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o Requires installation of additional sensors SYSTEM IMPACT AND SEVERITY

o Requires knowledge of steady-state conditions and
access to fault-free data

Step 4: Features of systems are compared against each other

LA , Metrics were developed to estimate the impact of systems on
to 1identify anomalies. Few of the faults detected are:

energy consumption and thermal comfort of occupants.
Subsequently, a combination of energy and thermal comfort
impacts was used to determine a severity index for the system
based on which systems are ranked and prioritized for repatir.

» Advantages of Large Scale Data Analytics using Smart
Thermostat Data

o No need to install additional sensors

o Setpoint Tracking Failure Detector: Identifies systems
with faulty transient behavior. System 1s unable to track
a new setpoint efficiently. Diagnosed to be a case of
severe capacity loss, improper sizing or installation
problems [4].

o Ubiquitous 1nstallation of smart thermostats in
residential buildings

» Energy Impact: The energy consumption of the given
system as well as the average system operating in the same
climate region were modelled. Energy impact of the given
system was estimated as the relative difference in total
cooling hours of the given and the average system [9].

Inadequate Capacity Detector: Analyzes features
extracted from the regulating mode to detect systems
with severe capacity inadequacy [8].

o Ease in querying data from thousands of systems
o Faults detection 1s done by comparing features of

Abrupt Change Detector: Examines the time series of
T— features to determine points (if any) of sudden changes
® Reduced refrigerant leakage lIl SYStCm CapaClty [3].

different systems
® Reduced carbon emissions
2_2 : sl Degradation Trend Detector: Examines the time series

» Thermal Comfort Impact: Average thermal discomfort of
the indoor and outdoor environment of the house was
estimated based on the Predicted Mean Vote (PMV).
Thermal Comfort impact was estimated as the ratio of
mean level of discomfort felt by occupant living in the
indoor environment over the mean discomfort level they
would have felt if they were living outside [9].

of features to identify trends, if any, of gradual

_ / NP degradation of system capacity [7].
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Figure 1: Benefits of using FDD for residential HVAC systems [1]
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