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single home power consumption? 2 3. .’ el I I I I
2 Grid-level predictions [1] Data collection period: 03/20/2018 — 08/10/2018 I I I 4 111"

BUiIding'IeVEI prEdiCtiﬂnS [2] Samp“ng rate: 60 Samp'es per hour Overlap mm) > g)(\)/erlap (mi1n0)

Commercial building predictions [3] Number of data points: 207,359 Random selection Non-random selection

X Single-home predictions _
Features: Impact of human behavior

Why does it matter? Mean and standard deviation of:

- Targeted energy-efficient programs [4] Weather data: sun altitude, outdoor temperature, = i} = oo
- Successful power conservation systems [4] incident solar radiation, inside temperature. S I
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- Efficient use of energy storage - Time: hour of day, day of week, day light 40 i II i i 10
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oo Windows overlap: 1,10, 30, 60 minutes
- Hour groupings: 1, 2, 4,12, 24 hours iSiE e
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