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Appliances’ Signature

Raw current i(n) and voltage v(n)
Unsupervised feature learning
x, = [i7, D7]"
Single period (~ 0.017 seconds @ 60Hz)
Real-time identification
i, =[i(r),i(t+1),..,i(t+d+ 1]
Segment-based normalization

Discarding amplitude information

Generic labeling
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Prediction model

A neural network ensemble
Unstable models
Similar to Bootstrap aggregation

Ex. binary classification networks
A 11\ _
Ex. per class combination ( 5 ) = 55 nets

Ex. shallow, feedforward, fully connected nets
Doyw; = {x € X|wXx) =w; orw(x) = w;}
Ouvgw; () = [ﬁwi'wj' ﬁ“)j"‘)i]
Confidence-weighted voting

@(x) = arg max Z o ;w0 (%)
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An example of the adopted prediction model
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Experiments (2) - Training data

Effect of reducing size of training data r
Building-based reduction
Training on a ratio r of labeled data
Sampling frequency f; = 30 kHz

Test sample: last period of each
measurement

Accuracy «

Label space |Q)] = 11 categories

Notable degradation w.r.t training data
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Experiments (4) - Signature variation

Complete training data (54 buildings)
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