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Before to start...

Acknowledgments are due to:

all involved in the organization

all speakers who will kindly contribute to that course

the audience (in advance) for good discussion!
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Important consideration

What is the largest uncertainty, with highest potential impact?

Regulatory (/economic) uncertainty is out of the scope of this week’s course

However, some of the modelling ideas could actually be used to accommodate it...
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Outline

Uncertainties

Presentation of uncertainties
Evolution of uncertainties
Increasing coupling to weather and climate
Humans in the loop(!)

What to do about it?

Accept them
Understand them
Model them
Account for them, e.g., in decision-making (covered this week!)

Uncertainty and forecasting

input to decision-making
origins of uncertainty: weather forecasts, power curves, etc.
basic characteristics

From deterministic to probabilistic forecasts

what a deterministic forecast really is...
illustration of forecast types: point, quantile, intervals, densities, trajectories
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1 Uncertainties

7 / 47

EES-UETP



Uncertainties in operations

A “traditional” view...

System’s state Asset’s reliability

[reproduced from B. Liu et al. (2015)]

Load uncertainty

New uncertainties are appearing (e.g., weather and climate, humans in the loop)

Relative importance and interdependences are becoming more complex
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Electrification is a good thing, right?

A French example...

|
5

Since 1974: 63 GW of installed
nuclear capacity (58 reactors)

Electric heating: 36% of residential
electricity consumption

2001-2011: electric heating for more
than 60% of new residential housing

Temperature lowering by 1oC =
Demand increasing by 2.3 GW!

Electric load is increasingly coupled to (uncertain) weather and climate
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Deploying renewable energy generation capacities

Total (wind, end 2014): 134 GW (source: European Wind Energy Association) - now around 150 GW

Electric power generation is increasingly coupled to (uncertain) weather and climate
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The big picture

Considering all weather uncertainties on the (continental) European power system...

Coal
Fuel Oil
Hydro
Lignite

Natural Gas
Nuclear
Unknown
Coal

Fuel Oil
Hydro
Lignite

Natural Gas
Nuclear
Unknown

RE-Europe dataset, available at zenodo.org
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The whole picture...

With increasing overall coupling of electric power infrastructures to weather and
climate...

Uncertainties become

more complex to understand and model, due to e.g. dimensionality, dependencies, etc.
more dynamic and conditional to weather/climate conditions
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Humans in the loop

The example case of demand response and the EcoGrid EU experiment

The EcoGrid EU market:

An additional market aiming to
mobilize demand-side flexibility
(near) real-time

Demand is then enabled as a
service provider, e.g., for balancing
or congestion management

Demand is part of a pool among
other potential service providers

Important considerations on the demand side:

The approach should scale nicely, and directly reward demand for its flexibility

However, such an approach relies on the conditional dynamic elasticity of electricity
consumers

Forecasting is key, and even then the actual response may still be uncertain
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Let’s push it a little bit...

and envisage a future based on peer-to-peer energy trading

Can you foresee which
impact this may have
on power system oper-
ations?

A few key aspects:

a number of alternative technology enablers (cloud-based, blockchain)
localization and “colouring” of power exchanges
our basic understanding of pricing may be challenged
endless possibilities for new business models! What would be yours?

Parag Y, Sovacool BK (2016) Electricity market design for the prosumer era. Nature Energy 1, art. no. 16032
(Fig. reproduced after authorization from the authors)
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We all are irrational!

This is just human...

Similarly to weather and climate
aspects:

potentially increased
uncertainties

latent dependencies, with
population effects

conditional and dynamic
feedback effects (e.g., cobweb)
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2 What to do about it?
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Accepting and understanding uncertainties

S. Makridakis, R. Hogarth, A. Gaba

Dance with Chance:
Making Luck Work for You

(i.e., on subways and coconuts)
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Uncertainties in operations - Modelling

The most common way of model and communicate uncertainties is to generate
probabilistic forecasts, in the form of

predictive marginals

(space-time) trajectories

Several approaches:

statistical
considerations
based on
deterministic
forecasts

ensemble based

expert guesses

etc.
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Accommodating uncertainties in operations

Example: offering strategies of a renewable energy producer

The market revenue of a renewable
energy producer is composed of

revenue from a forward (day-ahead)
market
minus the unvoidable costs from
balancing (regulation)

For each time unit k on the market, this writes

Rk = pkE
∗
k − πkdk

where
pk : day-ahead price on the market for that time unit k,
E∗k : amount of energy actually generated for that time unit,

πk : regulation unit cost (either π+
k or π−k depending on the sign of regulation needed),

dk : deviation from contract, i.e. E c
k − E∗k
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Accommodating uncertainties in operations

The newsvendor problem is one of
the most classical problem in
stochastic optimization (or
statistical decision theory)

It can be traced back to:

FY Edgeworth (1888). The mathematical theory of banking. Journal of the Royal Statistical

Society 51(1): 113–127

even though in this paper the problem is about how much a bank should keep in its reserves to

satisfy request for withdrawal (i.e., the bank-cash-flow problem)

It applies to varied problems as long as:

one shot possibility to decide on the quantity of interest
outcome is uncertain
known (or estimated) marginal profit and loss

the aim is to maximize expected profit!

22 / 47

EES-UETP



3 Uncertainty and forecasting
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Why uncertainty?

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

definition of reserve requirements
unit commitment and economic dispatch
operation of combined wind-hydro
operation of wind associated with storage
design of optimal trading strategies
electricity market design
etc.

Inputs for these methods are:

deterministic forecasts
probabilistic forecasts as quantiles, intervals, and predictive distributions
probabilistic forecasts in the form of trajectories (/scenarios)
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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4 Uncertainty origins and basic characteristics
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Contribution to forecast uncertainty/error
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Numerical Weather Prediction

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.

Origins of uncertainty in NWPs: initial state, model/physics, numerical aspects
(filtering)
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The manufacturer power curve

Power curve of the Vest V44 turbine (600 kW)

Klim wind farm (North of Jutland, Denmark): 35 V44 turbines

Nominal capacity: 21 MW

Easy scaling of the power curve!
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The actual power curve looks different!

Origins of uncertainty in the conversion process:

actual
meteorological
conditions seen
by turbines,

aggregation of
individual curves,

non-ideal power
curves,

etc.
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Shaping forecast uncertainty

courtesy of Matthias Lange
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5 From deterministic to probabilistic forecasts
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Point forecasts: what they really are...

Forecasts are commonly provided in the form of point forecasts (i.e., the conditional
expectation for each look-ahead time)

Several studies have permitted to establish their level of accuracy, depending on
various factors (see other talks, and extensive analysis in, e.g., EU project Anemos)
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For illustration: the Western Denmark dataset

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

Figure: 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:

ŷt+k|t = E[yt+k |Ω,M, θ̂]

given

the information
set Ω

a model M

its estimated
parameters θ̂

at time t

(Ω,M, θ̂ omitted in other

definitions)
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Point forecasting

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

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

Mathematically:

q̂
(α)
t+k|t = F̂−1

t+k|t(α)

with

α:the nominal
level (ex: 0.5 for
50%)

F̂ : (predicted)
cumulative
distribution
function for Yt+k

Yt+k : the
random variable
“power
generation at
time t + k”

36 / 47

EES-UETP



Prediction interval: definition

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

Mathematically:

Î
(β)
t+k|t =

[
q̂

(α)
t+k|t , q̂

(α)
t+k|t

]
with

β: nominal
coverage rate
(ex: 0.9 for 90%)

q̂
(α)
t+k|t , q̂

(α)
t+k|t :

interval bounds

α, α: nominal
levels of quantile
forecasts
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Predictive densities: definition

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

Mathematically:

Yt+k ∼ F̂t+k|t

with

F̂ : (predicted)
cumulative
distribution
function for Yt+k

Yt+k : the
random variable
“power
generation at
time t + k”
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Predictive densities

Figure: 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

almost no temporal
correlation

appropriate temporal
correlation
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Trajectories (/scenarios): definition

Trajectories are equally-likely samples of multivariate predictive densities for power
generation (in time and/or space)

Mathematically:

z
(j)
t ∼ F̂t

with

F̂ : multivariate
predictive cdf for
Yt

z
(j)
t : the j th

trajectory
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Space-time trajectories (/scenarios)

Figure: 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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Final remarks

Uncertainty in operations increases as driven by

the Weather
electricity markets
humans in the loop(!)

Forecasting has become a key input to many decision-making problems,
with uncertainty information, depending upon:

what they are to be used for
the expertise/feeling of the decision-maker

Even though forecasting is receiving increasing attention, many
important problems remain:

input data (variety, confidentiality, etc.)
dimensionality
forecast verification
forecasts in decision-making
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Thanks for your attention!
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