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* 25000 smart meters

* Observe load data every 15 minutes

* Several years of data

» Seasonal effects obfuscate system dynamics
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The time series state of the art

Three approaches

l \, l

Raw data Feature-based Model-based

=) Throw away (a big part M

of the) temporal information | | = Capture structure/dynamics

Liao, T. Warren. "Clustering of time series data—a survey." Pattern recognition 38.11 (2005): 1857-1874.
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Impulse

Noise Input
response

=>How do we deconvolve?
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Second problem

=>How do we deconvolve?
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Second problem
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A homomorphic approach
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A homomorphic approach
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= Temporal correlations

= Deconvolution
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Cepstrum distance
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Cepstrum distance

We can calculate

Between time
series and models

distances
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Cepstrum distance

Stochastic models

=> Contains all the

relevant information!




Cepstrum distance

Process — Output

N N

\ 4 \ 4

Process —p Output

Cepstrum of output equals (for k > 0) the cepstrum of the transfer function
The cepstrum can be written in terms of poles (a;) and zeros (5;):

¢, (k) = Z%k Z%k (Vk > 0).
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Cepstrum distance

Look only at the process

Input  —# Process [—p Output

Input  —# Process [—p Output




Cepstrum distance

Deterministic distance option 2

Look only at the process

Output [==| Input Process
A
—
—
\ 2
Output |==| Input Process

=) The transfer function cepstrum is obtained by simply
subtracting the input cepstrum from the output cepstrum
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Summary of the extended distance

y(t)

=) Temporal correlations? => How do we deconvdlve?
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Cepstrum of output equals (for k > 0) the We can fill in:
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