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Abstract: To increase the penetration of renewable energy sources while maintaining grid dependability, precise forecasting of
photovoltaic (PV) electricity and intelligent energy management have become essential. For end-to-end PV forecasting and
plant/microgrid management, this study reviews and summarizes current (post-2020) developments in artificial intelligence (Al),
such as deep learning (DL), transformers, probabilistic learning, reinforcement learning (RL), and federated learning (FL). We
introduce an integrated architecture that connects inverter management, fault diagnostics, optimal dispatch with battery storage,
maximum power point tracking (MPPT), Al-based forecasting (both probabilistic and point), and data intake. The impact of Al-
ready predictions and RL-style energy management on battery state-of-charge (SoC), curtailment, and forecast error distributions is
illustrated using a lightweight simulation. There includes discussion of practical issues like as standards, explainability, domain
shift, dataset curation, and cyber-security. A design checklist and open research directions are included at the end of the work.

IndexTerms - Energy management system, MPPT, federated learning, probabilistic forecasting, transformers, photovoltaic
forecasting, reinforcement learning, and fault diagnostics.

I. INTRODUCTION

Solar photovoltaic (PV) energy has become the world's fastest-growing power source thanks to favorable legislative frameworks,
ongoing technological cost reductions, and the urgent demand for carbon-neutral energy systems. Recent assessments claim that
solar PV has become a key component of the shift to sustainable energy, surpassing other renewable technologies in yearly capacity
increases. However, operators of energy systems face significant difficulties due to the intrinsic unpredictability and intermittency
of PV power. PV power generation shows considerable temporal and geographical variability as solar output is strongly influenced
by meteorological factors such cloud cover, irradiance variations, temperature swings, and seasonal trends. Long-term planning,
real-time balancing, and short-term scheduling are all made more difficult by this unpredictability, especially in power systems with
significant PV penetration. Keeping the grid stable, avoiding curtailment.

Therefore, more sophisticated solutions are needed to ensure grid stability, avoid curtailment, and maximize the use of renewable
energy sources than conventional statistical or rule-based approaches. Recently, artificial intelligence (Al) has become a game-
changing tool for solar integration. Particularly, developments in reinforcement learning for control and decision-making and deep
learning for time-series forecasting offer strong frameworks to handle the dual problems of operational flexibility and
unpredictability. Al techniques, in contrast to traditional methods, can capture intricate non-linear dependencies between
environmental factors and PV output, increasing forecast accuracy over a variety of time horizons, from day-ahead forecasts
necessary for market participation to sub-hourly predictions crucial for intra-day dispatch. Al-based decision models also make it
possible to manage PV assets and hybrid microgrids in a dynamic, data-driven manner, constantly adjusting to shifting system
circumstances and uncertainties.[1]

Al techniques are excellent at capturing extremely complex, non-linear dependencies between environmental variables—such
as solar irradiance, temperature, humidity, and cloud dynamics—and the resulting PV power output, in contrast to traditional
statistical and physics-based approaches, which frequently rely on linear assumptions or simplified weather models. Forecast
accuracy across a variety of time horizons is greatly increased by this capacity. For example, day-ahead and multi-day forecasts are
essential for energy market participation, long-term planning, and reserve allocation, while sub-hourly predictions are critical for
intra-day scheduling and real-time dispatch choices. [2]

In addition to forecasting, Al-driven decision models provide data-driven, dynamic control of hybrid microgrids, energy storage
systems, and photovoltaic assets. These systems can continually learn and maximize performance under uncertainty, efficiently
responding to oscillations, thanks to reinforcement learning and other adaptive control mechanisms in market pricing, demand, and
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generation. In addition to increasing grid resilience and dependability, this also boosts economic efficiency, lessens dependency on
fossil fuels, and quickens the shift to a more sustainable, carbon-neutral energy future. [3]

Two closely related and complimentary levels of smart solar integration are the main topics of this paper:

1.1 Forecasting Layer

Al-based forecasting models for PV electricity and solar irradiance. These include probabilistic predictions that quantify
uncertainty by generating scenario ensembles or confidence intervals, and deterministic (point) forecasts that offer estimates for
baseline generation. Because these probabilistic methods enable risk-aware scheduling, reserve allocation, and market bidding
procedures, they are very beneficial for and aggregators. [4]

Goal:

Uses Al approaches to forecast PV power output and solar irradiation.
Serves as the basis for decisions about operations and the market.
There are two main types of forecasts:

Point Predictions [5]

-Give a single best-estimate for PV generation in the future.
-Act as the starting point for scheduling and planning.
-Uncertainty is not captured, but interpretation is simple.

Adjusted Probabilistic Predictions

-Provide a variety of potential outcomes to capture uncertainty.

Verbalized by:

-Intervals of prediction (e.g., 90% confidence bands).

-Ensembles of scenarios (several conceivable future paths).

-Predicted probability and actual observations are guaranteed to match through calibration.

Why Probabilistic Forecasting Is Important?

It is used more in contemporary power systems, takes unpredictability into account to provide risk-aware scheduling, encourages
reserve allocation to preserve grid stability enhances market participation tactics, including trading, hedging, and bidding increases
system stability and economic efficiency. [6]

Management Layer

The management layer, which focuses on intelligent control and real-time optimization to guarantee both technical efficiency
and financial value, serves as the operational foundation of Al-driven photovoltaic (PV) systems. Fundamentally, Al improves
Maximum Power Point Tracking (MPPT) by enabling adaptive algorithms that continually determine and modify the PV modules'
operating point to maximize energy extraction under dynamically fluctuating temperature and irradiance circumstances. This
guarantees the best possible use of solar energy even in the event of partial shade or erratic weather. [7]

Al is essential for inverter and grid interface coordination in addition to energy extraction. With the use of Al-based controllers,
modern inverters may offer ancillary services like reactive power compensation, frequency support, and voltage regulation,
enhancing grid stability and enabling greater levels of penetration of renewable energy.

Intelligent storage dispatch is another crucial feature of this layer, where Al models decide when to charge or discharge batteries
to minimize intermittency, smooth out short-term variations in PV production, and maximize total energy expenses. Storage systems
that incorporate predictive analytics can foresee market price signals, demand peaks, and grid disruptions, guaranteeing that energy
is used as profitably and efficiently as possible. [8]

Demand-side management (DSM), where Al allows for flexible and adaptive regulation of power usage, is another area of the
management layer. DSM maximizes self-consumption while minimizing grid stress by coordinating customer demand with solar
energy supply through load shifting, demand response, and smart appliance scheduling.

Lastly, two essential components of Al-driven PV management are defect detection and predictive maintenance. To minimize
downtime, save operating costs, and increase asset longevity, advanced diagnostic models can evaluate sensor data, spot anomalous
patterns, and spot early indications of equipment deterioration or defects. [9]

When combined, these Al-powered features turn PV systems from passive power plants into intelligent, engaged members of
contemporary energy networks. They improve the economic value of solar systems by facilitating cost reductions, revenue
optimization, and smooth integration into future smart grids, in addition to their technical performance through increased efficiency,
stability, and dependability.

This study suggests a modular edge—cloud architecture designed for Al-enabled solar systems to successfully close the gap
between state-of-the-art research and widespread real-world implementation. This architecture ensures real-time responsiveness
while preserving scalability and cost effectiveness by striking a balance between the advantages of cloud computing and edge
computing. [10]

Computing resources are directly deployed at the plant, inverter, or microgrid controller at the edge level. This makes low-
latency processing possible, guaranteeing that vital control operations—Iike protection, fault detection, inverter control, and
Maximum Power Point Tracking (MPPT)—can be carried out in real time without depending on distant servers. Additionally, edge
intelligence ensures a high level of local autonomy, which is especially useful in situations where cloud communication links may
be spotty, slow, or restricted. [11]
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Simultaneously, the cloud layer offers the processing and storage power required for extensive activities. Large datasets gathered
from several PV plants, weather sensors, and market signals are used in the cloud to perform tasks including big data analytics,
long-term trend analysis, model training, and system-wide optimization. Advanced forecasting models, optimization algorithms,
and decision-making techniques may be improved thanks to this centralized intelligence. These can then be updated on a regular
basis and sent to the edge for real-time execution.

The design facilitates the scalable, low-latency, and economical operation of PV energy systems by smoothly combining these
two levels. Because of the framework's modular architecture, utilities, microgrid operators, and independent power producers can
adopt it based on their operational needs, system size, and resource availability. [12]

In the end, this dual-layer strategy offers a strong means to improve the effectiveness, dependability, and sustainability of PV
systems by fusing intelligent forecasting at the cloud level with adaptive control at the periphery. It speeds up the shift to smarter,
Al-driven power grids that can satisfy future energy demands in addition to facilitating the safe and reliable grid integration of
renewable energy.

The organization of this paper is as follows:

Section 1 Talks about the introduction of work and base of research paper.
Section 2 presents the background and problem formulation.

Section 3 describes the artificial intelligence for photovoltaic forecasting.

Section 4 Is about artificial intelligence for photovoltaic control and management.

Section 5 details the configuration of the solar irradiance, PVDC power, MPPT, battery state of charge, histogram of PV power
etc. The whole work is performed in MATLAB.

Section 6 presents the comparative study of conversation and useful advices.

Section 7 Compliance, Interoperability, and Standards.

Section 8 conclusion and upcoming projects and after that references of the research paper.

I1. BACKGROUND AND PROBLEM FORMULATION

2.1 PV Power and Data Sources [13]
Let Pt denote the PV power output at time t. A simplified functional mapping can be expressed as:

Pt = f (Gt, Tt, Xt)
where:

. Gt represents the global horizontal irradiance (GHI),
. Tt_denotes the PV module temperature, and
+  Xtsummarizes ancillary explanatory features.

The ancillary features Xt typically include:

. Meteorological variables: wind speed, humidity, and cloud cover,

. Image-based data: sky cameras or satellite imagery capturing cloud movement,

. Numerical Weather Prediction (NWP): mesoscale forecasts of irradiance and temperature,
. Calendar features: season, day-of-week, and time-of-day effects,

. Spatial context: neighboring PV sites or regional irradiance indices.

The forecasting task is to estimate:
Pt + 1 for horizonst € {1,2, ..., H},
where HHH denotes the maximum forecast horizon (e.g., minutes to days ahead).

For risk-aware decision-making, point forecasts alone are insufficient. Thus, probabilistic forecasting is required, which can be
represented as:

. Predictive quantiles
. Q"t + t(a) where a € (0,1) \alpha \in (0,1) a € (0,1) defines the desired confidence level, or
. Full predictive distributions F~t + T(P)characterizing uncertainty around PV power outputs.

Such probabilistic information is crucial for reserve allocation, bidding in electricity markets, and reliable integration into grid
operations.
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2.2 Management Objective

In a PV + Battery Energy Storage System (BESS), the Energy Management System (EMS) is responsible for determining
optimal set-points for the battery and inverter. The main objective is to minimize the overall operating cost and risk while ensuring

technical feasibility and system reliability. [14]

Formally, the EMS optimization problem can be expressed as:

minE[C(Pt, Pb, u)] + A - Risk(Pt, Pb, u)
subject to the following constraints:
1. State-of-Charge (SoC) dynamics:

SoCt +1=SoCt +ncPbc —ndlPbd,
where Pbc and Pbd are charging and discharging power at time t, and nc, nd denote charging and discharging efficiencies.

2. SoC bounds:
SoCmin < SoCt < SoCmax,
ensuring battery health and longevity.

I1l. RAMPING AND INVERTER CONSTRAINTS:

| Pt+1-Pt| <Rmax,| ut| <umax,
where Rmax represents ramping limits and utu are inverter control variables (e.g., active, and reactive power set-points).
Network and operational constraints:
Power flow equations, voltage/frequency limits, and grid codes must also be satisfied.

The optimization integrates forecasted PV power outputs (point or probabilistic) with system dynamics, enabling the EMS to
schedule battery dispatch, grid interaction, and demand response in a way that balances economic efficiency, reliability, and risk
exposure. [15]

IV. Al FOR PV FORECASTING

3.1 Structures
Sequence models (such as CNN-LSTM hybrids and LSTM/GRU):

Because they can identify sequential correlations in irradiance and power data, recurrent neural networks like Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU) are frequently employed for PV forecasting. In CNN-LSTM hybrids, the
recurrent layer simulates longer temporal dynamics like diurnal and seasonal cycles, while the convolutional filters extract short-
term local information (such cloud motion patterns in sky photos or brief irradiance variations). These models work especially well
for horizons between minutes and hours. [16]

Transformers: Without the vanishing gradient problems of RNNs, transformer architectures—which are based on self-attention
mechanisms—are excellent at learning long-range temporal connections. By concurrently focusing on pertinent patterns over several
time scales, they make multi-horizon forecasting possible.

Recent variations designed for PV forecasting, such as MAT Net, physics-aware Transformers, and Temporal Fusion
Transformers, enhance spatial feature fusion, multi-step accuracy, and uncertainty calibration. These models are quickly rising to
the top of the field for both multi-day and day-ahead forecasts. [17]

Spatiotemporal Models (GNNs, Attention Across Sites): These models incorporate both temporal sequences and spatial
dependencies since PV production is highly associated across areas. Graph Neural Networks (GNNs) learn correlations from
mesoscale weather fields (such as temperature gradients and cloud advection) by modeling PV plants, weather stations, or grid
nodes as linked graphs. Moreover, attention-based fusion across several locations improves resilience, particularly for PV
forecasting at the regional or national level. [18]

Al Guided by Physics (Hybrid Models): Out-of-distribution situations are a problem for pure data-driven models, which
frequently demand large historical datasets. Clear-sky models, PV performance equations, or numerical weather data are all
combined in physics-guided hybrids deep learning architecture-based simulations. These models are more suited for deployment in
areas with few historical records because they contain domain knowledge, which also improves interpretability, reduces the need
for training data, and improves extrapolation.

Federated Learning (FL): Training data in sizable PV portfolios is frequently dispersed among several locations and could not
be exchangeable because of privacy or proprietary issues. By sharing only model parameters instead of raw data, FL enables
cooperative training of global forecasting models. Data privacy, transmission overhead, and non-11D data distributions (such as
varying climates, system designs, and operating profiles) are all addressed by this method. Additionally, it enhances generality
between PV plants with different geographic locations. [19]

Ensemble and Multi-modal Models: By averaging complementary strengths, combining several model families (such as LSTMs,
CNNs, and Transformers) in ensemble frameworks increases resilience. To create a single predictive framework, multi-modal Al
architectures combine diverse inputs including satellite images, sky cameras, weather sensors, and NWP outputs. Accuracy is greatly
enhanced for both short-term and day-ahead horizons by this multi-source integration.
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Uncertainty-Aware and Probabilistic Deep Learning: To produce prediction intervals and complete probability distributions of
PV output, newer models go beyond point forecasts by utilizing probabilistic techniques like Bayesian deep learning, quantile
regression neural networks (QRNNS), and variational inference. Grid balancing and market involvement depend on risk-aware
operational planning, which these models make possible. [20]

Online and Continuous Learning: As a result of weather patterns, seasonal variations, or panel aging, PV plants encounter notion
drift. By using streaming data to dynamically update models, online and continuous learning techniques preserve accuracy over
time without requiring retraining. For edge-deployed models that need to adjust in real time, this is essential.

Edge-Optimized Al Models: [21] Lightweight deep learning architectures (such as Mobile Nets, pruning, and quantized neural
networks) are being developed for deployment on edge devices as PV forecasting frequently calls for low-latency predictions. These
models allow real-time forecasting in dispersed plants and microgrids by striking a compromise between computing efficiency and
accuracy.

3.2 Probabilistic Forecasting

In solar power operations, accurate forecasting must not only provide point predictions but also quantify the associated
uncertainty. This need is addressed through probabilistic forecasting, which produces predictive distributions or quantiles rather
than single-valued estimates.

Common approaches include:

. Quantile Regression — minimizing the pinball loss to directly estimate quantiles.

*  Distributional Losses — such as the Continuous Ranked Probability Score (CRPS), which evaluates the quality of entire
predictive distributions.

. Bayesian Deep Learning (DL) — incorporating uncertainty in model weights for probabilistic outputs.

. Ensemble Methods — aggregating predictions from multiple models to capture uncertainty.

For a given set of quantile levels

A =4{0.05,0.5,0.95},
the model outputs corresponding quantile estimates

{Q"a}a € A.
The reliability of these forecasts is assessed using:

. Probability Integral Transform (PIT) histograms — to check calibration.

. Prediction Interval Coverage Probability (PICP) — to verify whether actual values fall within predicted intervals at the
expected rate.

. Sharpness — measuring the concentration of predictive distributions, with sharper intervals being preferable if reliability
is maintained.

3.3 Data Fusion and Features [22]

-NWP variables: wind, temperature, cloud cover, and irradiance based on mesoscale projections.

-Satellite/sky cameras: To track cloud movement for nowcasting and ultra-short-term (minutes ahead) forecast.

-On-site telemetry includes sensor data that records actual working circumstances, DC/AC power readings, and inverter status.
-Features of the calendar include flags for the day of the week, the time of day, holidays, and seasonal cycles.

-Spatial neighbors: Information gathered from nearby weather sensors or photovoltaic plants to identify associated variability.

-Data hygiene measures include normalization, gap-filling, outlier identification, NWP de-biasing, and stringent measures to
minimize data leaking in train/test splits.

-Elevation, panel orientation, tilt angle, and shade from surrounding topography or structures are examples of topographical and
geographic characteristics that affect solar irradiance and effective generation. [23]

-Multi-modal fusion frameworks: Deep learning models that use attention or graph-based fusion to leverage complementary
information across modalities by combining diverse inputs (e.g., satellite pictures + NWP

+ on-site telemetry).

-Dynamic exogenous signals: Combining demand projections, market pricing, or grid frequency information to match PV
projections with operational and financial decision-making frameworks.

V. Al FOR PV CONTROL AND MANAGEMENT

4.1 Inverter control and MPPT

Al uses fuzzy logic, ANN, and RL to improve MPPT (beyond P&O/incremental conductance). RL agents learn global MPP
search with less oscillation and quicker convergence under rapid transients or partial shade. Adaptive Al tuning helps inverter
control for reactive support, harmonic mitigation, and grid-code compliance. [24]

4.2 Storage-equipped EMS

RL (Q-learning, DDPG, SAC), rule-based dispatch, and model predictive control (MPC) are among the formulations. Without
the need for explicit models, RL manages stochastic PV and price signals and can optimize multi-objective trade-offs, including
cost, cycle, self-consumption, and demand charges.
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4.3 Diagnostics and fault detection (FDD)

Predictive maintenance and loss recovery are made possible by deep CNNs/transformers on 1-VV curves, SCADA, or
thermography pictures that identify and locate problems (soiling, hot spots, PID, string outages).

V1. CASE STUDY: ILLUSTRATIVE WAVEFORMS

The following figures (generated for this paper) visualize typical behaviors used by researchers and practitioners.

Irradiance: Forecast vs Actual with Prediction Intervals
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Figure 1: Solar irradiance — forecast vs actual with 95% prediction intervals

PV Power: Forecast vs Actual
250 [

200

-
w
o

—— Actual
—— Forecast
——- Clip Limit

PV DC Power (kW)
=
o
o

50

(0] 5 10 15 20 25
Time (hours)

Figure 2: PV DC power — forecast vs actual (clipping near nameplate).
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Figure 3: MPPT (P&O;) ripple in PV voltage/current around MPP
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Battery SoC under EMS
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Figure 4: Battery State of Charge (SoC) under a simple EMS policy.

Forecast Error Distribution

-2 [0]
PV Power Error (kW)

Figure 5: Histogram of PV power forecast errors

Observations:

(i) prediction intervals widen during cloud transients; (ii) DC power clipping near Pmax reduces sensitivity to irradiance
errors;(iii) MPPT dithering yields small oscillations;(iv) EMS shifts energy from midday to evening within SoC limits; (v) error
distribution is near symmetric but heavy tailed.

VII. CONVERSATION AND USEFUL ADVICE

A. Information & Characteristics.

The basis for accurate PV forecasting and management is high-quality input data. High-resolution ground truth is provided by
on-site telemetry, which captures the distinct features of each plant and includes DC/AC power, inverter status, module temperature,
and irradiance sensors. For longer horizons, these signals by themselves are frequently inadequate. Regional meteorological context
is provided by using Numerical Weather forecast (NWP) outputs, including temperature, humidity, wind speed, cloud cover, and
irradiance, to prolong forecast windows. Accurate nowcasting is made possible by satellite data and sky photography that record
cloud dynamics and shading patterns over ultra-short-term (seconds to minutes) timeframes. [25]

Model Output Statistics (MOS) adjustments or bias-adjustment approaches are necessary since any of these data sources may
have systematic mistakes or biases predictions based on site-specific circumstances. Furthermore, consistency is guaranteed and
deceptive model training is avoided by strong data preparation (gap-filling, de-noising, temporal alignment, and standardization).
Al models can capture both local PV dynamics and more general atmospheric causes through effective feature fusion, which
combines plant telemetry with exogenous weather and imaging data. This results in more robust and broadly applicable forecasts.

B. Selection of the Model.

The prediction horizon and the availability of data should serve as a guidance for choosing forecasting models. Transformer
architectures or hybrid models that integrate CNN-LSTM-Transformer pipelines are very useful for day-ahead horizons.
Transformers offer scalability for long-range temporal and geographic correlations, CNN layers capture short-term local patterns
from high-frequency input, and LSTMs describe sequential dependencies spanning hours. Models that explicitly track cloud
dynamics, such optical-flow based techniques or attention-driven nowcasting frameworks, perform better for ultra-short-term
horizons (0-2 hours). [26] These methods improve ramp event predictions by directly utilizing satellite images, sky cameras, or
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mesoscale NWP fields to identify and project cloud movement. The most reliable and understandable results are frequently obtained
from hybrid systems that combine deep spatiotemporal structures with statistical baselines (persistence, ARIMA).

C. Uncertainty.

Predicting the mean or median power is only one aspect of accurate PV forecasting; another is accurately characterizing
uncertainty. For grid operators, aggregators, and EMS systems that need to protect themselves from fluctuations in solar production,
this is crucial. Rather than relying just on point estimates, forecasts should always incorporate calibrated prediction intervals or
quantiles (such as the 5th, 50th, and 95th percentiles). To guarantee probabilistic consistency, models can be trained using Bayesian
neural network frameworks, CRPS (Continuous Ranked Probability Score), or pinball loss (for quantiles). Both dependability (how
well coverage matches nominal values) and sharpness (how concentrated the intervals are) should be considered during evaluation.
[27] Under- or over-confidence can be diagnosed with the use of metrics such as Average Coverage Error (ACE), coverage
probability (PICP), and PIT histograms. By consistently publishing ambiguity decision-makers may more efficiently plan risk-aware
operations, arrange storage, and maximize reserves when predictions are used.

D. Control.

Safety and dependability are crucial in the management of PV plants in the real world. Even though reinforcement learning (RL)
provides sophisticated and adaptive control techniques, such battery scheduling, ramp-rate smoothing, and dynamic inverter tuning,
it must adhere to stringent operational and regulatory requirements. Consequently, a hybrid or hierarchical strategy is advised:
Model predictive control (MPC) or conventional rule-based control act as a reliable safety net, always guaranteeing baseline stability
and compliance. [28] RL agents can then be stacked on top to investigate additional optimizations (e.g., maximizing income from
ancillary services or boosting efficiency under partial shade), but always within a confined action space. State of charge (SoC) hard
limits for storage systems, ramp-rate limitations, voltage/frequency ride-through capabilities, and grid-code compliance should all
be implemented to prevent dangerous or non-adherence to rules. This guarantees that the system will always be reliable, explicable,
and grid-friendly even as Al spurs innovation and adaptation.

E. Sturdiness.

Because data distributions might differ between locations, climates, and time horizons, resistance to domain shift is essential for
Al systems used in PV forecasting and control. Due to variations in irradiance profiles, seasonal variability, cloud dynamics, or
sensor properties, models developed in one area may perform worse when used in another. This may be lessened by using transfer
learning to fine-tune on site-specific patterns and leverage common representations to adapt pretrained models to new locations with
less local input. Furthermore, federated learning (FL) enhances generalization while maintaining privacy by enabling many PV sites
to work together to train models without centralizing raw data. The data and model drift monitoring is crucial after initial training;
statistical checks on input distributions, error metrics, and prediction residuals can indicate when recalibration or retraining is
required. [29] The Al system maintains great accuracy and stability under changing operational and environmental circumstances
when online learning or recurring updates are incorporated.

F. Safety & Explainability.

Explainability and safety are essential for mission-critical applications such as grid management and PV forecasts. Operator
confidence may be weakened by black-box projections, particularly when Al choices affect inverter control, reserve scheduling, or
economic dispatch. To offer operators clear rationale, tools like SHAP (Shapley Additive Explanations) and attention maps can
show which input features—such as cloud cover, irradiance, or recent power trends—had the most impact on a particular forecast.
On the security side, using anomaly detection frameworks aids in identifying anomalous activity before it spreads to control
activities, such as abrupt sensor failures, irrational prediction leaps, or cyber-induced disruptions. Additionally, using stress-testing
in extreme weather events and adversarial-robust training guarantees that models will not fail in uncommon but crucial
circumstances. [30]

G. MLOps.

A robust MLOps (Machine Learning Operations) pipeline is necessary for Al in PV forecasting and management to be viable at
scale. To ensure repeatable training, validation, and test splits as well as appropriate tracking of any modifications to data sources
(such as additional sensors or updated NWP models), dataset versioning is required. Without human assistance, automated retraining
pipelines enable models to adjust to hardware upgrades, changing weather patterns, and seasonal variations. Real-time detection of
performance deterioration or data drift is facilitated by continuous monitoring and metric tracking (e.g., RMSE, CRPS, calibration
scores, uptime). Importantly, rollback methods should be included in MLOps frameworks so that operators may quickly return to a
stable previous version if a newly deployed model performs unexpectedly, preventing operational risks.

VI1II. COMPLIANCE, INTEROPERABILITY, AND STANDARDS

Data and Telemetry: For compatibility across manufacturers and SCADA systems, use standardized monitoring protocols as
IEEE 1815 (DNP3) and Sun Spec Modbus, as well as IEC 61724 for PV performance data. Using open data standards makes it
easier to integrate with cloud platforms and utility control centers.

Cybersecurity: Verify adherence to ISO/IEC 27001 for more comprehensive information security management and IEC 62443
for industrial control system security. Use intrusion detection systems designed for distributed energy resources (DERS), zero-trust
networking, and encryption both in transit and at rest. Frequent vulnerability scanning and penetration testing are also advised. [31]
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Grid Codes: Comply with regional and national regulations, such as the CEA/CERC recommendations in India, IEEE 1547-
2018 in the US, and the Federal Grid Code (FGC) in the EU these include reactive power support, harmonic distortion restrictions,
voltage/frequency ride-through, and black-start capabilities. Prior to implementation, Al-based controllers need to be verified to
these specifications.

AI/ML Compliance: Make sure that model behavior is explainable for regulatory clearance and document it using Al ethics and
transparency standards (such as the EU Al Act principles). Conduct fail-safe testing to ensure compliance with fallback conventional
controls (such as rule-based or MPC) in the event of model failure.

Communication Standards: To ensure semantic compatibility among many equipment suppliers, use IEC 61850 for substation
automation and PV plant communication. Pratocols like MQTT and OPC UA are becoming more popular for loT/DER aggregation.

Testing & Certification: To satisfy global safety and compliance standards, Al-enabled inverters and controllers must pass HIL
(Hardware-in-the-Loop) simulations and get certification in recognized test laboratories before to field deployment.

Data privacy: GDPR or local data protection rules must be followed if consumer or prosumer data is involved (for example,
rooftop PV plus smart meters). [32]

IX. CONCLUSION AND UPCOMING PROJECTS

Photovoltaic (PV) forecasting and energy management have benefited greatly from artificial intelligence (Al), which has
produced quantifiable improvements in grid integration, operational dependability, and prediction accuracy. Al-driven methods
outperform conventional statistical and numerical models by utilizing sophisticated machine learning architectures, which also allow
for adaptive and autonomous control techniques at the plant and fleet sizes.

Looking ahead, there are several encouraging avenues that might enhance Al's contribution to the PV space:

A. Multi-modal Forecasting: Accuracy may be improved in the short and long term by combining diverse data sources such
SCADA telemetry, sky imagers, and numerical weather prediction (NWP) models. Cloud dynamics, atmospheric variability, and
plant-specific operating conditions may all be captured with the aid of multi-modal fusion. Foundational and Physics-informed
Time-Series Models: Reducing overfitting and enhancing generalization can be achieved by incorporating PV physics and
atmospheric restrictions into Al systems (physics-informed neural networks, or PINNs). Concurrently, foundation time-series
models that have been trained on huge energy datasets could offer transportable baselines that require little retraining when applied
to new PV installations.

B. Privacy-Preserving and Federated Learning: Federated learning provides a scalable method for cooperatively training
models across sites without exchanging raw data, which is useful as PV fleets expand across various geographic locations. This uses
collective intelligence to guarantee privacy, security, and adherence to local data protection laws.

C. Formally Guaranteed Safe Reinforcement Learning (RL): Storage dispatch, DER coordination, and real- time inverter
optimization are potential applications for RL-based controllers. But it is crucial to maintain safety in the face of uncertainty. To
ensure adherence to grid codes and operational restrictions, future research must concentrate on RL with formal verification,
constraint handling, and safe exploration.

D. Reliable and Explainable Fault Detection & Diagnosis (FDD): Al-powered FDD systems can proactively detect issues
(such as soiling, shading, and inverter failure) and suggest remedial measures. While combining FDD with predictive maintenance
procedures can save downtime and lifecycle costs, explainable Al (XAl) guarantees operator trust.

To sum up, Al not only improves but also makes it possible for the future generation of PV systems to be robust, adaptable,
secure, and predictive. To ensure scalable and secure deployment across global solar infrastructures, future research should prioritize
multidisciplinary techniques that combine Al with power systems engineering, atmospheric science, and control theory.
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