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Professional Certificate in AI for Renewable Energy Forecasting (Thailand)

Machine Learning Techniques for Renewable Energy
Forecasting

Machine learning has become an essential tool for forecasting renewable energy generation, offering the
ability to capture complex, non‑linear relationships between weather conditions, equipment performance,
and power output. In the context of the Professional Certificate in AI for Renewable Energy Forecasting, a
solid grasp of the terminology and concepts underlying the most common techniques is crucial for both
research and practical deployment. The following exposition details the key terms, vocabulary, and related
ideas that students will encounter when building, evaluating, and operating forecasting models for solar,
wind, and other renewable sources. Each term is defined, illustrated with an example, linked to practical
applications, and accompanied by a brief discussion of typical challenges. The material is organized
thematically to aid learning and reference.

Supervised learning refers to the class of algorithms that learn a mapping from input variables (features) to
an output variable (target) using a dataset in which the target values are known. In renewable energy
forecasting, the target is often the power output of a solar panel array or wind farm at a future time step. A
classic example is training a regression model to predict the next‑hour photovoltaic (PV) power based on
historical irradiance, temperature, and cloud cover. The main challenge in supervised learning for renewable
forecasting is the need for large, high‑quality labeled datasets that span diverse weather conditions;
insufficient data can lead to models that fail to generalize to unseen situations.

Unsupervised learning encompasses techniques that infer structure from data without explicit target labels.
Although less common than supervised methods for direct power prediction, unsupervised approaches are
valuable for preprocessing and feature extraction. For instance, clustering algorithms such as k‑means can
group similar weather patterns, enabling the creation of specialized models for each cluster.
Dimensionality‑reduction methods like principal component analysis (PCA) can compress high‑dimensional
satellite imagery into a smaller set of components that retain most of the variance, reducing computational
load. A key difficulty is determining the appropriate number of clusters or components, which often requires
domain expertise and validation against physical knowledge.

Regression is the supervised learning task of predicting a continuous numeric value. In renewable energy,
regression models estimate future power output, capacity factor, or energy yield. Linear regression provides
a simple baseline, expressing power as a weighted sum of predictors. More sophisticated non‑linear
regression models, such as decision‑tree ensembles, capture interactions between variables like wind speed
and turbine yaw angle. The principal challenge for regression in this domain is handling heteroscedasticity
—situations where the variance of the prediction error changes with the level of the target, such as higher
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variability of solar output during partially cloudy periods.

Classification involves predicting categorical outcomes. While the primary forecast target is usually
continuous, classification can be employed for ancillary tasks, such as labeling hours as “clear,” “partly
cloudy,” or “overcast,” or flagging periods when a wind turbine is operating in a fault condition.
Classification models (e.g., support vector machines, random forests) can feed into hybrid pipelines where a
classifier first determines the weather regime, and a regression model then predicts power conditioned on
that regime. Challenges include imbalanced class distributions—clear‑sky hours may dominate the dataset
—requiring techniques such as resampling or cost‑sensitive learning.

Time series forecasting is a specialized form of regression that explicitly models the temporal ordering of
observations. Renewable energy generation follows a time series driven by diurnal cycles, seasonal patterns,
and stochastic weather fluctuations. Autoregressive models (AR), moving‑average models (MA), and
combined ARIMA approaches capture linear dependencies, while more advanced models incorporate
exogenous variables (ARIMAX), like forecasts from numerical weather prediction (NWP) systems. A typical
practical application is predicting wind power for the next 24 hours using past generation data together
with forecasted wind speed from a regional NWP model. The main difficulty lies in accounting for
non‑stationarity—statistical properties that evolve over time—necessitating techniques such as differencing,
seasonal decomposition, or adaptive learning.

Neural networks are computational structures composed of interconnected layers of artificial neurons that
can approximate highly non‑linear functions. In renewable forecasting, feed‑forward multilayer perceptrons
(MLPs) have been widely used as baseline deep‑learning models. An MLP might receive inputs such as past
irradiance, temperature, and sky image features, and output a predicted PV power value for a chosen
horizon. While MLPs can capture complex relationships, they often require careful regularization and large
training sets to avoid overfitting. Their “black‑box” nature also raises concerns for interpretability, especially
when regulators demand transparent decision‑making.

Deep learning extends neural networks by adding many hidden layers, enabling hierarchical feature
learning. Deep architectures have proven effective for processing high‑dimensional inputs like satellite
images, sky‑camera video streams, or raw NWP fields. Convolutional neural networks (CNNs) automatically
learn spatial filters that detect cloud patterns and shadows, which are highly relevant for solar forecasting.
Recurrent neural networks (RNNs), particularly long short‑term memory (LSTM) units, excel at modeling
sequential dependencies, making them suitable for wind speed time series that exhibit temporal
autocorrelation. The principal challenges of deep learning include computational expense (especially GPU
requirements), the need for extensive labeled data, and the risk of over‑parameterization leading to poor
generalization.

Convolutional neural network (CNN) architectures apply convolutional kernels to extract localized patterns
from grid‑structured data. In solar forecasting, a CNN can ingest a sequence of satellite‑derived cloud‑mask
images and learn to associate moving cloud shadows with anticipated irradiance reductions. For wind
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forecasting, a CNN can process three‑dimensional NWP fields (latitude, longitude, altitude) to capture
mesoscale atmospheric structures that affect turbine inflow. Practical deployment often involves converting
raw satellite data into a standardized image format, normalizing pixel values, and stacking temporal frames
as channels. The main difficulty is selecting appropriate kernel sizes and depths; too shallow a network may
miss critical patterns, while too deep a network can become computationally prohibitive for real‑time
operation.

Recurrent neural network (RNN) models maintain an internal state that evolves as new inputs arrive,
allowing them to retain information from previous time steps. Classic RNNs suffer from vanishing or
exploding gradients, limiting their ability to learn long‑range dependencies. This limitation motivated the
development of gated architectures such as LSTM and gated recurrent unit (GRU). In wind power
forecasting, an LSTM can ingest a sequence of past wind speed, direction, and turbulence intensity
measurements, producing a multi‑step ahead prediction of turbine output. The chief challenge for
RNN‑based models is the need for careful sequence length selection; overly long sequences increase
training time and may introduce noise, while overly short sequences may miss important temporal context.

Long short‑term memory (LSTM) units augment RNNs with input, output, and forget gates that regulate
information flow, enabling the network to retain relevant patterns over extended horizons. In solar
forecasting, an LSTM can combine past PV power measurements with forecasted cloud cover to predict the
next 6‑hour PV output. Hybrid models often pair a CNN for spatial feature extraction with an LSTM for
temporal integration, forming a CNN‑LSTM pipeline that leverages both spatial and temporal information.
Training such hybrid models requires substantial memory and careful batch design to avoid exceeding GPU
capacity. Hyperparameter choices—such as the number of LSTM cells, dropout rate, and learning rate—
significantly affect performance and must be tuned through systematic experimentation.

Gated recurrent unit (GRU) simplifies the LSTM architecture by merging the input and forget gates into an
update gate, reducing the number of parameters while retaining comparable performance for many tasks.
GRUs can be advantageous when computational resources are limited, such as on edge devices installed at
a wind farm’s control center. A practical example is a GRU‑based model that predicts turbine power output
using a sliding window of the past 30 minutes of wind speed and direction. The trade‑off between GRU
simplicity and LSTM expressive power must be evaluated empirically for each forecasting scenario.

Ensemble methods combine multiple base learners to improve predictive accuracy and robustness. In
renewable energy forecasting, ensembles can be formed by averaging the outputs of several neural
networks trained with different random seeds, or by blending distinct algorithm families (e.g., random
forest, gradient boosting, and LSTM). The combination often reduces variance and mitigates the impact of
any single model’s bias. A common practical approach is the “model stacking” technique, where a
meta‑learner (often a linear regression) is trained on the predictions of the base models to produce a final
forecast. The main challenge is managing the increased computational load and ensuring that the ensemble
does not overfit due to excessive model complexity.
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Random forest is an ensemble of decision trees built on bootstrapped samples of the training data, with
each tree using a random subset of features at each split. Random forests are widely adopted for renewable
forecasting because they handle heterogeneous inputs (e.g., categorical sky conditions, continuous wind
speed) and are relatively robust to outliers. A typical application is predicting hourly solar PV output using
features such as global horizontal irradiance, ambient temperature, and sky‑camera texture descriptors.
Feature importance scores derived from the forest can guide domain experts in identifying the most
influential predictors. However, random forests may struggle with extrapolation beyond the range of
training data, a limitation when forecasting extreme weather events.

Gradient boosting builds additive models by sequentially fitting weak learners—usually shallow decision
trees—to the residual errors of the previous ensemble. Popular implementations include XGBoost,
LightGBM, and CatBoost. Gradient‑boosted trees often achieve state‑of‑the‑art performance on tabular
datasets typical of renewable forecasting, such as SCADA measurements combined with NWP forecasts. For
wind power prediction, a gradient‑boosted model can ingest features like hub‑height wind speed,
temperature, and turbulence intensity, delivering high accuracy with relatively low inference latency. The
principal difficulty lies in hyperparameter tuning; parameters such as learning rate, number of estimators,
and maximum tree depth must be carefully selected to avoid overfitting while preserving model capacity.

Support vector machine (SVM) constructs a hyperplane that maximally separates data points of different
classes (classification) or fits a regression function within a specified error margin (SVR). In renewable
forecasting, SVR has been used to predict short‑term solar power by mapping meteorological inputs to PV
output. Kernel functions (e.g., radial basis function) enable the model to capture non‑linear relationships
without explicit feature engineering. The main drawbacks of SVMs are their computational scaling—training
time grows quadratically with the number of samples—and sensitivity to the choice of kernel and
regularization parameters, which can be problematic for large SCADA datasets.

Feature engineering involves creating, transforming, or selecting input variables that improve model
performance. In renewable forecasting, common engineered features include lagged power values (e.g., PV
output 15 minutes ago), moving averages of wind speed, and derived indices such as clear‑sky index (ratio
of measured to clear‑sky irradiance). Temporal features like hour‑of‑day, day‑of‑year, and holiday flags
capture periodic patterns. Spatial features derived from satellite imagery, such as cloud motion vectors,
provide additional predictive power for solar forecasting. The biggest challenge is ensuring that engineered
features are physically meaningful and not merely statistical artifacts that could degrade model
generalization.

Lag features are values of a variable observed at previous time steps, used to capture autocorrelation. For
wind power, a lag of 10 minutes of wind speed can be a strong predictor of power output in the next few
minutes. When constructing lag features, the choice of lag interval and number of lags must balance
information richness against model complexity and potential multicollinearity. Excessive lag features can
lead to overfitting, especially when the training set is limited. Feature selection techniques, such as recursive
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feature elimination or regularization, help identify the most informative lags.

Exogenous variables (often abbreviated as X) are external inputs that influence the target but are not
derived from the target’s own history. In renewable forecasting, exogenous variables typically include
weather forecasts (e.g., NWP wind speed, temperature, cloud cover), satellite‑derived cloud indices, and
atmospheric stability parameters. Incorporating high‑quality exogenous data often yields substantial gains
in forecast accuracy, particularly for longer horizons where the system’s own dynamics become less
predictive. The challenge is aligning the temporal resolution and latency of exogenous data with the target
series, as mismatches can introduce errors.

Hyperparameter tuning is the process of selecting the optimal configuration of model parameters that are
set before training (e.g., learning rate, number of trees, network depth). Techniques such as grid search,
random search, Bayesian optimization, and population‑based training are commonly employed. In
renewable forecasting, hyperparameter tuning must account for the stochastic nature of weather;
cross‑validation strategies that respect temporal ordering (e.g., rolling‑origin evaluation) are essential to
avoid data leakage. The main difficulty is the computational expense, as evaluating many hyperparameter
combinations on large datasets can be prohibitive without parallel or cloud resources.

Cross‑validation assesses model performance by partitioning data into training and validation subsets. For
time‑dependent data, standard k‑fold cross‑validation can violate temporal causality, leading to overly
optimistic error estimates. Instead, techniques such as time‑series split (also called rolling‑origin or
forward‑chaining) preserve the chronological order, training on earlier periods and validating on later
periods. This approach provides a realistic estimate of out‑of‑sample performance for renewable forecasts.
A common challenge is the limited amount of recent data for very short horizons, which can reduce the
number of viable folds.

Overfitting occurs when a model captures noise or idiosyncrasies of the training data rather than the
underlying relationship, resulting in poor generalization to new data. In renewable forecasting, overfitting
may manifest as accurate predictions for past days but large errors during atypical weather events.
Regularization techniques (L1/L2 penalties, dropout, early stopping) and model simplification (reducing
depth, pruning trees) are standard remedies. Detecting overfitting requires monitoring validation error
trends and employing robust evaluation metrics.

Underfitting describes a model that is too simple to capture the complexity of the data, leading to high bias
and poor performance even on training data. Simple linear regression may underfit solar power when cloud
dynamics introduce non‑linear effects. Mitigation strategies include increasing model capacity (adding
layers to a neural network, increasing tree depth) or enriching feature sets with engineered variables. The
trade‑off between over‑ and under‑fitting is central to model selection.

Bias‑variance trade‑off encapsulates the balance between model error due to systematic bias (underfitting)
and error due to variance (overfitting). In renewable forecasting, a high‑bias model may consistently
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underestimate peak wind speeds, while a high‑variance model may produce erratic predictions during calm
periods. Ensemble methods, such as bagging, can reduce variance, whereas regularization can lower bias.
Understanding this trade‑off guides decisions about model complexity and data requirements.

Regularization adds a penalty term to the loss function to discourage overly complex models. L1
regularization (lasso) promotes sparsity by driving some coefficients to zero, effectively performing feature
selection. L2 regularization (ridge) shrinks coefficients uniformly, improving stability. Elastic‑net combines
both penalties. In deep learning, regularization also includes dropout, batch normalization, and weight
decay. Proper regularization is crucial for preventing overfitting, especially when the number of features
approaches or exceeds the number of training samples.

Dropout randomly deactivates a fraction of neurons during each training iteration, forcing the network to
develop redundant representations and reducing reliance on any single pathway. Typical dropout rates
range from 0.2 to 0.5. In solar forecasting CNNs, applying dropout after convolutional blocks can improve
robustness to noisy satellite imagery. However, excessive dropout may impede convergence, requiring
longer training epochs or lower learning rates.

Early stopping monitors validation loss during training and halts the learning process when performance
ceases to improve for a predefined number of epochs (patience). Early stopping prevents overfitting by
selecting the model state with the best validation score. It is especially useful for deep networks where
training can continue for many epochs. The challenge lies in choosing an appropriate patience parameter;
too short a patience may stop training prematurely, while too long a patience may waste resources.

Data preprocessing encompasses the steps required to transform raw measurements into a format suitable
for modeling. Typical operations include handling missing values, scaling numeric features, encoding
categorical variables, and synchronizing timestamps across sources. For renewable forecasting,
preprocessing often involves aligning SCADA data (sampled at 1‑second intervals) with NWP forecasts
(available every hour) and satellite imagery (available every 15 minutes). Careful preprocessing is essential to
avoid introducing biases or temporal misalignments that degrade model accuracy.

Normalization rescales numerical features to a common range, often [0, 1] or a standard normal distribution
(zero mean, unit variance). Normalization speeds up gradient‑based optimization and ensures that features
with larger magnitudes do not dominate the learning process. In wind forecasting, normalizing wind speed
and temperature separately prevents the model from assigning undue weight to temperature simply
because its numeric range is larger. The key consideration is to compute scaling parameters on the training
set only and apply them consistently to validation and test data.

Scaling is similar to normalization but may refer specifically to linear transformations such as min‑max
scaling. Scaling is particularly important for algorithms that rely on distance metrics, such as k‑nearest
neighbors or support vector machines. In renewable forecasting, scaling satellite‑derived cloud fraction
values (originally percentages) to the [0, 1] interval aligns them with other input features. An oversight in
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scaling can lead to convergence issues or suboptimal model performance.

Missing data imputation addresses gaps in the dataset caused by sensor failures, communication loss, or
data‑collection errors. Simple imputation methods include forward‑fill (propagating the last observed value)
or mean substitution. More sophisticated techniques involve using regression models, k‑nearest neighbors,
or matrix‑completion algorithms to estimate missing entries based on correlated variables. In solar
forecasting, missing irradiance measurements can be imputed using nearby satellite‑derived cloud indices.
The challenge is to avoid biasing the model; imputed values should reflect realistic uncertainty, especially
when large gaps occur.

Outlier detection identifies anomalous observations that deviate markedly from typical patterns. Outliers
may result from sensor malfunctions, extreme weather events, or data entry errors. Statistical methods (e.g.,
Z‑score, interquartile range) and model‑based approaches (e.g., isolation forest) can flag outliers. In wind
turbine data, an unusually high power reading during a calm period may indicate a sensor error. Removing
or correcting outliers improves model stability, but care must be taken not to discard legitimate extreme
events that are valuable for training robust forecasts.

Data augmentation artificially expands the training set by applying transformations that preserve the
underlying label. In image‑based solar forecasting, augmentation techniques such as rotation, flipping, and
brightness adjustment can increase the diversity of cloud patterns seen by a CNN. For time‑series data,
jittering (adding small random noise) or time‑warping can help the model learn invariance to minor
variations. Augmentation must be applied judiciously; unrealistic transformations can mislead the model
and degrade performance.

Model interpretability concerns the ability to explain how a model arrives at its predictions. In regulated
energy markets, stakeholders often demand transparent models to assess risk and compliance. Techniques
such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model‑agnostic Explanations)
provide feature‑level contribution scores, indicating which inputs most strongly influenced a particular
forecast. For example, a SHAP analysis of a gradient‑boosted wind model may reveal that hub‑height wind
speed and temperature gradients dominate the prediction at a specific hour. The main challenge is that
many powerful models (deep networks, ensembles) are inherently complex, requiring post‑hoc methods
that approximate interpretability.

SHAP values quantify the contribution of each feature to a model’s output based on cooperative game
theory. They provide a unified measure that is additive across features, enabling consistent comparisons. In
renewable forecasting, SHAP can be used to compare the influence of forecasted wind speed versus actual
turbine rotor speed on predicted power. Visualizations such as summary plots help identify global feature
importance, while force plots illustrate local explanations for individual forecasts. Computing SHAP values
for large ensembles can be computationally intensive, necessitating approximation algorithms.

LIME generates a locally linear surrogate model around a specific prediction, approximating the complex
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model’s behavior in a small neighborhood. LIME can help explain why a deep‑learning solar forecast
deviated from the expected value for a particular cloud‑movement event. The surrogate model’s simplicity
makes it easier for domain experts to interpret, but the explanation is only valid locally and may not reflect
the model’s global logic.

Feature importance ranks input variables according to their impact on model performance. In tree‑based
methods, importance can be measured by the reduction in impurity (e.g., Gini or entropy) contributed by
each split. In linear models, coefficient magnitude serves a similar purpose. Understanding feature
importance guides data collection priorities; for instance, if cloud‑cover index consistently ranks high for
solar forecasts, operators may invest in higher‑resolution satellite services. A limitation is that importance
scores can be biased toward features with many distinct values or higher cardinality, requiring careful
interpretation.

Domain adaptation addresses the problem of transferring a model trained on one data distribution (source
domain) to another (target domain) with differing characteristics. Renewable forecasting often faces domain
shift when a model trained on one geographic region is applied to another with different climate patterns.
Techniques such as fine‑tuning on a small set of target‑domain data, adversarial training to align feature
representations, or importance weighting can mitigate performance loss. The primary difficulty lies in
obtaining sufficient labeled data in the target domain to enable effective adaptation.

Transfer learning leverages knowledge learned from a large, generic dataset to accelerate training on a
specific task. In solar image forecasting, a CNN pretrained on a massive satellite‑image corpus (e.g.,
ImageNet) can be fine‑tuned on a smaller set of cloud‑mask images, reducing the need for extensive
labeled data. Transfer learning can also be applied across modalities; for example, a model trained on wind
speed fields may provide useful feature extractors for turbine‑specific power prediction. Challenges include
ensuring that the pretrained representation is relevant to the renewable domain and avoiding catastrophic
forgetting when fine‑tuning.

Online learning updates model parameters incrementally as new data arrives, without requiring a full
retraining. This paradigm is valuable for real‑time renewable forecasting where data streams continuously
from sensors and NWP updates. Algorithms such as stochastic gradient descent (SGD) with a diminishing
learning rate, or adaptive methods like Adam, can be employed in an online fashion. For wind farms, an
online‑learning model can adjust to seasonal shifts in wind patterns by incorporating the latest SCADA
measurements each hour. The main challenge is controlling drift; continuous updates may cause the model
to forget earlier patterns that remain relevant.

Incremental learning is a subset of online learning focused on adding new training examples while
preserving previously learned knowledge. Incremental versions of decision trees (e.g., Hoeffding trees) and
ensembles (e.g., adaptive random forests) have been developed for streaming data. In solar forecasting,
incremental learning enables the model to incorporate the latest satellite observations without reprocessing
the entire historical archive. Maintaining model stability and preventing catastrophic forgetting remain
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active research areas.

Reinforcement learning (RL) models an agent that learns to make sequential decisions by interacting with an
environment and receiving rewards. In renewable energy, RL can be applied to optimal dispatch of storage
systems, curtailment strategies, or turbine yaw control, where the objective is to maximize revenue or
minimize wear while respecting grid constraints. For forecasting, RL is less directly used, but it may be
combined with predictive models to form a decision‑making loop that selects actions based on forecast
uncertainty. Designing appropriate reward functions and ensuring safe exploration are significant
challenges.

Bayesian methods treat model parameters as random variables with probability distributions, enabling
quantification of uncertainty. In renewable forecasting, Bayesian linear regression provides predictive
intervals that reflect both model and observation noise. More advanced Bayesian neural networks
approximate posterior distributions over weights using variational inference or Monte Carlo dropout.
Gaussian process regression (GPR) offers a non‑parametric Bayesian approach that yields closed‑form
predictive uncertainties, useful for short‑term solar forecasting where data are scarce. The computational
cost of Bayesian techniques, especially for large datasets, often limits their practical deployment.

Gaussian process (GP) defines a distribution over functions, characterized by a mean function and a
covariance kernel that encodes similarity between input points. GPs excel at providing smooth, probabilistic
predictions with well‑calibrated confidence intervals. In wind power forecasting, a GP can model the
relationship between hub‑height wind speed and turbine output, capturing uncertainty due to
measurement error. The primary limitation is scalability; exact GP inference scales cubically with the number
of training points, prompting the use of sparse approximations or inducing‑point methods for larger
datasets.

Probabilistic forecasting outputs a full predictive distribution rather than a single point estimate, allowing
users to assess risk and make informed decisions. For renewable integration, probabilistic forecasts enable
grid operators to allocate reserves based on the probability of high or low generation. Techniques include
quantile regression, ensemble methods, Bayesian models, and distributional neural networks that predict
parameters of a chosen distribution (e.g., Gaussian, beta). A practical example is generating 10th, 50th, and
90th percentile forecasts for hourly PV output to inform market bidding. The challenge lies in ensuring
calibration—predicted probabilities must match observed frequencies—and in communicating uncertainty
to non‑technical stakeholders.

Prediction intervals are ranges that contain the true value with a specified confidence level (e.g., 95 %). They
are derived from the predictive distribution or from quantile regression models. In wind forecasting, a 95 %
prediction interval might span from 2 MW to 4 MW for a given hour, indicating the expected variability.
Narrow intervals are desirable but must not sacrifice coverage. Overly narrow intervals suggest
overconfidence, while overly wide intervals may be uninformative. Proper interval construction often
requires accounting for heteroscedasticity and model error.
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Quantile regression directly estimates conditional quantiles of the target variable, enabling the creation of
prediction intervals without assuming a specific distribution. By training separate models for the 0.1, 0.5,
and 0.9 quantiles, forecasters can produce lower, median, and upper estimates. Quantile regression forests
extend this idea to ensemble trees, providing a non‑parametric approach. In solar forecasting, quantile
regression can capture asymmetric errors caused by rapid cloud movement, where under‑predictions may
be more severe than over‑predictions. A difficulty is ensuring monotonicity across quantiles; the lower
quantile should never exceed the higher quantile, which sometimes requires post‑processing.

Ensemble forecasting combines multiple independent forecasts to produce a consensus prediction, often
improving accuracy and reliability. Ensembles can be formed from different NWP model runs (e.g., ECMWF,
GFS) or from multiple machine‑learning models trained on varied subsets of data. In wind power prediction,
an ensemble of three gradient‑boosted models trained on distinct weather‑feature sets may outperform
any single model. Weighting schemes (simple averaging, weighted averaging based on past performance,
Bayesian model averaging) determine each member’s contribution. The main challenge is managing
correlated errors; if ensemble members share similar biases, the benefit of averaging diminishes.

Hybrid models integrate physical and data‑driven components to leverage domain knowledge while
capturing residual patterns. A common hybrid approach for solar forecasting uses a physical clear‑sky
model to compute theoretical irradiance, then applies a machine‑learning correction based on observed
cloud cover and satellite imagery. For wind, a hybrid model may combine the turbine’s power curve
(physics‑based) with an ML residual model that accounts for turbulence and wake effects. Hybrid models
often achieve higher accuracy than pure data‑driven or pure physical models, but they require careful
calibration and validation to avoid double‑counting effects.

Physics‑informed neural network (PINN) incorporates governing equations (e.g., energy balance, fluid
dynamics) directly into the loss function of a neural network, encouraging the model to respect known
physical laws. In renewable forecasting, a PINN could embed the solar radiation transfer equation while
learning to map satellite cloud indices to irradiance. This approach can reduce the amount of training data
needed and improve extrapolation to unseen conditions. Implementing PINNs demands expertise in both
the physical domain and deep‑learning frameworks, and the added constraints can increase training
complexity.

Model deployment refers to the process of moving a trained model into a production environment where it
generates forecasts in real time. Deployment considerations include packaging the model (e.g., TensorFlow
SavedModel, ONNX), containerization (Docker), orchestration (Kubernetes), and integration with data
pipelines that feed live sensor and weather data. For a wind farm, the deployed model must ingest the latest
SCADA measurements, apply preprocessing steps, and output a 15‑minute ahead power forecast within
seconds. Challenges encompass latency, reliability, version control, and ensuring that the deployed
environment matches the training environment to avoid “training‑serving skew.”

Edge computing pushes computation close to the data source, reducing latency and bandwidth usage. In

Read online: https://certificates.stanmoreuk.org/guides/6067474/
machine-learning-techniques-for-renewable-energy-forecasting

Stanmore School of Business · 22 Jun 2026



G U I D E

remote solar installations, an edge device (e.g., an embedded GPU) can run a lightweight neural network to
forecast PV output locally, enabling immediate control actions such as inverter curtailment. Edge
deployment often requires model compression techniques (pruning, quantization) to fit limited memory
and processing budgets. The trade‑off is reduced model capacity, which may affect forecast accuracy
compared with a cloud‑hosted, larger model.

Real‑time forecasting delivers predictions with minimal delay after data acquisition, essential for
grid‑balancing operations. Real‑time solar forecasts might be generated every five minutes using the latest
sky‑camera images, while real‑time wind forecasts could be updated as soon as new NWP outputs become
available. Achieving real‑time performance demands optimized data ingestion, fast inference (often via
batch processing or GPU acceleration), and robust monitoring to detect anomalies. Latency constraints can
limit the complexity of models that can be used, prompting a balance between accuracy and speed.

Solar irradiance forecasting predicts the amount of solar radiation reaching a horizontal surface, a key driver
of PV power. Methods range from statistical time‑series models (e.g., persistence, autoregressive) to
machine‑learning approaches that ingest satellite imagery, sky‑camera features, and meteorological
forecasts. A practical application is a utility forecasting the aggregate PV output of a distributed network to
schedule generation dispatch. Challenges include handling rapid cloud motion, dealing with short‑term
variability, and incorporating measurement uncertainty from pyranometers.

Wind speed forecasting estimates future wind speeds at hub height, often serving as an intermediate step
before converting to power using turbine power curves. Techniques include NWP‑based ensemble
forecasts, statistical downscaling, and ML models that combine NWP outputs with local sensor data.
Accurate wind speed forecasts enable better market bidding and reserve scheduling. The main difficulty is
the chaotic nature of atmospheric turbulence, which limits predictability beyond short horizons (typically
Load forecasting predicts electricity demand, which, while not a renewable source itself, is crucial for
balancing renewable generation. Load forecasts often use historical consumption patterns, weather
forecasts, calendar effects (holidays, weekends), and socioeconomic indicators. Machine‑learning models
such as gradient‑boosted trees or LSTMs have shown superior performance over traditional linear
regression. For renewable integration studies, accurate load forecasts help assess the net demand that must
be met by variable generation. Load data may contain privacy constraints, requiring aggregation or
anonymization, which can affect model fidelity.

Photovoltaic power prediction directly forecasts the electrical output of PV systems, integrating both
irradiance forecasting and system‑specific factors (module temperature, inverter efficiency).
Machine‑learning models can be trained on historical PV output along with meteorological inputs,
producing forecasts for various horizons (minutes to days). A common practical use is a microgrid operator
estimating solar contribution to plan battery charging. Challenges include dealing with shading effects,
degradation over time, and the impact of dust or snow on panel performance.

Wind turbine power curve describes the relationship between wind speed and generated power, typically
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featuring a cut‑in speed, a linear region, a rated plateau, and a cut‑out speed. The curve is a fundamental
component of many forecasting pipelines, converting wind speed forecasts into power forecasts. However,
real turbines deviate from the ideal curve due to turbulence, wake interactions, and control strategies.
Data‑driven residual models can correct these deviations, improving forecast accuracy. Calibration of the
power curve requires high‑resolution SCADA data and careful filtering to remove outlier operating
conditions.

Capacity factor is the ratio of actual energy produced over a period to the maximum possible energy if the
plant operated at full nameplate capacity continuously. Capacity factor serves as a performance metric and
influences economic assessments. Forecasting capacity factor over longer horizons (monthly, yearly) helps
investors evaluate project viability. Machine‑learning models can predict capacity factor based on long‑term
climate indices (e.g., ENSO, NAO) and historical generation patterns. The main difficulty is the limited
number of long‑term observations, which may hinder model robustness.

Renewable integration refers to the process of incorporating variable generation into the electrical grid
while maintaining reliability, stability, and economic efficiency. Accurate forecasts are a cornerstone of
integration, enabling operators to schedule conventional generators, manage reserves, and mitigate
congestion. Forecast errors can lead to costly imbalance penalties or require rapid dispatch of
fast‑responding resources. Machine‑learning forecasts are often integrated into energy management
systems (EMS) as part of the decision‑support toolkit. Integration challenges include coordinating forecasts
across multiple sites, handling data latency, and aligning forecast horizons with market timelines.

Grid stability concerns maintaining the balance between supply and demand, frequency regulation, and
voltage control. Variable renewable generation introduces fluctuations that can threaten stability if not
properly forecasted and mitigated. Short‑term forecasts (seconds to minutes) are used for primary
frequency control, while longer forecasts (hours) support secondary and tertiary control actions.
Machine‑learning models that provide probabilistic forecasts enable operators to assess the likelihood of
stability violations and activate ancillary services accordingly. The challenge lies in translating forecast
uncertainty into actionable control strategies without over‑provisioning reserves.

Forecasting horizon denotes the lead time between the moment a forecast is issued and the time instant it
predicts. Short horizons (minutes to a few hours) are critical for real‑time grid operations, while medium
horizons (6‑24 hours) support market bidding, and long horizons (days to weeks) aid planning and
maintenance scheduling. Model architecture and input data selection typically depend on the horizon; for
example, high‑frequency SCADA data is valuable for minute‑level forecasts, whereas climatological variables
dominate week‑ahead forecasts. Selecting an appropriate horizon is a trade‑off between accuracy, data
availability, and decision‑making needs.

Lead time is closely related to forecasting horizon
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