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Europas stgrste pa drift av smakraft

| samarbeid med over 1.100 lokale grunneiere med fallrettigheter
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Smakraft’s produksjon har vaert lavere enn vart P50 mal
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Usikkerhet i forventet produksjon
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Noyaktige avrenningsprognoser er en forutsetning for a identifisere
og gjennomfgre treffsikre tiltak som gker produksjon og lsnnsomhet.
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Forbedret estimat slik av vi kan gke verdien av vare investeringer

Reduserer balansekostnader Utnytter regulering Sikrer vare investeringer

3 mNOK 25 mMNOK 0-20 mNOK

arlig arlig per prosjekt
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Inflow 1Q kan forbedre var lsnnsomhet
gjennom a redusert vart produksjonsgap og bedre vannutnyttelsen.



Naveerende metode

1. Nedbarsfeltparameter fra NEVINA
2. Finn et lignende nedbgrsfelt med malestasjon (NVE) i naerheten

3. Skaler den malte vannfgringsserien til nedbgrsfeltet

arealymsit -Spesifikk avrenningymsie _ middelvannfering msic

» Skaleringsfaktor:

arealyes -spesifikk avrenningref middelvannfering,es

» Spesifikk avrenning fra NEVINA styrer skaleringsfaktoren

* NEVINA-verktayet ble oppdatert i 2022 med nytt datagrunnlag
(perioden 1991-2020 erstattet 1961-1990) og modellen ble endret

Nedbgrfeltparametere
Vassdragsnr.: 128.D2B0
Kommune.: Snasa

Fylke.: Trendelag
Vassdrag.: Bruvollelva
Feltparametere

Areal (A) 797 km?
Effektiv sje (Agg) 01 %
Elvleengde (E ) 136 km
Elvegradient (E) 209 m/km
Elvegradent 105 (E g 1085) 69 m/km
Helning 1.4
Dreneringstetthet (D) 24 km?
Feltlengde (F, ) 128 km
Arealklasse

Bre (Agge) 0 %
Dyrket mark (A jonp) 07 %
Myr (Avg) 15 %
Leire (A are) 1 %
Skog (A sios) 716 %

Si (Ass0) 24 %
snaufjell (Ag) 84 %
Urban (A,,) 0 %
Uklassifisert areal (A ggst) 2 %

kraft

Hypsografisk kurve
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Klima- /hydrologiske parametere

(1991-2020)

Arlig middelavrenning (Q,,)
Arlig middelavrenning
Usikkerhet middelavrenning
Nedbgr juni - august
Nedbgr desember - februar
Arstemperatur
Sommertemperatur

Vintertemperatur

Klima- /hydrologiske parametere
Arlig middelavrenning 1991-2020 (Q )

Arlig middelavrenning 1961-1990 (v2022) @Qy)
% endring fra 1967-90 til 1991-2020
Gjennomsnittlig usikkerhet i avrenning 1991-2020

Usikkerhetsintervall 1991-2020

26.3 |/s/km?

245 |/s/km?
74 %

135 %

227-  |/s/km?
29.8
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Begrensninger

 Antar at veeret over sammenligningsfeltet er det samme som over det umalte feltet

» Antar at det finnes et likt nok sammenligningsfelt i naerheten

(starrelse, haydeprofil, arealklasser — fjell, skog, myr osv.)

» Avhengig av at spesifikk avrenning fra NEVINA
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Hvordan kan vi fa mer ngyaktige produksjonsestimat?

Smakraft x Climate Futures:

+ Utforsket nye metoder for & estimere vannfering i umalte felt

» Publisert en vitenskapelig artikkel i tidsskriftet Journal of Hydrology:

An LSTM network for joint modeling of streamflow and hydropower

generation for run-of-river plants

Fordeler:
* Bruker veaerdata over det umalte feltet

* Kan bruke informasjon fra alle NVE-malestasjonene (250) og
Smakraft sine kraftverk (170)

ELSEVIER

journal homepage: www.elsevier.com/locatefjhydrol

Contents lists available at ScienceDirect

Journal of Hydrology

An LSTM network for joint modeling of streamflow and hydropower

generation for run-of-river plants
Thea Roksvag " @, Silius Mortensgnn Vandeskog? @, C. Ole Wulff® ¢ @, Kamilla Wergeland ©%¢

* Worwegian Computing Center, P.0.Box 114 Blindern 0314 Oslo, Narway

© NORCE Norwegian Research Center AS, P.0.Box 22 Nygaardstangen 5838 Bergen, Norway
© Smaakraft AS, P.0.Box 2389 Salheimsviken 5824 Bergen, Norway

® University of Bergen; Geoplysical Institute, P.0.Box 7803, 5020 Bergen, Norway

© Bjerknes Centre for Ciimate Research, P.0.Box 7800 Bergen, Norway

HIGHLIGHTS

« Estimation of daily historical streamflow and hydropower generation in Norway.

+ 190 study eatehments and 136 run-of-river plants.

+ Novel LSTM model that can be trained jointly on bath hydropower and streamflow data.
+ LSTM models outperform HBV reference models for gauged and ungauged catchments,
« Training on hydropower and streamflow data surpasses training on only one data source.

ARTICLE INFO

ABSTRACT

This manuscript was handled by Dan Lu,
Editor-in-Chief, with the assistance of
Shaoxing Mo, Associate Editor

Keywords,
Streamflow estimation
Hydropower

15T™™

Norway

HBV

Run-of-river plants

We propose a Long Short-Term Memory (LSTM) network to estimate historical daily streamflow and hydropower
generation in Norway, with particular focus on run-of-river (ROR) plants. Historical records from such plants
are often limited, and typically only contain hydropower generation data, which are truncated at the plants’
capacity li d therefore do not capture high-flow conditions. The proposed LSTM model improves predic-
tions in data-sparse and ungauged catchments, and for high-flow conditions, by learning from bath hydropower
generation data from ROR plants and data from other 34 Our model builds upon
the neuralhydrology package, by adding a p that into P genera-
tion before loss calculations. The model is trained using streamflow and hydropower generation data from 190
Norwegian catchments and 136 ROR plants, with precipitation, temperature and catchment attributes as input
variables. The LSTM model outperforms more traditional hydrological models for predictions in both gauged
and ungauged catchments. Furthermore, the combined LSTM model yields hydropower generation estimates that
are comparable to or better than those from a model trained only on hydropower generation data, while pro-
ducing considerably better streamflow estimates. Our approach highlights the added value of additional data
sources for hydrological modeling for both local calib and the task of regie and

that data-driven methods are suitable for leveraging their potential.




Tradisjonell hydrologisk modell (HBV)
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Bruker vaerdata fra det
umalte felter

Kalibrerer en hydrologisk

modell pa lignende felt

Bruker median av 5

simulerte vannforingsserier
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Datadrevet maskinlaeringsmodell (LSTM)

® ungauged
® gauged

Banebrytende modell for hydrologisk modellering

Bruker veerdata fra det umalte feltet

Overfgrer kunnskap fra malte NVE-felt og Smakraft-

felt til det umalte feltet

“Svart boks”
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Hvordan skal vi bruke de nye modellene?

Contents lists available at ScienceDirect
Renewable Energy

Renewable Energy

Historiske data som input:
* Mer ngyaktige produksjonsberegninger for nye prosjekt

journal homepage: www.elsevier.com/locate/renene

Reducing market risk in run-of-river hydropower: The economic value of

+ |dentifisere forbedringsprosjekter for a lukke improving predictions of day-ahead production
p rod u ksj o) nsavvi k Kamilla Wergeland >4, G, Ole Wulff (), Asgeir Sorteberg "

= Smakraft AS, Solheimsgaten 15, 5020 Bergen, Norway
Y University of Bergen, Allégaten 70, 5007 Bergen, Norway

© NORCE, Jahnebakken 5, 5007 Bergen, Norway

4 Bjerknes Centre for Climate Research, Jahnebakken 5, 5007 Bergen, Norway

P d t . t ARTICLE INFO ABSTRACT
.
rognosedata som input.
g p Keywords: Accurate streamflow forecasts are essential for optimizing hydropower production and reducing market
Hydropower imbalance costs, particularly for small-scale hydropower plants with limited storage capacity. This study
LSTM neural network evaluates the potential of an LSTM neural network for hourly streamflow prediction at operationally monitored

O Ti I S i g S p rog n OS e r ti I krafth a n d e I ) p rod u ksj o n SStyri n g ) gx:ﬂ:’jiiﬁmum hydropower systems with limited historical observations and assesses its economic value in a hydropower

Energy forecasting production context. The effect of two aspects on prediction accuracy is investigated: (i) including back-
. . Power market caleulated streamflow data from 110 run-of-river hydropower plants during training, and (ii) implementation of
p I a n Iagt Ved I I ke ho I d Og O p pd ate rte b u d SJ ett a data assimilation (DA) approach using back-calculated streamflow as input. The performance of the model
) is assessed in a perfect weather forecast context using regional reanalysis data and compared with both a
persistence model and the operational model currently used by the largest small-scale hydropower operator in
o . . . . the Nordics, Smékraft AS. The results show that including data from hydropower plants in training provides the
LJ Pavl rkn I ng av kI I m ae nd rl n g er model with valuable information, while data assimilation yields the greatest performance gain. The proposed
model has the potential to decrease annual imbalance fees for Smakraft AS by 21% (143 kEUR) compared
to the model currently used and reduces exposure to extreme prices in the balancing market by reducing
the CVaR;s by 16% (380 KEUR). The findings demonstrate that enhanced hydrological forecasting reduces
imbalance cost and market risk, while supporting more stable grid operations.
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