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THE PROBLEM OF ENERGY CONSUMPTION AWARENESS
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THE SOLUTION: NILM
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Non-Intrusive Load Monitoring (NILM), or Energy Disaggregation (Hart, 1992) 1s known as the
determination of appliance-specific load consumption, using the aggregate power signal of a household as

input.
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OUR SOLUTION: EnerGAN++ MODEL
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PERFORMANCE EVALUATION AND COMPARISONS
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* Comparisons:
(1) Long Short-Term Memory method (Kaselimi, 20195, 2020),
(i1) Denoising Autoencoders (DAE) (Kelly, 2015),
(111) seq2seq CNN (Chen, 2016),
(iv) Combinatorial Optimization (CO) (Batra, 2014) and
(v) Factorial Hidden Markov Model (FHMM) (Batra, 2014).
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| Aggregate Ground Truth EnerGAN++|
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Thank you!
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