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Abstract

With the rapid development of artificial intelligence technology, DRL has shown great poten-
tial in solving complex real-time optimal power flow problems of modern power systems.
Nevertheless, traditional DRL methodologies confront dual bottlenecks: (a) suboptimal
coordination between exploratory behavior policies and experience-based data exploitation
in practical applications, compounded by (b) users’ distrust from the opacity of model
decision mechanics. To address these, a model–data hybrid-driven physics-informed
reinforcement learning (PIRL) algorithm is proposed in this paper. Specifically, the pro-
posed methodology uses the proximal policy optimization (PPO) algorithm as the agent’s
foundational framework and constructs a PI-actor network embedded with prior model
knowledge derived from power flow sensitivity into the agent’s actor network via the
PINN method, which achieves dual optimization objectives: (a) enhanced environmental
perceptibility to improve experience utilization efficiency via gradient-awareness from
model knowledge during actor network updates, and (b) improved user trustworthiness
through mathematically constrained action gradient information derived from explicit
model knowledge, ensuring actor updates adhere to safety boundaries. The simulation and
validation results show that the PIRL algorithm outperforms the baseline PPO algorithm in
terms of training stability, exploration efficiency, economy, and security.

Keywords: deep reinforcement learning (DRL); real-time optimal power flow (RT-OPF);
physics-informed neural network (PINN); physics-informed reinforcement learning (PIRL)

1. Introduction
OPF has become one of the most fundamental issues in power system operation

planning and electricity market transactions, aiming at improving economy while ensuring
the safe and stable operation of power systems. In recent years, the problems of energy
shortage and environmental pollution have become more and more prominent, which
has driven the rapid development of renewable energy source technology [1], and many
renewable energy sources are deployed and connected to the power system. With the
continuous integration and modification of high-proportion renewable energy sources and
multi-type load demand, profound changes in the power system are led by significantly
different operating characteristics from the traditional synchronous generator, as follows.
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(1) Distributed renewable energy sources exhibit pronounced stochastic, intermittent, and
fluctuating characteristics, leading to a continuous increase in operational uncertainty
in the new power system. This results in frequent node voltage fluctuations and
flicker and rapidly shifting power flow [2], which constrain the space for safe and
stable operation in the new power system, thereby endangering its overall stability.

(2) The increasing integration of controllable power electronic equipment and higher
interruptible load access ratios has made the operation and dispatch of the modern
power system more flexible, thereby heightening the complexity of power system
optimization [3].

This poses a significant challenge to the OPF strategy of the power system. On the one
hand, the high uncertainty in the modern power system triggers frequent changes in voltage
and power flow, compelling dispatch strategies to reduce dispatch time intervals to improve
economic efficiency and safety, which intensifies real-time computation requirements for
OPF. Consequently, traditional high-computation-cost optimization methods are becoming
increasingly inadequate for modern power systems. Additionally, the number of state and
control variables in the OPF model is inevitably increased by the extensive integration of
electronic power equipment and controllable loads, introducing additional constraints,
highlighting nonlinear, nonconvex characteristics and making it challenging to obtain the
global optimal solution to this OPF problem [4].

Many scholars have conducted extensive research on the challenges and issues of the
modern power system OPF. Among the model-based optimization methods, the objective
function is first formulated based on the system output–cost relationship, with the out-
put of each unit and load shedding defined as control variables and corresponding state
constraints imposed [5]. Depending on the solution method, model-based methods are gen-
erally classified into two main categories. The first category introduces convex relaxation of
the exact AC power flow constraints to enable the application of numerical algorithms, such
as Newton’s method [6] and the interior-point method [7]. In [8], the QC relaxation method
was introduced with an improved linear convex envelope, which to some extent reduced
the distance between the optimization results and the optimal solution, but there were still
a few cases where the optimization results deteriorated. In [9], a nested decomposition
method was proposed for multi-level networks, which improved the convergence and
computational efficiency by using lower-level convex optimization problems based on the
nested and recursive framework. In [10,11], the second-order cone programming model
and semidefinite programming model are used for relaxation, improving the convergence
of the iterative numerical algorithm to some extent. However, the primary shortcoming of
the above model-based optimization algorithms is that the accuracy of the relaxed model is
insufficient, making it challenging to ensure the precision of solution results. To address
this issue, the second category of search algorithm methods with primitive non-convex
models has been applied and rapidly developed to find the optimal solution by performing
global or local searches in the feasible domain for the safe operation of the modern power
system. In [12], a non-dominated sorting genetic algorithm is applied to multi-objective
OPF problems involving wind and solar energy. In [13], the jellyfish algorithm is applied to
OPF problems involving power markets and renewable energy sources. Both algorithms
improve computational efficiency to some extent. In [14], the cuckoo optimization algo-
rithm is used to further improve the computational efficiency and enhance the convergence
of the algorithm. However, these algorithms suffer from drawbacks such as parameter
sensitivity and a tendency to fall into local optima. Furthermore, the algorithm performance
is coupled with the initial value and highly depends on the fitness of the model in OPF
problems, resulting in poor generalizability and extensibility, making it difficult to ensure
their optimization capability. Overall, the traditional model-based OPF algorithm often
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struggles to balance computational efficiency and accuracy in power system scheduling
scenarios and cannot effectively cope with the challenges of modern power systems.

With the development of artificial intelligence, the DRL, one of the new generation
of artificial intelligence technologies, can rapidly make response decisions based on the
observed state due to its model-free nature and rapid function approximation capabilities of
neural networks [15]. In recent years, it has made significant progress in the field of power
systems, particularly in solving OPF. Reference [16] proposed a Bayesian neural network-
based OPF method that considers the spatial–temporal probabilities of multi-source renew-
able energy. Reference [17] introduced the TD3-based multi-agent reinforcement learning
method for optimal generation control in DC microgrids, accelerating convergence through
distributed reinforcement learning. Reference [18] further introduced a hierarchical learn-
ing method for DRL agents, achieving highly efficient energy management. However,
as a model-free approach, DRL algorithms lack environmental perception in the early
stages of training, requiring extensive exploration time to perceive the environment. This
results in high computational costs and time demands when training suitable models for
high-dimensional OPF problems. Furthermore, the learning process relies to some extent
on the abstract environmental advantage estimates provided by the critic network. In
complex environments, the critic network is more prone to estimation errors, which can
misguide the agent’s learning updates, leading to sudden performance degradation and
the generation of substantial amounts of ineffective or suboptimal experience.

PINNs, a significant branch of interpretable deep learning (DL), offer effective guid-
ance for training neural networks by embedding a priori physics knowledge as regular-
ization terms in the network’s loss function. This approach significantly accelerates the
training speed and credibility of neural networks while providing innovative solutions to
the inherent limitations of data-driven methods mentioned previously. References [19,20]
proposed PINN methods applied to AC-OPF and DC-OPF, respectively, that can rapidly
project optimization results. Reference [21] proposed the SINDy algorithm to further ad-
dress the efficiency issues of PINN algorithms, significantly reducing network training
time in grid parameter estimation problems. Reference [22] leveraged a PINN to address
the challenges of strong nonlinearities in low-inertia systems, successfully applying it to
nonlinear system identification for power system dynamics and achieving significantly
superior estimation performance to that of the unscented Kalman filter. However, PINNs
still fall within the domain of DL and its extensions; therefore, their application at the OPF
level still possesses common, inherent drawbacks, as follows.

(1) As a supervised learning paradigm, DL relies on high-quality, large-scale labeled
datasets for support, and the trained models are typically limited to addressing the
specific system represented by the training dataset. This makes DL poorly suited to
adapting to the rapidly evolving operational conditions and structures of modern
power systems.

(2) Power system dispatch optimization is a multi-timestep decision-making process
constrained by unit ramp-rate limits. DL methods struggle to produce accurate
multi-timestep decision trajectories when solving dispatch strategies, rendering them
impractical for direct application and significantly limiting their generalizability.

Inspired by the philosophy of physics-informed methods, PIRL has emerged as a new
branch of reinforcement learning. By combining environmental perception and knowledge-
guided techniques with DRL, PIRL demonstrates immense potential due to its low compu-
tational cost, high scalability, and a learning capability distinct from PINNs.

Several approaches have explored enhancing the agent’s perception. The PIDTRL
algorithm, proposed in [23], adds a physics-informed layer to the agent, providing it with
the ability to perceive the DAB inductor current. Similarly, Reference [24] proposed using
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the admittance matrix to construct a PIRL algorithm that enhances the agent’s ability to
perceive power flow changes. Reference [25] improves training convergence by encoding
prior knowledge into images using the solution space diagram method. However, these
PIRL methods that enhance environmental perception require additional or indirect use
of data-driven techniques, and the stability of this perception capability can introduce
potential issues to the training process.

Other studies have focused on constraining the agent’s actions to avoiding invalid
actions. Reference [26] introduced physics-informed exploration into a safe reinforcement
learning algorithm, using a model-based method to confine the agent’s actions to a safe
region and reduce exploration of invalid actions. Reference [27] proposed using an action
masking technique based on power flow sensitivity to block actions that are predicted
to cause limit violations. However, this method of action masking does not directly
guide the actions themselves, resulting in relatively limited improvements in training
speed and computation cost. Furthermore, it can restrict the agent’s exploration of certain
extreme environmental conditions, making it difficult to quantify the impact on the agent’s
optimality. The preceding analysis highlights a critical research gap: the need for a PIRL
framework that can directly utilize model knowledge to efficiently guide the agent’s
learning process, thereby enhancing training efficiency, reducing computational cost, and
improving final policy quality. To fill this gap, a model–data hybrid-driven PIRL approach is
proposed in this paper to provide an RT-OPF strategy that combines low training costs with
generalizability. The proposed approach uses PPO as the agent blueprint and constructs a
PI-actor network with an independent model perception mechanism based on power flow
model sensitivity with the PINN method. The significant contributions of this paper are
as follows.

(1) After the mathematical model of the RT-OPF problem is systematically formulated,
a Markov decision process (MDP) model is developed based on this optimization
problem, incorporating unit ramping constraints. Safety and economic efficiency are
modeled as reward functions to support the agent’s training process, enabling the
acquisition of gradient information that combines safety and economic performance.

(2) Based on power flow sensitivity, the influence relationship between agent actions
and system states is established, serving as the prior model knowledge essential
for guiding the agent. Then, building on the PINN method, the PI-actor network
is introduced after an action constraint violation degree index, incorporating safety
gradient information, and utilized as a regularization term for model knowledge. This
actor network leverages the action–system state loop for backpropagation to derive
gradients of safety information, thereby providing critical model guidance during the
network update process.

(3) An RT-OPF solution framework based on a model–data hybrid-driven PIRL approach
is established. Compared to classical data-driven methods, the proposed approach
builds upon the PPO algorithm by embedding a PI-actor network, leveraging both
model knowledge and data-driven techniques to compute safety-economic gradient
information for training the agent. The proposed method demonstrates significant
advantages in terms of safety and economic performance in RT-OPF. Furthermore, the
integration of black-box models with white-box knowledge substantially enhances
the trustworthiness of the actor network.

The paper is organized as follows. In Section 2, we provide the OPF problem of the
dispatch model, and the detailed MDP model is established based on it. In Section 3, as
the baseline, the PPO algorithm is formulated for application to the OPF problem, and
the proposed PIRL algorithm is illustrated. In Section 4, the performance of the proposed
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PIRL algorithm is compared with PPO and IPS in the IEEE 39-bus system. Conclusions
and future work are presented in Section 5.

2. Preliminaries
2.1. RT-OPF Problem Description

Before establishing the MDP model of RT-OPF, the mathematical description of the
RT-OPF problem, which is the formulation basis of MDP, is presented as follows.

2.1.1. Objective Function

The RT-OPF problem is formulated as a quadratic programming problem focused on
the economic optimization of generating unit outputs, and the objective function aimed at
minimizing operation cost is represented as follows:

minfcost = min
NG

∑
i=1

aP2
G,i,t + bPG,i,t + c (1)

where PG,i represents the ith unit active power output, a and b are the ith unit cost curve
coefficients, and NG denotes the set of generation units. It should be noted that in this
paper, to maximize renewable energy integration, the renewable energy sources are mod-
eled as deterministic active and reactive power injections at the PQ bus. Therefore, the
objective function solely focuses on the economic optimization of the thermal power
units’ generation.

2.1.2. Constraints

The model’s constraints include power system operational constraints, as well as
generation unit output and ramp rate constraints. Each constraint is defined as follows.

(a) Node power balance constraints:

PG,i + PE,i − PD,i = Vi

n

∑
j=1

Vj(Gij cos δij + Bij sin δij), ∀i, j ∈ N (2)

QG,i −QD,i = Vi

n

∑
j=1

Vj(Gij sin δij + Bij cos δij), ∀i, j ∈ N (3)

where QG,i represents the ith unit reactive power output and PD,i and QD,i indicate
the active power and reactive power consumption in the ith node and represent the
conductance and susceptance between the i and j nodes. The set of nodes in the
system is denoted by N.

(b) Node voltage security constraints:

Vi,min < Vi < Vi,max, ∀i ∈ N (4)

where Vi,min and Vi,max indicate the lower and upper limits of the ith node’s voltage,
while Vi represents the node’s voltage.

(c) Unit generation constraints:

PG,i,min < PG,i < PG,i,max, ∀i ∈ NG (5)

QG,i,min < QG,i < QG,i,max, ∀i ∈ NG (6)

where the active and reactive power output limit of the unit are denoted by PG,i,min,
PG,i,max, QG,i,min, and QG,i,max, respectively.



Energies 2025, 18, 3483 6 of 20

(d) Ramp rate limits:
RD,i < PG,i,t − PG,i,t−1 < RU,i, ∀i ∈ NG (7)

where RD,i and RU,i denote the generation ramp-up limit and ramp-down limit of the
ith unit.

2.2. MDP Modeling of RT-OPF Problem

Based on the mathematical formulation of the RT-OPF problem, an MDP model is
constructed to describe the interaction process in DRL, as illustrated in Figure 1. The
proposed MDP architecture comprises two interactive components—the environment and
the agent—whose sequential engagement is modeled as a Markov chain governed by
state–action–transition–reward quadruples (s, a, Pa, R(s,a)).

Figure 1. Brief MDP architecture.

The s, which means a state set containing important feature information of power
system dispatch, is established as:

s = [sV, sD, sP, sQ, sE]

sV = [V1, . . . VN]
T

sD = [PD,1, . . . PD,N]
T

sP = [PG,1, . . . PG,N]
T

sQ = [QG,1, . . . QG,N]
T

sE = [PE,1, . . . PE,N]
T

(8)

The state s contains of five pieces of information: the voltage sV and load demand sD

of each node, active and reactive output of units sP and sQ, and renewable energy source
output sE.

The action set a, the dispatch action taken in response to observing the state s contain-
ing the network information, is presented as:

a = [aP, aV, aQ]

aP = [∇PG,1, . . .∇PG,NG]
T

aV = [∇VG,1, . . .∇VG,NG]
T

aQ = [∇QG,1, . . .∇QG,NG]
T

(9)
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Note that to consider the unit ramping constraints during the dispatch operation
and ensure the validity of the cumulative reward in the MDP, all actions are designed
as adjustment values rather than target values, with unit ramping constraints serving as
the upper and lower bounds. The actions include the adjustment values of active power
outputs for all nodes except the slack bus, as well as the voltage adjustments of units at PV
buses and the reactive power output adjustments of renewable energy sources at PQ buses.

According to (8) and (9), the Markov state transition probability Pa can be obtained as:

Pa = Prob
{

st+1 = s′
∣∣st = s, at = a

}
(10)

In the RT-OPF problem, the dispatch center formulates plans based on forecasts of
load and renewable energy source outputs. It is generally assumed that the accuracy of
these forecasts is sufficient to support effective dispatch operation planning. Therefore, the
Markov state transition process can be considered a deterministic process, which can be
defined as:

s′ = f(s, a) (11)

Therefore, quadruples (s, a, Pa, R(s,a)) are transformed to (s, a, s′, R(s,a)).
R(s,a) denotes the corresponding reward generated by the transition of the power

flow state of the environment from s to s′ after the execution of action a generated by
reinforcement learning agent. Thus, the reward R(s,a) directly reflects the merit of the state
s′ after the transition occurs, i.e., the economy and safety of the power flow adjustment. In
this paper, to make the DRL agent learn safer and more economical strategies, according to
(1)–(7), a reward function based on the AC-OPF model is designed as follows:

R(s,a) =


k,

αfcost + βfconstraint,
αfcost,

if flow not converge
if constraint break
else

(12)

fconstraint = fP + fQ + fV =
NG

∑
i=1

IP,i +
NG

∑
i=1

IQ,i +
N

∑
i=1

IV,i (13)

IQ,i =

{
1,
0,

if PG,i,min < PG,i < PG,i,max

else
(14)

IP,i =

{
1,
0,

if QG,i,min < QG,i < QG,i,max

else
(15)

IV,i =

{
1,
0,

if Vi,min < Vi < Vi,max

else
(16)

where α, β, and k are penalization coefficients, which are usually negative. fconstraint

denotes the subtask ensuring the security, and IQ,i, IP,i, and IV,i represent Boolean values
that determine whether actions are exceeded.

3. Proposed Algorithm
In this section, as the baseline algorithm, the classic PPO is deployed to solve the

AC-OPF problem. Subsequently, the proposed PIRL algorithm integrating PPO and model
knowledge derived from power flow sensitivity is presented.

3.1. Baseline PPO Algorithm

PPO is an improved on-policy optimization algorithm that is based on the actor–critic
framework with the core idea of finding the optimal policy to maximize the cumulative
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reward through state advantage. Therefore, utilizing the previously constructed Markov
process, the intelligent agent’s policy constructed by the actor network of PPO is as follows:

πθ(a|s) ∼ N(µθ(s),σθ(s)) (17)

where N denotes normal distribution, whose mean and standard deviation are indicated
by the actor network output µθ and σθ, respectively. θ indicates the parameters of the
network influencing the output.

To maximize the cumulative reward R(s,a), the actor network loss is formulated
as follows: 

LPPO
actor = Êt[min(surr1, surr2)]

surr1 = wt(θ)Ât

surr2 = clip(wt(θ), 1− ε, 1 + ε)Ât

wt(θ) =
πθ(at|st)

πθdd
(at|st)

(18)

where wt(θ) represents the deviation of the action probability distribution between the old
and new policies. To mitigate the risk of excessively large network parameter updates that
could hinder the convergence of the policy, the clipping parameter ε is introduced to limit
the influence of deviations on the loss function. Ât is the advantage function, which judges
whether st+1 is better than st, and is calculated according to the generalized advantage
estimation (GAE) method:

Ât =
∞

∑
t=0

(γλ)t
δt+1 (19)

δt = rt + γVϕ(st+1)−Vϕ(st) (20)

where γ and λ are the hyperparameters denoting discount coefficient and priority discount
coefficient, respectively. Vϕ(st) is a value function, which is represented by the critic
network with parameters ϕ to estimate the value of state st. Thus, to approximating the
true state value function by incrementally updating the estimate, the critic network loss
can be defined as follows:

LPPO
critic = Êt[min(Vϕ(st)−Vtarget

ϕ (st))
2] (21)

Vtarget
ϕ (st) =

1
N(s)

N(s)

∑
i=1

T

∑
k=t

γk−tRk (22)

The proposed baseline PPO algorithm framework to solve the AC-OPF problem is
illustrated in Figure 2.

Firstly, the PPO agent interacts with the power system dispatch simulation envi-
ronment to collect experience trajectories. Then, based on (18) and (21), trajectories are
utilized to calculate the PPO loss function and each network’s parameter gradient. The
actor network and critic network parameter updating formulas, respectively, are expressed
as follows:

θ← θ+ η1 · ∇θLPPO
actor (23)

ϕ← ϕ + η2 · ∇ϕLPPO
critic (24)

where θ and ϕ denote the learning rate of the actor network and critic network, respectively.
After being fully trained, the agent can be deployed in the real system and provide actions
to achieve near-optimal power flow based on observed state.
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Figure 2. PPO framework for power system dispatch.

3.2. Proposed PIRL Algorithm

According to the mentioned PPO algorithm framework, the PPO algorithm estimates
the state advantage value relied on the data-driven critic network. References [28,29] indi-
cate that excessive variance in value estimation by the critic network can lead to deviations
between the safety-economic gradient information and the state advantage, resulting in er-
roneous iterations and ineffective exploration in the actor network, significantly impairing
the learning and convergence performance of the agent. This issue is particularly pro-
nounced in high-dimensional action–state spaces, where large value estimation variances
are more likely to occur.

Therefore, the PIRL algorithm proposed in this paper leverages the PI-actor network
to directly compute safety-economic gradient information from prior model knowledge,
explicitly guiding the update direction of the actor network, as shown in Figure 3.

In this algorithm, the data-driven component operates identically to that of PPO.
First, the critic network estimates the value of each state within experience trajectories.
Subsequently, the GAE method is used to calculate state-advantage values. Based on
the magnitude of these values, the probability of the corresponding action is iteratively
increased or decreased.

The model-driven component decoupled from the data-driven part does not rely on a
neural network. Instead, it first leverages power flow sensitivity to predict the change in
the power flow state corresponding to an action, thereby establishing a feedback path. This
predicted value and feedback path are then used to construct a regularization term that is
embedded into the loss function.
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Figure 3. Architecture of proposed PIRL.

We firstly consider the linearized representation of the Newton–Raphson correction
equation at the system’s stable point:[

∆P
∆Q

]
=

[
H N
T L

][
∆θ

∆V

]
= J

[
∆θ

∆V

]
(25)


Hij = ∂Pi/∂θj

Nij = ∂Pi/∂Vj

Tij = ∂Qi/∂θj

Lij = ∂Qi/∂Vj

(26)

Based on Equation (9), this equation can be reformulated as follows:[
∆θ

∆V

]
= J−1

[
aP

aQ

]
(27)

where the Jacobian inverse matrix J−1 reflects the sensitivity of active and reactive power in-
jections to phase angles and voltages at each bus. Combined with Equation (11), a linear pre-
diction equation for the action and the prediction of system state can be further established:

ŝ′ = s +△s = [s +△sV, sD, s +△sP, s +△sQ, sE] (28)
△sQ = aQ

△sP = aP

△sV = aV + J−1
[

aP aQ

]T
(29)
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Based on Equations (28) and (29), the change in power flow and the resulting pre-
dicted state corresponding to each action can be calculated. Then, to provide the agent
with a model-driven mechanism for perceiving the feasibility of its actions, a stability
regularization term based on the action–system state loop is proposed:

reg = max(0, smin − ŝ′) + max(0, ŝ′ − smax) (30)

where smax and smin represent the upper and lower bounds of the system state, determined
based on the inequality constraints (4)–(7). Obviously, this regularization term exhibits
two key characterizations: (a) when the system satisfies all inequality constraints, the
gradient of the regularization term is zero, while the system violates these constraints and
the regularization term yields a gradient directed toward the system’s stability boundary
with magnitude of 1, thus consistently reflecting the safety information of the action;
(b) the gradient computation does not rely on the black-box neural network model, but
is instead derived through system sensitivity calculations, ensuring clear interpretability
and trustworthiness.

Through the PINN method, the PI-actor network and the PIRL algorithm are further
proposed using this regularization term. The loss function of PI-actor network can be
expressed as follows: 

LPIRL
actor = Êt[min(surr1, surr2)]

surr1 = wt(θ)Ât + εreg
surr2 = clip(wt(θ), 1− ε, 1 + ε)Ât + εreg

(31)

where ε represents the regularization term weight coefficient, with a larger value enhancing
the guidance of the actor network’s update direction. The proposed PIRL algorithm is
detailed in Algorithm 1.

The introduction of the PI-actor network, with its explicit, purely model-driven update
mechanism, endows our PIRL framework with three significant advantages, as follows.

(1) Direct Guidance and Efficiency: The framework formulates a model-driven regular-
ization term from a power flow sensitivity-based feedback loop. This term provides
direct, physics-based guidance to the agent’s learning process at every step, which
significantly accelerates training and reduces overall computational costs.

(2) Enhanced Robustness and Stability: The model-driven and data-driven components
are decoupled. This architecture prevents the deterministic physics-based guidance
from being destabilized by the stochastic nature of the data-driven exploration, result-
ing in a more robust and stable training phase with less sensitivity to hyperparameters.

(3) Modularity and Extensibility: The decoupled design is inherently modular. The
physics-informed component can be adapted or replaced to suit different physical
systems or constraints without requiring a complete redesign of the core DRL agent.
This simplifies deployment and enhances the algorithm’s extensibility.

The establishment of the PI-actor network provides the PIRL agent with an ad-
ditional environment perception mechanism based on prior model knowledge, sig-
nificantly improving the agent’s experience utilization rate, learning efficiency, and
convergence performance.
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Algorithm 1 PIRL training process

Initial PIRL agent, memory buffer
for N in episode

Initial power system simulator environment
Reset memory buffer
for time in 24 × 2

for t in step times
Agent’s actor network selects action a based on state s
Environment returns the reward r and the next state s′
Memory buffer records (s, s′, a, r)
Break if power flow not converges

end for
end for
for i in epochs

extract total experiences samples from Memory Buffer
utilizing experiences samples to calculate loss by:
LPIRL

actor = Êt[min(surr1, surr2)]

LPIRL
critic = Êt[min(Vϕ(st)−Vtarget

ϕ (st))
2
]

backpropagate loss value to compute the network gradients
based on loss value, update PIRL agent network by:
θ← θ+ η1 · ∇θLPIRL

actor
ϕ← ϕ + η2 · ∇ϕLPIRL

critic
end for

end for
return PIRL model

4. Case Study
The effectiveness of the proposed PIRL is tested in the IEEE 39-bus system case shown

in Figure 4, which includes 39 buses, 10 thermal generator units, 19 loads, and 46 lines. The
total load curve is depicted in Figure 5. It is necessary to note that a wind farm, whose 24 h
curve is also shown in Figure 5, is connected with bus 13 in this paper. When formulating
the dispatch plan, it is assumed that the forecast data is accurate. Therefore, based on a 30
min dispatch interval, 48 evenly spaced data points are selected from both the load curve
and the wind farm output curve to represent the forecasted load and wind farm generation
at each dispatch time. The case study is based on Python (v3.11.9) language, using the
PaddlePaddle (v3.0.0b1) framework to implement the PIRL algorithm, and the simulation
platform is MATPOWER (v8.0), which is a tool for power system optimization in MATLAB
(v2023b). The experiments were performed on a computer equipped with 17–12,700 k 3.2
GHz CPU (Intel, Santa Clara, CA, USA) and an Nvidia RTX A4000 GPU (Nvidia, Santa
Clara, CA, USA).

4.1. Algorithm and Environment Settings

In terms of network setting, considering a large or wide network in DRL algorithm
will lead to overfitting and poor generalization. Based on the state and action space
dimensions being 155 and 18 respectively, two six-layer neural networks are set up for the
actor network and the critic network. In the critic network, the layers are configured with
[155, 2048, 1024, 256, 32, 1] neurons, respectively. This architecture consists of an input
layer with 155 neurons, hidden layers with [2048, 1024, 256, 32] neurons, an output layer
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with 1 neuron, and the activation function using the ReLU function. Similarly, we set up
[155, 2048, 1024, 256, 32, 18] neurons in the actor network layer.

Figure 4. Topology illustration of IEEE 39-bus system.

Figure 5. Data curve of load and wind farm output.

In addition, we first selected reference points for both the PIRL and PPO hyperparam-
eters by adopting typical, well-established values from foundational DRL studies [30,31].
These reference values are widely recognized for providing a robust baseline for a wide
range of optimization tasks. For the hyperparameters unique to PIRL, we tuned them by
monitoring the reward function curves and instances of system limit exceedance during
training. Finally, the hyperparameters of the PIRL and PPO algorithms were selected,
which are shown in Table 1.
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Table 1. Hyperparameter and environment parameter selection.

Parameter Meaning Value

Algorithm

γ Discount Coefficient 0.95
λ Priority Discount Coefficient 0.9
ε Physics-Guided Weighting Coefficient 1.0
n Episodes 6 × 103

s Step Times 1 × 102

η1 Actor-Network Learning Rate 4 × 10−6

η2 Critic-Network Learning Rate 1.3 × 10−5

Environment

α Cost Penalty Coefficient −1 × 104

β Violating Penalty Coefficient −0.4
k Non-convergence Penalty Coefficient −600

In the environment setup, we mainly focus on the selection of the parameters of the
reward function, which determines whether the environment is effective. Reference [32]
points out that if the death penalty is better than the maximum possible cumulative reward
for survival, the agent is likely to prefer terminating the episode prematurely during the
training process. Therefore, we introduce the death penalty selection formula in this paper:

Rdeath ≤ ρ
Rsurvival,min

1− γ
(32)

where ρ represents the empirical parameter. Given that the survival reward does not remain
at its minimum value for extended periods, ρ is typically set between 10% and 30% in
accordance with the environmental conditions. In this paper, ρ is set to 30%. Therefore, the
parameters of the reward function (12) are identified and also shown in Table 1.

4.2. Comparison in the Training Process

To enable the agent to comprehensively perceive environmental dynamics and adapt
to diverse operational scenarios, a substantial number of offline scenarios and considerable
training time are required. Accordingly, we formulate the total system load as stochastically
allocated across individual load nodes, generating 6000 unique daily dispatch scenarios.
The agent explores these scenarios by formulating dispatch decisions for each scenario and
collects experiential knowledge for iterative learning. The total training time to complete
the 6000 episodes was 13.32 h for the PIRL algorithm and 12.72 h for the PPO algorithm,
respectively. A comparative analysis of the learning processes between the two algorithms
is illustrated in Figure 6.

(a) During initial training phases, the PPO algorithm required approximately
2500 episodes to progressively comprehend environmental characteristics. Prior to this
threshold, the episode total rewards exhibit significant fluctuations ranging between
−1800 and −500, with no evident improvement trend observed. Benefiting from PPO’s
robustness and environmental comprehension capabilities, subsequent to the initial ex-
ploration, the agent rapidly identifies optimal decision-making trajectories and converges
swiftly toward near-optimal solutions. In contrast, the PIRL algorithm leverages the
PINN method to guide its actor exploration, achieving rapid convergence toward optimal
strategies during initial training phases while substantially reducing episodes required for
environmental understanding.
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(a) 

  
(b) (c) 

Figure 6. Training process under difference two DRL methods: (a) training reward curves; (b) loss
curves of actor networks; (c) distribution statistical histogram of actor loss value.

(b) and (c) The actor iteration loss curves and statistical histograms of loss values
demonstrate that both algorithms achieve convergence within reasonable bounds. However,
the PIRL algorithm, whose actor network benefits from the physical knowledge guidance,
exhibits superior stability with a more compact and concentrated loss value distribution
compared to PPO throughout most training iterations.

4.3. Comparison of Optimality and Security

In this section, to verify the optimality of the proposed PIRL algorithm, we first define
the optimality gap metric:

g = (CostIPS −CostDRL)/CostIPS (33)

where the cost of algorithm optimization results is represented by CostDRL, while the
referent value CostIPS denotes the solution of the interior point solver (IPS). The metric g is
employed to quantify the solution deviation of DRL relative to the IPS, where a lower value
indicates higher divergence from optimality. To systematically evaluate the proposed PIRL
algorithm, four test scenarios are selected from the 6000-day dispatch scenarios. Subse-
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quently, MATPOWER IPS was utilized to compute optimal solutions for 4 × 48 = 192 s data
points, which serve as benchmark references for comparative performance analysis. The
PIRL algorithm and the baseline PPO algorithm are evaluated across the 4-day dispatch
scenarios, and the optimality gap metric g of each algorithm is systematically computed
and compared in all scenarios. As demonstrated in Figure 7, the trained PIRL and PPO
algorithms maintained g within 4% across all four operational scenarios. However, the PPO
algorithm exhibited higher g exceeding 2% during the 0:00–5:00 and 16:00–24:00 periods,
whereas the PIRL algorithm consistently constrained g below 1% throughout all periods
and scenarios. Box-plot analysis demonstrates that PIRL achieves significantly lower mean
value (indicated by green triangle in plot) with a tighter distribution. To rigorously evaluate
the algorithmic superiority between PIRL and PPO, the superiority deviation metric was
systematically quantified and is shown in Figure 8. The results demonstrate that PIRL
consistently exhibits positive deviation between 0% to 2.5% across all dispatch decisions
compared to PPO, indicating superior optimality in decision trajectories and statistically
significant performance improvement relative to the PPO baseline, which underscores
PIRL’s optimality and precision in complex dispatch environments.

  
(a) (b) 

Figure 7. Optimality of each algorithm: (a) optimality gap for each scenario; (b) box plot of the
optimality gaps.

Figure 8. Heatmap of PIRL superiority deviation.

Figure 9 provides a detailed comparison for a representative scenario to further vali-
date the physical feasibility and security of the dispatch solutions, illustrating key power
flow results—the node voltage magnitudes and unit power outputs—obtained from the
PIRL algorithm and the PPO baseline. The dispatch strategy from the trained PIRL algo-
rithm ensures that both the unit outputs and node voltages adhere to their constraints, guar-
anteeing system security. In contrast, the PPO algorithm exhibits several limit violations.
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Figure 9. Power flow simulation results under PIRL and PPO.

By statistically analyzing the constraint violation of dispatch decisions of each dis-
patch interval made by different algorithms across the four scenarios (Figure 10), the PPO
algorithm exhibits minor limit violations, whereas the PIRL algorithm successfully ensures
all dispatch decisions strictly adhere to operational safety constraints without violations.
Furthermore, a comprehensive performance comparison between the two algorithms is
summarized in Table 2, covering metrics of optimality, security, and computational speed.
In terms of speed, both the PIRL and PPO algorithms achieve millisecond-level decision
times (approximately 8 ms), significantly outperforming the traditional interior point
method (426 ms). Beyond this shared efficiency, the analysis demonstrates that the PIRL
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algorithm achieves statistically significant superiority over PPO in both safety compliance
and optimality. This evidence highlights PIRL’s enhanced capability to balance economic
objectives with rigorous safety guarantees in power system dispatch tasks.

Figure 10. Statistical plot of constraint satisfaction rate.

Table 2. Optimality and security comparison analysis.

Scenario
Constraint Satisfaction Rate/% Optimality Gap Metric (Mean)/% Computation

Time/ms

PIRL PPO PIRL PPO PIRL PPO IPS

1 100 89.6 −0.41 −1.34 8 8 426
2 100 97.9 −0.36 −1.18 / / /
3 100 89.6 −0.41 −1.35 / / /
4 100 89.6 −0.39 −1.30 / / /

5. Conclusions and Discussion
In this paper, a Markov decision model is established based on a real-time OPF problem

of a power system, and the PIRL algorithm is formed by injecting a physical knowledge
regularization term into the actor network of the PPO algorithm, effectively solving the
real-time scheduling problem. The superiority of the proposed method is verified by testing
in the IEEE 39-bus system.

Compared with the classic PPO algorithm, guided by the exploration through the
regularization terms, the learning and exploration efficiency of the PIRL algorithm is
improved in the early training stage. In addition, explicit physical knowledge can establish
the direct connection between the target and the action, which can improve the convergence
ability and the credibility of the neural network in the late training stage.

At the same time, the proposed algorithm has limitations, such as its reliance on a
single form of physical knowledge injection. Thus, more embeddable knowledge and
embedding methods need to be further explored in subsequent research.
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