VIT

VTT Technical Research Centre of Finland

This document is downloaded from the
VTT's Research Information Portal

Impact of 15-day energy forecasts on the hydro-thermal scheduling of a

future Nordic power system

Rasku, Topi; Miettinen, Jari; Rinne, Erkka; Kiviluoma, Juha

Published in:
Energy

DOI:
10.1016/j.energy.2019.116668
Published: 01/02/2020
Document Version

Early version, also known as pre-print

Link to publication

Please cite the original version:

Rasku, T., Miettinen, J., Rinne, E., & Kiviluoma, J. (2020). Impact of 15-day energy forecasts on the hydro-
thermal scheduling of a future Nordic power system. Energy, 192, [116668].

https://doi.org/10.1016/j.energy.2019.116668

VTT
vTT http://www.vtt.fi
:’Ify"g". P.O. box 1000FI-02044 VTT
8 OIIous Finland

Download date: 02. May. 2020

By using VTT’s Research Information Portal you are bound by the
following Terms & Conditions.

| have read and | understand the following statement:

This document is protected by copyright and other intellectual
property rights, and duplication or sale of all or part of any of this
document is not permitted, except duplication for research use or
educational purposes in electronic or print form. You must obtain
permission for any other use. Electronic or print copies may not be
offered for sale.


https://doi.org/10.1016/j.energy.2019.116668
https://cris.vtt.fi/en/publications/92d8b4bf-d389-43fa-bb73-c1ff33e1630f
https://doi.org/10.1016/j.energy.2019.116668

Impact of 15-day energy forecasts on the hydro-thermal
scheduling of a future Nordic power system

Topi Rasku®*, Jari Miettinen®, Erkka Rinne?, Juha Kiviluoma?®

@VTT Technical Research Centre of Finland Ltd., P.O. Box 1000, FI-02044 VTT,
FEspoo, Finland
bFortum Corporation, P.O. Box 100, FI-00048 FORTUM, Espoo, Finland

Abstract

One of the most promising ways of de-carbonising the energy sector is
through increasing the amounts of variable renewable energy (VRE) genera-
tion in power systems. While the inherent uncertainty of VRE is a challenge,
it can be mitigated through improved forecasting and energy system mod-
elling. Typically, stochastic energy system studies have focused on the day-
ahead horizon of 36 hours ahead of time, while studies about hydro-thermal
scheduling and expansion planning often neglect VRE uncertainty entirely.
In this work, the potential benefits of extending the horizon of VRE forecasts
on the operation of hydro-dominated power systems was examined using a
future Nordic system case study. 15-day ensemble weather forecasts were
processed into realistic VRE and demand forecasts up to 348 hours ahead
of time, and their impact on power system operations was simulated using
stochastic unit commitment and economic dispatch optimisation. While de-
creases in total yearly operational costs, hydropower spillage and wind power
curtailment were observed until forecast horizons up to around 132-156 hours
ahead of time, the relative reductions remained rather insignificant at around
0.20-0.35% for the costs, and 0.10 pp for the spillage and curtailment.
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Nomenclature

ED  Economic dispatch

FDIR Total sky direct solar radiation at surface
MAE Mean absolute error

MEUR Million euros

O&M Operations and maintenance

PP Percentage point

PV Photovoltaic

SSRD Surface solar radiation downwards
TYNDP Ten Year Network Development Plan
UC  Unit commitment

VRE Variable renewable energy

1. Introduction

Mitigating climate change is a major driver increasing the amount of vari-
able renewable energy (VRE) in power systems around the globe. Weather
dependent VRE resources increase the uncertainty in the power system, af-
fecting both the system operators trying to ensure the balance of generation
and load, as well as the electricity market participants trying to decide their
optimal bids. Thus, dealing with VRE uncertainty via improved weather
forecasting and new energy system modelling approaches has been receiving
increasing interest.

Better generation forecasts for VRE have long been valuable in power
markets. As a result, there is a considerable amount of literature about the
various forecasting methods [1, 2], as well as their role in renewable energy
integration [3, 4, 5] and microgrid management [6]. In recent years, the
focus of energy forecasting has shifted from deterministic approaches towards
probabilistic ones [7], in order to better represent the underlying uncertainty
in power systems with significant amounts of VRE generation.
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The increasing role of VRE resources has also emphasised stochastic mod-
elling of the power system, over more traditional deterministic modelling
approaches [8, 9, 10]. Existing literature has studied the impact of differ-
ent wind power uncertainty representations on a two-stage stochastic unit
commitment (UC) and economic dispatch (ED) problem [11], the energy
market value of improving the accuracy of short-term wind power forecasts
[12], as well as how the economic and reliability impacts of such forecast im-
provements depend on the generation mix and energy storage capacity of the
simulated power system [13]. Recently, Bakirtzis et al. presented a stochas-
tic unified UC&ED model for short-term power system scheduling with a
variable time resolution, and used it to study the benefits of stochastic over
deterministic scheduling [14], as well as the optimal scheduling of energy stor-
ages under short-term uncertainty [15]. Overall, most of the literature agrees
that stochastic UC&ED results in lower costs and more robust solutions com-
pared to deterministic approaches, but cautions that the magnitude of the
benefits are dependent on the generation mix and energy storage capacity.

All of the above-mentioned studies have focused on the short-term schedul-
ing within common day-ahead market horizons of up to around 36-48 hours
ahead of time, which is reasonable for systems without longer-term energy
storage. However, in power systems with such storage, e.g. in the form of
large hydropower reservoirs or district heating system scale hot water storage,
considering the uncertainty in VRE generation beyond the day-ahead horizon
might have an impact on the optimal scheduling of the system. Surprisingly,
literature about the impact of using longer wind and solar power forecasts
seems to be much harder to find. While optimisation horizons ranging from
weeks to months and even years are common in hydro-thermal scheduling
and expansion planning [16], the short-term uncertainty associated in VRE
production is either not represented adequately for dispatch, or is neglected
entirely.

Previous approaches to long-term hydro-thermal scheduling have consid-
ered the uncertainty of wind power on the weekly [17, 18] or monthly [19]
time scales, but resort to deterministic dispatch within these time scales in
order to reduce the computational burden. Some studies have also focused on
short-term hydro-thermal scheduling using a robust approach under severe
load uncertainty [20], as well as with improved technical modelling of pumped
hydro units [21]. However, these studies again focus on optimal scheduling
on the day-ahead horizon of only 24 hours. The impact of varying forecast
lengths on the operation of power systems has been recently studied by Erich-
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set et al. [22], focusing on the CO5 emissions of an electricity producer park
with long-term energy storage. The tested horizons were chosen to represent
possible weather forecast ranges 2-14 days ahead, as well as a hypothetical
30 day forecast and a full 365 day perfect horizon. However, the used UC
model was deterministic with perfect foresight for all tested horizons, and
the use of the long-term energy storage was determined by simple heuristics
instead of it being included the UC optimisation.

This paper aims to study the impact of extended weather forecasts on
the operational costs of hydro-dominated power systems by using a Nordic
case study with actual ensemble weather forecast data in a rolling stochas-
tic unified UC&ED optimisation model. We hypothesise that by utilising
weather forecasts beyond the day-ahead horizon, the operational costs of the
power system could be reduced further via improved co-scheduling of VRE
and hydropower resources. While only hydropower is featured in the chosen
case study, similar benefits could be possible with any form of sufficiently
long-term energy storage solutions, and potentially even in power systems
with significant amounts of slow response thermal power plants. A previous
study by the authors [23] is improved upon by including forecasts for solar
generation, as well as electricity and heat demands in addition to wind power
forecasts. Furthermore, the impact of the modelled forecast horizon is stud-
ied until the full 15-day ahead horizon of the ensemble weather forecast data
in a more accurate depiction of the Nordic power system.

Section 2 explains all the data and methods used for constructing the
hypothetical future Nordic power system, processing the weather ensemble
forecasts, as well as the used stochastic UC model. The results of power
system simulations with a number of different forecast horizons and time
resolutions are presented in Section 3, and the findings are discussed in Sec-
tion 4. Finally, main conclusions are drawn and summarised in Section 5.

2. Materials and Methods

In order to study the impact of extended weather forecasts on hydro-
thermal scheduling, a hypothetical future Nordic power system was con-
structed based on existing scenario data, as detailed in Section 2.1. Further-
more, large amounts of weather data were aggregated, converted into energy
terms, and calibrated as explained in Section 2.2. Only after all the desired
power system and weather data had been properly processed, the impact of
the extended VRE forecasts on the operational costs of the power system
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Table 1: Installed electricity generation capacities by country and energy source, as well
as the yearly electricity and heat demands.

Installed capacity [GW] Demand [TWh/a]
Solar Wind Hydro Biomass Nuclear C‘oal'&: Gas Oil Electricity Heat
Lignite

DE 64.0 67.2 5.9 6.9 0.0 36.8 27.0 1.3 559.0 121.6
DK 0.8 6.5 0.0 2.9 0.0 1.5 1.0 0.2 35.7 30.0
EE 0.0 05 0.0 0.2 0.0 1.4 0.3 0.0 8.3 6.1
FI. 00 29 3.5 3.3 34 1.8 32 06 83.9 45.8
LT 01 05 0.1 0.1 1.1 0.0 14 0.0 10.2 9.9
Lv. 00 0.3 1.6 0.1 0.0 0.0 1.1 0.0 8.1 6.7
NO 0.0 24 41.8 0.0 0.0 0.0 06 0.0 135.7 6.8
PL 0.1 10.3 1.0 2.1 0.0 20.7 54 0.2 168.3 91.3
SE 0.1 9.0 16.7 3.2 7.0 0.1 33 05 144.2 51.8

could be simulated. A generic energy network optimisation tool called Back-
bone [24] was used to set up a rolling stochastic unified UC&ED model for
optimising the power system operations, briefly described in Section 2.3.

2.1. Nordic case study

The modelled Nordic power system included the countries around the
Baltic sea, with the exceptions of excluding Russia and including Norway,
as shown in Figure 1. The European Reference Scenario 2016 [25] results
for the year 2030 were used for the country-level power and heat generation
capacities, as well as their annual energy demands. The resulting country-
wise generation capacities, as well as the yearly electricity and heat demands,
are presented in Table 1. Similarly, the total transmission capacities between
countries were based on the “NTC 2027 reference grid” in the Ten Year
Network Development Plan (TYNDP) 2018 [26]. In order to get a finer
depiction of the power system, the e-Highway 2050 project [27] “Large scale
RES” scenario for the year 2030 was used as the base for the regional division
seen in Figure 1, and the generation and transmission capacities within the
countries were distributed accordingly. However, Germany and Poland were
still represented by single country-wide regions to reduce the complexity of
the model, as they were mostly included to provide a more realistic depiction
of electricity trading between the Northern and Central European power
systems.



Figure 1: Tllustration of the scope of the modelled Nordic power system, and its division
into individual regions. The WILMAR project [28] heat areas used for generating the heat
demand time series are shown in colour.
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Fuel and carbon prices were obtained from the TYNDP 2018 [26] Market
Modelling Data “2030 EUCQO” scenario, and the COs content of the fuels
were based on IPCC guidelines [29]. However, as biomass and biofuel prices
weren’t available in the TYNDP 2018 data, estimated future prices from a
report by Poyry Management Consulting Ltd [30] were used for biomass in-
stead. The cost of heating fuels were also increased by applying the minimum
excise duty rates as required by the European Union [31].

The technical parameters of the modelled power plants were based on
the TYNDP 2018 Market Modelling Data [26], and the required amounts of
frequency containment and restoration reserves in the Nordic countries were
based on the Nordic System Operation Agreement [32] with the assumption
that the new Olkiluoto 3 nuclear power plant becomes the dimensioning fault
in the Nordic power system. The reserve requirements in the remaining coun-
tries were estimated based on the Continental Europe Operation Handbook
[33] parts P1 and Al. Replacement reserves were not included, as they are
not used in the Nordic power system.

2.1.1. Electricity and heat demand time series

While the yearly demand for electricity and heat in Table 1 were based
on the European Reference Scenario 2016 [25] and e-Highway [27] results, the
hourly profiles were generated based on data from ENTSO-E transparency
platform [34] for electricity demand, and from the WILMAR project [2§]
for heat demand. Instead of using the electricity and heat demand time
series from the aforementioned sources directly, demand models detailed in
Appendix A were used in order to generate demand forecasts based on
the weather forecast data discussed in Section 2.2. Unfortunately, the heat
demand data was only available for the areas shown in Figure 1, and the heat
demand for the remaining regions was estimated using models parameterised
with the existing data.

2.1.2. Hydropower inflow time series

Inflow data for hydropower reservoirs and run-of-river hydropower sta-
tions was collected from various sources. Weekly inflow time series used
for Norway and Sweden were originally simulated using EMPS [35]. The
dataset was provided by SINTEF Energi AS (“Hydropower inflow for Nor-
way and Sweden, 1958-2015", received 24 October 2018). The EMPS areas
were mapped to their corresponding regions, and the weekly inflow energies
were divided into regulated inflow into reservoirs, and unregulated inflow into
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Table 2: Variables used from ERA5 and ENS datasets. SSRD is the surface solar radiation
downwards and FDIR is the total sky direct solar radiation at surface (srf). The used
model levels are indicated using braces, and roughly correspond to altitudes of 107 m and
170 m.

variable ERA5 ENS
wind speed [m/s] 100m, {86, 87} 100m, {130, 132}
temperature [K] {srf, 86, 87} {srf, 130, 132}
pressure [Pal {srf} {srf}
SSRD e [J/m?] {srf} {srf}
FDIR,.. [J/m?| {srf} {srf}
a [Pa) 336.77 {86} 302.48 {130}
162.04 {87} 122.10 {132}
bl 0.97 {86} 0.98 {130}
0.98 {87} 0.98 {132}

run-of-river hydropower stations. The data was re-sampled to hourly resolu-
tion using linear interpolation, and the values were normalised to the annual
totals from the European Reference Scenario 2016 [25]. Unfortunately, data
for the year 2017, which was used as the weather data in Section 2.2, was not
available for the entire modelled area and data from 2012 was used instead.
Inflow data for Finland was derived from volumetric inflows from Finnish
Environmental Administration [36], and inflows for the rest of the regions
were based on data from the WILMAR project [28], again for the year 2012.

2.2. Weather data manipulation

The weather in the simulation was described using ERA5 [37] weather
reanalysis data for the year 2017. ERAD5 provides a great source of data
for energy system modelling, including all spatial and temporal correlations
which are paramount for modelling the impacts of VRE generation on the
operation of energy systems. As for the weather forecast data, the ENS 15-
day ensemble forecasts [38] were used, again for the year 2017. The data was
obtained from the surface level and the model levels roughly corresponding
to altitudes of 107m and 170 m, as shown in Table 2 along with the other
relevant parameters. Since the model levels are pressure based, the exact
altitudes of the model levels vary depending on the surface temperature, and
the aforementioned heights were estimated under fixed conditions.
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2.2.1. Wind power conversion

In order to calculate the wind power production, the wind speeds must
first be estimated for the assumed hub heights. The height h; at different
model levels [ could be estimated using the equation [39]

(p]:if)_LgR N 1] ’ @

where T, is the surface temperature, L is the atmospheric lapse rate of
temperature, p; is the pressure at model level [, py is the pressure at the
surface, R is specific gas constant and ¢ is the gravitational constant. All the
variables in Equation (1) depend on both the coordinates as well as time. In
the case of a ENS-data, the variables also depend on the analysis time of the
forecast and the ensemble member. The pressure p; could be calculated by
applying model level dependent regression coefficients a and b in Table 2 to
equation

Tsrf
L

h; =

pr=a;+ blpsrf- (2>

The wind speed at altitude h was estimated using wind profile power law

where w, and h, are the reference wind speed and altitude, and « is the
profile exponent defined by equation

o — log(wl[low] / wl[high})
1Og(hl[low] / hl[high]) ’

where the low and high subscripts refer to the model level number presented
in Table 2. Due to the fluctuating height of the ERA5 and ENS model
levels, the reference wind speeds w, were obtained from fixed reference height
h, = 100m for calculating the wind speeds for the assumed average wind
turbine hub height of 140 m.

After the wind speeds are know, the conversion into wind power produc-
tion P(wy,) is mainly dependent on two components: the wind resource at
the the power plant site, and the technological parameters of the used wind
turbines. These components can be combined into a power curve equation

(4)

P(wh) = PpC(S’r7 Cpy P, Why Weut-off wcut—off,A)a (5)

9
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where Sr is the specific rating, ¢, is the coefficient of performance, p is the air
density, wy, is the wind speed the at hub height h, weutof is the cut-off wind
speed and Weyt-off A 1S the associated hysteresis wind speed range for running
down the power plant. Equation (5) used a Gaussian filter to smooth the
wind speeds according to the methodology in [40] in order to account for the
resolution of the weather data and unknown turbulence intensities, and is
explained in detail in Appendix B.

2.2.2. Photovoltaic conversion

A method by Pfenninger et al. [41] was used for converting ERA5 and
ENS weather data to production capacity factors for solar photovoltaic (PV)
panels. Unlike [41], however, the downward component of the direct irradi-
ation (FDIR) and the total diffuse irradiation were used as inputs, and the
diffuse irradiation was simply calculated as the difference of surface solar ra-
diation downwards (SSRD) and FDIR. Furthermore, it was assumed that the
panels were crystalline silicon with 10 % total system losses, and the panels
were rooftop installed with no tracking capability.

The tilt and azimuth angles were again based on [41], with the tilt angle
of the panels 3 following the normal distribution

B~ N(=9.06 + 0.78¢, (15°)?), (6)

with the mean tilt angle depending on the current latitude ¢, while the
standard deviation was assumed to be 15°. Similarly, the azimuth angle ~
followed

0 N(18007 (400)2)7 (7)

where the mean azimuth angle of the panels was assumed to face south at
180°, and the standard deviation of the azimuth angles was assumed to be
40°.

2.2.3. Forecast calibration

As the realised and forecast and data were obtained from different data
sources, the ensemble forecasts had to be calibrated in order to minimise
any bias error. In order to reduce the computational burden, the bias was
minimised for the modelled regions only, instead of calibrating the forecasts
in every coordinate point separately. First, the aggregated capacity weighted
regional time series of wind speed and irradiation were calculated for both the
ERA5 and the ENS data based on the regional capacities and the assumed

10
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power plant locations presented in Figure 2. The locations of most of the wind
power plants were based on the wind power plant database [42], including
power plants currently under development. However, data from [43] was used
for Germany and Denmark for both wind and PV installations. For the rest
of the regions, geospatial data for the solar PV installations was not available.
Instead, the locations were estimated by clusterising the population density,
and using the centre points of the resulting clusters. The weight used for the
regional aggregation was the population density of the cluster, multiplied
with the cluster area. The population density clustering was also used for
weighting the temperature data for the heat and electricity demand models
explained in Appendix A.

In order to remove the bias error, the hourly median of the ensemble
spread was calculated. Then, the error between the ERA5 data and the ENS
data ensemble median €, at horizon 7 was represented using a generalised
additive model

Ele,] = fi(7) + f2(H:) + So, (8)

where f; o are penalised B-splines functions, which all have 20 basis functions,
H. is the hour of the day at horizon 7, and [, is a constant. The pyGAM
package [44] was used to solve Equation (8) for the suitable regression func-
tions for correcting the forecast data. Finally, each ensemble member e was
corrected using the obtained error

A L, (9)

where Y is the regionally aggregated weather quantity being corrected, namely
wind speed, solar irradiation, or temperature. Figure 3 presents the bias and
mean absolute error (MAE) of wind speed and SSRD in Germany before and
after the bias correction.

Since including the entire set of 50 ensemble forecasts into a large scale
power system model was computationally infeasible, the number of the fore-
casts needed to be reduced. The 20 %, 50 % and 80 % quantiles of the en-
semble spread were used to represent the range of uncertainty in the power
system model in order to guarantee a certain spread in the forecasts at all
times. Figure 4 presents an example of the final wind power capacity factor
quantile forecasts in Southern Finland, and the spread of the quantiles can
clearly be seen to increase as the forecast horizon increases.

11



Figure 2: Illustration of the assumed wind and solar power plant locations. Wind power
locations are denoted using blue crosses and solar power locations are denoted using orange
disks. Geospatial data for solar in Germany and wind in Denmark was abundant, making
individual sites indistinguishable in the figure.

12



2.4
B R e uncorrected
| R —— corrected
— 0.6 | R —_ 1.8
Qo 9
Eo3 E
8 12
o =
0.0 06, « L uncorrected
‘ — corrected
0 100 200 300 0 100 200 300
horizon [h] horizon [h]
(a) Wind speed bias (b) Wind speed MAE
] 120+ Loy
120 y oo uncorrected | | — uncorrected | bt ot
—— corrected —— corrected :
T 60/ T oanl MBI
£ £ 9
= =
2 Y 2
3 s 40
—60-
RN o TUUUUY
0 100 200 300 0 100 200 300
horizon [h] horizon [h]
(¢) SSRD bias (d) SSRD MAE

Figure 3: SSRD and wind speed bias and MAE on different forecast horizons for Germany
before and after the bias correction.

13



268

270

271

272

273

274

275

276

277

278

279

280

281

282

1

S 09
(&)
5 08
207
& 0.6
8 05
o 0.4
50.3
[a '
- 0.2
C
§0.1
0
oo NVOSSTONOVOOSON OO
NTNOANS OO0 MO
T AN ANANANOMOMMOM
Horizon [h]
Forecast Quantile
—— 30 % 50 % 20%

Figure 4: An example of the final wind power capacity factor quantile forecasts for the
first two weeks of the simulation in Southern Finland.

2.3. Power system simulation

The rolling stochastic hydro-thermal scheduling of a future Nordic power
system was performed using an open source mixed-integer linear programming-
based generic energy network optimisation tool called Backbone [24]. The
exact version of Backbone used in this work has been tagged as “VaGeRe-
sults” in the online repository [45].

The scheduling problem was formulated into a unified UC&ED model
reminiscent of [14], but intended for longer modelling horizons required by
reservoir hydropower and the extended weather forecasts. Figure 5 presents
an illustration of the stochastic structure of a single solve in the rolling op-
timisation, after which the solution for the first six hours was recorded and
the model was solved again starting six hours later in time. The first six
hours of each solve represent the operational dispatch of the power system,
where the power system has perfect information and dispatches itself accord-
ingly. From the seventh hour up until the desired forecast horizon, the power
system has to rely on the uncertain quantile forecast information to commit
reserves for the next solve, as well as how to prepare to operate the system
in general. The quantile forecasts were updated every 24 hours of model
time, as new information became available. In order to reduce the compu-
tational burden, the time resolution of the model is progressively decreased

14
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Figure 5: Hlustration of the forecast-time structure of a single solve of the unified UC&ED
optimisation. The dotted lines demonstrate the changes in the structure and data when
the forecast horizon is varied between simulations.

beginning on the nineteenth hour, first to three hour time steps, and then
even further as shown in Figure 5. The time resolution from the 36" hour
until the 348" hour was varied between 6, 12, and 24 hours to determine
whether the chosen time resolution has a significant impact on the results.
From the forecast horizon until the end of the model horizon at 17,520 hours,
the three quantile forecasts converge into a single deterministic forecast using
statistical monthly averages.

The impact of extending the VRE forecasts was studied by varying the
length of the period when the model used the quantile forecast data before
transitioning into the long-term statistical data, as illustrated in Figure 5.
The modelled forecast horizons included the 36 hours ahead horizon as a
baseline, and each subsequent horizon every 24 hours until the longest mod-
elled forecast horizon of 348 hours ahead. These horizons were chosen to take
full advantage of the ENS 15-day ensemble weather forecast data discussed
in Section 2.2.

The objective function used in the unified UC&ED problem

objective __ probability startup&emission , startup
v _Z P Cu Vu,ft

fit u

O&M generatlon fuel&emlsswn fuelUse
+ (Mg 1 Y " Vu,F 1 DAtD
FeF,

(10)

aimed to minimise the objective variable representing the total expected op-
erational costs of the power system over all forecasts f and time steps ¢.

15
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Each forecast-time step was assigned a probability parameter, assumed to be
0.6 for the 50 % quantile forecast, 0.2 for both the 80 % and 20 % quantile
forecasts, and 1.0 for both the realisation and the long-term statistical fore-
cast. The startupéemission cost parameter included all the operational and
maintenance, fuel, and emission related costs associated with the unit startup
variable, while the operations and maintenance (O&M) and fuelédemission
cost parameters were handled separately along with the unit energy gen-
eration and fuelUse variables respectively. As the generation and fuelUse
variables represent average power during time step ¢, they were multiplied
with the length of the time step A; to obtain the total costs over the time
step. The presented objective function in Equation (10) has been simplified
from its full formulation in [24] for clarity by omitting grid and node di-
mensions, as well as all unused terms. In the model, nodes represent points
for calculating energy balance, while grids are used to group nodes with the
same energy carrier together.

The hydropower reservoirs were modelled as simple energy equivalent
aggregate reservoirs, one for each of the modelled power system region with
reservoir hydropower. The dynamics of the reservoirs were governed by the
generic energy balance equation

state state o transferLoss\ , transfer transfer
Un,ft = Un,fi—1 = Z [(1=poin VUt = Ui £t )
n’€Ny
generation spill influx 11
+ Z [ivn’uﬁf’t |- Uyt £ Togi >At (11)
’LLEUn
v{”? f7 t}?

where the state variables were used for keeping track of the amount of energy
stored in the reservoir nodes, and water inflow was represented using the
influr time series. The reservoir nodes were not connected to any other
nodes via transfer variables, but were able to spill excess energy using the
spill variable. The generation variable and the influr time series are included
in Equation (11) using a £ for clarity, as they can be both positive and
negative depending on the desired application. The set IN,, contains all nodes
n' connected to node n via energy transfer variables, and the set U,, contains
all the units u that either output energy to node n, or draw energy from it as
input using the generation variable. The transferLoss parameter was simply
assumed to be 0.01 for all transmission lines, regardless of their capacity
or length. The presented Equation (11) has been simplified from its full
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formulation in [24] by omitting the grid dimension, as well as all unused
terms. Run-of-river hydropower was aggregated similarly to the reservoir
hydropower, except that no state variables were used in Equation (11) as
run-of-river power plants were assumed to lack significant amounts of storage.

Equation (11) was also used for ensuring the balance of the power and
heat systems by removing the state and spill variables, essentially reducing
the equation to a power balance constrain instead. The transfer variables
represented power transmission in the power grid, and the influz time series
represented the power and heat demands. Neither power nor heat nodes were
allowed to use the spill variable to get rid of excess energy in the system.

Further constraints were implemented to restraint power transmission ca-
pacities, reserve balance and provision, as well as unit conversion efficiencies
and online dynamics. These constraints are not presented here, however, as
they are not crucial for understanding this study. Instead, interested read-
ers are instead encouraged to take a look at the full model methodology
presented in [24].

3. Results

The impact of extended weather forecasts on the operation of the mod-
elled Nordic power system was studied by performing full year rolling stochas-
tic unified UC&ED simulations using different forecast horizons. The time
resolution between the 36" hour and the 348" hour of each solve was re-
duced to improve computational performance, and the power system sim-
ulations were carried out using time resolutions of 6 hours, 12 hours, and
24 hours. The total computational time of the simulations was 27-77 hours
when using the 6-hour time resolution depending on the modelled forecast
horizon length, and 18-24 hours using a 24-hour time resolution on a Intel®
Xeon® CPU E5-2620 @ 2.00 GHz using GAMS 24.0.2. The simulations with
the 12-hour time resolution took around 17-30 hours depending on the mod-
elled forecast horizon, but were run on Intel® Xeon® CPU W3690 @ 3.47
GHz using GAMS 24.1.3 instead, so the computational times are not directly
comparable.

Figure 6 presents the total yearly operational costs of the simulated power
system as a function of the modelled forecast horizon, as well as the differ-
ent cost components, with all the simulated forecast time resolutions. As
hypothesised, the total operational costs of the power system could be seen
to decrease as the modelled forecast horizon increases, but only until around

17



373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

132-156 hours ahead. Interestingly, the total fuel and emission costs of the
power system increased at forecast horizons above 132 hours, while the O&M
and startup costs of the units maintained a slight decreasing trend. Overall,
the total operational cost savings achieved by increasing the forecast horizon
remain rather modest, only around 0.20-0.35 % (58-99 MEUR) per year. The
total yearly CO, emissions behaved similarly to the total fuel and emission
costs presented in 6b, decreasing by around 0.33-0.94 % (0.90-2.54 MtCO,).

As expected, the better accuracy of smaller time resolutions was seen to
result in the lowest total yearly operational costs for most of the modelled
forecast horizons. The differences in the total costs of the 12-hour and 24-
hour time resolutions compared to the 6-hour resolution were relatively mod-
est, between 0.00-0.05 % (—2-14 MEUR) and 0.04-0.10 % (11-28 MEUR) re-
spectively. Even though the absolute values differ slightly between the used
time resolutions, the overall trend in the different costs for the different fore-
cast horizons remained quite similar. Interestingly, however, while the 6-hour
time resolution resulted in the lowest total O&M and startup costs of all the
tested resolutions, its fuel and emission costs were noticeably higher than
those of the 12-hour and 24-hour resolutions.

The total electricity generation by source over the modelled year is pre-
sented in Figure 7a, with the changes compared to the 36 hours ahead fore-
cast horizon highlighted in Figure 7b. The use of biomass could be seen to
increase noticeably, by around 13-23 % (5-8 TWh), until a forecast horizon
of 156 hours ahead. The increasing biomass generation replaced both coal
and gas generation, decreasing them by around 5-8 % (3-6 TWh) and 1-4 %
(2-6 TWh) respectively. Interestingly, while gas generation was observed to
decrease until the longest modelled horizon of 348 hours ahead of time, coal
generation reached its minimum at the 156 hour horizon, after which it was
observed to slowly increase again.

Figure 8 presents the share of total curtailed wind power production, as
well as total spilled hydropower relative to the yearly inflows, as a function
of the modelled forecast horizon. Both the curtailment of wind power and
hydropower spillage could be seen to decrease as the modelled forecast hori-
zon increased. PV generation was not curtailed in any of the simulations due
to it having the cheapest operational costs of all the modelled generation
technologies. However, the wind and hydropower resources were already al-
most fully utilised before extending the forecast horizon, so the reductions in
curtailment and spill remained modest around 0.10 pp. Unlike with the total
yearly operational costs, no clear differences in wind power curtailment and
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Figure 6: Total yearly operational costs (a) of the power system as a function of forecast
horizon with multiple time resolutions, as well as a breakdown of the individual cost
components. The fuel and emission costs (b) can be seen to account for the majority of
the total costs, while the O&M (c) and startup (d) costs play less significant roles.
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run-of-river (b) and reservoir hydropower (c) relative to their yearly inflows as a function
of forecast horizon with multiple time resolutions.

hydropower spillage between the different time resolutions could be seen.

Figure 9 presents the total energy in all the hydropower reservoirs over the
simulations with different forecast horizons. The extended weather forecasts
only have a barely noticeable impact on the total use of hydropower reser-
voirs, although the relative differences in reservoir energy content between
the horizons could be up to around 13-16 % in spring, when the reservoir lev-
els were at their lowest. For individual reservoirs and especially for pumped
hydro storage plants, the differences between the simulations were higher,
but didn’t seem to impact the overall use of reservoir energy.

4. Discussion

While the total yearly operational costs of the modelled power system
could be seen to decrease when increasing the forecast horizon beyond 36
hours typical of day-ahead simulations, the benefits rather quickly stagnated
around forecast horizons of 132-156 hours. Most of the observed cost de-
creases at forecast horizons between 36-132 hours due to the rapid decline
in fuel and emission costs shown in Figure 6b, driven by cheaper biomass
based generation replacing coal and gas based generation as seen from Fig-
ure 7b. With longer forecast horizons of 132-348 hours, however, the total
fuel and emission costs could be seen to slowly increase, along with coal based
generation.
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Figure 9: Total energy in all the hydropower reservoirs over the simulations with different
forecast horizons using the 6-hour time resolution. Darker shades of grey indicate a shorter
forecast horizon.

The observed increase in fuel and emission costs could potentially be ex-
plained by the increasing spread of the quantile forecasts at longer horizons,
as seen in the example forecasts presented in Figure 4. With sufficiently
large forecast uncertainty at the end of the forecast horizon, the expected
operational cost minimisation could favour excessively robust solutions, but
determining the exact mechanism through which the costs were increased is
challenging. While the model was observed keeping increasing amounts of
idle capacity online on longer forecast horizons, slightly decreasing the aver-
age efficiency of the generation fleet, this effect alone couldn’t fully explain
the observed increase in fuel and emission costs.

Another possible way for the model to brace itself for the perceived un-
certainty could have been to use reservoir hydropower more sparingly. This
was considered unlikely, however, as there were no significant differences ob-
served in total stored reservoir energy as the forecast horizon was increased,
as shown in Figure 9, nor in the total hydropower generation shown in Fig-
ure 7b. Based on these results, it would indeed seem that accounting for
short-term VRE variability in long-term hydro-thermal expansion planning
[17, 19, 18] wouldn’t result in significant differences on the long-term schedul-
ing. However, in order to ascertain this, the long-term stochasticity in yearly
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hydropower inflows would have to be properly accounted for in addition to
the short-term VRE variability. Furthermore, increasing the forecast horizon
length was observed to affect the operational strategies of differently sized
reservoirs individually. Even though the differences evened out when com-
paring the total reservoir energy of the system in the simulations, assessing
the implications of extended forecast horizons on energy storages of different
sizes could be a topic for further research.

All in all, the results show that there was some additional value in ex-
tending the forecast horizon beyond the day-ahead horizon of 24-36 hours
typically used in existing literature on stochastic UC&ED [11, 12, 13, 14, 21,
15, 20]. However, no clear savings were observed beyond forecast horizons of
around 132-156 hours ahead of time. It is also worth noting that since most
of the observed system cost savings were achieved via biomass replacing coal
and gas, the results are potentially quite sensitive to the fuel and carbon
price assumptions. Furthermore, while the observed decrease in CO, emis-
sions was not quite as negligible as the one in the study by Erichsen et al.
[22], it still remained relatively small compared to the total yearly emissions
of the modelled Nordic power system.

Increasing the modelled forecast horizon was observed to reduce both the
curtailment of wind power, as well as the spillage of reservoir and run-of-river
hydropower, as seen in Figure 8. However, the modelled power system was
large and flexible enough to be able to utilise most of these resources already
at the shortest modelled forecast horizon of 36 hours, making the reductions
in wind power curtailment and hydropower spillage largely negligible. The
impact of extended weather forecasts in decreasing wind power curtailment
and hydropower spillage could be more meaningful in a different case study
with a significant reliance on VRE generation, or in an isolated system. Such
case studies could be an interesting line of possible future work, along with
determining if improving the accuracy of the ensemble forecasts past the
132 hour mark would result in meaningful improvements for the optimal
scheduling of the power system.

Somewhat surprisingly, the overall trends in both the total yearly opera-
tional costs as well as the wind power curtailment and hydropower spillage
were found to be rather consistent across the 6-hour, 12-hour, and 24-hour
time resolutions. While each time resolution had noticeably different cost lev-
els, the costs behaved in a similar manner for all of the time resolutions when
the forecast horizon was increased. Since the simulations with the coarser
time resolutions didn’t affect the trends in the results, it would seem that
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adjusting the time resolution could be useful e.g. for acquiring preliminary
results in less time.

5. Conclusions

This work aimed to study the potential benefits of using extended weather
forecasts for improving the hydro-thermal scheduling of hydro-dominated
power systems. While the total yearly operational costs were seen to de-
crease as the modelled forecast horizon was increased beyond the typical
day-ahead horizon of 36 hours until around 132-156 hours, the relative costs
savings remained relatively small at around 0.20-0.35% per year. Further
cost reductions were not observed with forecast horizons between 156-348
hours, but further research is required to ascertain whether this is due to the
increasing spread of the underlying ensemble weather forecasts, or due to the
properties of the modelled power system.

Similarly, only slight decreases of around 0.10 pp in wind power curtail-
ment and hydropower spillage were observed. However, the modelled Nordic
power system was already able to utilise its wind and hydropower resources
almost fully at the 36 hours ahead forecast horizon. Further research is re-
quired to see if extended weather forecasts could reduce wind power and
hydropower spill in more isolated power systems, or in power systems with
significantly higher dependance on VRE resources.
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Appendix A. Demand models

Generally, both electricity and heat demand on large enough scales are
dependent on ambient temperatures due to e.g. direct electrical heating.
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Additionally, both demands are also dependent on daily cycles due to societal
patterns, such as business days and industrial processes. In this work, the
electricity demand D¢ at time ¢ was modelled using a generalised additive
model

E[D§] = fi(T;) + fo(Hy) + f3(Bi) + fa(me) + Bo, (A1)

where T} is the ambient temperature, H; is the hour of the day, B; is a boolean
for business days, m; is the month, and [, is a constant. The penalized B-
spline functions from f; 4 were estimated using pyGAM [44]. Similarly, the
heat demand D! followed

E[D}*) = fi(Tinmaza) + fo(Ty) + f3(Hy) + f4(We) + fs(me) + Bo,  (A.2)

where T} nvagq is the 24-hour moving average of the ambient temperature 73,
and W; is the weekday. Tables A.3 and A.4 present the bias, MAE, and
standard deviation of the errors in the electricity and heat demand models
respectively.

Table A.3: Bias, MAE and standard deviation (sd) of errors of the electricity demand
model in Equation (A.1). The values are given as per units from the peak demand.

country bias/107? MAE  sd

DE 1.005 0.041 0.055
DK 0.660 0.025 0.032
EE 0.934 0.030 0.039
FI 1.028 0.020 0.026
LT 1.018 0.033 0.043
LV 0.970 0.035 0.045
NO 0.857 0.017 0.024
PL 1.051 0.036 0.052
SE 0.912 0.023 0.030

Appendix B. Power curve model

The per unit wind power conversion from wind speed to power can be

expressed as
1
P (w) = 2—5,7”pw30p, (B.1)
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Table A.4: Bias, MAE and standard deviation (sd) of errors of the heat demand model in
Equation (A.2). The values are given as per units from the peak demand.

heat area bias/1071? MAE  sd

DK_W _Rural 0.256 0.042  0.056
SE_M _Urban 0.219 0.060 0.076
SE_M Rural 0.099 0.061 0.076

FI_R_Rural 0.302 0.050 0.066
SE_N_Rural 0.206 0.062 0.078
DE_All 0.206 0.025 0.033
DK_E_Urban 0.205 0.039 0.054
SE_S_Rural 0.188 0.061 0.077

FI_R_Urban 0.276 0.057 0.071

where Sr is specific rating, which is the rated power divided by the swept
area of the rotor Sr = P.x / A, p is the density of the air, w is the wind
speed at the desired height and ¢, is the coefficient of the performance. An
important parameter that can be derived from Equation (B.1) is the rated

wind speed
25
Wrated = ¥ _7" (B2>
PCp

showing that by lowering the specific rating or by increasing c,, the rated
wind speed can be lowered. As the wind speed increases, the wind speed
reaches a cut-off wind speed, weyiof Which after the power production is run
down. The power curve model in this work assumed that the power produc-
tion was run down linearly from Py, (Weut-off — Weut-off,a) = 1 10 PoyWent-off +
Weutoff,a) = 0. Furthermore, weyt o was assumed to be equal to 22m/s and
the hysteresis parameter weyoff,a Was assumed to be equal to 1m/s.

However, Equation (B.1) has two major drawbacks: first, the equation
assumes that the wind resource has no turbulence, and second, the ERA5
wind speed data has 0.25° spatial resolution and the value must correspond
to the total wind power production over the wind power plants in the 0.25°
grid. Following the methodology in [40], a Gaussian filter was used to smooth
the power curve in (B.1) according to

o0

P(w, 6,,0) :/ Po(v+ 6) f (0, 1, ) dv, (B.3)

v=0
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where f(v,w, o) is the probability density function of a normal distribution
with mean w and standard deviation o, and J, is a correction constant
for the wind speed. It was assumed that the standard deviation follows the
equation o = Iw, where [ is the turbulence intensity. In practice, the integral
in Equation (B.3) was discretised and the upper limit for the sum was 50 m/s.

The zero turbulence power curve Pp,,(w) and it’s ¢, can be calculated
using a method presented in [46], which is based on iterating Equation (B.3)
and assumes that the zero turbulence power curve has a constant ¢, between
cut-in and rated wind speed. In theory, the state-of-the-art variable speed
wind power plants can operate with optimal ¢, by operating the turbine at
the optimal tip-speed ratio by regulating the pitch angle. In this work, zero
turbulence curves were solved for five different wind power technologies used
in ten different wind power plants in Finland using sales power curves, which
are standardised using IEC standard [46] p = 1.225kg/m?® and turbulence
intensity / = 0.1w. These zero turbulence power curves were assumed to be
reasonable for the other modelled countries as well, and were used for all of
the modelled power system regions.

Additionally, since the turbulence intensity in the ERA5 data is unknown,
the standard deviation in the Gaussian filter was estimated as

O'(CL, b) = a + bwggra, (B4)

following the methodology in [47]. The values for the parameters a, b and 4,
were determined by minimising the weighted absolute error over time ¢, using
weights u(w;) from the wind speed distribution probability density function
and using ERA5 wind speeds from 100 meters

8760
(gz%; u(wera t) | ®r — P(WerA 1, 0w, @, )], (B.5)

resulting in @ = 0.35 and b = 0.075, where ®; was the measured wind power
production from the Finnish wind power plant. The wind speed correction
term ¢, varied from site to site, and it’s main purpose was to correct bias
between the ERA5 and actual wind speeds, such that the parameters a and
b from different sites and wind power technologies were comparable. This all
results into the power curve model

P(w) = PPC(ST7 Cp) Py W, Weut-off, wcut-ofﬂA)- (B6)
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