table 8 
Comparison of OPF results in the 39-bus system: the proposed strategy with and 
without problem decomposition.

Metrics Case 1 Case 8

ηC [%] 3.97 ± 0.23 1.55 ± 0.05
ζ|V| [%] 79.63 ± 2.20 100.0 ± 0.00
ζQ [%] 76.65 ± 2.26 100.0 ± 0.00
κ|V| [%] 97.04 ± 0.65 100.0 ± 0.00
κQ [%] 93.01 ± 0.79 100.0 ± 0.00
ηT ×30.58 ×0.9908
TCase1,6,8 [sec] 0.1990, 6.0845, 6.1412

* ηC, ζx, and κx are expressed as “mean ± half-width of 95 % confidence 
interval”.
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Table 9 
Comparisons of the proposed strategy with the conventional linearization and 
RL, and heuristics-based strategies in the 39-bus system.

Metrics Case 1 (|Fl
t|, Qg

t) Case 2 Case 3 Case 4

ηC [%] 3.89 ± 0.26 NA 14.61 ± 0.21 15.38 ± 0.18
ζ|F| [%] 99.01 ± 0.42 NA 8.36 ± 5.56 − 336.4 ± 118.19
ζQ [%] 97.99 ± 2.57 NA 83.85 ± 11.68 35.24 ± 6.09
κ|F| [%] 99.94 ± 0.16 NA 48.55 ± 3.31 60.58 ± 11.71
κQ [%] 99.59 ± 0.61 NA 98.94 ± 0.77 71.23 ± 3.14
ηT ×31.06 NA ×40.34 ×0.0034
TCase1–4,6 [sec] 0.2351, NA, 0.1810, 2117.1, 7.3014

* ηC, ζx, and κx are expressed as “mean ± half-width of 95 % confidence interval”.
*NA: not available (no feasible solution).

Fig. 7. The proportion of acceptable solutions obtained from multiple execu
tions of Case 1 under various net-load profiles.
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