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Learning objectives

m

Through this lecture, it is aimed for the students to be able to:

@ Understand the context of forecasting with application to renewable energy

@ Describe various forecasting products and their interest for decision-making

© Perform verification of deterministic forecasts
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Q Basic forecasting concepts
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Why forecasting?

o Forecasting is a natural first step to
decision-making

@ Believing we know what will happen

o helps making decisions
o but mainly, makes us more confident
about it!

o Key application areas include:

o weather and climate

e economics and finance
o logistics

e insurance, etc.
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“But to be fair, there’s a fifty percent chance of
just about anything.”

4/38



=]
=1
=

What to forecast?

it

o Different actors may have different needs...

market participant, supply side (e.g., conventional generator, wind farm operator)
market participant, demand side (e.g., retailer)

participants in neighboring markets

market operator

system operator

but also, you and |
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market operator

system operator

but also, you and |

@ One may want forecasts of:

the electric load

day-ahead prices

potential imbalance sign

regulation prices/penalties

potential congestion on interconnectors
etc.

Generation from renewable energy sources!!!

o Nearly all these quantities are driven by weather and climate!
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Renewable energy forecasts in decision-making

m

@ Forecast information is widely used as input to several decision-making problems:

definition of reserve requirements (i.e., backup capacity for the system operator)

unit commitment and economic dispatch (i.e., least costs usage of all available units)
coordination of renewables with storage

design of optimal trading strategies

electricity market-clearing

optimal maintenance planning (especially for offshore wind farms)

@ Inputs to these methods are:

o deterministic forecasts

o probabilistic forecasts as quantiles, intervals, and predictive distributions
e probabilistic forecasts in the form of trajectories (/scenarios)

o risk indices (broad audience applications)

@ For nearly all of these problems, optimal decisions can only be obtained if fully
considering forecast uncertainty...
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Contribution to forecast uncertainty/error

o To generate renewable energy forecasts in electricity markets, necessary inputs
include:
e recent power generation measurements

o weather forecasts for the coming period
o possibly extra info (off-site measurements, radar images, etc.)

error measurements

.. . 4 meteorological forecasts
@ Their importance varies

as a function of the lead
time of interest...

e short-term (0-6
hours): you definitely
need measurements

o early medium-range
(6-96 hours): -
weather forecasts are
a must have!

v

lead time
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Numerical Weather Prediction

i

@ Future values of meteorological
variables (wind, temperature, etc.)
on a grid

@ Temporal/spatial resolution,
domain, forecast update and
forecast length vary depending
upon the NWP system

@ Large number of alernative system
today (global, mesoscale, etc.)
providing free or commercially
available output.

it

o Origins of uncertainty in NWPs: initial state, model/physics, numerical aspects
(filtering)
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Predictability of meteorological variables

i

@ A large part of the prediction error directly comes from prediction of weather
variables

@ This uncertainty in the meteorological forecast is then amplified or dampened by the
power curve (model)
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typical representation of what could be more and less easily predictable situations...
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The manufacturer power curve

i

@ Power curve of the Vestas V44 turbine (600 kW)
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o Klim wind farm (North of Jutland, Denmark): 35 V44 turbines
o Nominal capacity: 21 MW

o Easy direct scaling of the power curve from 600kW to 21IMW!
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The actual power curve looks different!

m

Origins of uncertainty in the conversion process:

@ actual meteorological
conditions seen by

20

turbines,
'h’_> -
@ aggregation of
individual curves, g
. 5 =
@ non-ideal power H
Q
curves,
o
@ etc. o

wind speed [m/s]
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Shaping forecast uncertainty

m

courtesy of Matthias Lange

Power [kW]
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@ Forecasting products
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Forecast setup: Forecasting is about the future!

@ The practical setup:

e we are at time t (e.g., at 11am, placing offers in the market)
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m

e and interested in what will happen at time t 4+ k (any market time unit of tomorrow,

e.g., 12-13)
o k is referred to as the lead time

@ Yiik: the random variable “power generation at time t 4 k”

time t

time t+k

\

@ A forecast is an estimate for time t + k, conditional to information up to time t...

@ This motivates the notation 7,
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For illustration: the Western Denmark dataset

m

Agg. zone Orig. zones % of capacity
1 1,2, 3 31
2 5,6, 7 18
3 4,8, 9 17
4 10, 11, 14, 15 23
5 12,13 10

Figu re: The Western Denmark dataset: original locations for which measurements are available, 15 control zones defined by
Energinet, as well as the 5 aggregated zones, for a nominal capacity of around 2.5 GW.
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Point forecast: definition

A point forecast informs of the conditional expectation of power generation
Mathematically:
e _
5
—e— observations 0©%00,
—— forecasts o o °

1

Veakje = E[Yers|Q, M, 0] 1

. g -
given e
@ the information g =24
set
@ a model M °
@ its estimated s

T T T T T T T 1
parameters 6 ) 6 12 18 24 30 36 43

at time t lead time [h]

(Q, M, § omitted in other definitions)
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Point forecasting

i
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Figure: Example episode with point forecasts for the 5 aggregated zones of Western Denmark, as issued on
16 March 2007 at 06 UTC, along with corresponding power measurements, obtained a posteriori.
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Quantile forecast: definition

i

A quantile forecast is to be seen as a probabilistic threshold for power generation

Mathematically:

e _
b —o— observations 0©%00,
- - - point forecasts 0© . o
—— quantile forecasts (a=0.5, g - iy
’\(O‘) _ﬁ*l ( ) S_ 9 ( ) OOOOOO o
qt+k\t = T t+k|t a
= ~
. 5 ®
with -
. g « |
@ «: the nominal RS
level (ex: 0.5 for .
50%) 3
o F: (pre(‘!lcted) s |
cumulative f T T ‘ ‘ T T 1
o R 1 6 12 18 24 30 36 43
distribution
lead time [h]

function for Yiix
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Prediction interval: definition

i

A prediction interval is an interval within which power generation may lie, with a
certain probability

Mathematically:

e
b 90% pred. intervals 600900,
s —— point forecasts 5 5
i\(ﬂ) _ | ale (@) —e— observations °
trklt = | etk Devke 24
= N4
with 3
. g
@ (3: nominal & =
coverage rate
(ex: 0.9 for 90%) 5
~(a) ~@) .
° qt+k\t’ qt+k|t'

interval bounds ; ; ‘ - - T T \
1 6 12 18 24 30 36 43

@ «, a: nominal
levels of quantile
forecasts

lead time [h]
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Predictive densities: definition

"

A predictive density fully describes the probabilistic distribution of power generation
for every lead time

Mathematically:

o _
« = 10-90% pred. intervals
—— point forecasts
A © —e— observations
Yeik ~ Feige .
s o
with g =
~ £ 3
® Feypppe: & 24 °
. 3
cumulative it
. . 3
distribution 3 «
3
function for Yiik s |
. . T T T T T T
(predicted given 3 - | : : : : 00 05 10 15 20 25
information 1 6 12 18 24 30 36 43
available at time lead time [h]

t)
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Predictive densities

"
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Figu re: Example episode with probabilistic forecasts for the 5 aggregated zones of Western Denmark, as issued on 16 March
2007 at 06UTC. They take the form of so-called river-of-blood fan charts, represented by a set of central prediction intervals with
increasing nominal coverage rates (from 10% to 90%).
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The conditional importance of correlation
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Trajectories (/scenarios): definition
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Trajectories are equally-likely samples of multivariate predictive densities for power
generation (in time and/or space)

Mathematically:

20 < A,

with
o F : multivariate
predictive cdf for
Y:
o z9: the jt"
trajectory

power [GW]
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42
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Space-time trajectories (/scenarios)

zone 1

o Q
= = o | l \
3 3 3
B E
:
<
§ 8 s
o
o
S
o | o |
3 3
[ e s s s e | [ s s s s s |
16 12 18 24 30 36 42 16 12 18 24 30 36 42
lead-time [] lead-time []
e _ e _
- zone 4 . zone 5
3 3
B E
:
H H

T
186 12

T

T

18 24 30 36 42

lead-time [h]

T T T T T

lead-time [h]

1

18 24 30 36 42

power [p.u]

zone 3

12 18 24 30 36 42

lead-time (h]

=
=
=

"

Figu re: Spatio-temporal scenarios of wind power generation for the 5 aggregated zones of Western Denmark, issued on the 16

March 2007 at 06 UTC.
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@ Verifying deterministic forecasts
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Test case: the Klim wind farm

"

@ The wind farm:

o full name: Klim Fjordholme U
e onshore/offshore: onshore
o year of commissioning: 1996

e nominal capacity (Pp): 21 MW
o number of turbines in farm: 35
e average annual electricity generation: 49 GWh

e data available: 1999-2003 (for some researchers)
o temporal resolution: 5 mins, and hourly averages
o forecasts: deterministic and probabilistic

@ A link to the online description:
Vattenfall's Klim wind farm

@ The wind farm has been recommissioned recently:
NordJyske online article
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http://powerplants.vattenfall.com/klim-fjordholme
http://nordjyske.dk/nyheder/siemens-skal-levere-gigantmoeller/6e13bf3b-f296-4080-81af-bb3f4cd5fd8e/43/1670
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Splitting of available data

m

@ Forecasting is about

o being able to predict future events, in new situations
e not only explain what happen in the past...

@ One need to verify forecasts on data that has not been used for the modelling!

o _
N

Modelling Evaluation

20
1

15
1

o 4

T T 1
1-1-2002 1-7-2002 31-12-2002

@ We focus on the last 6 months of 2002, with other examples for some other periods
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Visual inspection of forecasts
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@ Visual inspection allows you to develop susbtantial insight on forecast quality...

@ This comprises a qualitative analysis only

o What do you think of these two?
Are they good or bad?

observations
— forecasts

@
S

power [p.u.]

lead time [h]

Forecast issued on 16 November 2001 (18:00)

observations
— forecasts
@

power [p.u]

T T T T T 1
1 6 12 18 24 30 36 42 48

lead time [h]

Forecast issued on 23 December 2003 (12:00)
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Various types of forecast error patterns

i

@ Errors in renewable energy generation (but also load, price, etc.) are most often
driven by weather forecasts errors

@ Typical error patterns are:

o amplitude errors (left, below)
e phase errors (right, below)

observations
— forecasts

> observations
— forecasts.

power [p.u]
power [p.u]

T T T T 1
1 6 12 18 24 30 36 42 48 1 6 12 18 24 30 36 42 48

lead time [h] lead time [h]

Forecast issued on 29 March 2003 (12:00) Forecast issued on 6 November 2002 (00:00)
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Quantitative analysis and the forecast error
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@ For continuous variables such as renewable energy generation (but also electricity
prices or electric load for instance)

o qualitative analysis ought to be complemented by a quantitative analysis
o these are based on scores and diagnostic tools

The base concept is that of the forecast error:

Ettk|t = Ye+k — )A/t+k|t7 P, < Ervklt < P
where

@ ¥, ikt is the forecast issued at time t for time t + k
@ y;.k is the observation at time t + k

@ P, is the nominal capacity of the wind farm

@ It can be calculated

o directly for the quantity of interest

e as a normalized version, for instance by dividing by the nominal capacity of the wind
farm if evaluating wind power forecasts:

Yerk — Verk|t
Ettk|t = Pi" “1 <& < 1
n
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Forecast error: examples
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® £, pkt = —2.5MW (if not normalized)

@ £¢iye = —0.119 (or, -11.9%, if normalized)

Example 1: If the 24-ahead prediction for Klim is of 18 MW, while the observation is 15.5MW

observations
— forecasts.

power [p.u]

lead time [h]

Forecast and observations

power [p.u]

Example 2: forecast issued on the 6 November 2002 (00:00)

—e— normalized forecast error

°
000° '\
o
/ "
oo °
0, 00 000.0 000°%,0
020470 °
° e J ©%0660000000000°°°
T T T T T T |
1 6 12 18 24 30 36 42 48
lead time h]

Corresponding forecast errors

(Note that we prefer to work with normalized errors from now on...)
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Scores for point forecast verification

m

@ One cannot look at all forecasts, observations, and forecasts errors over a long
period of time

@ Scores are to be used to summarize aspects of forecast accuracy...

The most common scores include, as function of the lead time k:
@ bias (or Nbias, for the normalized version)
bias(k) = % S e
o Mean Absolute Error (MAE) (or NMAE, for the normalized version)
MAE(k) = % 2;1 leerael

o Root Mean Square Error (RMSE) (or NRMSE, for the normalized version)

1

2

1
RMSE(k) = [7 PO 5f+k‘t}

e MAE and RMSE are negatively-oriented (the lower, the better)
@ Let us discuss their advantages and drawbacks...
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Example: calculating a few scores at Klim

i

o Period: 1.7.2012 - 31.12.2012

o Forecats quality necessarily degrades with further lead times

© _
24 o090
0..¢00¢0“°
<+ 000‘
- 0000000
~ 000?
o P 244 000000
= 000000000 °oo°°°°°°
a 9 - .00 60000000°
e wd ¥ ooooooooo°°°°°
& o
S 0/ o0000°° -~ Nbias
8 o A -
g o —— NSDE
«d J —o— NMAE
—— NRMSE
~ 4
C T T o o e e e e e e e mmmmmmm—e
o -
I
I T T T T T T T 1
1 6 12 18 24 30 36 42 48

lead time [h]

@ For instance, for 24-ahead forecasts:

e bias is close to 0, while NMAE and NRMSE are of 8% and 12%, respectively
e on average, there is = 1.68 MW between forecasts and measurements
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Comparing against benchmark approaches

m

@ Forecasts from advanced methods are expected to outperform simple benchmarks!
@ Two typical benchmarks are:
o Persistence (“what you see is what you get”):
)/;t+k\t =y, k=12,...
o Climatology (the “once and for all” strategy):

}7t+k\t =y, k=12,...

where y; is the average of all measurements available up to time t

A skill score informs of the relative quality of a method vs. a relevant benchmark, for
a given lead time k:
Scadv(k)

=1 22\ < i in o
SSc(k) =1 Scrlk)’ SSc <1  (possibly expressed in %)

where
@ 'Sc’' can be MAE, RMSE, etc.,

@ 'Scaqy’ is score value for the advanced method, and

@ 'Scef' is for the benchmark
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Example: benchmarking at Klim

i

o Great! My forecasts are way better than the benchmarks considered (in terms of
RMSE)

o _
©
—6— vs. persistence
+ —+ vs. climatology
\ —%— vs. combined
84 *
I +
X +4 0000000000
OE +-'-j>—$02‘*'-l-“‘++ °°°°°°°°°°°°°°Oooooooo
o + oo
g 2 - 5° VVVVVVVVVV¢¢$$$$$ oo
3 /o'vvv $$¢‘Hf¢¢, N
5 A
E /O,V **vv****v
o voyy
o /
N
o/
9,/V
o
l T T T T T T T 1
1 6 12 18 24 30 36 42 48

lead time [h]

o Additional comments:

o persistence is difficult to outperform for short lead times
e climatology is difficult to outperform for longer lead times
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Diagnostic tools based on error distributions =

@ Scores are summary statistics

@ They only give a partial view of forecast quality

o A full analysis of error distributions may tell you so much more!

71‘ 0 70‘,5 D‘D 015 1‘0 711,0 70‘ 5 D‘vO 0‘5 1.‘0
normalized forecast error normalized forecast error
24-ahead forecasts 36-ahead forecasts
1 July 2002 - 31 December 2002 1 July 2002 - 31 December 2002
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Analysis of “extreme” errors

i

@ For risk management reason, you may be interested in knowing more about extreme
forecast errors

@ For the test case of
Klim and the same
period: s

- oo°°°a°ooooo°°°°o°°
++++++++++++++++++$$¢9g38$%v!vvvvvv¥¥ﬂ¥¥¥¥vvv*$
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Thanks for your attention!
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