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Distributed Energy Resources (DERs):
e Decentralized, demand-side power generation

Overview: An end-to-end scenario modeling framework for DER

adoption through the lens of uncertainty quantification, Substation-level Adoption

Circuit-level Adoption

o Agoregation and coordination for market participation ® Base scenarios modeled by Hawkes process model with 2 40 £
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where ~y; is the inhibition effect, u; is a linear function of all
external covariates, oy is the spillover effect.

® Low-case and high-case scenarios are calibrated from
historic data using a novel distributed non-conformity score:
€;; = min
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where C is the network topology matrix.

Figure: The vanishing uncertainty problem, illustrating the necessity for robust
scenario modeling
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e The low-case and high-case scenarios are tight.
C1l: Towards “Robust” Scenario Modeling Scenar-

ios are sets of hypothetical futures intended to be used as the
basis for strategic discussions.
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Figure: High-level illustration of the proposed framework: (a) algorithmic pipeline; (b) multivariate Hawkes process for base-scenario DER adoption modeling &

simulation; (c) A decomposition of the mechanism of the proposed distributed non-conformity score.
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Case Study: Indianapolis, IN

Data description: In collaboration with AES Indiana, we
collected

e 1,742 customer-level rooftop solar panel installation
records within AES Indiana territory.

o Network topology information (circuits, substations,
etc.).

e [oad time series and outage records

From external sources, we referred to weather data, socioe-

conomic data, and incentives (compensation, net metering
tariffs, etc.) The data spans from 2010 to mid-June 2024.
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Long-term Forecast: We generate scenarios using our
model through 2050. The first figure below shows the distri-
bution level temporal trajectories and the second figure shows
the distribution level spatial trajectories.
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