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Table 1
The expression ofl time—domainlfeature parameters.
Feature expression Feature expression Feature expression Feature expression
TH = g Ypoy X(1) TE =L YN, xm)> Tk =min|x(n)| ThHs =1k
TR = \/Nlﬁ S x(m) —TRP  Th=3L X5, &km)* TRo=Tk-TkK TRy = 1§
TH = (§ Xz v/ Ix(m)])? TH = § Yo k)’ Thy =12 Ths = 15
(VTE)
TEy = A 30 |x(n) TF = max |x(n)| TFa = ¢ TFg = {;"Fie}z

Yan, X., & Jia, M. (2018). A novel optimized SVM classification algorithm with multi-domain feature
and its application to fault diagnosis of rolling bearing. Neurocomputing, 313, 47-64.
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Table 2
The expression of|frequency-domain|feature parameters.
Feature expression Feature expression Feature expression
K K 2 K 3
FF, — iy FF — \/ T (Ui PRy Py = ZEalUrh b
6
K 2 K 2 K 4
FE — 2k Y (k)—FF | FE — ko1 iy (k) FEy> — Yt [—FF) y(k)]
2 K=1 7 S (k) 12 K(FFy)*
FFy, = D VO-FEF  pp /30 (Gey®) FFpy = 2ot VI FRY®)]
K(JFE) V Y (flyk) K J/FF,
FF, = D VO—FRE pp Y Uiy (k) _
K(FR) V= Gy vl
K
FE = =1 ey (k) FFp = FF .

Z{f:‘] y(k) FFs
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Training dataset

Daily profile
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Prediction
horizon

Useful
Life
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extrapolation
(section 3.4)
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(section 3.4)
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NACE-Location: 15510;03014

50 # of CUPSs: 67; RMSD: 0.15; CI: 3.06%

Hotels; Alicante city
1.8 -

1.6 1

1.4 4

1.2

1.0 -

Active power demand (normalized)
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Eleccidn de clientes. Reduccién de dimensonalidad

# of location codes: 8,203 No target vector
# of activity-location pairs: 8,293,233

Matrix design Matrix design
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Water Hotels & restaurants
treatment
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Location: 28079 Madrid
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Activity: C; Location: 28079 Manufacturing; Madrid
Manufacture of paper
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NACE: C13 Manufacture of textiles
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