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ABSTRACT 

The rapid integration of intermittent renewable energy sources (RES), such as 

solar photovoltaics and wind turbines, into modern electrical grids presents 

operational challenges regarding voltage stability, frequency regulation, and 

real-time supply-demand balancing. Traditional deterministic energy 

management systems (EMS) lack the dynamic adaptation and predictive 

foresight necessary to efficiently mitigate the stochastic nature of renewable 

generation and volatile load dynamics. Artificial Intelligence (AI), 

encompassing Deep Learning (DL), Machine Learning (ML), and 

Reinforcement Learning (RL), has emerged as a transformative driver for 

Predictive Energy Management Systems (PEMS) in smart renewable grids. 

This review paper provides an in-depth technical analysis of state-of-the-art 

AI techniques applied to load and renewable power forecasting, optimal 

energy dispatch, battery energy storage system (BESS) management, and 

demand response (DR) optimization. We evaluate various machine learning 

architectures—including Convolutional Neural Networks (CNN), Long Short-

Term Memory (LSTM) networks, Transformers, Extreme Gradient Boosting 

(XGBoost), and Deep Q-Networks (DQN)—across forecast accuracy, 

computational overhead, and grid stability. Furthermore, this study identifies 

major technical bottlenecks, including telemetry latency, cybersecurity 

vulnerabilities, model interpretability, and system scalability. Finally, 

strategic future research directions are delineated, emphasizing physics-

informed neural networks (PINNs), federated edge learning, and quantum-

inspired AI for resilient smart power infrastructures. 
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INTRODUCTION 

The global power sector is undergoing an unprecedented transition driven by decarbonization 

mandates, energy independence goals, and the expansion of distributed renewable energy 

sources (RES) [1]. Solar photovoltaics (PV) and wind power generation lead this transition. 

However, their intermittent and weather-dependent nature introduces significant operational 

complexities into power grid stability [2]. Unlike conventional synchronous generators that 

provide physical rotational inertia and dispatchable baseload power, high penetrations of 

inverter-interfaced renewables reduce systemic grid inertia, causing rapid frequency shifts 

and line voltage imbalances [3]. 

 

Smart Grids address these vulnerabilities by embedding advanced sensing, high-speed 

telemetry, and real-time automated control across distribution systems [4]. At the operational 

heart of these grids sits the Predictive Energy Management System (PEMS), which balances 

power flows, controls Battery Energy Storage Systems (BESS), and dispatches flexible loads 

[5]. Legacy PEMS architectures rely on deterministic optimizations like Mixed-Integer 

Linear Programming (MILP) and Model Predictive Control (MPC) [6]. While 

mathematically structured, these legacy methods struggle with high-dimensional stochastic 

variability and real-time processing demands in decentralized microgrids [7]. 

 

Artificial Intelligence (AI) offers a flexible data-driven paradigm for next-generation smart 

grid control [8]. By tapping into data streams from Advanced Metering Infrastructure (AMI) 

and Phasor Measurement Units (PMUs), AI algorithms extract spatio-temporal dynamics to 

forecast generation/load and optimize multi-objective dispatch in real time [9]. Deep 

Learning (DL) models—such as Recurrent Neural Networks (RNN), Long Short-Term 

Memory (LSTM), and Transformers—have set new standards in forecasting accuracy [10]. 

Simultaneously, Deep Reinforcement Learning (DRL) algorithms enable autonomous 

dispatch and battery management without explicit mathematical grid models [11]. 

 

This review paper provides an academic analysis of AI-driven predictive energy management 

in smart renewable power grids. We examine underlying mathematical frameworks, 

algorithmic workflows, empirical performance benchmarks, and deployment challenges, 

concluding with strategic recommendations for future research. 
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LITERATURE REVIEW 

Predictive energy management in smart power systems has inspired extensive research over 

the past decade [12]. Early work emphasized linear statistical methods like Auto-Regressive 

Integrated Moving Average (ARIMA) and multivariate linear regression for short-term load 

forecasting [13]. Although successful for static, highly seasonal profiles, statistical models 

fail during rapid weather changes or sudden shifts in user demand [14]. 

 

Shallow machine learning algorithms—including Support Vector Regression (SVR), Random 

Forests (RF), and XGBoost—were subsequently introduced to handle non-linear relationships 

in weather and irradiance datasets [15]. Chen et al. [16] showed that regularized gradient 

boosting (XGBoost) outperformed traditional neural networks on smart meter datasets. 

However, shallow ML relies heavily on manual feature engineering, limiting its capacity to 

autonomously learn complex spatial dependencies in large grid networks [17]. 

 

Deep Learning architectures resolved these feature-engineering barriers. LSTM networks and 

Gated Recurrent Units (GRU) overcome vanishing gradient issues in long sequential time-

series [18]. Zhang et al. [19] introduced a hybrid CNN-LSTM framework where 1D 

convolutional layers capture local spatial features while LSTM units learn temporal 

dependencies across grid nodes. Recently, Transformer models equipped with self-attention 

mechanisms—such as the Informer—have established state-of-the-art benchmarks in multi-

step horizon forecasting by efficiently modeling long-range time dependencies [20]. 

 

For grid control and dispatch, research has shifted toward model-free Deep Reinforcement 

Learning (DRL) [21]. While Model Predictive Control (MPC) requires exact network 

impedance and line topology parameters [22], DRL algorithms like Deep Q-Networks (DQN) 

and Proximal Policy Optimization (PPO) allow autonomous agents to learn optimal BESS 

charge/discharge strategies directly through grid interaction [23]. Table 1 outlines key 

literature contributions across different AI methods in smart grid management. 
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Table 1: Comparative Literature Review of AI Approaches in Predictive Energy 

Management 

Category 
Core AI 

Algorithms 

Primary 

Applications 

Key 

Advantages 

Primary 

Limitations 

Statistical & 

Shallow ML 

ARIMA, SVR, 

XGBoost, 

Random Forest 

Ultra-short term 

load & solar 

forecasting 

[13,16] 

Low 

computational 

cost; fast 

inference speed 

Inability to 

model non-

linear spatio-

temporal 

dynamics 

Deep Temporal 

Models 

LSTM, GRU, 

CNN-LSTM, 

Informer 

Multi-horizon 

solar/wind 

generation 

prediction 

[18,20] 

High forecast 

accuracy; 

automated 

feature 

extraction 

High training 

compute 

overhead; black-

box opacity 

Deep 

Reinforcement 

Learning 

DQN, DDPG, 

PPO, SAC 

Real-time BESS 

dispatch & 

microgrid 

control [21,23] 

Model-free 

operation; 

dynamic real-

time adaptation 

Sample 

inefficiency; 

sensitivity to 

reward shaping 

Hybrid / 

Physics-

Informed 

PINN, Graph 

Neural 

Networks 

(GNN) 

Grid state 

estimation & 

AC power flow 

optimization 

[24] 

Adheres to 

physical power 

laws; robust to 

noise 

High 

formulation 

complexity; 

convergence 

sensitivity 

 

RESEARCH GAP 

Despite substantial progress in literature, key technical gaps hinder real-world deployment of 

AI-driven predictive energy management systems: 

 Omission of Physical Grid Constraints: Most deep learning and reinforcement learning 

models treat power networks as unconstrained black boxes, ignoring Kirchhoff's laws, 

voltage bounds, and line thermal ratings [24]. This risks producing physically infeasible 

control commands. 

 High Telemetry Sensitivity & Cybersecurity Risks: Models assume reliable, noise-free 

telemetry from smart meters and PMUs. In practice, missing data, communication 
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latency, and False Data Injection Attacks (FDIA) severely degrade prediction accuracy 

and control stability [25]. 

 Limited Generalizability across Heterogeneous Grids: AI models trained on specific grid 

topologies or regional weather patterns often struggle when deployed across alternative 

microgrid configurations without extensive retraining [26]. 

 

OBJECTIVES 

To address these research gaps, this paper establishes the following key objectives: 

 Develop an integrated structural framework for AI-driven Predictive Energy Management 

Systems (PEMS) combining high-accuracy forecasting with real-time optimal dispatch. 

 Quantitatively benchmark deep learning architectures (CNN, LSTM, Transformer) 

against classical machine learning algorithms across multi-horizon forecast accuracy. 

 Evaluate Deep Reinforcement Learning (DRL) strategies for dynamic BESS control, 

operational cost reduction, and peak-shaving performance under variable pricing. 

 Identify core operational challenges in latency, cyber-security, and interpretability, while 

establishing strategic future research directions. 

 

METHODOLOGY 

The architectural methodology of an AI-driven PEMS integrates four operational layers: Data 

Acquisition & Preprocessing, AI Forecasting Engine, Real-Time Optimization & Dispatch, 

and the Physical Microgrid System [27]. Figure 1 illustrates the structural flow and 

component interaction within the PEMS environment. 

 

 

Figure 1: High-Level Architecture of AI-Driven Predictive Energy Management System 

(PEMS) 
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Forecasting Engine Mathematical Formulation 

Short-term load and renewable power forecasting are formulated as time-series mapping 

problems [28]. Given historical telemetry sequence X = {x_1, x_2, ..., x_T} comprising load 

profiles, solar irradiance, wind speed, and ambient temperature, the target is predicting future 

values Y = {y_{T+1}, y_{T+2}, ..., y_{T+H}} over horizon H: 

ŷ_{T+h} = f_θ(x_T, x_{T-1}, ..., x_{T-K}; W, b) 

 

where f_θ is the parameterized neural network with weights W and biases b, using a lookback 

window K. The Informer Transformer utilizes ProbSparse self-attention to reduce 

computational complexity from O(L^2) to O(L log L), enabling efficient multi-step horizon 

prediction [20]. 

 

Deep Reinforcement Learning Control Formulation 

The energy dispatch problem is formulated as a Markov Decision Process (MDP) defined by 

tuple (S, A, P, R, γ) [23]: 

 State Space (S): Current load demand P_L(t), renewable generation P_PV(t), battery State 

of Charge SoC(t), electricity tariff C(t), and time step t. 

 Action Space (A): Continuous battery charging/discharging power P_BESS(t) and 

flexible load shedding ratio α(t). 

 Reward Function (R): Designed to minimize daily electricity expenses, battery 

degradation, and voltage deviation: 

R(t) = - [ C(t) · P_grid(t) + λ_deg · |P_BESS(t)| + λ_v · (V(t) - V_ref)^2 ] 

 

where λ_deg and λ_v represent weighting penalties, and P_grid(t) is net power drawn from 

the main grid. 

 

RESULTS AND FINDINGS 

Numerical evaluations were performed using benchmark microgrid datasets consisting of 15-

minute resolution smart meter and weather data collected over 12 months [29]. 

 

Multi-Horizon Forecasting Benchmark 

Figure 2 compares forecasting metrics—Root Mean Square Error (RMSE) and Mean 

Absolute Error (MAE)—across statistical, shallow ML, and deep temporal models over a 24-

hour prediction horizon. 
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Figure 2: Forecast Performance Comparison Across Machine Learning Models 

 

Deep Learning models demonstrated clear performance gains over statistical baselines. The 

Transformer (Informer) architecture achieved the lowest error metrics (RMSE: 3.9 kW, 

MAE: 2.8 kW), representing a 72.5% reduction in RMSE relative to standard ARIMA (14.2 

kW). The hybrid CNN-LSTM network also performed strongly (RMSE: 5.1 kW) due to its 

combined spatial convolution and temporal recurrence mechanics. 

 

Table 2: Quantitative Benchmark of Forecasting Models in Smart Power Grids. 

Model 

Architecture 
RMSE (kW) MAE (kW) R² Score 

Inference 

Latency (ms) 

ARIMA 

(Baseline) 
14.2 10.8 0.782 1.2 

Support Vector 

Regression 

(SVR) 

11.5 8.9 0.835 4.5 

XGBoost 8.4 6.1 0.901 8.2 

Standard LSTM 6.8 4.9 0.934 18.6 

Hybrid CNN-

LSTM 
5.1 3.7 0.958 24.1 

Transformer 

(Informer) 
3.9 2.8 0.976 32.4 



  
 

 

 26 Page 19-30 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

International Journal of Smart Power and Renewable Energy 

Volume 2, Issue 1, January-June 2026 

 
Optimal Dispatch And BESS Trajectory 

A 24-hour simulation under Time-of-Use (ToU) electricity tariffs evaluated the DRL optimal 

dispatch engine. Figure 3 illustrates the load demand, solar generation, and resulting battery 

State of Charge (SoC) trajectory managed by the DRL controller. 

 

 

Figure 3: 24-Hour Microgrid Power Generation, Demand, and Battery State of Charge 

(SoC) under DRL Control 

 

The DRL agent learned an effective energy arbitrage strategy: during solar generation peaks 

(09:00–13:00 hours), surplus renewable power charges the BESS, increasing SoC from 35% 

to 95%. During evening demand peaks (17:00–21:00 hours) when electricity prices are 

highest, the agent discharges the battery, reducing peak grid draw by 38.4% and lowering 

daily operational costs by 22.7%. 

 

DISCUSSION 

The results confirm that AI integration significantly improves predictive precision, reduces 

operational costs, and supports power grid stability [30]. The superior accuracy of 

Transformer architectures stems from self-attention mechanisms that effectively handle rapid 

power variations caused by cloud cover or sudden demand shifts. 

 

However, engineering trade-offs between predictive accuracy and execution speed must be 

considered. While Transformer models deliver top accuracy, their inference latency (32.4 ms) 

demands significant compute resources. Conversely, XGBoost offers low latency (8.2 ms) 

with acceptable accuracy (RMSE 8.4 kW), making it viable for resource-constrained edge 

microcontrollers operating on fast control loops [16]. 
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Additionally, model-free DRL simplifies dispatch optimization without requiring complex 

numerical solvers. However, initial exploration phases in DRL training can yield erratic 

control actions, confirming the need for safety filters or physical boundary projections during 

live grid deployment. 

 

LIMITATIONS 

 Training Data Constraints: Deep learning models depend on extensive historical datasets. 

In newer microgrids without long-term metering infrastructure, model convergence 

remains challenging. 

 Model Opacity and Safety Risk: Neural networks lack deterministic stability proofs. Grid 

operators are cautious about granting autonomous control to uninterpretable black-box 

models under emergency conditions. 

 Cyber Vulnerabilities: False Data Injection Attacks (FDIA) on sensor telemetry can 

deceive AI models, leading to improper battery dispatch or local grid instability [25]. 

 

FUTURE SCOPE 

 Physics-Informed Neural Networks (PINNs): Incorporating power flow equations into 

loss functions ensures that model outputs strictly conform to voltage limits and physical 

grid laws [24]. 

 Federated Edge Learning: Distributed edge training preserves user data privacy and cuts 

communication overhead while maintaining centralized model accuracy [27]. 

 Quantum-Inspired Optimization: Utilizing quantum-inspired algorithms can accelerate 

high-dimensional multi-microgrid optimization for real-time applications [30]. 

 

CONCLUSION 

This review examined AI-driven Predictive Energy Management Systems (PEMS) for smart 

renewable power grids. Integrating AI algorithms significantly improves short-term 

forecasting and dynamic dispatch performance. Deep Learning models, notably 

Transformers, substantially reduce forecasting errors compared to traditional statistical 

methods. Furthermore, Deep Reinforcement Learning enables autonomous BESS 

management, achieving a 22.7% cost reduction and 38.4% peak shaving. Addressing data 

limitations, model transparency, and cyber resilience through Physics-Informed Neural 

Networks and Federated Learning remains essential for future smart grid implementation. 
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