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Abstract—Thetransitiontowardsadecarbonizedpowergrid, characterizedby high penetration of intermittent
renewable energy sources and distributed genera- tion, imposes unprecedented challenges for the operation and
control of electrical powersystems.TheOptimalPowerFlow(OPF)problem,afundamentaltool for ensuring economic
and secure grid operation, must now be solved inreal-time amidst growing stochasticity and complexity.
Conventional optimization-based solvers, while highly accurate, often struggle with the computational burden and
non-convex  nature of the full AC-OPF problem in this new paradigm.This paper
comprehensivelyreviewstheemergingapplicationofDeepReinforcementLearn-
ing(DRL)asatransformativemethodologyforreal-timeOPF.Weelucidate the key DRL architectures—including value-
based, policy-based, and actor-critic methods—being adapted for OPF, analyzing their respective strengths in han-
dlingthecontinuous,high-dimensional,andconstrainednatureoftheproblem. A significant focus is placed on the
critical challenge of constraint handling, reviewing techniques such as action masking, reward shaping, and
Lagrangian methods. Furthermore, we explore the integration of physics-informed neural networks and hybrid
approaches that combine DRL with traditional optimiza- tion. The paper also provides a critical examination of the
barriers to practical deployment, including scalability, generalization, and verification. Finally, we outline promising
future research directions, concluding that DRL represents a potent paradigm shift towards adaptive, fast, and
intelligent grid control for the 21st century.
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1. Introduction

The Optimal Power Flow (OPF) problem, first  formulated by Carpentier in
the1960s[1],isthecornerstoneofpowersystemoperation. lItsobjectiveisto determine the optimal operating point
for a power network that minimizes a specific cost function (typically generation cost or active power losses)
while satisfying a set of physical and engineering constraints.These constraints includethe non-linear power flow
equations, generator limits, line thermal limits, and bus voltage boundaries.
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TraditionalapproachestosolvingOPFrelyonnumericaloptimizationtechniques, such as Interior
Point Methods [2], Sequential Quadratic Programming [3], and Linear Programming (LP) or
Quadratic Programming (QP) approximations [4]. While these methods are mature and can be
highly accurate for static, offline analysis, they face significant challenges in the context of
the modern grid:

1. Computational Complexity:The full Alternating Current OPF (AC- OPF) is a
large-scale, non-convex, non-linear problem.Solving it to optimality for large systems
can be computationally intensive, limiting its use in real-time applications where
decisions are required in seconds orsub-seconds.

2. UncertaintyandVariability:Theinfluxofstochasticrenewablegener-  ation  (e.g.,
wind and solar) and volatile loads introduces rapid fluctuations.
Conventional OPF,oftensolvedevery5-15minutes,cannotalwaysrespond to intra-interval
disturbances, leading to potential constraint violations or sub-optimal operation [5].

3. Model Dependency:These methods require an accurate and up-to-
datemodelofthegrid. Parameterinaccuraciesorunanticipatedtopology changes can
degrade solution quality and feasibility.

Deep Reinforcement Learning (DRL) has emerged as a promising alternative

toaddresstheselimitations. DRLcombinestherepresentationalpowerofdeep
neuralnetworkswiththedecision-makingframeworkofreinforcementlearning.
Anagentlearnsanoptimalpolicy—amappingfromsystemstates(e.g.,loads, renewable

outputs) to control actions (e.g., generator set-points, transformer tappositions)—
throughinteractionwithasimulatedorrealenvironment. This paradigm offers several
potential advantages for real-time OPF:

< Speed:Once trained, a DRL agent can compute a near-optimal control action in
milliseconds via a simple forward pass through a neural network, enabling sub-second
decision-making.

< Model-Free Learning:DRLcanlearnapolicydirectlyfromdatawithout requiring an
explicit, white-box model of the system dynamics, making it robust to model
inaccuracies.

< Adaptability:The agent can be retrained or designed to adapt to changing grid
conditions, such as the integration of new assets or evolving load patterns.

ThispaperaimstoprovideacomprehensivereviewoftheapplicationofDRL toreal-
timeOPF.InSection2,weformulatetheOPFproblemandintroduce
theDRLframework.Section3detailstheprimaryDRLmethodologiesand their adaptations for
OPF. Section 4 discusses the critical challenge of constraint handling and explores advanced
hybrid approaches.Finally, Section 5 outlines the remaining challenges and future research
directions before concluding in Section 6.
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2. ProblemFormulation

Classical Optimal Power FlowThe standard AC-OPF problem can be formulated
as a non-convex optimization problem:

Minimize:
iEGCi(PGi)
Subject to:

- PowerBaIancefquatlons(Non linear):

Pgi—Ppi= V,z V;(G;cos9;+B;;Singy)
Qsi—Qoi=Vi "V(Gsing,— Bjjcos9;)

Jj=1

< GeneratorConstraints:
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-« BusVoltageConstraints:

‘/’mln < V,S Vma);

« BranchFlowConstraints:
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whereCiisthecostfunctionforgeneratori,PciandQgiarerealandreactive
powergeneration,PpandQparerealandreactivepowerdemand, Viisvoltage
magnitude,andg;isthevoltageangledifference.

ReinforcementLearningFormulationforOPFTocastOPFasa DRL problem, we
define the key RL components:

-« State (s_t):Represents the observable condition of the power grid at time t. This

typically includes nodal active and reactive power demands (Pp,Qp) renewable
generation outputs, and potentially the current topol- ogy.s:€ S.

< Action(a_t):Thecontroldecisionsmadebytheagent.ForOPF,thisis

typically the set-points for controllable generators (Pg, Vsetpoint), OF Other devices like
flexible loads.a:€A.
Environment:Adigitaltwinofthepowersystem,typicallyahigh-fidelity
simulatorlikePandaPower[6]orOpenDSS,whichtakestheactiona:and transitions the
system to a new state sy+1.

Reward (r_t):A scalar signal that quantifies the desirability of the state- action pair. The

agent's goal is to maximize the cumulative reward. For
OPF therewardisdesignedtoreflecttheOPFobjectiveandconstraints,

€eg. = > o

r=— GCi(Ps)—A ConstraintViolations

whereAisalargepenaltyfactor.

TheobjectiveoftheDR Lagentftolearnapollcyn(at|st)thatmaX|m|zes the
expecteddiscountedreturng[ "y rt+k+1] wherey [0, 1]isthediscount
factor.
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3. DRLMethodologiesforOPF

DifferentDRLalgorithmshavebeenexploredforOPF,eachwithdistinct characteristics suited to the
problem's nature.

Value-BasedMethods(e.g.,DeepQ-Networks-DQN)DQN][7] learnsastate-
actionvaluefunctionQ(s, a)thatestimatestheexpectedreturn
oftakingactionainstates. Theoptimalpolicyisthentochoosetheaction withthehighestQ-
value.TheprimarychallengeinapplyingDQNtoOPFis
thattheactionspaceiscontinuous(generatorset-points),whereasstandard DQN  requires a
discrete action space.This necessitates discretization of the continuous control variables,
which leads to the "curse of dimensionality"”; a fine discretization results in an exponentially
large action space, making training inefficient [8]. While action factorization and other
techniques can mitigate this, value-based methods are generally less favored for continuous
control problems like OPF.

Policy-BasedandActor-CriticMethodsThesemethodsarebetter
suitedforcontinuousactionspacesandarethedominantapproachforDRL -based OPF.

< Deep Deterministic Policy Gradient (DDPG):DDPG|[9]isanactor-
criticalgorithmthatcombinesinsightsfromDQNandpolicygradients. It uses two neural
networks:anActornetwork that maps states to a
deterministiccontinuousaction,andaCriticnetworkthatlearnstheQ-value of that state-
action pair. DDPG has been successfully applied to OPF in several studies [10, 11],
demonstrating the ability to learn efficient policies for systems like IEEE 14-bus and
118-bus networks. Its off-policy nature allows for efficient use of past experiences
stored in a replay buffer.

< Proximal Policy Optimization (PPO):PPO[12]isapopularon-policy policy
gradient method known for its stability and ease of implementation.It optimizes the
policy by ensuring that the new policy does not deviate too
farfromtheoldpolicyduringanupdate, preventingdestructivelargepolicy
updates.PPOhasbeenwidelyadoptedforOPFduetoitsrobustness [13, 14]. A comparative
study by [15] found PPO to be more stable and sample-efficient than DDPG for a
specific OPF task.

< Soft Actor-Critic (SAC): SAC [16] is an off-policy actor-critic algorithm that
incorporates entropy regularization.The policy is trained to maximize a trade-off
between expected return and entropy, encouraging greater exploration and
robustness.This has made SAC a strong contender for OPF, as it can learn a more
stochastic policy that is beneficial in uncertain environments [17].

4. CriticalChallengesandAdvancedApproaches

TheParamountIssue: ConstraintHandlingAcorechallengein
applyingDRLtoOPFisensuringthattheagent'sactionsdonotviolatephysical
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and
isofteninsufficient,astheagentmightlearntobeoverlyconservativeorfind loopholes.More sophisticated
techniques include:

1.

safety constraints. A naive reward with large penalty terms for violations

Action Space Masking:For discrete actions (e.g., transformer taps), invalid actions are simply
masked out during the agent's selection process [18].For continuous actions, the output of the actor
network can be scaled and clipped to lie within feasible bounds (e.g., using a tanh activationscaled
to [P_G_min,P_G_max]).

. Projection-Based Methods: After the agent proposes an action, it is

projectedontothefeasiblesetdefinedbytheconstraints. Thiscanbedone using a fast, simplified
optimization problem [19].

Lagrangian Methods: The constrained optimization problem is trans- formed into an
unconstrained one by incorporating constraints into the reward function using Lagrange
multipliers, which are then also learned
bytheagent[20]. Thishasshownpromiseinlearningcomplexconstraint- satisfying policies.

. SafeRLandRisk-AverseFormulations:Thesemethodsexplicitly

incorporatenotionsofrisk,suchasConditional ValueatRisk(CVaR), into the learning objective to
make the agent more cautious about entering high-risk, constraint-violating states [21].

HybridDRL-OptimizationApproachesToleveragethestrengthsof
bothDRLandtraditionaloptimization,hybridapproachesaregainingtraction.

DRL as a ‘Warm-Starter:Thepre-trainedDRLagentprovidesahigh-
qualityinitialsolutionforaconventional OPFsolver, significantlyreducing the number of iterations
required to converge to a precise, feasible solution [22].
Physics-InformedNeuralNetworks(PINNs):PINNsincorporate  the  physical  laws
described by the power flow equations directly into the loss function of the neural network [23].
This acts as a regularizer, biasing
theDRLagenttowardsphysicallyplausiblesolutionsandimprovingsample efficiency and
generalization.

Learning-to-Optimize (L20):Insteadoflearningthepolicydirectly, DRL can be used to tune
the hyperparameters or guide the search processof a conventional optimizer, effectively"learning
how to solve the OPF problem™ more efficiently [24].

5. FutureResearchDirectionsandChallenges

Despite significant progress, several challenges remain before DRL-based OPF can be deployed in
mission-critical control centers.

1.

ScalabilityandGeneralization:Mostcurrentresearchisvalidatedon small to medium-sized test
cases (e.g., IEEE 300-bus or smaller).Scalingtolarge-scale,real-
worldsystemswiththousandsofnodesisnon-trivial.
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Graph Neural Networks (GNNs) [25] offer a promising path forward, as they can exploit
the inherent graph topology of the grid, enabling better generalization and transfer
learning across different topologies.

2. StabilityandVerification:The"black-box"natureofneuralnetworks
raisesconcernsaboutstabilityandrobustness.Formalverificationmethods are needed to
provide guarantees on the behavior of the DRL policy under all possible operating
conditions [26].

3. Multi-Agent DRL (MADRL): For a fully decentralized grid architec- ture, a multi-
agent approach, where each agent controls a local resource, is more appropriate. However,
this introduces challenges like non-stationarity and the need for coordination [27].

4. Sample Inefficiency and Sim-to-Real Gap: DRL training requires
millionsofinteractionswithasimulator. Improvingsampleefficiencyis
crucial.Furthermore,thediscrepancybetweenthesimulationenvironment and the real
world (the sim-to-real gap) must be bridged, potentially through domain
randomization and robust adversarial training [28].

5. Integration with Market Mechanisms: Future work must explore the co-
optimization of physical power flow and electricity market operations,
requiringDRLagentstounderstandandinteractwithcomplexmarket rules [29].

6. Conclusion

The application of Deep Reinforcement Learning to the Optimal Power Flow
problemrepresentsaparadigmshiftfromtraditionalmodel-basedoptimization = towardsadata-
driven,adaptivecontrolframework.Whilesignificanthurdlesin
scalability,verification,andsafetyremain,theprogressinthisfieldisrapid. By leveraging
advanced actor-critic algorithms, developing sophisticated constraint- handling techniques, and
creating hybrid models that marry the speed of DRL withtheprecisionofoptimization,DRL-
basedOPFholdsthepotentialtobecome a cornerstone technology for the real-time operation of
the future's intelligent, resilient, and sustainable power grid.The journey from academic
research to industry adoption will require close collaboration between the Al and power
systemscommunitiestobuildtrustanddemonstratereliabilityunderreal -world conditions [30].
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