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Abstract - The global shift toward sustainable energy has led 

to the extensive integration of photovoltaic systems into power 
grids. This paradigm shift, however, causes a significant 
reduction in system inertia, making grids highly vulnerable to 
frequency disturbances and a high Rate of Change of Frequency. 
Traditional control methods, such as fixed-gain controllers, are 
ill-equipped to manage the severe nonlinearities and high 
operational volatility inherent in these low-inertia, renewable-
heavy systems. This research proposes an adaptive control 
solution utilizing Deep Reinforcement Learning (DRL) to address 
the Load Frequency Control challenge. By formulating the 
control problem as a Markov Decision Process, an intelligent 
agent learns an optimal, model-free policy that maximizes 
frequency stability and operational efficiency. The DRL 
framework inherently handles the uncertainty and computational 
complexity of the system. The approach is designed for scalability 
using multi-Agent DRL in interconnected systems, enhancing 
both performance and resilience. Validation metrics focus on 
minimizing frequency deviations and the Rate of Change of 
Frequency, aligning with regulatory standards like NERC's 
Control Performance Standards. The findings underscore that 
DRL is an essential, highly adaptable paradigm for securing the 
stability and security of future low-inertia power systems. 

Keywords - Deep Reinforcement Learning; Load Frequency 
Control; Photovoltaic Systems; Grid Stability; Low-Inertia Systems; 
Multi-Agent Systems; Continuous Control 

I.  INTRODUCTION 

Background and Motivation: The Grid Inertia Crisis: 

The global imperative for energy transition toward sustainable 
and clean sources has accelerated the large-scale integration of 
Renewable Energy Sources (RES), particularly photovoltaic 
(PV) systems, into the existing power infrastructure [1]. While 

PV systems offer substantial environmental benefits, their 
intensive penetration fundamentally alters the operational 
dynamics of the power network. A critical technical challenge 
arising from this paradigm shift is the displacement of 
traditional synchronous generators (SGs) by inverter-based 
generation (IBG) [2]. Since PV systems interface with the 
alternating current (AC) grid via power electronic components, 
they lack the intrinsic rotational inertia and damping 
mechanisms traditionally provided by SGs [3]. 
This resulting inertia deficit renders modern power grids highly 
vulnerable to disturbances. Any power imbalance, whether 
caused by load fluctuations or unpredictable changes in PV 
output, translates directly into a higher Rate of Change of 
Frequency (ROCOF) and larger transient frequency deviations 
[3]. The intermittency inherent to solar output, such as rapid 
changes due to passing clouds, exacerbates these power 
mismatches, creating severe frequency disturbances, 
particularly in regions near the equatorial zone [4]. 
Consequently, maintaining frequency stability - a crucial 
indicator of reliable and secure power system operation - has 
become increasingly complex [5]. 

Conventional Load Frequency Control (LFC) methods, which 
often rely on fixed-gain Proportional-Integral-Derivative (PID) 
controllers or simplified system models, are frequently unable 
to maintain stability under these severe nonlinearities and 
rapid, stochastic dynamics [6]. The control framework must 
simultaneously manage the structural deficiency of low inertia 
and the operational volatility introduced by PV intermittency. 
This dual challenge requires an advanced, adaptive, and model-
free control paradigm capable of handling the computational 
complexity, high dimensionality, and rapid decision-making 
necessary for future low-inertia grids [6]. 
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The Promise of Deep Reinforcement Learning (DRL) for 
LFC: 

Deep Reinforcement Learning (DRL) presents a viable solution 
to the challenges facing LFC in high-penetration PV systems. 
DRL combines the decision-making framework of 
Reinforcement Learning (RL), where an intelligent agent learns 
optimal actions through trial and error to maximize a 
cumulative reward signal, with the powerful feature extraction 
capabilities of Deep Neural Networks (DNNs) [8]. 

Unlike conventional control methods that require an explicit, 
exact mathematical model of the system, DRL operates in a 

model-free manner, learning an optimal policy π (a state-action 
mapping) through interaction with the environment (the power 
system simulator) [10]. This capability allows the DRL agent 
to autonomously discover complex, non-linear control 
strategies necessary to stabilize the grid under the highly 
stochastic and uncertain conditions introduced by PV 
integration [11]. Furthermore, by framing the LFC problem as 
an optimal control task maximizing long-term rewards, DRL 
inherently shifts the control philosophy from merely correcting 
known frequency deviations to implementing preventive 
stability strategies, continuously adjusting resources to avoid 
critical frequency breaches [12]. 

II. CHALLENGES AND LIMITATIONS OF 
CONVENTIONAL CONTROL 

Dynamic Impacts of Photovoltaic Integration: 

The widespread integration of PV systems introduces several 
interconnected stability challenges that strain traditional LFC 
mechanisms. The most immediate impact is the degradation of 
frequency stability, resulting in notable frequency disturbances 
[13]. This is directly attributable to the inertia deficit, causing 
systems to experience larger frequency deviations and severe 
ROCOF, which increases the likelihood of unintentional 
tripping of distributed PV and generators [3]. 

Beyond frequency, angle stability is also adversely affected as 
increasing PV penetration reduces system inertia and 
effectively increases generator reactance, negatively impacting 
generator transient stability [13]. Furthermore, large-scale PV 
integration can introduce voltage instability and exacerbate 
overvoltage and overload issues, often requiring proactive 
measures such as active power curtailment or careful 
management of reactive power control via advanced inverters 
[1]. 

Limitations of Conventional Frequency Support Methods: 

Conventional methods struggle because they lack the necessary 
adaptability. Fixed-gain controllers, such as PIDs, cannot adapt 

to the rapid structural and operational changes characteristic of 
low-inertia grids, requiring constant and complex parameter 
adjustment [6]. 

Another widely adopted solution is Virtual Synchronous 
Generator (VSG) control technology, which attempts to 
replicate the mechanical characteristics (inertia and damping) 
of traditional SGs using power electronics [3]. While effective 
in theory, the practical implementation of VSG is complicated 
by the large number of parameters that must be accurately 
tuned and adjusted, limiting operational flexibility and 
responsiveness to diverse real-time grid conditions. This issue 
is so significant that researchers have proposed DRL, 
specifically algorithms like TD3, to adaptively replace the 
conventional VSG control module, thereby using the learning 
capability of DRL to autonomously manage the complex 
parameter optimization inherent in inertia emulation. 

Model Predictive Control (MPC) offers robust control based on 
optimization; however, it requires a computationally expensive, 
precise mathematical model of the power system dynamics. 
Comparative studies indicate that while MPC performs well 
when modeling errors are minimal, its performance degrades 
significantly when system complexity introduces large 
modeling errors—a frequent occurrence in highly non-linear, 
stochastic PV-integrated systems [14]. The model-free nature 
of DRL circumvents this dependency on precise system 
knowledge. 

TABLE I.  Comparison Of Control Paradigms For LFC In Low-Inertia Grids 

Control Method Model Requirement Adaptability to Uncertainty Scalability/Comp
utational Speed Primary Limitation 

PID (Fixed Gain) Low Low (Requires 
retraining/tuning) 

High (Fast 
Execution) 

Highly sensitive to system parameter 
changes [6] 

VSG Control Medium (Requires accurate 
emulation model) 

Medium (Complex parameter 
adjustment) Medium Operational complexity, many 

parameters to tune [10] 

MPC (Model 
Predictive Control) 

High (Requires accurate dynamic 
model) Medium High (If model is 

simple) 
Performance degrades significantly with 
large modeling errors [14] 

DRL (Model-Free) Low (Only requires high-fidelity 
simulator for training) 

High (Learns optimal policy 
under stochastic dynamics) 

High (Fast Policy 
Inference) 

Requires extensive, expensive offline 
training [23] 

 

Accurate PV System Modeling for DRL Training: 

A crucial requirement for developing a reliable DRL-based 
LFC is the fidelity of the simulation environment used for 

training. Although DRL produces a model-free control policy, 
the quality of the learned policy is entirely dependent on the 
accuracy of the "experience" gathered during the training 
phase. 
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Traditional LFC studies often rely on simplified first-order or 
second-order PV models, which fail to capture the dynamic and 
steady-state complexity of PV power plants connected to the 
grid [15]. For rigorous LFC studies, the modeling approach 
must accurately mimic the real power generation profiles and, 
critically, account for the effect of dynamic frequency 
deviation on the PV output power through inverter 
synchronization [15]. 

Advanced techniques, such as Artificial Neural Networks using 
Radial Basis Function (ANN-RBF), have been adopted to 
model the highly non-linear behavior of PV power plants (see 
Figure 1). These models take inputs such as temperature, 
irradiation level, humidity, and the dynamic frequency 
deviation, producing an output power prediction superior to 
simplified models [15]. The use of such physics-informed, 
high-fidelity modeling ensures that the DRL policy, once 
trained, can generalize and perform robustly when interacting 
with the real complexity of the PV-integrated grid [11]. 

 
Fig. 1. High-Fidelity Photovoltaic (PV) Power Plant Modeling using 

Artificial Neural Network-Radial Basis Function (ANN-RBF) for Load 
Frequency Control (LFC) Studies. 

III. DEEP REINFORCEMENT LEARNING 
FRAMEWORK 

Formulation as a Markov Decision Process (MDP): 

To apply Deep Reinforcement Learning, the Load Frequency 
Control problem must be framed as a Markov Decision Process 
(MDP) (as conceptually illustrated in Figure 2) [5]. An MDP 
provides a mathematical framework for modeling sequential 
decision-making under uncertain outcomes, defined by the 
tuple (𝐒𝐒, 𝐀𝐀, 𝑃𝑃, 𝑅𝑅), representing the State, Action, Transition 
Probability, and Reward [9]. The objective of the DRL agent is 
to learn an optimal control policy π(a|s) that maximizes the 
expected cumulative discounted reward 𝑅𝑅𝑡𝑡 over time [8]. 

 
 
 
 
 
 
 
 
 

 
 

Fig. 2.  Deep Reinforcement Learning (DRL) Framework for Load 
Frequency Control (LFC) formulated as a Markov Decision Process (MDP). 

Definition of State Space (𝐒𝐒𝑡𝑡): 

The state space 𝐒𝐒𝑡𝑡 must encapsulate all necessary information 
at time 𝑡𝑡 to satisfy the Markov property, allowing the agent to 
make optimal decisions based solely on the current 
observations. For LFC in a multi-area system, the state vector 
must be comprehensive: 

Frequency Dynamics: Local frequency deviation (Δ𝑓𝑓) and the 
Rate of Change of Frequency (ROCOF). 

Inter-Area Exchange: Area Control Error (ACE) and tie-line 
power exchange deviations (Δ𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡) [7]. 

Generation Status: Operational status and capacity limits of 
conventional generators. 

Renewable and Storage Status: Current PV power output, 
possibly short-term forecasts, and the State of Charge (SOC) of 
any integrated Battery Energy Storage Systems (BESS) [18]. 

The complexity and high dimensionality of this state vector 
necessitate the use of Deep Neural Networks for efficient 
feature extraction and policy mapping. 

Definition of Action Space (𝐀𝐀𝑡𝑡): 

The action space 𝐀𝐀𝑡𝑡 consists of the control signals that the DRL 
agent can issue to influence the power system frequency. Since 
LFC involves continuously adjusting mechanical governors 
and modulating inverter active power output, the action space 
is typically continuous [19]. 

The DRL agent's output represents normalized analog control 
signals, such as adjustments to the governor setpoints of 
committed synchronous units or active power adjustment 
commands directed to the Grid-Supporting Inverters within PV 
or BESS units [2]. The continuous nature of the action space 
dictates the use of advanced DRL algorithms designed 
specifically for continuous control tasks, such as Deep 
Deterministic Policy Gradient (DDPG), Soft Actor-Critic 
(SAC), or Twin Delayed DDPG (TD3) [24]. 
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Multi-Objective Reward Function Design (𝐑𝐑𝑡𝑡): 

The reward function 𝐑𝐑 is the most critical component of the 
MDP formulation, as it mathematically encodes the 
performance objectives and guides the agent's learning toward 
stability and efficiency [9]. For LFC, the reward must reflect 
the dual objectives of maximizing frequency stability while 
minimizing operational costs and control effort. 

A standard multi-objective reward function rt is constructed as 
a weighted penalty of undesirable outcomes [23]: 

2
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The critical element for ensuring system security is the Penalty 
Function ($P_P$), which imposes severe negative rewards for 
transient frequency deviations that breach hard operational 
limits. For instance, regulatory practice requires frequency to 
be maintained within narrow bounds (e.g., ±0.05 Hz) [23]. A 
penalty function ensures that when this threshold is violated, a 
massive negative reward is applied : 
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Where penalityK is a large negative value (e.g., -3 standard 
units, as proposed in some microgrid contexts) [23]. 

The design of the reward function allows the DRL agent to 
discover non-intuitive, cost-effective actions by continuously 
weighing the marginal cost of a control action against the 
expected future penalty associated with a trajectory toward 
instability. This effectively achieves multi-objective 
optimization [22]. Furthermore, advanced reward shaping, such 
as incorporating Lyapunov-based criteria into the reward 
function, serves a crucial role. This method integrates classical 
stability constraints directly into the model-free learning 
objective, offering a path to enhance DRL's robustness and 
bridge the gap toward obtaining formal stability guarantees 
required in safety-critical power system applications [9]. 

IV. DRL ALGORITHM SELECTION AND EFFICIENCY 

Comparative Analysis of Continuous DRL Algorithms: 

The selection of the appropriate DRL algorithm is paramount 
for achieving reliable, real-time LFC performance. Since the 
LFC action space is continuous, the choice typically narrows to 
continuous action Actor-Critic methods. 

Proximal Policy Optimization (PPO) is an on-policy algorithm 
known for its high training stability and robustness [23]. 
However, PPO suffers from low sample efficiency, meaning it 
requires a large volume of data (many interactions with the 
simulator) to converge [21]. For environments that are 
computationally expensive to sample from, such as high-
fidelity power system simulations, this can lead to excessively 
long training times [25]. 

Off-Policy Methods (DDPG, TD3, SAC), which utilize 
experience replay buffers, are significantly more sample 
efficient.25 This efficiency is essential when simulation 
requires significant computation, minimizing the total wall-
clock time required for training [21]. 

Soft Actor-Critic (SAC): A highly stable algorithm that 
incorporates an entropy term to promote broad exploration, 
yielding strong performance in continuous control [20]. 
However, managing the associated temperature parameter, 
which controls policy stochasticity, can be complex and non-
trivial [21]. 

Twin Delayed DDPG (TD3): An advancement over DDPG, 
TD3 mitigates the tendency of DDPG to overestimate Q-
values, thus enhancing stability and performance [26]. TD3 
generally offers performance comparable to SAC but provides 
parameters (like noise injection) that are easier to visualize and 
tune than SAC's temperature, making it a preferred choice for 
controlling physical systems where robust, predictable policy 
output is necessary. 

For LFC in high-fidelity PV-integrated systems, which 
represent an expensive environment to simulate, the high 
sample efficiency of off-policy algorithms is crucial. Therefore, 
TD3 or SAC are strongly recommended [21]. 

TABLE II.  DRL Algorithm Suitability for Real-Time LFC 

Algorithm Policy Type Sample Efficiency Stability in Continuous Control Training/Deployment Trade-off 

SAC Off-Policy High Very High (Entropy regularization) Excellent performance but complex tuning of 
temperature parameter [19]. 

PPO On-Policy Low High (Robust) Long training time due to sample inefficiency; 
simple implementation [20]. 

DDPG Off-Policy High Medium (Prone to Q-value overestimation) Shorter training time; better for expensive 
environments [20]. 

TD3 Off-Policy High Very High (Twin delayed updates) Preferred for physical systems; balances efficiency 
and robustness [20]. 

 

Enhancing Training Efficiency: Model-Based and Informed 
DRL: 

The primary computational challenge in scaling DRL control to 
large power systems is the substantial time required for policy 
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learning, which can take several hours even for state-of-the-art 
algorithms [25]. This training bottleneck is imposed mainly by 
the conventional power system simulators themselves. 

To overcome this, novel model-based DRL frameworks are 
employed. This involves replacing the conventional simulator 
with a trained Deep Neural Network (DNN)-based surrogate 
model [25]. This surrogate model approximates the power 
system dynamics, allowing the DRL agent to learn the control 
policy much faster. Studies have demonstrated that this model-
based DRL approach can reduce the necessary training time by 
a substantial margin (e.g., 87.7% reduction observed in voltage 
control applications) compared to model-free counterparts [25]. 

In addition to speed, ensuring the policy's generalization 
capability is vital. To mitigate the risk of performance 
degradation when the DRL policy is tested against conditions 
outside its training data range 16, methods like physics-
informed DRL integrate domain knowledge and critical 
physical constraints directly into the network architecture or 
loss function [11]. 

V. MULTI-AGENT CONTROL FOR SCALABILITY 
AND RESILIENCE 

Necessity of Decentralized/Distributed Control: 

Load Frequency Control is typically executed across 
interconnected areas in bulk power systems. When scaling 
control to large systems, such as the IEEE 39-bus or 118-bus 
benchmarks, a centralized LFC approach rapidly becomes 
computationally prohibitive. Centralized control suffers from 
poor scalability and unmanageable computational 
dimensionality as the system size and complexity increase.7 
The conventional solution, Multi-Area LFC, addresses this by 
coordinating control among localized units, primarily aiming to 
dampen inter-area frequency oscillations by adjusting governor 
references in each area [7]. 

Cooperative Multi-Agent Deep Reinforcement Learning (MA-
DRL): 

Multi-Agent Deep Reinforcement Learning (MA-DRL) 
provides a sophisticated and inherently scalable framework for  

decentralized LFC (refer to Figure 3 for architecture) [6]. MA-
DRL decomposes the complex control problem into smaller, 
locally manageable MDPs, where multiple localized agents 
interact cooperatively with the shared electrical environment. 

 

 

 
 
 

 

 

 

Fig. 3.  Multi-Agent Deep Reinforcement Learning (MA-DRL) Architecture 
for Decentralized Load Frequency Control (LFC) in Interconnected Power 
Systems. 

In this framework, each DRL controller operates autonomously 
within its area, relying only on local measurements such as 
frequency deviation (Δ𝑓𝑓), Area Control Error (ACE), and tie-
line power flow [6]. The agents are trained cooperatively - 
often utilizing algorithms like Multi-Agent DDPG (MA-
DDPG) or Multi-Agent Actor-Attention-Critic (MAAC) - to 
minimize system-wide control errors caused by fluctuations in 
renewable generation and load. This approach has been proven 
effective in minimizing control errors in non-linear multi-area 
systems, including the complex New-England 39-bus system 
[24]. 

The intrinsic decomposition of the control task into local 
decisions effectively solves the centralized computational 
dimensionality issue [24]. Furthermore, a decentralized MA-
DRL strategy significantly enhances system resilience by 
minimizing the reliance on continuous, high-bandwidth 
centralized communication, thereby reducing the impact of 
potential communication failures or targeted cyberattacks [6]. 

Advanced applications of MA-DRL extend beyond control 
signal generation, supporting Dynamic Algorithm Selection 
(DAS), which can be formulated as an MDP. The DRL agent 
can learn to dynamically switch between different underlying 
optimization or control algorithms to maximize overall 
performance. 
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VI. VALIDATION AND BENCHMARKING 

System Model and Simulation Environment: 

Rigorous validation of the DRL-based LFC strategy 
necessitates the use of standard, high-fidelity power system 
models. Recommended benchmarks for multi-area LFC 
research include the IEEE 39-bus (New-England) and IEEE 
118-bus systems [5]. 

The standard system model must be structurally modified to 
account for high PV penetration, requiring the incorporation of 

realistic PV generation models (such as ANN-RBF-based non-
linear models 17) and typically fast-response ancillary service 
providers like Battery Energy Storage Systems (BESS). The 
resulting comprehensive system model serves as the DRL 
environment, handling the complex physics (power flow, 
governor dynamics) and providing the state transitions and 
reward signals necessary for training the agent [8]. 

 

Key Performance Indicators (KPIs) and Stability Metrics: 

TABLE III.  Key Performance Indicators (KPIs) for DRL LFC Validation 

KPI Category Metric Relevance to PV Integration Regulatory Context 

Transient Stability 
Maximum Frequency 

Deviation ( maxf∆ ) 
Indicates severity of power mismatch 
response. Must remain within defined regulatory limits [3]. 

Transient Stability Rate of Change of 
Frequency (ROCOF) 

Directly linked to low system inertia. 
DRL must minimize peak df/dt. High ROCOF can trip protection relays [3]. 

Operational 
Reliability NERC CPS1 and CPS2 Measure continuous frequency and tie-

line error regulation accuracy. Essential for meeting grid code and interconnection standards [20]. 

System Efficiency 
Control Cost 

( Ci∑ ) 
Measures economic viability of the 
control solution. Minimized via the multi-objective reward function [22]. 

 

Evaluation must focus on performance metrics that align with 
both transient stability requirements and operational regulatory 
compliance. 

Transient Stability Metrics: 

Maximum Frequency Deviation (Δ𝑓𝑓max): Measures the peak 
transient error following a disturbance [3]. 

Rate of Change of Frequency (ROCOF): Directly measures the 
effectiveness of the control in countering the effects of low 
system inertia and must be minimized to prevent relay trips [3]. 

Settling Time (𝑇𝑇𝑠𝑠): The time required for frequency deviation 
to return and remain within acceptable bounds. 

Regulatory Compliance and Operational Metrics: 

Performance must be benchmarked against industry standards, 
most notably the North American Electric Reliability Council 
(NERC)'s Control Performance Standards (CPS1 and CPS2) 
[17]. Furthermore, the economic viability is assessed through 
the cumulative operational cost ( Ci∑ ), which is intrinsically 
linked to the reward function design [23]. 

Comparative Performance Analysis: 

The DRL controller must be benchmarked against established 
methods under identical stress conditions. 

Classical Controllers (PID/Fuzzy): DRL-based LFC is 
expected to deliver superior transient performance, exhibiting 

reduced overshoot (e.g., 25% less compared to classical PID) 
and a lower Integral Time Absolute Error (ITAE) due to its 
adaptive nature [23]. 

VSG Control: DRL policies demonstrate greater robustness 
against system uncertainties and the need for complex, manual 
parameter adjustment inherent in VSG implementations. 

Model Predictive Control (MPC): DRL generally performs 
better than MPC when the power system exhibits high degrees 
of non-linearity and uncertainty, meaning the modeling errors 
are large [14]. 

VII. Practical Implementation and Robustness 

Real-Time Deployment Constraints and Computational 
Latency: 

While DRL demonstrates significant efficacy in simulated 
environments, its successful translation to real-world power 
system operation faces practical hurdles, including ensuring 
real-time adaptability and reliability during disturbances. 

Real-time LFC requires extremely low latency for issuing 
control signals. Although the computational cost of the DRL 
policy during deployment (inference) is significantly lower 
than the cost of training [27], the decision-making cycle must 
be nearly instantaneous. This necessitates implementing the 
trained policy network (DNN) on dedicated, low-latency 
computational hardware, such as Field-Programmable Gate 
Arrays (FPGAs) or high-performance edge computing units, to 
effectively manage CPU usage and tail latency [28]. 
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Hardware-in-the-Loop (HIL) Validation Methodology: 

To ensure that the theoretical advantages of DRL translate into 
practical feasibility, validation must proceed through a 
Hardware-in-the-Loop (HIL) methodology [29]. 

HIL testing involves implementing the DRL controller on the 
actual physical hardware intended for deployment (e.g., a 
dedicated controller box) and connecting it in a closed-loop 
with a Real-Time Digital Simulator (RTDS) that models the 
power grid dynamics [30]. HIL allows for the rigorous 
evaluation of control performance under real-world operational 
constraints, including realistic communication delays, sensor 
noise, and the latency imposed by the control hardware [29]. 
Successful HIL tests, demonstrating efficient frequency arrest 
and stability under simulated frequency events, confirm that the 
DRL control scheme is robust enough for field implementation 
[30]. 

Robustness against Uncertainty and Cybersecurity Threats: 

The success of DRL hinges on its ability to generalize, 
meaning the policy must reliably handle extreme PV power 
output fluctuations or stochastic load changes that may not 
have been explicitly encountered during offline training [31]. 
Furthermore, modern LFC systems are Cyber-Physical 
Systems (CPS) and are highly susceptible to security breaches, 
such as False Data Injection (FDI) attacks [16]. DRL 
techniques can be integrated to enhance system resilience, 
achieving high detection accuracy (e.g., over 99%) and low 
latency in identifying frequency characteristic attacks, thereby 
serving simultaneously as the control mechanism and the 
security layer [31]. 

VIII. CONCLUSION 

The large-scale integration of photovoltaic systems presents a 
fundamental challenge to grid stability, primarily through a 
drastic reduction in system inertia, which results in severe 
frequency deviations and high ROCOF during load and PV 
intermittency events. Conventional control methods are 
incapable of reliably managing this complexity due to their 
reliance on accurate models and static parameters. 

The Deep Reinforcement Learning paradigm, leveraging 
continuous control algorithms such as TD3 or SAC, offers a 
powerful, model-free alternative. By formulating LFC as a 
Markov Decision Process with a multi-objective reward 
function that explicitly balances frequency stability (Δ𝑓𝑓) 
against economic cost ( Ci ), DRL agents learn highly adaptive 
and efficient control policies. Scalability to multi-area systems 
is achieved through the multi-Agent DRL framework, which 
allows for decentralized, local control execution while 
maintaining cooperative, system-wide optimization. 

The practical deployment of these DRL policies demands 
rigorous validation. HIL testing is mandatory to confirm the 
DRL controller’s capability to operate within real-time 
computational and communication constraints. Furthermore, 
robustness must be guaranteed not only against physical 

uncertainties but also against cyber threats. The evolution 
toward DRL-driven LFC is essential for maintaining the 
stability and security of low-inertia, high-penetration PV power 
systems of the future. 
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TABLE IV.  List of Abbreviations 

Abbreviation Description 

ACE Area Control Error 

ANN-RBF Artificial Neural Network using Radial Basis Function 

BESS Battery Energy Storage Systems 

CPS Control Performance Standards 

DDPG Deep Deterministic Policy Gradient 

DNN Deep Neural Networks 

DRL Deep Reinforcement Learning 

FPGA Field-Programmable Gate Array 

HIL Hardware-in-the-Loop 

IBG Inverter-Based Generation 

KPI Key Performance Indicator 

LFC Load Frequency Control 

MA-DRL Multi-Agent Deep Reinforcement Learning 

MDP Markov Decision Process 

MPC Model Predictive Control 

NERC North American Electric Reliability Council 

PID Proportional-Integral-Derivative 

PV Photovoltaic 

RES Renewable Energy Sources 

ROCOF Rate of Change of Frequency 

SAC Soft Actor-Critic 

SGs Synchronous Generators 

SOC State of Charge 

TD3 Twin Delayed DDPG 

VSG Virtual Synchronous Generator 
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	VIII. CONCLUSION
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	The Deep Reinforcement Learning paradigm, leveraging continuous control algorithms such as TD3 or SAC, offers a powerful, model-free alternative. By formulating LFC as a Markov Decision Process with a multi-objective reward function that explicitly ba...
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