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Introduction to GAMs

Generalized additive model (GAM) (Hastie and Tibshirani, 1990):

Loadi |xi ∼ Distr{Loadi |θ1 = µ(xi ), θ2, . . . , θp},

where

E(Loadi |xi ) = µ(xi ) = g−1
{ m∑

j=1

fj(xi )
}
,

and g is the link function.

fj ’s can be fixed (parametric) or smooth effects.

θ2, . . . , θp control scale and shape of distribution.
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Introduction to GAMs

Example: a Gaussian GAM for expected load is

E(Loadi ) =
7∑

j=1

βjw
j
d(i) · Day-of-week factor

+ β8Loadi−1 · Lagged load

+ f1(ti ) · Long-term trend

+ f2(Ti ) · Temperature

+ f3(T s
i ) · Smoothed temperature (for thermal inertia)

+ f4(toyi ), · Time-of-year

where T s
i = αTi + (1− α)T s

i−1, with α = 0.05.
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Introduction to GAMs

Using mgcv R package (Wood, 2001):

fit <- gam(load ~ dow + loadLag + s(time) + s(temp) +

s(tempSmo) + s(toy),

family = gaussian, data = UKload)
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Figure: Effects of t, T , T s and toy.
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From GAMs to GAMLSS

Generalized Additive Models for Location Scale and Shape (GAMLSS,
Rigby and Stasinopoulos (2005)) let scale and shape change with x.

GAMLSS model structure:

Load|x ∼ Distr{Load|θ1 = µ1(x), θ2 = µ2(x), . . . , θp = µp(x)},

where

µ1(x) = g−1
1

{ m∑
j=1

f 1j (x)
}
,

...

µp(x) = g−1
p

{ m∑
j=1

f pj (x)
}
,

and g1, . . . , gp are link function.
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From GAMs to GAMLSS

Example: Gaussian model for location and scale

Load|x ∼ N{Load|µ(x), σ(x)}

where

µ(x) =
m∑
j=1

f 1j (x), σ(x) = exp
{ m∑

j=1

f 2j (x)
}

and g2 = log to guarantee σ > 0.
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From GAMs to GAMLSS

fit <- gam(list(load ~ s(time) + ..., # location

~ s(temp) + ..., # scale

~ s(toy) + ..., # skewness

~ s(instant) + ... # kurtosis)

Still parametric assumption on Distr(load|x).

Quantile regression estimates quantiles µτ (x) for τ ∈ (0, 1) directly.
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From GAMLSS to QGAM

This is implemented by qgam R package (Fasiolo et al., 2018):

fit <- qgam(load ~ dow + s(loadLag) + ..., qu = 0.7)
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From GAMLSS to QGAM
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CPU times:

qgam: one model fit → 1 to 4 seconds

boosting: one model fit → 90 to 700 seconds
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Multi-resolution GAMs

Consider modelling max demand over time horizon.

We have n days and 30min electricity demand L1:48n.

We want to predict yi , the maximal demand on the i-th day.
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Multi-resolution GAMs

We need to deal with data at different resolutions.

Modelling approach:

distribution for day max yi is Generalized Extreme Value (GEV)

capture information at 30min resolution using functional effects

Integrating high-resolution data:

naive approach E(yi ) = f1(Tempi
1) + · · ·+ f48(Tempi

48) + · · ·

functional E(yi ) =
∑48

k=1 te(Tempi
k , k) + · · ·
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Multi-resolution GAMs

Final model for daily max on UK data is yi ∼ GEV(µ, σ, ξ) where

E(yi ) ∝ µi =
7∑

k=1

βkI(wdi = k) + s1(toyi ) + s2(ti )

+
48∑
k=1

te1(tempi
k , k) +

48∑
k=1

te2(tempSi
k , k) +

48∑
k=1

te3(Li−1
k , k).

RMSE on test set (last year of UK data):

Multi-resolution: 773 (best)

Big model by-instant: 965

48 models by-instant: 930
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Multi-resolution GAMs

Note yi does not need to be daily max:

total demand in a day (yi ∼ Normal?)

position of daily max (yi ∈ {1, . . . , 48}, yi ∼ OCAT?)

and functional structure stays the same.

We can be multi-resolution across space:

E(Loadi ) =

∫
f {lon, lat, temp(lon, lat)} d lon d lat + · · ·

where tempk is temperature at the k-th location.

Functional effects can be implemented with standard methods in mgcv.
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Conclusion

The additive structure of GAMs offers:

interpretability (see mgcViz visualization R package)

scalability to Big Data (see Wood et al. (2017) and mgcv::bam())

modularity

Modularity facilitates addition of new:

response distributions (e.g. GEV)

smooth effect types (e.g. functional terms)

model classes (e.g. GAMLSS and quantile GAMs)

These properties, and the availability of reliable open-source software,
should assure the competitiveness of additive models in the context of
modelling future energy systems.
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