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Time Series AggregatiorMotivation & Starting Point (Sonja)

Extension toNetwork & Ramping Constraints (Sonja)
Extension toStorage Constraints (Thomas)
Time Series Aggregation witBounded Error (Luca)

Extension toGrid Aggregation (Benjamin)
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Conclusions (Sonja)

Source:Photo byEstée Janssensn Unsplash
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Computational Challenge

Hourly i A
Resolution Netzero-Opt
EU Power System Model
| 18 Days <lms

i Y| 0 Fabtést Supercomputer*
600M$

Intractable 12 Days
# Variables: 630M
NetZero-Opt 3 orde_rs of Typical Workstation**
# Variables: 0.5M magnitude >000K

Source*: Frontier (supercomputer)- Hewlett Packard Enterprise Frontier, or OLCB, 1102exaFLOPSEstimated cost: 600 M$.
Source**: Normal PC assumed to carry out 12@igaFLOPSOLLIEt qR G ¢ q 1T L
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Time Series Aggregation (TSA)

Original Data Time Series

Demand
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A Traditional TSA methods focus on the
best approximation of input data

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

Source:

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

Li, C. et al. "On representative day selection for capacity expansion planning of power systems under extreme operating
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 climatleased uncertainty."
Applied Energy (2019).

Demand

Load Duration Curve
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Times Series Aggregation

Wind
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Full versus aggregated Economic Dispatch (ED)

Aggregated Mode

For generatorsg and time periodsk:
A Minimize operating cost

A s.t.: Demand balance

A Lower and upper bounds

min E CyPgk + E C"*Pnspy,

q.k
ZP;;.L- +nspr. = D). Vk

g

Py < Pok < Py

—4g

Vg, k
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For generatorsg and representative periodsr (r<<k):
A Minimize aggregatedoperating cost, s.t.:
A s.t.: Demand balance

A Lower and upper bounds

mm(z CyDgr + Z C”””n,s*p;-)@

g.r

S.t. prf-" + nsp;, : vr
g
P, < pyr S vg,r

Example: For 2 generators and 8760 time periods,

this yields 26.280 variables.

Example: For 2 generators and 3 representative time
periods, this yields9 variables.

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology
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Starting Point. Economic Dispatch (single node)

A Approximate 8760 hours of original time series using only
3 representative hours with kmeans clustering:

NetZero-Opt

A Also uses 3 representative hours, but chosen within the
same simplex basis (i.e. active constraint sets)*

Wind

Wind

. . . :
Demand Demand
Results of aggregated economic dispatch problem: A Results yieldsproven relative error of 0%!
A Relativetotal system cost error 91%.

A Relativeerror in estimated loss of load 100%.

A Aggregation potential of3 orders of magnitude
(measured in number of model variables).

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology
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Agenda

Extension toNetwork & Ramping Constraints (Sonja)

“ Extension toStorage Constraints (Thomas)

WA Time Series Aggregation witBounded Error (Luca)
Extension toGrid Aggregation (Benjamin)
Conclusions (Sonja)

Source:Photo byEstée Janssensn Unsplash
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The methodology extends totransport problems

Formulation

= s TELS \- 1000 oo : b:z::1
min E C9pg.i + E C™"Pnsp; g + E C™ frji I . : leger
k.g ki ki j s 0 N L e s T o I (e
L 800 R AP TR . A ® centroid
st. Py <pux S CF.P, Vkw " v,
ﬁ {_Z Pk {_: H \EH‘*"[ E 600 : :-§.'
g fi.-.;,s - E fA-.f.j T NSPik T E Pgk = Dy ik, i g
J J geEi g 40
— 200
Joji < B Vkij

0 100 200 300 400 500
Available VRES (MWh)

A More active constraint sets because ofine constraints

O,

G2 - Thermal

L1: 1000 MW

G1-Wind

Onlyfive representative periods required for exact
aggregated model

>

A Achieves 99.94% reduction of number of variables

Source: D. Cardona-Vasquez et al. "Enhancing time series aggregation for power system optimization models: Incorporating network and ramping constrairitglectric Power Systems Research 230 (2024): 110267.
9
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The methodology extends totime -linking constraints
Ramping Constraints
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Source:D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks 43 (2025): 101772.
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h1 dmping 1. Identify active ramping constraints
h2 Adtive

|
h7 [ 1111

h10 S UCTTTIT -
h11 )
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h13 L

h14 | [ Ramping

h15 w Adtive
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Source: D. Cardona-Vasquez et al. "Enhancing time series aggregation for power system optimization models: Incorporating network and ramping constrairitglectric Power Systems Research 230 (2024): 110267.
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h1 1. Identify active ramping constraints

h 2. Disaggregate into independentsubmodels
h3 3. Solve submodels in parallel

hd 4. Aggregate the submodel results

h5

h6

h7 Disaggregate full model into submodels and solve in parallel
h8 A

ho o |

" N R S R )

hi1 B BB RR a =

h12 — - — ' T '
Ramping Active Ramping Active Ramping Active Ramping Active

h13 \ ]

h14 !

e 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 43 (2025): 101772.
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Case Study: Austrian Power System e ugraz at

Installed Capacity Transmission Capacity Technology Mix
0.1 GW 7 GW 5 GW

“Wind Czechia
4 GW »Photovoltaic
3GW ® Run-of-River
1,5 GW mThermal
0,5 GW
Slovakia
Germany

Switzerland

Demand of Austria Italy
0% 100%

- @ sovena QO

Source:D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks 43 (2025): 101772.
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Forecasting active ramping constraints
Training a classifier to predict timelinked periods

H1
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At least one
ramping
constraint is

H7 ;
f HE active
H9

H10
H11
H12

H13 Add previous
H14 - and next hour

s ° H15
H16

ull model r H17

O H18
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A Goal: A classifier to identify the colored column from input data only o

H26
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A Non-colored (gray) hours aretemporally unlinked 8135 .
A Result: accuracy of classifier 92%

[6w)
8

[GW]

L
Al

730 14
4GW »Photovoltaic

3GW = Run-of-River A
@ 1,5GW wThermal @

Demand of Austria
0% 100%

Source:D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks 43 (2025): 101772.
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Results: Optimization Model Outputs

Relative error of energy produced per
technology and federal state

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%. g T ‘ [ 0.4%
o East Tyrol | 0.00% 0.00% 0.00% 0.00% 0.00%
- . O . TG
A One outlier of 17.78% (small in absolute terms), s s | o0 1 0o | onmn | ooon | oo 039
=
o
A : : =~ Salzbun 00% 00% 009 009 00%
A Robust solution quality across 6 other test leburg | 000% ) 0007 0.00% ] 000% ) 0.00% ot
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 43 (2025): 101772.
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Results: Computational Improvement

Length (hours) Submodels (#)
21011 266
A Full solution solving time:115 s 12 t0 29 123
) >29 11
A Longest solving time (for a singlsubmodel): Total 400

0.4 st (lower bound for a parallelized run)
Solving time by submodel length

A 300 times faster 00 .
A Disaggregation based on active constraint sets 5
seems promising go= ;
g o2 :
P ——
005

Submodel length (hours)

Source:D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraintSlistainable Energy, Grids and Networks 43 (2025): 101772.
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Key messages
Network & Ramping Constraints

Exact TSA with network & ramping

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

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

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

|l msssones

&/

Check for
updates

Disaggregation of energy system optimization models using machine
learning for identification of active constraints

David Cardona-Vasquez®®* @, Alexander Konrad? @, Yannick Werner? @, Sonja Wogrin®P°

8 Institute of Electricity Feonomics and Energy Innovation (IEE), Graz University of Technology, Inffeldgasse 18, Gras, Austria
b Research Center ENERGETIC, Graz University of Technology, Rechbauerstrafe 12, Graz, Austria

HIGHLIGHTS

» Machine learning assisted constraint identification achieves a speedup of up to 300 times in solving time.
» The approach allows for the parallelization of time-linked energy system models.

» Disaggregation error is less than 1 % with respect to the complete model.

» For training, active constraint identification only requires a previous run of the complete model.

Check for

Enhancing time series aggregation for power system optimization models: updaies”
Incorporating network and ramping constraints

David Cardona-Vasquez **, Thomas Klatzer »°, Bettina Klinz %", Sonja Wogrin *"

@ Institute of Electricity Economics and Energy Innovation (IEE), Graz University of Technology, Inffeldgasse 18, Graz, Austria
> Research Center ENERGETIC, Graz University of Technology, Rechbauerstrafie 12, Graz, Austria
¢ Institute for Discrete Mathematics, Graz University of Technology, Steyrergasse 30, Graz, Austria

ARTICLE INFO ABSTRACT

Keywords: In this paper, we extend a recently developed Basis-Oriented time series aggregation approach for aggregating

Power systems optimization input-data in power system optimization models which has proven to be exact in simple economic dispatch

Mathematical modeling roblems. We extend this methodology to include network and ramping constraints, for the latter, to handle
P gY ping

Dimensionality reduction temporal linking, we developed a heuristic that, in its current version, relies on the dual solution to find a
Renewable energy sources IS S S S SR TS T S T S -VU NPT S RSP PUN S-S TP IR RS

N

Sources: D. Cardona-Vasquez et al. "Enhancing time series aggregation for power system optimization models: Incorporating network and ramping constrairitElectric Power Systems Research 230 (2024): 110267.
D. Cardona-Vasquez et al. "Disaggregation of energy system optimization models using machine learning for identification of active constraint§listainable Energy, Grids and Networks 43 (2025): 101772.

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 17
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- Time Series AggregatiorMotivation & Starting Point (Sonja) < NSt

n Extension toNetwork & Ramping Constraints (Sonja)
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WA Time Series Aggregation witBounded Error (Luca)
Extension toGrid Aggregation (Benjamin)
Conclusions (Sonja)

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 or inactive A Always active, i.e., during all periods

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 Papikyanon Unsplash
Source: T. Klatzer et al. "Towards Exact Temporal Aggregation of Tin@oupled Energy Storage Models via Active Constraint Set Identification andaghine Learning."arXivpreprint arXiv:2510.14451 (2025).

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 19
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The methodology extends tostorage constraints

Disaggregation into independensubmodels

Formulation

r—1 r
€r—1,s
~ = N | 7 7 o ( C 17 \
I pr—l,s
L Wy Woa/ug -1 0 0\ |[pris | _ (0
0 0 0, 1 =Wt W,/nd ers | \O
Pr.s

\ 2, )

B A Exact disaggregation into independent submodels can
}é’ happen when the storage state of charge is zero (in two
'S ers = €r—1,s + Wr(nSD5 s — Do /05)  (uer®) consecutive time steps).
@ Vr=2,...,R, ¥VseS (lg) )
S — A Disaggregation allows formparallelization of submodels.
]
(@)
©
=
n

Source: T. Klatzer et al. "Towards Exact Temporal Aggregation of Tin@oupled Energy Storage Models via Active Constraint Set Identification andaghine Learning."arXivpreprint arXiv:2510.14451 (2025).
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The methodology extends tostorage constraints
TSA within assubmodel according to active constraint sets (ACS)

[ 1ACS1 (Unlinked submodels) [C1ACS2 [JACS3 [COJACS4 @mm@mACS5 mmACS6 [COACST

Full-scale model

T

1

o

36 38 40 42 44 46 48

State of charge in p.u.

Periods r

—/

1. Disaggregation irto unlinked #models appens when storage is empty (ACS1)

2. Aggregation within asubmodel: 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. Klatzer et al. "Towards Exact Temporal Aggregation of Tin@@oupled Energy Storage Models via Active Constraint Set Identification andaghine Learning."arXivpreprint arXiv:2510.14451 (2025).
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Conceptual 4-step argument for exact TSA with storage
In the case of perfect information

Step 1: Compute full-scale model and identify ACSs and corresponding dual information for each period.

Step 2: Disaggregate full-scale model into independent unlinked submodels ¢/ and linked submodels £ such that Z =U U L.

Step 3: Aggregate unlinked submodels, and aggregate adjacent periods within linked submodels sharing the same ACS and duals.
Step 4: Solve disaggregated and subsequently aggregated submodels in parallel and compute total OFV Z = 3. z;.

Source: T. Klatzer et al. "Towards Exact Temporal Aggregation of Tin@oupled Energy Storage Models via Active Constraint Set Identification andaghine Learning."arXivpreprint arXiv:2510.14451 (2025).

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology 22



Exact TSA with storage In practice
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ML-based disaggregation (random forest classifier) and aggregation (hierarchical clustering)

—o— VRE Thermal —a— NSP Charging —— Discharging —— OFV

BESS—Solar PHS—Solar

10| T T
0

1 10F“‘
0;!!!!+;§

xS - —
g —10 = 21 - - - —10 |
; T 2 DU
t _ - : . . - // - N
m _gg 1 1 1 _4?0 40 1 50 |60 0 _gg L /f 1 1 1 1 1 ]
30 40 50 60 70 80 90 100 30 40 50 60 70 80 90 100
10 BESS-Wind 10 PHS-Wind
O 0| = = = = Oét —4 iy 1?‘=ﬂ=&
= —10 2 - - - —10 4 - - -
’% —920 0 = —20 2r I
w —30 2T i —30 U —- 2 %
m o g:g | | | - 4?0 4I0 | 5I0 ?IO 70 o gg | | | -2 ll?vO 4I0 | 5IO fISIO 70
30 40 50 60 70 80 90 100 30 40 50 60 70 80 90 100
Clusters Clusters

Results

A Relative output error depends on the number of clusters in aggregation
(-5to -1% for the objective function value usingonly 30 clusters )

A 20to 120-fold computational speed-up versusfull-scale model

Source: T. Klatzer et al. "Towards Exact Temporal Aggregation of Tin@@oupled Energy Storage Models via Active Constraint Set Identification andaghine Learning."arXivpreprint arXiv:2510.14451 (2025).

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology
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Key messages
Storage Constraints

Exact TSA with storage £/

, | Towards Exact Temporal Aggregation of
A Netzero-Opt demonstrates: exact TSAwith Time-Coupled Energy Storage Models via Active

storage is possible! i _ . _ )
Constraint Set Identification and Machine Learning

A D|Sagg re_gatlon a”OWS for paral le“zatlo_n U Thomas Klatzer, David Cardona-Vasquez, Luca Santosuosso and Sonja Wogrin
agg regatlon fu I’ther red uces prOblem Slze Institute of Electricity Economics and Energy Innovation
Graz University of Technology
Graz, Austria

{thomas.klatzer, david.cardonavasquez, luca.santosuosso, wogrin} @tugraz.at

Future research
Abstract—Time series aggregation (TSA) methods aim to con- ey Average capacity factor of v in r (p.u.).

struct temporally aggregated optimization models that accurately j_Dg Max. power generation of g (MW).
represent the output space of their full-scale counterparts while Pe. P! Max. charging/discharging power of s (MW).
A 0 = using a significantly reduced dimensionality in the input space. N . . . .
A EXtend tOInveStment, mUItI _Storage & Thisgpapegr presentys the first approach thgt achievespan Exact 75 ’Té Charging/discharging efficiency of s ().
. TSA of a full-scale power system model — even in the presence b, B, Min/max. state of charge of s (MWh).
|0 n g ‘d u ratIO n ene I’gy StO rag e prOb Ie ms of energy storage time-coupling constraints - by leveraging active ) )
constraint sets and dual information. This advances the state of C. Primal Variables
the art beyond existing TSA approaches, which typically cannot D Power generation of g (MW).
e . . . guarantee solution accuracy or rely on iterative procedures ;"f} N lied .MW
A Explore otherML-driven approaches to identify to determine the required number of representative periods. ~ Pr  No-supplied power (MW).
. . ) . ; To bridge the gap between our theoretical analysis and their p;,m Prs Charging/discharging power of s (MW). ’
SUltabIe penOdS for d|S agg regatlon & M L—dr|ven practical application, we employ machine learning approaches, Er,s State of charge of s (MWh).
i i.e., classification and clustering, to inform TSA in models
agg regat'on that co-schedule variable renewable energy sources and energy D. Dual Variables
storage. Numerical results demonstrate substantially improved ,bal Dual of the power balance constraint
computational performance relative to the full-scale model, while Hr P ) ’
maintaining high solution accuracy. A Ay Duals of lower/upper bounds of py.,. |
A
N

NetZero-Opt ERC Team, Institute of Electricity Economics and Energy Innovation / Graz University of Technology
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Time Series AggregatiorMotivation & Starting Point (Sonja)
Extension toNetwork & Ramping Constraints (Sonja)

Extension toStorage Constraints (Thomas)

Time Series Aggregation witBounded Error (Luca)

A Bounded error in the objective function
A What are we clustering for?
A From static optimization to optimal control

Extension toGrid Aggregation (Benjamin)

Conclusions (Sonja)

Source:Photo byEstée Janssensn Unsplash
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Time series aggregationwith bounded error

~YqR2aNd RY RigRYYUIB Y2 ¢ | cHVopIUAIW T e | BRA q R H

5 /Awgregated time series
0

Input time series

>
1/\/\/\/
0

TIME SERIES
AGGREGATION
(via clustering)

0 1 2 3 4 5 6
Time (hours)

0 1 2
Representative period (hours)

l l
FULL-SCALE : NO GUARANTEE: AGGREGATED
OPTIMIZATION @= =i OF BOUNDED :-— OPTIMIZATION
MODEL : ERROR! I MODEL
l l
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Bounded error in the objective function

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 region

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)

EYe la@E¢c Uq Yt «YOUBRQAYY NI BYGq R ¢ O
2RI ¥z @i cRUR It GOBUHRERD 11 R
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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 FU” 'Scale Obj

This subsection presents our i

Proposition 1. Let z be a feas N d obi
model (2). Let  be derived fr{ AQQregated obj.

Then, 2 is a feasible solution to ure aggregareu MoUer (57 and

1t holds that

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

*Source: L. Santosuosso and S. Wogrin, "Optimal
virtual power plant investment planning via time series
aggregation with bounded error," arXiv preprint
arXiv.2504.19699(2025).
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Bounded error in the objective function

Algorithm 1 Time Series Aggregation with Bounded Error in| ~ Source: L. Santosuosso and S. Wogrin, "Optimal virtual power plant investment planning

the Objective Function via time series aggregation with bounded errordrXivpreprint arxXiv:2504.196992025).
Input: Parameters {F,;, D;, X, X, |g € G,t € T}, initial
number of clusters K°, step S1ze «, 0pt1mahty threshold

(1) TSA With any
clustering technigque +
solve aggregated model

CNNI UIN¢Eaqldl
b Y QUMYGUIC

10: JHB : LJER :
. ~ ’
11: JUB™ . min (JUB , JUB); . . .
12: end if _ _ . . .
13: ¢!+ Evaluate for JLB"*! ang JUBTT!, . . .
14: K« K+ a|ett!]; —
15: 11+ 1; E E E
6. end while | Num. of clusters
17: JUBT < JUB" and JLBT  JLBY
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Bounded error in the objective function

Algorithm 1 Time Series Aggregation with Bounded Error in
the Objective Function

Input: Parameters {F,;, D;, X, X, |g € G,t € T}, initial
number of clusters K°, step S1ze «, 0pt1mahty threshold

(1) TSA With any

clustering technigque +
solve aggregated model

WWWwW. t ugAr a

Source: L. Santosuosso and S. Wogrin, "Optimal virtual power plant investment planning
via time series aggregation with bounded errordrXivpreprint arXiv:2504.196992025).

Lower bound:
A Fromareduced MILP model.

kb W[ RFWARUYI R 17} |_|Jn | A Yialid for any clustering technique.

CNNIL INE q Il L=

{ Yu2IJLLIYGIJ| C

JEB

10:

11: JUBH + min (JUB , JUB);

12: end if _ _

13: ¢+l + Evaluate for JLBT ang JUBTTL.
14: Kt K+ alet!];

15: 11+ 1;

16: end while _ _
* 1 * (2
17: JUBT « JUB® and JUBT  JLBY.

.

U Lic UgpdHbound:

RV T R Bl KA LPmodel.

A Provides a feasible solution at each
iteration.
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T — 8760 4032 3346 5113 7629 gg: k-means —e— |k-medoids —o— GMM
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£7 Check out our paper

Content : (1) Demonstration of the lower-bound property of the aggregatedmodel; (2)
TSAbased solution algorithm with bounded error; (3) Numerical results.
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