CLUE — Clustering-Based Load Understanding and Exploration:

Summarizing High-Dimensional Electricity Grid Data for Scenario Analysis

Context Clustering as a backbone
Energy systems are undergoing a major transformation: What: clustering is a powerful data analysis technique that groups
* Digitization: smart meters, sensors, and loT devices similar data-points based on shared characteristics.
* Integration of Renewables
 New Demands: electrification (EVs, heating), efficiency Why: clustering can serve as the backbone to analyze the data

and develop applications to support the need.
The need: analyzing large volumes of time-series data from

smart electricity meters. Challenges:

 Massive data: from smart meters and sensors
Application: support grid management, forecasting & customer « Streaming & Timeliness: data arrives continuously
segmentation. « Time-Series Complexity: data has temporal information
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This work's questions CLUE & examples

Explore the power of data summarization

. : . . - Clustering + Summarization enables:
with clustering for time-series electricity data.

» Scalability + efficiency: orders of magnitude faster analysis

_ _ * Hence, larger exploration space
Data summaries, transformations & data structures: what to

summarize and how? Impact on downstream analysis. Facilitate

CLUE: toolchain{ integrating:
Nnew use-cases.

» Efficient exploration & configurable feature engineering; round-
based clustering

« Computationally efficient high-dimensional data processing,
maintaining the analytical depth necessary for operational
decision-making

Efficiency & performance: how to summarize well by
efficiently utilizing hardware features (e.g. parallelism)?

Balancing tradeoffs: lean processing at acceptable cost and
timeliness. (1) https://github.com/rasmusthorsson/CL
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