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Abstract

Renewable energy systems dominated by powered electronic devices generally exhibit
weak disturbance tolerance and limited grid-support capability. Following the blocking
of a flexible DC transmission system, emergency load shedding in renewable-rich grid
regions may induce overvoltage or undervoltage at the point of common coupling, forcing
renewable energy units into a voltage ride-through state. This, in turn, reduces their ac-
tive power output and threatens the frequency stability of the power system. To address
this issue, this paper proposes an emergency load-shedding decision model based on
a constrained Markov decision process (CMDP). First, an emergency frequency control
model for AC-DC hybrid power systems is established within the Markov decision process
framework, thereby formulating power system frequency stability control as a Markov
decision problem. Second, Lagrange multipliers are introduced into the CMDP framework
to transform the constrained optimization problem with security constraints into an un-
constrained objective optimization problem. Finally, the Proximal Policy Optimization
(PPO) algorithm is adopted to accelerate the training process and improve the decision
accuracy of the intelligent agent. The simulation results, based on the modified IEEE 39-bus
system, demonstrate that, compared with the traditional contingency strategy and the
conventional Markov decision algorithm, the proposed load-shedding strategy can satisfy
system frequency stability requirements, effectively avoid voltage violations at renewable
energy grid-connection points, and minimize the total load shedding amount.

Keywords: frequency stability; voltage security control; constrained Markov decision
process; emergency; emergency load shedding

1. Introduction

With the continuous growth of electricity demand, the large-scale integration of re-
newable energy and long-distance cross-regional power transmission via high-voltage
direct current (HVDC) systems has been widely adopted in modern power systems, pro-
viding strong support for the ongoing transformation of industrial structures and energy
systems. However, internal converter faults may lead to the blocking of voltage-source-
converter-based HVDC systems, causing the transmitted active power to drop to zero
within an extremely short time [1,2]. Under such circumstances, the resulting power im-
balance, together with the weak disturbance tolerance and limited grid-support capability
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of power-electronic-interfaced devices, may cause load-shedding actions in regions with
high renewable energy penetration to induce voltage violations at renewable energy grid-
connection points. This, in turn, poses a serious threat to the secure integration of renewable
energy and the frequency stability of the power system.

Existing research on emergency load shedding optimization can generally be classi-
fied into two main categories: classical mathematical-programming-based methods and
heuristic optimization approaches [3]. Both categories offer distinct advantages, but they
also exhibit inherent limitations. Classical mathematical programming methods typically
formulate optimization models with economic efficiency, system security, and stability as
the primary objectives, and then derive load-shedding schemes that satisfy the correspond-
ing security and stability constraints. Representative models include the average system
frequency (ASF) model [4] and the system frequency response (SFR) model [5].

However, classical optimization methods often struggle to capture the increasingly
complex, nonlinear, and time-varying operating characteristics of modern power sys-
tems with high renewable energy penetration. Consequently, extracting the dynamic
evolution characteristics of key post-fault electrical variables and developing emergency
load-shedding strategies based on heuristic optimization algorithms have become effective
approaches for addressing these challenges and enhancing the secure and stable operation
of power systems.

Heuristic algorithms are generally used to solve nondeterministic polynomial time-
optimization problems. By leveraging intuition, search rules, or empirical knowledge, they
can provide feasible solutions to combinatorial optimization problems within an acceptable
computational cost, and are therefore particularly suitable for complex optimization tasks.
Typical heuristic approaches include particle swarm optimization, simulated annealing,
random forests, and neural networks.

In Ref. [6], a cultural particle swarm optimization algorithm was employed to opti-
mize an emergency load-shedding model under multiple operating conditions, thereby
reducing the risk of convergence to local optima. In Ref. [7], a dual-driven load-shedding
strategy based on event-driven and response-driven mechanisms was proposed. In that
method, the load shedding optimization model of the main grid was used to determine
the required shedding amount for each distribution network under emergency scenarios,
and the resulting solutions were stored in an offline database for the event-driven module.
Meanwhile, a random-forest model trained on the offline database was applied in the
response-driven module. These methods can effectively satisfy post-fault power system
stability requirements. However, they pay limited attention to the optimization of load
shedding amounts, making it difficult to derive truly optimal load-shedding schemes.
Moreover, the large-scale integration of renewable energy has made modern power sys-
tems increasingly high-dimensional and nonlinear, leading to a continuous increase in
computational burden and solution complexity. Deep reinforcement learning provides a
promising approach for addressing these challenges.

Deep reinforcement learning (DRL), which builds upon conventional reinforcement
learning and has been enabled by the rapid development of deep learning models and com-
puting hardware, can improve decision-making efficiency and accuracy while overcoming
the limitations of traditional algorithms in handling problems with large-scale or even
continuous state and action spaces. Reinforcement learning problems are commonly formu-
lated as Markov decision processes (MDPs). Once an MDP is established, it can be solved
using dynamic programming methods, such as value iteration and policy iteration, or
policy optimization methods, such as policy gradient algorithms. Compared with conven-
tional reinforcement learning approaches, the key feature of DRL is the introduction of deep
neural networks to approximate the mappings associated with states, actions, rewards, and
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value functions in an MDP. As a result, DRL is well suited to addressing complex power
system problems characterized by high dimensionality and strong nonlinearity, while
learning effective control policies through repeated interactions with the environment.

In Ref. [8], a Deep Q-Network (DQN)-based method was trained using large-scale
historical data, in which load shedding cost was incorporated to derive an optimal
load-reduction strategy. In Ref. [9], multi-Q-learning was applied to alleviate the high-
dimensionality problem in power systems and to develop emergency load-shedding strate-
gies for frequency stability under different operating scenarios. In Ref. [10], neural networks
were employed to extract high-dimensional and nonlinear post-fault features of power
systems, and a load-shedding penalty term was incorporated into the DQN reward function
to obtain an optimal load-shedding strategy that could satisfy system stability require-
ments. However, most existing studies primarily focus on minimizing the amount of
post-fault load shedding, while paying insufficient attention to the fact that inappropri-
ate load-shedding actions may drive renewable energy units into voltage ride-through
conditions, thereby further endangering system frequency stability.

More recent studies have further demonstrated the potential of reinforcement-learning-
based emergency load shedding in renewable-energy-integrated power systems. Chen
et al. proposed a DRL-based emergency load-shedding strategy for power systems with
high renewable energy penetration and adopted PPO to improve the adaptability and
efficiency of an MDP-based decision-making model under multiple-fault and variable-
operation scenarios [11]. Hu et al. introduced knowledge-enhanced DRL into event-based
load shedding, in which a knowledge-enhanced MDP and a linear decision space were
designed to reduce the training difficulty caused by high-dimensional action spaces [12].
Song et al. applied PPO-based DRL to remedial action schemes for VSC-HVDC system:s,
demonstrating improved training stability and voltage-regulation performance under re-
newable energy uncertainty [13]. More recently, Li et al. combined model- and data-driven
reinforcement learning methods for under-frequency load shedding control, where im-
proved reinforcement learning strategies were used to accelerate convergence and enhance
training stability [14]. These studies indicate that reinforcement learning has become an
effective and promising tool for emergency control and load-shedding decision making in
modern power systems.

Recent RL-based emergency control studies have shown that reinforcement learning
can improve the adaptability of emergency control strategies under complex operating
conditions. Huang et al. developed adaptive emergency control schemes for power sys-
tems using deep reinforcement learning and demonstrated their effectiveness in dynamic
braking and undervoltage load-shedding applications. Chen et al. proposed a DRL-based
emergency load-shedding strategy for power systems with high renewable energy penetra-
tion; they adopted PPO to improve the adaptability and efficiency of MDP-based decision
making under multiple fault and operating scenarios [15]. Xie and Sun formulated emer-
gency frequency control as an MDP and solved it using distributional deep reinforcement
learning, thereby demonstrating the potential of DRL for emergency frequency regulation.

However, standard RL-based emergency control methods typically optimize the ex-
pected reward and do not explicitly guarantee the satisfaction of operational security
constraints during either policy learning or policy execution. As a result, safe reinforcement
learning has attracted increasing attention in power system control. Vu et al. introduced
safe reinforcement learning into emergency load shedding to enhance post-fault voltage
recovery [16], and further incorporated barrier functions into reinforcement-learning-based
emergency control to suppress unsafe actions [17]. Recent review studies have also in-
dicated that safe RL methods can be broadly classified into safety-layer-based methods
and integrated-optimization-based methods [18]. Among these approaches, CMDP-based
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constrained optimization is a representative formulation for explicitly incorporating safety
constraints into the policy-learning process [19].

Although the above studies have reported promising results, several limitations re-
main. First, most existing reinforcement-learning-based emergency load-shedding methods
mainly address frequency recovery, transient voltage stability, or load shedding economy
from a single-control perspective. The coupled relationship among MMC-HVDC blocking,
post-load-shedding voltage violations at renewable energy grid-connection points, voltage-
ride-through-induced active power reduction, and the resulting secondary frequency
deterioration has not been sufficiently investigated. Second, conventional MDP-based
reinforcement learning typically handles security requirements through reward-penalty
mechanisms. Although such treatments may statistically reduce unsafe actions, they cannot
explicitly represent the decision-making process under operational constraints. Third, the
impact of renewable energy voltage security constraints on emergency frequency-control
decisions has rarely been incorporated into load-shedding strategy design within a unified
mathematical framework.

Relevant grid-connection codes for renewable energy have established corresponding
technical requirements [20,21]. Under emergency operating conditions, renewable energy
units are capable of rapidly regulating their active power output and, when necessary,
reducing active power generation or disconnecting from the grid. After load shedding is
executed, if the terminal bus voltage at a renewable energy grid-connection point falls out-
side the allowable range specified by the grid-connection requirements, the corresponding
renewable energy units will enter a voltage ride-through state. Under such conditions, the
active power output of renewable energy units decreases, which may further deteriorate
the system frequency response and even lead to frequency instability. Therefore, the voltage
violation problem at renewable energy grid-connection points after load-shedding actions
must be explicitly considered in emergency load-shedding strategy design.

Based on the above literature review, the proposed method is positioned between
standard RL-based emergency load-shedding approaches and more complex safe RL frame-
works. Compared with conventional MDP /PPO-based emergency load-shedding methods,
the proposed approach does not treat renewable energy voltage violations merely as un-
desirable outcomes in reward evaluation. Instead, renewable energy voltage security is
explicitly incorporated into the CMDP formulation as an operational safety constraint. Com-
pared with safe RL methods that rely on additional safety layers, recovery networks, barrier
certificates, or action-correction modules, the proposed method provides a simpler and
more interpretable safety-constrained formulation by introducing voltage-security-related
constraint costs and Lagrangian penalty terms into the PPO-based policy optimization
process. Therefore, the main novelty of this work lies in formulating the MMC-HVDC-
blocking-induced emergency load shedding problem as a CMDP-based safety-constrained
decision-making problem, rather than in proposing a new PPO optimizer.

To address the above research gaps, this paper proposes a CMDP-based emergency
load-shedding decision-making strategy for renewable-energy-integrated AC/DC power
systems under MMC-HVDC blocking faults. The main contributions of this work are
summarized as follows:

1.  The voltage violation mechanism at renewable energy grid-connection points fol-
lowing MMC-HVDC blocking and emergency load shedding is analyzed, thereby
revealing the coupling relationship among load-shedding actions, renewable energy
voltage ride-through, active power reduction, and system frequency deterioration.

2. A constrained Markov decision process is formulated for emergency load shedding,
in which frequency stability, load shedding economy, maximum load shedding limits,
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and renewable energy voltage security constraints are jointly considered within a
unified decision-making framework.

3. Lagrange multipliers are introduced to transform the constrained load shedding
optimization problem into an unconstrained policy-optimization problem, thereby
reducing the likelihood of selecting actions that violate voltage security constraints
during agent training.

4. A PPO-based solution framework is developed through Python-DIgSILENT co-
simulation, and the proposed CMDP-based strategy is compared with both a
traditional contingency strategy and a conventional MDP-based strategy to ver-
ify its effectiveness in coordinating frequency stability, voltage security, and load
shedding economy.

It should be emphasized that the main novelty of this work does not lie in developing
a new reinforcement learning optimizer, but in formulating the emergency load shedding
problem following MMC-HVDC blocking as a safety-constrained decision-making problem.
Unlike conventional MDP /PPO-based emergency control methods, the proposed frame-
work explicitly incorporates renewable energy voltage security into the CMDP formulation
and jointly coordinates frequency stability, voltage security, and load shedding economy
within a unified decision-making framework.

2. Mechanism of Renewable Energy Voltage Violations Under DC
Blocking and Load Shedding

This section investigates the voltage violation problem induced by inappropriate
load-shedding actions following MMC-HVDC blocking. First, the causes of the weakened
regional reactive power-regulation capability after MMC-HVDC blocking are analyzed.
Then, the post-load-shedding nodal voltage recovery mechanism is further examined based
on the nodal voltage formulation. This analysis clarifies that improper load-shedding
actions following MMC-HVDC blocking may cause the voltages at renewable energy grid-
connection points to deviate beyond the normal operating range, either exceeding the
upper limit or falling below the lower limit. Simulation results further verify that, after the
implementation of unreasonable load-shedding strategies, the voltage levels at renewable
energy grid-connection points may violate the grid-connection technical requirements
specified in national standards, thereby reducing renewable energy output and further
deteriorating system frequency stability.

To clarify the theoretical analysis, the following assumptions are adopted in this section.
First, the analysis focuses on the short-term electromechanical response following MMC-
HVDC blocking, during which the network topology is assumed to remain unchanged
except for the execution of load-shedding actions. Second, the load at each shedding
node is represented by equivalent active and reactive power demands, and the active and
reactive components are assumed to be reduced proportionally according to the prescribed
load-shedding depth. Third, once the MMC-HVDC blocking fault occurs, the active power
transmitted by the DC system is assumed to be fully interrupted, while the reactive current
support provided by the converter is assumed to become unavailable. Fourth, renewable
energy units are characterized by their terminal bus voltages and active power outputs,
and their voltage ride-through behavior is evaluated according to the grid-connection
voltage limits. Under these assumptions, the influence of load shedding locations and load-
shedding depths on renewable energy grid-connection voltages can be analyzed through
the post-fault power flow redistribution and nodal voltage recovery process.

It should be noted that the voltage security evaluation in this paper is focused on the
electromechanical timescale emergency load shedding problem following MMC-HVDC
blocking. The terminal voltages of renewable energy units are adopted as the primary
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operational security indicators because they directly determine whether renewable energy
units enter the voltage ride-through state in accordance with grid-connection requirements.
Accordingly, the proposed model is intended to identify and avoid load-shedding actions
that may trigger terminal voltage violations and the resulting reduction in renewable energy
active power output. Detailed converter inner-loop dynamics, phase-locked-loop dynamics,
current-limiting control, and interarea oscillation modes are not explicitly represented in the
present framework. These issues require more detailed electromagnetic transient models
or hybrid electromechanical-electromagnetic models and will therefore be investigated in
future work.

2.1. AC-Side Voltage Support Mechanism of MMC-HVDC Transmission

When a system fault occurs, the MMC-HVDC transmission system is capable of
providing voltage support, and the voltage at the point of common coupling (PCC) is a
key variable characterizing the interaction between the MMC-HVDC system and the AC
grid [22,23]. Following the fault, the MMC-HVDC system injects reactive current into
the AC network to support the system voltage [24]. According to the current-balance
relationship at the point of common coupling, as expressed in Equation (1):

Us — Ue U
+ hvamc = o
Zeq MMC Rf

(1)

where 1, denotes the voltage at the point of common coupling (PCC), us represents the
equivalent voltage source of the AC grid, z; is the equivalent impedance, Ry denotes the
fault resistance, and Iy represents the reactive current injected by the MMC-HVDC
system. Accordingly, the PCC voltage can be obtained, as shown in Equation (2):

Rf (Lls + ZquMMC)

U, = 2
7t K @

When voltage fluctuations or voltage sags occur in the AC grid, the MMC-HVDC
system rapidly injects reactive current into the AC network to maintain the stability of the
AC bus voltage. However, after a DC blocking fault, the MMC-HVDC support current
Inmic becomes zero [25], and the MMC-HVDC system no longer participates in reactive
power or voltage support for the grid.

When an MMC-HVDC converter is connected to the AC grid, a converter reactor is
typically connected in series between the converter and the grid, with its reactance denoted
as X. Assuming that the magnitude of the AC voltage output by the converter is 1, the
magnitude of the AC grid bus voltage is us, and the phase angle difference between them
is J, the active power P and reactive power Q injected from the converter into the grid
can be approximately expressed according to the fundamental theory of power systems as
follows [26]:

p_ Ul

sin 3)

U, (U, cosd — Us)
X
Active power control is primarily governed by the phase angle difference J; meanwhile,

Q=

sind 4)

under the small-angle approximation where 6 ~ 1, the reactive power is mainly determined
by the voltage magnitude difference (U, — Us). Therefore, when the voltage Us at the
MMC-HVDC grid-connection point is lower than U, the converter delivers reactive power
to the grid, exhibiting capacitive characteristics and thereby increasing the grid voltage.
Conversely, when U is higher than U,, the converter absorbs reactive power from the grid,
exhibiting inductive characteristics and consequently reducing the grid voltage.
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In regions with high renewable energy penetration, the voltage support capability
is relatively insufficient. When the system is subjected to a large active power deficit
fault, particularly when the disturbance occurs near large-scale renewable energy grid-
connection points, the overall system voltage level decreases. Due to the relatively weak
transient voltage support capability in renewable-energy-dominated areas, the voltage
at these locations tends to decline more rapidly, resulting in severe undervoltage at the
busbars of renewable energy grid-connection points.

2.2. DC-Side Voltage Support Mechanism of MMC-HVDC Transmission

The balance between the input and output power of generators is closely related to the
active power balance of the power system. During system operation, the total active power
generated by power plants, }_ Pg;, is equal at all times to the total active power consumed
within the system, ) Pp;, namely:

Y Pci—) Poi=Y Pci— (Y Pri+ ) Pos) 5)

where the active power consumed by the system mainly includes the sum of the active
power consumed by the loads in the system, ) Pr;, and the total tie-line network losses in
the system, ) Pjogs.

The direct cause of frequency fluctuations in a power system is the imbalance be-
tween the input and output power of the generator, namely the imbalance between the
mechanical power input from the prime mover and the electromagnetic power output
by the generator [27,28]. Taking a single-machine single-load system as an example, the
system frequency is determined by the rotational speed of the synchronous generator:

_np

f=% (6)
where f denotes the system frequency, in Hz; n denotes the rotational speed of the
synchronous generator, in r/min; and P denotes the number of pole pairs of the
synchronous generator.

Studying the dynamic variation law of system frequency is essentially equivalent to
studying the motion law of the synchronous generator rotor. Accordingly, the rotor motion
equation of the generator can be obtained as follows:

Pm—Pg:AP:wLnLZ—L: 7)

When an imbalance occurs between the mechanical power input by the prime mover
and the electromagnetic power output by the generator, the generator rotational speed will
inevitably change. In a multi-generator multi-load system, the post-disturbance mechanical
power Py, is not constant; rather, it depends on the generator capacity and governor charac-
teristics, while the variation of P, depends on the generator’s own electromagnetic charac-
teristics and the system load characteristics. Therefore, to ensure system frequency stability,
load shedding can be adopted to reduce the electromagnetic power P, of the generator.

When an MMC-HVDC blocking fault occurs, the receiving-end power grid loses not
only the active power (P) transmitted by the MMC-HVDC system but also the reactive
power (Q) regulated by it, which may consequently lead to system frequency instability
and voltage fluctuations. After the load-shedding strategy is implemented, the system
voltage level can be improved, as shown in Equation (8) [29]:

ij

m n
V; = Z\Kik| cos(0ix) Vor — Z ViE;
]

k=1 j=1

COS(ei]‘)P]’ (8)
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where V; denotes the voltage magnitude of node i; Ky and Z;; are obtained from the
elements of the system nodal admittance matrix, where K = —Y;; 'Y, g and Z = Y L.
Here, Y] is the self-admittance matrix of the load nodes in the system; Y} is the mutual
admittance matrix between the load nodes and generator nodes; Vi denotes the voltage
magnitude of generator node k; m and n denote the numbers of generator nodes and load
nodes in the system, respectively; 8 is the phase angle difference between nodes i and k;
0 is the phase angle difference between nodes i and j; V; denotes the voltage magnitude of
node j; §; is the power factor of node j; P; denotes the active load at node j.

When load shedding control is implemented at load node j and a certain amount of
load is disconnected, the active load power P; decreases, thereby increasing the voltage
magnitude V; at node i. In renewable-energy-integrated regions, the voltage regulation
capability is relatively weak, and MMC-HVDC blocking prevents the MMC-HVDC system
from participating in system voltage regulation. Therefore, when the amount of load shed-
ding is excessively large, the voltage V; may recover excessively, resulting in overvoltage.
Conversely, insufficient load shedding may lead to inadequate voltage recovery, causing
undervoltage and ultimately deteriorating the system frequency, as shown in Figure 1. In
summary, inappropriate load shedding locations and load shedding amounts are likely
to cause voltage violations at renewable energy grid-connection points, reduce renewable
energy output, and endanger system frequency stability.

AC
Microgrid

MMC-HVDC

|— synchronous
-0 -0 generator
sending-end receiving-end
converter station converter station
MMC-HVDC . Weakening of Unreasonable = Renewable energy | Frequency
locking voltage support load shedding voltage Over-limit deterioration
oo PCC Voltage th;;ors N b \ - At @Iﬁ}lneﬂia
P, 0 Vit =i &8
rpre—"" Vrpost o
Vi nost ) - Conventional &
0 : Time/h  Frequency Support
— - Power/kW . Y'\
Q.\up % | Up-regulation
[ { (Rampup) )
3 \\ + Down- | Adjustable /" Rgmping
0 ; B gul- Capacity ¥ akening

Figure 1. New energy voltage exceeding limit caused by emergency load shedding after DC
blocking fault.

According to Equation (8), the voltage magnitude of a load bus is jointly influenced by
generator-side voltage support, network parameters, phase-angle difference, load power
factor, and active power demand. Therefore, emergency load shedding mitigates the active
power imbalance, improves frequency response, and changes the post-fault power flow
distribution and affects the voltage recovery of nearby renewable energy grid-connection
buses. Excessive load shedding near a renewable energy bus may lead to overvoltage,
whereas insufficient shedding or electrically distant shedding locations may result in
undervoltage. In both cases, voltage ride-through may be triggered, reducing renewable
energy active power output and further worsening the post-fault frequency response.

The above mechanism establishes the theoretical link between load-shedding actions
and renewable energy voltage violations. In the proposed framework, this relationship is
incorporated into the CMDP formulation in Section 3 by introducing voltage security as an
operational constraint, and is further validated in Section 4 through comparisons among
the contingency-based, MDP-based, and CMDP-based load-shedding strategies. Taking
the modified IEEE 39-bus system shown as an example, simulations are conducted on the
DIgSILENT /PowerFactory platform. An MMC-HVDC blocking fault is applied att =2's,
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resulting in an active power deficit of 832 MW. Considering the operation of reactive power
compensation devices, Load 20 near the fault location is selected for load shedding, with a
shedding depth of 65%, corresponding to an active load reduction of 678 MW. As shown
in Figure 2, this strategy causes the terminal bus voltage of wind turbine W1 to exceed
1.18 p.u., forcing the unit into a high-voltage ride-through state. As a result, the active
power output of W1 decreases by nearly 180 MW. If the wind turbine is disconnected from
the grid at this moment, a secondary frequency decline may occur, seriously threatening
the secure and stable operation of the system.

50.1
, 50
1 _490r
~ 2 4981
24 5497
gb ] § 49.6 1
£ { 84957
2 ~ 494t
493+
] 492t
s 20 25 30 g 5 10 15 20 25 30
Times (s) Times (s)
(a) (b)
600 ' ' ' 1
550
500 —
—~450}
Z 400¢
T 3501
E 300
250
200
150}
0 5 10 15 20 25 30
Times (s)

(©

Figure 2. Effect diagram after implementing the load-shedding strategy: (a) new-energy grid-
connected voltage after load shedding; (b) system frequency; (c) active power output of fan W1 after
load shedding.

3. Safe-RL-Based Emergency Load-Shedding Decision-Making Model

In this section, a constrained Markov decision process is formulated on the basis of
the conventional Markov decision process by introducing operational security constraints.
Then, Lagrange multipliers are adopted to transform the constrained policy optimization
problem into an unconstrained optimization problem, so that frequency stability, voltage
security, and load shedding economy can be coordinated in the decision-making process.
By considering frequency stability, load shedding cost, maximum load shedding limits,
and voltage security constraints, a mathematical model for emergency load shedding is
established. Based on this model, the electrical variables required for state observation are
determined, the emergency load-shedding actions are defined, and the reward function is
constructed, thereby enabling dynamic interaction between reinforcement learning and the
power system.

3.1. Constrained Markov Decision Process

To address the rapid frequency decline and the possible triggering of operational
constraints following MMC-HVDC blocking, this paper establishes a constrained Markov
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decision process model that jointly considers frequency support performance and system
security constraints. In reinforcement learning, the interaction process is described by a
Markov decision process (MDP) which satisfies the Markov property; that is, the state at the
next time instant depends only on the current state. When actions are taken into account,
the next state is determined by both the current state and the current action.

An MDP is represented by a tuple containing multiple elements:

M= {S,A,P,R,v} )

where S denotes the state space, A denotes the action space, and P denotes the transition
probability, namely the probability of transitioning from the current state s; € S to the next
state st41 € S after taking action a € A. R is the reward function, and R(S,A) represents the
reward obtained by executing action a. 7y is the reward discount factor used to calculate
the cumulative return, where € [0, 1]. It defines the importance of future rewards to the
current decision. A larger value of vy indicates that future rewards have a greater influence
on the decision-making process, while a value of -y closer to 0 indicates that the agent
pays more attention to the short-term return of the action policy. At time ¢, the agent is in
state s;, executes action a;, and transitions to state s;.1 with probability P;. Then, according
to s;, a;, and st41, the reward value 7(s¢+1,5:,4¢) is obtained through the reward function
and transmitted to the agent. The above steps are repeated throughout the reinforcement
learning process until the episode terminates.

When an MMC-HVDC blocking fault occurs, the power system transitions from a
steady-state operating condition to a transient process. The state variation composed of
voltage and frequency is defined as s;. After the load-shedding strategy, 4, is executed, the
system frequency and voltage recover to si.1. The agent evaluates the system according
to the predefined security indices and obtains the optimal load-shedding strategy after
multiple explorations based on the reward #;.

The actions executed by the agent are determined by its policy, which defines the
mapping from states to actions. The state transition of the environment is governed by its
dynamic model, while the reward function specifies how rewards are generated. Together
with the state space and action space, the environment dynamics and reward function
constitute a Markov decision process.

According to renewable energy grid-connection requirements, the voltage at renew-
able energy grid-connection points must remain within the prescribed technical limits.
However, after MMC-HVDC blocking, voltage support in renewable-energy-integrated
regions becomes insufficient, and load shedding may easily induce voltage violations.
Therefore, a constrained Markov decision process is introduced on the basis of the conven-
tional Markov decision process. To explicitly describe the security-constrained emergency
load shedding problem, the CMDP is defined as:

M. = (S,A,P,rc,d,,po) (10)

where S denotes the state space, A denotes the action space, P(st+1,5¢,4¢) denotes the state
transition probability, r(s¢,a;) denotes the reward function, c(s¢,4;) denotes the constraint
cost function, d denotes the allowable constraint boundary, 1 is the discount factor, and pg
is the initial state distribution. Compared with the conventional MDP, the CMDP requires
the agent to maximize the expected cumulative reward while satisfying the expected
cumulative constraint cost.
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For a given policy, 77, the expected discounted reward and constraint cost are defined as:

() = Bx| £ ')

T (1)
Jo(r) =E, on ye(st, at)}

Therefore, the emergency load-shedding decision-making problem can be formulated as:

mgx]r(n)

st.]o(m) <d (12

In this paper, the state s; consists of post-fault frequency and voltage measurements.
The action a; represents the selected load shedding locations and corresponding shedding
depths. The reward r(st,a;) is designed to encourage frequency recovery and reduce unnec-
essary load shedding. The constraint cost c(s;,;) is associated with violations of operational
security constraints, including the maximum load shedding limit, post-fault frequency
security constraint, and renewable energy grid-connection voltage security constraint.

The constraint cost can be expressed as a weighted sum of the violation degrees of
different security constraints:

c(st,ar) = wpCp(st, ar) + wsCr (s, ar) + wuCu(se, ar) (13)

where Cp, Cy, and Cy; denote the violation degrees of the load shedding capacity constraint,
frequency security constraint, and renewable energy voltage security constraint, respec-
tively. wp, wy, and wy; are the corresponding weighting coefficients. When all operational
constraints are satisfied, the constraint cost is equal to zero or remains below the allow-
able boundary. Once over-shedding, frequency instability, or renewable energy voltage
violation occurs, the corresponding constraint cost increases and affects the subsequent
policy update.

Compared with the standard MDP/PPO framework, the proposed CMDP-based
framework does not merely modify the reward function by adding penalty terms. Instead, it
explicitly introduces operational security constraints through constraint costs and allowable
constraint boundaries. In this way, voltage violations at renewable energy grid-connection
points are treated as constrained decision-making conditions rather than simply undesirable
outcomes in reward evaluation.

CMDP is an extension of MDP, as shown in Figure 3. Compared with conventional
MDP, CMDP incorporates constraint cost functions and admissible constraint boundaries
into the optimization process.

To solve the above CMDP-based constrained optimization problem, the Lagrangian
relaxation method is introduced. By introducing the Lagrange multiplier A, the constrained
policy optimization problem can be transformed into an unconstrained Lagrangian opti-
mization problem:

L(t,A) =], (1) = A(Je(r) —d), A >0 (14)

where A is used to adjust the penalty intensity of constraint violations. When the policy
leads to voltage violations or frequency security violations, J.(71) > d, and the Lagrange
multiplier increases. As a result, unsafe load-shedding actions receive a larger penalty
during subsequent policy updates. Conversely, when the policy satisfies the security
constraints, J (1) < d, the Lagrange multiplier decreases or remains at a small value,
allowing the agent to further optimize the load shedding amount while maintaining
system security.
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The Lagrange multiplier is updated iteratively according to the constraint violation degree:

A1 = [k +ma(Je(me) — d)]F (15)

where k denotes the training iteration, 7, is the learning rate of the Lagrange multiplier,
and [-]* = max(-,0) ensures the non-negativity of A. In the proposed emergency load
shedding framework, PPO updates the policy parameters under the current A, while A is
updated according to the constraint feedback returned by the power system simulation.
In the case study, A = 1.2 is adopted as the penalty coefficient after preliminary tuning to
balance voltage security and load shedding economy. Through this primal dual update
mechanism, the agent gradually learns a load-shedding strategy that coordinates frequency
stability, voltage security, and load shedding economy.

Traditional emergency load-shedding strategies mainly aim to prevent frequency col-
lapse. In contrast, the constrained Markov decision process considered in this paper seeks
to restore system frequency while simultaneously maintaining the voltages at renewable
energy grid-connection points within the safe operating range. Therefore, ensuring that
the bus voltages of renewable energy units and high-voltage transmission systems remain
within the prescribed security limits after emergency load shedding is a key consideration
in strategy formulation.

Traditional MDP CMDP
Only consider

Reward
function+constraint
function objective

the reward
function R (s, a)
objective

__— Strategy
\\‘\—\\ selrction //,///
State ‘ Agent | Action Environment
feedback
Frequency/ — ~t+ Cut off load — F
Voltage/ PPO/SAC/ position/load requency
Power AC network amount/ response grid
Shortage Siing voltage response
‘ | reward+cost

\

Final strategy |

The frequency and
voltage do not
exceed the limit |

Figure 3. The interaction process between the agent and the environment in CMDP.

3.2. Construction of the Emergency Load-Shedding Model

To address emergency load shedding after power system faults, this paper constructs a
load-shedding model with security constraints to ensure secure and stable system operation.
In addition to maintaining post-fault security and stability, the load shedding amount
should also be minimized. Therefore, a mathematical model for load-shedding strategy
optimization is established based on the principle of minimizing the total load shedding
amount while guaranteeing post-fault system stability:

n
F = minAP = minz Pihea i (16)
i=1
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where AP denotes the total load shedding amount, Py,q ; denotes the total load shed at
node i, and Pgpeq; > 0.

The above mathematical model for load shedding optimization should satisfy the
following constraints:

(1) The load shedding amount at each load shedding location shall not exceed its own
total load, and the total load shedding amount shall not exceed the total system load:

Pshed,i < Pload,i

n n
Y Pohed,i < 21 Pioad,i
i—1 j=

(17)

where Pj,q,; denotes the total load at node i, which depends on the actual operating
condition of the system.

(2) Post-fault frequency security constraint: after the emergency load-shedding action
is executed, the minimum system frequency should not be lower than the first-round
setting threshold of under-frequency load shedding, and the maximum frequency should
not threaten the stable operation of the system:

f UFLS < f shed,after < f max (18)

where fypLs denotes the first-round setting value of under-frequency load shedding,
fshed,after denotes the dynamic system frequency after load shedding, and fmax denotes the
maximum operating frequency acceptable for the system.

(3) Bus voltage security constraint: to prevent the bus voltage level of renewable
energy units from becoming excessively high or excessively low after emergency load
shedding, which may cause renewable energy units to disconnect from the grid and induce
cascading faults, thereby threatening the secure and stable operation of the system, the bus
voltage security constraint is defined as follows:

ui,min < ui < ui,max (19)

where U; denotes the bus voltage at node i, U; i, denotes the minimum allowable operating
voltage of the equipment at node 7, and Uj; ,,x denotes the maximum allowable operating
voltage of the equipment at node i.

The voltage constraint in Equation (19) is a grid-code-oriented operational security
constraint rather than a complete converter-control stability model. It is introduced to
prevent renewable energy units from entering high-voltage or low-voltage ride-through
states after emergency load shedding. In the proposed CMDP framework, this constraint
provides an observable and computationally efficient security boundary for agent training.
Although it does not replace detailed converter-control stability modeling, it can effectively
capture the operational risk that terminal voltage violations may cause renewable energy
active power reduction and secondary frequency deterioration.

Post-fault frequency variation and bus-voltage recovery are closely related to the load
shedding locations and amounts. Therefore, the key objective of emergency load shedding
optimization is to determine appropriate shedding locations and satisfy system stability
requirements with the minimum total load shedding amount.

3.3. Construction of the State-Action and Reward—Constraint Framework

To address the rapid frequency decline caused by MMC-HVDC blocking faults, this pa-
per develops a safe-RL-based emergency load-shedding decision-making model to achieve
fast and effective load-shedding actions while satisfying system security constraints. Most
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traditional controllers make control decisions based on variations in measured electrical
quantities. Similarly, the data-driven RL agent responds by acquiring real-time electrical
variables from the system. Therefore, it is feasible to treat the agent as the control center for
formulating post-fault emergency load-shedding strategies. In this paper, reinforcement
learning is adopted to model and solve the emergency load shedding problem in power
systems. To make the interaction process between the agent and the power system environ-
ment clearer, the state variables, action space, reward function, and constraint-handling
mechanism are further described below. To improve the rigor and reproducibility of the
CMDP formulation, the selected observation points, action discretization rules, penalty
terms, and key parameter settings are explicitly summarized in this subsection and in the
parameter table in Section 5.1.
(1) State variable (s;): The system state at any time interval ¢ is defined as:

st ={fii—1 fo -1, s fup—T, Urp—1, -+ Upmp—T} (20)

where f1i_1,f21—T, ... fu 1 are the frequency values of the selected n observation points
within the time interval t — T, and Uy s—1, Uo¢_rr, - .. Uy 47 are the voltage values of the
selected m observation points within the time interval t — T.

The observed state variables have the following functions:

(1) the agent determines the degree of system instability according to the current electrical
measurements and the variation trends of electrical quantities over the previous
several time instants, and then provides corresponding stability control measures;

(2) the control effect is evaluated according to the electrical quantity variations within
one step after the previous stability control measure is executed;

(3) whether the constraints are violated is judged according to the state feedback after
load shedding is implemented.

Specifically, the state vector contains two types of post-fault dynamic information.
The first type is frequency-related information, including the frequency values of selected
observation buses or generator buses within the observation window. These variables
reflect the severity and evolution trend of the post-fault active power imbalance. The second
type is voltage-related information, including the terminal bus voltages of renewable energy
units and other key buses. These variables are used to judge whether the renewable energy
units are close to the voltage ride-through boundary. In order to improve training stability,
the observed frequency and voltage variables are normalized before being input into the
neural network. Therefore, the agent can evaluate both the frequency recovery requirement
and the voltage security margin when selecting emergency load-shedding actions.

In the case study, the selected observation variables are explicitly defined according
to the electrical quantities exported from the DIgSILENT /PowerFactory simulation. The
frequency-related observation is the frequency of Bus 39, denoted as f3g;. The voltage-
related observation is the voltage magnitude of Bus 34, denoted as Uy, which is the
grid-connection bus of the monitored wind turbine. In addition, the active power output
of the monitored wind turbine is also observed and denoted as Pjy; ;. Therefore, the state
vector at decision time ¢ can be expressed as:

st = [fa0,6, Usat, Pwit) (21)

If a time observation window is adopted, the state vector can be extended as:

St = [f39,t—14+1:t Usa t—1+1:t» PW1,t—1+1:t] (22)
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where L denotes the length of the observation window. Here, f39; reflects the post-fault
frequency response of the system, Usy; is used to evaluate the voltage security margin
of the renewable energy grid-connection point, and Py ; characterizes the active power
response of the monitored wind turbine after voltage variations. These observed variables
are normalized before being input into the neural network to improve training stability.

(2) Action (a;): One to three selected load shedding locations in the system are chosen
to formulate stability control measures:

ar = {ﬂl,t,ﬂz,t, az;}
ary = |:Ploc,a/ Ddeep,l}

(23)
Ayt = [Ploc,bedeep,j]

az,s = [Ploc,cr Ddeep,k}

where ay 4, a5, a3 ¢ represent the three load shedding locations, respectively; Py 4, Ploc b,
Pjoc,c denote the selected load shedding locations, respectively; and Dyeep i Daeep,jr Dacep k
denote the selected load shedding depths, respectively. When a # b # c, three load shedding
locations are selected; when i # j # k, different load shedding depths are selected.

In the case study, the candidate load shedding locations are selected from buses with
controllable loads and strong electrical relevance to the disturbed area, including Load
39, Load 04, Load 23, Load 27, Load 20, Load 24, and Load 16. The shedding depths are
discretized as 0%, 20%, 35%, 50%, 65%, 80%, and 100%. At each decision step, the agent
selects one to three load shedding locations and their corresponding shedding depths to
form a combined control action. Repeated selections of the same load shedding location are
avoided during action decoding. If the selected action violates the load shedding capacity
limit or causes security violations, it is penalized through the reward and constraint cost
functions. This discrete action-space design reduces the difficulty of agent training and is
also consistent with practical emergency load shedding schemes, where load shedding is
usually implemented in preset locations and discrete stages.

In the power system simulation environment, the stability control measures generated
according to the system state are defined as actions. An action may include multiple control
operations executed at different times within a single interaction step. Its parameters
include the target equipment, control depth, and execution time. In this framework, reward
design is particularly important because it directly determines the evaluation of control
effectiveness and affects both the convergence of reinforcement learning and the quality of
the resulting stability-control strategy. The reward is constructed based on the electrical
measurements obtained after the fault or after the execution of control actions, while also
accounting for security constraints.

(3) Reward (7¢): The reward function of the proposed method is designed to maximize
the objective of the mathematical model for optimized load-shedding strategy execution un-
der the premise of satisfying the emergency load-shedding strategy constraints formulated
in Section 2.2, as follows:

n
F = minAP = min )_ P. ;
igl shed,i (2 4)

r=—(F+C+AG(u))

where F denotes the mathematical model for the optimized load-shedding strategy formu-
lated in Equation (16), C denotes the extremely large penalty assigned when Constraints 1
and 2 are violated, A denotes the Lagrange multiplier, and G(u) denotes the penalty assigned
when a constraint is violated. The value of G(1) should be much smaller than C, because
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violations of Constraints 1 and 2 are intolerable for the secure and stable operation of the
system. The proposed method aims to satisfy the voltage security of system components
through the influence of Constraint 3 while adopting load shedding measures that are as
small as possible.

The reward function is tuned according to three objectives: maintaining frequency
stability, reducing unnecessary load shedding, and avoiding renewable energy voltage vio-
lations. The frequency-related reward is assigned when the post-load-shedding frequency
remains within the secure range, while a large penalty is imposed when frequency instabil-
ity occurs. The load-shedding-related term is designed as a cost term proportional to the
total amount of shed load, so that the agent is encouraged to use the minimum necessary
load shedding amount. The voltage-related penalty is activated when the terminal voltage
of a renewable energy unit exceeds the allowable operating range. In the case study, the
minimum frequency requirement is set to 49.2 Hz, and the renewable energy terminal
voltage is constrained within 0.90-1.10 p.u. The specific reward and penalty coefficients are
selected through preliminary tuning to ensure that frequency security and voltage security
have higher priority than load shedding economy, while the load shedding amount is
further optimized after the security constraints are satisfied.

To improve the reproducibility of the reward design, the reward and penalty coeffi-
cients are selected according to a hierarchical security priority principle rather than only by
trial-and-error. The first priority is to avoid unacceptable operating conditions, including
frequency instability and infeasible load-shedding actions that exceed the available control-
lable load. Therefore, these violations are assigned large penalties so that their negative
effects dominate the reward evaluation. The second priority is to maintain the terminal
voltages of renewable energy units within the allowable voltage ride-through range. The
voltage-related penalty G(u) is determined according to the voltage deviation degree and
the grid-connection voltage requirements listed in Table 1. The third priority is to reduce
the total load shedding amount after the basic frequency and voltage security requirements
are satisfied. Therefore, the load shedding amount is treated as an optimization cost rather
than a hard penalty.

Table 1. Response requirements for abnormal voltage in photovoltaic power plants. (Note: Italics are
used for mathematical variables in voltage expressions, such as U and Uy)).

Voltage at the Grid-Connection Point Maximum Tripping Time
U<05 Uy 0.1s
50% Uy < U < 85% Uy 20s
85% Uy < U < 110% Uy Continuous operation
110% Uy < U < 135% Uy 20s
135% Uy < U 0.1s

In this design, the penalties for frequency instability and infeasible load-shedding
actions should be larger than the maximum possible benefit obtained from reducing the
load shedding amount. This ensures that the agent does not sacrifice system security for
load shedding economy. The Lagrange multiplier A is used to adjust the relative importance
of voltage security constraints. A larger A makes the agent more conservative and reduces
the probability of renewable energy voltage violations, whereas a smaller A allows the
agent to focus more on load shedding economy but may weaken voltage security guidance.
Therefore, A = 1.2 is adopted after preliminary tuning to balance voltage security and load
shedding economy in the studied system.
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(4) Security operation constraints (C, G(u)): The constraint-handling mechanism con-
sists of two levels. First, hard operational constraints are explicitly defined in the emergency
load-shedding model, including the maximum available load at each shedding location,
the acceptable post-fault frequency range, and the allowable voltage range of renewable
energy grid-connection buses. These constraints correspond to Equations (14)—(16). Second,
during agent training, violations of these constraints are converted into constraint costs
and penalty terms. Severe violations, such as excessive load shedding beyond the available
load or frequency instability, are assigned large penalties because they are unacceptable for
secure system operation. Voltage violations at renewable energy grid-connection points are
penalized according to the voltage ride-through requirements, since such violations may
reduce renewable energy active power output and further deteriorate frequency stability.
Through this mechanism, unsafe actions are suppressed during policy updates, and the
final policy tends to satisfy frequency stability, voltage security, and load shedding econ-
omy simultaneously. An extremely large penalty is assigned for violations corresponding
to C, which will not be further elaborated here. As shown in Table 1, according to the
requirements of the national standard Technical Requirements for Grid Connection of
Photovoltaic Systems GB/T 19939-2005 [23], the required grid-connected operation time of
photovoltaic power stations varies with the voltage at the grid-connection point. Therefore,
different penalty operations are adopted for G(u):

25
2000, 135% Un < u @5)

G = { 1000, 110% Uy < u < 135% Uy
4. Solution of the PPO-Based Emergency Load Shedding
Decision-Making Model

To formulate an emergency load-shedding strategy that satisfies both frequency stabil-
ity and voltage security requirements, this section adopts the Proximal Policy Optimization
(PPO) algorithm based on the Markov decision model established in Section 3. The optimal
load-shedding scheme is obtained through policy iteration to satisfy frequency stability
requirements while preventing renewable energy units from entering voltage ride-through
states after load shedding. Finally, the reinforcement-learning-based emergency load-
shedding training is implemented through a Python-DIgSILENT co-simulation platform.

4.1. Proximal Policy Optimization Algorithm

In this paper, Proximal Policy Optimization (PPO) is adopted to improve convergence
speed and decision-making efficiency following DC blocking faults. PPO is a policy-based
reinforcement learning algorithm that employs two neural networks: the policy network
(actor) and the value network (critic). The actor generates actions according to the current
state, while the critic evaluates the quality of the selected action based on the current state
and the next state. This actor—critic framework alleviates the high-variance problem of
conventional policy gradient methods and enables more efficient training. PPO is selected
in this study for the following reasons. First, the emergency load shedding problem after
MMC-HVDC blocking is characterized by high-dimensional nonlinear post-fault dynamics,
discrete combined control actions, and strict operational security constraints. Compared
with value-based methods such as DQN, PPO directly optimizes the stochastic policy and
is more suitable for handling combined action decisions involving load shedding locations
and shedding depths. Second, compared with conventional policy-gradient methods, PPO
introduces a clipped surrogate objective to restrict excessive policy updates, which improves
training stability when unsafe actions may lead to frequency instability or renewable
energy voltage violations. Third, compared with TRPO, PPO avoids the complicated
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second-order optimization process and is easier to implement in the Python-DIgSILENT
co-simulation framework. Therefore, PPO provides a suitable balance among decision-
making performance, training stability, and computational implementation complexity for
the proposed CMDP-based emergency load shedding problem.

Traditional policy gradient algorithms work by computing an estimator of the policy
gradient and substituting it into a stochastic gradient ascent algorithm. The most commonly
used gradient estimators are given as follows:

g = IAE,{ [V@ log 7'[9((1,5 |St)At] (26)

Ap==V(s)+ri+yra+-+97 Tl + 97V (sr) (27)

where 71y denotes the stochastic policy, A; denotes the estimator of the advantage function
at time step t, also referred to as the reward function, V(s;) denotes the state-value function
under state s;, 7+ denotes the reward at time ¢, and 7y denotes the discount factor. Here, the
expectation E[...] represents the empirical average over a finite batch of samples in an
algorithm that alternates between sampling and optimization. By constructing an objective
function whose gradient is the policy gradient estimator, the estimator g can be obtained
through differentiation, and the loss function LPC(0) is therefore expressed as:

LPC(0) = B+ [log g (ar|s:) A¢] (28)

Although it appears feasible to perform multiple optimization steps on the loss func-
tion LG (0) using the same trajectory, namely the set of all states and actions within one
executed segment, empirical results show that the algorithm is prone to generating destruc-
tively updated policies. In the process of formulating emergency load-shedding strategies,
when under-shedding or over-shedding strategies are selected and system instability is
caused, the previously generated policies will be greatly affected, which is unfavorable for
policy selection and updating.

To avoid such problems, the PPO algorithm constructs the clipped loss function L<HP
to replace L"C, and performs multiple steps of stochastic gradient ascent on this objective.
Let 7; (0) denote the probability ratio:

_ _7o(atlst) _
l’t(()) = ﬂ_edd (at‘st) P rt(gold) =1 (29)

where 719, is the policy extracted from historical data, which is referred to as the empirical
policy. By maximizing its objective, we obtain:

N

LCPI — 1, o (at|se) 2

ro sy | = Blre(©A] (30)

If no constraint is imposed, maximizing L“"! will lead to an excessively large policy
update, that is, 7;()) becomes very large. In this case, the selected policy differs significantly
from the empirical policy, which is unfavorable for strategy formulation and is not allowed
in the optimization process. Therefore, it is necessary to consider how to modify the
objective function so as to penalize policy changes that cause (6) to deviate from 1.

LCLIP — [, [min(r:(0) A, clip(r¢(0),1 — €, 1+ €)A;)] (31)
where ¢ is a hyperparameter. The first term in the minimization is LEPI while the second

term is modified by clipping the probability ratio, restricting () within [1 — ¢, 1 + €],
thereby preventing the policy 7ty from deviating excessively.
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The PPO-based actor—critic training procedure is summarized in Algorithm 1. During
each iteration, N parallel actors collect data within the time horizon T, calculate the reward
function, and update the policy over K epochs with minibatch size M.

Algorithm 1. PPO-Based Actor—Critic Training Procedure

For iteration=1,2 ... do

Foractor==1,2...,Ndo

Run policy 7tg,7 in environment for T timesteps

Compute advantage estimates Ay, ..., Ar

end for

Optimize surrogate L wrt 6, with K epochs and minibatch size M < NT
Ooig < 0

The convergence stability of PPO mainly benefits from the clipped surrogate objective.
During policy optimization, the probability ratio between the updated policy and the old
policy is restricted within a predefined interval. This mechanism prevents excessively large
policy updates and reduces the probability of destructive policy changes caused by unsafe
load-shedding actions. In the proposed CMDP framework, the Lagrange multiplier and
constraint penalty further guide the policy away from actions that violate frequency or
voltage security constraints. Therefore, although the CMDP-based PPO agent may require
more training steps than the conventional MDP agent due to the additional voltage security
constraint, it can gradually converge to a safer policy that coordinates frequency stability,
voltage security, and load shedding economy.

The computational complexity of the PPO-based training process mainly consists
of three parts: environment simulation, neural network forward propagation, and pol-
icy/value network parameter updates. Let N denote the number of parallel actors, T
denote the interaction horizon of each actor, K denote the number of training epochs for
each batch of sampled trajectories, M denote the minibatch size, and | 64 | and | 6¢ | denote
the numbers of parameters in the actor and critic networks, respectively. For each iteration,
NT samples are collected through interaction with the PowerFactory environment. The
computational cost of policy and value network updates can be approximated as:

O(KNT(|64] + |6cl)) (32)

If the simulation cost of one PowerFactory interaction step is denoted as Cgjp,, the
overall computational complexity of one PPO training iteration can be expressed as:

O(NTCsjm + KNT(|84] + 6¢c])) (33)

In the proposed Python-DIgSILENT co-simulation framework, the power system time
domain simulation usually dominates the total training time, while the neural network
update cost remains relatively limited due to the moderate network scale used in this paper.
In the case study, both the actor and critic networks adopt hidden layers with 64 neurons,
and the total training step is set to 20,000, which provides an acceptable computational
burden for offline emergency control strategy training.

4.2. Decision-Making Model Solver Based on Agent Training

To better implement the emergency load-shedding strategy for DC blocking faults,
this section develops a decision-making solver based on agent training. The adopted power
system simulation software is DIgSILENT /PowerFactory (2022), abbreviated as PF. PF
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provides an interface for deep interaction with Python 3.8, which facilitates the integration
of Python-based reinforcement learning agents with the power system.

As shown in Figure 4, the RL agent is encapsulated in a Gym environment, which
serves as a toolkit for developing and evaluating reinforcement learning algorithms. It
is implemented in Python and consists of two main modules: the initialization module
(reset) and the action module (step_action). The initialization module is responsible for
initializing the program and PF parameters, selecting a fault scenario, applying it in PF,
and returning the required post-fault electrical variables as the state. The action module
identifies and executes the control measures generated by the agent, advances PF by one
interaction step, returns the updated state, evaluates action effectiveness and constraint
violations, and finally calculates the reward.

Algorithm ‘ Trained
Contig. Model

| | |

{ Dynamic w Gym ’ ~— [ ppo

[En\‘iromnent Contfig. J {

Simulation API Agent |PyTorch

State Observation

Action Selection

Reward & Constraint Evaluation

Policy Update

Figure 4. Software interaction framework of the power system co-simulation environment and
PPO-based training platform.

4.3. Training Process of the Decision-Making Model Based on Agent Training

To address the risk of frequency instability caused by DC blocking, this section devel-
ops an adaptive emergency load-shedding scheme through agent training, as shown in
Figure 5. In each episode, the interaction time instants are denoted by T = {t1,f5,t3,. . .4},
the observed electrical variables by S = {s1,55,53,. . .54}, and the generated control actions by
A = {aq,a2,a3,. . .,4,}. The number of interaction steps in each episode is predefined.

During initialization, a fault scenario that may cause frequency instability is randomly
selected from the anticipated fault set and applied to the power system. The system is
then simulated until time t;, and the observed electrical variables at t;, denoted by sy, are
returned. Based on s, the agent generates the corresponding control action a1, and the
system is advanced to time f;. At tp, the updated observation s; is returned, and the quality
of action a; is evaluated according to the system response, from which the corresponding
reward is calculated. The agent then generates the next control action based on s,. This
process is repeated until the predefined number of interaction steps is reached, after which
the next episode begins.
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Figure 5. Co-simulation architecture and PPO training workflow of the proposed CMDP emergency
load-shedding agent.

5. Case Study Analysis

To verify the effectiveness of the constrained Markov decision process for emergency
load shedding in power system frequency stability control, this paper conducts case studies
on the modified IEEE 39-bus system. The test system is shown in Figure 6.
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Figure 6. Improved IEEE-39 power system.
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The system consists of 10 generating units equipped with governors, automatic volt-
age regulators, and power system stabilizers, together with 19 loads. Wind turbines are
connected to Bus 1 and Bus 34, while the HVDC system is connected to Bus 33. Generators
G4 and G5 are out of service. Under the initial operating condition, the HVDC system
imports 832 MW from the external grid. The load shedding cost is assumed to be identical
at all locations. The candidate shedding locations are Load 39, Load 04, Load 23, Load 27,
Load 20, Load 24, and Load 16, and the candidate shedding depths are 0, 20, 35, 50, 65, 80,
and 100. The safety constraints require the wind turbine terminal voltage to remain within
0.90-1.10 p.u. The control objective is to maintain the minimum system frequency above
49.2 Hz while minimizing the load shedding amount after an HVDC blocking fault.

For reproducibility, the observation variables used for agent training are also specified
in this case study. The frequency observation is the frequency of Bus 39, the voltage
observation is the voltage magnitude of Bus 34, and the active power observation is the
active power output of the monitored wind turbine connected to Bus 34. These observed
quantities correspond to fag s, Uss ¢, and Py 4, respectively, and are used to construct the
state vector of the agent.

5.1. Comparison Between the Traditional Contingency Strategy and the CMDP-Based Strategy

This section verifies the effectiveness of the CMDP-based strategy by comparing it
with the traditional contingency-based strategy. The main training parameters of the agent
are as follows: both the actor and critic networks use one hidden layer with 64 neurons
and the ReLU activation function; the policy layer of the actor network consists of three
layers with 64 x 64 x 64 neurons; the value function layer of the critic network also
consists of three layers with 64 x 64 X 64 neurons; the total number of training steps
is 20,000; the learning rate is 0.004010403089631225; the gradient clipping ratio is [0.7, 1.3];
the reward discount factor is y = 0.98; and the Lagrange multiplier coefficient is A = 1.2. In
addition, based on Equation (24), the reward function is designed by assuming identical
load shedding costs at all locations, using the total load shedding amount as the penalty
term, assigning a penalty of —10,000 for excessive load shedding, a reward of 3000 when
the system frequency remains within the stable range after load shedding, and a penalty of
5000 when frequency instability occurs. These reward and penalty coefficients are selected
according to priority among emergency control objectives. Frequency instability and severe
constraint violations are assigned large penalties, while the load shedding amount is treated
as an optimization cost after the basic security requirements are satisfied.

The above reward and penalty settings follow the same security priority principle
as the reward design in Section 3.3. Specifically, the over-shedding penalty —10, 000 is
set as the largest negative penalty because actions exceeding the available controllable
load are physically infeasible. The frequency stability reward and frequency instability
penalty are used to ensure that the agent first learns to maintain the post-fault frequency
within the secure range. After the basic frequency security requirement is satisfied, the load
shedding amount is further minimized through the load shedding cost term. The voltage
security penalty is weighted by the Lagrange multiplier to guide the agent away from
actions that may cause renewable energy terminal voltage violations. These parameter
values are reported explicitly to improve the reproducibility of the training configuration.

To improve the reproducibility of the proposed CMDP-based emergency load-
shedding strategy, the main observation variables, action discretization rules, reward
and penalty coefficients, and PPO training parameters used in the case study are summa-
rized in Table 2. These parameters are consistent with the CMDP formulation in Section 3.3
and the simulation settings of the modified IEEE 39-bus system.

https://doi.org/10.3390/en19133020


https://doi.org/10.3390/en19133020

Energies 2026, 19, 3020

23 of 33

Table 2. Main CMDP settings, reward function design, and PPO training parameters.

Parameter

Value

Description

Frequency observation
Voltage observation
Wind active power observation

Candidate shedding buses

Convergence criterion

Bus 39 frequency f39
Bus 34 voltage Uszy
Pw1

Post-fault frequency response
Voltage security of the wind turbine grid-connection
bus
Active power output of the monitored wind turbine

Load 39, Load 04, Load 23, Load 27,

Load 20, Load 24, Load 16 Controllable load shedding locations

Shedding depths 0%, 20%, 35%, 50%, 65%, 80%, 100% Discrete load shedding levels
Number of selected shedding locations 1-3 Number of buses selected in one action
Frequency security threshold fmin > 492 Hz Post-fault frequency security requirement
Voltage security range 0.90-1.10 p.u. Renewable energy terminal voltage security range
Over-shedding penalty —10,000 Penalty for infeasible load shedding
Frequency stability reward 3000 Reward for satisfying frequency security
Frequency instability penalty —5000 Penalty for frequency instability
Lagrange multiplier 1.2 Weight of voltage security penalty
Discount factor 0.98 Reward discount factor
Learning rate 0.004010403089631225 PPO learning rate
Gradient clipping ratio [0.7,1.3] PPO clipping range
Training steps 20,000 Total training steps
Rollout steps per update 128 Number of rollout steps per PPO update
Minibatch size 16 Minibatch size used in PPO optimization
PPO update epochs 10 Number of PPO optimization epochs per update
Number of environments 1 Single-environment PPO training setting
Random seeds {0,1,2,3,4} Fixed random seeds used for repeated runs
Number of independent runs 5 Number of repeated independent training runs
E . . Number of deterministic evaluation episodes for each
valuation episodes per run 20

trained policy
Training is considered converged when the mean
episode reward fluctuates within a narrow range
without a sustained upward trend

Reward plateau in the late training stage

As shown in Table 2, the agent observes the frequency of Bus 39, the voltage of
Bus 34, and the active power output of the monitored wind turbine to evaluate the post-
fault frequency response, renewable energy voltage security margin, and wind power
response. The action space is discretized by predefined load shedding locations and
shedding depths, while the reward and penalty coefficients are selected according to the
security-priority principle described in Section 3.3. The PPO training settings summarized
in Table 2 follow the implementation used in the original study. These hyperparameters
were determined through comparative trial experiments over several candidate settings,
and the final configuration was selected according to reward improvement and training
stability. In the training process, the reward curve fluctuates significantly during the early
exploration stage, increases gradually as the interaction experience accumulates, and enters
a converged state after the later training stage. For reproducibility, Table 3 summarizes
the main PPO training settings used in this study, including the rollout steps per update,
minibatch size, number of update epochs, random seed setting, number of independent
runs, and evaluation episodes per run.

Table 3 reports the repeated-run results for the representative disturbance scenario.
The main performance metrics are presented as mean + standard deviation over five
independent runs with fixed random seeds {0, 1, 2, 3, 4}, and the corresponding variances
are also listed.

Table 4 presents the comparison between the traditional contingency strategy and the
CMDP-based strategy for the same representative disturbance scenario. For the CMDP-
based strategy, the values reported in Table 4 correspond to the mean results over five
independent runs summarized in Table 3. As can be seen from the table, compared with
the traditional contingency-based emergency load-shedding measure, the CMDP-based
strategy reduces the total load shedding amount while maintaining frequency stability and
improving the voltage security performance of renewable energy grid-connection points.
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Table 3. Results of five independent runs and their statistical summary for the representative
disturbance scenario.

Run/Statistic Random Seed Tmfﬂ:“gzits(ﬁaging Frequency Nadir (Hz) Voltage W1 (p.u.) Voltage P1 (p.u.)
Run1 0 517.6 49.21 1.05 1.06
Run 2 1 522.4 49.23 1.06 1.06
Run 3 2 519.8 49.22 1.06 1.05
Run 4 3 515.9 49.21 1.05 1.06
Run 5 4 520.3 49.24 1.06 1.06
Mean - 519.20 49.222 1.056 1.058
Standard deviation - 2.53 0.013 0.0055 0.0045
Variance - 6.40 170 x 1074 3.00 x 107° 2.00 x 107°
Table 4. Comparison between the traditional contingency strategy and the CMDP-based strategy.
Total Load Shedding .
Method Control Measure Amount (MW) Frequency Nadir (Hz)  Voltage (W1/P1) (p.u.)
CMDP Load20, Load23 519.2 MW 49.22 Hz 1.06 p.u./1.06 p.u.
Contingency Strategy Load20 678 MW 49.21 Hz 1.15p.u./1.09 p.u.

Figure 7 shows the convergence curve of the episode reward during training. The
agent is designed to ensure frequency stability while simultaneously maintaining the
voltage security of renewable energy buses and optimizing the load shedding amount.
In the early stage, the reward fluctuates significantly because the agent explores many
actions that may lead to frequency instability or voltage-constraint violations. As training
proceeds, the accumulated interaction experience increases, and the reward gradually
improves. After approximately 8000 training steps, the reward curve rises more steadily
under the trust region mechanism of PPO. After about 15,000 training steps, the mean
reward converges, indicating that the agent has learned an effective load-shedding strategy.
In this study, training was regarded as converged when the mean episode reward entered a

plateau region in the late stage and fluctuated within a relatively narrow range without a
sustained upward trend.

2000

2000

Reward

4000

-6000

0 2500 5000 750010,000 12,500 15,000 17,500 20,000
Training Epochs

Figure 7. Convergence curve of reward values during the PPO training process.

This convergence process indicates that the PPO-based CMDP agent gradually learns
to avoid actions that cause frequency instability or renewable energy voltage violations.
Although the exploration stage is relatively long due to the additional voltage security
constraint, the final reward convergence shows that the proposed method can obtain a
stable security-constrained load shedding policy.

https://doi.org/10.3390/en19133020


https://doi.org/10.3390/en19133020

Energies 2026, 19, 3020

25 of 33

Figure 8 compares the frequency responses under the CMDP- and contingency-based
load-shedding strategies. As shown in the figure, the CMDP-based strategy increases the
frequency nadir by 0.07 Hz while simultaneously optimizing the load shedding amount.
This indicates that, compared with the contingency-based strategy, the proposed CMDP-
based strategy achieves better overall performance in both frequency stability and load
shedding economy.

50.1

50 — Contingency Load Shedding
—— CMDP Load Shedding

499}
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N
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Figure 8. CMDP load shedding and contingency load shedding frequency chart.

Figures 9 and 10 compare the terminal voltage and active power responses of wind
turbine W1 under the two load-shedding strategies. As shown in the figures, under the
CMDP-based strategy, the steady-state terminal bus voltage of W1 remains below 1.10 p.u.
and within the secure range, so the wind turbine can maintain its normal active power
output. This demonstrates that CMDP can explicitly account for the voltage security of
renewable energy units during strategy formulation.

1.3 T T T
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Figure 9. Comparison diagram of busbar voltage at the end of fan W1.

In summary, compared with the contingency-based strategy, the CMDP-based deep
reinforcement learning method exhibits clear advantages. In particular, it optimizes the
load shedding amount while increasing the frequency nadir, thereby more effectively
avoiding unnecessary under-frequency load shedding and contributing to improved power
supply reliability and system stability.
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Figure 10. Comparison diagram of input power of fan W1.

5.2. Comparison of Emergency Load-Shedding Strategies Under Different Reinforcement
Learning Algorithms

This section verifies the effectiveness of reinforcement learning for emergency load
shedding by comparing the strategies obtained under different reinforcement learning
formulations. The conventional MDP framework is also implemented using an actor—critic
network and optimized with the PPO algorithm. Its network structure, number of neurons,
activation function, gradient clipping ratio, and discount factor are kept consistent with
those used in the CMDP framework. The MDP agent is trained for 20,000 steps, with a
learning rate of 0.0013301571717463502.

Under the above basic scenario settings, the emergency load-shedding strategy ob-
tained by the MDP-based agent after 20,000 PPO training steps is compared with that of the
CMDP-based agent, as shown in Table 5. The conventional MDP achieves a higher average
reward and a slightly better frequency nadir than CMDP. However, its load shedding
performance is not superior to that of CMDP; moreover, because renewable energy voltage
security constraints are not explicitly considered, it is more likely to cause terminal voltage
violations at wind turbines. By contrast, although CMDP is slightly inferior in terms of
frequency nadir, it provides better overall load shedding performance while ensuring the
voltage security of renewable energy grid-connection points.

Table 5. CMDP and MDP strategy tables.

Method CMDP MDP
Control measure Load 20, Load 16, Load 23, Load 04
Load 23
Total load shedding amount (MW) 519.2 MW 555.6 MW
Frequency nadir (Hz) 49.22 Hz 49.28 Hz
Voltage W1/P1 (p.u.) 1.06 p.u./1.06 p.u. 1.12 p.u./1.04 p.u.
Average reward 2480 2444

It should be emphasized that the conventional MDP benchmark uses the same PPO
optimizer and similar actor—critic network settings as the proposed method, but it does not
explicitly include renewable energy voltage security constraints in the decision-making
process. Therefore, the comparison between MDP and CMDP mainly reflects the effect
of the proposed safety-constrained formulation rather than the effect of changing the
reinforcement learning optimizer. Therefore, the current benchmark comparison is intended
to verify the effect of the proposed safety-constrained formulation under a consistent
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simulation setting, rather than to represent an exhaustive comparison with all recent
advanced benchmark methods.

Figure 11 shows the reward convergence curve of the conventional MDP-based strat-
egy. Since the MDP framework focuses mainly on frequency stability and load shedding
optimization, the reward fluctuation during the initial exploration stage is relatively small.
As training proceeds, the agent gradually learns through interaction with the environment
and begins to approach the optimal policy after approximately 2000 steps. Compared
with CMDP, the MDP framework converges faster, and the mean reward has already
converged after about 4000 steps, indicating that an effective load-shedding strategy has
been obtained.
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Figure 11. MDP reward value convergence change graph.

Compared with the CMDP-based training process, the conventional MDP converges
faster because it only considers frequency stability and load shedding amount optimization,
without explicitly incorporating renewable energy voltage security constraints. However, as
shown in Table 5 and Figures 12 and 13, the faster convergence of MDP does not guarantee
a safer control policy, since the obtained strategy may still cause renewable energy terminal
voltage violations and active power reduction. Therefore, the convergence performance
should be evaluated together with the final security performance, rather than only by the
number of training steps required for reward stabilization.

Figure 14 compares the system frequency responses under the CMDP-based and
MDP-based load-shedding strategies. As shown in the figure, the MDP-based strategy
achieves a slightly higher frequency nadir than CMDP, indicating a certain advantage in
frequency recovery. However, CMDP further optimizes the load shedding amount while
simultaneously accounting for voltage security constraints, making it more suitable for
coordinated security-constrained control.

Figure 12 compares the terminal voltage responses of wind turbines W1 and W2
under the two strategies. The conventional MDP does not explicitly consider the voltage
security of renewable energy units; therefore, after load shedding, the terminal bus voltage
remains relatively high. In particular, during 4-5 s, the voltage of W1 stays above 1.10 p.u.,
causing the unit to enter the high-voltage ride-through state, and its active power output
correspondingly decreases, as shown in Figure 13. This indicates that, compared with
conventional MDP, the CMDP-based strategy is safer because it keeps wind turbines within
a secure voltage range after fault clearing and reduces the risk of cascading disturbances
caused by wind turbine disconnection.

https:/ /doi.org/10.3390/en19133020


https://doi.org/10.3390/en19133020

Energies 2026, 19, 3020 28 of 33

T T T - 13 C v v v 3
1.3 —— MDP Load Shedding —— MDP Load Shedding
1.2 —— CMDP Load Shedding - 12 —— CMDP Load Shedding 1

~ 1.1 7 - 1.1

5 3
s 1 1 &1
& &

209 1 £oo

3 o

= 0.8 ] > 0.8
0.7 T 0.7
0.6 ] 0.6

0 510 15 20 25 30 0 s 10 15 20 25 30
Times (s) Times (s)
(a) (b)
Figure 12. (a) Comparison diagram of busbar voltage at the end of fan W1; (b) comparison diagram
of busbar voltage at the end of fan W2.
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Figure 14. CMDP load shedding and MDP load shedding frequency chart.
In summary, although the conventional MDP shows a certain advantage in terms of
frequency nadir, it does not account for the voltage security of renewable energy units, and

its overall load shedding performance is inferior to that of CMDP. By contrast, although
CMDP is slightly less effective in the frequency metric, it can simultaneously coordinate
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frequency stability, voltage security, and load shedding optimization, thereby achieving
better overall control performance.

To further strengthen the robustness-related discussion, the revised manuscript pro-
vides a clearer quantitative comparison of the main performance indicators, including
frequency nadir, post-fault voltage security performance, and load shedding amount. In
the representative disturbance scenarios considered in this study, the proposed method
consistently maintains post-fault frequency security and improves the voltage security
performance of renewable energy grid-connection points while avoiding excessive load
shedding. These observations support the conclusion that the proposed safety-constrained
strategy exhibits favorable control robustness with respect to the coordinated objectives
considered in this work. The robustness-related discussion in the revised manuscript is
therefore based on case study evidence that can be directly confirmed from the available
project materials.

5.3. Additional Validation Under High Renewable Energy Penetration

To further evaluate the applicability of the proposed CMDP-based emergency load-
shedding strategy under different operating conditions, an additional high-renewable-
penetration operating condition is considered in this subsection. Compared with the base
operating condition in Sections 5.1 and 5.2, the renewable generation share is increased and
the corresponding generation/load distribution is adjusted accordingly, while the modified
IEEE 39-bus system topology is retained. The modified 10-generator IEEE 39-bus system
under the high-renewable-penetration operating condition is shown in Figure 15.
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Figure 15. Modified IEEE 39-bus system under the high-renewable-penetration operating condition.

Under this operating condition, multiple fault scenarios are tested to further examine
the control performance of the proposed strategy. The quantitative results of the pro-
posed CMDP-based strategy and the conventional MDP-based strategy under different
fault scenarios in the high-renewable-penetration operating condition are summarized
in Tables 6 and 7.
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Table 6. Effectiveness of the proposed CMDP-based strategy under different fault scenarios in the
high-renewable-penetration operating condition.

Total Load Shedding Frequency Nadir Voltage
Fault Control Measure Amount (MW) (Hz) (W3/W4/W5/P3)
G3 Load 04, Load 23, Load 15 280.00 49.22 1.04/1.01/0.99/1.01
G4 Load 20, Load 16, Load 15 418.10 49.21 1.05/1.03/1.01/1.01
G5 Load 20, Load 16, Load 15 127.70 49.24 1.05/1.00/1.00/1.01
Go6 Load 20, Load 24 343.24 49.22 1.04/1.02/1.00/1.02
G8 Load 23 111.38 49.22 1.04/1.02/1.00/1.01
G9 Load 24, Load 16, Load 23 317.06 49.24 1.05/1.03/1.00/1.02
Table 7. Effectiveness of the conventional MDP-based strategy under different fault scenarios in the
high-renewable-penetration operating condition.
Total Load Shedding Frequency Nadir Voltage
Fault Control Measure Amount (MW) (Hz) (W3/W4/W5/P3)
G3 Load 04, Load 23, Load 20 294.75 49.25 1.08/1.04/1.00/1.02
G4 Load 16, Load 15, Load 24 439.85 49.26 1.11/1.06/1.02/1.04
G5 Load 20, Load 16, Load 23 136.95 49.27 1.09/1.04/1.01/1.03
G6 Load 20, Load 24, Load 23 359.44 49.26 1.10/1.05/1.01/1.04
G8 Load 23, Load 16 118.98 49.25 1.08/1.04/1.01/1.03
G9 Load 24, Load 23, Load 20 334.56 49.28 1.12/1.07/1.02/1.04

As shown in Tables 6 and 7 under the high-renewable-penetration operating con-
dition, the conventional MDP-based strategy exhibits a slight advantage in terms of the
frequency nadir for all tested fault scenarios. However, this improvement is achieved at the
expense of a slightly higher total load shedding cost and a less satisfactory voltage security
performance at renewable energy grid-connection points. By contrast, the proposed CMDP-
based strategy maintains the monitored renewable energy terminal voltages within or
closer to the allowable operating range while achieving slightly lower or comparable load
shedding costs in all tested fault scenarios. These results further indicate that, although
MDP may achieve slightly better frequency recovery, CMDP provides better overall control
performance when frequency stability, voltage security, and load shedding economy are
considered together.

Therefore, the additional validation under the high-renewable-penetration operating
condition provides further support for the applicability of the proposed CMDP-based
strategy beyond the original base operating condition.

Nevertheless, the present revision still does not include comparisons with a broader set
of recent benchmark methods under a fully consistent simulation framework. Some recent
methods are developed under different modeling assumptions and implementation settings,
and some do not provide sufficiently detailed public implementations or fully matched
simulation settings for direct reproduction in our framework. A broader comparison under
a unified framework will therefore be an important direction for future work.

6. Conclusions

To satisfy the secure load-shedding requirements of new-type power systems, this
paper proposes a CMDP-based emergency load-shedding-control strategy that simultane-
ously considers frequency security and voltage stability.
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(1) By introducing penalty terms, the CMDP-based decision-making model transforms
complex security constraints into an unconstrained optimization problem. Combined
with a PPO-optimized actor—critic agent, the proposed method improves both training
convergence and decision-making efficiency.

(2) Compared with the conventional contingency-based strategy, the proposed security-
constrained intelligent load-shedding method can effectively reduce the total load
shedding amount while maintaining frequency stability and preserving the voltage
security of renewable energy units.

(8) Compared with the conventional MDP-based strategy, the CMDP framework with ex-
plicit security boundaries provides better overall control performance in maintaining
renewable energy voltage security while ensuring system frequency stability, thereby
effectively mitigating the risks associated with voltage violations.

It should also be acknowledged that the present study mainly evaluates renewable
energy voltage security using terminal voltage thresholds derived from grid-connection
requirements. Although this treatment is suitable for emergency load-shedding decision
making on the electromechanical time scale, it cannot fully represent all detailed dynamics
of converter-dominated renewable power systems, such as converter inner-loop control,
phase-locked-loop dynamics, current limiting, transient stability interactions, and interarea
oscillations. Future work will further incorporate detailed converter-control models and
electromagnetic transient or hybrid simulation platforms to improve the dynamic repre-
sentation of converter-dominated power systems. A broader comparison with stronger
recent benchmark methods under a unified experimental framework remains an important
direction for future work.
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