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Background and Motivation

Virtual Power Plants (VPPs) are grid-focused aggregations of
distributed energy resources (DERs) such as energy storage
systems and controllable loads. VPPs take advantage of the
flexibility and dispatchability of these resources, earning revenue
through peak shifting, peak shaving, and ancillary services.
However, existing VPPs face key challenges in:

« Scalability: There is a need to move from centralized control to
hierarchical or decentralized control.

« Distribution system constraints: When VPPs are providing
services to the bulk grid, there needs to be a mechanism to
ensure that the distribution system constraints are not violated.

= Customer privacy: Aggregation and dispatch of customer DERs

should ensure that customers’ private information is not sent to
the VPP operator.
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Fig. 1: Proposed distribution network-aware, customer
privacy-preserving VPP framework

Optimization and Modeling Methodology
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Input: Agent set point pg;
Output: Customer set point p;;

: Agent evenly disaggregates psi: pir = pst/|Ns|;

2: Customers calculate extra allocated power and return it to

agent: Ap;, = max(0, p;; — min(pl™, EM — E;))
: while >~ Ap;; > 0 do
Agent identifies the customer set A; for those Ap;; > 0;
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Customers calculate the extra allocated power: Ap;; =
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(1) The subregion agents  Algorithm 1: The subregion agents disaggregate the VPP
then disaggregate the  signal to individual customers by exchanging limited and
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SMART-DS San Francisco Test Feeder

The test feeder is a
synthetic urban feeder
located in northeast
downtown San
Francisco, CA. It has a
total peak load of 10.5
MW, and 142
residential customer
buses (306 customers).
Each is assumed to
Legend have a battery and
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Fig. 2: Test feeder in San Francisco: SMART-DS SFO P2U feeder 12281.

following Algorithm 1.  This demonstrates a charging signal; a discharging signal
can be disaggregated similarly.
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Fig. 3: DERMS model results for feasible power bounds
in the test feeder. Fig. 3a shows the feasible bounds of

the fixed load of the residential buses. Results are based
on LinDistFlow.
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Numerical Results

The optimization programs are modeled in Pyomo and
solved using HiGHS with the default solver settings.
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Fig. 5 (right): Results of the virtual batteries
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Fig. 6 (top): The charging (6a) and discharging (6b) of batteries in
subregion 3 for each residential customer. The initial energy, and
the energy after charging and discharging, is displayed.

Fig. 7 (bottom): System voltages in per unit following the charging
and discharging actions. As expected, the increased load from the
charging resulted in lower voltages than the decreased load from
the discharging and the voltages remained within our specified
limits +5%.

Conclusions and Future Work
We present a framework for hierarchical control of
residential behind-the-meter DERs in a VPP through a case
study of batteries in a single test feeder. Future work will
expand this study to include residential PV systems, EVs,
and controllable loads like HVAC and electric water
heaters. We are also implementing a privacy-preserving
federated learning algorithm for secure data transfer.
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