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How does network infrastructure impact energy affordability?

Research approach

= Underlying network structure impacts electricity prices, described by the locational marginal
price (LMP): the cost of serving an additional unit of load, constrained by network congestion
and losses in the wholesale market.

= Commonly used metric of energy affordability: energy burden—a function of electricity rates,
income, and electricity usage [1].

= \We develop an analogous concept: Locational marginal energy burden (LMB) describes the
change in energy burden incurred by serving one additional unit of demand at that bus [2].

©:0-

Energy Household Total Energy
Spending Income Burden

[ m e e e =

Census tract:
average income data (s)

Bus in power system:
retail electricity prices (m),

aggregate electricity
demand (d)

Energy burden:
b(d, ) =§ X Tt

____________________

Energy burden function for network:
b (m; d) :=diag(d @ s)m
\_Y_J

Element-wise division

Figure 1. The energy burden metric: a classical measure of energy affordability.
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Figure 2. Mapping of publicly available household income data to the Hawaii test network [3].

Parameterized OPF solution map: We consider a parameterized solution map of the (DC) OPF
problem that returns operational decisions x* given chosen problem parameters n:

x*(n) = arg min  c¢(x)
zeX(n)

Retail pricing: The optimal dual variables of the power balance constraint v*(n) define locational
marginal prices (LMPs) at each bus. The retail price = published by operators is an implicit function
of the LMPs, and determines what price customers pay:

retail-price = w (v™ (1))

Implicit differentiation: The OPF solution can be differentiated with respect to problem parameters
via the implicit function theorem [4, 5].

Locational marginal energy burden (LMB)

The energy burden function b provides a metric of energy affordability for all buses in the
network, given customer incomes s and demands d:

b = diag(d © s). (1)
The locational marginal energy burden (LMB) of a bus i induced by a bus 5 is the change in
energy burden at bus ¢ with respect to change in electricity demand at a bus j:
db;  change in energy burden at bus ¢

dd;  changeindemand atbusj (2)

The LMB-to-others induced by bus 7 is the net change in energy burden to all other buses 7 # 1
with respect to change in electricity demand at bus ¢:

0b;
MB-to-others(i) = » a—d] (3)
ja

Example: Energy burden regulation problem

Expansion planning task: Find a grid infrastructure investment policy n € H that reduces the energy
burden of consumers below a threshold:

%i% f@w*(n),

where v* is the dual optimal solution of lower-level OPF (i.e., LMPs).
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Figure 3. Regulating energy burden by imposing grid infrastructure investments.

Numerical results
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Figure 4. Energy consumption in high-income, low-population-density areas disproportionately impacts the energy
burden faced by others.

Conclusion and future work

Differentiable optimization operationalizes energy equity metrics via locational marginal energy
burden (LMB). By integrating the LMB metric into market clearing algorithms, we will develop
an efficient algorithmic policymaking tool that enables the regulation of fair pricing mechanisms in
electricity markets while simultaneously modeling operational grid constraints.
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