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Robust Voltage Control for Active Distribution
Networks via Safe Deep Reinforcement Learning
Against State Perturbations

Meng Tian, Xiaoxu Li, Ziyang Zhu, Zhengcheng Dong, Li Gong, and Jingang Lai

Abstract—With the prevalence of renewable distribut-
ed energy resources (DERSs) such as photovoltaics (PVs),
modern active distribution networks (ADNs) suffer from
voltage deviation and power quality issues. However,
traditional voltage control methods often face a trade-off
between efficiency and effectiveness, and rarely ensure
robust voltage safety under typical state perturbations in
practical distribution grids. In this paper, a robust mod-
el-free voltage regulation approach is proposed which

simultaneously takes security and robustness into account.

In this context, the voltage control problem is formulated
as a constrained Markov decision process (CMDP). A
safety-augmented multi-agent deep deterministic policy
gradient (MADDPG) algorithm is the trained to enable
real-time collaborative optimization of ADNs, aiming to
maintain nodal voltages within safe operational limits
while minimizing total line losses. Moreover, a robust
regulation loss is introduced to ensure reliable perfor-
mance under various state perturbations in practical
voltage controls. The proposed regulation algorithm ef-
fectively balance efficiency, safety, and robustness, and
also demonstrates potential for generalizing these char-
acteristics to other applications. Numerical studies vali-
date the robustness of the proposed method under varying
state perturbations on the IEEE test cases and the optimal
integrated control performance when compared to other
benchmarks.

Index Terms—Active distribution network, robust
voltage control, state perturbation, model-free, safe deep
reinforcement learning.
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1. INTRODUCTION

In recent years, with environmental policies being
implemented worldwide, the penetration of renewa-
ble distributed energy resources (DERSs) in active dis-
tribution networks (ADNs), particularly photovoltaics
(PVs), has been rapidly increasing [1]. However, PV
generation is inherently uncertainty, intermittent, and
unstable [2]-[3], as it is strongly influenced by external
stochastic factors, often resulting in noticeable voltage
fluctuations [4]. In addition, local mismatches between
generation and demand can give rise issues such as
reverse power flow [5] and power quality degradation
[6], which further undermine voltage stability [7] and
limit the system’s ability to accommodate additional PV
capacity [8]. Hence, effective voltage regulation is im-
perative for ensuring reliable ADN operation under high
level of PV integration.

Typical voltage control consists of two main branches:
droop control and stochastic programming of power
flow. Droop control tunes PV inverters’ reactive power
injection or absorption via pre-designed local volt-
age-reactive power curves to regulate nodal voltages in
ADN [9]. However, as a fully distributed method, it is
susceptible to local measurement errors and difficult to
obtain a global optimal solution [10]. Meanwhile, the
manually designed control curves struggle to perform
effectively under dynamic power system conditions
[11]-[12]. Voltage control can be transformed into an
optimal power flow problem with voltage as a con-
straint, which is often formulated as a nonlinear sto-
chastic programming issue by the nature of line power
flow equations. In existing literatures, the optimization
can be solved cither in a centralized manner, such as
mixed-integer second order cone programming [13],
genetic algorithms [14], and interior point methods [15],
or by distributed approaches, such as alternating direc-
tion method of multipliers (ADMM) [16]-[17], dis-
tributed quasi-Newton’s algorithms [18], and distrib-
uted heavy ball algorithms [19]. Notably, the perfor-
mance of these model-based approaches towards volt-
age control is highly correlated with the precise physical
model of ADNs [20]. However, due to the complex
topology and uncertain parameters of real distribution
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networks, accurately simulating the on-site system is
nearly impossible, which in turn compromises the ef-
fectiveness of these algorithms. Moreover, model-based
methods may encounter significant computational bot-
tlenecks when accommodating large numbers of DERs
[21]. As a result, their ability to meet the real-time
control requirements of modern ADN may be com-
promised.

With the growing adoption of artificial intelligence
technologies, advanced control algorithms, particularly
those based on deep reinforcement learning (DRL),
have been applied to a wide range of power system tasks
[22]-[25], partially overcoming the limitations of tra-
ditional voltage control methods. DRL is a fully da-
ta-driven approach uses operational data interacting
with the environment to pre-train decision models,
which can achieve real-time on-the-fly management for
fast-responding voltage regulation devices, such as PV
inverters [26]-[28], static var compensators (SVCs)
[29]-[30], etc. In addition, when the PV penetration in
ADN is extremely high, the multi-agent reinforcement
learning (MARL) methods adopt the di-
vide-and-conquer philosophy, and can circumvent the
dimensional explosion problem caused by centralized
management and considerably reduce the computa-
tional burden of the controller. In order to enhance the
collaboration of agents, MARL-based voltage control
methods tend to utilize the algorithms with centralized
training and decentralized execution (CTDE) frame-
work, such as multi-agent deep Q network (MADQN)
[31], multi-agent deep deterministic policy gradient
(MADDPG) [32]-[35] and multi-agent soft actor-critic
(MASAC) [36]-[37], to achieve a remarkable trade-off
between communication cost and globally optimal de-
cision-making. In general, DRL-based voltage control
methods involve voltage constraints and energy loss as
the objective function for optimization. However, in
pursuing overall optimum, these methods do not always
ensure that voltages remain within safe operating limits
[38], which may pose risks to the safe operation of
ADNs. To address this problem, safe deep reinforce-
ment learning (SDRL) has been widely explored. Ref-
erence [39] formulates the optimal operation problem of
distribution networks as a constrained Markov decision
process (CMDP), utilizing the constrained policy opti-
mization (CPO) algorithm to achieve minimal power
cost while keeping voltages under regulation by coor-
dinating conventional volt-var control (VVC) devices.
An online multi-agent constrained soft actor-critic
(MACSAC) with decentralized control framework is
developed to fulfill VVC against physical model un-
certainty [40], whereas in [41], a model-free constrained
soft actor-critic (CSAC) algorithm is proposed for VVC,
which formulates the voltage violations as constraints
instead of rewards. Reference [42] presents a DRL al-
gorithm associated with a safety module in the medium
resolution of three stages VVC to schedule PV inventers
and energy storage systems (ESSs), which eliminates
voltage deviations throughout the online training phase.

However, the aforementioned methods have slightly
lower ceilings on voltage stability and power loss at-
tenuation comparing to the conventional model-based
ones, and meanwhile they require perturbation-free
observational states to achieve decent performance.

Uncertainty problems are widely pervasive
throughout power systems, such as disturbances in
measured states [43]-[44], nebulous grid parameters
and topologies [45]-[47], and uncertainties of PVs and
loads [48]—[50]. Such indeterminacy significantly de-
grades the reliability and robustness of voltage control,
with state disturbances being the most prominent. The
state perturbation generally refers to misperception of
present voltage or power flow profile across the whole
ADN, typically caused by instrument errors [51], which
significantly affects the decision-making ability of
voltage controllers to coordinate active and reactive
devices. Addressing the impact of these uncertainties on
distribution network optimization strategies, enhancing
algorithm robustness is increasingly becoming a focal
issue in the field of voltage control in distribution net-
works recently [52]. In [53], a robust optimization
method is also introduced to obtain Pareto solutions
under uncertainties, and a multi-objective adaptive
VVC is proposed to address voltage issues in ADNs
with high PV penetration. Reference [54] introduces a
two-stage approach with distributed optimization for
classical voltage control devices and robust optimiza-
tion for PV inverters, employing a non-centralized VVC
algorithm. A universal distributionally robust safety
filter for VVC is developed to use robust optimization
with chance constraints to ensure near-optimal solutions
and constraint satisfaction [55]. Considering bad data in
measurement, reference [56] proposes a robust VVC
approach by combining revissd ADMM and local
feedback control. Nevertheless, the aforementioned
methods primarily leverages the principles of robust
optimization. Although robust optimization is widely
applied to address robust voltage control issues in dis-
tribution networks considering uncertainties, it still
faces the issue of overly conservative optimization
strategies due to its focus on the "worst-case" scenario.
This highlights a new direction for subsequent research.
Among various uncertainties, this paper primarily con-
siders the impact of state perturbations on distribution
network voltage optimization.

This paper proposes a robust multi-agent safe rein-
forcement learning method for voltage regulation of
ADNSs under state perturbations, referred to as robust
safe MADDPG (RS-MADDPG). The main contribu-
tions of this paper are summarized as follows:

1) To ensure the operational safety of ADNSs, the
voltage control problem is modeled as a CMDP, and a
safe MADDPG (S-MADDPG) algorithm is developed
by incorporating techniques such as independent cost
networks and parameter sharing during training. Sig-
nificant improvements are observed in the voltage
safety of ADNs compared with vanilla DRL-based
methods such as MADDPG, highlighting the effec-
tiveness and superiority of the proposed method on
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addressing voltage control challenges in dynamic dis-
tribution network environments.

2) In view of ubiquitous state perturbations encoun-
tered in real-world ADNSs, a novel component, namely,
robust regulation loss, is introduced for SDRL-based
voltage control. This mechanism is designed to balance
safety and robustness in distribution network optimiza-
tion, thereby enhancing practical applicability. Moreo-
ver, this innovation is not only compatible with the
proposed S-MADDPG but also has the potential to
generalize to other MARL-based algorithms for robust
voltage regulation.

The rest of this paper is organized as follows. Section II
describes the formulation of voltage control problem,
while  Section Il  introduces the proposed
RS-MADDPG method. Section IV reports the outcomes
of numerical study, and finally, Section V presents the
overall conclusion.

II. PROBLEM FORMULATION

In ADNSs, each bus is considered as a node, whose set
is denoted as N . Among them, node 0 is the reference
node fed by the transmission network, whose voltage
magnitude and phase angle are defined as 1 p.u. and 0,
respectively. The set of branch lines connected to node

i is indicated as B'(ie N'). Let Ge N denote the set
of nodes equipped with controllable PV inverters. The
objective of voltage control is to minimize the deviation
of the nodal voltage V' from the standard reference
level V.

ref

which is formulated as:

=1.00 p.u., and the energy loss of entire lines,
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and Q,, denote the active power curtail-
ment of PVs and the reactive injection of inverters,
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respectively; |E2|Q,{V(t)| is employed to minimize
the reactive power generation while reducing line loss
to a certain extent [24], and the curtailed power cost
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energy-saving consideration, with «, and «, deter-

mining their weights in the objective function respectively.
Power flow in voltage regulation adheres to equality
constraints derived from the energy conservation of
nodal influx and efflux, as:
By —P =V Y [V'G"~V/(G’cos6” + B'sin6")],
jB )
ieN

O =0, =V'2, [-V'B" +
jeB' (3)
V/(G'sin@” + B cos@”) |.ie N

where V' denotes the voltage on bus i, with ' being
its phase angle, and the difference between phase angles
is written as @’ =0 -6’ ; G’ and B’ respectively
represent the conductance and susceptance on branch
lines connecting i and j; while G’ and B’ respec-
tively represent the conductance and susceptance on
branch lines connecting i and j . Since this paper

mainly focuses on the inverter-based ADN voltage
control problem under high PV penetration, active
power injection and outflow are considered separately

for PVs B, and loads P .

To guarantee the normal operation of ADNs, each bus
voltage in the network should be maintained within the
range of:

095pu.<V'<105pu, ieN 4

In ADNSs, the considered controllable devices com-
prise DERs and reactive compensation devices, whose
roles are to collaborate to satisfy constraints on the bus
voltage. In practice, the grid is supposed to meet the
demand of individuals, corporations and industries,
hence loads cannot participate in the cooperative control
to sustain voltage stability. The dynamic conditions
considered in this paper for ADNs pertain to the inter-
mittency and uncertainty of PV generation. Considering
the small phase shift of the voltages at the two ends of
the line, the phase angle difference can be ignored.
Multiplying the two ends of (2) and (3) by the branch
lines resistance R’ and reactance X' , respectively,
before adding them together leads to:

VY =V'V [ RI(B = Bl)+X"(Q[ - 04)]=0(5)
Assuming the voltage magnitude at bus j as the var-

iable and that the equation possesses real roots, a solu-
tion must exist, i.e.:

Vi = Vi+\/(V’)2_4|iR’7(PL/2_B)jv)+X,‘j(Q{_Qp/v)]

6

According to (6), it focuses on F,, and Q,, to

maintain voltage safety under dynamic conditions. PVs

are chosen as a representative to study the effect of

DERSs’ active curtailment on the nodal voltages within
the system, and their constraints can be formulated as:

0<P, <¢h,, icg @)

cur

P, :Efv_Rfv (®)

cur

where G is the set of distributed generators, namely, the
PV set; B, represents the maximum output of PV, and

its maximum attenuation factor is ¢, €[0,1]; and P

equals to the difference between the maximum PV
generation and the actual PV output.

PV inverters are capable to generate or absorb reac-
tive power within their capacities, which is one of the
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optimal choices to optimize the grid voltage profile in a
fast-timescale. The capacity constraints can be charac-

terized as:
O | <NSH ) = (B, i€G ©)

In practice, PV generators and inverters are often
featured in pairs and therefore share a collective set G .

S;, represents the apparent power of PV, which is
typically set to be slightly larger than the maximum
capacity of PV [30]. Herein, it considers S, =1.2P' .

Given aforementioned grid states are unavoidably
noised in real-world perception and transmission along
the coordination chain, perturbations need be taken into
account to retain safety and robustness for voltage reg-
ulation. The causes of such uncertainty include, but are
not limited to, inevitable stochastic measurement errors
and outliers, and ubiquitous noise in transmission. Re-
cent studies haven’t reached a consensus on the de-
scription of these state perturbations [44], [51],
[57]1-[59]. To simplify the discussion, they are modeled
as zero-mean truncated Gaussian distributions
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0~ N,..(0,0), thereby guaranteeing the compactness
of the noise set and avoiding unrealistic anomalous
perturbations [60]. Here, o dominates the disturbing

magnitude.

II. PROPOSED VOLTAGE CONTROL METHOD

In this section, a novel SDRL-based robust voltage
control method is proposed that can counteract state
perturbations whilst guaranteeing voltage compliance
with safety constraints, enhancing the voltage stability
of ADNs and reducing energy loss. In the following
parts, the voltage regulation task is firstly modeled as a
safe Markov game with constraints. To solve the CMDP
problem, a novel multi-agent safety reinforcement
learning method, i.e., SSMADDPQG, is introduced. Af-
terwards, an anti-perturbation technique of states is
incorporated with the SDRL algorithm where both
safety and robustness are strengthened with respect to
existing voltage regulation approaches. The overall
framework of the proposed method is shown in Fig. 1.
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Fig. 1. Proposed robust voltage control framework via SDRL.
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A. CMDP Formulation

Voltage control is formulated as a CMDP in mul-
ti-agent manner, which is designed to strictly constrain
the bus voltage within the safety interval. A standard
CMDP can be described as
<M, S,0,A, p,r,cc, 7/> . Therein, M represents

the set of agents, which is an entity carrying out envi-
ronmental interactions and controlling operations; S
denotes the state space of environment, though due to
the inevitability of perturbations, actual state values are
always unavailable; Hence the observation space O,
which stands for the measurements, is adopted in the

testing phase in place of S; A= l_LE “ A’ is the joint

action space, encompassing every agent's decisions on
each controllable device; The state transition probability
p:SxAxS —>R shows the probability distribution of

the next state s,,, given the state s, and action a, in

current moment, namely the dynamics of environment;
r,c:SxA—->R denote the reward function and the

cost function, respectively; ¢ is the ceiling of corre-
sponding cost for safety consideration. Typically, the
optimization objective of CMDP is to solve the optimal

policy 7" over a certain time span T such that the ex-
pected return J(z)=E, [ tT:() y’rt} is maximized

while adhering to the safety constraints of

J (m)= E”[ tT:O j/tc,} <. Here, y€[0,1] indicates

the time discount factor.

As for the voltage regulation issue, the CMDP com-
ponents are specifically designated as follows:

Agent: In ADNs, each PV is treated as an inde-
pendent agent, as the distributed multi-agent control has
been implemented in this paper. Thus, the agent set can
establish a mapping with the set of DERs indicated as
M—gG.

State & observation space: The state ought to re-
flect the current profile of global ADN, which is defined
as 5, = (By (1), Gy (1), £(1), O, (), V (1), O(1)).  The
global state of real world is revealed using local meas-
urements, also known as observations. Considering the
communication expenditure and decision-making cost,
observations for each agent are confined to their de-

marcated regions R'(ie€ M) . These domains have

been preordained in alignment with the geographical
coordinates of bus nodes, ensuring their
non-overlapping spatial delineations. It is noteworthy
that each agent belongs to a unique region and each
region is allowed to be shared by multiple agents. In
practice, such zonal observations are more likely to be
contaminated by perturbations. Therefore, the set of
local observations is defined as

{0/ =By ®, Ow®, B/®, Ol V@), &)
ieM,jeR' } where tildes indicate that observational

states are under noising.
Action space: For each agent i, the action space A’

is specified as the output ratio of the active and reactive
power capacities, also denoted as

{(a;,,a;’t) la,, e[l.O—gp,l.O], a;)[ e[—gq,gJ}. Thus,

the actual output of PV generator i and its corre-
sponding inverter can be calculated
PP{V (t) = a;,tﬁl’[\/ (t)a Qll)\/ (t) = a:],t \/(Sll’V)2 - (PPLV (Z‘))2 . It iS
worth mentioning that the whole action space is con-
tinuous and its constraints for each dimension are pre-
sented in (7) and (9).

Reward function: In Markov games, the design of
the reward function is generally in accordance with the
optimization objective or its variants. As a result, the
cooperative reward is defined as the voltage deviation
and reactive power generation of PV inverter, with
specifics as:

1 ,
r=— —Z|V’(z)—Vref +
|:|N ieN (10)

ﬁZ (a, |08 0]+, 2, 0)]

Cost function: In voltage regulation tasks, the cost
function is meant to maximally penalize overvoltage
violations at arbitrary nodes. Therefore, costs are de-
fined here as a kind of binary function:

17 l//violt 2 1%
C = ’
0,

else
where ., stands for the ratio of nodes whose voltage

(11

violate the safety constraint at time step ¢, and its upper
limit is set to 0.001 by default. Such a ‘hard restriction’
on cost using a binary function has previously been
demonstrated to yield promising outcomes for CMDP in
other applications [61].

B. S-MADDPG

The proposed algorithm is derived from MADDPG
[62], a prevalent framework for multi-agent off-policy
reinforcement learning. In contrast to DDPG, its mul-
ti-agent variant adopts the CTDE architecture, which
implies making decisions leveraging local observations
and training policy quality critics according to global
states. This distributed decision-making style effec-
tively achieves the globally optimal while minimizing
the additional computation and communication burden,
which makes it well-suited for addressing the challenge
of distributed voltage control tasks in scenarios with a
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large number of DERs accessing the system. Further-
more, MADDPG has been demonstrated to be one of
the state-of-the-art MARL-based methods to address
vanilla active voltage control issues [24], which makes
it an even more competent baseline.

For each agent, MADDPG provides an actor-critic
structure that involves a policy network /1; (i € /\/l) for

decision making and a value network Q, (i € M) for
assessing these decisions. In practice, ,u; and Q! are
implemented by deep neural networks (DNNs), with ¢
and @ being the parameters of neurons. Both networks
have their corresponding target networks z, and 0.

Each policy network ,u; executes in a decentralized

manner, perceiving only local states s and generating
the deterministic policy that maximizes the expected
return, as:

J(@)=E,, o[ Q.0 d =4 (sH]  (12)
where s=(s',---,s") and a=(d',---,a") denote the
respective concatenation of states and actions for all M

agents; D is an experience replay buffer storing agents’
dynamic trajectories at each time step and

QL(s,a)zE”[ ioy‘ri(s,,a,)|s0=s,a0=a} is an ac-

tion-value function taking as input the actions and states
of all agents, which reflects the expected return of ex-
ecuting action a according to the current strategy u .

Hence, the actor network s, ought to update its pa-
rameters along the ascending direction of gradient

V(p,.J ((pi) during the training phase. There are various

ways to approximate Q values [62], and the critic net-
work Q! is employed in MADDPG. As with DQN,

each critic network Q' updates its parameters using
temporal difference (TD) loss:

L(@) =B, | (7 (ss0)+ 70, (5,0) -
0,5.0) 13 =7, |

where 7(s,a)+yQ’ (§,4) represents the expected re-

(13)

turn after executing action @, which is generally esti-
mated as the objective of Q function. The target net-

works O’ and i, are used to approximate the ac-

tion-value of next time step, whose parameters are
slowly updated with momentum according to the ac-
tor-critic networks with the aim of stabilizing the
learning process.

When decision-making with constraints is considered
in MADDPQG, the optimization objective of the policy
network changes into:

max.J(p) =T, 5| O} (s.0)la’ = (s |
st. J(9)=E,, , [Qc"’#(s,a)|a" = y;(s")] <J

where Q. (s,a)=1, [Zj:();/’ci(st,atﬂso =s,a,= a} is

the action-cost-value function that measures the dis-

(14)

counted expected cost of performing action @ ; and J'

is its upper safety limit. Since the optimization problem
formulated in (14) is intractable, Lagrange multipliers
are introduced to transform it into an unconstrained
max-min problem:

maxminJ(¢', ') = J(9) - A (J.() - T) (15)
¢ A

where the Lagrange multiplier 1>0 serves as an
adaptable parameter that reveals the current deviation
from constraints and provides compensatory adjust-
ments in the reversed direction, thereby ensuring that
the voltage remains within the feasible domain
throughout the optimization process. In S-MADDPG,
A is updated via gradient descent

Al (—ReLU(/l"—anAJS((/)")) , where the rectified

linear unit (ReLU) activation function is employed to
enforce non-negativity. The specific settings for the
learning rate 77, and initial value A, are provided in

Section IV.A.

It is noteworthy that the proposed S-MADDPG
methodology also incorporates two techniques aimed at
enhancing voltage safety and improving computational

efficiency. First, resembling to the critic network Q' , a

«

cost value network Q) and its paired target network O,

are established to estimate the cost O function inde-
pendently, which leads to heightened precision in es-
timating constraints, and further amplifying the rate of
satisfaction. The objective function of the cost Q net-
work is formulated as:

L) =B | (¢ (5,004 10)(5.0))
0)(s,a)|a' = I, ]

Second, the utilization of shared network parameters
among agents is justified due to the cooperative nature
of PVs in voltage control tasks. This technique enhances
communication among agents while simultaneously
reducing the network scale, thereby increasing the
practical relevance of the algorithm. Furthermore,
S-MADDPG adopts a deterministic policy, which in-
herently possesses limited exploration capabilities.
Therefore, random noises are introduced into the action
sampling during policy learning to augment its explor-
atory behavior, albeit increasing the risk of voltage
violations. To mitigate the risks of voltage violations
from aggressive exploration, bounds are enforced on the
actions applied to the environment and violations

2

(16)
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arepenalized through a cost function. This dual ap-
proach balances exploration with safety and stability.

C. Robust Regulation Loss

In practical scenarios, the physical state of ADNs is
inevitably subject to various perturbations during ob-
servation. To address this challenge, a robust regulation
loss is proposed, enabling S-MADDPG to attain satis-
factory results even in the presence of varying degrees
of state disturbances.

Given the inherent uncertainty of perturbation v,
each agent is required to learn and make optimal deci-
sions, accounting for the worst-case scenario. This is
crucial to guarantee the robustness of the algorithm. As
a result, the objective function of the actor network can
be reformulated as:

(max min min.J (9, 2,) = () = A(, (9)~ . )

s=v(s)
a7
where v(s) indicates the noise-contaminated states.
Notwithstanding deriving the optimal deterministic
policy 4" under the optimal perturbation v" may pre-

sent inherent difficulties, it is still possible to establish
an upper bound on the expected return loss when facing
the worst conditions, as compared to scenarios where
perturbations are absent [63]:

n‘;lj‘lgx[Qﬂ(S’a) a=us) _Q/’ (5,4) §=V‘(S),ﬁ:#(§>:| = (18)
semax D( p(s), 1(5))

where u represents the regular actor network in the

absence of noise; and D measures the deviation be-
tween the policy derived from natural states u(s) and

the contaminated ones u(5). This theorem suggests

that the maximum difference between the O value under
the optimal perturbation and the natural one is bounded
by the worst collapse on policies due to the detrimental
states. In simpler terms, if one aims to mitigate the im-
pact of state disturbances on the expected return of
actions as effectively as possible, it becomes imperative
to impose regulations on the maximum deviation during
the actor training phase, which ensures the stability of
the network's output even in the most adverse condi-
tions. Hence, in order to incorporate robustness into the
optimization objective of the policy network, the robust
regulation loss is introduced as:

L(p,A)=J (9, 2) ~ B3 max pu(s) — p(v(5)), (19)

seD

where the 12-normed regularization term is employed to
evaluate the variation between policies D( z(s), 1(3)) -
The advanced S-MADDPG boosted by robust regula-

tion loss is termed RS-MADDPG, which can achieve a
potently robust voltage control under the state

perturbations in practice. Its training process is elab-
orated in Algorithm 1.

Algorithm 1 Training Procedures of the Proposed RS-MADDPG

Initialize network parameters @, ®,¢ ; experience replay buffer D ;
Lagrange multiplier A ; perturbation scale p,
Initialize corresponding target network parameters with replications:
P 0,0 0,0 < ¢
for each episode do
Reset the environment
Compute perturbation scale with progressive ascent schedule:
0,if cur ep<<start ep

b= _geurcp - start ep
’ AR duration | 'if cur ep = start ep

for each step ¢ do

Get ] = (B (1.0 (0. P/ (.0] 0.V (1.0’ (1)), ie M, jeR'
Encode local states with their agent identities and concatenate as a
whole s,

Sample distributed actions a; = 4,(s,)

Execute a/ in the environment, receiving reward 7, cost ¢, , and
states of next step s,
Push transition {s,,a,,7,,c,,s,,} into buffer D and pop the oldest
one if D overflowed

if not updating step then
continue

end if

for each updating step do
Sample a mini-batch from D
Obtain optimal perturbed states with C-MRC attacker in Algorithm 2

Update actor network g, utilizing robust regulation loss in Eq. (19)
Update value network O, utilizing TD loss in Eq. (13)
Update cost value network O, utilizing TD loss in Eq. (16)

Update Lagrange multiplier A utilizing robust regulation loss in Eq. (19)
Update target networks softly: ¢ <—zp+(1-17)@,

o—10+(1-7)0,¢ —19+(1—17)p
end for
end for

end for

Regarding the problem of solving for the optimal
perturbation, a state-of-the-art state adversary known as
the combined maximum reward and cost (C-MRC)
attacker [64] is employed. This adversary treats the state
as a variable and leverages gradient ascent to maximize
the reward and cost functions, stealthily enticing the
controller to generate policies that violate safety con-
straints. The C-MRC attacker has demonstrated excel-
lent performance in safe reinforcement learning, mak-
ing it an ideal choice for generating perturbated states
which effectively maximize the regularization term

)= p(v())], -
C-MRC attacker is specified in Algorithm 2.

The detailed procedure for the
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Algorithm 2 Operational Procedures of C-MRC Attacker

Input: current actor network 4, , value network O, and cost value
network O, ; batched states s and actions a ; current perturbation

scale p, ; break conditions ¢, and ¢,
for each episode do
Output: perturbated states §

Initialize state perturbation variable p

for each iteration do

Compute attacker loss L(p)=¢ 0, (s,yw(s + p)) -
50, (5.1, 5+ p))

Update p:p <« p+1,V L(p)

Clamp p within current perturbation scale [—p,, o, |

if dL(p)<<¢, and dp<<e, then

break

end if

end for

return S=s+p

IV. NUMERICAL STUDY

This section employs simulation experiments to em-
pirically substantiate the effectiveness of the proposed
method in achieving voltage profile stability and re-
sistance against state perturbations. To evaluate its
universality, two ADN simulation cases of differing
scales are utilized, consisting of mutated IEEE 33-bus
[65] and 141-bus [66], respectively, as the environments
for the robust SDRL-based voltage control algorithm.
By analyzing the voltage control performance of the
proposed algorithm under varying degrees of state
perturbations and comparing it against benchmark al-
gorithms, we validate its appreciable robustness and
superiority.

A. Experimental Setup

The simulation environment in this paper is based on
the IEEE 33-bus and 141-bus systems, whose plain
versions are derived from MATPOWER. In order to
emulate a real-world ADN with high PV penetration
while implementing reactive power optimization, 6 and
22 PV generators paired with PV inverters are added to
corresponding networks, whose maximum capacities
are 0.5 MW and 0.05 MVar, respectively.

The training data, with reference to [24], is selected
from real-world Portuguese electricity usage data for
loads, and generation data disclosed by Elia group as the
active outputs of PVs. Data for each specific node ac-
cessing PVs or loads are collected over a 3-year span,
sampling distinct real devices at 3-minute intervals.
Considering the volatility of physical power equipment,
we add Gaussian noise to the PV and load data. In the
process of algorithm training and testing, the maximum

power output B, for each solar device is determined

using PV data, while ¢, is fixed at 0.7 in order to make

use of more active power generation. For safety con-
siderations, g, is set to 0.8 and 0.6 in the 33-bus and

141-bus cases, respectively, due to different power
profiles between the two scenarios.

For each episode in the reinforcement learning setting,
we randomly select a starting timestamp from the 3-year
time horizon and take a consecutive series of 240 data to
facilitate environmental interactions, simulating the
execution of voltage regulation for the ADN within a
half day. AIl proposed algorithms, along with the
benchmarks used for comparison, undergo 500 training
episodes. The training effectiveness is assessed once in
each of the 10 epochs. During the testing phase, each
algorithm executes 50 consecutive episodes under var-
ying levels of state perturbation, and the average value
is calculated to assess the algorithm’s stability and ro-
bustness in terms of voltage control. Considering the
inherent uncertainty associated with reinforcement
learning, each experiment is conducted in parallel five
times, utilizing a distinct random seed for each iteration.
Some important hyperparameters for the algorithms that
emerge later are presented in Table 1.

TABLE1
HYPERPARAMETERS OF UPCOMING ALGORITHMS

Algorithm Parameter value
Policy network RNN
(Cost) Value network MLP
Hidden layer size 64
Optimizer RMSprop
M50 0.0001
Collective T 0.1
Total episodes 500
Total steps per episode 240
Replay bufter size 5000
a,.a, 0.1
v 0.99
Network update frequency (step) 60
MAPPDG Target update frequency (step) 120
N 0.4
S-MAPPDG 1, 0.0001
7 0
P 0.04
Start episode 100
Duration (episode) 100
€5€ 0.0001
RS-MAPPDG
Py 0
7, 0.01
- -0.5
B 1

It is worth mentioning that all algorithms in this sec-
tion are implemented under the Pandapower and
Pytorch frameworks in Python. This work is done on a
workstation with 128 GB memory, Intel Xeon(R) Gold
5220 R CPU, and Quadro RTX6000 GPU.
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B. Convergence and Effectiveness of the Proposed
Algorithm

Figures 2 and 3 depict the mean reward and cost
performance of three algorithms, namely, vanilla
MADDPG, S-MADDPG, and the proposed
RS-MADDPG, during the training phase for two dis-
tinct case scales, with the shading as the 95% confi-
dence interval around the mean. Both the indicated
reward and cost values represent the averages over 240
consecutive environmental feedbacks within each epi-
sode. From Fig. 2 and Fig. 3, it is evident that in all
scenarios, the rewards of the three algorithms increase
sharply, while the associated costs decline significantly
as the training progresses. All algorithms exhibit rapid
convergence towards their respective optimal values at
approximately 100 episodes. These results demonstrate
that the newly introduced components enables the
MADDPG algorithm to maintain strong convergence
performance. As observed from the training cost curves,
both control algorithms modeled by CMDP exhibit
substantially lower values compared to the conventional
MADDPG algorithm. This substantiates that incorpo-
rating the Lagrange multiplier further enhances the
algorithm’s capacity to stabilize nodal voltages of ADN
and facilitate improved voltage regulation, even when
the voltage deviation is confined within the reward
function. Nevertheless, due to the absence of perturba-
tions during training, the disparity in costs between
S-MADDPG and RS-MADDPG is not significant, as
demonstrated in subsequent perturbation-free test ex-
periments. Regarding the performance of training re-
wards, there are no notable differences among those
three algorithms. This signifies that the proposed in-
novations in this paper can further augment the voltage
steadiness and robustness without compromising the
network’s optimization prowess, thus presenting ex-
cellent prospects for practical applications.
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Fig. 2. Training evolution of the proposed RS-MADDPG and its
baselines (MADDPG, S-MADDPG) in the 33-bus case.
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Fig. 3. Training evolution of the proposed RS-MADDPG and its
baselines (MADDPG, S-MADDPG) in the 141-bus case.

To validate the efficacy of the proposed algorithm in
achieving practical voltage control, a series of tests on
well-trained models across 2 scenarios are conducted,
encompassing both unperturbed and perturbed condi-
tions. A conventional model-based control method is
also selected to provide a more convincing comparison.
This optimization-based algorithm follows the objective
function and constraints mentioned in Section II to build
a voltage control model of ADN, which is then relaxed
to a standard second-order cone programming (SOCP)
problem [67] and finally solved with the GUROBI
solver. The corresponding outcomes are presented in
Table II and Table III, respectively, demonstrating the
empirical evidence for the algorithm's effectiveness and
robustness. The performance of voltage control algo-
rithms is assessed by two essential metrics: power loss
(PL) and controllable rate (CR) [24]. The PL quantifies
the mean energy loss over entire buses, reflecting the
algorithm’s validity on minimizing the primary objec-
tive of optimization. On the other hand, CR evaluates
the safety by calculating the average ratio of time steps
where all buses operate within the prescribed voltage
limits in each episode. In this paper, the reported values
for both metrics are step-level averages over the entire
range of episodes, and except for the model-based ap-
proach, the means and standard deviations for five par-
allel tests with distinct seeds are summarized in the
tables, providing a reliable assessment of the consistency.

TABLEII
TEST PERFORMANCE WITHOUT STATE PERTURBATIONS
Test . PL (MW) CR
case Algorithm Mean Std. Mean Std.
Model-based 0.0475 0.9941
33-bus MADDPG 0.0546  0.0046  0.9437  0.0206
S-MADDPG 0.0594  0.0070  0.9917  0.0021
RS-MADDPG  0.0620  0.0084 0.9861  0.0056
Model-based 0.4605 0.9998
141-bus MADDPG 0.6417  0.0933 0.9987 0.0012
S-MADDPG 0.8196  0.0730  1.0000 0.0000
RS-MADDPG  0.7693  0.0949 0.9979  0.0007
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TABLE III
TEST PERFORMANCE WITH STATE PERTURBATIONS
Test . PL (MW) CR
case Algorithm Mean Std. Mean Std.
Model-based 0.0585 0.8812
33-bus MADDPG 0.0560 0.0016 0.8749  0.0237
S-MADDPG  0.0621  0.0035 0.8897  0.0309
RS-MADDPG  0.0510 0.0040 0.9345 0.0224
Model-based 0.8302 0.9244
141-bus MADDPG 0.5887 0.0259 0.8462  0.1301
S-MADDPG  0.7492  0.1164  0.9380 0.0522
RS-MADDPG  0.6239  0.0643  0.9906 0.0053

As noticed in Table II, the model-based approach
reigns over all comprehensive test results, whether in
terms of PL or CR, in the complete spectrum of sce-
narios. This demonstrates that traditional optimization
algorithms continue to remain a preferred choice for
addressing the voltage control problem, without con-
sidering model uncertainty and implementation effi-
ciency. Nevertheless, in real-world contexts, the sig-
nificance of two aforementioned issues cannot be un-
derestimated. Thus, the employment of DRL has gained
ascendancy within contemporary researches on voltage
control. As for model-free methods, the voltage control
capability and stability of S-MADDPG are predominant
in various scenarios, aligned with the model-based
regulation, which serves as a compelling evidence for
the strength of the proposed SDRL framework in re-
ducing the voltage violation rate within the network and

consequently bolsters the operational safeness of ADNSs.

On the other hand, considering the conflicting nature of
high voltage security and low line loss according to the
power flow equations of the distribution network, the
less stringent voltage constraints of the vanilla
MADDPG lead to superior line loss regulation. How-
ever, the robust safety method doesn’t demonstrate a
satisfactory performance on the integrated voltage con-
trol ability, despite its PL and CR do not differ much
from those two above. This phenomenon is attributable
to the fact that robust regulation loss prioritizes the
attainment of solutions optimized for worst-case sce-
narios, which is challenging to outperform under ideal
test conditions that are completely free of perturbations.

In order to ascertain the efficacy of the proposed
voltage control method in effectively countering state
perturbations, truncated Gaussian noises are introduced
into observations as representations of the state suscep-
tible to noise disturbances during testing. Taking into
account the unit diversity of different measured varia-
bles, the perturbations are realized via multiplying state
values by the noise factor, denoted as
0=5=(1+0)-5,0~N,,.(0,0). In the validity verifi-

cation, 0 =3.0 is exclusively established and the

runc

ensuing test outcomes are documented in Table III.
Evidently, except for a slight disadvantage on PL in the
141-bus grid, RS-MADDPG demonstrates exceptional
proficiency in stabilizing nodal voltage and optimizing
power loss, surpassing other benchmark algorithms in
all test cases. Upon comparing the data presented in
Table 11, it is seen that, in the presence of a significant
state perturbation, RS-MADDPG demonstrates a level
of performance nearly equivalent to that of MADDPG
in its unaltered, natural state, for both two key metrics
related to voltage control. This outcome effectively
proves that the proposed robust regulation loss genu-
inely empowers the SDRL-based voltage controller to
acquire more sound strategies, thereby enabling it to
achieve robust regulation performance in the face of
state perturbations.

C. Robustness Analysis

To enhance the comprehensiveness of the robustness
test and demonstrate the control performance of both
the proposed algorithm and its benchmarks under var-
ying degrees of state perturbations, 5 stepwise levels of
perturbation patterns are selected for optimization tests
ie,0~{05,1.0,1.5,2.0,2.5}. It is worth noting that,

apart from the distinct levels of perturbation, all other
parameters remained constant throughout the experi-
ments. These tests are conducted on both the 33-bus and
141-bus networks, whose outcomes are outlined in
Tables IV and V.

TABLEIV
ROBUST ANALYSIS UNDER VARYING STATE PERTURBATIONS
(33-BUS)
Test case 33-bus

Noise . PL (MW) CR

scale Algorithm Mean Std. Mean Std.
Model-based 0.0484 0.9750

5205 MADDPG 0.0549  0.0039  0.9381 0.0189
S-MADDPG  0.0599  0.0059 0.9868 0.0024
RS-MADDPG  0.0596  0.0083  0.9818  0.0070
Model-based  0.0428 0.9487

ool MADDPG 0.0549  0.0022  0.9206 0.0183
S-MADDPG  0.0609  0.0041 09611 0.0104
RS-MADDPG  0.0554  0.0067 0.9678  0.0097
Model-based  0.0471 0.9285

ol5 MADDPG 0.0551  0.0010 0.9015  0.0202
S-MADDPG  0.0615  0.0032 09316 0.0196
RS-MADDPG  0.0529  0.0054 0.9541 0.0133
Model-based  0.0529 0.9055

2.0 MADDPG 0.0554  0.0008 0.8898 0.0219
S-MADDPG  0.0618  0.0031 09127  0.0257
RS-MADDPG  0.0518 0.0047 0.9451 0.0168
Model-based  0.0593 0.8832

25 MADDPG 0.0557  0.0012  0.8812  0.0232
S-MADDPG  0.0619  0.0033  0.8993  0.0284
RS-MADDPG  0.0513  0.0043  0.9390 0.0199
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TABLE V
ROBUST ANALYSIS UNDER VARYING STATE PERTURBATIONS
(141-BUS)
Test case 141-bus

Noise . PL (MW) CR

scale Algorithm Mean Std. Mean Std.
Model-based  0.4673 0.9973

0.5 MADDPG 0.6302  0.0867 0.9941  0.0077
S-MADDPG  0.8096  0.0766  0.9998  0.0001
RS-MADDPG  0.7526  0.0869  0.9977  0.0008
Model-based  0.4825 0.9829

10 MADDPG 0.6081 0.0696  0.9586  0.0496
S-MADDPG  0.7889  0.0973  0.9962  0.0028
RS-MADDPG  0.7078  0.0729  0.9968  0.0014
Model-based  0.5404 0.9717

oels MADDPG 0.5966  0.0527 0.9133  0.0888
S-MADDPG  0.7713  0.1129 09787  0.0176
RS-MADDPG  0.6712  0.0666  0.9953  0.0020
Model-based  0.6083 0.9579

2.0 MADDPG 0.5921 0.0410 0.8827  0.1096
S-MADDPG  0.7612  0.1174 09611  0.0333
RS-MADDPG  0.6495  0.0648  0.9937  0.0031
Model-based  0.7021 0.9466

P MADDPG 0.5899  0.0323  0.8622  0.1220
S-MADDPG  0.7543  0.1177  0.9479  0.0441
RS-MADDPG  0.6347  0.0643  0.9920 0.0044

As shown, under the condition of slight disturbance
(0 =0.5), SSMADDPG demonstrates optimal voltage
control performance, which underscores the inherent
anti-disturbance capabilities embedded within the pro-
posed CMDP architecture. As the level of noise inten-
sity grows further, the proposed RS-MADDPG pro-
gressively exhibits heightened robustness, effectively
mitigating deviations from voltage constraints. Even in
the severe circumstances, i.e., o = 2.5, the robust reg-
ulation algorithm still manages to maintain the CR with
no less than 93% and 99% in the 33-bus and 141-bus
test cases, respectively. In terms of power loss perfor-
mance, the model-based algorithm has an intrinsic ad-
vantage, particularly when observations relatively ap-
proximate the true system states. Model-free ap-
proaches, particularly RS-MADDPG, regain their su-
periority only when o exceeds a value greater than 2.
Although the proposed algorithm may not offer opti-
mality in line-loss optimization in the 141-bus case, the
marginal discrepancy observed in PL may seem in-
consequential when considering the substantial com-
parative advantage in CR. Hence, the proposed
RS-MADDPG shows adequate robustness performance
on voltage control under varying state disturbances.
This robustness enhances the operational safety and
adaptability for real-world ADNs tackling the fickle
realities.

D. Performance Comparisons with Other Methods

Given the widespread utilization of diverse
MARL-based optimal control techniques in power
systems, the significance of the generalizability of our

proposed robust safety framework cannot be neglected.
Meanwhile, suppose the assimilation of the proposed
innovations into these algorithms, whether the proposed
approach, RS-MADDPG, is the most appropriate for
addressing the ADN voltage control problem under
state perturbations requires further investigation. Hence,
in order to comprehensively evaluate algorithm per-
formance, we selected two alternative approaches,
namely MATD3 [68] and MAPPO [69], for further
examination. Notably, the MATD3 represents a more
contemporary off-policy strategy in comparison to
MADDPG, while the MAPPO stands as one of the most
prevailing on-policy algorithms presently employed.
Both algorithms coalesce their own policy losses into
(19) to utilize the proposed CMDP architecture and
robust regulation loss, with other components immuta-
ble. All experiments are conducted under the two dis-
tinct scenarios, characterized by the 33 buses and 141
buses, while striving to maintain consistency in training
hyperparameters and settings as closely as possible to
those employed for RS-MADDPG. To maintain co-
herence, the new algorithms are named RS-MATD3 and
RS-MAPPO respectively.

As depicted in Figs. 4 and 5, both MADDPG and
MATD3 trained within the framework proposed in this
paper have exhibited promising outcomes. However,
RS-MAPPO exhibits a notable inferiority in terms of
reward optimization compared to the other two
benchmarks, which is contradicted with the findings in
general game environments [69]. Additionally, it man-
ifests the slowest convergence speed, accompanied by
the most fluctuating training performance, both on re-
ward and cost metrics. These tend to be attributed to its
conservative policy updating scheme, which proves
challenging to adapt to the intricate dynamics and un-
certainties inherent in the ADN environment [24].
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Fig. 4. Training evolution of the proposed RS-MADDPG and
other benchmarks (RS-MAPPO, RS-MATD3) in 33-bus case.
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Fig. 5. Training evolution of the proposed RS-MADDPG and
other benchmarks (RS-MAPPO, RS-MATD3) in 141-bus case.

Furthermore, considering that there also exist other
solutions to CMDP, comparative experiments are con-
ducted with the classical Lyapunov-based SDRL.
Lyapunov function constructed on an initial safe strat-
egy ensures that subsequent policy updates remain
within a safety set that encompasses the optimal policy,
thereby guaranteeing that the cumulative cost incurred
under such policies does not exceed a predefined
threshold [70]. The robustness test results of the
aforementioned four algorithms, along with their re-
spective baselines, are outlined in Tables VI and VII.
According to the comprehensive robustness analyses of
the RS-MADDPG method previously, three typical

levels of state perturbation i.e.,o ~{1.0,2.0, 3.0}, are

identified, representing mild, moderate and severe lev-
els of perturbation, respectively. Apart from this, all
other experimental settings have remained constant
throughout the entire test.
TABLE VI
TEST PERFORMANCE COMPARISON WITH OTHER MARL-BASED
METHODS (33-BUS)

Test case 33-bus
Noise . PL (MW) CR

scale Algorithm Mean Std. Mean Std.
MADDPG 0.0549  0.0022  0.9206 0.0183
RS-MADDPG  0.0554  0.0067  0.9678  0.0097
MAPPO 0.1463  0.0496  0.7901  0.1342
=10 RS-MAPPO 0.1123  0.0301 0.8978 0.0712
MATD3 0.0499  0.0031  0.8921  0.0467
RS-MATD3 0.0526  0.0029 0.9518 0.0214
Lyapuov-based  0.0658  0.0095  0.9585  0.0231
MADDPG 0.0554  0.0008 0.8898  0.0219
RS-MADDPG  0.0518  0.0047 0.9451 0.0168
MAPPO 0.1300 0.0441 0.7862  0.1230
=20 RS-MAPPO 0.1014  0.0279  0.8672  0.0917
MATD3 0.0544  0.0080  0.8429  0.0975
RS-MATD3 0.0519  0.0031  0.9345  0.0227
Lyapuov-based 0.0875 0.0112  0.9254  0.0522
MADDPG 0.0560 0.0016  0.8749  0.0237
RS-MADDPG  0.0510  0.0040  0.9345 0.0224
MAPPO 0.1248  0.0398  0.7805  0.1221
=30 RS-MAPPO 0.0982  0.0260 0.8506  0.1094
MATD3 0.0569  0.0113  0.8210  0.1185
RS-MATD3 0.0520  0.0034  0.9260  0.0240
Lyapuov-based 0.1396  0.0178  0.8869  0.1273

TABLE VII
TEST PERFORMANCE COMPARISON WITH OTHER MARL-BASED
METHODS (141-BUS)

Test case 141-bus
Noise . PL (MW) CR

scale Algorithm Mean Std. Mean Std.
MADDPG 0.6081  0.0696  0.9586  0.0496
RS-MADDPG  0.7078  0.0729  0.9968  0.0014
MAPPO 1.1178  0.5129  0.8653  0.0626
o=1.0 RS-MAPPO 1.2388  0.2905 0.9842  0.0142
MATD3 0.9488  0.2267  0.9487  0.0666
RS-MATD3 1.1468  0.3558  0.9923  0.0117
Lyapuov-based  0.9858  0.2978  0.9577  0.0334
MADDPG 0.5921 0.0410 0.8827  0.1096
RS-MADDPG  0.6495  0.0648  0.9937  0.0031
MAPPO 1.0864  0.4672  0.8485  0.0742
=20 RS-MAPPO 1.2631  0.3483  0.9681  0.0145
MATD3 0.8936  0.1647 09110  0.0936
RS-MATD3 1.1115 0.4084 0.9795 0.0325
Lyapuov-based  1.0645  0.3977  0.9164  0.0683
MADDPG 0.5887  0.0259 0.8462  0.1301
RS-MADDPG  0.6239  0.0643  0.9906  0.0053
MAPPO 1.0670  0.4486  0.8411  0.0804
c=3.0 RS-MAPPO 1.2693  0.3758  0.9581  0.0231
MATD3 0.8748  0.1381  0.8968  0.0995
RS-MATD3 1.0848  0.4232  0.9684  0.0406
Lyapuov-based  1.2089  0.3893  0.8805  0.0547

First, when comparing the impact of the proposed
robust safety framework on each algorithm under state
perturbations, it can be observed that the performances
of voltage stability among all algorithms are signifi-
cantly improved across entire scenarios. Moreover, the
regulation of power loss in those algorithms exhibits
marginal enhancement in the 33-bus case, and does not
deviate significantly from their vanilla benchmarks in
the 141-bus setting. These outcomes indicate that the
CMDP formulation and robust regulation loss intro-
duced in this paper possess decent generalization capa-
bility which effectively adapt to a wide range of
MARL-based algorithms, thereby promoting their
safety and robustness on voltage control tasks of ADN.

Tables VI and VII highlight the optimal test perfor-
mance of each metrics within the same scenario. It is
evident that in both the 33-bus and 144-bus cases under
varying perturbations, RS-MADDPG demonstrates the
most elite performance with regard to the voltage con-
trollable ratio. Upon examining the power loss perfor-
mance, we notice that MATD3 emerges as the front-
runner in line loss performance under weak perturba-
tions, which is ascribed to its dual-critic network design
that effectively mitigates overestimation bias within the
33-bus network [68]. However, as the noise gradually
intensifies, RS-MADDPG progressively demonstrates
robust competitiveness, and even slightly outperforms
RS-MATD3. Additionally, despite the remarkable
performance demonstrated by Lyapunov functions in
the realm of SDRL, it exhibits certain disadvantages
under progressively intensifying state perturbations.
This observation underscores the suitability of the
proposed robust safety architecture and MADDPG. In
the 141-bus scenario, despite RS-MADDPG exhibiting
a slightly higher PL compared to its vanilla benchmark,
its superior voltage stability is far better than other
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algorithms across varying degrees of perturbation. In
summary, RS-MADDPG demonstrates optimal voltage
regulation in the majority of cases and excels in
achieving integrated optimization in complex scenarios
characterized by high PV penetrations.

V. CONCLUSION

This paper introduces a robust voltage control method
for ADNs that guarantees the safety of nodal voltages
and mitigates line loss under state perturbations in a
real-time, model-free manner. The proposed method
formulates the voltage control problem as a safety
Markov game, leverages MADDPG as a basis, and
incorporates voltage constraints as independent costs
involved in interactions between agents and the envi-
ronment during training. Moreover, a robust regulation
loss is engaged to enhance the robustness on control
performance in the presence of state perturbations. Ex-
tensive tests conducted on the IEEE 33-bus and 141-bus
cases demonstrate the exceptional combined perfor-
mance on controllable rate of nodal voltages and gross
power loss achieved by the proposed RS-MADDPG
compared to its benchmarks, across various degrees of
state perturbation. The results affirm the robust efficacy
and superiority of the proposed approach in practical
voltage control optimization. Furthermore, the robust
safety framework introduced in this paper also exhibits
potential for generalization to other MARL-based al-
gorithms. In future work, the extended application of
RS-MADDPG in three-phase unbalanced distribution
networks will be further investigated. In addition to
state perturbations, the ‘worst-case’ studies of
SDRL-based voltage control algorithms in other aspects
of and, such as topology, network parameters, uncer-
tainties of PV generation and loads, are the next intri-
guing point. The aim is to build a robust synthesis that
can resolve most of the uncertainty problems on realis-
tic distribution network optimization.
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