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Forecasting uncertainty in electricity demand

* Forecast electricity demand

— expected value (“point” forecast)

— distribution

* Requirements
v’ understandable/interpretable
v computationally efficient

use Generalized Additive Models

build the prediction intervals directly
by estimating the (time-varying)
conditional mean and variance




Our general model of electricity demand

Yy = pulxe) + o(xp)e;

y¢ = the demand at time t
x; = vector of covariates
€; =the errorattimet

E[Y:] = u(xe)
Var(Yy) = o2(x;)

In practice, u(+) and o%(+) are unknown!

conditional mean conditional variance

» Estimate u(+) and o?(+) from empirical data



@ Estimating the conditional mean u(+)

Use Generalized Additive Model (GAM)

I

Fu(xe)) = fi(xe)

=1 l basis functions

link function, e.g., T
identity or logarithm transfer function

filxe) = 1(xt€Ai) ,BLT b; (x¢)

Example: log(E[Y:]) = Bo + S tmrwDayType,+
3
23_1 1(DayTypet_3)f1’j (Hour0fDay, )+
fo(TimeOfYear;) + f3(TempC,, Humidity, )+

fa(TempC,, Hour0fDay, ) + f5(LagNSameDTLoad, )+

8
Zj:l 1(DaYTypet=j) f67j (LagLoadt)



@ Estimating the conditional mean u(+)

Fit a GAM to y, to get an estimate fi(-) of u(-)
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Forecasting the conditional mean v, = [i(x;)



® Estimating the conditional variance g4 (+)

J
We use another GAM:  G(c?(x,)) = g;(x;)

j=1
Let Zt — O'(xt)ét

Zt = Yt — YVt

(residuals)

Ve = pu(xe) Ho(xp)e;

Fit a GAM to Z{ to get an estimate 62 (+) of 6%(")

_ residuals 7, ___ rescaled residuals €; = —
‘o 6(x¢)
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® Computing prediction intervals

Let g(-) = the quantile function of the standard normal dist.

1-p
1N\
& One-sided intervals at X i R
the p - 100 percentile: ¢r(p) = i(xe) +q(p) - 6(x)

o Two-sided intervals at d2(p) = [i(x,) +

0 (x
the p - 100 percentile: (xt)

actual

forecast
prediction intervals
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® Online learning

e Adaptive learning for smoothing functions (saetal. 2012)

e Adaptive constructions of prediction intervals
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