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Certificate in Energy Security and Geopolitics

Energy Data Analytics and Forecasting

Advanced Metering Infrastructure (AMI) – a networked system of smart meters, communication
technologies, and data management platforms that enables two‑way flow of electricity consumption
information between utilities and customers. Related terms: smart meters, SCADA, IoT. AMI collects
interval‑level load data, which analysts transform into load profiles for demand forecasting. Example: A
utility installs AMI in a residential subdivision, capturing 15‑minute usage data that feeds a
machine‑learning model predicting next‑day peak demand. Practical application includes real‑time pricing
programs where customers receive price signals based on forecasted system stress. Challenges involve data
privacy concerns, integration with legacy SCADA systems, and handling the massive volume of
high‑frequency data without degrading analytics performance.

Artificial Intelligence (AI) in Energy Forecasting – the use of algorithms that mimic human cognition, such as
neural networks, decision trees, and reinforcement learning, to identify complex patterns in energy
consumption, generation, and market variables. Related terms: machine learning, deep learning, predictive
analytics. AI models can ingest weather forecasts, economic indicators, and historical load to produce
probabilistic forecasts. Example: A regional transmission organization employs a long‑short‑term memory
(LSTM) network to predict hourly wind generation, achieving a 10 % reduction in forecast error compared
with traditional persistence models. Practical uses include optimizing unit commitment schedules and
informing hedging strategies for traders. Challenges include over‑fitting on limited data, interpretability of
black‑box models, and the need for continuous retraining as market regimes evolve.

Balancing Authority (BA) – an entity responsible for maintaining the real‑time equilibrium between
electricity supply and demand within a defined control area. Related terms: grid operator, frequency control,
reserve procurement. BAs rely on short‑term load forecasts (minutes to hours) to dispatch ancillary services
such as regulation and spinning reserve. Example: The California ISO, acting as BA, uses a stochastic load
forecast to determine how much reserve to procure ahead of a heatwave. Practical application includes
coordinating demand‑response events that are triggered when forecasted load exceeds a threshold.
Challenges arise from forecast uncertainty, especially with high penetration of variable renewable energy,
and from the need to reconcile multiple forecasting horizons (e.G., Day‑ahead vs. Real‑time).

Capacity Factor (CF) – the ratio of actual energy output of a generating asset over a period to its maximum
possible output if it operated at full nameplate capacity continuously. Related terms: capacity credit,
utilization rate, availability. CF is a key metric in performance analytics and long‑term generation
forecasting. Example: A 500 MW solar farm with an annual output of 1,000 GWh has a CF of 22 %. Practical
use includes comparing the economic viability of different technologies and informing capacity market bids.
Challenges include variability due to weather patterns, degradation of equipment over time, and the need
to adjust CF estimates as climate trends shift.

Carbon Intensity Forecasting – the projection of the amount of carbon dioxide emitted per unit of electricity

Read online: https://certificates.lsba.org.uk/glossaries/3983717/
energy-data-analytics-and-forecasting

London School of Business and Administration · 27 Jul 2026



G LO S S A RY

generated (e.G., GCO₂/kWh) over a future time horizon. Related terms: emissions factor, grid
decarbonization, life‑cycle assessment. Analysts combine generation mix forecasts, plant‑level emission
rates, and renewable output predictions to estimate carbon intensity. Example: A corporate sustainability
team uses a 24‑hour carbon intensity forecast to schedule flexible manufacturing when the grid is cleanest.
Practical application includes informing renewable energy procurement contracts that are indexed to
low‑carbon periods. Challenges involve the stochastic nature of renewable generation, the lag in emissions
reporting for thermal plants, and the need for high‑resolution temporal data to capture intra‑hourly spikes.

Data Quality Management (DQM) – a systematic approach to ensuring that energy data used for analytics
meets standards of accuracy, completeness, consistency, and timeliness. Related terms: data cleansing, ETL,
metadata governance. DQM processes involve validation rules, outlier detection, and reconciliation across
disparate sources (e.G., SCADA, market bids, weather APIs). Example: An analyst discovers a sudden drop in
reported load for a sub‑region; DQM procedures flag the anomaly, prompting a review that reveals a meter
communication failure. Practical use includes improving forecast reliability and reducing costly
mis‑dispatches. Challenges consist of heterogeneous data formats, real‑time data latency, and the resource
intensity of manual data verification.

Demand Response (DR) Forecasting – the estimation of the amount of load that can be curtailed or shifted
in response to price signals or reliability events. Related terms: load elasticity, price‑responsive load,
aggregator. DR forecasting combines historical participation rates, customer segment characteristics, and
event pricing to predict response magnitude. Example: A utility models a 4 °C temperature increase and
predicts that a residential DR program will shed 150 MW during peak hours. Practical application includes
integrating DR as a dispatchable resource in unit commitment models. Challenges include behavioral
uncertainty, limited historical data for new programs, and the need to coordinate multiple aggregators with
overlapping customer bases.

Distributed Energy Resources (DER) Integration – the process of incorporating small‑scale generation,
storage, and flexible loads into grid planning and forecasting models. Related terms: behind‑the‑meter,
micro‑grids, virtual power plant (VPP). DER analytics require high‑resolution spatial data to capture the
stochastic output of rooftop solar, battery state‑of‑charge, and electric vehicle charging patterns. Example:
A city planner uses a DER integration model to forecast that 30 % of peak demand can be met by
community solar and storage by 2030. Practical use includes informing interconnection standards and
capacity market participation for aggregated DERs. Challenges involve data privacy, the heterogeneity of
DER control schemes, and the need for real‑time coordination to avoid reverse power flows.

Energy Market Price Forecasting – the projection of wholesale electricity prices (e.G., Locational marginal
price, LMP) over various horizons, typically using statistical, econometric, or AI‑based models. Related terms:
spot market, forward curve, price volatility. Forecasts incorporate fuel price trends, generation availability,
transmission constraints, and weather forecasts. Example: A trader employs a Gaussian process regression
model to forecast day‑ahead LMPs, achieving a mean absolute error of $2/MWh. Practical application
includes hedging strategies, optimal bidding in day‑ahead markets, and risk‑adjusted asset valuation.
Challenges include sudden supply shocks (e.G., Plant outages), regulatory changes, and the non‑stationary
nature of price series.
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Forecast Error Metrics – quantitative measures used to evaluate the accuracy of energy forecasts, such as
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and
Continuous Ranked Probability Score (CRPS). Related terms: bias, reliability diagram, skill score. Selecting
appropriate metrics depends on forecast horizon, data distribution, and decision‑making context. Example:
A load forecasting team reports a 2 % MAPE for a 24‑hour horizon, noting that the RMSE captures larger
deviations during extreme weather days. Practical use includes benchmarking models, guiding model
selection, and communicating uncertainty to stakeholders. Challenges involve metric sensitivity to outliers,
the difficulty of comparing probabilistic and deterministic forecasts, and the need to align metrics with
economic impact rather than purely statistical error.

Geospatial Analytics in Energy Forecasting – the use of location‑based data (e.G., GIS layers, satellite
imagery) to enhance forecasts of renewable generation, load distribution, and transmission constraints.
Related terms: spatial interpolation, heat maps, terrain analysis. Geospatial inputs such as solar irradiance
maps or wind speed contours are integrated into resource models. Example: A developer overlays
high‑resolution wind atlases with terrain roughness data to predict turbine output for a proposed offshore
wind farm. Practical application includes siting new generation assets, planning transmission expansions,
and identifying load growth hotspots. Challenges include data resolution mismatches, computational
intensity of raster processing, and the need to keep spatial datasets up‑to‑date with rapid land‑use
changes.

Hybrid Forecasting Models – approaches that combine multiple modeling techniques (e.G., Statistical,
physical, AI) to leverage the strengths of each and mitigate individual weaknesses. Related terms: ensemble
learning, model stacking, weighted averaging. A hybrid model might blend a weather‑driven physical solar
model with a neural network that captures systematic forecasting bias. Example: An electric utility uses a
hybrid approach where a SARIMA model predicts baseline load while a gradient‑boosted tree adjusts for
special events, resulting in a 15 % error reduction. Practical use includes improving robustness across
diverse conditions and providing fallback models when data streams are disrupted. Challenges involve
increased model complexity, the need for rigorous validation to avoid double‑counting information, and
higher computational resource requirements.

Intraday Forecasting – the generation of load or generation forecasts for intervals within the same operating
day, typically on a 15‑ to 60‑minute resolution, to support real‑time dispatch and market settlements.
Related terms: nowcasting, short‑term forecasting, real‑time analytics. Intraday forecasts rely heavily on the
latest weather updates, demand‑side telemetry, and short‑term trends. Example: A system operator updates
a 30‑minute ahead wind forecast every hour using a Kalman filter that assimilates turbine SCADA data.
Practical application includes adjusting regulation bids and activating fast‑response storage. Challenges
stem from data latency, rapid weather variability, and the need to balance forecast granularity with
computational speed.

Load Profile Segmentation – the classification of customers or load zones into groups based on similar
consumption patterns (e.G., Residential evening‑peak, industrial baseload). Related terms: cluster analysis,
customer archetype, typology. Segmentation informs tailored forecasting models and demand‑side
management programs. Example: A utility applies k‑means clustering to smart‑meter data, identifying a
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“high‑flexibility” segment that responds strongly to time‑of‑use tariffs. Practical use includes designing
targeted DR incentives and improving forecast accuracy by applying segment‑specific models. Challenges
include determining the optimal number of clusters, handling customers that shift between segments over
time, and ensuring privacy compliance when using granular consumption data.

Machine Learning Feature Engineering – the process of selecting, transforming, and creating input variables
that improve the predictive power of ML models in energy analytics. Related terms: dimensionality
reduction, lag features, categorical encoding. Common features include lagged load values,
temperature‑dew point differentials, calendar effects (holidays), and market price spreads. Example: A
forecaster creates a “heating degree day” feature that captures the impact of cold weather on residential
load, boosting model R² by 0.07. Practical application includes reducing over‑fitting, accelerating model
training, and enhancing interpretability. Challenges involve avoiding leakage from future information,
managing high‑dimensional feature spaces, and maintaining feature relevance as system conditions evolve.

National Renewable Energy Laboratory (NREL) Data Sets – publicly available collections of high‑resolution
solar, wind, and meteorological data curated by the U.S. Research agency, widely used for model training
and validation. Related terms: NSRDB, Wind Integration Dataset, open‑source data. NREL datasets provide
historical irradiance, wind speed, and temperature at sub‑hourly intervals for thousands of locations.
Example: A university research team uses the National Solar Radiation Database to benchmark a new solar
forecasting algorithm. Practical use includes reducing data acquisition costs, enabling reproducible research,
and supporting scenario analysis for policy studies. Challenges include geographic coverage gaps for
emerging markets, the need to align timestamps with local system data, and potential licensing restrictions
for commercial use.

Outlier Detection in Energy Time Series – techniques for identifying anomalous observations that deviate
significantly from expected patterns, often caused by sensor faults, cyber‑intrusions, or extreme events.
Related terms: robust statistics, z‑score, isolation forest. Methods range from simple thresholding to
advanced unsupervised learning algorithms. Example: An operator applies a rolling median filter and flags
any 5‑minute load point that exceeds three median absolute deviations, catching a sudden SCADA glitch.
Practical application includes improving data quality, preventing erroneous dispatch decisions, and
safeguarding market integrity. Challenges involve distinguishing true extreme physical events (e.G., Storms)
from data errors, setting appropriate sensitivity levels, and scaling detection to millions of measurement
streams.

Probabilistic Forecasting – the generation of forecasts expressed as probability distributions or confidence
intervals rather than single point estimates, providing a richer representation of uncertainty. Related terms:
quantile regression, prediction intervals, Monte Carlo simulation. Probabilistic outputs enable risk‑aware
decision making, such as sizing reserves or structuring contracts with uncertainty clauses. Example: A wind
farm operator produces 10 % and 90 % quantile forecasts for hourly generation, allowing a power purchaser
to hedge against low‑output scenarios. Practical use includes informing stochastic unit commitment,
capacity market bidding, and insurance product design. Challenges involve calibrating forecast distributions,
communicating probabilistic information to non‑technical stakeholders, and computational demands of
generating large ensembles.
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Renewable Energy Forecast Error Decomposition – the analytical breakdown of total forecast error into
constituent sources such as weather model error, model bias, and measurement noise. Related terms: error
attribution, bias‑variance trade‑off, skill score. Decomposition helps prioritize improvement efforts. Example:
A solar forecasting team discovers that 60 % of RMSE originates from inaccurate cloud cover predictions,
prompting investment in higher‑resolution satellite imagery. Practical application includes targeted model
upgrades, performance benchmarking across regions, and justifying budget allocations for data acquisition.
Challenges include isolating correlated error sources, requiring detailed metadata on input models, and
maintaining decomposition frameworks as forecasting pipelines evolve.

Scenario Analysis for Energy Security – the systematic exploration of alternative future states (e.G.,
Geopolitical tensions, fuel price shocks, policy changes) to assess impacts on energy supply, demand, and
market stability. Related terms: stress testing, what‑if modeling, strategic foresight. Analysts construct
multiple scenarios, run them through integrated assessment models, and compare outcomes such as load
curtailment risk or price spikes. Example: A national energy agency models a scenario where natural gas
imports are reduced by 30 % due to sanctions, revealing a need for additional renewable capacity to
maintain reliability. Practical use includes informing national energy strategies, guiding investment
decisions, and communicating risk to policymakers. Challenges involve selecting plausible yet diverse
scenarios, handling deep uncertainty, and ensuring that scenario outputs are comparable across different
modeling platforms.

Statistical Load Forecasting (SLF) – the use of traditional time‑series techniques (e.G., ARIMA, exponential
smoothing) to predict electricity demand based on historical consumption patterns and exogenous
variables. Related terms: linear regression, seasonal decomposition, Box‑Jenkins methodology. SLF remains
a baseline approach for many utilities due to its interpretability and modest data requirements. Example: A
regional utility applies a SARIMA(2,1,1)(1,0,1)[24] model with temperature as an external regressor,
achieving a 3 % MAPE for day‑ahead forecasts. Practical application includes providing a transparent
benchmark against which more complex AI models are evaluated. Challenges include limited ability to
capture nonlinear relationships, sensitivity to structural breaks (e.G., Pandemic‑induced load shifts), and the
need for regular model re‑identification.

Time‑Series Cross‑Validation – a validation methodology that respects the temporal order of data by
training models on a rolling window and testing on subsequent periods, avoiding look‑ahead bias. Related
terms: walk‑forward validation, rolling origin, backtesting. This approach is essential for assessing forecast
models that will be deployed in real‑time environments. Example: A wind forecast developer uses a 30‑day
rolling window to evaluate a gradient‑boosted model, recording performance metrics for each successive
24‑hour test set. Practical use includes selecting hyper‑parameters, comparing competing models, and
estimating out‑of‑sample reliability. Challenges involve computational load for large datasets, determining
appropriate window size for seasonality capture, and handling non‑stationary periods where model
performance may degrade sharply.

Transmission Congestion Forecasting – the prediction of future bottlenecks in the transmission network that
may limit the flow of electricity from generation to load centers. Related terms: network loading, locational
marginal price (LMP), binding constraints. Congestion forecasts combine generation dispatch, load
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forecasts, and line outage schedules within power flow models. Example: A system operator runs a DC
optimal power flow with day‑ahead load forecasts and identifies that the 345‑kV corridor between two
regions will become congested at 3 pm, prompting pre‑emptive market actions. Practical application
includes informing transmission planning, setting congestion revenue rights, and enabling market
participants to adjust bids. Challenges include the high sensitivity of congestion outcomes to small forecast
errors, the need for accurate outage data, and the computational intensity of full network simulations for
multiple scenarios.

Uncertainty Quantification (UQ) – the systematic assessment of the confidence associated with model
inputs, parameters, and outputs, often expressed through probability distributions or confidence bounds.
Related terms: sensitivity analysis, Monte Carlo sampling, Bayesian inference. UQ informs risk‑aware decision
making in capacity planning and market operations. Example: A renewable integration study samples
temperature forecast errors from a calibrated distribution, generating a spread of possible solar output
scenarios that feed into a reliability assessment. Practical use includes determining reserve margins, pricing
uncertainty‑linked financial products, and communicating risk to stakeholders. Challenges involve the
computational burden of repeated model evaluations, the need for accurate error models for each input
source, and the difficulty of aggregating uncertainties from heterogeneous data streams.

Variable Renewable Energy (VRE) Forecasting – the prediction of output from intermittent sources such as
wind, solar photovoltaic, and concentrated solar power, typically on sub‑hourly to day‑ahead horizons.
Related terms: wind power prediction, solar irradiance forecasting, capacity factor estimation. VRE
forecasting blends numerical weather prediction (NWP), statistical post‑processing, and machine‑learning
corrections. Example: A utility uses an ensemble of three NWP models, each weighted by recent
performance, to forecast 5‑minute ahead wind generation, reducing error by 12 % relative to a single
model. Practical application includes scheduling balancing resources, informing market participants of
expected supply, and supporting grid code compliance for forecast accuracy. Challenges include rapid
weather changes, limited spatial coverage of high‑resolution NWP, and the need to integrate forecast
uncertainty into dispatch algorithms.

Weather‑Driven Energy Forecasting – the incorporation of meteorological variables (temperature, wind
speed, humidity, solar radiation) as primary drivers in load and generation prediction models. Related terms:
temperature‑load relationship, clearsky index, forecast assimilation. Accurate weather inputs are critical for
both demand (heating/cooling) and VRE output. Example: A demand forecaster applies a piecewise linear
function linking degree‑days to residential load, adjusting coefficients seasonally. Practical use includes
aligning energy procurement with weather outlooks and designing climate‑resilient infrastructure.
Challenges involve the inherent uncertainty of weather forecasts, the need for downscaled data for localized
forecasts, and the non‑linear response of certain loads to temperature extremes.

Zero‑Emissions Energy Portfolio Optimization – the use of optimization algorithms to select a mix of
generation, storage, and demand‑side resources that meets projected demand while minimizing carbon
emissions, often subject to cost and reliability constraints. Related terms: linear programming,
mixed‑integer optimization, greenfield planning. Models incorporate forecasts of load, VRE output, and
carbon intensity to evaluate trade‑offs. Example: A city’s energy planner solves a MILP that minimizes total
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system cost while keeping annual CO₂ emissions below 10 % of a 1990 baseline, resulting in a portfolio of
40 % solar, 30 % wind, and 30 % battery storage. Practical application includes guiding policy targets,
informing subsidy allocation, and supporting corporate net‑zero commitments. Challenges involve handling
forecast uncertainty, ensuring solution robustness, and reconciling conflicting objectives such as cost versus
resilience.
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