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ARE WE MODELING THE INTRACTABLE? g

. - Average annual investment in transmission by region and scenario, 2023-2050
Theenergygrid is the largest and most
. . . . _ 5 —_—
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Lithium-ion battery volumes in use have surged over the last three years to 2 400 GWh GW
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GENERATION EXPANSION PLANNING

Determine the optimal mix and sizing of generation units to minimize investment and
operational costs while meeting the future energydemand. Operational +

Input time series min J (Z) / Investment costs
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FULL-SCALE
OPTIMIZATION
MODEL

*Source: S. Goderbauer, M. Comis, and F J Willamowski, /6N 6 1J
synthesis problem of decentralized energy systems is strongly NP-
6 ¢ | Computers & Chemical Engineering vol. 124, pp. 343-349, 2019.
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Uncertainty
E.g., scenarioreduction.

Technical
E.g., decompositions, better formulations

Spatial
E.g., node partitions and aggregations.

Temporal

E.g., time series aggregation. =/
EYUT¢s ¢t e Huca /
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Times Series Aggregation
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A Traditional TSA methods focus on the o R
best approximation of input data . |

A Usually, these methods do not
provide error bounds'!

Wind

Sources:

Teichgraeber H. and A.R. Brandt. "Timeeries aggregation for the optimization of energy systems: Goals, challenges,
approaches, and opportunities." Renewable and Sustainable Energy Reviews (2022)

0 .2 T -J o .6 0.8
Li, C. et al. "On representative day selection for capacity expansion planning of power systems under extreme operating Demand
conditions." International Journal of Electrical Power & Energy Systems (2022)
Hoffmann, M. et al. "A review on time series aggregation methods for energy system models." Energies (2020)

Hilbers, A.P. et al. "Importance subsampling: improving power system planning under climateased uncertainty."
Applied Energy (2019).
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EU Power System Model

18 Days <lms
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Intractable N=2IE! i

# Variables: 660M

NetZero-Opt
MLLIé ¢ | RUEKD
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P MM

Funded by r
the European Union it

Source*: Frontier (supercomputer)- Hewlett Packard Enterprise Frontier, or OLGB, 1102exaFLOPSEstimated cost: 600 M$.
Source**: Normal PC assumed to carry out 12@igaFLOP®OLIEt qRG ¢ q T WHY
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A Approximate 8760 hours of original time series using only
3 representative hours with k-means clustering:

NetZero-Opt

A Also uses 3 representative hours, but chosen within the
same simplex basis (i.e. active constraint sets)*
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Wind
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Demand Demand
Results of aggregated economic dispatch problem: A Results yieldsproven relative error of 0%!
A Relativetotal system cost error 91%. A Aggregation potential of3 orders of magnitude
A Relativeerror in estimated loss of load 100%. (measured in number of mode| variables).
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B llke seekto answerin this lecture
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|
|s exact TSApossible with time-linking constraints (i.e.,ramping or storage ) when
model structure is accounted for?
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Agenda

TSA Extension tdNetwork & Ramping Constraints
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Conclusions
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The methodology extends* totransport problems

Formulation
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1. Identify active ramping constraints

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSustainable Energy, Grids and Networks (2025).
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he 1. Identify active ramping constraints

h2 2. Disaggregate into independent submodels

h3 3. Solve submodels in parallel

h4 4. Aggregate the submodel results

h5

h6

h7 2R ¢NNI KIN¢ aqldlWhne H G Wit T 108 D 2 dpcnERGON LT
: { A \

h9 e e e v e e,

e N 1 S S S R &
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h12 Y \ Y J ‘—'—, | ]

Ramping Active Ramping Active Ramping Active Ac i GlR Unw HqR2
h13 | ]
h14 ! :
", Aggregate results and compare with full hourly run
h16

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks (2025).
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Installed Capacity Transmission Capacity Technology Mix
0.1 GW 7 GW 5 GW “Wind

4 GW »Photovoltaic
3GW ® Run-of-River
1,5 GW mThermal
0,5 GW

Czechia

Slovakia

Germany

Switzerland

Carinthia

Demand of Austria Italy
0% 100%

- . Slovenia .

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSustainable Energy, Grids and Networks (2025).
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Training a classifier to predict timelinked periods

(s
60 ; . N 3 ; Den’and B . . ’ 3 H2
Ty — ‘ will H3 At least one
Z ool MUNRARRE RN A oan g ARLLRARR, . ANQRAAK A ALARRM ik . .
AT Hour groupin Eg ramping
730 1460 2190 2920 3650 4380 5110 5840 6570 7300 8030 8760 . .
e Heé constraint IS

0.1GW 7GW 5GW

4GW : i:o aic ) / § & ‘
36W =Run-of-River @) o 2 ‘ ¢

/ H16

: ull model r H17

6) H18

H19
H20
H21
H22
H23
H24

A Goal: A classifier to identify the colored column from input data only Hoo
AECHGOWNI Ye GWbIRIODUIOALWMBHEt Rt wb WH ¢ U WAtk 2

H8734

A Non-colored (gray) hours aretemporally unlinked He735
A Result: accuracy of classifier 92%

G J— ( - acive
- I' ‘I\\ |mndcapunv Capacity Mix = o H9

H10

H11

H12 :

Hi3 - Add previous
H14 and next hour

JGIIUT 1

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSustainable Energy, Grids and Networks (2025).
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Results: Optimization Model Outputs

AdGcecqR2IWIINT YI WY nwyOWlI N WG YT 2 #HI
qUHESOYaYN! WeUT WnBT Il callt qcaqld

Run-of-River Solar-PV Thermal Wind Imports
Burgenland 0.19% 0.00% 0.00% 0.00% 0.00% .
- 0.6%
A Relative error intotal system cost Is 0.004%. Carinthia | 0.00% 0.00% 0.65% 0.00% 0.00%
, _ _ _ Lower Austria | 0.00% 0.01% 0.56% 0.00% 0.00% - 0.5%
A Relative error intotal production per
Upper Austria | 0.00% 0.00% 0.63 0.00% 0.00%
technology <0.01%. @ Upper Austria § “ o
45 0.4%
n East Tyrol | 0.00% 0.00% 0.00% 0.00% 0.00%
A One outlier of 17.78% (small in absolute terms), = o | | | , 039
o Styria 0.01% 0.02% 0.14% 0.00% 0.00% 0.3%
9
A : : = Salzbur, 0.00% 0.00% 0.00% 0.00% 0.00%
A Robust solution quality across 6 other test e | | | | | oo
years. Tyrol | 0.00% 0.00% 0.00% 0.00% 17.78%
Vorarlberg | 0.00% 0.00% 0.00% 0.00% 0.00% - 0.1%
Vienna | 0.00% 0.00% 0.24% 0.00% 0.00%
- 0.0%

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks (2025).

Sonja Wogrin, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 19



Results: Computational Improvement

A Full solution solving time:115 s

A Longest solving time (for a singlsubmodel):
0.4 sT (lower bound for a parallelized run)

A 300 times faster

A Disaggregation based on active constraint sets
seems promising

www.tugraz.at A

Length (hours) Submodels (#)
2to 11 266
12 to 29 123
>29 11
Total 400

0.40

0.35

0.30

<
]
&3

Solving time (seconds)
o o
- [\
[4)] o

0.10

0.05

0.00

Solving time by submodel length

o

-

—

2to 11 1210 29 >29
Submodel length (hours)

Source*: D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSustainable Energy, Grids and Networks (2025).
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20



ulJ! W~1JttenPtaWwl Was Y1 t WOUARETG

Exact TSAbased on active constraint sets extends to include network constraints.

Exact TSA is possible witime -linking constraints (i.e., ramping) when model
structure is accounted for.

In practice, the combination ofdisaggregation of the full-scale model,
parallelization & aggregation of submodels leads to high model accuracy and
considerable computational improvements.

Sonja Wogrin, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 21
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Source: Photo byEstée Janssensn Unsplash
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Ramping versus Storage TimeCoupling Constraints

A Inequality time -coupling constraints A Equality time -coupling constraint

A Active orinactive , i.e., ramping is only active A Always active, i.e., during all periods

during alimited number of periods
J P Questions addressed in this talk

A Exact TSA with storage: criteria for disaggregation and
aggregation?

A Practical implementation?

Source: Photos byAlex Simpsonon Unsplash and Vardan Papikyarmon Unsplash
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The methodology extends* to storage constraints

Disaggregation into independensubmodels

Formulation

~ i : ! . ;’i - (67’—1,5\
| p7C“—1,s
1 —Wo_1nS We_1/nd —1 0 0 Pr1s| (0O
('6______0 ______ 0 _|__1__—I7V277_§_W_,,/_n§'> . _(0>

pg,s
pr,s )

A Exact disaggregation into independent submodels can
g happen when the storage state of charge is zero (in two
'S €rs = €r_t1, + Wr(nSp5 — P2 /mS) (it consecutive time steps).
2 Vr=2,...,R', VseS§ (lg) . _ o
S — A Disaggregation allows fomparallelization of submodels.
)
(@)
o
o
N
EYel #iDila @I OWBNYs ¢ 1 T+ WE+ ¢ HalW®¥e@&Yildd aul Omm N0 mtEaqiy ¥ @ IDYmUHVR 1 + W2 R ¢ & HiE dR R 27 ILkQIN: i@ 16 d0 ROE e/ B0 & m [
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The methodology extends* to storage constraints
TSA within assubmodel according to active constraint sets (ACS)

1 ACS1 (Unlinked submodels) 1 ACS2 1 ACS3 [ ACS4 3 ACS5 B ACS6 1 ACS7

1 Full-scale model

-

(@)

—L

34 36 38 40 42 44 46 48

State of charge in p.u.

Periods r

1. Disaggregation ir#0 unlinked i/{)models appens when storage is empty (ACS1)

2. Aggregation within a submodel: consecutive time periods can beaggregated perfectly within the same active
constraint sets (e.g.,ACS2 storage idle; ACS4 storage charging, ACS6 storage discharging at full capacity )

Source*: T. Klatzeret al. "Towards Exact Temporal Aggregation of Tir@oupled Energy Storage Models via Active Constraint Set Identification andabhine Learning."arXivpreprint arXiv:2510.14451 (2025).

Sonja Wogrin, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 25
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Exact TSA with storage In practice
ML-based disaggregation (random forest classifier) and aggregation (clustering)

—o— VRE Thermal —m— NSP Charging —— Discharging —— OFV
10 BESS—Solar 10 PHS—Solar
T T T T T T - F ® —o— “ ‘;
OO S & (] - R ——1
g —10 = 2 | - - —10 .
5 —20 0 : _ —20 B |
= —30 -2 1 —30 PR * . 1
30 40 50 60 70 80 90 100 30 40 50 60 70 80 90 100
PHS-Wind
10 10y . .
x 0 0
g —10 —10
= —20 —20
£ —30 ~30
M —40 —40
—50 —50
30 40 50 60 70 80 90 100 30 40 50 60 70 80 90 100
Clusters Clusters

Ve

A Small relative output error depends onthe number of clusters in aggregation

A Upto 486-fold computational speed-up versusfull-scale model

Source*: T. Klatzeret al. "Towards Exact Temporal Aggregation of Tir@oupled Energy Storage Models via Active Constraint Set Identification andabhine Learning."arXivpreprint arXiv:2510.14451 (2025).
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Key messages

Exact TSA with storage

A NetZero-Opt demonstrates: exact TSAwith Towards Exact Temporal Aggregation of
storage is possible! Time-Coupled Energy Storage Models via Active

A . L Constraint Set Identification and Machine Learning
A Disaggregation allows for parallelization T

aggl’egation fu rther I‘educeS pI’Ob|em Size Thomas Klatzer, David Cardona-Vasquez, Luca Santosuosso and Sonja Wogrin

Institute of Electricity Economics and Energy Innovation
Graz University of Technology
Graz, Austria

O n g 0 | n g researc h {thomas.klatzer, david.cardonavasquez, luca.santosuosso, wogrin} @tugraz.at

A EXtend to | nve Stment mu |t| _Sto rage & Abstract—Time series aggregation (TSA) methods aim to con- lr':,.vv Average capacity factor of v in r (p.u.).
. ’ struct temporally aggregated optimization models that accurately }_39 Max. power generation of g (MW).
long-duration energy storage problems represent the output space of their full-scale counterparts while ¢ P4 Max charging/discharging power of 5 (MW).
using a significantly reduced dimensionality in the input space. & at Chareine/dischari ffici f
This paper presents the first approach that achieves an exact MNssTls arging/discharging efficiency of s (-).

TSA of a full-scale power system model — even in the presence £, Es Min/max. state of charge of s (MWh).

A EXp | ore Oth e rM L_ d I'Ive n ap p roac h es to |d en tlfy of energy storage time-coupling constraints — by leveraging active C. Primal Variables

constraint sets and dual information. This advances the state of

- i i - . P the art beyond existing TSA approaches, which typically cannot P i £ g (MW).
Su Itable perIOdS for d |Sagg regatlon & M L d rven guarantee solution accuracy or rely on iterative procedures Pr.g ower generation of g ( )

. . . . pee Non-supplied power (MW).
t' n to determine the required number of representative periods. Ty . g .
aggrega 10 To bridge the gap between our theoretical analysis and their Pr s Pr s Charging/discharging power of s (MW). .

practical application, we employ machine learning approaches, Ers State of charge of s (MWh). -

i.e., classification and clustering, to inform TSA in models

that co-schedule variable renewable energy sources and energy D. Dual Variables

storage. Numerical results demonstrate substantially improved bal . .

computational performance relative to the full-scale model, while / Lz Ty Dual of the power balance constraint.

maintaining high solution accuracy. AT',UJ i\f‘,'u Duals of lower/ uer “5 f T,v- | —
“N

; p p y 3 . . -
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Source*: T. Klatzeret al. "Towards Exact Temporal Aggregation of Tir@oupled Energy Storage Models
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Déja vu
From previous research, we know that exact TSAIs possible* !
But..

1

o BUWHG2t qJI + Ws I ladiveld| R
constraints of the full-scale model.

o Ands DWIT YUK qWt UYs Wad L
of the model a priori ="

0.8

0.6

Wind

04

0.2 [ KA

Demand

*Source: S. Wogrin, "Time series aggregationfor optimization: one-size-fits-all?," IEEETransactions on Smart
Grid, vol. 14, no. 3, pp. 2489-2492, 2023.
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TIME SERIES AGGREGATION WITH BOUNDED ERR(
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We demonstrate that an appropriately* constructed aggregated model yields a
lower bound on the optimal objective function value of the full-scale model.

D. Main Theoretical Result

This subsection presents our main theoretical result. Full-scale model feasible I’egion

Proposition 1. Let z be a feasible solution to the full-scale
model (2). Let 2 be derived from z accordingly to (3)—(6).
Then, Z is a feasible solution to the aggregated model (8) and
it holds that

J(z)=J(%).

Proof. Using (5) and (6), the power balance constraints (8b)

*Source: L. Santosuosso and S. Wogrin, "Optimal
virtual power plant investment planning viatime series
aggregation with bounded error," 2025 IEEE PES
Innovative Smart Grid Technologies Conference
Europe (ISGTEurope)
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TIME SERIES AGGREGATION WITH BOUNDED ERR(

We demonstrate that an appropriately* constructed aggregated model yields a
lower bound on the optimal objective function value of the full-scale model.

D. Main Theoretical Result - ]
an Lheorehicat fresu Full-scale obj. Theaggregated model is a

relaxation of the full-scale model

Y

This subsection presents our 1

Proposition 1. Let z be a feas

model (2). Let  be derived fry £\@Qregated obyj.

Then, £ is a feasible solution to UrEaggregatet MOUET (5] and

it holds that
Proof. Using (5) and (6), the power balance constraints (8b) _—

*Source: L. Santosuosso and S. Wogrin, "Optimal
virtual power plant investment planning viatime series
aggregation with bounded error" 2025 IEEE PES
Innovative Smart Grid Technologies Conference / \.
Europe (ISGTEurope).

Sonja Wogrin, Institute of Electricity Economics and Energy Innovation / Graz University of Technology (o)e



wWww. t UugA a

TIME SERIES AGGREGATION WITH BOUNDED ERR(

Algorithm 1 Time Series Aggregation with Bounded Error in

the Objective Function

Input: Parameters {Fg,t,Dt,Yg,ig lg e G,te T}, initial
number of clusters K, step size «, Optilllality threshold

(1) TSA with any
clustering technigue +

solve aggregated model

(2) Fix binaries from
aggregated model and
solve operational prob.

10: JEETT max [ JEPT, JEB

it 1 ) P =
11: J'UBH < min (JUBZ? JUB);
12: end if

13: €'l + Evaluate for JLB*! and JUBT!,
14: Kt Kot

15: 1 i+ 1

16: end while ) )

17: JUBT « JUB" and JLBT  JLBY,

Source: L. Santosuosso and S. Wogrin, "Optimal virtual power plant
Investment planning via time series aggregation with bounded
J | | 2025 F5EE PES IS@Dbnference Europe (ISGT Europe).
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Algorithm 1 Time Series Aggregation with Bounded Error in

the Objective Function

Input: Parameters {Fg,t,Dt,Yg,ig lg e G,te T}, initial
number of clusters K, step size «, optimality threshold

(1) TSA with any
clustering technigue +
solve aggregated model

(2) Fix binaries from
aggregated model and
solve operational prob.

10: JEETT max (JEPT, JERY
1: JUB?+1+—rnh1(JUBi,jUB);
12: end if

13: €'l + Evaluate for JLB*! and JUBT!,
14: Kt Kot

15: 1 i+ 1

16: end while ) )

17: JUBT « JUB" and JLBT  JLBY,

EYe bxHDHIUqY! 2 U WWEOWI YNNI RUAWBE Gaq RO ¢ I
RU21IJt qdDUqWGGOc¢c UURUNDWZR¢E WgRGWIW I R
“MIEHEHEWAEELWf E] NWEea21I| YGIJOW

Lower bound:
o Fromareduced MILP model.
o Validfor any clustering technique.

Upper bound:
o Froman LP model.

0 Providesa feasible solution at each
iteration.
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RESULTS

o Thebounds validity Is independent
of the clustering technique.
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