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ABSTRACT 

Decarbonising the global electrical industry is no longer a faraway objective, but rather a technical 

problem. Nobody predicted ten years ago the speed at which renewable energy projects would grow. But 

the same characteristics that make solar and wind power attractive – their abundance and near-zero 

marginal costs – also pose operational issues when scaled up. Grids designed for predictable, synchronous 

generation are under pressure from weather dependency, spatial and temporal unpredictability, and lack 

of intrinsic inertia. Here, artificial intelligence has grown from an academic curiosity into a crucial 

practical tool. This study covers more than 80 peer-reviewed articles published between 2015 and 2025 in 

journals such as Applied Energy, IEEE Transactions on Smart Grid, Nature Energy, and Energy 

Conversion and Management. It covers several key topics, such as solar irradiance and power forecasting, 

wind farm output prediction, smart-grid dispatch and demand response, energy storage management, and 

condition monitoring with problem diagnosis. Rather than cataloguing approaches, the analysis critically 

considers what has actually enhanced performance, where promises of generality are exaggerated, and 

which problems require continuous study. Across all of these trials, effectively designed AI systems tend 

to cut operating costs by 10-25% and curtailment losses by up to 30%. At the scale of entire continents, 

these gains mean reduced emissions and greater energy security.  

 

Keywords: Artificial intelligence; Renewable energy prediction; Deep learning; Smart grid optimization; 
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1. INTRODUCTION 

In the last ten years, something quietly astonishing has happened in the world’s electricity infrastructure. 

Global renewable energy capacity was over 1,600 GW in 2013. By the end of 2023, that number had more 

than quadrupled to 3,372 GW, with solar photovoltaics and wind turbines accounting for the vast bulk of 

additions [1]. The International Energy Agency (IEA) anticipates that installed renewables capacity will 

exceed 11,000 GW by 2050. This aim is echoed in the nationally defined contributions of more than 130 

nations. But these headline statistics do not convey the operational complexity such a change imposes on 

grid operators, who must balance supply and demand in real time, often to fractions of a hertz. Weather-

driven generation is essentially random. A passing cloud may knock out hundreds of megawatts of solar 
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power in minutes, while an unexpected dip in wind speed at an offshore farm can require costly backup 

capacity to be deployed at short notice. These are not exceptions; they are the everyday reality for system 

operators in Germany, Texas, South Australia, and an ever-growing number of jurisdictions. Classical 

forecasting methods and deterministic optimisation algorithms, created for a world of dispatchable coal 

and gas, are not nimble enough to respond properly. What is needed is something quite different. That’s 

the change that artificial intelligence brings. Machine learning approaches, including gradient-boosted 

ensembles, deep recurrent architectures, and graph-structured networks, may learn patterns in noisy 

meteorological and operational data that are not available to classical statistical methods. Reinforcement 

learning agents can learn near-optimal dispatch algorithms for storage and flexible loads without an 

explicit mathematical description of the system they govern. Physics-informed neural networks generalise 

beyond training distributions by following the governing equations of electromagnetism and fluid 

dynamics. These capabilities span a spectrum of operations, from seconds-ahead frequency regulation to 

multi-year asset maintenance planning. Since 2016, the literature on AI for energy systems has grown 

exponentially to the point that complete coverage is itself a challenge. There are already several dedicated 

evaluations. Wang et al. [9] reviewed deep learning for energy prediction; Zheng et al. [18] reviewed 

physics-informed methods; Cao et al. [11] reviewed multi-agent control architectures. What is probably 

missing in the area is a cross-cutting synthesis that assesses not just what methodologies have been able 

to achieve under controlled settings, but how they have fared and sometimes failed in the face of the 

messiness of live deployment. This review seeks to take such a position. The five areas are discussed in 

order: forecasting solar irradiance and electricity (Section 3), predicting wind power (Section 4), managing 

smart grids and responding to demand (Section 5), optimising energy storage (Section 6), and monitoring 

conditions and diagnosing faults (Section 7). Section 8 offers a frank account of limits, and Section 9 lays 

out the most important avenues for further development. 

 

2. LITERATURE SELECTION AND METHODOLOGY 

The academic literature on the nexus of artificial intelligence and renewable energy has grown at a 

remarkable pace over the last decade, driven by the dual pressures of an accelerating global energy 

transition and a corresponding surge in high-resolution operational data from smart sensors, SCADA 

systems, and satellite-based remote sensing platforms. The product of this scientific endeavour is, all in 

all, rather impressive: proven performance increases, confirmed in dozens of studies across many 

continents, that would have appeared aspirational to grid operators a generation ago. However, a careful 

cumulative reading of this body of work also exposes characteristic blind spots concerning 

generalisability, regulatory compliance, interpretability and the gap between controlled experimental 

conditions and the irreducible complexity of live power systems, which merit frank acknowledgement 

alongside the headline results. The following review is structured thematically along five application 

domains that together cover the vast bulk of published research: (1) solar irradiance and PV power 

forecasting, (2) wind farm output prediction, (3) smart-grid dispatch and demand response, (4) energy 

storage management, and (5) condition monitoring with fault diagnosis. The purpose in each topic is not 

full bibliographic coverage, but critical synthesis: what has really moved the state of the art forward, where 

have methodological limits been underacknowledged, and what are the creative tensions in the field today. 
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2.1 Solar Irradiance and Photovoltaic Power Prediction 

2.1.1 From Persistence Models to Deep Spatio-Temporal Architectures 

This makes solar irradiance and PV power prediction an especially illuminating case study of how the  

field has evolved, given its longer history in the energy AI literature than most other applications. Early 

efforts included persistence-based heuristics, ARIMA models, and NWP-coupled statistical frameworks. 

These were acceptable for long-horizon planning but routinely failed during ramp events and cloud-

induced variability, which are most relevant for intra-day grid balancing. Voyant et al. [1] surveyed the 

first generation definitively, noting that in most climatic settings, machine learning methods clearly 

outperformed purely statistical baselines, but that the field lacked standardised benchmarking protocols 

that would allow meaningful cross-study comparison, a critique that, regrettably, still echoes only partially 

in the literature a decade later. 

The move to deep learning- based solar forecasting began with the widespread deployment of LSTM 

networks. The gating mechanisms in LSTM networks allow them to capture multi- timescale correlations 

in meteorological sequences that shallow designs cannot. An early validation across several climatic zones 

was provided by Abdel- Nasser and Mahmoud [2], who demonstrated the persistent advantage of LSTM 

over radial basis function networks and support vector regression for horizons longer than 6 hours. 

However, a limitation emerged: purely sequential models trained on point time series from individual 

measurement stations failed to capture the spatial structure of irradiance fields as cloud systems move 

across geographical domains and produce correlated variability at physically connected sites. This spurred 

the design of spatiotemporal architectures that integrated convolutional layers to extract spatial features 

and recurrent layers for temporal dynamics.  

The hybrid approach has been rigorously validated by Wen et al. [3], who showed a 24- hour- ahead mean 

absolute percentage error of 3. 3.8 % at a utility PV site in southern China, approximately 14 % below the 

standalone LSTM baseline, using a CNN–LSTM pipeline ingesting gridded NWP fields in addition to 

historical irradiance sequences. The improvement was concentrated on cloudy and transitional weather 

regimes, where spatial information most differentiates the two approaches. Lim et al. [4] pushed the state 

of the art further by selectively attending to static site metadata, observed meteorological time series, and 

known future covariates through separate encoding pathways, and by generating multi- horizon forecasts 

with interpretable attention weights that could be mapped onto known meteorological teleconnections. 

This interpretability, rarely a priority in previous work, has proven commercially important: several grid 

operators have cited explainable reasoning behind forecasts as a precondition for operational adoption, 

making the TFT' s attention mechanism practically as important as its accuracy gains. 

2.1.2 Sky-Image Approaches and Physics-Informed Constraints 

For sub-hourly prediction horizons, where cloud-edge crossing events can produce ramp rates 

unanticipated by NWP, the field has focused on whole-sky photography as the primary input modality. 

Paletta et al. [5] set a strong baseline by training a ResNet-50 architecture on 680,000 sky images from a 

Swiss measurement station, achieving a 15-minute-ahead GHI skill score of 0.42, compared with 0.29 for 

persistence. This represents a 45% improvement and is further explained by physically interpretable 

network behaviour: the model learned to weigh cloud-edge velocities and texture gradients in ways that 

closely match the cues an experienced meteorologist would use. Feng et al. [6] applied this paradigm to a 

physics-informed neural network, using the clear-sky radiative transfer equation as a hard constraint to 

prevent the production of irradiance values that contradict atmospheric physics under atypical sensor or 

weather conditions. This 22% reduction in 30-minute-ahead forecast uncertainty relative to an 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260380800 Volume 8, Issue 3, May-June 2026 4 

 

unconstrained equivalent is especially important because it shows that physical constraints can replace 

additional training data, an important property for newly commissioned installations where historical 

records are scarce. Collectively, the solar forecasting literature demonstrates a consistent evolution from 

statistical point forecasting to hybrid spatiotemporal frameworks that incorporate physical information, 

providing a blueprint for related areas. 

 

2.2 Wind Power Forecasting 

2.2.1 Sequence Models, Decomposition Strategies and Graph Representations 

Wind power forecasting is following the general trend of deep learning architectures, but under a new set 

of physical limitations. Small errors in weather forecasts are dramatically amplified due to the cubic 

dependence of wind turbine output on hub-height wind speed; wake interactions in turbine arrays induce 

aerodynamic coupling at scales below the resolution of numerical weather prediction; offshore boundary-

layer dynamics induce non-stationarities that models trained on onshore data cannot reliably generalise 

across. In a seminal review, Soman et al. [7] comprehensively characterised these challenges and noted 

that no single algorithmic family is likely to dominate across all forecasting horizons and geographical 

settings, a view that has proved prescient, as the field has converged to hybrid and ensemble architectures 

rather than universal solutions. 

For day-ahead wind forecasting at the farm level, attention-based bidirectional LSTMs have proven to be 

a strong foundation. Qu et al. [8] reported an 18.3% reduction in RMSE compared with ARIMA across 

five North Sea offshore farms, with the performance benefit particularly pronounced in partial-wake 

scenarios, where upstream–downstream turbine interactions are temporally dependent. Zhang et al. [9] 

showed that explicit signal decomposition, in which the wind power time-series is decomposed into trend, 

periodic, and stochastic components before each is modelled with a dedicated subnetwork, yields tighter 

prediction intervals than end-to-end approaches, consistent with the broader principle that structurally 

informed architectures tend to outperform agnostic deep networks when the signal contains multi-

frequency components of known physical origin. 

The most theoretically important recent breakthrough in this sector has been the introduction of graph 

neural networks that encode inter-turbine aerodynamic connections as a learnable graph topology, rather 

than treating each turbine as an isolated unit. In addition, Cao et al. [10] showed that using a dynamic 

adjacency matrix to propagate wake-effect information, with weights updated in real time as the wind 

direction rotated, reduced RMSE at the farm level by 12% compared with turbine-independent LSTM 

baselines. Specifically, the learnt adjacency structure showed interpretable agreement with the geometry 

of the Jensen wake model, indicating that the GNN has extracted aerodynamic physics from the 

operational data without any explicit supervision. While this ability to recover physically significant 

structure is encouraging, it remains to be seen whether it holds consistently across farms with varying 

layout geometries, turbine spacings, and terrain effects. 

2.2.2 Market integration and probability forecasting 

The need to operate balancing markets has spurred growing interest in probabilistic wind forecasting 

methods that provide calibrated predictive distributions rather than point estimates. Wan et al. 

\cite{wan2020generative} proposed a generative approach using a variational autoencoder with a 

normalising flow to learn a flexible, non-Gaussian distribution over multi-turbine outputs. Their 90\% 

prediction intervals achieved coverage within 1.2 percentage points of the nominal level across six Inner 

Mongolian wind farms. Such calibration accuracy is often downplayed in the forecasting literature but has 
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important implications for market operations: systematic over-coverage implies unnecessarily high 

reserve procurement costs, while under-coverage can jeopardize system security and thus reduce the 

operator’s confidence in AI-based forecasting tools. The work of Wan et al. establishes a calibration 

standard that should be explicitly required for future probabilistic wind forecasting algorithms. 

 

2.3 Demand Response and Smart Grid Management. 

2.3.1 Real-time dispatch with deep RL 

Reinforcement learning for grid dispatch marks a qualitative shift from the predominantly predictive 

emphasis of solar and wind forecasting research, moving from learning to predict system states to learning 

to act within them. A key justification for this approach comes from the work of Mnih et al. [12], who 

showed that deep Q-networks could learn near-optimal control policies in complex, high-dimensional 

environments using only reward feedback, without task-specific engineering or an explicit model of the 

environment. Translating this capability to grid operations has required overcoming domain-specific 

constraints not apparent in the original Atari benchmark: continuous action spaces, hard safety constraints, 

non-stationarity due to seasonal and demand-pattern evolution, and regulatory requirements for 

explainable and auditable decision-making. 

The most rigorously confirmed demonstration to date of deep RL for grid dispatch was conducted by Yan 

and Xu [13], who employed a twin-delayed deep deterministic policy gradient agent to control a 10 MWh 

battery co-located with a utility-scale solar farm. The agent achieved a 15.4% reduction in daily energy 

procurement costs compared with model predictive control, a technique previously regarded as state-of-

the-art in operational grid management, while keeping the frequency variance within ±50 mHz throughout 

the assessment period. This is the approach’s main operational virtue, but also its main limitation. It is 

impressive that this performance was achieved without a mathematical model of the battery 

electrochemistry or grid topology, but the agent generalises only within the operational envelope of its 

training environment and can exhibit poorly characterised behaviour under distributional shift. This is a 

concern the authors acknowledge, but it merits more systematic investigation than the paper provides. 

Multi-agent reinforcement learning has been proposed as a scaling solution for distributed energy resource 

fleets, which increasingly define current distribution networks. Liu et al. [14] proposed a federated MARL 

framework in a simulated community of 500 prosumers, each running a lightweight local policy that was 

provided with aggregated, but not individualised, neighbourhood information, and achieved a 22% 

reduction in peak demand relative to uncoordinated operation, while respecting individual data privacy 

and aligning with European data protection frameworks that the authors explicitly foreground. Simulation 

literature cannot tell us whether such designs scale consistently to actual networks with varied hardware 

specifications, fluctuating communication latencies, and non-stationary participation rates, and this is an 

essential subject that calls for empirical field validation. 

2.3.2 Coordination of Electric Vehicles and Demand Response 

The growth of electric cars brings with it not only one of the major new sources of load unpredictability 

but also one of the most readily available pools of controlled demand flexibility for distribution networks 

that were not built to accommodate it under existing management frameworks. Shi et al. [15] demonstrated 

the potential of model-free DRL for EV fleet coordination on a real-world network topology, where the 

agent reduced the total fleet charging cost by 19% and voltage magnitude violations at sensitive feeders 

by 31% compared to uncoordinated overnight charging, by concentrating the load during high-renewable, 

low-price periods. The result is interesting not so much for its scale (similar gains have been shown with 
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simpler price-responsive heuristics), but because the agent achieved all of these results at once across cost, 

voltage, and implicit carbon objectives without any manual multi-objective weighting during deployment. 

This suggests that, in this class of applications, reward design rather than algorithmic novelty may be the 

key variable. 

 

2.4 Energy Storage and Battery Health Management Optimisation 

The key to integrating high levels of renewable energy into the grid is battery energy storage. The long-

term economic viability of battery energy storage depends on two largely distinct problems that can be 

addressed using AI: accurate state-of-health estimation to guide asset management decisions and 

intelligent dispatch scheduling to maximise revenue while protecting battery longevity. For instance, Tian 

et al. [16] demonstrated that physics-informed neural networks incorporating electrochemical degradation 

kinetics as trainable soft constraints can achieve SoH prediction errors below 1.2% over 800+ charge-

discharge cycles, using only 30 minutes of current-voltage data per cycle for model training. This data 

efficiency, about two orders of magnitude better than unconstrained architectures for similar accuracy, is 

directly commercially important for second-life battery repurposing, where full cycling histories are rarely 

available and the economic case for reuse depends entirely on reliable capacity assessment. 

On the dispatch side, Bayesian optimisation of charge and discharge rate profiles, using Gaussian process 

surrogates of the underlying electrochemical system, extended simulated battery calendar life by 30% 

without reducing usable energy throughput, a finding with significant implications for total cost of 

ownership calculations that drive storage investment decisions [10]. For large-scale, long-duration assets, 

Zheng et al. [17] have shown that hybrid designs combining model predictive control with recurrent neural 

networks, which correct for system non-linearities, always outperform pure-physics or pure-learning 

techniques. Their multi-dam cascade hydro system-maintained dispatch was feasible in 99.7% of 

operational intervals and reduced yearly spillage losses by 8%. There is enough consistency in the 

emerging pattern across the battery and hydro literature to make a general observation: neither physics-

based nor data-driven approaches alone reliably achieve top-quartile performance. The productive frontier 

in storage AI lies in architectures that exploit physical models for structural guidance while using learning 

to correct discrepancies those models systematically fail to capture. 

 

2.5 Condition monitoring, fault diagnosis and maintenance prediction 

The business case for AI- based condition monitoring in renewable energy is straightforward. Assets are 

increasingly deployed in remote regions or harsh climatic conditions, where unplanned downtime is 

disproportionately costly and routine inspection is logistically challenging. Zhao et al. [18] developed a 

benchmark for wind turbine failure detection by training a sparse autoencoder on 18 months of normal- 

operation SCADA data from 50 turbines and using the reconstruction error as an unsupervised anomaly 

score. Over a 24- month validation period at a 200 MW farm, the system achieved a 99. 1% true- positive 

detection rate, a 0. 8% false- positive rate, and an average alarm lead time of 11 days before actual failure, 

sufficient to enable scheduled maintenance under normal logistics constraints. The autoencoder approach 

is well suited to the class- imbalance problem in fault data: abnormal conditions need not be observed 

during training, so the model is not constrained by the chronic paucity of labelled fault examples in 

supervised classification, which can lead to poor generalisation over failure modes not seen in the training 

set. 

Thermographic flaw detection is becoming one of the most important AI applications in the solar industry.  
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Pierdicca et al. [19] showed that an Efficient net- B 4 architecture trained on 47, 000 labelled infrared cell 

images achieved 97. 4% classification accuracy across six fault categories: soiling, hotspots, micro- 

cracks, bypass- diode failures, shading, and manufacturing defects. This reduced the time needed for the 

diagnostic survey of a 100 MW PV installation from three days with human analysts to four hours under 

a drone- AI pipeline. This throughput gain implies a revolution in operations, making high- frequency 

inspection economically practical for the first time and opening the potential for routine quarterly 

inspections that would detect performance decline years before it would be detected in output monitoring. 

Extensions of this work to federated learning, which collaboratively trains diagnostic models across 

multiple asset owner portfolios without sharing the underlying operational data, have achieved accuracy 

within 1. 5 percentage points of centralised training [20], a negligibly small performance cost for data 

privacy compliance that is becoming a requirement for institutional asset owners. 

 

2.6 Research gaps identification and synthesis 

Taken as a whole, the literature discussed above constitutes a record of real and often substantial technical 

development. In each of the 5 application fields, well-designed AI pipelines have been shown to deliver 

gains in accuracy, cost efficiency, or fault-detection capabilities that traditional statistical and rule-based 

approaches cannot match. Taken together, this evidence is sufficient to show that AI is a required, not 

merely beneficial, element in modern renewable energy management systems. But an honest synthesis 

also reveals a number of fundamental flaws to which the discipline has been remarkably slow to respond. 

Generalisation across sites and climate regimes is the most common and unresolved constraint. The bulk 

of published AI energy models are validated on retrospective single-site datasets under settings that 

implicitly assume stationarity. It is well known, albeit rarely quantified systematically or addressed with 

principled domain adaptation strategies, that models trained on clean public benchmark data degrade in 

performance when deployed at new sites with different climatic regimes, sensor configurations, or grid 

topologies. Wang et al. [21] clearly highlighted this shortcoming in their evaluation of deep learning for 

renewable forecasts, emphasising the need for multi-site cross-validation methods as a minimal 

benchmark; four years later, this level remained the exception rather than the rule in published work. 

Approaches such as transfer learning and meta-learning are beginning to address this challenge [3], but a 

rigorous definition of how much domain shift a particular architecture can tolerate before retraining is still 

lacking. 

The second structural gap is the decoupling of prediction accuracy and operational value, with clear 

consequences for research priorities. Forecasting articles generally report accuracy metrics such as RMSE, 

MAPE, and skill scores – without tracing the downstream ramifications of such improvements across the 

operational and economic systems they are designed to serve. What are the real reserve procurement cost 

savings from a 14% MAPE decrease, given the particular reserve market structure and balancing 

mechanism of a certain grid? How does uncertainty in solar estimates propagate into energy storage 

dispatch choices and eventually into curtailment losses? However, these problems require end-to-end 

simulation studies that most forecasting articles do not attempt. The result is a literature that is precise 

about algorithmic performance but imprecise about economic effects, and that mismatch restricts its value 

to grid operators and energy investors. 

The third cluster of under-addressed concerns comprises interpretability, regulatory compliance, and 

cybersecurity. Most jurisdictions have legal requirements for grid operators and energy regulators to 

operate under the umbrella of IEC 61968, NERC CIP reliability standards, and the EU AI Act’s emerging 
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requirements for high-risk automated decision systems, which impose auditability obligations on control-

loop actions that black-box deep learning models and reinforcement learning agents currently do not 

satisfy. Explainable AI approaches such as SHAP attribution and attention visualisation have been used 

to forecast models, with positive preliminary results [4], but applying meaningful interpretability to 

closed-loop control agents in real-time grid applications remains largely unresolved. Simultaneously, the 

proliferation of AI-connected endpoints in smart meter networks and distributed energy resources 

substantially enlarges the cyber-attack surface of power systems. The adversarial robustness of energy AI 

models to data-poisoning and model-inversion attacks is an under-researched domain, and its oversight 

poses an operational risk that the literature has not sufficiently quantified [14]. The present study attempts 

to fill some of the above-described gaps. Section 3 describes the unique contributions and methodological 

differences from previous work. 

 

Table 1.  Selected AI Methods and Quantified Outcomes Across the Five Review Domains 

Application Domain Principal AI Methodology Reported Performance 

Gain 

Key 

Refs. 

Solar PV Output 

Forecasting 

Spatiotemporal CNN–LSTM MAPE 3.8 % at 24-h horizon [5, 8] 

Wind Farm Power 

Prediction 

Bidirectional LSTM + self-

attention 

18.3 % RMSE reduction vs. 

ARIMA 

[10, 12] 

Grid Dispatch & Load 

Balancing 

Twin-Delayed DDPG (TD3) 15.4 % daily energy cost 

reduction 

[6, 14] 

EV Fleet Smart Charging Multi-Agent Reinforcement 

Learning 

22 % peak-demand reduction [9, 17] 

Fault & Anomaly 

Detection 

Sparse Autoencoder + SVM 99.1 % true-positive 

detection rate 

[10, 19] 

Battery Storage Dispatch MPC augmented with RNN 30 % extended cycle life [11, 18] 

 

3. SOLAR IRRADIANCE AND POWER FORECASTING 

3.1 Day-ahead and hourly forecasting 

The day-ahead projections of solar energy are likely the most commercially valuable AI output in current 

power systems for grid scheduling and electricity market participation. Before 2018, gradient-boosted 

machines, support vector regression, and shallow neural networks trained on numerical weather prediction 

(NWP) outputs constituted the state of the art. These approaches performed well on clear-sky days but 

considerably worse under broken-cloud conditions, as coarse NWP grids could not properly capture cloud-

induced variability in irradiance. This has changed drastically with the trend towards deep spatiotemporal 

structures. 

Wen et al. [5] were among the first to demonstrate the benefits of fusing convolutional and recurrent layers 

into a single solar forecasting pipeline. Their CNN–LSTM model takes NWP fields as spatial tensors and 

learns temporal dependencies in historical irradiance sequences, achieving a mean absolute percentage 

error of 3.8% for 24 h-ahead global horizontal irradiance at a test location in southern China, about 14% 

better than a standalone LSTM benchmark. That margin might seem small, but at the scale of a utility PV 

fleet, it translates into dramatically reduced balancing costs. Later, Lim et al. [6] proposed the Temporal 

Fusion Transformer, which uses several encoder streams to attend to static metadata, past inputs, and 
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future variables known at prediction time. When applied to multi-site irradiance forecasting, the 

architecture provided interpretable attention weights that aligned well with meteorological intuition, a 

valuable quality given that model confidence mattered greatly in operational energy contexts. 

3.2 Sub-Hourly Forecasting and Sky Image Techniques 

Ramp events – rapid changes in PV output caused by clouds passing over the PV array – can destabilise 

distribution feeders within seconds to minutes, a timescale too fast for NWP-based systems and requiring 

fundamentally different input modalities. Ground-based whole-sky imagers near PV installations provide 

continuous observations of the cloud field, yielding fine-grained spatial and temporal information on 

impending irradiance changes. Paletta et al. [7] used a ResNet-50 architecture trained on 680,000 sky 

photos recorded over three years at a Swiss test location and achieved a 15-minute-ahead GHI skill score 

of 0.42, which is 45% better than the persistent baseline, the typical naïve comparison. Crucially, the 

network learned to attend to cloud-texture and shadow-edge velocity characteristics that a domain expert 

would immediately recognise as physically important, even though they were not part of the training 

objective. 

Satellite cloud motion vectors provide a complementary technique at somewhat longer horizons. Feng et 

al. [8] demonstrated that using the clear-sky radiative transfer equation as a hard constraint in a physics-

informed neural network reduced prediction uncertainty 30 minutes ahead by 22% compared to an 

analogous unconstrained model. This restriction prevents the model from producing irradiance values that 

violate conservation laws. This is a minor but significant safety measure. Purely data-driven models 

occasionally produce physically implausible outputs during sensor malfunctions or unusual atmospheric 

conditions. Transfer learning has also solved the long-standing practical problem of data scarcity at newly 

commissioned PV sites: pre-training on a large heterogeneous multi-site corpus and subsequently fine-

tuning with as little as 30 days of local data have achieved parity in accuracy with models trained on 18 

months of local records [9], thus reducing commissioning overhead and enabling AI forecasting for 

smaller installations in emerging markets. 

 

4. WIND POWER FORECAST 

4.1. Deterministic farm scale forecast 

It is arguable that wind power is a harder forecasting target than solar. The cubic relationship between 

wind speed and turbine output means that slight meteorological errors are substantially magnified; there 

are internal aerodynamic dependencies arising from wake interactions in large turbine arrays that are not 

resolved by NWP models, and there is additional complexity from offshore boundary-layer physics. The 

shift from ensemble-averaged regression models to deep sequence architectures has resulted in 

considerable, if not infinite, advances. Qu et al. [10] showed that a bidirectional LSTM with an additional 

self-attention mechanism lowered the day-ahead RMSE by 18.3 % compared to ARIMA on five North 

Sea offshore wind farms, with the performance benefit most obvious in partial-wake circumstances. The 

model was able to leverage antecedent and delayed atmospheric patterns through this bidirectional 

processing, which is not available to ordinary unidirectional recurrent networks. 

Wind farm modelling with graph neural networks is a qualitative breakthrough because turbine-to-turbine 

connections are encoded as a learnable graph structure. Cao et al. [11] showed that transmitting wake-

effect information through a dynamic adjacency matrix reduced RMSE by an additional 12% compared 

with turbine-independent LSTM models. The adjacency weights evolved as the wind direction rotated, 

successfully internalising the farm’s aerodynamic coupling structure from operational data alone. This 
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finding implies that GNNs may recover domain knowledge about wake physics without it being hard-

coded by the engineer. 

4.2 Probabilistic and Interval Predictions 

The system operators are interested not only in the most likely wind output for a given hour but also in a 

probability distribution over outcomes to set reserve margins and price ancillary services effectively. This 

has led to growing interest in probabilistic forecasting approaches that generate calibrated prediction 

intervals rather than point estimates. For multi-step wind power forecasting, Zhang et al. 

\cite{zhang2017multi} demonstrated that a hybrid architecture based on a deep belief network and single 

spectrum analysis produced narrower 90\% prediction intervals than standalone SVR or ARIMA 

benchmarks. In a generative approach, Wan et al. [13] combined a variational autoencoder with a 

normalising flow to learn a flexible, non-Gaussian output distribution. The resulting intervals achieved 

coverage probabilities within 1.2 percentage points of the nominal across six farms in Inner Mongolia, 

indicating genuine probabilistic calibration rather than merely conservative interval widths. Such 

calibration is not cosmetic: it directly affects the effectiveness of balancing markets and the volume of 

unneeded reserve buying. 

 

5. DEMAND RESPONSE AND SMART GRID MANAGEMENT 

5.1 Reinforcement Learning for Energy Dispatch 

Formulating grid dispatch as a sequential decision problem, in which an agent observes the system's status, 

selects an action, and receives a reward signal representing operational cost or stability, is both 

theoretically elegant and practically powerful. The past challenge was that model-free reinforcement 

learning required extensive interaction with the environment to converge, which was unrealistic for safety-

critical infrastructure. With experience replay, target networks, and actor-critic architectures, the 

mathematics has evolved significantly. Yan and Xu [14] used a twin-delayed deep deterministic policy 

gradient agent to operate a 10 MWh battery co-located with a utility-scale solar farm, formulating the 

problem as a continuous-action control problem with five-minute decision intervals. The agent learned 

this policy solely from reward feedback in simulation, without a mathematical model of the battery 

electrochemistry or the grid. The policy was benchmarked against a sophisticated model predictive control 

approach and achieved a 15.4% reduction in daily energy procurement cost while keeping the grid 

frequency deviation within $\pm$50 mHz during the validation period. 

This is when centralised DRL techniques reach their scalability limit. As fleet size grows, a single agent 

handling thousands of dispersed energy resources faces an intractably large action space and requires 

centralised telemetry, which conflicts with the data architectures of many distribution networks. Multi-

agent reinforcement learning, in which each resource runs its own learning agent that coordinates via 

shared reward signals or limited communication channels, tackles both problems concurrently. Liu et al. 

[15] presented a federated MARL architecture in a simulated community of 500 prosumers, where each 

prosumer runs a lightweight local policy and receives aggregated (never individual) information from 

neighbours. Peak demand was reduced by 22% compared with uncoordinated operation, and no individual 

consumption data left the prosumer's premises, a design that clearly complies with European data 

protection requirements. It remains to be seen whether such frameworks can be safely scaled to real 

networks of tens of thousands of nodes, but the architectural blueprint is intriguing. 

5.2 Electric Vehicles as Grid-Controllable Assets 

Electric cars present a fascinating contradiction: they are both among the fastest-growing sources of load  
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unpredictability and among the most accessible sources of controlled flexibility on the distribution grid. 

If charging is smartly organised, an EV fleet parked overnight across a city has enough aggregate stored 

energy to serve as a large virtual battery. Shi et al. [16] demonstrated this potential using a model-free 

DRL controller that managed a fleet of 1,000 simulated EVs on a real-world distribution network 

architecture. Compared with uncontrolled nighttime charging, the agent may reduce the total fleet charging 

cost by 19% and voltage magnitude violations at sensitive feeders by 31%. The agent achieved this by 

shifting load to low-price, high-renewable periods, thereby treating EV batteries as a demand-response 

resource without explicit rule coding. The broader takeaway is that simple reward restructuring allows the 

same AI architecture to be redeployed for voltage support, frequency response, or carbon-minimising 

dispatch. This multi-objective flexibility is what makes DRL particularly desirable at the distribution level. 

.  

6. OPTIMIZATION OF ENERGY STORAGE 

Battery storage is both the enabler and the Achilles’ heel of high-renewable power systems. Intermittent 

generation can’t reliably meet demand without sufficient storage; with poorly managed storage, capital-

intensive assets depreciate prematurely or are dispatched suboptimally, undermining the financial 

rationale for investment. AI has begun to address two aspects, albeit with distinct techniques. In particular, 

some physics-informed neural networks (PINNs) that include electrochemical degradation kinetics as 

trainable soft constraints have shown promise for state-of-health estimation, i.e., predicting the remaining 

capacity of a lithium-ion cell after a certain number of cycles. Tian et al. [17] report SoH prediction errors 

below 1.2% over more than 800 charge-discharge cycles, using a model trained on only 30 minutes of 

current-voltage data per cycle. Such data efficiency is impossible with pure black-box networks and is 

especially useful in second-life battery applications where full cycling histories are not available. 

On the dispatch side, the question is when to charge, when to discharge, and at what rate. This is a 

sequential optimisation problem whose optimal solution varies with energy pricing, renewable 

availability, and real-time battery deterioration. In controlled tests, Gaussian process surrogate models of 

the underlying electrochemistry were used to perform Bayesian optimisation of charge/discharge rate 

profiles, extending simulated battery calendar life by 30% without reducing usable throughput [11]. For 

long-duration assets such as pumped hydro and compressed-air storage, hybrid designs that combine 

model predictive control with recurrent neural networks to address system non-linearities have 

consistently outperformed either strategy alone. Zheng et al. [18] showed that such a hybrid-maintained 

dispatch feasibility in 99.7% of operating periods for a multi-dam cascade in Sichuan Province, while 

reducing annual spillage losses by 8%, a meaningful reduction given the vast installed capacity of the 

region's hydroelectric assets. One recurrent lesson from the literature on batteries and hydro is that purely 

physics-based and purely data-driven methods have blind spots that can be addressed through smart 

hybridisation. 

 

7. DIAGNOSIS AND PREDICTIVE MAINTENANCE OF DEFECTS 

Increasingly, renewable energy assets are being sited in remote and costly locations: offshore platforms, 

desert solar fields and high-altitude ridgelines. In such environments, unplanned downtime is not just 

operationally disruptive but can also represent a large share of annual income. The cost of a single 

significant gearbox failure on a large wind turbine, including lost generation and mobilisation expenses, 

can exceed 300,000€. Predictive maintenance – that is, detecting deterioration before it turns into a 

breakdown – is therefore a commercially urgent capability, and AI is particularly well suited to it, because 
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the signatures of incipient faults are often subtle and multivariate, buried within high-dimensional SCADA 

streams that no human analyst could continuously monitor. 

Zhao et al. [19] trained a sparse autoencoder on 18 months of normal SCADA recordings from 50 wind 

turbines at a 200 MW farm in Xinjiang, yielding a compact representation of healthy system behaviour. 

Anomaly scores were deviations from that representation, derived from reconstruction errors, and 

triggered maintenance notices. Over a 24-month validation period, the system detected 99.1% of true 

positives with a false-positive rate of only 0.8%, far better than threshold-based monitoring systems, which 

generate so many false alarms that operators learn to ignore them. The average lead time between the 

signal and the actual failure was 11 days, providing an adequate buffer for planned intervention under 

normal logistics constraints. Solar asset diagnostics poses a separate set of issues. Hotspots, cell 

microcracks, bypass diode failures, and soiling all have unique thermal signatures that may be seen in 

infrared drone scans, but output-based monitoring cannot detect these faults until deterioration has already 

progressed significantly. Pierdicca et al. [20] trained an EfficientNet-B4 architecture on a labelled dataset 

of 47,000 thermographic cell images and achieved 97.4% classification accuracy across six failure types. 

The practical payoff was dramatic: diagnostic survey time for a 100 MW PV plant dropped from three 

days with human analysts to four hours under the drone-AI pipeline, a compression that makes high-

frequency inspection economically possible for the first time. Since then, federated learning has been 

explored as a way to train shared diagnostic models across multiple PV owner portfolios without any 

participant needing to share proprietary operational records; preliminary results indicate accuracy within 

1.5 percentage points of centralised training [9], a negligibly small degradation for the sake of complete 

data privacy. 

 

8. ONGOING CHALLENGES AND CANDID LIMITATIONS 

It would be intellectually dishonest to review this topic without noting the difference between what AI 

approaches do in a controlled research context and what they provide, or sometimes fail to provide, in a 

live operating environment. A number of difficulties continue to recur with sufficient regularity to merit 

detailed study. 

Many deployment failures never reach academic journals because of data quality and representativeness 

issues. Operational energy records are often private, infrequently sampled, corrupted by sensor drift, and 

highly class-imbalanced, favouring normal conditions over uncommon but important fault incidents or 

extreme weather events of greatest interest. Models are typically benchmarked on clean, curated public 

datasets but suffer significant performance degradation when retrained on messy, site-specific data [5]. 

This is not a trivial technical annoyance; it is a systemic obstacle to technology transfer that the community 

must overcome through coordinated open-data initiatives and domain-adaptive training methodologies. 

The biggest institutional challenge to AI implementation in transmission and distribution is interpretability 

and regulatory approval. Most jurisdictions’ grid codes and reliability requirements require control actions 

to be explainable, auditable, and defensible under post-event regulatory examination. … There is no audit 

trail from a deep reinforcement learning agent that learned to shed load in a certain sequence because its 

cumulative reward was slightly higher in simulation. Applying explainable AI techniques such as SHAP 

attribution, LIME approximations, and attention-weight visualisation to forecasting models has yielded 

promising initial results [6], but extending meaningful interpretability to closed-loop control agents 

remains an underexplored and unresolved problem. Regulatory frameworks will have to consciously 
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evolve with technology [14], since standards such as IEC 61968 and NERC CIP were not established with 

autonomous AI decision-makers in mind. 

The computational delay imposes significant limits on applications such as frequency regulation and 

voltage control, which require responses faster than 100 milliseconds. Headline forecast accuracy in deep 

neural networks may be too sluggish for primary frequency response when inference is performed on 

general-purpose data-centre hardware. Active research areas include model compression techniques such 

as structured pruning, reduced-precision quantisation, and knowledge distillation into lightweight student 

networks [16], each of which involves accuracy trade-offs that must be rigorously characterised for every 

safety-critical application. There are no free lunches here. A cybersecurity vulnerability in AI integration 

in energy systems remains largely under-researched. Each learning endpoint is a potential vector for 

adversarial manipulation. A learning endpoint is a smart meter, a grid sensor, or an EV charging controller 

that communicates data to a centrally trained AI model. Poisoning attacks, in which an adversary provides 

deliberately prepared false readings to impair model performance or induce unsafe dispatch decisions, 

have been demonstrated in simulation against a number of architectures considered in this research [15]. 

The conventional perimeter security approach in the energy sector does not align well with AI-driven 

systems, whose attack surface is distributed across possibly millions of edge devices. 

 

9. FUTURE RESEARCH DIRECTIONS 

Where should the field focus its efforts over the next 5-10 years? The above study points to five directions 

that are both technically mature and strategically relevant. 

9.1 Foundation Models for Energy Time Series 

The success of large pre-trained language and vision models has shown that general-purpose feature 

representations learned from diverse texts can outperform task-specific architectures trained from scratch 

on much less data. An analogous paradigm for energy systems foundation models, pre-trained on 

operational time series across hundreds of grids with multiple technologies and sites and then fine-tuned 

for site-specific forecasting or control, could drastically reduce data requirements for AI deployment at 

new installations and improve robustness to distributional shift. Early attempts are emerging, but the 

industry still needs curated, standardised pre-training datasets to make such models truly practical. 

9.2 Digital Twins for Safe Policy Learning 

A major challenge for reinforcement learning in grid applications is that exploration, the process by which 

an agent learns good actions, cannot be safely performed on a live power system. High-fidelity digital 

twins that combine physics-based power-flow simulators with stochastic weather and demand models 

would provide safe sandboxes for training, stress testing, and certifying AI controllers before deployment. 

The computational cost of real-time co-simulation at grid scale remains a practical barrier, but advances 

in emulation and surrogate modelling are making it increasingly feasible. 

9.3 Causal inference and robustness to out-of-distribution 

Most existing energy AI models are correlation-based rather than causation-based. They learn statistical 

patterns from historical data without modelling the underlying generative processes. When conditions shift 

outside the training data—such as heatwave-induced surges in demand never observed before—these 

purely correlational models may fail in poorly understood and potentially dangerous ways. A systematic 

way to handle out-of-distribution occurrences is to learn the causal links in power system dynamics using 

models that define the structural equations. Physics-informed neural networks offer a good start, but a 

full-fledged causal framework for energy systems management is still missing. 
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9.4 AI for Green Hydrogen and Cross-Sectoral Coupling 

Electrolysis powered by renewable energy is increasingly viewed as an important long-term energy carrier 

for decarbonising hard-to-abate industrial and transport sectors. Scheduling electrolysers to optimise 

across fluctuating power costs, hydrogen demand patterns and storage inventory levels is a challenging 

stochastic optimisation problem ideally suited to model-free reinforcement learning. Early studies indicate 

that AI-managed electrolysis can reduce hydrogen generation costs by 8-12% compared with fixed-

schedule operation. However, deployment-validated findings are scarce, and the literature is limited. 

9.5 Federated and Privacy-Preserving Learning at Large-Scale 

As data-producing assets proliferate across distribution networks, centralised AI training, in which raw 

operational data is pooled at a utility data centre, raises privacy concerns and creates a communications 

bottleneck. Federated learning enables AI to scale horizontally across thousands of prosumers without 

sacrificing data sovereignty by sharing model gradients rather than raw data. The main technological 

challenge is statistical heterogeneity that arises when participating countries exhibit highly varied 

consumption patterns, technology combinations and data quality levels. Robust federated aggregation 

techniques for non-IID energy time series are an active research topic with direct relevance to the future 

of distributed energy. 

 

10. SUMMARY 

The justification for artificial intelligence in renewable energy management is no longer based on 

theoretical promise but on a growing body of empirical data from real-world assets, grids, and operating 

settings. This research has reviewed evidence across five domains, ranging from sub-hourly solar 

irradiance forecasting to long-term battery degradation prediction. The recurring conclusion is that well-

designed AI pipelines deliver performance advantages that conventional statistical and rule-based 

approaches cannot match. 

That said, a frank assessment of the literature also reveals a field that is, at times, excessively enthusiastic 

about generalisability. Results based on pristine benchmark datasets in one location may require 

significant re-engineering to deploy in settings with varied data quality, regulatory restrictions, or grid 

topologies. A cultural shift towards honest characterisation of failure modes alongside headline 

performance metrics, and towards open datasets that enable independent reproducibility, norms well 

established in computer vision and natural language processing but not yet standard practice in energy AI 

research, would benefit the community. 

There is no question about the systemic importance of what is being undertaken. However, at scale, 

managing high-renewable power systems with the accuracy and responsiveness required by the net-zero 

shift is beyond the capabilities of any human workforce or rule-based automation framework alone. Here, 

artificial intelligence is not an extra optimisation tool but a fundamental infrastructure. Doing it correctly, 

both technically and institutionally, is one of the defining engineering problems of the next decade. 
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