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Overview



How can (open) energy system modelling help?

Energy system modelling is about
analysing technical feasibility, cost
effectiveness and reliability of the system
design & operation.

Such systems are complex:

m variability of wind, solar, demand

m grids, storage, EVs & industry

Ideally with open-source software & data

for transparency, credibility & accessibility.

®©@®

Current Energy Systems
m study impacts of price shocks

m study impacts of policy changes

Future Energy Systems
m transition to sustainable energy
B renewables integration

X PyPSA
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What is PyPSA?

A\PPSA  reues o ystem Mo dels  Documentation @ & o 0

@ #rrsn10ishers &
Our research focus: Welcome to the
PyPSA Community!
e Cost-effective pathways to reduce y y
greenhouse gas emissions while e S
securing resilient energy supply.
e FEvaluation of grid, renewables and
storage expansion strategies;
hydrogen strategies.
e Co-optimisation of generation,
storage, conversion and
transmission infrastructure.
e Algorithms to improve the
tractability of models.
e All open source and open data for

®©@®

transparency and reproducibility.
pypsa.org ©®
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f _ EMER Regulators

Who else uses PyPSA? N

NGOs, universities & |
international organisations
2 S :
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Achieving the goal

Anpath out of the gas
crisis
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PyPSA: I~
Python for Power System Analysis -

Capabilities With components for Backend
Capacity expansion m  Electricity transmission m  all data stored in pandas
i -hori networks and pipelines
L Slnglﬁ hOrIZOH PP m  framework built for
m  multi-horizon ! ) )
m  Conventional generators with performance with large
) unit commitment constraints networks and time series
Market modelling
m  Linear optimal power flow m  Variable generation with time m interfaces to major solvers
m  N-1 security-constraints series (e.g. wind, solar, hydro) (Gurobi, CPLEX, HIGHS, Xpress),
m  Unit commitment with lino
= Security of supoly analvsis m  Storage with efficiency losses P
y PPY y and inflow/spillage for hydro ®  highly customisable, but no GUI
Non-linear power flow m  Conversion between energy
Modelling-to-Generate-Alternatives carriers (PtX, CHP, BEV, DAC)
Stochastic Optimisation
. @
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Economic Dispatch
9 en)

Model shortterm market dispatch with
unit commitment, renewables, storage,

multi-carrier conversion, and more.

H Pathway Planning

Co-optimize multi-period investments to
design energy transition pathways with
perfect foresight planning.

ili  Policy Constraints

Builtin support for CO, limits, subsidi

resource limits, expansion limits, and

growth constraints.

B Sector-Coupling

Model integrated multi-carier energy
systems with heat pumps, electrolysers,
EVs, and synthetic fuels.

= Linear Optimal Power
A" Flow (LOPF)

Optimize power flow in AC-DC networks
using linearized KVL/KCL constraints with
optional loss approximations.

Rolling-Horizon
h Optimisation

Solve large-scale problems sequentially
with myopic foresight and dynamic
updates across time horizons

#  Custom Constraints

Impose custom objectives, variables and
constraints using Linopy for specialized

requirements.

= Standard Grid
Components

Includes standard types for lines and
transformers from pandapower for
realistic grid modeling

e Security-Constrained
LOPF (SCLOPF)

nsure system reliability by accounting for
Tine outage contingencies under N-1
conditions.

> Stocha:
Optimisation
Two-stage stochastic programming for
uncertainty handiing with weighted

scenarios and separate investment.

dispatch decisions.

Solver Flexibility

‘Support for wide range of LP, MILP, and QP
solvers from open-source to commercial
solutions.

= Static Power Flow
Analysis

Compute non-inear and linearised load
flows for AC-DC grids using Newton
Raphson method.

Capacity Expansion
Planning (CEP)

Plan long-term infrastructure investments
for generation, storage, transmission, and
conversion with continuous or discrete
options.

= Modelling-to-Generate-
= Alternatives (MGA)

Explore alternative system designs with
similar costs to understand trade-offs and
decision flexibiliy.

[i€ DataBackbone

Uses pandas for data handiing and linopy
for optimization with efficient solver
interfacing,

& Visualisations

Plot statistics, time series, spatial
distributions of ine loadings and dispatch
decisions.

i Modular Design

Clean separation between data and
modeling code enables flexible scenario
development

i Performance

Designed to scale with high-resolution
networks, minimizing memory usage and
solver overhead

® Resolution Control

Flexible control over temporal, spatial, and
sectoral scope and detail for any analysis
needs.

A7 Scalability

Handle models from small prototypes to
continent-scale systems on high-
performance clusters.

AN
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/\, PyPSA Features

Ecosystem  Models Roadmap  Events  Docs CF

What's next

Roadmap

What we're planning to build and a selection of what was recently shipped.
If you want to get involved, reach out to us or follow along in the

Planned

Planned

Planned

Planned

Planned

Planned

repositories.

© stricter network validation
Catch inconsistent inputs for better and earlier user feedback.

& New file format
A new network format, faster than today's netCDF, that loads data lazily, reads only what
is needed and supports streaming.

B8 Improved model scaling
Automatic scaling to improve the model’s numerical conditioning, solver stability and
speed.

=, Custom constraint interface

Define constraints and models in a text-based format, without the need for scripting,

[ Roundtrip Serialisation 10
Any network object can be saved and loaded back identically, with no state lost,
including custom constraints, solver metadata and geospatial data.

# Recourse investments
Allow certain investment variables to adjust per scenario as better information about
uncertain conditions becomes available, extending recourse beyond dispatch decisions.

PyPSA
Labs



Hydrogen Balance (Hybrid Scenario)

70N @ 06w
.

. Zoaw
PyPSA-Eur: A sector-coupled open -l
Pt
model of the European energy system ..
Electricity Balance (Hybrid Scenario} o
. Ton @ socu .
Automated workflow to build energy system -
model of Europe from raw open data with high o e o
spatial and temporal resolution:
L ) 55'" 10°W o 10°€ 20°€ 30°E
1. OSM transmission lines (>220 kV) + TYNDP S—
N 6 6 % 75 80 ds % Ed
o Auerage Harginal Price of Hycrogen e
2. adatabase of existing power plants, production Consumption
s = s = Tcharopch
: ) - = ety
3. time series for electricity demand, = ethnaton
won
4. time series for wind/solar availability, and & .
- ) 1w o we e 0
5. geographic wind/solar potentials kg g ——
: : " ersoe Wargina price ot cuicy )
6. costand efficiency assumptions Froguction Consumption
- =ty Crrr
L = ey Dschaser o oL mpelne
7. methods for model simplification S =t
= uer o P
8. more for sector-coupled networks like = Onhors g = e
pipelines, LNG terminals, electric vehicles, = reservor 6o = pumped iy Sorage SRR ARE SN S A R

= Run Of River

industry locations, 0

PyPSA
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Least-cost optimisation of dispatch and investments

Co-optimise generation, storage, conversion and transmission infrastructure:

Yearly Annualised
Min | system | =Min|>" capital +y ( )
costs r costs nt

subject to (selection)

m meeting energy demand in each region r and time t

m transmission constraints between regions with (linearised) power flow
m geographical potentials for technologies (e.g. wind and solar) Vr

m wind, solar, hydro availability time series Vr, t

m emission reduction targets & reserve margin requirements

/\ PYPSA
©@@® Tom Brown, pypsa-eur.readthedocs.io, docs.pypsa.org o=—mo Labs


http://nworbmot.org
https://pypsa-eur.readthedocs.io
https://docs.pypsa.org

Dispatch Optimisation



Electricity Markets as Optimisation Problems

Dispatch optimisation concerns which power plants should produce at what time to
meet demand at least cost, subject to technical constraints.

For one market region and one hour we can start with the merit order, but reality is
more complex — use mathematical optimisation.

Merit Order Germany 2013-07-15 12:00
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Electricity Markets as Optimisation Problems

For a single region and hour, we have s generators with marginal costs os (€/MWh)
and (available) capacities Gs (MW). We seek to minimise the operational costs of
generator dispatch gs to fulfil the electricity load of d MW. The optimisation problem:

n;in ; 0sJs
such that

gs < Gs
gs >0

> g =d
S

(1) is the objective function, (2-4) are inequality and equality constraints. gs are the

optimisation variables or decision variables. Gg, o5 and d are input parameters.

12 ®@® o=o Labs



Adding a regional component i — multiple zones

Gis.fo

such that

0<9is <Gjs
> gis— > Kiefe=dj Kirchhoff Current Law
s ’
Ife| < Fe line limits
D CacXefe =0 Kirchhoff Voltage Law
¢

where f, is the flow (e.g. into/from other zones), Kj, is the incidence matrix and F, is
the line capacity, x, is the reactance, and C,. is the cycle matrix.
13 @® o=me Labs



Adding a temporal component t — multiple snapshots

st
such that
0 < gi,s,t < gi,s,tGi,s
Z Jist — Z Kiefor = dit Kirchhoff Current Law
S ?
forl < Fe line limits
Z CocXefor =0 Kirchhoff Voltage Law
?

where §; 5+ can, for instance, represent the capacity factor of a solar panel.
A PyPSA
14 @® ./—\. Labs



Adding a temporal component t — with storage

Storage units r, like batteries, can charge/buy when prices are low, discharge/sell
when prices are high:

Add constraints where storage can dispatch power within its discharging capacity:
0 < girtdischarge < Gir,discharge
and consume power to charge the storage within its charging capacity:
0 < girtcharge < Gircharge
Also add a constraint on the limit E;, on the state of charge e, ;:
0<e<Ejr
The dispatch decisions are related by the following constraint:
€irt = niiltf_dismargeei,r,t—l + nf?arge Girtcharge — ﬁagegnmdischarge

ir X PyPSA
15 @® ./—\. Labs



Interpreting shadow prices

Shadow prices (dual variables) measure the marginal change in the objective value
of the optimal solution by relaxing the constraint by a small amount.

n;isn Z 0sJs s.t.

QSSGS <—>ﬂs
—gsgo HHS
ng:d A

The dual variable A corresponds to the market clearing price, i.e. :

m the marginal cost of the marginal generator
m the cost of consuming an additional unit of power
A PyPSA
16 @® ./_\. Labs



Long-Term Planning



From modelling electricity markets to system planning

The dispatch optimisation only looks at the short-term perspective, i.e. how to make
the best use of the existing infrastructure.

Degrees of freedom:

Dispatch of power plants
Operation of storage units

Curtailment of renewables

X PyPSA
0/_\. Labs
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From modelling electricity markets to system planning

The dispatch optimisation only looks at the short-term perspective, i.e. how to make
the best use of the existing infrastructure.

Degrees of freedom:

Dispatch of power plants Investment in new generation
Operation of storage units Investment in new storage units
Curtailment of renewables HA Transmission reinforcement

Now, we will also look at the long-term perspective. We will optimise investment in
the capacities of generators, storage and transmission by promoting the capacities,
like G and F, to decision variables.

% PyPSA
18 @® LN Lbs



Example: Toy Model of Capacity Expansion Planning

Average system cost [EUR/MWh]: 77.1

Build your own zero-emission electricity supply

Costis per unit of For comparison 1 EURMWh in

Average marginal

ice of hydrogen [EUR/MWh LHV]: 78.8, [EUR/kgl: 2.60

. 771
Introduction

This tool calculates the cost of meeting a constant electricity demand from a combination of wind power, solar power and storage
for different regions of the world

First choose your location to determine the weather data for the wind and solar generation. Then choose your cost and technology
assumptions to find the solution with least cost. ge options are batt \d hydrogen from water.

Energy capacity [6Wh]

Fun things to try out:

Power capacity (MW] _

« remove technologies with the checkboxes, e.g. hydrogen gas storage or wind, and see system costs rise
« set solar or battery costs very low, to simulate breakthroughs in manufacturing

Breakdown of avg. sys. cost [EUR/MWh]

See also this Twitter thread for an overview of the model's features and capabilites.

This is a toy model with a strongly simplified setup. Please read the warnings below. Dispatch over a year to meet the constant demand (electricity demand is the black line; you can zoom and pan to see the.

Step 1: Select location and weather year

© Select country
O Select state or province (for Australia, China, Germany, India, Russia and United States)
O Select point,rectangle or polygon, using the toolbox that appears at top-ight

Brown, T. https://model.energy/; optimises capacity and dispatch for single-node model with
19 @® wind, solar, batteries and hydrogen storage for a constant demand.

PyPSA
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https://model.energy/

Electricity system operation as optimisation problem

Decision variables (all operational) are shown in red.
Capacity expansion is an extension of this problem!

min 0is3i s.t.
gef ; i,s9i st
dit=> Gist— »_ Kiefor energy balance
s ?
0 <gjst < gistCis generator limits
0 < gt discharge < Gir,discharge storage discharge limits
0 < Jirtcharge < Gir,charge storage charge limits
0<e <E; storage energy limits
1
0 1 )
€irt = Nirt€irt—1 + Nr Jirtcharge — nﬁgi,r,t,discharge storage consistency
r
—Fe <fo: <Fp line limits
0= CocXefor Kirchhoff's Voltage Law (KVL)
¢

% PyPSA
20 @® LN Lbs



Electricity system planning as optimisation problem

In addition to previous operational decision variables, we convert the parameters for
capacities into investment decision variables with new associated parameters.

min Z WtOsJij st + Z CSGi,s + Cr,dis/chargeGi,r,dis/charge + CI'Ei,r + C€F€ s.t.
is,t

g.ef.GEF
dit=> Gist— »_ Kiefor
s ¢

0<gjst < gi,s,tGi,s

0 < Ji .t discharge < Gi,r,discharge

is

0 < gi,r,t,charge < Gi,r,charge
0<e<E

0 1
ei,r,t = r]ilr,tei,r,t—l + nr gi,r,t,charge - nizgi,r,t,discharge
r
—Fo <fot <Fp
0=">"CocXefor
4

21 @®

energy balance

generator limits

storage discharge limits
storage charge limits
storage energy limits

storage consistency
line limits
Kirchhoff's Voltage Law (KVL)

A

PyPSA
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Changes in objective function with capacity expansion.

g er]UiGnE F Z Wtosgi,s,t + Z CsGi,s + Cr,dis/chargeGi,r,dis/charge + crEi,r + C{’FF
e is,t is

m We have marginal cost o for each generator (€/MWh),

m we now also have specific capital costs c, (e.g. building new plant, €/ MW),

m and a weighting w; denoting how much time a time step t represents.

% PyPSA
22 @® LN Lbs



Units of objective function with capacity expansion

operational costs investment costs
. € € €
he—— MW — MW+ ——— . MWh
min ; MWh * ’ZS: mw T Mwn

m For a fair comparison between operational costs and investments, we need to
align the terms such that they represent the same time frame.

m One common option: yearly system costs (€/a)
m operational: one year of representative operational conditions (}~, w; = 8760h)
m investment: annualised investment costs (c, in €/MW/a = €/MW/8760h)

% PyPSA
23 @® LN Lbs



Uncertainty and Risk in
Energy System Planning



Start: The model solves a capacity expansion model

In stylised form, a linear optimisation problem (LP) si

. ) Total System Cost
solved for least-cost investment and dispatch: g  aoysiembos

min  CAPEX + » ~ OPEX; 5- CAPEX
t I |oad shedding
4 - fuel cost
s.t. dispatch,, < capacity,.., VYt tech = fossil backup
. mm  hydrogen storage

. § 3- battery storage
> " dispatchye,, = demand; V't £ ol
tech ) = wind
...plus renewable availability, storage operations &
network constraints across all hours in the year. 1-
Single-node model.energy scenario with fossil backup at — 0

100 €/MWhe with demand & renewable profiles in EU country

The following toy models are all implemented in PyPSA v1.1 and solved with HiGHS; Brown, T.,
Horsch, J. & Schlachtberger, D. PyPSA: Python for Power System Analysis. Journal of Open /'\ PyPSA
25 @® Research Software 6, 4. doi:10.5334/jors.188 (2018) =9 Labs


https://model.energy/
https://doi.org/10.5334/jors.188

Our era of compounding uncertainties

The future arrived early: Why our

energy cost forecasts need to catch up

NOVEMBER 11,2025 LUT UNIVERSITY

BloombergNEF Whsnede Whavabilp g

Battery Storage Costs Hit
Record Lows as Costs of Other
Clean Power Technologies
Increased: BloombergNEF

= Qs

[Direct carbon capture

falters as developers’

osts fail to budge

FINANCIAL TIMES

Gizmodo

CLIMATE CHANGE

Hydropower Plant Will Go
Offline Thanks to Punishing
Drought

The reservoir in Spain where the Mequinenza power
plant Is located doesn't have enough water to keep
the lights on.

demand expected to
almost double by 2030

e
after suspected arsonattack

Do oo e ol howsad il b oot

Global data center power

Y,

one

PV Magazine; BloombergNEF; Financial Times;

26 @®

The Guardian; S&P Global; euronews; Gizmodo

A
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At least, we could try a few more scenarios, right?

Planned for Baseline Planned for Gas Crisis  Planned for Volcano Outbreak . .
8- (default assumptions) (gas prices increase by 5x)  (solar output reduces 90%) We obtain different
strategies per scenario:

16 -
® renewables and

14-
Q storage for gas
b - . .
5" crisis
§ 10 -
g m less solar & more
s 8- ;
g l wind for volcano
z e outbreak

How to decide which
strategy to implement?

=
ror S

2g g 2t 5 gg gy ot eE s gt
23 58 B8 & 38 53 838 23 58 88 .
83 83 33 83 §3 23 83 83 23 What happens if the
wrong scenario
mm wind battery storage B fossil backup I |oad shedding . ?
solar I hydrogen storage w fuel cost CAPEX arrives? /.\ PyPSA

27 @® o=—b0 Labs



But every plan has an Achilles heel.

Planned for Baseline Planned for Gas Crisis  Planned for Volcano Outbreak
18- (default assumptions) (gas prices increase by 5x)  (solar output reduces 90%)
All strategies perform

1e- poorly in at least one
scenario they were not
planned for.

Let's assume the
following probabilities:

L
T
" E-

Baseline: 50%
Gas Crisis:  40%
Volcano: 10%

total system cost [bn€/a]
\ \ | ) )

E o

28 8¢ gf 2f 82 gt 2E 8¢ gf
28 &3 388 28 &g 88 28 &3 88
s5 ot OS5 c5 o5 O5 c5 o5 05 .
28 83 >0 ®5 83 >0 @5 §3 >9 Which strategy would
2
s wind battery storage B fossil backup BB load shedding you choose and Why
solar I hydrogen storage w fuel cost CAPEX / pVPSA
@ Labs
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The Regret Matrix

Regret
(% of perfect knowledge solution)
Outcome Expectation Another common way to show perff)rmance
Baseline Gas Crisis Volcano [bn€/al across scenarios is the regret matrix.
Baseline  +0 +28 It measures the extra cost of choosing a
5 sub-optimal investment plan for the scenario s
“—qo: that actually occurs:
E GasCrisis 7 +0
T regret,(plan) =
voicano T +0 costs(plan) — costs(optimal plan for s)

28 @® Regret matrices can also be expressed in relative terms, i.e. as a percentage of the optimal cost. o=mo Labs



The Regret Matrix

Regret
(% of perfect knowledge solution)
Outcome Expectation
Baseline Gas Crisis Volcano [bn€/a]

Baseline +0 . +28 8.60
Gas Crisis -7 +0 . 8.37

29 @®

Planned for

Knowing the probabilities, we can calculate the
expected total cost of each investment plan.

But uncertainty is not considered in planning.
Risk of high costs present in all plans!

How to incorporate uncertainty into planning?

X PyPSA
0/_\. Labs



Method: Stochastic Programming

second-stage

Two-stage stochastic programming for minimising decisions
expected total cost across all scenarios: @ Volcano
. first-stage uncertainty
here-and-now wait-and-see i sati
first- stage decisions second-stage decisions decisions realisation
. —— —— oOo—-00 © Gas Crisis
mln CAPEX + Z pS : OPExt:s invest in capacity
ts

s.t. dispatchy s < Capacity,., Vi tech,s O Baseline

dispatch operations
for each scenario

) dispatchiee s = demand;s Vs

tech Investment decisions are fixed.
where pg is the probability of scenario s. Operational decisions can adapt.
Birge, J. R. & Louveaux, F. Introduction to Stochastic Programming. 2nd ed. /.\ PyPSA

30 @® doi:10.1007/978-1-4614-0237-4 (Springer, 2011) o==9o Labs


https://doi.org/10.1007/978-1-4614-0237-4

Stochastic plan hedges across all scenarios.

Pl d for Baseli Pl d for Gas Crisis  Planned for Volcano Outbreak
18 (default assumptions) (gas prices increase by 5x) (solar output reduces 90%)  Stochastic Optimisation

CAPEX
load shedding
- fuel cost

fossil backup
hydrogen storage
battery storage
solar

total system cost [bn€/a]
o o
£ o ==} o N
\ \ \ ) )

-
:

wind
c e 29 @ Ll 29 @ s 2l 29 ] s e 29 2
S5 £g zé 2t SE g £E 5 £t zE 2t S £g zE 2t
28 58 88 23 58 88 28 58 88 28 5g 88
o5 o5 05 c5 o5 05 c5 o5 05 5 o5 05
[::¥e) 80 >5 ¥ 80 >5 [:- ¥ 80 >0 [ ¥} go >3

Stochastic plan is not optimal for any single scenario — but best plan hedging across them.
PyPSA
31 @® e==o Labs




Let's complete our regret matrix

Regret

(% of perfect knowledge solution) Stochastic plan reduces expected costs by
~ o,
Outcome Expectation ~13%.
Baseline Gas Crisis Volcano [bn€/a]

Baseline  +0 +28 8.60 However, it s:t'ill has substantial risk in the
5 low - probability volcano outbreak event.
5
Q
E  GasCrisis -7 +0 . 8.37
<
o Reason: By minimising expected costs, the

stochastic plan is risk-neutral — even though
Volcano +0 +0 . q
investors and planners are risk-averse.

How to incorporate risk-aversion into
planning? % PyPSA
32 @® ./—\. Labs
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Method: Conditional Value at Risk (CVaR)

CVaR is a risk measure (from
finance) that captures the

a 1—a (tail) K A
expected cost in the worst-case tail:

CVaRy = E[OPEX; | OPEXs > VaR,]

VaR,: cost at the a-quantile &
threshold for worst-case tail.

CVaR,
Users choose a to control

Total system cost emphasis on extreme
scenarios.

Rockafellar, R. T. & Uryaseyv, S. Conditional Value-at-Risk for General Loss Distributions. /.\ PyPSA
33 ©@@® Journal of Banking & Finance 26, 1443-1471. doi:10.1016/50378-4266(02)00271-6 (2002) o==o Labs


https://doi.org/10.1016/S0378-4266(02)00271-6

Method: Risk - Averse Stochastic Programming with CVaR

Risk-averse planners accept higher expected cost to avoid worst-case outcomes.

With CVaR in objective, parameter w shifts weight from expected cost to tail cost:

common investments  risk-neutral expected cost fraction  risk-averse tail cost fraction
——

min CAPEX  + (1-w)> ps-OPEX;s + w - CVaRq

t;s

Users control risk-aversion with w.
s.t. CVaRs = E[OPEX;s | OPEX:s > VaRq]

dispatchyp, ;s < capacity,,,, Yt tech,s Worst case is internally identified.

> " dispatchyeey, s = demand;s V¥t s

tech Can be formulated as LP.
Rockafellar, R. T. & Uryasev, S. Conditional Value -at-Risk for General Loss Distributions. /.\ PyPSA
34 @@® Journal of Banking & Finance 26, 1443-1471. doi:10.1016/50378-4266(02)00271-6 (2002) o==o Labs
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How varying risk-aversion levels affect investments

Planned with w =0

(risk-neutral)

Planned with w = 0.5, = 0.9

total system cost [bn€/a]

o

Plan

35 @®

:

Baseline
Outcome
Gas Crisis
Outcome

s wind
solar

Volcano
Outcome
Plan
Baseline
Outcome

battery storage
mmm hydrogen storage

(mixed)

Gas Crisis
Outcome
Volcano
Outcome

mmm fossil backup
- fuel cost

Planned withw =1, 2 =0.9
(risk-averse)

Plan
Baseline
Outcome

B |oad shedding
CAPEX

Gas Crisis
Outcome

Volcano

F
F

Outcome

Higher risk aversion (w)
hedges against risky
scenarios by shifting
costs from the tail
(OPEX) to upfront
investments (CAPEX).

X PyPSA
0/—\. Labs



How varying risk-aversion levels affect investments

Planned with w =0 Planned with w = 0.5, = 0.9 Planned withw =1, 2 =0.9
18 (risk-neutral) (mixed) (risk-averse)
16
W Increasing w
g progressively levels
g 10 out differences in cost
é 8 across scenarios,
=Bl E=HE BEEE g
e
4
2 .
AEEE BEEE BEREE  reconeoncs
0 .
S g go op S 22 g0 op c 22 2w op of higher expected
= 35 55 23 = 35 55 2% = §85 55 2% e
25 L8 o2 22 L& 9% 22 L& o2 costs.
%) g IS} >8 [::¥e) g IS > [ ¥e) 3 3 >0
s wind battery storage mmm fossil backup B |oad shedding
solar mmm hydrogen storage - fuel cost CAPEX

PyPSA
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Risk-Hedging: Trading Expected Cost for Resilience

20 Tail Risk Reduction vs. Insurance Premium

N
(%]
o®®

o

1.5-

-
o
'

Conditional Value at Risk (CVaR)
excluding CAPEX [bn€/a]

o
3
|

0.0 ' ' ' '
0.0 0.2 0.4 0.6 0.8

Insurance Premium [bn€/a)

36 @®

100

40

20

Risk Aversion w [%]

Insurance Premium
Additional expected cost of
applying a hedging strategy to
reduce risk.

Tail Risk Reduction

Decrease in CVaR, i.e. risk
reduction achieved by the
hedging strategy.

X PyPSA
o/_\. Labs



Summary

Deterministic single-scenario plans are fragile
— each optimal for one world, costly in others

Stochastic optimisation finds plans hedging across uncertain futures
— it minimises expected costs and is risk-neutral

CVaR embeds risk preferences and suppresses tail costs
— investors willing to pay more upfront to avoid worst-case outcomes

The cost-risk frontier makes trade-offs navigable

 PyPSA
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Backup Material



Backup: Present Value

To compare income and costs in different years, we need to agree on a particular
point in time; e.g. today's value, known as present value.

For an interest rate r, we multiply the cash flow in t years by the discount factor
1

(L+4n)t
to calculate the present value. We have discounted the future cash flow.

Future income or costs are worth less from today's point of view (if r > 0).

cr
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Backup: Present value factor for repeating cashflows

If we have a repeating constant cashflow CF for T years, the present value is:

.
1

PV=CF.- —— _

;(1+r)t

The sum Y is called the Present Value Factor PVF(r, T), which brings a series of
equal cashflows (pink) to the present value (orange):

For a derivation of the present value factor see /.\ PyPSA
40 @® https://nworbmot.org/courses/ee-24/ee-6-financial_management.pdf, slide 21. oo Labs


https://nworbmot.org/courses/ee-24/ee-6-financial_management.pdf

Backup: Annuity factor to distribute upfront investments

Vice versa, we can use the present value factor PVF(r, T) to convert an initial

investment | to identical annual payments to compare them with the yearly cashflow:
|

~ PVF(r, T)

A is also called the annuity, i.e. the annualised investment costs.

A

The annuity factor a(r, T) spreads the capital cost | evenly over the operational years

of the investment while taking account of the interest rate / discount rate r:
1 r

D)= pVr T T (@

mgggggg /°\PyPSA
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