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For each trial, two simulations were ran using the digital twin: the
home under normal HVAC operation, and the same home with the
HVAC controlled to be off at selected hours.

Results of the simulations are shown below. A summer day with
high outdoor temperature was chosen. In the controlled HVAC
simulation, the indoor temperature was returned to the set-point

betore 5 p.m. * The figure to the left

shows the annual
energy consumption of
household appliances
as found by the US
Energy Information
Administration (EIA).

* Space heating, space
cooling, and water
heating have great
influence on residential
loads.

An energy calculation was included in the Python script to calculate
energy used by the HVAC in each scenario.

The total energy consumed by the HVAC on June 1st was
approximately 1.8 kWhr for the HVAC when uncontrolled and
approximately 1.5 kWhr when controlled.

The total energy consumed by the HVAC on June 10th was
approximately 1.25 kW for the HVAC when uncontrolled and
approximately 1.02 kW when controlled.

Coefficient of Performance (COP)

The coefficient of performance (COP) describes how efficiently a
cooling system transfers heat for the energy it consumes.

HVAC systems with a higher coefficient of performance save
electricity since they can keep indoor temperature at a comfortable
level using less energy.

The HVAC system used in this experiment has a COP of 3.37, which
is slightly above average. Results will vary depending on the COP of
each HVAC system.

* Implementing DR by controlling household appliances through
a HEMS can save electricity and decrease the load on the
utility grid during peak hours while also allowing a comfortable
indoor temperature during hours of occupancy.

Future and Ongoing Work

* Work is ongoing with two additional houses to compare the
effects of DR on HVAC systems with various Coefficients of
Performance (COP) and Seasonal Energy Efficiency Ratios
(SEER). Additional calculations include daily energy usage
minimization and TOU pricing calculations for behind-the-
meter (BTM) user benefit assessment.

Acknowledgement

* This paper is based upon work supported by the National

Science Foundation (NSF) under Award No. 1936131. Any
opinion, findings, and conclusions or recommendations
expressed in this paper are those of the authors and do not
necessarily reflect the views of NSF.”




	Steven Poore, STMIEEE,  Rosemary Alden, GSMIEEE, �Abdullah Al Hadi, MIEEE, and Dan M. Ionel, FIEEE

