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Abstract

Decarbonisation efforts are making power (electricity) systems — which require
a continuous matching of supply and demand across time and throughout a network
known as the grid — increasingly weather-dependent. Historically, this balance was
maintained by adjusting dispatchable (mostly fossil fuel) generation. However, as
fossil fuels are displaced by weather-dependent renewables such as solar and wind,
neither supply nor demand can be fully controlled. This complicates the maintenance
of supply-demand balance, known informally as keeping the lights on.

Power system planning models are simplified representations of electricity sys-
tems used to inform investment strategy, such as whether to build a wind farm, solar
farm, gas plant, transmission line or battery. They involve an optimisation problem
that minimises the sum of install and subsequent operation costs. Their outputs
depend on demand and weather patterns, which enter the model as time series of
e.g. demand levels, wind speeds and solar irradiances.

The use of relatively short demand and weather time series (e.g. a single year)
in power system planning studies has recently been criticised. This is because many
conclusions — such as whether a 100% renewable power system is feasible and afford-
able — depend on the choice of sample; picking an unrepresentative one provides an
unrealistic impression of cost or reliability. At the same time, computing resources
usually prevent the consideration of longer samples, since planning problems take
too much time or memory to solve.

In this thesis, we introduce subsampling methods to reduce and quantify the im-
pact of demand and weather sampling uncertainty in power system planning models.
Our algorithms compress long time series into shorter data sets — enhancing compu-
tational efficiency — and provide uncertainty bounds on model outputs. They help
prevent incorrect conclusions by (1) allowing the consideration of larger amounts
of data, reducing sampling uncertainty, and (2) indicating to users whether their
outputs are statistically robust or a result of the particular demand and weather
sample.

We combine and extend techniques from the power systems, statistics and op-
timisation literature. This is because power system planning models involve opti-
misation problems solved across demand and weather time series, which we view
— as is common in statistics — as samples from an underlying distribution. Our
contributions are statistical subsampling methods, such as importance sampling and

the bootstrap, adapted to power system optimisation problems.
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Figure 1.1: Power system planning models use simplified representations of electrical

grids, including generators, consumers and transmission lines.

In this section, we briefly introduce this thesis’ research context and our con-
tributions. We discuss power system planning models (Section , their link to
optimisation and statistics (Section and their computational cost (Section.
We also summarise our contributions (Section and this document’s structure
(Section . For detailed scientific background, including a literature review, see
Chapter

1.1 Power system planning models

A power system is the infrastructure built around electricity: generation, trans-
mission and storage technologies across a network known as a grid. Power system
operation requires a continuous matching of supply and demand, both in time and
space; maintaining it is referred to informally as balancing the grid .

Decarbonisation efforts in the face of climate change affect both sides of the
supply-demand balance. On the demand side, new sectors, such as transport and
heating, are increasingly electrified. On the supply side, fossil fuels such as coal and
gas are replaced by carbon-free generation, notably variable renewables such as solar
and wind whose generation depends on the weather. In this case, neither supply

nor demand can be fully controlled and security of supply — the ability to balance
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Figure 1.2: Supply and demand balance in single-region power system. Demand
is met continuously by a combination of generation technologies. Storage charges
using excess generation and discharges when demand exceeds supply.

the grid across a range of scenarios — is more difficult to maintain |Jenkins et al.,

021)

Power system planning models are simplified representations of electricity sys-

tems used to inform their design and operation [Pfenninger et al., 2014]. In this

thesis, we consider a subclass: capacity expansion planning models, which find the
system design that minimises the total (sum of install and subsequent operation)

cost across a simplified grid (Figure [1.1)) subject to constraints, such as demand

being met continuously as in Figure [Merrick| 2016].

The planning models we consider are solved across demand and weather time
series such as hourly demand levels, wind speeds or solar irradiances. In this thesis,

we view models as functions of this data:

D = PSMpjan((&1)ie7) (1.1)

where &; is the demand and weather data at time ¢, 7 indexes the time steps and D
is the system design that minimises total cost: a vector of generation, transmission

and storage capacities across the gri

'In this thesis, we consider build from scratch models in which the investment is the full system,
but ideas generalise naturally to investments into existing systems.
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1.2 Power systems, optimisation and statistics

The equation @ provides a conceptual framework. The system design D=
D((&)te7) minimises the total cost across the demand and weather time series
(&t)teT, which we view as a sample from some (unknown) demand and weather
distribution. We then view D as an estimate for D, the (unknown) optimal design
that minimises expected costs under this distribution.

We consider D from three perspectives: power systems, optimisation and statis-
tics. From a power systems perspective, D is an estimate of the system design D
that minimises expected total costs. From an optimisation perspective, D is the
minimiser of a cost function given constraints based on time series data (see Section
@[}. From a statistics perspective, D is a statistical estimator for D as is common in
Monte Carlo methods (Appendix. These perspectives lead to an interpretation

of planning models as stochastic programming as we discuss in Section

1.3 The consequences of computational cost

Computing resources typically restrict planning problems to be solved across
relatively short samples (e.g. a few weeks or months). This is because (1) realistic
modelling of power systems requires a detailed representation of technologies and
the grid [Poncelet et al., |2016] and (2) solution times scale quickly in the number of
decision variables, constraints and time steps |Cao et al., 2019].

The use of short samples creates a risk of incorrect conclusions. For example, the
feasibility and affordability of 100% renewable systems (without nuclear, biomass or
carbon capture and storage) depends strongly on the choice of demand and weather
data [Shaner et al., |2018, Zappa et al., |2019]. However, the most obvious solution
to reducing this sampling uncertainty — solving the planning model across longer
time series — is usually computationally unfeasible. See Sections and for a

more detailed discussion on computational cost and sampling uncertainty.

1.4 Contributions

This thesis considers demand and weather sampling uncertainty in power system
planning models. Figure a) illustrates the problem. We estimate optimal design
D (which minimises expected costs) by D, obtained from a planning model as in

(1.1). Estimates D may have a large variability and bias (compared to D) across
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Figure 1.3: Contributions. (a) Design estimates D have high bias and variance com-
pared to true optimum D (which minimises the expected costs under uncertainty).
Our methods (b) improve point estimates and (c) quantify uncertainty. Each sam-
ple is plotted at different z-value; y-values are design variables, e.g. installed wind
generation capacity.

samples (&;)ie7 of demand and weather data, meaning decisions motivated by such

simulations may be incorrect in the long term.

In this thesis, we introduce algorithms to mitigate the impact of this uncertainty
by subsampling demand and weather time series. These subsamples are shorter
than the originals — reducing computational cost — and carefully chosen to induce
as little approximation error as possible. Our contributions combine and expand
techniques from power systems, optimisation and statistics literature, and can be

classified into two groups as we describe below.

One class of contributions improves point estimates as shown in Figure b).
These estimates have lower variability and bias, providing more accurate estimates of
D. They are determined using samples that are designed to include relevant extreme
events, which are disproportionately important to accurate design estimates. We
introduce this method in Chapter [d/and extend it to models with storage technologies
in Chapter

Another contribution is an uncertainty quantification scheme as illustrated in
Figure (c) It allows the construction of confidence intervals for design estimates
and indicates a range of possible values for D or D. The method conducts Monte
Carlo uncertainty analysis on shorter demand and weather time series, obtained
from the original via stratified block bootstrapping. We describe this method in
Chapter [0
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Contributed papers

Our contributions have been published in the following academic papers:

1. Chapter [4; [Hilbers et al., |2019]. AP Hilbers, DJ Brayshaw, A Gandy. Im-
portance subsampling: improving power system planning under climate-based

uncertainty. Applied Energy, 2019.

2. Chapter [Hilbers et al., 2020]. AP Hilbers, DJ Brayshaw, A Gandy. Impor-
tance subsampling for power system planning under multi-year demand and
weather uncertainty. In 2020 IEEE International Conference on Probabilistic
Methods Applied to Power Systems, 2020.

3. Chapter[5} [Hilbers et al.,[2022]. AP Hilbers, DJ Brayshaw, A Gandy. Reduc-
ing climate risk in energy system planning: a posteriori time series aggregation

for models with storage. Applied Energy, 2023.

4. Chapter @ [Hilbers et al., 2021]. AP Hilbers, DJ Brayshaw, A Gandy. Effi-
cient quantification of the impact of demand and weather uncertainty in power

system models. IEEFE Transactions on Power Systems, 2021.

Contributed software

The power system planning problems used in our experiments form part of a
software package that we make publicly available. A high-level API, released as a
python package, helps study the impact of demand and weather (time series) on
power systems. We also release a tutorial that has been used as an introduction
to energy system modelling. A repository containing the package, model files, time
series data and documentation is available at doi:10.5281/zenodo.7025098. For a
detailed discussion, see Chapter

1.5 Thesis outline

This document is structured as follows. Chapter [2|provides scientific background
and places this thesis within the literature. Chapter |3| discusses our power system
models and software. Chapter [4] introduces the method for improved point estimates
and Chapter [5| extends it to models with storage technologies. Chapter [6]introduces
the method for uncertainty quantification. Chapter [7| provides concluding remarks.

Appendix [A discusses mathematical and statistical theory.


http://dx.doi.org/10.5281/zenodo.7025098

2. Scientific background

In this chapter, we discuss the scientific background this thesis builds on. We
introduce power systems (Section , power system models (Section and the
planning models we study (Section . We discuss computational complexity (Sec-
tion , demand and weather uncertainty (Section and stochastic program-
ming (Section . Finally, we explain how power system planning problems may
be viewed as sample average approximations to stochastic programming problems.
We discuss only material essential to the understanding of this document; Appendix

provides additional background and details.
g

2.1 Power systems

A power system is the infrastructure around electricity, including generators,
storage and the transmission/distribution grid. Its operation is constrained by elec-
trical physics and requires a continuous matching of supply and demand, both tem-
porally (each point in time) and spatially (each grid location). Practically, this
means balancing the grid via corrective actions such as adjusting generation levels,
transmitting electricity or, in extreme cases, curtailing demand [Stoft, 2002, Xu,
2016).

Efforts to mitigate climate change are transforming power systems. The 2015
Paris Climate Agreement and subsequent decarbonisation plans require a rapid de-
crease in greenhouse gas emissions |[Climate Action Tracker, 2020]. For example, the
United Kingdom is committed to a reduction of annual carbon emissions (compared
to 1990 levels) of 78% by 2035 and net zero by 2050 [Committee on Climate Change,
2020]. A common roadmap involves decarbonising electricity generation and electri-
fying other sources of emissions, such as transport and heating [Tsiropoulos et al.,
Jenkins et al., 2021]. In most decarbonisation scenarios, the proportion of energy
coming from variable renewable sources such as solar and wind increases consid-
erably [National Grid, 2021]. This creates a paradigm in which neither electricity
demand nor supply can be fully controlled, complicating the maintenance of grid

balance under a range of demand and weather scenarios.

13



14 CHAPTER 2. SCIENTIFIC BACKGROUND

2.2 Power system models

Power system models (PSMs) simulate how electricity is generated, transmitted
and consumed across a simplified representation of a grid (Figure . They allow
scenarios such as a fully renewable system or electrified transport and heating to be
examined. PSMs are a subclass of energy system models, which include e.g. oil, gas,

and agriculture as well as electricity.

PSMs can be classified on a number of criteria. Two key factors are spatiotem-
poral resolution and techno-economic details; some models have high resolution and
intricate technical detail (considering e.g. the physics of alternating current electric-
ity) while others have more simplified representations. Another key differentiator is
mathematical formulation, which include simulation (follow a set of rules to deter-
mine system behaviour), optimisation (minimise a cost function under constraints),
agent-based (simulate independent participants, such as private firms) and many
more.

A number of review papers discuss energy and power system modelling. [Pfen-
ninger et al. [2014] and Lopion et al. [2018] provide a high-level overview of model
types and research challenges. |[Lund et al. [2017] discuss trends in simulation- and
optimisation-based energy system modelling. Bazmi and Zahedi [2011] discuss the

role of optimisation methods in PSMs.

2.3 Power system planning models

In this thesis, we consider power system planning models, also known as capacity
expansion planning models [Merrick, 2016]. These are optimisation-based PSMs
widely used in decision support for infrastructure investments [Loulou et al., 2004,
Strachan and Li, [2021]. Mathematically, they determine cost-optimal system design
(generation, transmission and storage capacities) by minimising the sum of install
(build) cost and subsequent operation cost while meeting demand.

Each planning model has an associated operation model, in which we fix the
system design and minimise only the operation costs; this is sometimes called the
production cost model [Teichgraeber and Brandt, 2022]. In the next two sections,
we introduce the operation problem (the optimisation problem associated with the
operation model), followed by the planning problem that we study throughout this

thesis.
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2.3.1 Operation problem

The operation problem minimises the operation cost: the cost to meet demand
across the grid by generating and transmitting electricity. In region r at time ¢, let
gen, ., be the generation from technology i, tr,, ; be the transmission to region r,
and ch,; be the storage charging rate, all measured in MW. Let Z, R and 7T be
the set of generation technologies, grid regions and time steps respectively. Then
O; := [gen, .4, try 04, chyy |4 € Z; v, € R] describes the system operation at time

t, and the operation problem is

min Z costoperate (O) (2.1)
(Ot)teT P

total operation cost

subject to

denimt + Z trp e = dpy +chyy  for all 7t (2.2)
i€l r'eR

try g+ trp ey =0 for all v 7/ ¢ (2.3)
storo =0 forall r (2.4)

. etoch,; if chyy >0
stopi+1 = (1 — I%°)sto,; + for all 7, ¢ (2.5)

es%chm if ch,; <0

0 <gen;,, < cap;g;n)\@nt for all 4,7, (2.6)

| try 4| < capyls +capyh,  for all r,r’,t (2.7)

0 < sto,; < capi™ for all r,t (2.8)

(optional additional constraints) (2.9)

The function costoperate is typically the generation cost. In region r, the variables

gen
i,r 0

transmission to region ' (MW) and energy storage (MWh) respectively. (2.2) indi-

sto

cap y

capqur, and cap;'© are the installed capacity of generation technology i (MW),
cates that the sum of generation and transmission into a region equals demand plus
storage charging. is the transmission balance. (2.4)) specifies empty storage at
the start of a simulation and indicates how storage levels change with storage
(dis)charging efficiency €5° and self-loss [5%°. and constrain generation
and transmission levels to their capacities. Generation is capped by installed ca-

pacity times generation potential A;r; € [0,1]. For dispatchable (e.g. fossil fuel or
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nuclear) generation, \; ,; = 1; a 100MW plant generates at most 100MW (we ignore
outages). For variable renewables, A;,; depends on the weather. For example, for
wind, ;¢ = 0.1 and A;,; = 0.9 correspond to times of low and high wind speeds
respectively. constrains storage levels to storage energy bounds. We con-
strain storage energy (MWh) but not instantaneous power (dis)charge rates (MW).
Optional constraints may include ramping constraints on rates of change of
generation levels or minimum generation levels when plants are turned on.

Each problem is solved given a sample of demand and weather data (&;)ie7, with
& = [dri, Nipt | © € Z; v € R]l. Demand levels d,; appear in and weather
determines the generation potentials \;;.; in .

. . . . o . gen tr
For this problem, generation, transmission and storage capacities (capm ; cap,.

sto

19) are fixed, corresponding to a fixed system design. Such problems are

and cap
sometimes called economic dispatch problems, or unit commitment economic dis-

patch if power plants have a binary on/off state.

2.3.2 Planning problem

The planning problem determines the design that minimises the sum of install
(build) and subsequent operation cost. Let D := [cap;-g’in, capfnfr,, capi®® | i €

Z; r,r’" € R] be the power system design (installed capacities of generation, trans-

mission and storage technologies). The planning problem is

min |T| x costinstan (D) + E costoperate (Ot) (2.10)
D>0, (O¢)ieT Pyt
normalised install cost total operation cost

subject to

(operational constraints ([2.2])-(2.9))) (2.11)

(optional design constraints). (2.12)

Usually, the only constraint on D is that all capacities (its components) are non-
negative. Examples of optional design constraints include building capacity in units
of a certain size (corresponding to whole numbers of generation plants) or restrictions
on transmission capacities.

Let D and (Oy)¢e7 be the minimisers of this problem when they are unique. The

planning problem is the operation problem except that the system design D is deter-
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mined instead of fixed, and its cost is added to the objective function. We optimise
over both D and the subsequent operation (O¢);c7 but are interested primarily in
D. To normalise the install and operation costs to the same temporal scale, we let
costinstall (D) be the install cost per time step of plant lifetime and multiply by |T|
(the number of time steps).

The optimisation is a trade-off between install and operation costs. The design
D constrains generation transmission and storage levels in —. Higher ca-
pacities, with a higher install cost, loosen the bounds on operational constraints,
meaning a lower operation cost. Conversely, lower capacity levels reduce install cost
but increase operational cost.

In this thesis, we consider build from scratch power system planning models in
which the entire system design is optimised. Similar models determine investments
into an existing system; these have an identical formulation with D = Dy + Dy,

where Dy is fixed existing capacity and D is new infrastructure.

2.3.3 Interpretation as functions

It is useful to interpret the planning problem as a function from a demand and

weather time series (&;);e7 to the associated optimal system design D:
f) = PSMplan((Et)tGT) (213)

where D is determined by solving the planning problem l}{} We may
interpret the operation problem similarly:

(Ot)tET = PSMoperate((Et)tGT ‘ D) (214)

where the argument D is the fixed design for which the operation is determined.

The planning problem is solved deterministically given a sample (& )7 of de-
mand and weather data. Different samples (e.g. years) are possible, leading to
different designs. In Section we explain how such design estimates D are sam-
ple average approximations to the design D that minimises expected costs under all
possible demand and weather samples (Section [2.5)).

In this thesis, we concentrate on uncertainty on optimal design estimates D com-
ing from planning models, considering how much they vary under different samples
(&t)teT as in equation . For example, we might consider how much estimates

of cost-optimal wind generation capacity vary across different weather years. We
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do not study operational uncertainties. For example, even for a fixed design, opera-
tional variables such as generation levels and costs vary year-to-year as determined
via the operational problem . We introduce operational problems since they
appear in some of our methods, but we primarily study the uncertainty on design

estimates from planning problems.

2.4 Computational complexity

The computing time and memory required to solve planning models can be
significant |Lopion et al. 2018 Ringkjob et al., 2018, Kotzur et al., 2021]. For
example, for our MILP model, a yearly simulation with hourly time steps takes
between one and four days (see Section for details).

One driver of computational cost is the number of decision variables and con-
straints. Planning models often contain many regions and technologies, and captur-
ing demand and weather variability requires a high temporal resolution. |[Poncelet
et al. [2016], [Merrick| [2016] and |Collins et al. [2017] find that models with time
steps longer than one hour underestimate costs and overestimate the reliability of
renewables. The large number of technologies, regions and time steps increase model
complexity [DeCarolis et al., [2017, Kotzur et al., |[2021].

Another driver is that algorithms used to solve planning models scale quickly
in the number of decision variables and constraints. Goderbauer et al. [2019] show
that planning problems with integer variables (such as the MILP model in Section
are NP-hard. However, even for models with only continuous variables, solution
times increase much faster than linearly (Section ; one explanation is that the
system design D contains complicating decision variables [Cao et al., [2019] that
appear in each time step and prevent temporal decomposition into subproblems.

Methods to reduce computational cost in power system planning models form
an active field of research, as reviewed by |Cao et al. [2019]. A particularly common

approach is time series aggregation — compressing long time series into shorter

samples — which we review in Sections and

2.5 Demand and weather uncertainty

The impact of weather in power system models is increasing |Bloomfield et al.,
2021]. On the supply side, weather-dependent renewables represent an increasing

proportion of generation. On the demand side, electrification of heating and cooling
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is increasing the variability and weather-dependence of demand patterns [National
Grid, 2021].

Optimal design estimates from power system planning models are hence subject
to demand and weather uncertainty. In M, D is calculated deterministically
across the time series (& )ie7, which we view as a sample from some underlying
demand and weather distribution. For example, each year of data produces an
estimate of cost-optimal system design D. We use the term demand and weather
uncertainty to refer to this sampling uncertainty.

A number of investigations consider the impact of demand and weather uncer-
tainty on planning and/or operation models. They typically run the same model
across different time periods (usually years) and consider e.g. cost-optimal system
design, costs and emissions. Investigations include the United Kingdom [Bloomfield
et al., |[2016], Pfenninger, |2017} Staffell and Pfenninger, 2018, Zeyringer et al., 2018],
Germany |Wohland et al., [2018], Portugal [Amorim et al., 2020], Europe [Collins
et al., 2018, Ravestein et al., 2018], Texas [Bothwell and Hobbs| 2018, Kumler et al.,
2019], Hawaii [Bryce et al., 2018| and the United States [Shaner et al., 2018|. They
find large variability in model outputs across demand and weather samples, es-
pecially for systems with significant levels of renewable generation (>10%). For
example, both Bloomfield et al. [2016] and |Zeyringer et al. [2018] find that opti-
mal generation capacity levels for specific technologies in the United Kingdom range
anywhere from 0% to 250% of their mean value across different years. [Bothwell and
Hobbs [2018| note that systems optimised for individual years miss environmental
targets or have high rates of unmet demand in others.

This variability creates a risk for decision-makers. While users are unlikely to
trust precise numerical values derived from planning models (since these are subject
to various other uncertainties, e.g. financing or future electricity costs), demand and
weather uncertainty can also impact qualitative decisions. For example, whether a
highly (>80%) renewable power system is feasible and affordable depends heavily on
the choice of demand and weather data [Shaner et al., 2018, Zappa et al., [2019]. In
this way, the naive consideration of short demand and weather samples may lead to
incorrect interpretations of e.g. the reliability of renewables, whether fully renewable
power is possible, and whether battery storage alone is sufficient as backup power.

Uncertainty of this type appears in any capital planning decision based on a
sample of data. Such exercises do not give the quantity actually desired (since future
data will differ from that optimised across), but can be a useful proxy if future events

occur according to the same distribution. Samples can be from historic data (with
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a stationarity assumption justifying their use for forward-looking decisions) or from
e.g. a simulation model. We study the sampling uncertainty coming from the use
of a finite dataset. For more details on such stochastic programming problems, see

[Birge and Louveaux, 2011, Chapter 1].

2.6 Stochastic programming

Power system planning models have a conceptual link to stochastic programming,
which we introduce briefly in this section. We discuss the link to planning models
in Section 2.7

Stochastic programming minimises an objective function under uncertainty from
a random variable [Shapiro et al., [2009]. Consider a real-valued function F(x,&)
that depends on a decision variable * and a random variable & with probability
measure P, and let E(F(x,£)) = [ F(z, &)dP(€) be its expected value. We consider
problems of the form

min E(F(x,§)) (2.15)

reX
with X independent of £&. Both « and & are vector-valued in general. When appli-

cable, we denote this problem’s minimum by 6* and minimiser by x*.

2.6.1 Sample average approximation

The sample average approzimation to (2.15) minimises the objective function

across a sample &1,...,&, drawn from P:

n
min [i ;F(w,ﬁi)] : (2.16)
Let én = én(&, ., &) and @, = @,(&1,...,&,) be its minimum and minimiser
respectively, when they are unique.

The sample average approximation is useful since, in many settings, its
solution converges to the same value as that of the underlying stochastic program-
ming problem [Homem-de Mello and Bayraksan, [2014]. By the central limit
theorem, 2 7 | F(x, &;) N E(F(x,&)) pointwise for any x for which Var(F(x,§))
is finite (see Appendix . Furthermore, in many settings, the solutions to ([2.16))
are consistent, with én i> 0* and x,, i> x* as n — oo. A discussion on consistency
of sample average approximations is provided in Appendix the key conditions

are a uniform convergence of the objective function and the optimal value &* lying
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away from the boundary of its feasible region.

2.6.2 Two-stage problems

Two-stage problems [Dantzig and Glynn, [1990] decompose into the sum of a
first-stage cost independent of £ and a second-stage subproblem depending on both

x and the random variable &. In this case,
where [ is the solution of another optimisation problem

Fi(x,£) = min F,(z,vy, 2.18
J@ &= min Fy@.8) 215

with Y(z, &) in general dependent on both  and & When (2.18) has a unique

minimiser, we denote it by y* = y*(x, ). Under this decomposition, the stochastic

programming problem ([2.15) becomes

min [Fo() + E(Fy (@,€))] (2.19)

and the sample average approximation (2.16) becomes

n
min | Fy() + i; Fy(x,&)| - (2.20)

Such problems involve two optimisation problems, one nested within the other.
Determining x* is the first stage problem. Determining Fy(x,§) given x and & is
the second stage problem and is solved deterministically given a particular value of
x and &, a property known as recourse. In contrast, the first stage problem for «*
is done without knowledge of the value of &; picking & to minimise the expectation

E(F(x,€)) is hence a natural choice.

2.7 Planning by stochastic programming

In this section, we demonstrate that power system planning models are sample
average approximations to two-stage stochastic programming problems. In particu-
lar, the system design and operation are the first and second stage decisions, with

uncertainty coming from the demand and weather data. The design D that min-
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Two-stage stochastic programming Power system planning
i (sample index) ¢ (time step)
n (sample size) |T| (number of time steps / periods)
x (stage 1 decision) D (system design)
y (stage 2 decision) O (system operation)
)
)
)

¢ (random variable) & (demand and weather data)
costinstan (install cost)
costyperate (D, §) (operation cost)

F.(x) (stage 1 cost
Fy(x,§) (stage 2 cost

Table 2.1: Correspondence between two-stage stochastic programming (Section
2.6.2) and power system planning problems (Section [2.3.2).

imises the expected cost is the solution to the stochastic programming problem,
which we approximate by D, the sample average approximation obtained from a
planning model run on demand and weather data. In this section, we provide the
mathematical argument and comment briefly on the implications and assumptions.

For a more detailed discussion, see [Wallace and Fleten, 2003].

2.7.1 Mathematics

We can write the planning problem ([2.10) as a two-stage sample average approx-
imation of the form ([2.20):

210 = |T| X glé% [COStinstaﬂ( |T| ZCOStopera‘ce(D gt)] (221)

teT
Fy( Z Fj(x

= n X min
reX

— ([2:20)

where the correspondence of terms is provided in Table The random variable &
represents the demand and weather. The first stage decision D is the system design,
with install cost costipstann (D). The second stage decision is the system operation
Oy, with

oSty perate (D5 &) = Ir(l)il’l costoperate(O¢)  subject to (2.2)-(2.9) (2.23)
t

being the cost to fulfill demand (the solution to the operation problem at time ¢). It
depends on the system design D and demand/weather data & through operational
constraints —.

The term being minimised in is the sample average total (sum of install

and operation) cost per time step. This relies on costipstan (D) being the install cost
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per time step of plant lifetime and the subsequent normalisation of the operation

costs by ﬁ, where |7 is the number of time steps in 7.

2.7.2 Remarks

Intuitively, we seek the system design that minimises the total cost. This must
be done under uncertainty; the exact demand and weather events that will occur are
not known at the time of investment decisions. If we knew the underlying demand
and weather distribution, the system design D that minimises the ezpected costs is a
natural candidate. However, we do not; D, the optimum across a sample of demand
and weather data (&):cT, is the only available quantity. This is determined using a
power system planning model of the form of .

Statistical theory justifies the use of power system planning models with his-
toric data. In particular, under certain conditions, the estimated optimal design is
consistent, meaning D((&;)e7) %, D as the number of time steps |T]| — oo. As
discussed in Appendix [A.4.2, the key requirements are uniform convergence of the
loss function (considered as a function of D) and that the true optimum D does not
lie on the border of the feasible region. These conditions are met for our problems
except in the case where we do not allow unmet demand; in this case the optimal
solution is usually one with zero unused generation capacity, on the border between
the feasible and unfeasible region. In this setting, design estimates may still be
consistent, but the proofs we cite do not apply directly.

The consistency conditions of Appendix @ also require that the & (demand
and weather events) are independent and identically distributed (IID) and that
the operation problem can be solved independently for each time step (a property
known as separability, see Section. This is usually not the case; the operation
problem may have constraints linking time steps (such as limits on the rate of change
of generation levels or storage level continuity) and time series may have temporal
dependence structures. However, judiciously sampling longer blocks (e.g. weeks
from across the year) can generate realistic samples; see Section for details.

The operation problem is solved with recourse: generation, transmission and
storage decisions are determined after demand and weather patterns are known.
We hence assume perfect foresight at operational time scales. In real-world power
systems, many operational decisions are made one day ahead using demand and
weather forecasts. With long-term storage, perfect foresight is less realistic — in this

case, storage (dis)charge decisions are made with perfect knowledge of the future.



3. Power system models for

time series analysis

Technologies in region

Baseload, Peaking

Demand (DE), Wind (DE), Storage
Baseload, Peaking

Demand (FR)

Demand (UK), Wind (UK), Storage
Baseload, Peaking, Wind (ES), Storage

S U s W N

Figure 3.1: Model configuration. Demand, generation (baseload, peaking, wind)
and storage are distributed across six regions connected by seven transmission lines.
Regions 2, 4, 5 and 6 use time series data from Germany (DE), France (FR), United
Kingdom (UK) and Spain (ES) respectively.

In this section, we introduce a set of power system models designed for the
study of time series uncertainty, which we use in our case studies in Chapters
[6l We make these models publicly available for future research as an open-source
software package (see Section [3.2). Tutorials with these models have been used as
introductions to energy system modelling.

This chapter is structured as follows. Section provides a high-level overview
of the models, with the basic information required for the remainder of the the-
sis. discusses the functionality that our open-source software package provides.
Section examines how the optimisation problems’ computational costs depend
on simulation length, constraints and solvers. Section introduces a number of
decomposition methods to simplify optimisation problems. Section provides

mathematical details, including costs, time series inputs and mathematical details.

3.1 Overview

The power system planning problem in our case studies is a particular case of that
introduced in Section Figure shows its topology: demand, generation and

storage technologies distributed across six regions with seven transmission lines. It

24
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is based on a renewable version of the IEEFE siz-bus system introduced by [Kamalinia
and Shahidehpour| [2010] and Kamalinia et al. [2011]. The model takes six input
time series of hourly demand levels (in Regions 2, 4 and 5) and wind generation
potentials (in Regions 2, 5 and 6).

We consider three generation technologies. Baseload (b) and peaking (p) are
weather-independent and differ only in their install and generation costs; baseload
has a higher install cost but lower generation cost. Wind (w) generation is free but
constrained by weather-dependent generation potentials: generation as a fraction
of its theoretical maximum under perfect wind conditions. Unmet demand (u) is
considered a fourth generation technology with no install cost but a very high gen-
eration cost, corresponding to the value of lost load; it allows an economic trade-off
between unserved energy and generation capacity which is almost never used. We
can disallow it, in which case 100% of demand must be met. See Table for details
on the generation technologies.

The system contains a single storage technology, allowing energy to be saved
for later use. It represents long-term storage, for which discharge rates are small
compared to total capacity (e.g. large hydro dams). For such technologies, costs
depend primarily on energy (in MWh) and not power (instantaneous (dis)charge
rate, in MW) capacities. For this reason, we only price energy capacity in the cost
function. Furthermore, power constraints, which cap discharge rates at installed
power capacity, are rarely enforced since these discharge rates are usually much
smaller than capacity. Hence, we relax (ignore) power constraints without significant
impact on the problem’s solution.

Four vectors define the state of the system at time ¢ (with terms as defined in

Section 23 and [Nomenclature):

gen
1,7

sto
r

e design D = [cap cap,, capi® | i € T; r,r’ € R]: installed capacities
of generation, transmission and storage technologies, in MW, MW and MWh

respectively

. B ) -, _ . :
e operation Oy = [gen, ,.;, tr,,v¢, chyy | i € T; r,7" € R]: generation, transmis-

sion and storage (dis)charge rates, all in MW
e storage energy levels sto; = [sto,; | 7 € R], in MWh

e demand and weather data & = [dr¢, Awre | 7 € R]: demand levels and wind

generation potentials, in MW and dimensionless respectively
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We run three planning problems with different constraints. The first is the
continuous linear program (CLP) problem, in which all generation and transmission
technologies may be installed to any nonnegative capacity but there is no storage
capacity. The mized integer linear program (MILP) problem is identical (still no
storage) except two additional constraints on baseload (both of which do not apply
to peaking, wind or storage): a ramping constraint that generation levels can change
at most 20% of capacity per hour, and a restriction of installed capacity to units
of 3GW, roughly a large nuclear plant. The last problem is the continuous linear
program with storage (CLPwS) problem, which is the CLP problem with the ability
to build storage.

3.2 Open-source software package

We make our power system models publicly available by uploading the model-
defining files and time series data (Section to an online repository with a
permissive license. They are free to use for the energy and other research commu-
nities, and a tutorial based on them have served as introductions to energy system

modelling. The data, code and tutorial can be found at doi;10.5281 /zenodo.7025098.

Users can run our models via a python package which allows the input time
series to be changed easily. Essentially, we provide a programmatic implementation
of and , where power system models are interpreted as functions from
time series data to cost-optimal design or operational variables. Constraints, such
as storage, integer generation capacities or whether to allow unserved energy, can

be enabled or disabled via function arguments.

Our code works as follows. Via function arguments, a user specifies the (pos-
sibly subsampled) time series data and optional constraints. Our package creates
the model using the calliope model-generation package [Pfenninger and Pickering,
2018] and solves it using a solver (see next section for details). Our code then allows
the user to easily inspect model results.

The advantages of our code are that (1) the model’s technologies and topology
are available off-the-shelf and do not have to be specified, (2) constraints and settings
can be adjusted easily as function arguments, and (3) both time series and results
are easily accessible — the full model can be created, solved and examined in a
single python session with a few lines of code, without having to read/write results

from/to saved files.
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Figure 3.2: Distribution (across 40 runs) of solution times as a function of simulation
length. Plots have different y-scales.

3.3 Solvers and computational cost

The mathematical nature of the three problems impacts their computational
complexities. Figure shows the distribution of solution times as a function of
simulation length (number of time steps) for each planning problem (CLP, CLPwS
and MILP). We solve them using the cbc solver [Forrest et al. 2020] on a 2.7GHz
Intel Core 15-5257U processor with 8 GB of RAM.

The CLP problem has the lowest computational complexity; a full-year simu-
lation takes 3-7 minutes, and solution times increase slightly faster than linearly.
The inclusion of storage in the CLPwS model, which links constraints in different
time steps, makes solution times scale more quickly and with a larger variability —
95% of full-year simulations require 40-160 minutes of computing time. The impact
of integer variables in the MILP model amplifies this further: solution times scale
exponentially and a full-year simulation can take anywhere from six hours to four
days. For all models, memory (RAM) requirements scale linearly, at about 120MB
per month of hourly time steps.

We use the cbc solver because it may be used under a free license (anyone
that uses our software package can also solve the optimisation problems) and is
easily implementable on computing clusters (allowing many jobs in parallel). We
also experimented with the commercial solver gurobi. It is around 30% faster for
the CLP and CLPwS models, and significantly faster for the MILP model (95% of
full-year simulations took 1.5-2.5 hours instead of 6-100). However, the scaling with

respect to simulation length (doubling with every additional 3 months) is unchanged.
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3.4 Decomposition methods

Some simple classes of power system planning problems can be decomposed or
solved via simple techniques. This is usually not the case for the more complicated
models in this thesis, but such approaches can serve as useful heuristics which inform
other solution strategies, including our own. These methods are not our original

work; we cite previous texts where appropriate.

3.4.1 Operation problem

For the operation problem, we determine system operation (Oy);c7 (generation,
transmission and storage decisions in each time step t) with a fixed system design

(installed capacities).

3.4.1.1 Separable structure

When each constraint depends on exactly one time step ¢, the operation problem
is separable [Boyd and Vandenberghe, 2009, chapter 10] and may be solved in each
time step independently and in parallel. The problem’s separability disappears with
linking constraints that relate system operation in different time steps; examples

include ramping (limits on rates of change of generation levels) or electricity storage.

3.4.1.2 Merit order stacking

If the operation problem is separable and contains only one region, we deter-
mine generation levels by merit-order stacking of technologies in ascending order of
generation cost, up to their installed capacities, until demand is met (Figure .
While not possible for models with multiple regions or a non-separable structure,

this method often gives approximate answers that are intuitively helpful.

3.4.1.3 Horizons and windows

We may (approximately) solve operation problems by decomposing them into
sequential horizons and windows as shown in Figure Instead of optimising for
each temporal period at once, we solve only the first horizon (e.g. 48 hours) and
store a subset of this, called the window (e.g. 24 hours). We then move forward by
the window length and repeat, using the state at the end of the previous window to

satisfy any linking constraints.
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(a) No wind generation capacity (b) With wind generation capacity
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Figure 3.3: Merit-order stacking of generation in ascending order of generation cost.
Wind is run first, up to its installed capacity times wind generation potential A, ¢,
followed by baseload and peaking up to their installed capacities.

Iteration 1

Iteration 2

Iteration 3

Iteration 4

Iteration 5
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[ Stored from previous iteration [ Optimised and stored [0 Optimised

Figure 3.4: Approximately solving a 120-hour operation problem via a 48-hour hori-
zon and 24-hour window.
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We generate feasible solutions by enforcing all constraints within a window as
well as linking constraints with previous ones. Furthermore, by considering extra
time beyond the immediate window (the horizon), the optimisation is performed
with some knowledge of the future. With a horizon length long enough to cover
temporal dependencies, solutions are close to optimal. For our models, we find
that solutions are exact when using horizons and windows at least four and two
weeks respectively (without storage) and one year and six months respectively (with

storage).

3.4.2 Planning problem

The planning problem is mathematically different from the operation problem
since the system design D (installed generation, transmission and storage capaci-
ties) is a decision variable instead of being fixed. The components of D are called
complicating variables |[Cao et al., 2019] since they appear in constraints at every
time step, see —. This makes the problem non-separable and prevents its
decomposition into temporal blocks as we do for the operation problem. Hence,
determining D is more computationally involved than determining the operational

variables; this structure motivates solution methods that we describe below.

3.4.2.1 Load duration curve

When the operational subproblem admits merit-order stacking, we can solve the
planning problem graphically using the load duration curve (LDC) as described by
Stoft [2002]. Given an z-value, the LDC’s y-value is the demand level exceeded a
proportion x of the year. Practically, it is the demand levels plotted in descending
order, as in Figure 3.5

With renewables, we consider the net demand dP®* that must be met with dis-
patchable (non-renewable) generation. For example, for a system with wind power

generation,

dy — capf "\ if dy > cap®™ A
dy®* == dy — gen,,; = ' v ' ot (3.1)

0 otherwise.

We create the net load duration curve from the net demand in the same way as
the LDC from the demand. Each value of installed wind capacity cap$, leads to
a different net LDC as illustrated in Figure [3.5] The regular LDC is the net LDC
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Figure 3.5: Net load duration curves (LDCs) with varying wind generation capacity.
For a given z-value, these show the net demand (demand minus available wind
generation) exceeded a proportion z of the time.

with a wind capacity cap$, " of zero.

We can graphically solve planning problems by combining the (net) LDC with
screening curves, which show the sum of install and generation costs as a function
of the proportion of time a technology generates. With constant generation costs,
screening curves are lines with install cost (per time step) as y-intercept and gener-
ation cost as slope. We produce screening curves only for dispatchable technologies

and not variable renewables such as solar and wind.

Screening curves for hypothetical baseload and peaking technologies, as well as
unmet demand, are shown in Figure a). The cheapest generation capacity de-
pends on the proportion of time it is run for. Baseload, with a high install but
low generation cost, is the cheapest technology when run at least 76% of the time.
Peaking is cheapest for any demand levels that occur between 5% and 76% of the
time. It is not cost-effective to build generation capacity for any demand that occurs
less than 5% of the time, as the cost of installing rarely-used generation capacity
is lower than the value of lost load. The points at which the cheapest technology
changes are indicated by vertical dotted lines. The hypothetical technologies used

in this example are not those used in our planning models.

Combining screening curves with load duration curves determines cost-optimal

installed capacities of conventional generation technologies as shown in Figure b).
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Figure 3.6:  Cost-optimal generation capacities of dispatchable (weather-
independent) technologies. A screening curve (a) is the total cost as a function
of the proportion of time generating. The points at which the cheapest technology
changes determine the cost-optimal generation capacity by comparison with the load
duration curve (b) or the net load duration curve (c).
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For example, the optimal baseload capacity is the demand level that occurs at least
76% of the time, corresponding to z = 0.76 on the LDC. A similar process is used
to obtain the peaking capacity. Any demand above baseload plus peaking capacity
is unmet.

When variable renewables such as solar and wind are allowed, this method de-
termines the optimal installed capacities of conventional technologies conditional on
the renewable capacity [Kennedy, 2005, De Jonghe et al., 2011]. This is shown in
Figure (c) In this example, the optimal wind capacity must still be determined.
However, the method of (net) LDCs reduces the problem’s dimension, since the opti-
misation must be performed over one variable (wind generation capacity) instead of
three (wind, baseload and peaking capacity). If e.g. solar were also considered, the
optimisation problem must be solved across wind and solar capacities; the capacities
of conventional technologies conditioned on these is determined via load duration

curves.

3.5 Mathematical details

In this section, we discuss technologies (Section [3.5.1), time series (Section [3.5.2))
and the precise optimisation problem (Section [3.5.3) for our planning model. For
parameter values, see Table

3.5.1 Technologies
3.5.1.1 Generation

Peaking is based on a UK CCGT H class reactor (commonly used as load-
matching generation) described by |[Department for Business Energy and Industrial
Strategy, [2016, Chart 14|, with build cost £100/kW per year of plant lifetime. We
assume a gas price of £20 per MW and generation efficiency of 55%, meaning
% ~ £35/MWh, and carbon emissions of 400 grams of COq equivalent per KWh
[Staffell]. Baseload is a technology with a higher install cost (£300/kW per year)
but lower generation cost, roughly based on new nuclear capacity. Wind power is
a weighted average of onshore and offshore from |[Department for Business Energy
and Industrial Strategy, [2016]. Unmet demand is a generation technology with no

installation cost but a generation cost of £6,000/MWh, a UK value of lost load

!This value was roughly correct at the start of this thesis in 2018. At the time of submission (2022),
European gas prices were around 15 times higher.



34 CHAPTER 3. MODELS FOR TIME SERIES ANALYSIS

Monetary cost Storage

Install Install Generation Emissions Efficiency Self-loss
Technology (i) [£/MWyr| [£/MWhyr] [£/MWh] [kgCOze/MWh] 1] [1/hr]
Generation cEn F; E;
Baseload (b) 300,000 — 5 200 — —
Peaking (p) 100,000 — 35 400 — —
Wind (w) 100,000 — — — — —
Unmet (u) — — 6,000 — — —
Transmission v
Region 1-5 150,000 — — — — —
Other 100,000 — — — — —
Stomge Csto 6sto lsto
Storage — 1,000 — — 0.95 0.00001

Table 3.1: Technologies. Install costs are expressed per year of infrastructure life-
time. Carbon emissions are expressed in kg COo equivalent warming potential.
Storage efficiency is dimensionless.

estimate [Elexon, |2018].

3.5.1.2 Transmission

The costs of transmission technologies are chosen to balance generation install
costs. If transmission install costs are too high, generation occurs locally and the
model separates into disjoint power systems. If they are too low, the model approx-
imates a single region. We choose values in the middle: £150,000 per MW per year

of plant lifetime for transmission from Region 1 to 5 and £100,000 for all others.

3.5.1.3 Storage

We consider a single storage technology, with parameter values chosen to repre-
sent multi-day storage potential. This technology has a high efficiency (95%, corre-
sponding to a 90.25% round-trip efficiency). The install cost is chosen so that the
optimal design and operation contains inter-day storage. Since we model a long-term
storage technology, we price and constrain only storage’s energy capacity (MWh),

and not its power capacity (MW).

3.5.2 Time series

The model takes six input time series in total: demand in Regions 2, 4 and 5;
and wind generation potentials (generation as proportion of maximum) in Regions

2, 5 and 6. They come from a dataset of European countries over the period 1980-
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Figure 3.7: Demand and weather (wind generation potential) time series.

2017, introduced by Bloomfield et al. [2019] and available at [Bloomfield et al.,
2020]. They are based on national electricity demand and weather time series from
MERRA reanalysis [Rienecker et al. 2011].

Figure shows each time series across an example week as well as their monthly
average values. For demand, the annual, weekly and annual cycles are clearly visible.
The strength of these cycles depends on the country; for example, demand in Region
4 (data from France) has a stronger annual cycle due to higher levels of electrified

heating. The wind time series have an annual and daily cycle but no weekly trend.
3.5.3 Mathematical formulation

In this section, we provide the precise mathematical optimisation problem asso-

ciated with our planning model. This is to minimise

D

T
5760 (Z CEmeapf? +3 Cltcapl, c) F 305 F e
i€

TER r"eER teT i€l
v~ - ~~
install cost, install cost, install cost, generation cost
generation transmission storage

(3.2)
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by optimising over decision variables D and (O¢)¢c7, where

D = [capf}’, cap,,., capy® | i € Z; r € R; ' € R] (3.3)

r

O; = [gen; .y, trppry, chey |1 €Z; 1€ Ry 1 € R] (3.4)

subject to

Cap%,ern‘r¢{l,3,6} = Cap%?ﬂmz{m,(s} = Capie;‘ré{2,5,6} =0 (3-5)
DL |(r10)1(1,2,019).(1:6),29).3:4), (4,600} = O (36)
capito‘r¢{2’576} =0 (3.7)
Z gen; ., + Z try pt = dpy +ch,y  forall 7t (3.8)

€L r"eR
try 0 ¢+ trp =0 for all v, 7' ¢ (3.9)
stopo =0 for all r (3.10)

. etoch,; if chyy >0
stop 41 = (1 — 1°°)sto,+ + for all r, ¢ (3.11)

es%chm if ch,; <0

0 <gen;,, < capiin for all 4,7, ¢ (3.12)

0 <gen,,; < capf Ay, forall rt (3.13)

[try | < capffrl + capﬁr for all r, 7/t (3.14)

0 < sto,; < capi® for all r,t (3.15)

[MILP only] | geny, ., — geny, .1 1q| < O.2cap§er]rl for all r,t (3.16)
[MILP only] Cap%’eTn € 3Z forallr (3.17)
[CLP and MILP only] capi© =0 forall r (3.18)
[optional] gen, ., =0 for allr,¢. (3.19)

For definitions of terms and parameter values, see and Table

respectively. To avoid solution nonuniqueness, costs are perturbed slightly (< 0.1%)
in different regions. The vectors D and (Oy)ie7 are the design and operational
decision variables. The factor 8771;50 normalises install costs to the same temporal
scale as generation costs, since CY" and Cﬁfr, are costs per year of plant lifetime

and there are 8760 hours (time steps) in a year.

We have the following constraints. (3.5))-(3.7) specify the generation, transmis-
sion and storage topology. (3.8]) indicates that generation plus transmission into a
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region equals demand plus storage charging. is the transmission balance.
and specify empty initial storage levels and how they change in time. —
ensure generation does not exceed installed capacity (for thermal technologies)
or installed capacity times generatlon potential (for wind). - ) limits transmit-
ted power to installed capacity. | constrains storage levels to lie within energy
bounds; we do not constrain instantaneous storage power. (3.16) (the baseload
ramping constraint) and (baseload is built in units of 3GW) are active only
for the MILP problem. removes storage in the CLP and MILP models; we
consider storage only in the CLPwS problem. optionally stipulates that all

demand is met by generation (no unmet demand).



4. Efficient design estimates

without storage

In this chapter, we introduce a subsampling algorithm to improve optimal de-
sign estimates from power system planning models. It allows users to estimate, at
significantly reduced computational cost, the optimal system design across a long
sample of demand and weather data. This reduces estimates’ bias and variance un-
der demand and weather uncertainty. The algorithm is published in the following

papers, where the second generalises the first:

e [Hilbers et al., 2019] AP Hilbers, DJ Brayshaw, A Gandy (2019). Importance
subsampling: improving power system planning under climate-based uncer-

tainty. Applied Energy.

e [Hilbers et al., 2020] AP Hilbers, DJ Brayshaw, A Gandy (2020). Importance
subsampling for power system planning under multi-year demand and weather
uncertainty. In 2020 IEEFE International Conference on Probabilistic Methods
Applied to Power Systems.

Models, data, methods and code are available at doi:10.5281/zenodo.3841154. The
algorithm is applicable to models without constraints linking time steps; See Chapter
for an extension to inter-day storage and linking constraints.

This chapter is structured as follows. Section provides background on the
problem’s mathematical details and established approaches. Section describes
our contribution. Section [4.3|introduces the method and Section [4.4] provides a case
study of its application on the test planning models of Chapter |3l Section makes

concluding remarks.

4.1 Background

4.1.1 Context: time series aggregation

This chapter introduces a time series aggregation scheme for planning prob-
lems as introduced in Section We seek D, the system design that minimises
the sum of install and expected operation costs under demand and weather uncer-

tainty. Without access to the demand and weather distribution, we instead calculate

38
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f)T, the minimiser across the longest available sample of demand and weather data

(&t)te7. This is (in principle) calculated using a power system planning model:

IA)T = PSMplan((ét)tET)' (41)

Due to computational cost (Section , calculating f)T directly may be unfea-
sible. Instead, we may run planning models on a shorter (possibly weighted) time
series to give an estimate D 4 at reduced computational cost. The process of creat-
ing a shorter time series is called time series aggregation and induces approximation
errors. For example, choosing a single year or downsampling to lower temporal res-
olution are shown to induce significant errors in Sections In this chapter, we
introduce a method with lower approximation errors than established approaches.
First, however, we present the mathematics of time series aggregation and how it

reduces computational cost.

4.1.2 Mathematical background

4.1.2.1 Time series aggregation

Consider a time series of demand and weather data (&;);c7. Partition it into
periods — usually days or weeks. Let P be the set of periods in 7, and let EE
contain data in period p. For notational simplicity, we drop the superscript P and
differentiate by index; & and &, refer to data in time steps and periods respectively.

For example, for daily periods with hourly time steps,

Ep = [dp,lv T dp,24>wp71> B wp,24] (4'2)

where dp,, and wp, are the demand and wind generation potential in hour ¢ of
period p. The time series (§,)pep contains the same information as (&)t but with
vectors covering periods instead of individual time steps.

Time series aggregation maps (§,)pcp to a smaller set of representative periods

(éA(p))pep. For example, in Figure

(&p)per = (&1 & & & & &)
1 (4.3)
(éA(p))pGP =& & & & & &)

The mapping A : P — P and representative periods é A(p) can be determined in
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Original time series (all periods)

Time series value
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Figure 4.1: Time series aggregation of six periods (P1-6) to three weighted repre-
sentative periods RP1-3.

various ways as discussed in Section |4.1.3.1l The design estimate D A is subsequently

determined from a power system planning problem run on the aggregated time series:

f)A = PSMplan((éA(p))pEP)' (44>

We show in Section that, in the absence of constraints linking periods,
design estimates D4 are independent of their order. In this case, we need only

consider their relative frequencies, as illustrated in Figure

Eapper = &1 & & & & &) (4.5)

ANt (£ (weight 2) €o (weight 3) €3 (weight 1)) (4.6)
where equivalent indicates an identical design estimate D4 when used in a plan-
ning model. We show in the next section that the planning problem requires less
computational cost whenever Np_ , the number of unique representative periods
{A(p) | p € P}, is less than Np, the number of periods in the full time series
{p|peP}
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4.1.2.2 Impact on planning problem

In this section we explain how time series aggregation reduces computational
cost. Consider a time series split into Np periods with Ng time steps each, and let
(p, q) index time step g of period p. Consider also a toy power system planning model
with one region and a single dispatchable generation technology with install cost
ce (£/MW per time step of lifetime), generation cost F&" (£/MWh), generation
capacity cap®®" (MW) and generation levels gen,, . (MWh). The demand levels dj, ,
(MWh) are the only time series input, so that §, = [dp1,...,d, n,] represents the
vector of inputs per period. We use this simple toy planning model to illustrate
time series aggregation without unnecessary technical detail; the same ideas apply

to more complicated models also.

The planning problem is

Np No

: en en
min | Np NoC®"cap®™" + F9 Z Z genm} (4.7)
p=1g=1
install cost generation cost

by optimising over [cap®", gen, , | p=1...Np, ¢=1...Ng], subject to

gen, , = dpg forall p=1..Np, ¢ =1...Ng (4.8)
gen,, € [0, cap®®”] for all p=1..Np, ¢ =1...No. (4.9)

The constraints specify that generation equals demand (4.8]) and remains within gen-
eration capacity (4.9). For this simple model, the solution is cap®®® = max(dp 4 | p =
1..Np, ¢ = 1...Ng) and gen, , = d; 4, but for sake of illustration we apply time series

aggregation.

Suppose we aggregate the input time series (demand levels) to a smaller number

of representative periods:
dpqg — (jA(p),q forall p=1..Np, ¢ =1...Ng (4.10)

with Np. unique representative periods (unique values of A(p)). The problem be-

comes:
Np No

min | NpNoC®"cap®™" + FY Z Z genpvq] (4.11)
p=1g=1
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by optimising over [cap®", gen, , | p=1...Np, ¢=1...Ng], subject to

gen, , = JA(p),q forallp=1..Np, ¢ =1...Ng (4.12)
gen,,, € [0, cap?] for all p=1...Np, ¢ =1...Ng. (4.13)

This is symmetric (in the constraints and objective function) in any two generation

and gen,,, , for

which A(p1) = A(p2). Their values are hence equal and we may (without any loss

levels mapped to the same representative period — i.e. any gen,, ,

of generality) use the mapping
geny, o > geN4(p) 4 forall p=1..Np, ¢ =1...Ng. (4.14)

These reduce the number of decision variables from NpNg to Np, Ng — one per
representative period. They are weighted in the objective function by their number
of occurrences in the original time series. They also reduce the number of con-
straints for and to Np,Ng each (since duplicate constraints on the
same representative period can be removed).

In this way, time series input aggregation reduces the number of decision vari-
ables, constraints and hence computational cost. The same logic applies to models
with more technologies regions or constraints, which all appear in proportion to the

number of representative periods.

4.1.3 Literature review
4.1.3.1 Time series aggregation

The power system modelling community employs various time series aggregation
schemes, as summarised by |[Hoffmann et al. [2020] and |[Teichgraeber and Brandt
[2022]. Merrick| [2016] discusses performance criteria, noting that load duration
curves (Section and correlations between time series should be preserved.
Period lengths may differ; single time step blocks can represent a large diversity of
scenarios in a relatively short time series, while e.g. daily periods preserve short-term
dependence structures such as intra-day storage or ramping (constraints on rates of
change of generation levels).

Representative periods are determined in various ways. Welsch et al. [2012]
create one week- and weekend-day for each season. De Sisternes and Webster [2013]

and [Poncelet et al. [2017] select periods by minimising the distortion of aggregated
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duration curves (see Section|3.4.2.1)), exhaustively checking each combination. Many
studies cluster vectors of daily time series values; Nahmmacher et al. [2016|, Poncelet
et al. [2017], Hartel et al. [2017], Pfenninger [2017] and Kotzur et al. [2018a] evaluate

variations on this approach.

4.1.3.2 A posteriori methods

Most time series aggregation schemes are what Hoffmann et al. [2020] call a
priori: they use information about the input time series but not the power system
model. Such schemes generate the same aggregation for any model, regardless of
e.g. whether generation is 0% or 100% renewable. This can be suboptimal, since
reducing time series approximation errors (e.g. the deviation of duration curves)
need not lead to more accurate estimates of optimal design or cost [Gonzato et al.,
2021, Teichgraeber and Brandt, 2022, |Wogrin| [2022].

In contrast, a posteriori (also known as adaptive) methods tailor subsamples to
the power system. For example, Fitiwi et al.| [2015] view the grid’s power flow as an
image and cluster its moments. [Sun et al. [2019] cluster the vectors of investment
costs (determined by running the planning model on each individual day) instead of
the time series data itself. Zhang et al. [2022] do the same with other model outputs,
such as the optimal installed capacities.

Another class of approaches uses the model’s operational variables. First, an
optimal design estimate is obtained from a planning model with a prior: aggregation.
An operation problem with this design, sometimes called the production cost model,
is subsequently run across the full time series. The resultant operational variables
— generation, transmission and storage levels — are subsequently used to improve
aggregation. For example, Bahl et al. [2018] and Teichgraeber et al. [2021] alternate
between the planning problem and operation problem, iteratively including days
with unmet demand until unserved energy falls below a threshold or an optimality

bound is reached.

4.1.4 Conclusions and implications

The studies above arrive at some common conclusions. The first is that, as
illustrated in Figure constructing representative periods by averaging (e.g. using,
for each hour in a day, its average value across a season) performs poorly since
it reduces extremes and variability |[Bothwell and Hobbs, [2018]. Furthermore, no

particular algorithm dominates others, as relative performance often depends on
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Figure 4.2: Reduction in extremes and variability from mean- and medoid-based
methods. The medoid reduces variability to a smaller degree.

the underlying PSM [Kotzur et al., 2018a).

Preserving relevant extremes events, such as those with high demand but low
renewable output, is important for accurate design estimates. Removing such events
typically leads to (1) an underestimation of required backup (dispatchable) gener-
ation capacity and (2) an over-estimation of the reliability of variable renewables.
This, in turn, causes an under-estimation of system costs and system designs unable
to meet demand across the full range of demand and weather scenarios [Hartel et al.,
2017, [Hoffmann et al., 2020]. This is a result of cost minimisation — cost-optimal
design across a time series with peak demand 50MW cannot meet a 60MW demand
event — and affects both averaging- and clustering-based methods, which truncate

extremes by replacing individual periods by averages (Figure 4.2]).

Users sometimes make heuristic adjustments to preserve extreme events, such as
including the day with peak demand or minimum renewable potential [Pfenninger,
2017, Hoffmann et al., [2020]. Furthermore, medoid-based methods, in which the
representative period is the real period closest to the cluster mean, avoids some

reduction in variability, as shown in Figure [4.2
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4.2 Contribution

This chapter’s contribution is as follows. Sections indicate that long
demand and weather samples should be considered to avoid incorrect quantitative
and qualitative conclusions from power system planning models, but that solving the
associated optimisation problem is often computationally unfeasible. Furthermore,
established time series aggregation approaches can induce significant errors due to
their failure to preserve relevant extremes (Section . We use extreme to refer
to time steps in which meeting demand is difficult, e.g. with a high demand but low
renewable output.

We introduce a method, called importance subsampling, that systematically iden-
tifies relevant extremes and includes them in subsamples. As a result, it estimates
long-term optimal system design at reduced computational cost and with lower lev-
els of error than previous aggregation methods. It allows the consideration of much
longer (e.g. multi-decadal) demand and weather data in power system planning
models — as is essential to analysis of future climate or extreme events which occur
infrequently — with much lower levels of error than currently available methods. A
simulation study demonstrates the method’s improvements.

Since the publication of our papers [Hilbers et al., 2019, 2020], a number of
similar methods have been proposed, either independently or with reference to our
work. These include some a posteriori methods discussed in Section which

we include but were not available at the time of our publications.

4.3 Methods

4.3.1 Overview and intuition

Importance subsampling tailors aggregation to the underlying power system
model by explicitly including a set of system-relevant extremes. This avoids some
pitfalls discussed in Section namely the under-estimation of required backup
(dispatchable) generation capacity and system costs.

The key innovation is how system-relevant extremes are identified. This involves
a trade-off between different time series. For example, in a model with unknown wind
generation capacity, it is unclear whether a 50 MW demand, 0.1 wind generation
potential event requires more dispatchable capacity than one with 60 MW demand

and 0.5 wind generation potential. This problem becomes more difficult in multi-
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(a) Standard aggregation (b) Importance subsampling
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Figure 4.3: Impacts of time series aggregation. The black line is the duration curve
(Section[3.4.2.1)) of the importance across the original (full) time series. (a) Standard
aggregation truncates extremes with a high importance. (b) Importance subsampling
represents extremes at full resolution.

region models, since the peak demand in one region may not occur at the same time
in another. We identify system-relevant extremes by their importance, a user-defined
proxy. In many applications, a time step’s generation cost is a good candidate; we

discuss this and others in Section [4.3.3]

Calculating a time period’s importance requires a model’s operational variables
and hence, indirectly, the system design. For example, the generation cost (an oper-
ational variable) to meet a 60 MW, 0.5 wind generation potential event is zero with
120 MW of wind capacity but requires 60 MW of e.g. gas (with a nonzero generation
cost) if no wind capacity is present. Ideally, we use the actual optimal system design
— as determined across the full time series without aggregation — but this is the
output being estimated and hence unknown. This is a cyclical dependency: we want
a time period’s importance to improve time series aggregation for the optimal design

estimate, but we need the design to determine the importance.

For this reason, we propose a two-stage approach. We run a preliminary planning
model with a standard aggregation scheme for a rough estimate of optimal system
design. We use this to determine the importance of each time period, and include
those with the highest value (a proxy for the most extreme periods) in an aggregated
time series. Finally, we run the planning model on this aggregated sample for a

second, hopefully more accurate, estimate of optimal system design.

To determine importance values, we run an operational problem (Section [2.3.1))
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across the full time series. In these problems, we provide a design D and determine
the cost-optimal system operation (Op)pep (generation and transmission levels in
each period p):

(Op)pep - PSMOperate((fp)peP ’ ﬁ) (4-15)

4.3.2 Algorithm: importance subsampling

Inputs:
e (&))pcp: demand and weather time series, length np periods
e n 4: number of unique representative periods to aggregate into
e p. € [0,1]: proportion of extreme representative days in sample

o IMP: real-valued importance function, from operational variables O,

Steps:

1. Get preliminary optimal design estimate D Ao

(a) Aggregate (§p)pep into (éAo(p))pe'p, with n4 unique representative
periods, via an a priort scheme.

(b) Solve planning problem:
]jAo = PSMpIan((éAo(p))pEP)‘ (416)

2. Create importance subsample:

(a) Determine system operation across full time series:

(Op)peP = PSMOperate((gp)peP ‘ f)Ao)' (4-17)
(b) Calculate importance of each period:
imp, = IMP(O,) for all p € P. (4.18)

(c) Create importance subsample (éAl(p))pep, n4 periods, with:

® p.ny extreme periods, with highest importance in P
e (1 — pe)ng regular periods (via an a priori scheme) aggregated

from the np — pen 4 remaining.

Weight periods according to their relative proportions in P.

3. Get final optimal design estimate D 4, :
f)Al = PSMplan((ém(p))peP)‘ (4.19)

Output: D A,: optimal design estimate
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4.3.3 Remarks

Importance subsampling is an a posteriori (Section scheme that cus-
tomises the aggregation to the model. An a priori scheme would use D A, in Step 1
as the final estimate. We instead use it to create an additional sample, customised
to the underlying planning model, for a second design estimate D A

The one-dimensional importance function IMP used in step 2(b) identifies ex-
treme periods to include in the aggregated time series. In our case study (Section
, we use a period’s total generation cost. This identifies extreme periods that re-
quire peak levels of generation, since expensive measures such as peaking plants are
only used in settings where there are otherwise supply shortages. Other candidates
include electricity price or unmet demand levels. Knowledge of the planning model
can motivate a choice of importance function.

The hyperparameter p., the proportion of the n 4-period subsample reserved for
ertreme periods, represents a trade-off: increasing p. means a larger selection of
extreme events and a smaller number of reqular ones. We find p, = % to work well.
With this value, a sample with 120 representative periods includes the 40 periods
in the full time series with the highest importance, which are included without any
subsampling (see Figure [4.3).

Estimating optimal system design using importance subsampling requires three

model runs (with correspondence to Section [4.3.2 shown in parentheses):
1. Planning model on n 4 representative periods (éAO(p))pep (Step 1).
2. Operation model on full time series (§,)ycp, np periods (Step 2).
3. Planning model on n 4 representative periods (é A (p))pep (Step 3).

The total computing time is roughly twice that for an a priori method with the
same sample length n 4. This is because the two planning problems (both length n 4)
dominate solution times. Despite its longer simulation length (np vs. n4 periods),
the operation problem runs faster since the design is fixed. Memory requirements
are the same as for standard methods; it can be reallocated between simulations,
and operation problem memory requirements are independent of sample length due
to decomposition into horizons and windows (Section .

The method relies on a number of implementation details, which we discuss here;
the reader can also look at the code directly at doii10.5281/zenodo.3841154. Firstly,
the aggregation in Steps 1(a) and 2(c) can use any a priori scheme. In our case

study, we use k-medoids clustering, implemented as follows:


http://dx.doi.org/10.5281/zenodo.3841154
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1. Normalise each time series to [0,1] by a linear transform (map minimum to

zero, maximum to one). Create one vector per period as in (4.2).
2. Cluster these vectors via Lloyd’s k-means algorithm [Lloyd, |1982].

3. Replace each period by its medoid: the period closest (in normalised space

with the Euclidean metric) to the cluster mean.

4. Undo the normalisation to return dimensional time series values.

Periods in (é Al(p))pep are weighted in the objective function to account for their
proportions in the full time series. For example, the 30 most extreme days in a
30-year sample represent one day a year in the full time series but 30 days a year in
a one-year subsample. We weight them to correct these biases. Finally, the period
length must also be chosen. Single time step (e.g. hourly) blocks represent a larger
diversity of scenarios with the same number of time steps, while longer periods
preserve chronology inside blocks.

The generation cost is the value of the second stage of the planning problem (see
Section . In this way, we may view this method as importance sampling that
prioritises events with a high contribution to the second stage cost. Through this
oversampling of rare but high-impact events, we reduce the variance of our estimators
as described in Appendix[A.2] Similar ideas have been applied in two-stage problems
by |[Dantzig and Glynn [1990|, Infanger [1992] and, more recently, [Parpas et al. [2015].
We call our method importance subsampling instead of importance sampling since

we sample an existing time series instead of a probability distribution.

4.4 Simulation studies

4.4.1 Overview

In this section, we evaluate the method’s performance on the CLP and MILP
models introduced in Chapter [3] We do this as follows. First, we obtain an optimal
design estimate D using a planning model with either importance subsampling or k-
medoids clustering, representing the current industry standard a priori method. We
also calculate the optimal design across the full time series without any aggregation,
which we view as the ground truth to be approximated. We compare estimated
optimal designs (vectors of installed capacities) with the ground truth optima, and

seek aggregation that makes them as close together as possible.
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We furthermore use unmet demand as an evaluation metric. In our planning
models, we enforce that all demand is met by generation. For this reason, design
estimates lead to zero unmet demand across the sample they are optimised across,
and the true optimum design (calculated across the full time series (&,),ep without
aggregation) has no unmet demand. However, a design estimate D (calculated
from a planning model with time series aggregation) may lead to some unmet demand
across (§p)pep since some events are removed under aggregation and hence do not
appear in the aggregated time series. We calculate the magnitude of this unmet
demand by running an operation problem with design D 4 (while allowing unmet
demand to ensure solution feasibility) across the full time series (§,),cp. In this
case, we seek aggregation for which the design estimate (é A(p))pep has as little
unmet demand across (§p)pep as possible.

Running the planning model without allowing unmet demand makes optimal
design estimates sensitive to sample maxima, since installed capacities must meet
the peak demand event. We could also allow unmet demand in the planning stage;
this would reduce the dependence on sample maxima and relate more closely to
probabilistic security of supply standards (e.g. <0.1% of energy unserved). Such
an approach also allows a trade-off between unmet demand and generation capacity
which is rarely used. However, it removes the interpretation of unmet demand as the
degree of infeasibility of a design estimate across the full time series. It also means
target unmet demand is no longer zero, but a positive value. For these reasons, in
order to use unmet demand directly as an error metric (as opposed to e.g. excess
unmet demand — the value above what is cost-optimal), we present results without
allowing unmet demand in planning models; the reader should note that optimal
designs may be sensitive to sample maxima (e.g. peak demand) in the time series

used in planning problems.

4.4.2 Setup

Details for the simulations are provided in Table We use daily periods for
all simulations. For the CLP model, optimal design across 2008-2017 serves as
the target for simulations with n4=48 and 90 representative days. For the MILP
model, the integer constraints impose (much) longer solution times and the optimal
design across 2017 is estimated using n4=24 and 48 representative days. Since
both k-medoids clustering and importance subsampling contain randomness from

the initialisation of cluster means, we determine the distribution of model outputs
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Time series aggregation Computing
Scheme ny4 [days| pena [days] Time [min] Memory [MB]

CLP model, full time series 2008-2017

None (target) 3650 - 340 15121
k-medoids clustering 48 - 0.5 393
Importance subsampling 48 16 0.5+1140.5 742
k-medoids clustering 90 - 1 567
Importance subsampling 90 30 14+11+1 753

MILP model, full time series 2017

None (target) 365 - 2926 1598
k-medoids clustering 24 - 2 270
Importance subsampling 24 8 24242 823
k-medoids clustering 48 - 9 362
Importance subsampling 48 16 9+2+9 841

Table 4.1: Simulations in Section n4: sample length, p.n4: number of extreme
days in sample. Importance subsampling solution times are disaggregated into first
planning, operational run and second planning runs.

across 100 subsamples.

The implementation of importance subsampling (Section is as follows. k-
medoids clustering is used in steps 1(a) and 2(c). Each time series is normalised to
lie between 0 and 1. For the importance function in step 2(b), we use a period’s
total (sum) generation cost. We use p, = %; each sample contains twice as many

reqular as extreme days.

4.4.3 Results

Figure shows the distribution of estimated optimal capacities, peak capacity
shortage and unmet demand across the test simulations. For optimal capacity es-
timates, importance subsampling generally has superior performance to k-medoids
clustering. For example, the latter usually underestimates (overestimates) optimal
peaking (wind) capacity. These errors align with previous studies (Section: an
underestimation of optimal dispatchable capacity and an overestimation of optimal
variable renewable capacity. Such biases are not present for importance subsampling.
Furthermore, the variability across samples is larger with k-medoids clustering than
importance subsampling. Statistically, the estimates of optimal system design have
both a lower bias and variance than those obtained using the a priori clustering

method. For both k-medoids clustering and importance subsampling, design esti-
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Figure 4.4: Distribution of optimal capacities and unmet demand across 100 samples
generated by k-medoids clustering and importance subsampling. Box-and-whiskers:
2.5%, 25%, median, 75% and 97.5% percentiles. Dashed black line: optima across
the full time series (target).
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mates become more accurate as the number of representative days n 4 is increased.

As a result, levels of unmet demand are lower (almost zero) for importance sub-
sampling than for k-medoids. A system design based on 48 representative days
k-medoids clustered from 10 years (Figure[4.4(a)) fails to meet 0.05% of demand on
average, compared to virtually none for a system designed using importance subsam-
pling. This has financial implications; assigning a value of lost load of £6000/MWh
[Elexon, 2018], implies an increase in system cost of around 1% per each 0.01% of

demand that is unmet.

4.4.4 Discussion

The performance gain of importance subsampling comes preserving extreme events.
By design, k-medoids clustering is equivalent to using D A, in Step 1 (Section
as the optimal design estimate. Hence, improvements come from Steps 2-3, in which
extreme periods are identified and included. It is to be expected that removing these
events results in the underestimation (overestimation) of peaking (wind) capacity
observed in Figure samples not including high demand, low wind events under-
estimate the amount of required backup generation capacity while overestimating
the reliability of wind power.

The performance gap appears more strongly when aggregating from longer time
series, as seen by comparing Figure 4.4{a) and (d). This is because longer, more
diverse samples are more difficult to represent with the same number of represen-
tative days. Hence, this performance gap is expected to grow as longer time series
(e.g. multiple decades) are sampled from.

Importance subsampling can estimate optimal design across much longer simula-
tions than those used here. For example, we could estimate a 25-year output using
a one-year subsample. The use of shorter samples is only to make validation of the
method possible by comparing with the ground truth determined by a brute force
model run on the full time series; a direct 25-year simulation is computationally
unfeasible.

The use of short samples in this manner distorts the computational expense.
In realistic planning models, computational expense for importance subsampling is
dominated by the two planning runs. This is because solution times for the oper-
ational model scale linearly in the number of time steps while that for a planning
run scales faster. For example, for the MILP model, a one-year estimate of 25-year

optimal design requires around 48 hours for each planning run but just 48 minutes
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for the operational run across the full 25 years.

In our case study, we do not allow unmet demand in the planning models; the
resultant system designs meet 100% of demand in the sample they are calculated
across. This gives unmet demand (in the operation problems used as evaluation) an
interpretation as the degree of unfeasibility of the estimated system design. We can
also allow unmet demand in the planning stage, in which case an economic tradeoff
is made between unserved energy and capacity that is rarely used. In this case,
estimates from load duration curves (Section a proxy calculated from the
relative costs of generation technologies and the value of lost load) indicate leaving
roughly 0.007% of demand to be unmet is cost-optimal. The resultant system de-
signs would have lower peaking capacities (since this is the technology that matches
peak demand). Importance subsampling would still perform better than k-medoids
clustering, for which levels of unmet demand greatly exceed the cost-optimal 0.007%
(similar to those observed in Figure [1.4).

4.5 Conclusions

This chapter’s contribution is the importance subsampling method. It can re-
liably estimate long-term planning model outputs (considering multiple decades of
demand and weather data) at greatly reduced computational cost, outperforming
industry standard a priori methods. As discussed in Section the consideration
of such long samples is essential for robust power system planning under natural
climate/weather variability. It also opens the door to the consideration of climate
model data — which typically spans multiple decades — in power system planning
models (see e.g. [Wohland et al., 2017, |Craig et al.l 2019} van Zuijlen et al., |2019]).

Importance subsampling is an a posteriori method (see Section in which
properties of the model are used to improve aggregation. The key innovation is
a systematic identification and inclusion of relevant extreme events in subsamples
through a user-defined importance function. This function may be tailored to the
specific application; the generation cost and electricity price are candidates. Sub-
sequent studies with similar methods, such as those by [Teichgraeber et al. [2021],
have used unmet demand. The systematic identification of relevant extremes may
also be used in its own right, for example by analysing the identified extreme days
at higher spatiotemporal resolution.

Importance subsampling uses two planning runs to obtain D A, and D A;- We

can, however, iterate steps 2 and 3, iteratively creating more design estimate D A;
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for ¢ > 1. This approach, where we alternate between planning and operational
model runs, is similar to those introduced by Bahl et al. [2018] and |Teichgraeber
et al. [2021], which iteratively include days with unmet demand.

The key extension for this method is adjusting it to work with temporal depen-
dencies such as inter-day storage. Like many other temporal aggregation approaches
(Section, importance subsampling reorders periods, breaking their chronology.
This makes it unsuitable for models with inter-day storage. We extend the method

to work with storage in the next chapter.



5. Efficient design estimates

with storage

In this chapter, we generalise importance subsampling (introduced in the pre-
vious chapter) to planning models with inter-day storage, which necessitates the
preservation of chronology. The goal is unchanged: estimate cost-optimal system
design across a long time series at reduced computational cost. The algorithm has

been published in the following paper:

e |Hilbers et al., 2022] AP Hilbers, DJ Brayshaw, A Gandy (2022). Reducing
climate risk in energy system planning: a posteriori time series aggregation for

models with storage. Applied Energy.

Models, data, methods and code are available at doi:10.5281/zenodo.7178301.

This chapter is structured as follows. Section provides background on the
problem, the implications of intertemporal dependencies, and previous approaches.
Section [5.2] describes our contribution. Section [5.3] introduces the method and Sec-
tion provides a case study of its application on the test PSMs of Chapter
Section makes concluding remarks.

5.1 Background

5.1.1 Context: time series aggregation

Our research context mirrors Chapter[dl Determining cost-optimal system design
f)fr across the longest available demand and weather time series (&;)ie7 is often
computationally unfeasible. We estimate it by D A, calculated across a shorter
sample created by time series aggregation.

The aggregation methods discussed in Chapter [4] are unsuitable for models with
inter-period storage since they distort the chronology on which storage patterns
depend. In this section, we explain why this is and discuss possible solutions. In
particular, we show that time series aggregation for models with storage require
both (1) the preservation of chronology information and (2) aggregation of both

time series inputs and storage decision variables.

o6
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Figure 5.1: Time series aggregation from six periods (P1-6) to three representative
periods (RP1-3), either weighted (appearing once, weighted by number of occur-
rences in full time series) or ordered (in same order as full time series).
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Figure 5.2: Time series after aggregation into weighted representative periods.
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Figure 5.3: Storage levels after aggregation into ordered representative periods and
decomposition into inter-period (level at start of period) and intra-period (change
compared to start of period) levels. Intra-period contributions are equal across
replications of the same period but inter-period levels may differ.
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5.1.2 Mathematical background
5.1.2.1 Time series aggregation

We reuse notation from Chapter {4, with (§,),cp a time series partitioned into
periods. Recall that time series aggregation A : P — P maps (§,)pcp to representa-
tive periods (éA(p))pep, where Np,_, the number of unique periods in {A(p) | p € P},
is smaller than Np, the number of periods in {p | p € P}.

We distinguish two classes of representative periods. The first is weighted, where
each period appears once, weighted by its number of occurrences; in this case their
chronology is lost. The second is ordered, where we replace each period by its
representative counterpart but keep them in order. For the example from six to

three representative periods from Section these are:

Eplper = (&1 & & &1 & &)

! (5.1)
ordered : (él 52 él é:% 52 52)
weighted : (€ (weight 2) €5 (weight 3) €3 (weight 1)).

These are illustrated in Figures and discussed in the next section.

5.1.2.2 Impact on planning problem

In this section, we examine the impact of time series aggregation on power system
planning models with storage. We show that, to reduce the number of decision
variables and constraints (and hence computational cost), we must aggregate both

input time series and storage (dis)charging decisions.

We mirror the case without storage (Section and use a similar toy model.
Consider a time series split into Np periods with Ng time steps each, and let (p, q)
index time step q of period p. The model has one generation technology with install
cost C®" (£/MW per time step of lifetime), generation cost F'&" (£/MWh), in-
stalled capacity cap®" (MW) and generation levels g, , (MWh). It also has storage
with install cost C**° (£/MWh per time step of lifetime), energy storage capacity
cap®® (MWHh), storage level sto, , and storage charging ch, , (MWh). The demand

dp,q is the only time series input, so that &, = [d,1,...,dp n,] contains inputs per
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period. The planning problem is:

Np Ng
min [NpNQ(C’gencapge“ + C%cap®™©) + F9 Z Z genp’q] (5.2)
p=1qg=1
install cost generation cost

by optimising over [cap®™, cap®*®, gen

b | p=1...Np, q=1...Ng], subject to

gen, . = dpq +chy, forall p=1..Np, ¢ =1...Ng (5.3)
stoj 0 =0 (5.4)

stop g+1 = stop g + chy g1 forall p=1..Np, ¢ =0...Ng—1 (5.5)
stop11,0 = stop N, forallp=1..Np—1 (5.6)

gen,,, € [0, cap®”] forallp=1..Np, ¢ =1...Ng (5.7)

stopg € [0, cap®™™] for all p=1...Np, ¢ =1...Ng (5.8)

where sto, ¢ is the storage level at the start of period p and sto, 4 is its level at the
end of the gth time step. The constraints specify that generation equals demand
plus storage charging , empty initial storage , lossless storage level updates
within periods , linking of storage levels between periods , and generation
and storage bounds —. Storage levels are not independent decision variables
(they are rolling sums of chy ), but make the constraints easier to interpret. All
constraints apply to single periods except , which link storage levels between
periods; the storage level at the start of a period is the same as at the end of the

previous one.

For time series aggregation, we implement the method introduced by Kotzur
et al. [2018b| and illustrated in Figure First, we decompose storage levels into

inter- and intra-period contributions via

stop.q = s.tozignte’r + stoggra forall p=1..Np, ¢ =0...Ng (5.9)
stogjgra =0 for all p=1...Np (5.10)

where the second stipulates that inter-period levels are those at the start of each
period. This decomposition does not change the problem (we have made no new
assumptions, and the solution is the same) but it decomposes decision variables
and constraints into inter- vs. intra-period scales. Second, we make aggregation

assumptions on both the input time series (demand levels) and storage (dis)charge
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decisions:

dpg— dap, forallp=1.Np, ¢=1..Ng (5.11)

chyq > chyyy,  forall p=1..Np, ¢=1..No. (5.12)

The aggregation of time series inputs (demand levels) is equivalent to the case with-
out storage. However, we now also aggregate storage (dis)charge decisions by re-
placing all instances in the same representative period by a single decision variable.
These can still be chosen to minimise costs (unlike the demand levels, which are
fixed), but are re-used across replications of the same representative period. The

constraints become:

gen,, , = dA(p),q + ChA(p),q forallp=1..Np, ¢g=1...Ng (5.13)
stol™r = 0 (5.14)
stogief = sto;,nter + stoﬁ\% for all p=1...Np (5.15)
. q A~
stogjgra = Z ch g(p).q forall p=1..Np, ¢ =1...Ng (5.16)
q'=1
gen,,, € [0, cap?] for all p=1..Np, ¢ =1...Ng (5.17)
stoigmtelr + stoifjgra € [0, cap®] for all p=1...Np, ¢ =1...Nog. (5.18)

These specify the same power generation balance (5.13), empty intial storage (5.14),
storage level changes within and between (linking) periods (5.15)-(5.16), and the

generation and storage bounds (5.17)-(5.18]).

The new problem is symmetric (in the constraints and objective function) in any

two generation levels mapped to the same representative period — i.e. any gen, .

and gen,,, . for which A(p1) = A(p2). The same applies to intra-period storage levels

intra

stopyq

. Their values are hence equal and we may (without any loss of generality)

use the mappings

gen, , — gényp,),  forallp=1..Np, ¢=1..Ng (5.19)
intr. p int
stopg™ = stogp,  forallp=1..Np, ¢ = 1..No. (5.20)

These reduce the number of decision variables from NpNg to Np, Ng each, since

each has one unique equation per representative period instead of per period. They

also reduce the number of constraints for (5.13), (5.16) and (5.17) to Np.Ng each.
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Unlike the case without storage (Section [4.1.2.2]), we aggregate not only input
time series, but also storage (dis)charge decisions. Aggregating only the former fails

to make the problem symmetrical in the gen, , since the ch;,, may differ due to

7q
(5.16) and (5.18). The extra aggregation comes at a cost; it reduces the problem’s
operational flexibility, since storage (dis)charge decisions must be equal across repli-

cations of the same representative period. Furthermore, inter-period storage levels

s‘co;,nter and storage constraints 45'15D and 45.18D do not reduce; they still appear for

each period in the full time series.
In summary, to reduce computational cost in models with storage, we aggregate
both time series inputs and storage (dis)charge decisions. Decision variables and

constraints then lie on two temporal scales:

e Generation, transmission (in models with multiple regions), storage charging

and intra-period storage levels appear once per representative period.

e Inter-period storage level constraints appear once per period in the original

time series.

5.1.3 Literature review

In this section, we expand the literature review in Section [4.1.3 to planning
problems with inter-period linking constraints such as storage. For additional detail,
see [Gonzato et al.l 2021].

One approach is to aggregate periods only when they are adjacent chronolog-
ically. [Pineda and Morales [2018] do this to create representative periods with
differing lengths. [T'so et al. [2020] merge days, while |De Guibert et al. [2020] in-
crease temporal resolution at times of high net demand. These approaches preserve
chronology and may require checking storage levels at fewer points (e.g. the edges
of periods), but have reduced representative power since similar events can be ag-
gregated only if one occurs immediately after the other.

Another method is to create representative periods for different regions of the
time series. |Welsch et al. [2012] create eight days (one week- and weekend-day for
each of the four seasons) and repeat these to recreate a full year. [Samsatli and
Samsatli| [2015] do the same, but allow variable time step lengths inside the day.
Timmerman et al.| [2017] extend this approach to storage technologies that lose
charge over time.

Methods without restrictions on which periods can be aggregated have high

representative power but require care to maintain chronology. This is usually done
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by linking storage levels between representative periods in the order in which they
appear in the full time series [Gabrielli et al., 2018]. Storage (dis)charge decisions are
equal in each replication of the same representative period, but their absolute storage
levels may differ across the full time series. Tejada-Arango et al.| [2018] introduce
methods to link both representative periods and individual time steps (referred to
as system states) using a transition matrix. Kotzur et al. [2018b] decompose storage
levels into the sum of inter- and intra- period states and consider them on different
time scales (discussed in more detail in Section [5.1.4). [van der Heijde et al. [2019]
determine the sequence of ordered representative days by minimising a pointwise

error metric.

5.1.4 Conclusions and implications

Time series aggregation with inter-period storage involves two sets of assump-
tions, as depicted in Figures [5.145.3 The following are equal in each replication of

the same representative period:
1. Demand and weather time series (time series input aggregation)

2. Storage (dis)charge decisions (storage decision aggregation).

Both approximations induce errors. Time series input aggregation reduces the
number of unique periods (Figure , reducing variability. The truncation of ex-
tremes especially leads to significant errors in design estimates (Section . Stor-
age decision aggregation induces errors due to a reduction in operational flexibility;
storage decision variables are constrained be equal in each replication of the same
representative period (Figure .

There is a mismatch between how representative periods are determined and ap-
plied (Figures . Representative periods are determined only from input (de-
mand and weather) time series, but aggregation is applied also to storage (dis)charge
decisions. For this reason, periods with very different storage patterns in the ground
truth (non-aggregated) case may be constrained to be equal if they have similar
demand and weather patterns.

Aggregation generates decision variables on two temporal scales. Generation,
transmission and storage power (MW) levels appear once per representative period.
Conversely, storage energy levels (MWh) are checked for the full time series by
recreating the sequence of ordered representative periods (Figure . Kotzur et al.
[2018b] exploit these multiple scales by decomposing storage levels into inter-period

(level at start of period) and intra-period (deviation from start of period, equal in
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each replication) contributions. For example, a year of hourly time steps aggregated

to ten representative days has 365 inter-day and 240=10x24 intra-day storage levels.

5.2 Contribution

In this chapter, we introduce storage importance subsampling: a generalisation
of importance subsampling to models with storage. It allows us to estimate cost-
optimal system design across long samples at reduced computational cost and with
lower levels of errors than established schemes. This makes the consideration of
multi-year demand and weather samples in storage planning problems, essential
to e.g. analysis of future climate, possible. A simulation study demonstrates the

method’s reduced errors when compared to previous approaches.

5.3 Methods

In this section, we introduce our method, which we call storage importance sub-
sampling. We present an overview in Section [5.3.1} the precise algorithm in Section
[£.3.2] and additional remarks in Section [5.3.3

5.3.1 Overview and intuition

Storage importance subsampling is identical to the storage-free importance sub-
sampling apart from two modifications. The first is that, in addition to time series
inputs, we use storage (dis)charge decisions when aggregating. As discussed in
Section a priori storage aggregation can constrain periods with different stor-
age patterns (in the non-aggregated case) to be equal. In our method, we include
(dis)charge decisions in the vectors used to determine representative periods; aggre-
gation is then determined from and applied to the same variables. The second change
is our use of ordered representative days and the decomposition into inter- and in-
tra-period storage levels introduced by |[Kotzur et al. [2018b| to preserve chronology
(see Figure [5.3).

With storage importance subsampling, we attempt to reduce aggregation errors
via three innovations, as summarised in Table We reduce time series input
aggregation errors by (1) using the medoid as the representative period instead of
the mean and (2) including relevant extremes, identified using the importance func-

tion as in the previous chapter. We reduce storage decision aggregation errors by
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(3) using storage decisions when aggregating. Methods (2) and (3) rely on opera-
tional variables — the importance function depends on e.g. generation levels, while
storage decisions are themselves operational variables. We calculate these using a

preliminary planning and operation model run as in the previous chapter.

5.3.2 Algorithm: storage importance subsampling

Inputs:
e (&)pep: demand and weather time series, length np periods
e n4: number of unique representative periods to aggregate into
e p. € [0, 1]: proportion of periods in P considered extreme

o IMP: real-valued importance function, from operational variables O,

Steps:
1. Get preliminary optimal design estimate D Ao

(a) Aggregate (&,)pcp into (éAo(p))pep, with n4 unique representative
periods, using time series inputs.

(b) Solve planning problem:
]jAo = PSMplan((éAo(p))pGP)- (5-21)

2. Create importance subsample:

(a) Determine system operation across full time series:

(Op)peP = PSMOperate((fp)peP ‘ ]jAo)' (5.22)
(b) Calculate importance of each period:
imp, = IMP(O,) for all p € P. (5.23)

(c) Partition time series 7 into:
e P.: penp extreme periods (with highest importance)
o P.: (1 —pe)np regular periods (those remaining).
(d) Create importance subsample (éAl(p))pe’p, n4 periods, with:

o A extreme representative periods aggregated from e

e 4 regular representative periods aggregated from 7.

Aggregate using time series values and intra-day storage levels.

3. Get final optimal design estimate D 4, :
f)Al = PSMplan((ém(p))peP)‘ (5.24)

Output: D A,: optimal design estimate
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Source of error Impact on aggregated data Approach to mitigate

Time series input aggregation

(1) Representative pe- Lower variability Use cluster medoid
riod is cluster mean

(2) Extremes truncated Contains less intense extreme Identify and include
events relevant extremes

Storage decision aggregation

(3) Aggregation ignores Periods with differing storage Use storage patterns
storage patterns patterns constrained to be equal in aggregation

Table 5.1: How storage importance subsampling reduces aggregation error.

5.3.3 Remarks

In this section, we provide additional information and implementation details for
the algorithm. The remarks for the storage-free version (Section |4.3.3) still apply,

but we do not repeat them here.

In the planning runs in Steps 1(b) and 3, we use ordered representative periods
as discussed in Section Since storage levels have to be checked across the full
time series, computational cost increases with the length of the full time series even
with a constant number of representative periods. However, we find this effect to be
relatively modest: a simulation with 120 representative days from five years takes

roughly 10% longer than from three years.

Storage importance subsampling depends on a number of hyperparameters. Like
in Chapter [4] the real-valued importance function identifies extreme events; we use
the generation cost in our case study. The role of p. is slightly different as seen
by comparing Figures and For the storage-free importance subsampling,
the aggregated sample includes the p.n4 periods with the highest importance in
the full time series. Storage importance subsampling instead aggregates the penp
periods with highest importance into “* representative ones. This is for a number
of reasons. For models without storage, capturing the instantaneous peak demand
(after subtracting renewables) is essential (since this drives capacity), so we select
all the highest values to avoid peak truncation. In contrast, storage is usually used
for peak shaving, meaning capturing exact peaks is less important. In this case,
we opt to denote a larger portion of the full time series as extreme — penp, a
fraction of the full time series, is larger than p.n 4, a fraction of the aggregated time

series — and represent it at higher resolution. For simplicity, we use equal numbers
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(a) Standard aggregation (b) A posteriori approach
\ : Extremes represented
Extremes truncated \ : at higher resolution
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Figure 5.4: Impacts of time series aggregation. Black line: duration curve of the
importance (e.g. generation cost or electricity price), which identifies extreme events.
(a) Standard aggregation truncates extremes with a high importance. (b) Storage
importance subsampling represents extremes at higher resolution.

of representative periods “* for both the extreme and regular regions instead of

introducing a new hyperparameter for this split.

5.4 Simulation studies

5.4.1 Overview

In this section we evaluate storage importance subsampling’s performance on the
Continuous Linear Program with Storage (CLPwS) model introduced in Chapter
As in the previous chapter, we compare optimal system design estimates with the
actual optima across the full time series. We also calculate unmet demand levels
across the full time series. Unlike the previous chapter, we do not consider peak
capacity shortage (maximum demand minus available generation capacity) since this
is not well-defined; storage can displace unmet demand in time, and we can have
high unmet demand for a short time or lower shortfalls over a longer period.

We repeat each experiment 40 times with different base time series (§,)pep cre-
ated by resampling years with replacement; for example, a three-year base time
series may be [2011][1992][1992]. We consider the distribution of each technology’s
normalised capacity error, defined as Capja%ﬂ where cap™ and cap’ are capaci-
ties across aggregated and non-aggregated data respectively. Like Chapter we

examine only systemwide totals, since many capacities at regional level are zero,
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making capacity errors undefined.
We investigate each of storage importance subsampling’s three innovations se-

quentially. We run four aggregation schemes:
A. cluster on time series inputs, use mean as representative (a priori)
B. cluster on time series inputs, use medoid as representative (a priori)

C. identify and include extremes using importance function, cluster on time series

inputs (a posteriori)

D. storage importance subsampling: identify and include extremes using impor-
tance function, cluster on time series inputs and storage decisions (a posteri-

ori).

5.4.2 Setup

Simulation details are provided in Table We run two sets of simulations, in
which we aggregate three years into 30 and 120 representative days respectively. We
use daily periods with 24 hourly time steps each. Whenever we cluster (in methods
A and B, as well as in Steps 1(a) and 2(d) for methods C and D), we normalise
each time series to mean zero and variance one using a z-transform, reshape them
to daily vectors and cluster these using Wald’s hierarchical clustering. We also ran
simulations in which we normalise time series to the range [0, 1] or use iterative (e.g.
k-means) clustering, with either worse or similar performance.

Under aggregation, the number of decision variables changes as follows. All
problems have 19 design decision variables: baseload, peaking, wind and storage
energy capacities in three regions each, and seven transmission capacities. A non-
aggregated problem has 22 operational decision variables per time step: 19 (one
for each design variable) generation, transmission and storage (dis)charging levels,
and three storage energy level This makes Np x 24 x 22 across Np days with
hourly time steps. The same problem aggregated into Np, representative days has
Np, x 24 x 22 operational variables (the same 22 as before, one set per representative
period; storage energy levels are replaced by their intra-period counterparts as in
Section as well as Np inter-period storage energy levels (one per period in the
full time series). For example, a non-aggregated three year problem has 19 design

and 1095 x 24 x 22 = 578160 operational decision variables. The same problem

!These are not actually independent (they are rolling sums of (dis)charging levels) but we separate
them for clarity.
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Number of  Solution time [min]
Aggregation Run (repr.) days Mean 95% of runs

No aggregation (target)

None Total 1095* 644 (313 - 1568)
30 representative days
A: A priori, mean representative Total 30 2 (1-4)
B: A priori, medoid representative Total 30 3 (1-5)
C: A posteriori, with extremes, Total — 94 (14 - 202)
aggregate on time series inputs  P1 30 3 (1-5)
0] 1095* 89 (10 - 197)
P2 30 3 (2-6)
D: A posteriori, storage Total — 94 (14 - 204)
importance subsampling  P1 30 3 (1-5)
0] 1095* 89 (10 - 197)
P2 30 3 (2-5)
120 representative days
A: A priori, mean representative Total 120 302 (84 - 808)
B: A priori, medoid representative Total 30 250 (49 - 524)
C: A posteriori, with extremes, Total — 562 (204 - 868)
aggregate on time series inputs  P1 120 250 (49 - 524)
(0] 1095* 218 (21 - 465)
P2 120 206 (63 - 708)
D: A posteriori, storage Total — 573 (273 - 996)
importance subsampling  P1 120 250 (49 - 524)
0 1095 218 (21 - 465)
P2 120 215 (66 - 643)

*1095-1098 days depending on leap days

Table 5.2: Simulations in Section[5.4] For a posteriori methods, we disaggregate into
first planning (P1), operational (O) and second planning (P2) run, corresponding
to Steps 1(b), 2(a) and 3 respectively in Section [5.3.2]
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aggregated into 30 days has 19 design variables and 30 x 24 x 22 + 1095 = 16935
operational decision variables.

For method A, we cluster the daily vectors of the six input time series (three
demand and three wind, giving each vector 6x24=144 components) and use the
cluster mean as the representative. Method B is identical except with the medoid
(closest daily vector to cluster mean in normalised space) as the representative.

Method C is storage importance subsampling, except that in Step 2(d) we ag-
gregated using only time series values and not intra-day storage levels. Method D
does use this information, and hence aggregates vectors with 9x24=216 components
each, which contain 6x24=144 components for the time series inputs and 3x24=72
components for inter-day storage levels.

For methods C and D, we use p.=0.05; 5% of the original time series is considered
ertreme and represented at higher resolution. For the importance function, we use
daily total generation cost as in Chapter[4] In steps 1(a) and 2(d), we use the medoid

as the representative day.

5.4.3 Results

Figure shows the distribution of capacity errors and unmet demand across
the test simulations. Reading plots from left to right (A-D) presents the impact
of each of innovation (using the medoid as representative, identifying and including
extremes, and using storage patterns in aggregation).

Method A, with a priori aggregation and mean representative days, underesti-
mates baseload and transmission while overestimating peaking and wind capacity.
Furthermore, we find a drastic underestimation of optimal storage energy capacity
with 30 representative days: a median error of 60%, with over 90% in some simu-
lations. These errors lead to large levels of unmet demand: a median of 0.5% and
up to almost 1.5%. In financial terms, a value of lost load of £6,000/MWh, as in
Section implies an increase of roughly 1% in system cost for every 0.01% of
unmet demand.

Method B, which uses the medoid as the representative, shows considerably bet-
ter performance. For baseload, peaking, wind and transmission capacities, the biases
are small — typically less than 5% with 30 representative days. However, storage is
still underestimated significantly (60% and 20% for 30 and 120 representative days
respectively). Unmet demand is less than half of method A.

Identifying and including relevant extreme events in method C increases optimal
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30 representative days
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Figure 5.5: Distribution of capacity errors and unmet demand across 40 aggregated
samples from methods A-D from Section Box-and-whiskers: 2.5%, 25%, me-
dian, 75% and 97.5% percentiles. Dashed black line: optimum across full time series
(target). Unmet demand is expressed as percentage of total demand.



5.4. SIMULATION STUDIES 71

capacity error slightly (with wind slightly underestimated and transmission slightly
overestimated), but unmet demand levels are reduced to almost zero. This is to be
expected, since the extreme events force the planning model to meet demand in such
scenarios.

Storage importance subsampling, which uses storage information in aggregation,
reduces the underestimation of storage capacity: 40% and 5% for 30 and 120 repre-
sentative days respectively. Impacts on other capacity errors are minimal. Levels of
unmet demand are slightly higher than method C but remain small.

For all methods, increasing the number of representative days from 30 to 120
decreases error metrics. For example, a priori aggregation with method B has lower
capacity error and unmet levels with 120 representative days than storage importance

subsampling has with 30.

5.4.4 Discussion

The performance of methods A-D illustrate the impacts of storage importance
subsampling’s innovations. Using the medoid instead of the mean as representative
reduces most error metrics by at least 50%. This is in agreement with previous
studies (Section , which also recommend the use of closest-day based aggre-
gation. This is an a priori approach which does not necessitate any operational
variables or preliminary model runs. Hence, we recommend always using medoids
as representative periods.

Improvements from the a posteriori modifications differ. Like previous studies
(Section , identifying and including extreme events (method C) leads to design
estimates that are more robust to such occurrences. The performance gain from
using storage information (method D, the full storage importance subsampling) is
concentrated primarily in more accurate estimates of optimal storage capacity. In
fact, this approach leads to slightly higher levels of unmet demand (although still
very low). Hence, using storage information in aggregation (at least in the way
we do, by concatenating intra-day storage levels to the cluster vectors) may not be
required in all modelling contexts.

In general, estimating optimal storage energy capacity appears to be difficult,
with models underestimating it by large margins. This may be because storage
energy capacities are driven by rolling sums of demand shortfalls instead of instan-
taneous values; a small error repeated ten times becomes ten times as large.

Similarly to Chapter [4] solution times are distorted by the requirement for a
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benchmark run with no aggregation. We could, for example, estimate a ten-year
optimal design using 120 representative days using storage importance subsampling;
we do not do this because we are unable to verify this against the ground truth. With
longer simulations, the two planning runs would dominate solution times over the
operational run. Hence, as in the previous chapter, storage importance subsampling

requires roughly twice the computational expense as an a priori scheme.

5.5 Conclusions

This chapter’s contribution is storage importance subsampling, a time series ag-
gregation scheme for power system planning models with storage. It combines two
previous classes of aggregation methods: those that preserve chronology and hence
work with storage technologies, and a posteriori methods that adapt the aggregation
to the underlying planning model.

The implications are similar as Chapter 4 our method allows the consideration
of long samples in power system planning models with lower levels of error than
established approaches. This opens the door to the use of climate model data in
such studies.

We see a number of natural extensions. As in the previous chapter, we can
investigate different importance functions than the generation cost. We may also use
different operational variables when aggregating in Step 2(d) (Section [5.3.2)). In our
implementation, we concatenate the vector of intra-day storage levels to the demand
and weather data. However, we could also use e.g. the storage (dis)charge decisions,
or other operational variables (such as using the generation cost, currently used
only used to stratify). As discussed in Section we can also iterate the process
multiple times, alternating between planning and operational runs. We did this in
our case study but did not find any additional performance gains. Other possible
changes include a different approach to preserve chronology than the linking of
representative periods as we do currently, such as the system states or chronological
time period clustering methods discussed in Section [5.1.3] Finally, dimensionality
reduction may be required for models with more time series. In our case study, we
have demand, wind and storage at three locations each. This generates daily vectors
with 3x3x24=216 components. With more regions and time series, these vectors
may become impractically long.

Our use of planning models with perfect operational foresight — we optimise

operation with knowledge of the demand and weather data in each time step — is
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not realistic. For models without storage, operation is essentially independent across
periods; knowledge of the future does not affect operational decisions. For storage,
however, this is not the case, and allowing storage optimisation with knowledge of
the long-term future is unrealistic. An interesting generalisation is to implement

operational policies without perfect foresight.



6. Efficient uncertainty quan-

tification

In this section, we introduce a subsampling algorithm that efficiently quantifies
demand and weather uncertainty on power system planning model outputs. The
method is an m-out-of-n bootstrap modified for time series data. The ideas in this

chapter have been published in the following paper:

e [Hilbers et al., 2021]. AP Hilbers, DJ Brayshaw, A Gandy. Efficient quan-
tification of the impact of demand and weather uncertainty in power system

models. IEEE Transactions on Power Systems.

Sample code is available at doi:10.5281/zenodo.3840911.

This chapter is structured as follows. Section introduces the problem and es-
tablished approaches. Section [6.2|describes our contribution. Section [6.3|introduces
the method and Section provides a case study of its application on the planning
models of Chapter [3] Section [6.5] makes concluding remarks.

6.1 Background

6.1.1 Context: uncertainty quantification

Recall from Section that planning models may be viewed as a mapping

from demand and weather data (&;);c7 to the associated optimal design D:

]f) = PSMplan((Et)tET)' (61)

Sampling uncertainty on D is induced from the demand and weather time series
(&1)teT used to calculate it; a different sample, drawn from the same underlying
distribution, leads to a different value. Section indicates that this demand and
weather uncertainty can be large. In this chapter, we quantify it efficiently in both
data and computation. We consider only this uncertainty and not those in e.g. costs,
technology availabilities and policy.

Users might not actually seek D, but D, the solution to the stochastic program-
ming problem (Section[2.7)) that minimises ezpected costs under demand and weather

sampling uncertainty. However, this is usually unavailable, as it requires knowledge
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of the underlying distribution. Users may estimate it via f), from a planning model
(the sample average approximation, see Section . Quantifying uncertainty on
D — which comes from a deterministic problem given uncertain data — is hence
important, since it gives an indication whether design estimates are statistically ro-
bust or a product of the particular demand and weather sample. Furthermore, it
may provide information on D via e.g. confidence intervals, which depend on the

sampling distribution of D.

6.1.2 Literature review

The power system modelling community employs a number of established tech-
niques to quantify output uncertainty, as summarised by Yue et al. [2018]. We

describe a number of approaches and comment on their relevance below.

6.1.2.1 Scenarios

Scenario analysis involves running a power system model on different sets of
assumptions picked by users to represent possible circumstances. For example, the
UK’s |Committee on Climate Change| [2020] models the UK power system under a
number of possible future electricity demand levels, driven by different electrification
costs and adoption rates. Similarly,|Jenkins et al. [2021] determine US energy system
design in cases without restrictions on technological buildout versus ones where
nuclear power is prohibited or renewable capacity install rates are constrained.

Scenario analysis is often required for factors that cannot reliably be described by
probability distributions, such as future policy, technological and cost developments,
or human behaviour. One set of model outputs is generated for each scenario,
without probabilities. This restricts uncertainty quantification; statements like “in
this scenario, 100GW of wind capacity is cost-optimal” are obtainable, whereas
statements like “there is a 70% chance the cost-optimal level of wind capacity is at

least 80GW” are usually not.

6.1.2.2 Sampling-based methods

Quantitative information on input values allows model output variability to be
quantified. For example, interval analysis runs a model with the minimum and max-
imum value of each input parameter [Soroudi and Amraee, 2013] to obtain bounds
on outputs. Monte Carlo methods sample each input parameter according to its

probability distribution; the empirical distribution of model outputs approximates
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the output’s probability distribution as described in Appendix [A.1.2. Monte Carlo
methods have been applied in many power system applications; we discuss a selec-
tion here. Alzbutas and Norvaisal [2012] use uncertainties in install and generation
costs to estimate the probability distribution of a future Lithuanian power system’s
costs. Pye et al. [2015] conduct a similar analysis with a larger set of uncertain
parameters for a UK system. |Bosetti et al.| [2015] examine the sensitivity of e.g.
proportions of renewable-generated electricity to various input costs.

The applicability of interval and Monte Carlo analysis differs per setting. Interval
analysis requires a minimum and maximum value of each input parameter to be
known or assumed, and the extrema of these inputs only translate to extrema of
model outputs if each input-output relationship is monotonic. It also fails to provide
probabilities and suffers from a curse of dimensionality; the number of model runs
ig 2[mumber ofinputs] Ty contragt, Monte Carlo methods can be used to estimate
probability distributions of model outputs, and can do so efficiently, since many
uncertain inputs can be sampled at once to generate e.g. 1000 samples (see Appendix

A.1). However, they require each inputs’ probability distribution to be known.

6.1.2.3 Emulators

Another approach is to create an emulator — a statistical approximation (usually
much faster to evaluate) of the model’s input-output relationship. This is trained
on a number of known input-output pairs, often generated by running the original
model. For example, Lawson et al. [2016] use a Gaussian process trained on a number
of judiciously chosen inputs, with associated outputs coming from a UK transmission
expansion problem. The emulator then efficiently estimates model outputs, as well
as uncertainty bounds (which a Gaussian Process provides), for any inputs.

Since emulators are usually faster to evaluate than the functions they approx-
imate, they allow uncertainty analysis on a larger set of inputs than the original
model. However, the emulator must be trained, requiring additional work, both
computationally and for the user. Furthermore, outputs from the emulator away
from the training data may be inaccurate, as they rely on interpolating or extrapo-

lating to new values.

6.1.2.4 Bootstrap methods

Bootstrap methods, as introduced by |Efron [1979], can quantify sampling uncer-

tainty. In their most basic form, they approximate an estimator’s sampling distri-
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bution by its distribution under resampling with replacement from available data.
They provide consistent uncertainty estimates for a wide variety of estimators —
such as sample means, quantiles, and maximum likelihood estimators — with min-
imal modifications and without individual limit laws [Bickel and Freedman, |1981].
They do not improve point estimates, but can indicate an estimator’s variability,
estimating variance, probabilities or confidence/prediction intervals. For the ma-
chinery, see Appendix [A.3.1.

Bootstrap methods can be modified for special settings. For example, the m-out-
of-n bootstrap, which calculates an estimator’s sampling distribution across resam-
ples of a different length (usually shorter) than the original dataset, may be used to
reduce computational cost when calculating the estimator’s value is computationally
expensive. See Appendix [A.3.2 for theory, including consistency and sample length
rescaling requirements. Another generalisation is for time series where values are
not independent and identically distributed (IID); two common modifications are the
sampling of blocks of time steps to preserve short-term dependence structures (the
block bootstrap) and detrending of long-term dependencies and subsequent resam-
pling of residuals (the model-based bootstrap) [Davison and Hinkley, 1997, Chapter
8].

Bootstrap methods have been applied in a number of power system applications.
Fan and Hyndman [2012] use a model-based block bootstrap (resampling model
residuals across blocks of time steps) to create probabilistic forecasts of electric-
ity demand, training a new model for each sample. Chen et al|[2012] and Wan
et al. [2014] predict electricity price and wind generation respectively, allowing the
forecast’s variance to depend on the dependent variables. |Khosravi et al. [2013]
resample a sliding window of observations, a procedure called the moving block boot-
strap, for probabilistic forecasts of wind generation. bin Othman et al. [2008] use a

model-based bootstrap for a probabilistic assessment of system adequacy margins.

6.1.3 Conclusions and implications

Not all uncertainty analysis methods introduced above can quantify the demand
and weather uncertainty on D in (]EI) Both scenario and interval analysis are
impractical due to the high dimensionality of the input time series (multiple time
series and many time steps) and the fact that such approaches provide only a range
of possible outcomes, but no probabilities. Standard Monte Carlo methods require

many independent samples, while we have only a single time series of data. Bootstrap
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methods are possible, since we can run models across artificial samples created
from resampling. This must be done carefully to preserve temporal and spatial

dependence structures. We introduce such a scheme in this chapter.

6.2 Contribution

In this section, we provide two contributions. The first is an uncertainty quan-
tification scheme for design estimates from power system planning models under
demand and weather uncertainty. It is an m-out-of-n bootstrap using shorter re-
samples of the available data. The second is a method to determine the required
simulation length for desired uncertainty bounds. We validate our methods exper-
imentally and introduce a diagnostic for the consistency of uncertainty estimates

that is found to work well.

We illustrate improvements on currently employed approaches (Section
by an example. Consider uncertainty quantification for a design estimate obtained
using one year of demand and weather data. The standard Monte Carlo approach is
to run the model multiple times with different (disjoint) one-year samples. This is
inefficient, both in data (many year-long samples) and computation (many one-year
PSM runs). Our method conducts simulations across shorter datasets (with reduced
computational cost) generated from what is already available (hence requiring no

additional data).

6.3 Methods

6.3.1 Overview

We consider each scalar component D of D separately. One quantification of
the demand and weather uncertainty on D is provided by its sampling standard
deviation op across samples (&;)ie7 in . o implies confidence or prediction
intervals; for example, [D — 20, D +20p] has a coverage probability of at least 75%
(and usually higher, e.g. 95% for a normal distribution).

As discussed in Section we often cannot estimate op with disjoint samples
due to limitations in data and computation. We estimate it using the m-out-of-n

bootstrap below.
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6.3.2 Algorithm: m-out-of-n bootstrap for oy

Inputs:
e (&)ier: demand and weather data used for D, n = |7 periods
e m: number of periods in subsample
e K: number of subsamples

Steps:

1. Construct K subsamples Si,...,Sx C T, of length m < n, using a
suitable bootstrapping procedure (see Section m

2. Calculate Dy, = PSMplan ((&t)tes,,) for each sample k =1,..., K.

. . —2
3. Estimate variance og”~ across subsamples:
K

o1 Ao
0s = K_1 ;(Dk —Z5) (6.2)

where Zg = % Zszl ﬁk is the sample mean.
4. Estimate op by op, defined by
—~ m _—
0'152 = —G5% (6.3)
n

Output: 74 estimate of oy

6.3.3 Remarks

The procedure in Step 1 works by subsampling, with replacement, blocks of
time steps correctly distributed throughout the year. An example is the sampling
of weeks from each season. Precise details (e.g. the block length) may be tailored

to the specific application as in Section [6.4.1.

The relationship between sample length and standard deviation allows the esti-
mation of the required point estimate sample length n to attain a desired precision.

Given a required standard deviation oy, rearrange 1} to give

—~2

n=m (6.4)

F=2°
7h

This motivates the following approach: (1) use Steps 1-3 to obtain 75°. (2) estimate
n, the minimum sample length required to ensure model output D has standard

deviation at most oy, using equation (6.4)).
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6.3.4 Justification and a test for validity

We calculate the standard deviation estimate & using an m-out-of-n time se-
ries bootstrap. From bootstrap theory (Appendix , o, is consistent for opy in
many settings if sampled blocks are long enough to capture autocorrelation (so that
datasets created by resampling are similar to those obtained from the underlying
distribution). As demonstrated in Appendix @, the “* scaling appears because
the variance of many estimators (including arbitrary functions of the sample mean
and median under weak conditions) are inversely proportional to sample size |Bickel
et al., 1997, Van der Vaart, 2014].

There are two cases in which the method is not expected to provide consis-
tent estimates. As discussed in Appendix bootstrap consistency relies on two
distribution functions (one using the original distribution and one using bootstrap
resampling) having the same limit. This is not the case in two settings. The first is
when D depends on a sample minimum or maximum, e.g. generation capacities if
100% of demand must be met. Sample maxima are often used as canonical examples
of bootstrap failure [see e.g. |Bickel and Freedman, (1981, counterexample 2], which
occurs because, while the distribution of the sample maximum under the underlying
distribution is continuous, its distribution under bootstrap resampling has a point
mass at the largest value in the sample that is resampled from. The second is when
D is a discrete variable; in this case distribution functions are discontinuous, invali-
dating many bootstrap consistency arguments. There are cases where the bootstrap
can still provide approximate uncertainty estimates (e.g. when the discrete jumps are
small enough to be approximated well by a continuous variable), but the asymptotic

results we consider do not apply directly and such behaviour cannot be guaranteed.

A diagnostic gives an approximate indication whether the method provides con-
sistent estimates. It works as follows: check whether the estimate oy is (roughly)
constant under subsample length m. The diagnostic is necessary but not sufficient;
standard deviation estimates are inconsistent if they clearly differ across sample
lengths, but constant values do not prove the consistency of the bootstrap. In our
case studies, the diagnostic is found to work well, successfully identifying the settings

where standard deviation estimates are (in)consistent.
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Figure 6.1: Autocorrelation function (ACF) of demand and wind time series. (a)
and (c) are ACFs of daily averages while (b) and (d) are ACFs of detrended time
series. The dashed vertical lines indicate 7 and 28 days respectively.

6.4 Simulation studies

In this section we apply our method (Section to the models introduced
in Chapter [3. Section discusses the subsampling scheme used in Step 1. We
quantify output uncertainty in Section and determine the required sample
length for desired confidence levels in Section Section [6.4.4] examines the
method’s accuracy, while Section discusses results and their implications.

6.4.1 Setup

We apply the method to the CLP and MILP models as described in Chapter
Generation technologies are modified slightly, with nuclear, combined cycle gas
turbine (CCGT) and open cycle gas turbine (OCGT) the dispatchable technologies
and wind the only renewable technology. The only difference between the CLP and

MILP models is, in the latter, the ramping and integer constraint (capacity in units
of 3GW) for nuclear (see (3.16)-(3.17)). We allow unmet demand at high cost. See
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[Hilbers et al., [2021] for detail{|

To avoid distorting power system operation, the K bootstrap samples (Step 1,
Section should preserve temporal dependence structures with respect to the
original time series. For demand, we expect a daily, weekly and annual cycle, as well
as a short-term autocorrelation; a higher-than-average demand hour is more likely
to be followed by another. For wind, we expect an annual and possibly a daily cycle,
as well as a short-term autocorrelation.

To understand temporal dependence structures, we plot the time series’ auto-
correlation functions in Figure Figure [6.1fa) and (c) examine the daily mean
(hence with daily cycle already removed) demand and wind time series respectively.
The weekly and annual cycles are oscillations with periods of seven and 365 days re-
spectively. Their relative strengths vary; in Region 2 (data from Germany), weekly
cycles dominate the annual cycles, while Regions 4 and 5 (data from France and the
United Kingdom) have stronger seasonal cycles. For wind (Figure c¢)) we find a
seasonal cycle, with higher wind speeds in winter.

We expose short-term autocorrelation by removing the weekly and seasonal cy-
cles (by subtracting, from each day, the deviation of that week- and calendar- day
from the long-run average) in Figure [6.1(b) and (d). Most short-term dependence
is contained within seven days, and almost all within 28 days.

For this reason, we propose two stratified block subsampling schemes:

e Months: sample individual months, correctly distributed throughout the year.

For example, a two-year sample is:
[Jan][Feb] - - - [Nov|[Dec][Jan][Feb] - - - [Nov]|[Dec] (6.5)

where e.g. [Jan] is a January block from the original time series 7.

o Weeks: sample individual weeks, correctly distributed throughout the year.

For example, a 56-day sample is:

[7d]DJF [7d] MAM [7d] JJA [7d]SON [7d]DJF [7d] MAM [7d] JJA [7d]SON (66)

where e.g. [7d],,, is a week block from the months Dec-Jan-Feb in 7.

Under this setup, we preserve daily, weekly and seasonal cycles by design. We also

preserve any short-term autocorrelation within each block (one month and seven

!These modifications were made in response to peer review feedback.



6.4. SIMULATION STUDIES 83

Samples for standard deviation estimate Mean computing
Subsampling Length m Time Memory
Sampling method scheme [days] [min] [MB]

(a) CLP model, point estimate calculated across 2008-2017
Disjoint Monte Carlo - 3,650 262 13,813
m~out-of-n bootstrap months 365 6 1633

(b) MILP model, point estimate calculated across 2017
Disjoint Monte Carlo - 365 765 1,713
m-~out-of-n bootstrap weeks 84 14 457

Table 6.1: Simulations in Section m is the length of samples across which the
standard deviation is estimated. Disjoint Monte Carlo uses disjoint samples of the
same length as the point estimate.

days respectively).

6.4.2 Quantifying output uncertainty

In this section, we quantify the demand and weather uncertainty on design esti-
mate ]3, determined using a single long simulation. We seek D’s sampling standard
deviation op. We estimate it using the m-out-of-n bootstrap (Section with
K=1000 bootstrap samples, drawn from the period 2008-2017. We compare this
to standard deviation estimates using disjoint samples of the same length as the
point estimate, which we refer to as disjoint Monte Carlo. Details of each of these
simulations are provided in Table

In test case (a), we consider the CLP model, with a point estimate calculated
across 2008-2017 and the standard deviation estimates using one-year bootstrap
resamples, generated by the months scheme. In test case (b), the MILP model is run
across 2017 for the point estimate and standard deviation estimates use subsample
length m=12 weeks, generated by resampling weeks from seasons as per the weeks
scheme.

Figure l@' shows the components of D with error bars of length 255. This
range typically covers at least 75% of a distribution, and usually more (95% for
a normal distribution). We also show the same analysis applied to the minimum
system cost (the min of the problem, instead of the argmin). The D + 20, ranges
are an imperfect but simple way of visualising uncertainty. They do not convey
all information about possible values. For example, they may extend to negative

values even when capacities and costs must be positive, and ignore any covariance
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(a) CLP model, point estimate calculated across 2008-2017
100 ]

80 T m
E 80 - [) o )
= ) @ %0
'g 60 - §
@ &) 40 1
© 40 A § =]
g5 ) { () ° 2
= () &1 220-
g 20- ) § o &
= ¢
0 T T T T T T T T T T ':‘ T T T T 0 T
(b) MILP model, point estimate calculated across 2017
100 80 {3
5 004 ) B
‘; - 60 1
5 haa
g oo -
g S 401
o 40 4
: 1§ $ ¢ il £
= 7 20 -
£ 20- [ ¢ ® &
£ [}
O T T T T T T T T T T T T T T T O I
LRS- OV SRR ) Qf) Q& QS’ ,\fb \f) \f) ();'3) ’5’& b‘f,) ‘)’6 x>
AR A VR e Vi Ve Vi Wi S-S VR A SRR U «d
o W o0 OO GCOT W 0™ 0™ ™ o™ o™ o™ o™

(‘{606 (“61\6 ﬁ&’&"\% (K{bo% (K{bﬁg «}’&06 «{’b"\%

Figure 6.2: Point estimates D of selected model outputs, with error bars £275 (2
standard deviations). o5 is estimated using the m-out-of-n bootstrap with K'=1000
bootstrap samples. See Table for details.
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structures. However, they provide a simple visualisation of relative variabilities for
a large range of output types.

For the CLP model in Figure a), the use of a ten-year sample for the point
estimate means uncertainty levels are small. Cost-optimal wind capacity in Region
2 has a D+ 20 range of 25-45GW, but other outputs, such as other generation and
transmission capacities and the minimum system cost, are comparatively certain.

For the MILP model in Figure [6.2(b), the use of a shorter (one-year) point
estimate means uncertainty bounds are large. For example, D =+ 26 extends from
2-62GW for optimal wind capacity in Region 2. We cannot say with any certainty
whether cost-optimal system design has more CCGT capacity in Regions 1 or 3,
as the uncertainty regions overlap. In test case (a), in contrast, we have a high
confidence that more CCGT capacity should be installed in Region 3. In both (a)
and (b), optimal transmission capacity and minimum system cost are comparatively
certain.

The m-out-of-n bootstrap is more data-efficient than disjoint Monte Carlo (using
disjoint samples of the same length as the point estimate). For example, in (b),
disjoint Monte Carlo across K=1000 samples requires 1000 years of demand and
weather data. In (a), it requires 10000 (=10%x1000) years. Instead, we resample
from the ten years we have, requiring no additional data.

The m-out-of-n bootstrap also significantly reduces the computing requirements.
In test case (a), the proposed method represents a 44-fold reduction in computing
time (six vs. 262 minutes) and an eight-fold reduction in memory (1633 vs. 13813
MB). Since the estimates are generated across K=1000 samples, the total computing
time in this case is 6000 minutes (100 hours), compared with 262000 (~182 days)
using standard Monte Carlo methods. The effect is even more pronounced in test
case (b), where the method amounts to a roughly 55-fold (14 vs. 765 minute)

reduction.

6.4.3 Determining required sample length

The relationship between sample length and standard deviation allows an in-
formed choice of sample length based on desired certainty levels. For example,
suppose we want 51\5 on optimal nuclear capacity in Region 3 to be no more than
5GW. In test case (a), the method indicates that og, the standard deviation across
one-year bootstrap samples, is about 11GW. Using equation then indicates a

required sample length of n =1 x 15%2 ~ 5 years for the point estimate.
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6.4.4 Verifying the method’s consistency

In Sections [6.4.2] and [6.4.3, we construct standard deviation estimates under

the assumption that they are consistent. This section examines whether this is
actually the case. We use the m-out-of-n bootstrap, with varying subsample length
m, to estimate oy, the sampling standard deviation of design estimates calculated
across single years. We also construct a 95% confidence interval for oy using the
38 individual (disjoint) years from 1980-2017 and the bootstrap percentile method,
a well-established procedure [Van der Vaart, 2014, Chapter 23]. If the method is
consistent, the standard deviation estimates (1) lie within the confidence interval

m

with high probability, and (2) are independent of m, indicating that the
factor used in Step 4 of Section is correct. These conditions are necessary but

scaling

not sufficient for the method’s consistency; however, we will see that they provide a

useful heuristic.

Figure shows the estimates oy along with a 95% confidence interval for the
true value oy. Estimates using subsamples shorter than one year (m=4, 12, 24,
36 and 48 weeks) are generated using the weeks scheme, while longer subsamples
(m=1, 2 and 3 years) are generated via the months scheme. For the MILP model
(test case (b)), the longest sample length is one year since the integer constraints

make longer samples computationally unfeasible.

We consider the design estimates (installed capacities of generation and trans-
mission technologies) as well as a number of functions of them: the minimum system
cost, carbon emissions, as well as the peak unmet demand: the maximum supply
shortfall across the time series. In Figure we show aggregated capacities (sums

across the regions) to reduce the number of plots.

Figure indicates that, with sufficient subsample size, the standard deviation
estimates for model outputs meet the two required conditions; they lie within the
95% confidence interval and are roughly independent of sample length (as seen by
a constant y-value). The one output where estimates are clearly not consistent is
the peak unmet demand. The reason for this is, as discussed in Section that
this model output is a sample maximum, namely that of demand minus available
generation. Indeed, we included this output specifically to highlight where the m-
out-of-n bootstrap method is not consistent.

The approximate diagnostic introduced in Section[6.3.4— that &y is independent
of subsample size m — successfully identifies when standard deviation estimates

are consistent. This diagnostic implies that results are approximately valid for all
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(a) CLP model
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(b) MILP model
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Figure 6.3: Single-year standard deviation estimates oy, calculated across K=1000
bootstrap samples, as a function of subsample size m. Dashed lines: symmetric
95% confidence interval for true value oy. o3g: standard deviation across the 38
individual years from 1980-2017. All plots share the same x-axis.
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outputs except peak unmet demand. These are precisely the model outputs that
consistently lie within the confidence interval.

Two further observations warrant mention. The first is that the method fails
when subsample sizes are too small, as for transmission capacity. The second is
that the weeks scheme usually generates slightly lower standard deviation estimates
than the months scheme and may underestimate the target oy. This most likely
comes from small levels of dependence at time scales longer than seven days (see
Figure which is treated as zero when resampling blocks, artificially reducing
the standard deviation (sometimes called whitening). The associated error rarely
exceeds 15%. Furthermore, the independent resampling of blocks from different
years does not seem to lead to much underestimation of variance by smoothing over

inter-year variability as described by Bodini et al.| [2016)].

6.4.5 Discussion

The simulation study highlights a number of messages. The first is that the
method usually provides consistent uncertainty estimates on model outputs at re-
duced computational cost and without requiring any additional data. It fails when
the subsample size is too small (as is virtually always the case in computational
uncertainty quantification) or when the model output depends strongly on a sam-
ple maximum (e.g. maximum or peak unmet demand). Each of these failures are
identified by the diagnostic introduced in Section giving users an indication
whether estimates can be trusted. Furthermore, the method provides consistent
estimates for nuclear capacity for the MILP model, even though this is a discrete
variable in blocks of 3GW — probably because the jumps are small enough to be
well approximated by a continuous variable.

The case study illustrates, in accordance with previous studies (Section7 the
risk in using short demand and weather samples in power system planning models.
For example, the cost optimal system design for the CLP model contains 15GW of
wind capacity in Region 2 under 1982 data, but 92GW under 1986 data, a more
than sixfold difference. For robust planning outputs under demand and weather
uncertainty, samples spanning multiple years should be considered.

We make three recommendations for users of this method. The first is to make
subsamples used for the point estimate as long as possible, as this reduces the
uncertainty on their values. The second is that, if both are computationally feasible,

the months scheme should be preferred over the weeks scheme, as the former has
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less tendency to underestimate variability. The third is to estimate the standard
deviation with multiple subsample lengths and check if uncertainty estimates are

close, since a failure for this diagnostic indicates that estimates are inconsistent.

6.5 Conclusions

In this chapter, we introduce a scheme to efficiently quantify the impact of for-
ward propagated demand and weather uncertainty in power system models. It
provides an information advantage over point estimates by indicating whether an
output is statistically robust or a result of the particular demand and weather sam-
ple. The method is applicable to planning models with simulations of at least one
year and without constraints (e.g. storage) that links the sampled blocks (weeks or
months). Simulation lengths may be informed based on desired uncertainty levels,
avoiding needless computational expense. The method can be expected to gener-
ate consistent uncertainty estimates for most PSM outputs, and an approximate
diagnostic can help determine (but not prove) whether this is the case.

We recommend a number of extensions. One is to combine our method with
uncertainty analysis on other model outputs (e.g. technology or fuel costs) by sam-
pling both demand and weather data and other uncertain input parameters simul-
taneously. Another extension is the determination of confidence intervals or the
covariance of model outputs instead of the standard deviation for each model out-
put individually. Adapting the method for models with seasonal storage is also a
natural generalisation. Finally, the method could leverage the use of subsampling
methods for point estimates as in Chapter Such approaches can be straightfor-
wardly combined with the algorithm proposed in this paper by using subsampled
data for the point estimate. However, more sophisticated methods, such as using
subsampled data in the bootstrap samples, or accounting for the uncertainty induced

by subsampling for the point estimate, require additional modifications.



7. Conclusions

This chapter concludes the thesis. We review research context, our contributions

and their implications. We also recommend a number of extensions.

7.1 Context

Decarbonisation efforts make power (electricity) systems increasingly weather-
dependent. In particular, variable renewables such as solar and wind, whose genera-
tion cannot be controlled, represent an increasing share of supply. This complicates
the planning and operation of power systems, which require a continuous supply and
demand balance.

In this thesis, we study power system planning models that inform investments
into generation, transmission and storage infrastructure. These models estimate
optimal system design by minimising a cost function given time series data such
as demand levels, wind speeds and solar irradiances. Model outputs are subject to
uncertainty, since future demand and weather patterns are unknown and will differ
from those historically observed.

The high computational cost of solving realistic power system planning models
limits their effectiveness. This is usually possible only across relatively short simula-
tion lengths (a few days or weeks), generating model outputs that are poor estimates
for their true values (Section [2.5). Furthermore, the analysis of future climate on
power systems — typically using multiple decades of data from a climate model —
becomes impossible.

Many previous approaches to reduce computational cost in planning models in-

duce significant errors. These typically originate from a reduction in variability and

extreme events (Section [4.1.4).

7.2 Contributions

In this thesis, we introduce algorithms to mitigate, in a computationally efficient
manner, the impact of demand and weather uncertainty in power system planning
problems. Our methods solve planning models across subsamples of long time series,
carefully chosen to induce less approximation error than established approaches. Our

contributions can be grouped into two classes, described below.

90
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The first class of contributions makes optimal design estimates closer to the long-
run optima without sacrificing computational feasibility. The key innovation is a
systematic identification and preservation of relevant extreme events. We introduce
this algorithm in Chapter 4| and extend it to models with storage in Chapter
Mathematically, the method is an adaptive importance sampling scheme customised
to power system planning models.

The second class of contributions efficiently quantifies the sampling uncertainty
on design estimates (Chapter @, giving an indication whether results are statistically
robust or an artefact of the particular demand and weather sample. Mathematically,
our method is an m-out-of-n time series block bootstrap that acts on shorter time
series and adjusts uncertainty bounds accordingly. This allows Monte Carlo analysis
across runs with lower computational cost.

We also release a set of open-source power system planning models designed for
the analysis of demand and weather impacts. These models, along with time series
data, processing code and a tutorial, are available at doi:10.5281/zenodo.7025098.

This thesis combines and extends techniques from three distinct research areas:
power system modelling, optimisation and statistics. From power system modelling,
we use open-source software and solvers and build upon established time series ag-
gregation (Sections and approaches. We use solution algorithms from the
optimisation literature. Finally, we build upon a number of statistical techniques,
including Monte Carlo methods, importance sampling and the bootstrap. The in-
terpretation of planning models as stochastic programming problems (Section

provides the conceptual link.

7.3 Implications

Our methods allow the consideration of longer samples in power system plan-

ning models than was hitherto possible. Previous time series aggregation methods

(Sections |4.1.1) and [5.1.1) do the same, but induce significant errors in model out-

puts. Furthermore, we introduce uncertainty quantification methods that indicate
how confident users can be in their modelling results.

Improvements to the accuracy of, and understanding of the uncertainties around,
planning model outputs is important. Previous research (Section indicates that
key conclusions — such as whether sustainable energy requires nuclear, biomass or
carbon capture and storage to remain secure and affordable — can change depending

on the choice of demand and weather data. Our methods make answers to such
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questions more robust.

7.4 Extensions

We see a number of natural extensions to this thesis. Perhaps the most obvious
is the generalisation of the uncertainty quantification scheme in Chapter [6|to models
with storage, as we do for the point estimates between Chapters 4] and This is
a nontrivial task; our current approach relies on using shorter time series, while
storage level aggregation requires chronology across the full sample. One possible
approach is to adjust time step weights, e.g. double changes in storage levels when
two temporal periods are reduced to one.

Another generalisation is the combination of methods for improving point es-
timates (Chapters [4 and [5) with that for uncertainty quantification (Chapter @
In the uncertainty quantification scheme, we perform Monte Carlo analysis across
shorter samples than the original, created by block bootstrapping. If we subse-
quently aggregate these samples into even shorter periods using the methods from
Chapters 4/ and |5| we may be able to consider longer bootstrap resamples, enhancing
standard deviation estimates.

In all our case studies, we use 38 years of historic demand and weather data. For
this reason, all the events we consider occur in this dataset — itself a sample from
some underlying distribution. A valuable extension is the consideration of out-of-
sample events or the use a far larger base dataset. One way to do this is to create
artificial data using a climate model, which also allows us to explore the impacts of
e.g. very rare events or climate change.

A more general extension is to examine uncertainties not originating from de-
mand and weather time series inputs. Some examples, such as generation or trans-
mission failures, admit similar statistical analysis. For others, such as future techno-
logical or price developments, electrification rates of new industries (e.g. transport
and heating) or changes in human behaviour, a statistical model is less obvious and
scenario-driven analysis may be required.

Finally, we can develop mathematical theory for our methods. This may involve
precise conditions for our methods to work, as well as e.g. convergence rates or error

bounds.



A. Additional scientific back-

ground

In this appendix, we expand the scientific background (Section . We dis-
cuss Monte Carlo methods (Appendix [A.1]), importance sampling (Appendix [A.2),
bootstrap methods (Appendix [A.3) and statistical theory for the sample average

approzimation (Appendix [A.4]).

A.1 Monte Carlo methods

Monte Carlo methods use repeated sampling to estimate quantities that depend
on a probability distribution [Metropolis and Ulam, 1949]. Let & € E be a random
variable with distribution P, and let ¢* be a derived quantity, such as the probability

of an event or the expectation of a random variable.

Monte Carlo methods are useful when we cannot calculate ¢* directly (because
the calculation is complex, or we do not know the underlying distribution) but we
can sample from P. We estimate ¢* by q@n(él, ..., &), where bn: 2" > Ris a
statistical estimator (real-valued function) and &1, ..., &, is a sample drawn from P.
For now, we assume the &1, ..., &, are independent and identically distributed (IID)

and use the notation

~

¢n(£1w--a£n) ‘ EiNIP- (Al)

to denote q@n(ﬁl, ..., &) with samples &; drawn IID from P.

As an example, suppose we estimate the unknown probability p that a (biased)
coin lands heads up. Let & be a random variable with value 1 for heads (probability
p) and 0 for tails (probability 1 —p). In the formalism above, a natural estimate for

¢* = p =E(&) is the rate of heads across n coin tosses:

Onler, &)=~ D6 (A2)
=1

where the &, are results of the n coin tosses. This is the sample mean or sample
average estimator. In the next section, we discuss a theoretical result that validates

this approach.
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A.1.1 Expected values

Estimating expected values, as we do in the biased coin problem above, is a
common application of Monte Carlo methods. Let F' : 2 — R be a real-valued
function of €. It has mean

uF:Ew@»:/mewe (A.3)

=
=1

where dPP = dP(£) is the probability measure evaluated at € (we abuse notation by
using € as both a random variable and a particular value of it, as an integration
variable). In the coin toss example, F'(§) = & and pp = p.

Given a sample &1, ..., &, drawn IID from P, a natural estimate comes from the

sample mean (or sample average):

bl &) = 36 (A4)

Its mean and variance are
E@mziﬁéwF@»zuF (A.5)
vmm—;iwwm—wﬁ—f (A6

where % := Var(F) := E((F(¢) — ur)?. Hence, ¢n is an unbiased estimator for iy
with a variance decreasing linearly with sample size n. For this reason, we might
expect ¢En to approximate ¢* = up with increasing accuracy as n — oo.

A number of theoretical results support this approach. The weak law of large
numbers states that if 0% < oo (finite variance), then én converges to (i in prob-
ability as n — oo. The central limit theorem provides additional information for

finite values of n. Consider the scaled and shifted quantity

Tn(&na ,UF) = \/ﬁ(én(élv v 75”) - MF)' (A7)

The central limit theorem states that, if 0% < oo (finite variance),

~

V(o — pp) 5 N(0,0%) as n— 0. (A.8)

where NV(0,0%) is a normal distribution with mean 0 and variance o%. The conver-
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gence is in distribution as opposed to the stronger convergence in probability for the
weak law of large numbers.

The asymptotic distribution of 7;, provides approximate bounds on ug. Let

Gn(\) =P (\/ﬁ(én(&, e bn) —pp) < A) (A.9)

be the cumulative distribution function (CDF) of T},. From the central limit theorem,

for large n,
A

Gn(\) ~ ® <)\> _ [ exp (—x2>dm (A.10)
OF —00 \/% 2
which is the CDF of the standard normal A (0, 1), whose values can be approximated
reliably. Equation then gives a confidence interval for pp:

Vn . Vn R

Pl € o) = @ (L= 6)) - (L - ) (A1)
OF OF

for all n; < m2. Given a sample &;1,...,&,, we can calculate gZ;n and use (A.11) to

construct approximate confidence intervals for p . The value o is usually estimated

from the data. A t-distribution, which considers approximation error of the sample

standard deviation, may also be appropriate.

A.1.2 Other use cases

In the previous section we explain how confidence bounds on the population
mean can be created via the sample mean. However, Monte Carlo methods are
also useful in many other use cases. One relevant example is the consideration of
estimators q@n(:c,fl, ...,&,) that are a function of an additional argument x. In
such cases, we seek results that hold for all  in a domain X. Another example
consists of M-estimators: minimisers of sample average objective functions. These
two classes of estimators are closely linked to sample average approximations of
stochastic programming problems as in Section the objective function is an
estimator that depends on both a sample &1, ...,&, and a parameter x, while the
associated minimiser is an M-estimator. We discuss this link in more detail in
Appendix

Monte Carlo methods may also be used for uncertainty analysis, where we seek
not a population parameter, but the distribution of the estimator itself across sam-
ples. The theoretical justification for this approach, in which the estimator is cal-

culated across different samples to infer its distribution, is the Glivenko-Cantelli
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theorem and its various extensions, which demonstrate that (under certain con-
ditions) estimators’ empirical distribution functions converge to their probability

distributions. Van der Vaart| [2014, Chapter 19] provides a detailed discussion.

A.2 Importance sampling

Importance sampling is a Monte Carlo method that samples from a different
distribution than P |Tokdar and Kass, |2010]. This is usually done to reduce an
estimator’s variance. Let Q be a probability distribution that satisfies dQ(&) > 0
whenever dP(§) > 0. Consider the importance sampling estimator for the sample

mean:

(&1, ) == ZF& ) | &~Q (A.12)

\_/

where the &1, ...,&, are drawn IID from Q. The factor ig((?) is the likelihood ratio.

By construction, the expectation of 45}18 under sampling from Q is pp:

B(4) = Z%( Mo ) = Lre) e aae) —m.  (a13)

The variance is

, 2
Var(4}) :% > Eq ((F(gi)jg(é? - W) > (A.14)
dQ(&) (A.15)

— | [ rergetare) -] (A16)

This suggests a well-chosen importance distribution Q can reduce the variance of

@IS, In particular, the zero-variance density

F(£)dP(E)

1) = T renap(e)

(A.17)
is valid when F'(&) > 0 everywhere and gives QZA);S a variance of 0. It is typically un-
usable since it requires calculation of the normalising constant [z F'(£')dP(£’), often
the quantity being estimated in the first place. However, it suggests samples should
be weighted roughly by their contribution to the integral and their contribution

subsequently reduced via the likelihood ratio.
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Importance sampling methods are useful when an has high variance for small n
but is costly to evaluate for large n. In this case, it can reduce variance without an
increase in sample size. Intuitively, it works by including high impact, low probabil-
ity events more often and correcting for their oversampling through the likelihood

ratio. To do this, we need the ability to sample from Q and the value of ig((?) at

each sample value.
The above discussion considers the sample mean estimator. However, importance
sampling may also be applied to other estimators. For example, |Glynn [1996] create

importance sampling estimators for empirical quantiles.

A.3 Bootstrap methods

Bootstrap methods [Efron, 1979] use resampling for statistical inference. In its
most basic form, they emulate an estimator’s sampling distribution by its distribu-
tion under resampling from a fixed data set. As in Appendix let gZ)n(fl, ooy &n)

be an estimator for ¢* with &; drawn IID from distribution IP:

We can deduce properties of ¢* from an estimator 7, n(qgn, ¢*) with a known (non-
degenerate) limiting distribution as n — oo. For example, for the sample mean in

Appendix |A.1.1, T, (¢n, ¢*) = /1u(dn — %) N N(0,0%) (convergence in distribu-

tion), which we use to construct confidence intervals for ¢* = pup. Similar results,

with different limit theorems, apply to other estimators, such as empirical quantiles
[Van der Vaart, 2014, chapter 21].

Bootstrap methods give limiting distributions for 7, n(<2>n, ¢*) for a large class of
estimators gz%n without having to use a separate limit theorem in each case. They

use the bootstrap estimator

On(€l,...€5) | P ~PB(&,... 8. (A.19)

where I@’E(ﬁl, ..., &) is the bootstrap distribution. In the simplest case, ]@’f is the
empirical distribution of &€1,...,&,, and the ﬁlB are sampled with replacement from
{&1,...,&,}. The bootstrap estimator has two sources of randomness: one for the
sample &1,...,&, ~ P and a second for the bootstrap resample 513, €8~ I@’f
When considering , we usually fix &1,...,&, and consider the distribution

under resampling from ]fpf
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A.3.1 Machinery

The driving result of bootstrap methods is that, under certain conditions, the

following estimators have the same limiting distribution as n — co:

Tn(én(&l:u-asn)a(b*) ‘ &~P (A2O)
T (6n (€8, ... €5), bn(&1,.... &) | &P ~ BB, (A.21)

In @), the &; are sampled from P. In @), the ff are sampled from ]@E =
]f"f(&, ..., &) with 51, ..., &, fixed. Since every sample &1, ...,&, determines its
own distribution , the definition of bootstrap consistency is usually the dis-
tribution of converging to that of (A.20) m with probability 1 across samples
&,...,& ~Pasn— oo [Van der Vaart, 2014, chapter 23].

Bootstrap methods plug in the bootstrap version of T, (A.21) for the original
A.20). Recall that the distribution function of Tn(qgn, ¢*) gives us properties of ¢*
(e.g. a confidence interval for its value) and bn (e.g. its sampling standard deviation).

We estimate it using the bootstrap as follows:

P (T (dn(€rs. - 80)07) <2) (A.22)
~ I@Z:f‘ (Tn (MF, o ED) bultr, ) <) (A.23)
S e 3 1 (T (hulEir €l 6)) <A). (A20)

11=1 in=1

where 1(x) takes value 1 when * is true and 0 otherwise. From the first to the second
line, we use the bootstrap’s consistency, i.e. that and have the same
asymptotic distribution. In the last line, we use that the bootstrap distribution
is resampling with replacement from {&i,...,&,}. Since n" increases very quickly,
we usually use a Monte Carlo approximation with a random selection of bootstrap

resamples.

Bootstrap consistency depends on properties of the estimator (ﬁn and distribution
P. [Singh| [1981] derives weak conditions for bootstrap consistency in sample means
and quantiles. Bickel and Freedman| [1981] provide similar results for other esti-
mators and discuss general conditions and counterexamples. [Davison and Hinkley
[1997] describes refinements for time series data, when samples are not independent

and identically distributed.
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A.3.2 The m-out-of-n bootstrap

The bootstrap estimator is usually calculated across resamples of the same length

as the original dataset, i.e. using

T, (€0, . €8),6n) | &P ~BE(&1,... &) (A.25)

When calculating g%ff(ﬁlB ..., &D) is expensive, we may also use a smaller number

of samples m < n. This implies the bootstrap estimator

To(onm (&l &) bn) | € ~PJ(&1, .. &) (A.26)

This is the m-out-of-n bootstrap. Instead of qgf, we calculate qgﬁ repeatedly, which
is usually cheaper to evaluate. has the same limiting distribution as
whenever the traditional (n-out-of-n) bootstrap is consistent, and in some cases
when it is not. Bickel et al. [1997] discuss theoretical properties.

For many such estimators, Tn(g?)n, ¢*) is of the form \/ﬁ(qgn — ¢*) and the m-out-

of-n bootstrap estimator becomes
T (95, 6n) = Vm (95 — én). (A.27)

In this case, we may use (;ASEL to estimate prediction intervals or the sampling standard
deviation for <Z>n provided we rescale by the factor /.- to correct for the reduction

in sample length. This is what we do in Chapter [6]

A.4 Sample average approximation: theory

In this section, we briefly introduce statistical theory for the sample average
approximation to stochastic programming problems (Section . Let 6* and
x* be the minimum and minimiser of a stochastic programming problem, and let
0,, = én(&, ..., &) and &, = &, (&1, ..., &) be the corresponding quantities for the
sample average approximation. We view 6, and &, as statistical estimators for 6*
and z* and investigate their properties below. See [Homem-de Mello and Bayraksan,
2014] for additional details.

Much statistical theory for sample average approximations are inherited from
M-estimators. For this reason, we introduce M-estimators in Section [A.4.1, before

examining theoretical results for sample average approximations in Section [A.4.2]
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A.4.1 M-estimators

An M-estimator [Huber| [1964], minimises the sample mean of a function F(x, §)
that depends on both a parameter € R% and a random variable £ € E [Van der
Vaart, 2014]. Let &1,...,&, ~ P be a sample from =", and define

. 1 &
i=1
to be the sample mean of F'. An M-estimator is a function &,, = &, (&1, ...,&,) that

minimises under the first argument x.

M-estimators generalise various statistical functions. If x = z and £ = £ are one-
dimensional, the sample mean and median fit this framework with F' = (z — &)? and
|z —&| respectively. If € = (X, y) contains matched independent (X) and dependent
(y) variables, then ordinary least squares regression has F' = (y —a — b’ X )2, where
a and b are the intercept and coefficients respectively.

In fact, M-estimators are generalisations of any maximum likelihood estimator
(MLE) of IID samples. Let p(&|x) be the probability density function (PDF) of
the random variable £ given the parameter . MLEs minimise the (mean) negative
loglikelihood

1 n
l e n = 1 i A29
which corresponds to (A.29) with F(x,&) = —logp(&|x). [Van der Vaart [2014,

Chapter 5] provides a more detailed discussion.

A.4.2 Sample average approximations

Since the minimisers of sample average approximations are M -estimators, their
theory is closely linked. Under a set of assumptions on F' and P, 0, and &, are
consistent for #* and a* respectively. [Wald| [1949] and [Van der Vaart, 2014, Chap-
ter 5.2] provide simple proofs of the consistency of maximum likelihood estimators
and M-estimators respectively. |Shapiro [1989] and [Shapiro et al. [2009] provide
conditions for almost sure convergence in stochastic programming problems as we
introduce in Section The key requirements are that the objective function con-
verges to its limiting function uniformly in  and that the optimal «* is not on the
boundary of the feasible space.

Other statistical properties have also been examined. |Aitchison and Silvey

[1958] provides conditions for asymptotic normality of maximum likelihood esti-
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mators when the feasible region X of & contains equality constraints. The case
with inequality constraints is less straightforward; Shapiro [1989] demonstrates that
asymptotic normality of @&, does not hold with inequality constraints if * is on
the edge of the parameter space. |Cheng and Huang [2010] provide conditions for

bootstrap consistency for both 6,, and &,,.



Nomenclature

Acronyms

CCGT Combined cycle gas turbine
CLP Continuous linear program
COg2e COg equivalent contribution (emissions)

IID Independent and identically distributed

LDC Load duration curve

MILP Mixed integer linear program
PSM Power system model

Mathematics

:= Equal by definition

|S| Cardinality of (number of elements in) set S
(d1)te Time series of vector ¢, across index set T

Power system models
Indices & Sets
i1 € Z Generation technology
r € R Region
t €T Time step
Parameters
C#"  Annualised generation install cost, technology i [£/MWyr]
Cyl, Annualised transmission install cost, region r to r' [£/MWyr]
C5'°  Annualised storage energy install cost [£/MWhyr]
F; Generation cost, technology i [£/MWh]
E; Carbon emissions, technology i [kg CO2e/MWh]
e Storage (dis)charge efficiency [€ [0, 1]]
[s®  Storage self-loss [1/hr]
Time series
dr+ Demand, region r, time ¢ [MWHh]
Xirt Generation potential, technology i, region r, time ¢ [€ [0, 1]]
& Time series values, time ¢
Decision variables
caplgf;n Generation capacity, technology i, region r [MW]
cap}fT, Transmission capacity, region r to ' [MW]
cap®®  Storage energy capacity, region r [MWh]
gen,; ., Generation, technology i, region r, time ¢ [MWh]
tr,,~; Transmission, region r to 7/, time ¢ [MWh]
ch,; Storage charging, region r, time ¢t [MWHh]
sto,; Storage energy level, region r, time ¢ [MWh]
D Power system design
O; Power system operation, time ¢
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