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from Partial Appliance States

Nicolas Roux (nicolas.roux@inria.fr), Baptiste Vrigneau, Olivier Sentieys

General scope Non-Intrusive Load Monitoring (NILM)
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d a given norm.
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| This consists in solving (1) with a linear '
| optimization tool. :
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Block-diagram of a SmartSense Node ' We used GNU Math Programming Language
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4 Conclusion N\ Future work N

e An estimation algorithm based on environmental sensing has been proposed. e Smartsense deployment and data collection are imminent.
e SmartSense, a sensor network with a wide range of sensors is introduced. e Smartsenseis expected to yield accurate environmental data but inaccurate appliance
e Promising results are displayed in terms of complexity and prediction error, but the states matrix.

algorithm showed significant variations according to the nature of the appliance power Next challenges to address are the algorithm robustness to this kind of errors, and
\ time series. / association between NILM algorithms and environmental data instead of electrical data.
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