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Abstract

With the widespread integration of renewable energy, power flow in the system has become
extremely complex and variable. This not only exacerbates the operational safety issues
of distribution networks but also intensifies the three-phase unbalance situation. The
traditional volt/var control (VVC) model is facing significant challenges such as high-
dimensional nonlinearity and low efficiency. To address these problems, this paper proposes
a volt/var control for three-phase unbalanced distribution network based on trust region
safe reinforcement learning. Firstly, a model is constructed based on the three-phase
linear power flow matrix. Then it is transformed into a Markov Decision Process (MDP)
to overcome the computational burden. Secondly, a trust region construction method
based on the Clip mechanism is introduced to ensure stable policy gradient updates and
computational efficiency. Further, the Lagrange multiplier is introduced in the trust region
optimization to convert the node voltage safety boundary into a cost function, establishing
a distribution network safety reinforcement learning (SDRL) model, which limits the output
of dangerous action. Finally, through case studies, it is verified that the proposed method
can effectively mitigate three-phase unbalance, enhance online decision-making efficiency,
and strictly guarantee the safe operation of distribution networks, demonstrating significant
feasibility and superiority.

Keywords: volt/var control; three-phase unbalance; active distribution network; safe
reinforcement learning; CMDP

1. Introduction

With the strong promotion of environmental protection and clean energy around the
world, the scope and quantity of distributed renewable energy sources (RESs) deployment
in the power system have been greatly improved. As distribution networks become
active distribution networks (ADN), the available control resources within the system
have become increasingly abundant. The system’s ability to participate in optimization
has also been greatly enhanced. However, the output of distributed RESs varies with
time, environmental factors which cause situations such as reverse power flow in the
network. The possibility of voltage exceeding the limit at the nodes has increased [1].
The distribution network lines have naturally asymmetric parameters, low-voltage users
are mainly supplied with single-phase power, and the spatial distribution along the feeder
is uneven. The single-phase connection of DG leads to increasingly complex power flow
distribution, exacerbating the three-phase imbalance problem [2]. Voltage imbalance in the
distribution system may damage components and reduce the efficiency of machines [3].
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Specifically, voltage unbalance induces a current unbalance in induction motors that is 6 to
10 times larger in magnitude, which leads to additional winding losses and overheating.
According to the NEMA MGI1 standard, when the voltage unbalance reaches 3%, a motor
operating close to full load must be derated to approximately 90% of its rated capacity to
avoid overheating; once the unbalance exceeds 5%, the temperature rise becomes too rapid
for derating alone to provide adequate protection [4]. The operational safety of distribution
networks is facing severe challenges.

To mitigate voltage violations caused by three-phase unbalance, Volt/ VAR control
(VVC) has emerged as a crucial approach. Traditional VVC mainly relies on physical
models to coordinate various devices with diverse response times, such as on-load tap
changers (OLTCs), static VAR generators (SVGs), and photovoltaic (PV) inverters [5,6].
Conventional approaches predominantly utilize mathematical optimization methods [7,8].
For instance, reference [9] proposed a convex relaxation optimal power flow model based
on second-order cone programming to address the nonlinear characteristics of three-phase
unbalanced systems, achieving the joint optimization of PV inverters and VVC devices.
Reference [10] developed an online voltage control strategy for unbalanced distribution
networks based on the projected Newton method. In [11], a VVC scheme based on dy-
namic cluster partitioning was proposed, which reduces the computational burden through
coordinated zonal management. Furthermore, reference [12] achieved multi-source co-
ordinated voltage control via sensitivity approximation based on phasor measurement
unit (PMU) data. These traditional mathematical optimization schemes strive to strike a
balance between solution accuracy and computational efficiency. However, the power flow
equations of three-phase unbalanced distribution networks exhibit high nonlinearity and
severe inter-phase coupling. Consequently, the traditional optimization solving process
becomes extremely time-consuming and highly reliant on the accuracy of real-time topo-
logical parameters. This makes it inadequate to satisfy the millisecond-to-minute-level
online real-time regulation requirements under the high penetration of distributed energy
resources (DERs). Therefore, there is an urgent need for a model-free control method
equipped with ultra-fast online decision-making capabilities.

In recent years, Deep Reinforcement Learning (DRL) has been increasingly applied
in the power system domain due to its model-free characteristics and powerful ability
to handle high-dimensional nonlinear mappings [13-15]. Reference [16] introduced DRL
into VVC, demonstrating its ability to adapt to the dynamic changes of power systems
without requiring detailed network models. Various improved DRL algorithms have been
successively proposed to further enhance control performance. For instance, reference [17]
proposed a Graph-based Proximal Policy Optimization (Graph-PPO) algorithm for voltage
optimization, which improved the robustness of the algorithm. The physics-informed
surrogate model-based Soft Actor-Critic (PISMBSAC) algorithm proposed in [18] operates
independently of network parameters and exhibits robustness against abnormal measure-
ments. Furthermore, reference [19] proposed a DRL-based two-timescale VVC strategy,
coordinating multiple devices to accelerate the response speed of online computations.
Reference [20] proposed a networked multi-agent Markov Decision Process (MDP) algo-
rithm, which reduces the required data volume and improves communication strategies.
However, the aforementioned algorithms face an unavoidable safety bottleneck: due to the
lack of strict physical boundary constraints, the random exploration they highly rely on
is extremely prone to outputting dangerous actions that trigger voltage violations during
optimization or under extreme operating conditions. To address this, some RL approaches
introduce penalty functions into the reward function, incorporating the consequences of
constraint violations into the learning feedback in the form of operational costs [21-23].
Nevertheless, this “soft constraint” mechanism makes the safety of the distribution net-

https:/ /doi.org/10.3390/en19133071


https://doi.org/10.3390/en19133071

Energies 2026, 19, 3071

30f24

work highly dependent on the setting of penalty coefficients. Theoretically, there is still the
possibility of limit violations, and it poses a certain risk of causing the non-convergence of
policy training.

To address this challenge, researchers have proposed the concept of safe reinforcement
learning (Safe RL), which embeds constraints directly into the decision-making process
of RL. By accounting for the concept of “safety” before the final action execution, Safe RL
not only mitigates the exploration risks associated with control decisions but also ensures
convergence to the optimal control policy. Based on whether the embedded constraints
are decoupled from the agent’s decision-making process, Safe RL methods can be broadly
classified into two categories: decoupled and coupled. Decoupled Safe RL primarily relies
on the design of a safety layer. It proactively estimates the safety of the agent’s proposed
action and rapidly corrects any actions that violate safety constraints. Reference [24] ac-
complishes action correction by imitating expert experience, while [25] further introduces a
progressively difficult training mechanism to reduce the subjectivity of such experience.
Considering the impact of action correction on learning efficiency, references [26,27] project
the current action onto the nearest boundary of the safety domain. However, the judgment
of action safety heavily relies on the accuracy of the estimations. Furthermore, action correc-
tion only targets the safety of the current time step; multiple corrections may be triggered
during subsequent agent learning, resulting in prolonged system training times. In contrast
to decoupled methods utilizing external safety layers, coupled Safe RL approaches embed
safety conditions directly into the policy optimization objective, typically achieved by
solving a Constrained Markov Decision Process (CMDP) [28-30]. The advantage of using
model-free RL to solve CMDPs lies in its strong universality; it does not rely on precise
power flow equations or topological models of the distribution network. Instead, it relies
solely on the state trajectories and cost feedback generated through the interaction between
the agent and the grid to complete iterative policy optimization [28]. Some paper draw
inspiration from TRPO by constructing a trust region based on Kullback-Leibler (KL) di-
vergence, and utilize the cost advantage function to quantify safety constraints. To achieve
efficient solving, these methods approximate the objective and constraints using first-order
Taylor expansion, and analytically solve the Karush—-Kuhn-Tucker (KKT) conditions to
adaptively adjust the gradient update direction, theoretically guaranteeing absolute safety
during the policy iteration process [29,30].

Nevertheless, the aforementioned optimization process relies on computing the Hes-
sian matrix (or Fisher Information Matrix, FIM) and its inverse, which imposes a tremen-
dous computational burden when dealing with high-dimensional continuous control
problems. How to ensure absolute safety during the exploration of high-dimensional three-
phase distribution networks while achieving stable and efficient convergence of the control
policy—without relying on time-consuming second-order matrix operations—remains a
critical technical bottleneck that urgently needs to be resolved.

To address the problems, this paper proposes a volt/var control for three-phase unbal-
anced distribution network based on trust region safe reinforcement learning. The main
contributions are summarized as follows:

1. Build an MDP model for VVC in three-phase unbalanced distribution networks based
on the DLF matrix. To deal with the severe inter-phase coupling and asymmetric char-
acteristics of three-phase distribution networks, this paper introduces the three-phase
distribution linear flow (DLF) matrix to analytically model the high-dimensional nonlin-
ear power flow features and the physical boundaries of various reactive power regulation
devices. Based on this, the complex three-phase VVC problem is reformulated into a
standard Markov Decision Process (MDP), effectively overcoming the computational
bottleneck caused by traditional power flow calculations in data-driven training.
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2. Construct a trust-region policy optimization mechanism based on clipping mecha-
nism to ensure the convergence stability of the control policy. Addressing the issue
of training collapse caused by excessively large policy update steps in traditional RL
during multi-device coordinated optimization, this paper introduces a trust-region
construction method based on clipping mechanism. By limiting the divergence be-
tween the old and new policies, this mechanism guarantees monotonic improvement
during policy gradient updates, significantly enhancing the optimization efficiency
and convergence robustness of the algorithm when dealing with high-dimensional
state spaces in three-phase unbalanced systems.

3. Propose a safe deep reinforcement learning (SDRL) algorithm that deeply integrates
Lagrange multipliers with the trust-region mechanism.To overcome the problem that
traditional “soft constraint (penalty function)” mechanisms fail to prevent voltage
violations in distribution networks, this paper introduces the Lagrange multiplier
method into the trust-region policy optimization process. By dynamically updating
the multipliers, operational limits (e.g., nodal voltages) are transformed into strict
constraints. Combined with the clip mechanism, the proposed algorithm not only
ensures stable policy updates but also fundamentally restricts the dangerous explo-
ration actions of the agent at the algorithmic level, thereby achieving strict adherence
to the safe operational boundaries of the distribution network.

The rest of this paper is organized as follows: Section 2 establishes the VVC
model for three-phase unbalanced distribution networks based on the DLF matrix.
Section 3 reformulates the three-phase reactive power optimization problem into MDP
and describes the trust-region construction method based on the clip mechanism.
Section 4 details the trust-region safe reinforcement learning algorithm accounting for
the operational constraints of the distribution network, and presents the framework of
trust-region SDRL considering operational constraints. Section 5 validates the effective-
ness and superiority of the proposed method through simulation case studies. Finally,
Section 6 concludes this paper.

2. Model Formulation for Three-Phase Unbalanced Volt/Var Control
2.1. Three-Phase Power Flow Model Based on DLF Matrix

Consider a three-phase radial unbalanced distribution network with N + 1 nodes.
Relax the connection of the nodes to the main grid, and let N = 1,2,..,n and let
e={(i,))|j = par(i),i,jeN,i # j}. These two represent the sets of distribution network
nodes and lines, respectively. The direct superior node of node j is represented by i.

Figure 1 shows a three-phase line section between bus i and j. The impedance matrix
between nodes i and j in Equation (1) follows the standard Carson-formula-based three-
phase line model and Kron's reduction procedure for distribution system analysis [31]; this
formulation is directly adopted from the established power engineering literature and is
not a contribution of this paper.

ij ij ij
Zaa—n  Zop-n  ZLacn
L = 1 7 1
[Z”] o Zbafn befn Zbcfn @
g 1 1
Zcu—n Zcb—n ch—n

At time t, for any node ieN, the power balance constraint of the three-phase power
flow equation is as follows:
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where ¢, = a,b,c represents the three-phase model; ngt,inj , Qf;inj and V;Yt represent
the net active power and reactive power injected by node i in the ¢ phase and the volt-
age amplitude of node i; Vﬁt represents the amplitude of the 7y phase voltage at node j;
65} represents the phase angle difference between the ¢ phase at node i and the - phase at
node j; G? and Bgn represent the element corresponding to the ¢ phase at node i and the
7 phase at node j in the node admittance matrix.

I";;i Zaa
Z ac

Vg i o Zbb

Vi Zee
. Zin

V' ! . Lo

Figure 1. Three-phase line section model.

The traditional Newton-Raphson, forward-backward substitution method requires
continuous iterative updates of the Jacobian matrix and LU decomposition when solving
the model. This can result in extremely high time costs because of thousands of exploration
episodes in reinforcement learning. Teng [32] proposed a power flow solution method based
on the DLF matrix for single-phase radial distribution networks, and Equations (1)-(4)
extend this single-phase DLF formulation to the three-phase unbalanced case adopted in
this paper, in conjunction with the Carson-formula-based three-phase impedance model
and Kron’s reduction [31]. Based on the topological characteristics of the distribution
network, two matrices, BIBC and BCBYV, are constructed. Among them, the BIBC matrix
represents the relationship between the injected current and the branch current. BIBC is
only related to the topological relationship between nodes. The BCBV matrix represents the
relationship between the branch current and the bus voltage. It is only related to the line
impedance matrix. Thus, these two matrices do not need to be updated in each iteration.

The matrix obtained by multiplying BIBC and BCBV is called the DLF matrix. The re-
lationship between the injected current and voltage can be expressed as:

[AV] = [BCBV][BIBC][I]
= [DLF[I]
©)
[B] = [BIBC][I]
[AV] = [BCBV][B]

The three-phase power flow solution based on the DLF matrix is shown in formula 4.
The power flow calculation is transformed into pure linear algebraic multiplication. It does
not need LU decomposition, and computational complexity is greatly reduced, providing a
highly accurate and efficient interactive environment for the following reinforcement learning.
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=) o) = (P51

{Avk-i-l} — [DLP} Ik 4)

vt = v faver

where Vik and I lk represent the bus voltage and equivalent current injection of bus i at the
k-th iteration, respectively; I” and I! represent the real and imaginary parts of the equivalent
current injection of bus i at the k-th iteration, respectively.

2.2. Controllable Volt/Var Devices” Model

Aiming at volt/var control in three-phase distribution network, this paper focuses on
continuous equipment, which mainly includes distributed photovoltaic (PV) and static var
generator (SVG). Their output is constrained by the capacity of the equipment and its own
output capability:

1. Distributed photovoltaic
PV has both active and reactive power regulation capabilities. This paper considers
not reducing the active power output of PV to ensure the complete absorption. The re-
active power capacity is adjusted through power factor to provide reactive support
for the three-phase system. The model of PV is as follows:

|Qpv i| < Ppy | tan ¢ )
| tan ¢| < tan(arccos(0.95))

where tan¢ represents the minimum power factor of PV.
2. Static var generator

Unlike conventional SVG models that regulate a single three-phase-aggregated reac-
tive power output [9], to enhance the controllability against three-phase asymmetric
load disturbances, we model SVGs with phase-independent reactive power injection
capability. It allows independent dispatch of Q°, Q?, and Q° for each device, enabling
fine-grained mitigation of voltage unbalance caused by single-phase distributed en-
ergy resources and asymmetric loads. This per-phase decoupled control structure is
illustrated conceptually in Figure 1, where each phase conductor of the SVG branch
(terminals A, B, C) can be regulated independently subject to the impedance coupling
described in Equation (1), in contrast to a conventional SVG that injects a balanced
three-phase reactive power command.

QfVG,min < QZ%SVG < QISVG,max (6)
where Q77 and Q7V“™™ represent the upper and lower bounds of the reactive
power compensation for each phase of SVG connected to node i.

It should be clarified that the device-level constraints in Equations (5) and (6) (capacity
envelope of PV inverters and the reactive power bounds of SVGs) follow standard models
widely adopted in the VVC literature [9,10]. The novel component proposed in this paper
is the phase-independent reactive power dispatch of SVGs described below, which is
specifically designed to address the three-phase voltage unbalance problem rather than
only the conventional positive-sequence voltage regulation considered in most existing
single-phase-equivalent VVC formulations.
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2.3. Volt/Var Control Model of Three-Phase Distribution Network

Unbalanced distribution of single-phase loads in the distribution network leads to
unbalanced three-phase voltages. This may result in increased operating losses, reduced
efficiency, and operational limitations. It may even cause damage to electrical components,
leading to fault of distribution network. The integration of RES further exacerbates this
problem. Experts have proposed the concept of voltage unbalance factor(VUF) to measure
effects of negative sequence components on the distribution network:

VUF = % % 100
v EVH +aVl +a2ve
i

)
Ve 4+ a2Vl 4 g Ve

N
|
GIN = Q=

QR
I
3

where V; and V;, represent the positive- and negative-sequence components of voltage.
To prevent severe local unbalance issues, a volt/var control model based on min-
max objective function is proposed to minimize the worst-case VUF over the entire daily
dispatch horizon:
{ min Fop; = max;e7 (max;en VUF; ) ®)
s.t (5) — (6)

where F(obj) represents the objective function value of the optimization; T is the set of all
time steps for the daily scheduling period; VUF i, t) indicates the voltage imbalance degree
of node i at time ¢.

3. Trust-Region Based DRL Model for Coordinated Reactive
Power Control

Deep reinforcement learning(DRL) adopts a combination of offline training and online
operation. During the training episode, it extensively learns the state-action mapping
strategy, enabling rapid response in online decision-making. Moreover, DRL also exhibits
strong generalization capabilities. Therefore, it has been widely applied in volt/var control.

3.1. MDP Formulation for Unbalanced Three-Phase Distribution System

This paper uses the Markov Decision Process (MDP) to construct the training model
for unbalanced voltage mitigation in the distribution network [33]. The dispatch center
acts as Agent and the distribution network system serves as Environment. MDP can be
described by the tuple (S, A, P, R, v):

1.  State Space (S)

S represents the current operating status of the power grid. In this paper, it mainly
includes: voltage unbalance factor, voltage amplitude at each node, active and reactive
power of load, PV and SVG at each node: The state vector is designed to provide
the agent with full observability of the quantities that directly determine both the
optimization objective and the safety constraints: the VUF and per-phase voltage
magnitudes allow the agent to directly perceive the unbalance level and any constraint
violation risk at each node, while the active/reactive power of loads, PV, and SVG
provide the operating-point information needed to infer the sensitivity of voltage to
each control action, given the high inter-phase coupling discussed in Section 2.1.

s = (Vur vipt!, ol p

PV ~¢,PV ~¢,SVG
A =ittt

IRAE TRt

©)
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where s;; represents the state of node i at time .

Action Space (A)

A represents the control measures that agent can take in the current state. In this
paper, it mainly includes reactive power of PV inverters and SVGs:

n
PV _ o,PV
a/‘,t - U it
i=1

" (10)
SVG _ #SVG
a4y~ = U Qi,t

i=1

SVG
It
each phase of PV and SVG. The action space is restricted to continuous reactive power

where 1113}/ and a2}, respectively, represent the reactive power output action sets for
references of PV and SVG, as these devices can respond within seconds and are there-
fore directly compatible with the millisecond-to-minute control timescale targeted in
this paper; discrete and slow-response devices such as OLTCs are outside the scope of
the action space and are assumed to operate independently at a slower timescale.
Transition Probability (P)

P represents the physical law that, after performing action a;, the probability of envi-
ronment transferring to the next state s, 1). In the power system, the state at  + 1 is
obtained mainly by solving the equation of the power flow of the power grid. This
paper does not need to obtain an explicit state transition probability matrix. Instead,
it implicitly learns through the interaction between the power grid simulation envi-
ronment and the agent. This model-free treatment of P is precisely what distinguishes
the proposed framework from the traditional mathematical optimization methods dis-
cussed in Section 1: the policy network is updated using only the sampled transitions
(st,at,1¢, ¢, 5¢+1) generated by the DLF-based environment (Section 2.1), without ever
requiring P in closed form. This property carries over unchanged when the MDP is
extended to the CMDP in Section 4, where the same transition dynamics additionally
generate the cost signals C, and Cyr used to estimate the cost value functions in
Equations (20) and (21).

Reward Function (R)

Agent learns the optimal policy by maximizing the cumulative reward over the
entire dispatch horizon. To align with the optimization objective of minimizing the
maximum intra-day global voltage unbalance, the min-max objective is transformed
into an immediate reward function at each time step t. Accordingly, the immediate
reward r; is designed as the negative value of the worst (maximum) voltage unbalance
factor in the current network, expressed as follows:

= — VUEF; 11
Tt Tlrelf/l\}( it (11)

Discount Factor (7y)

The discount factor is used to measure the conversion ratio of future rewards in
the present. This paper takes 0.99 to encourage the intelligent agents to balance the
voltage optimization at the current moment and the regulation potential in future
periods.

3.2. Trust Region Construction via Clipping Mechanism

Reinforcement learning typically employs the policy gradient method, where the net-

work parameters 6§ are updated by maximizing objective function J(#) = E[log rrg(a|s) A].
The Performance Difference Lemma assumes that the state distribution of the old policy
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can be used to evaluate the new policy. However, since three-phase distribution network is
high nonlinear and has strong interconnection between phases, when the reactive power
control policy undergoes significant changes, the complex power flow can cause huge
changes in the system voltage distribution. It will cause a huge high-order error between
the approximate evaluation target and the actual grid control performance. If blindly maxi-
mizing the advantage function via policy gradient method with an overly large step size, it
often causes a local policy collapse. And it will trigger instantaneous voltage violations
and deterioration of VUF.

Therefore, in the strategy optimization phase of MDP, this paper introduces a safety
mechanism. This paper constructs trust region to restrict the mutation in the mapping from
the state space S to the action space A. It constrains the differences between the behavioral
(old) and target (new) policies. It strictly limits the update of volt/var control within
the safety neighborhood, effectively suppressing the high-order approximation errors
caused by the deviation of state distribution, and ensuring that the strategy performance
monotonically improvement, which also guarantees the voltage stability of the three-phase
power grid during the optimization process.

79,4 (at]st) (12)
LCLIP(g) = &, [min(rt(G)At,clip(rt(Q), 1—¢1+ G)At)]

rt(9) =

where r;(6) represents the ratio of the old and new strategies; Ay represents the advantage
function; clip() represents the clip function; € represents the maximum percentage change
allowed by the new strategy relative to the old one, usually taken as 0.2.

The traditional algorithm uses the KL Divergence to accurately measure the distance
between the old and new strategies to construct the trust region, which causes heavy
computational burden. The core concept of the Clip mechanism is to construct an implicit
“Algorithmic Trust Region” in the strategy space by limiting the ratio of the old and new
strategies. When a certain action brings a positive advantage (A’ > 0), the clip function
prevents its probability from being unboundedly increased and avoiding overfitting to
a single batch of experiences. Conversely, when Al < 0, it limits the quick decrease
in the action’s probability, thereby maintaining the exploration potential of the strategy.
The first-order clip operation not only prevents huge single-step strategy update, but also
avoids the complex FIM matrix calculation. The Clip mechanism perfectly inherits the
“anti-collapse” feature of KL divergence while achieving a reduction in computational
complexity, as illustrated in Figure 2.

(a) Computational Time vs. Network Size © (b) Breakdown of Computational Overhead

—— KL Divergence B KL Divergence

) e

3

~ON3~2)

3

Eliminated FIM
Inversion

High Complexity,

3

g

O(N)

Linear Scaling

Computation Time per Update Step (ms)
Relative Computational Cost (FLOPs)
. N .

Forward Pass Advantage Gradient/FIM  Constraint / Clip
Estimation Calculation Enforcement

10’ 10* 10° 10
Number of Neural Network Parameters (N)

Figure 2. Computational superiority of clip mechanism over KL-divergence.
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Meanwhile, r;(6) in the Clip mechanism allows us to conduct multiple epochs of
optimization on the same collected rollout before the next round of interaction with the
environment. Once the update of the grid control strategy (such as reactive power output,
node voltage, etc.) approaches the boundary of the trust region, the Clip mechanism will
quickly truncate the gradient to zero. This significantly improves the sample utilization rate
of the algorithm and enables the rapid and stable convergence of the grid control strategy.

4. Trust Region Safe Reinforcement Learning Considering
Operational Constraints

For reactive power and voltage control in distribution networks, conventional deep
reinforcement learning (DRL) faces the dual challenges of insufficient safety guarantees
and low convergence efficiency due to its excessive reliance on random exploration. On the
one hand, while the action space of DRL is unconstrained, power system operations are
subject to many constraints. Although penalty function methods can restrict actions, they
are highly sensitive to the tuning of penalty coefficients. In pursuit of economic objectives
such as minimizing three-phase unbalance, the exploration process easily triggers action
violations, resulting in voltage limit violations. On the other hand, power systems are
high-dimensional, complex, and highly sensitive large-scale systems. In the initial stage
of training, the agent lacks prior knowledge of environmental dynamics, making it prone
to generating extreme actions that can cause severe voltage violations or even system
collapse. Therefore, this paper proposes a trust-region safe reinforcement learning method
considering operational constraints. By incorporating the Constrained Markov Decision
Process (CMDP) and leveraging network topology matrix priors to achieve safe exploration,
the proposed method ensures safe system operation while accelerating convergence.

4.1. Constrained Markov Decision Process Considering Power Grid Safety Boundaries

To improve control policy safety, this section transforms distribution network oper-
ational constraints into a constrained optimization problem within the RL framework,
extending the standard MDP to a Constrained Markov Decision Process (CMDP).

CMDP can be represented by an extended 7-tuple: (S, A, P,R,C,v,d). The safety
boundaries are jointly defined by the newly introduced cost function C and the constraint
threshold d. Specifically, while maximizing the cumulative reward, the agent must satisfy
the expected cumulative cost constraint E [ZLO ’tht} < d.. In this paper, the cost term C
describes the operational constraints of the power system, which specifically fall into the
following two categories:

1.  Bus voltage safety constraints:

lv—1.05+0.05, v>1.05
Co =) {[0.95—0|+0.05 v<095 (13)

0, otherwise

2. Voltage unbalance factor (VUF) safety constraints:

Cyur = )_ max(0, VUF; — 0.03) (14)
i€E

Note that these constraints involve state evolution, which are difficult to restrict
directly using simple rules. Thus, cost function is used to guide the learning process
considering these constraints. While the reactive power constraints of PVs and SVGs
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belong to action-space constraints. They can be directly and strictly satisfied via the
activation function mapping in the Actor network.

Consequently, the Volt/Var Control model considering grid safety boundaries can be
formulated as follows:

max Jr(7) = LT (6)

st Jo, (1) = Eenn | Y 7' Co(star) | < do
Fr? (15)
]CVUF(T[) - IE’L’NTL’ Z ,)/tCVUF(St/ ﬂt) S dVUP
t=0

where Jr(77) represents the expected cumulative reward of policy 7, Jc(77) represents the
expected cumulative cost corresponding to the cost function, which accounts for the bus
voltage safety constraints and the three-phase VUF safety constraints; d represents the
safety threshold for each constraint.

4.2. Clipped Trust-Region-Constrained Optimization with Lagrange Multipliers

Since the objective of CMDP contains operational constraints, direct solution through
policy gradient approaches often suffers from local optimal or training divergence. There-
fore, this section introduces the Langrange multiplier A to integrate safety into the entire
process of policy optimization (PPO-Lag), achieving non-decoupled safe reinforcement
learning. By employing the primal-dual method, Equation (17) is transformed into a bi-
level optimization problem. A dynamic balance between safety and economic efficiency is
then achieved through updating process between the policy network and the dual variable:

L(m,A) = Jr(7) = AJe, (7r) — d) (16)
maxminL (7, A) = LEHP(0) = Y Ak (Je, (77) — di) (17)

The Lagrange multiplier is updated as follows:
Ak (—maX(O,)\k-i-tX/\(]Ck(ﬂ’) —dk)) (18)

When the action approaches or crosses the trust region boundary, increase Ay to en-
hance the penalty weight. If the action is within the trust region, Ax decreases to release the
optimization space of the policy. According to the KKT complementary slackness condi-
tion, when reaching the saddle point (77%, A*), the equation Af(Jc, (77*) — di) = 0 must be
satisfied. Therefore, when achieving Pareto optimality, the policy 77* can strictly satisfy the
constraint conditions corresponding to the cost function in the CMDP, and simultaneously
maximize the cumulative reward.

Figure 3 illustrates how the clipping mechanism prevents constraint-driven policy
oscillation. The plane is divided by the constraint boundary J. —d = 0 into a feasible
region (J. —d < 0, left) and an infeasible region (J. —d > 0, right); the optimal point (red
star) lies inside the feasible region close to the boundary. The dashed orange trajectory
shows the clipped update path: starting from the initial point, each step k = 1,2, ... moves
the policy parameter 6 by A0 = Clip{a - Vy[Jr — A(Jc — d)], L€}, so that even when the
unconstrained gradient direction would push the policy across the boundary (steps k = 4,5
in Figure 3), the clip operation truncates the step size and pulls the trajectory back (k = 6:
step-back), allowing it to converge smoothly to the optimum by step k = 8. In contrast,
the dashed purple trajectory shows the same update rule without clipping, A8 = a - VgJr
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(with A = 0 before any violation is detected): once the trajectory overshoots into the
infeasible region (step k = 5: overshoot), the dual variable A increases sharply (A > 1,
step k = 6: rebound), producing an oversized corrective gradient that causes the policy to
diverge (step k = 7: diverge) rather than settle near the optimum. This contrast visualizes
why the clipping mechanism introduced in Section 3.2 is necessary for the Lagrangian dual
update in Equation (18) to converge stably.

J—d=0
1
. . i A L.
Feasible region \  Infeasible region
I
S J.—d=0 I J.—d=0
Clipping k=7: diverge :
— 1 AG=aV|Jp—A(Jc—d)] i==1
—— I
— - o ——— -
Without » ___‘—TI————___ =
Clipping I —_——wrebound
| o
k=5: _______—f-lf”"__
oversl] 108 - |
Initial ___"-——-___________ : k=4
point k=8 k=6: swp-br:}i‘?’f":—;‘, cross
=7 =
A6=aWlr (=0) j=2 ___--3=§ _ | k=5
* k=1 - = =1 ! CFOSS
Optimunm _ == k=2 k=3 :
point O =1 - .
. I
A6=a-vlr (4=0) | A6=Cllip {a- B[ T~ M(JI— d)] =
(P
(1

Figure 3. Policy trajectories crossing the constraint boundary, with and without clipping.

Nevertheless, under severe violations of safety constraints (such as severe voltage
deviations), the dual variable A escalates sharply. The resulting volatile updates often
trigger severe oscillations in policy gradients, known as gradient spikes. To mitigate this,
the clipping mechanism introduced in Section 3.2 constrains the relative magnitude of
policy updates within [1 — €,1 + €] through r¢(0). As a result, the Lagrange multiplier
dictates the update direction, whereas the clipping mechanism ensures a conservative
step size. Their cooperation successfully unifies high-sensitivity constraint response with
high-stability policy evolution.

4.3. Framework of Trust-Region SDRL Considering Operational Constraints

Framework of trust-region SDRL considering operational constraints(PPO-Lag) is
shown in Figure 4. The reinforcement learning framework comprises three core modules:
the Environment, the Rollout Buffer, and the Safe Agent.

Environment is responsible for simulating the operating states of the three-phase
distribution network. Based on the current state s; and action 4;, it executes the simulation
and returns the immediate reward r;; 1, the immediate constraint cost c;11, and the next
state sy 1.

Rollout Buffer is responsible for storing data generated from the interactions between
Safe Agent and Environment. Before policy update, it utilizes the collected data to compute
the residuals 6F and 6¢ via the single-step Temporal difference (TD) error estimation
method. Subsequently, the advantage functions AR and A¢ are derived through generalized
advantage estimation (GAE). Finally, the reward return target VX and the cost return target
VE are reconstructed.

The data flow among the three modules in Figure 4 proceeds as follows. First, the Safe
Agent’s policy network 7y samples an action a; from the current state s; and sends it to
the Environment (top arrow). The Environment executes this action on the three-phase
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DLF-based power flow model and returns the tuple (s;11,7141,¢t41) to the Rollout Buffer
(left arrow), where it is stored together with the value estimates V) (s¢), Vy(s441) and
Vi (st), Vy(si41) queried from the current Reward Critic and Cost Critic networks. Once a
full episode of T time steps has been collected, the Rollout Buffer computes the TD residuals
and GAE-based advantages AR, A¢ for every stored transition, and passes mini-batches
of (s¢,at, A{{, Atc, VR, Vtc) to the Safe Agent (right arrow) for network updates. Inside the
Safe Agent, the same mini-batch is used in parallel to update the three networks: the Actor
Loss (Equation (19)) updates the policy network 6 using AR, AS, and the current Lagrange
multiplier A; the Reward Loss (Equation (20)) updates the Reward Critic u towards V}%;
and the Cost Loss (Equation (21)) updates the Cost Critic ¢ towards VtC. The Lagrange
multiplier A is updated separately via Equation (18) using the cost return estimated by
the Cost Critic, and is fed back into the Actor Loss for the next iteration, closing the safety
feedback loop described in Section 4.2. This cycle (sampling, storage, advantage estimation,
and the three coupled network updates) repeats until the policy converges, as detailed
in Algorithm 1.

<———  Action Sampling |
-+ EnvironmentFeedback}
-—
-

Environment
Training data }
Reward Critic Update |
Cost Critic Update J

-
e

B\ R,

P A< e
g - !
a2 2
Sl Sps [T+ [, Cri ] > 1

a |
A:l' lout el Actor Network
Buffer ~L_ Sampling = -t————— Parameter: ¢
i o o o

T
Input:

SolySer, Vet Cot ] e UV, SRt
T 4 Actor Loss:

V59, Vilsr) Ay N L}zcw(ﬂ)ﬂllccm(ﬂ)/
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(/

+<\’

PPO-Lag
Agent

Mini Batch

Reward Critic Cost Critic
R, Reward Loss: ©
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Calculating:
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Figure 4. Framework of PPO-Lag.

Safe Agent serves as the core of the algorithm. It retrieves minibach data from Rollout
Buffer to guide the updates of the networks. It employs a multi-network coupled Actor-
Critic architecture, achieving policy optimization subject to safety constraints through
decoupled evaluation. It contains one policy network and two independent value evalua-
tion networks:

1.  Policy network (parameterized by 8). Based on the current state s;, the policy network
outputs a probability distribution over the action space 7. Then the action a; is obtained
through a sampling process. Considering safety constraints, the update of the Actor
network is transformed into an unconstrained lagrangian dual optimization problem:

maxL(6,) = E; [LC“P (6) — ALg“P(e)] (19)

2. Reward Critic Network (parameterized by ). Based on the state s;, the reward critic
network outputs the expected long-term cumulative discounted reward V), to evaluate
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the long-term benefits of the current control policy in reducing voltage unbalance.
The loss function for the network is updated by:

y (VH st) VtR)Z (20)

|B| =
where B represents a randomly sampled mini-batch, and «;, represents the learning
rate for the network update.

3. Cost Critic Network (parameterized by ¢). Based on the state s;, the cost critic
network outputs the expected long-term cumulative discounted cost V,, to evaluate the
potential risk of three-phase voltage limit violations over future time steps. The loss
function for the network is updated by:

Z(vq, st) )2 1)
€B

Algorithm 1 Training procedure of the proposed PPO-Lag algorithm

1: Initialize policy network 71y, reward critic V), cost critic V,,, Lagrange multipliers
/\k +~0
2: forepisode =1,2,..., Nep do
3 Reset the three-phase DLF environment to the initial state sg
4 fort=0,1,...,T—1do
5: Sample action a; ~ 7y (-|s¢) (reactive power references for PV and SVG)
6 Apply a; to the DLF-based three-phase power flow model, obtain s;,1, reward
r¢ (Equation (11)), and costs Cy, Cyyr (Equations (13) and (14))
7: Store (st, at, ¢, Cy, Cyyr, St41) in the rollout buffer
8: end for
9: Compute TD residuals 68, 5 and advantages AR, A¢ via GAE
10: forepoch=1,...,Kdo

11: Update 6 by maximizing L(6, A) in Equation (19)
12 Update y by minimizing LR (1) in Equation (20)

13: Update ¢ by minimizing L¢(¢) in Equation (21)
14: end for

15:  Update Ay < max(0, Ax + a) (Jc, (71) —di)) for k € {v, VUF} (Equation (18))
16: end for
17: return Trained policy network 7ty for online deployment

4.4. Training Procedure

The overall offline training procedure of the proposed PPO-Lag algorithm is sum-
marized in Algorithm 1. At each training step, the agent interacts with the three-phase
DLF-based environment to collect trajectories, which are used to estimate the reward and
cost advantages via GAE, and subsequently to update the policy network, the two critic
networks, and the Lagrange multiplier Ay in turn. This loop is repeated until the policy
converges, after which the trained policy network is deployed for online inference without
further updates, enabling millisecond-level decision-making.

5. Case Study
5.1. Case Setting

This paper conducts a case study on a standard IEEE123-node three-phase unbalanced
system. The system parameters can be found in [30]. PV and SVGs are installed at selected
nodes, as shown in Figure 5. All PVs are connected in single-phase and SVGs are connected
in three phases with independent per-phase controllability. The detailed configuration
parameters are shown in Table 1. Typical residential load and PV generation profiles are
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derived from the open dataset provided by the National Renewable Energy Laboratory
(NREL) through standardization processing. The profiles are then scaled according to load
and PV capacity of the test system, with £10% random noise capture uncertainty. Then
24-h photovoltaic and load data is achieved.

The SVG installation nodes (48, 74, 76, 82, and 113) are selected based on two principles:
proximity to the ends of long feeder laterals, where voltage support is typically weakest
and most needed, and proximity to nodes with single-phase PV interconnection, allowing
the SVGs to provide localized, phase-independent compensation directly at the source
of the three-phase unbalance introduced by the PV units. The listed capacity (500 kvar)
represents the single-phase capacity of each independently controllable phase.

It should be clarified that, as shown in Table 1, all PV units are connected in single-
phase configuration, while SVGs are connected in three-phase configuration. The capacity
values listed for PV in Table 1 (e.g., 600 kW at Node 49, Phase C) therefore represent the
single-phase installed capacity.

Table 1. Configuration parameters of PV units and SVG devices.

Type Capacity Node Phase
600 kW 49 C
600 kW 63 C
PV 800 kW 75 C
600 kW 114 A
SVG 500 kvar 48,74,76,82,113 ABC

Note: A, B, and C denote the three phases of the distribution network; ABC indicates that the device is connected
to all three phases independently.
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Figure 5. Modified IEEE 123 system.
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5.2. Performance in Algorithm Convergence and Collaborative Mechanism
5.2.1. Hyperparameter Settings

The hyperparameter settings used for training the proposed PPO-Lag algorithm,
implemented based on the OmniSafe framework, are summarized in Table 2. The clip pa-
rameter € = 0.2 follows common practice in the PPO literature and is retained here without
retuning, since Section 5.2.2 shows it already yields stable convergence. The discount factor
v = 0.99 is chosen to be close to 1 so that the agent accounts for the cumulative effect
of its reactive power decisions on the VUF trajectory over the full 24 h dispatch horizon,
rather than optimizing greedily at each time step. The dual learning rate «, is set an order
of magnitude larger than the policy/critic learning rates by design, so that the Lagrange
multiplier can respond promptly once a constraint violation is detected, while the clipping
mechanism discussed in Section 3.2 simultaneously bounds the resulting policy update
step within [1 —€,1 + €.

Table 2. Hyperparameter settings of the proposed PPO-Lag algorithm.

Hyperparameter Value
Policy network learning rate ay 3x107*
Critic network learning rate a;, a, 3x107*
Dual (Lagrange multiplier) learning rate a 0.035
Clip parameter € 0.2
Target KL divergence 0.05
Discount factor y 0.99
GAE parameter Agar 0.95

MLP, 2 hidden layers x 64 units,

Policy/critic network architecture tanh activation

Mini-batch size 64
Epochs per update K 10
Training episodes N 4000
Voltage safety threshold d, 0.05 (Equation (13))
VUF safety threshold dyr 0.03 (Equation (14))

5.2.2. Algorithm Convergence

This paper trains the algorithm for 4000 episodes. Reward convergence curve is
presented in Figure 6. It shows that the reward increases steadily in the training process
under the conservative update of the clip mechanism. Meanwhile, due to the interaction
between the constraint penalty gradient provided by the Lagrange multiplier and the
reward gradient, the policy oscillates within a small range near the constraint boundary
during the training.

https:/ /doi.org/10.3390/en19133071


https://doi.org/10.3390/en19133071

Energies 2026, 19, 3071

17 of 24

Rescaled Reward

—100

+28.3
(+35.60%

500

1000 1500 2000 2500 3000 3500 4000
Episode

Figure 6. Reward convergence curve of PPO-Lag.

5.2.3. Verification of Collaborative Mechanism
To verify the collaborative mechanism of the clipping mechanism and the Lagrange

multiplier in PPO-Lag, TRPO-Lag is additionally trained under identical settings for com-
parison. The training process of both algorithms are compared in Figure 7.
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Figure 7. Comparison of training process between PPO-Lag and TRPO-Lag: (a) Lagrange multiplier
A trajectory; (b) Voltage violation cost trajectory.

As shown in Figure 7, the Ay of TRPO-Lag reaches a peak value of 4.72 and continues
to oscillate until around episode 3500, with the mean voltage violation cost remaining at
0.054 in the final training stage. TRPO-Lag’s constraint isn’t always satisfied during the
training process. In contrast, the clipping mechanism in PPO-Lag effectively suppresses
the accumulation rate of the dual variable, limiting A peak to 2.39. Then it decreases and
converges to zero around episode 1000. Since then, the voltage violation cost of PPO-Lag
remains zero, satisfying the KKT complementary slackness condition and confirming that
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the policy strictly satisfies the voltage constraints. Results demonstrate that the collaborative
mechanism of the clipping mechanism and Lagrange multiplier transforms the oscillatory
dual trajectory into a smooth convergence process, achieving constraint satisfaction which
TRPO-Lag fails to reach.

5.3. Control Performance Comparison

A typical day is selected for the case study. The voltage heatmap of the system without
any reactive power control is presented in Figure 8, where blue indicates v < 0.95 and
pink indicates v > 1.05. To make the safe operating band directly readable from the
heatmap itself, the color bar is labeled with its unit (Voltage, p.u.), the horizontal axis is
labeled “Hour” with hourly tick marks (H01-H24. The 0.95 p.u. and 1.05 p.u. thresholds
referenced in the caption above are marked with dashed reference lines on the color bar,
so that violations of either limit can be identified visually without relying solely on the
caption text.
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Figure 8. Voltage heatmap of the system without VVC.

It shows that the system experiences severe voltage violation issues during the typical
day. During the peak PV generation period (approximately 09:00-15:00), large-scale reverse
power flow causes huge voltage rise at nodes near PV. During the peak load periods,
insufficient reactive power support leads to voltage drops below 0.95 at nodes located at the
end of feeders. Also different phases of the same node exhibit distinctly different voltage
profiles at the same time. This is caused by the three-phase imbalance introduced by PV
connections, which causes the three phases of the same node to experience fundamentally
different voltage conditions. These observations indicate that in three-phase unbalanced
distribution networks, voltage violations and three-phase imbalance are mutually coupled.
It is necessary to coordinate reactive power resources to simultaneously satisfy voltage
constraints and reduce VUF.

5.3.1. VVC Results

Taking 24 time steps as the optimization target, VVC is performed with the objective
of minimizing the maximum VUF during the day, subject to voltage constraints. A 24 h
VUF comparison is shown in Figure 9.
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Figure 9. 24-Hour VUF comparison.

As shown in Figure 9, three-phase power imbalance reaches its peak at noon when
PV generation is at its maximum. Both the 24 h maximum VUF and mean VUF show a
single-peak daily pattern which occurs around noon. When voltage constraint pressure
is moderate, VUF after VVC approaches the no-control baseline, demonstrating that the
policy effectively optimizes the VUF of the network. During the high PV generation period,
both the maximum and mean VUF of the system after VVC exceed the no-control baseline.
The gap between the two is slightly larger than that in the no-control case. This is because
when system faces voltage violations, Ay increases, making the policy to prioritize voltage
constraint satisfaction at the expense of VUF optimization.

The 24 h reactive power output profiles of the PVs and SVGs are presented in Figure 10.
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Figure 10. 24 h reactive power output.

As shown in Figure 10, PV inverters perform differentiated reactive power compensa-
tion during the peak PV generation period based on the voltage operating conditions. PV1
and PV2 mainly inject capacitive reactive power, while PV3 and PV4 inject inductive reac-
tive power. The SVGs exhibit independent per-phase reactive compensation. Taking SVG3
as an example, the reactive power output of phases A, B and C differs significantly in both
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magnitude and direction. Each phase of the SVGs independently performs reactive power
compensation, improving three-phase unbalance through coordinated per-phase control.

5.3.2. Comparative Analysis of Algorithms

To verify the superiority of the proposed algorithm in VVC for three-phase unbal-
anced distribution network, this section compares it against five benchmark schemes:
no-VVC baseline, DE global optimization, A2C, PPO, and PPO-Pen(fixed penalty coef-
ficient). Among these, the no-VVC baseline reflects the natural operating state of the
system without any control intervention. The comparative analysis is conducted from two
perspectives: training characteristics and control performance.

1.  Convergence characteristics

The reward convergence curves of the four reinforcement learning algorithms are
presented in Figure 11.
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Figure 11. Reward convergence curves of compared algorithms.

A2C employs pure policy gradient updates without any trust region restriction, result-
ing in the most severe reward oscillations and the highest variance throughout training,
making stable convergence difficult to achieve. PPO introduces the clipping mechanism to
establish a trust region, achieving noticeably faster convergence and a higher final reward
level than A2C under the same unconstrained setting. It shows that the conservative
step-size introduced by trust region effectively enhances training stability. PPO-Pen and
PPO-Lag inherit the same clipping mechanism, exhibiting reward oscillation amplitudes
comparable to PPO and substantially lower than A2C, further confirming that the trust
region improves the stability of policy updates.

2. Control performance

Using the same reactive power and voltage control model with minimizing VUF as
the objective and node voltage as constraints, the control performance of all algorithms in
VVC is summarized in Table 3.
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Table 3. Comprehensive performance comparison of all algorithms.
Computation Time (s)
Algorithm omp : Voltage Max VUF (%)
Training Testing Violations

No VVC — 232 1.5523

DE 16,506 0 1.9357

A2C 4483 0.031 384 0.9533

PPO 5155 0.045 432 0.8277
PPO-Pen 5523 0.033 167 1.5947
PPO-Lag 5024 0.021 0 1.9502

Regarding VUF mitigation, the maximum VUF of all algorithms except A2C and PPO—
which do not account for voltage constraints—is higher than that of the no-VVC baseline.
As shown in Figure 12, the elevated VUF is an inevitable consequence of enforcing voltage
safety constraints. It should be noted that the Max VUF of PPO-Lag (1.9502%) remains
below the 3% safety threshold dyr defined in (14), and therefore strictly satisfies the
CMDP constraint. According to the NEMA MGI1 derating criterion discussed in Section 1,
a VUF below 3% only requires a fully loaded motor to be derated to approximately 90%
of its rated capacity, which is well within the range that can be safely mitigated through
derating rather than posing an imminent overheating risk.

Regarding voltage violations, only PPO-Lag and DE reduce the 24-h count of voltage
violation to zero, satisfying the system safety requirements. PPO-Pen compresses the
violation count to only 167, but due to insufficient response of the fixed penalty function,
the policy cannot be effectively redirected toward the feasible region. Although marginal
improvement is achieved within the limited number of training episodes, the safety re-
quirements can not be satisfied.

Regarding computational efficiency, DE requires 16,506 s to finish 24-h optimization.
Although PPO-Lag requires 5024 s for training, the actual inference time after training
completion is only 0.021 s, representing a substantial improvement in computational
efficiency over DE and enabling real-time online deployment.

Thus, PPO-Lag achieves balance between voltage constraint satisfaction and computa-
tional real-time performance.

2,00 4

175 4

Max VUF (%)

$
Hour

Figure 12. Profile of 24 h maximum VUE.

6. Conclusions

This paper proposes a trust-region safe reinforcement learning method for volt/var
control in three-phase unbalanced distribution networks. By reformulating the three-phase
VVC problem as an MDP based on the DLF matrix, the proposed framework overcomes
the computational bottleneck of traditional nonlinear power flow methods. The clipping
mechanism constructs an implicit trust region that constrains policy updates within a
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conservative step size, while the adaptive Lagrange multiplier dynamically responds to
voltage constraint violations through dual ascent. Their cooperative action transforms the
oscillatory dual trajectory into a smooth convergence process, reducing the Ay peak from
4.72 to 2.39 compared with TRPO-Lag and achieving stable constraint satisfaction under
identical training parameters.

Case studies on the IEEE 123-node three-phase unbalanced system demonstrate that
PPO-Lag is the only scheme that simultaneously achieves zero voltage violations and
real-time inference (0.021 s) among all benchmark algorithms. Compared with DE global
optimization, PPO-Lag achieves comparable constraint satisfaction with approximately
786,000 times faster online decision-making, validating the engineering practicability and
superiority of the proposed method for reactive power and voltage control in three-phase
unbalanced distribution networks.
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