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1. INTRODUCTION

The purpose of this document is to summarize the findings of the thirteen case studies
in the Spine project. The case studies are performed using the Spine modelling tools:

● Spine Toolbox: a GUI application to define, manage, and execute workflows
for any data processing task. Spine Toolbox can integrate any tools that the
modeller may have at hand, including SpineOpt.

● SpineOpt: a highly adaptable model generator for multi-energy systems.
SpineOpt builds and solves an optimisation problem based on the contents of a
Spine database received as input.

The document has three main sections, one per case study group (A, B, and C). Each
section has one subsection per case study, with the following three paragraphs:
description, implementation, and validation.
Note: Many case studies refer to the ‘current version’ of SpineOpt. This generally
means the version that was used in that particular case which is documented for each
separately.
Note: In some cases where we need to specify the version of components used for a
particular case study, we use the commit hash. This is because we didn’t have a formal
version scheme implemented at that point in time, and the commit hash serves to
unequivocally identify a snapshot of the source code. To replicate that case study, one
can easily locate and check out the commit corresponding to that hash.

2. CASE STUDIES A: VERIFY SPINE CAPABILITIES

o Case studies under this section are intended to verify that the Spine model is
producing the right results. To this end, we take existing case studies implemented in
other modelling platforms and we reimplement them in Spine in order to compare
results.

2.1 Case study A1
2.1.1 Description
2.1.1.1 Aim
The aim of case study A1 is to assist with the development of power flow modelling
within SpineOpt by replicating a security constrained unit commitment model of the
Irish power system. SpineOpt allows creation of generic commodity flow networks and
the objective is to allow specific commodity physics to be implemented on top of
generic commodity flow constraints. Implementation of DC power flow constraints
within SpineOpt is one such example of this.

2.1.1.2 Input data
This case study will take data from an existing security constrained unit commitment
model of the Irish Power system built using the Epiphron Tool. The specific data used
along with the original data sources are described below.
The main relevant data is:
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● Transmission Network data (EirGrid Transmission Forecast Statement 2014)1:
○ Transmission line characteristics, primarily:

■ Reactance
■ Normal rating
■ Emergency rating
■ To and from nodes

○ Demand and generation locations
● Generation techno-economic characteristics (EirGrid All-Island Generation

Capacity Statement)2:
○ Capacity
○ Heat rate
○ Minimum stable level
○ Ramp rates
○ Minimum up and down times
○ Fixed pressure points for approximation of the Weymouth equation

● Renewable generation data:
○ Regional renewable time series data for wind power and solar

photovoltaics (PV)
○ Capacity at nodal level

2.1.1.3 Assumptions
The main assumptions are as follows:

● DC load flow and security constrained unit commitment were implemented
using power transmission distribution factors (PTDFs) and line outage
distribution factors (LODFs)

● A simplified representation of generation heat rates was used using an idle heat
rate and a single incremental heat rate

2.1.2 Implementation
To calculate the PTDFs and LODFs of the system network, we developed a dedicated
tool using our SpineInterface.jl package and NREL's PowerSystems.jl package (both
open source). This occurred as part of the ongoing formal collaboration between
NREL’s Laboratory Directed Research and Development project and the Spine project.
Implementation of DC power flow necessitated the addition of the following constraint
to the model:

𝑓𝑙𝑜𝑤𝑙,𝑡 =
𝑛

𝑛𝑒𝑡_𝑖𝑛𝑗𝑛,𝑡 × 𝑝𝑡𝑑𝑓𝑙,𝑛

where 𝑓𝑙𝑜𝑤𝑙,𝑡 is the flow on line 𝑙 at time step 𝑡, 𝑛𝑒𝑡_𝑖𝑛𝑗𝑛,𝑡 is the net injection at node 𝑛
at timestep 𝑡 and 𝑝𝑡𝑑𝑓𝑙,𝑛 is the power transmission distribution factor for line 𝑙 with
respect to node 𝑛 and represents the fraction of the net injection at node 𝑛 that flows
on line 𝑙.

1 EirGrid, “All-Island Ten Year Transmission Forecast Statement 2014”, February 2015.
2 EirGrid, “All-Island Generation Capacity Statement 2015–2024”, February 2015.
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Security constrained unit commitment is implemented by adding the following
constraint to the model:

𝑓𝑙𝑜𝑤𝑙,𝑡 + 𝑙𝑜𝑑𝑓𝑙,𝑘𝑓𝑙𝑜𝑤𝑘,𝑡 < 𝑒𝑚𝑒𝑟𝑔𝑒𝑛𝑐𝑦_𝑟𝑎𝑡𝑖𝑛𝑔𝑙

where 𝑙𝑜𝑑𝑓𝑙,𝑘 is the line outage distribution factor for line 𝑙 with respect to line 𝑘
representing the fraction of flow on line 𝑘 that would additionally flow on line 𝑙 if line 𝑘
were disconnected.

2.1.2.1 Version information
Data from the Epiphron model was used at various stages to test and develop
SpineOpt. Table 2.1.1 presents the version currently used for each of the components.

Table 2.1.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.3 0fd5db7836075736f7419f59000a50220459a

a07
SpineOpt [then
Spine Model]

0.1.5 9c7a90c24339dc6a39bba730b433ce3a14f0f
0ba

Spine Interface 0.1.0 458eb139abdf08044a42c721d5079fa92c18
5a46

Spine Database
API

0.1.7 00587268d0d1c78a39ea12e63175a1453f92
b347

2.1.2.2 Modelling choices
Figure 2.1.1 presents a schematic of the implemented model, taken from the original
reference3.

3 Schwele, A., Ordoudis, C., Kazempour, J., & Pinson, P. (Accepted/In press). Coordination of Power and Natural Gas Systems:
Convexification Approaches for Linepack Modeling. In Proceedings of IEEE PES PowerTech 2019 IEEE.
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Figure 2.1.1. The expected All Island transmission network in 2023 from EirGrid 2014 Transmission
Forecast Statement as implemented for Case Study A1

2.1.2.3 Outstanding issues
The original model study included the following features which were not available at
the time of the case study but have been developed since:

● Piecewise-linear heat rates
● System non-synchronous penetration constraint (SNSP)
● Minimum number of units online constraint

2.1.3 Validation
The aim of this case study was to develop and validate the load flow functionality. The
first step of this process was to validate that the PTDFs generated by both models
were in agreement. Table 2.1.2 below shows a sample of PTDFs generated by both
models and shows that they agree to 7 decimal places. This validation exercise did
illustrate some issues with the treatment of multiple lines in parallel and issues with
direction conventions, where in some cases, the direction convention in SpineOpt was
contrary to that in Epiphron leading to the PTDFs values having different signs.

Table 2.1.2 A Selection of PTDFs from Epiphron and Spine

Injection Node Line
Epiphron
PTDF

PowerSystems.jl
PTDF Diff.

1121_ARK_110 1021_AA_110_2121_DRU_110_1 0.0047008 0.0047008 0
1121_ARK_110 1021_AA_110_2361_ENN_110_1 0.0050979 0.0050979 0
1121_ARK_110 1021_AA_110_3541_LIM_110_1 -0.0018661 -0.0018661 0
1121_ARK_110 1021_AA_110_5091_SNG_110_1 -0.0079327 -0.0079327 0
1121_ARK_110 1041_AD_110_5481_WHI_110_1 0.004972 0.004972 0
1121_ARK_110 1062_AD_220_2852_GGO_220_1 -0.002733 -0.002733 0
1121_ARK_110 1062_AD_220_4722_RAF_220_1 -0.002239 -0.002239 0
1121_ARK_110 1071_AGL_110_2361_ENN_110_1 -0.0017472 -0.0017472 0
1121_ARK_110 1071_AGL_110_3211_KEE_110_1 0 0 0
1121_ARK_110 1071_AGL_110_4941_SH_110_1 0.0017472 0.0017472 0
1121_ARK_110 1072_AD_220_3202_KRA_220_1 0 0 0
1121_ARK_110 1121_ARK_110_1301_BEG_110_1 0.2794948 0.2794948 0
1121_ARK_110 1121_ARK_110_1541_BOG_110_1 0.1890644 0.1890644 0
1121_ARK_110 1122_ARK_220_1742_CKM_220_1 0.4316136 0.4316136 0
1121_ARK_110 1122_ARK_220_3642_LWD_220_1 0.0998271 0.0998271 0
1121_ARK_110 1131_ATE_110_2131_DRO_110_1 0 0 0
1121_ARK_110 1141_ATH_110_3501_LA_110_1 0.0041341 0.0041341 0
1121_ARK_110 1141_ATH_110_4941_SH_110_1 -0.0041341 -0.0041341 0
1121_ARK_110 1161_AUG_110_3461_KPG_110_1 0.0040318 0.0040318 0
1121_ARK_110 1161_AUG_110_3901_MTN_110_1 -0.0040318 -0.0040318 0
1121_ARK_110 1181_ARV_110_1861_COS_110_1 -0.0023196 -0.0023196 0

1121_ARK_110
1181_ARV_110_2821_GWE_110_
1 -0.0008377 -0.0008377 0

1121_ARK_110 1181_ARV_110_4221_NAV_110_1 0.001942 0.001942 0
1121_ARK_110 1211_BVK_110_2771_GRO_110_1 0.0046324 0.0046324 0
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1121_ARK_110 1212_BVK_220_1602_CLA_220_1 -0.0358722 -0.0358722 0
1121_ARK_110 1212_BVK_220_3332_KKM_220_1 0.0312398 0.0312398 0

2.2 Case study A2
2.2.1 Description
2.2.1.1 Aim
The purpose of this study is to reproduce a gas transmission system with pressure-
driven gas transfer4. Moreover, the gas transmission system is linked to the electricity
system.
2.2.1.2 Input data
The considered case study spans one day at an hourly resolution. For the gas system,
the following parameters are of relevance:

● Gas pipelines:
○ Initial linepack
○ Compression factor
○ Fixed pressure points for approximation of the Weymouth equation

● Gas nodes:
○ Min-/max pressure
○ Demand

For coupling the gas system with the electricity system we consider:
● Gas-fired power plants (Units):

○ Conversion factor (Gas/Electricity)
Further on, the following parameters are required for the representation of the
electricity system:

● Transmission lines
○ Capacity
○ Min/max voltage angle
○ Line susceptance

● Units:
○ Capacity
○ Availability factor for wind production
○ Fuel costs

● Electricity nodes:
○ Electricity demand

2.2.1.3 Assumptions
For the pressure-driven gas transfer, an approximation of the Weymouth equation
using fixed pressure points is used.
All assumptions are in line with the referenced work.

2.2.2 Implementation
Figure 2.2.2 shows the graph view of Case study A2 (some object classes have been
prune for visibility).

4 Schwele, A., Ordoudis, C., Kazempour, J., & Pinson, P. (Accepted/In press). Coordination of Power and Natural Gas Systems:
Convexification Approaches for Linepack Modeling. In Proceedings of IEEE PES PowerTech 2019 IEEE.
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Figure 2.2.1. Graphview of Case study A2. Represented are the electricity and the gas
network.

2.2.2.1 Version information
Table 2.2.1 presents the version currently used for each of the components.

Table 2.2.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.3 0fd5db7836075736f7419f59000a50220459a

a07
SpineOpt [then
Spine Model]

0.1.5 9c7a90c24339dc6a39bba730b433ce3a14f0f
0ba

Spine Interface 0.1.0 458eb139abdf08044a42c721d5079fa92c18
5a46

Spine Database
API

0.1.7 00587268d0d1c78a39ea12e63175a1453f92
b347

●

2.2.2.2 Modelling choices
Figure 2.2.2 presents a schematic of the implemented model, taken from the original
reference.
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Figure 2.2.2. IEEE 24 el. bus system (left) and 12 node gas system (right)

2.2.2.3 Outstanding issues
Many gas specific equations were needed to extend SpineOpt functionality. These
specific variables and equations are included in SpineOpt, using the extend
functionality (a simple mechanism to directly specify additional source code for a
particular model run).
Additionally, some inconsistencies in the original data source needed to be solved.

2.2.3 Validation
This case study has been validated against the original model, though with correcting
the aforementioned inconsistencies. The results are well in line with the results from
the reference model.
The objective function value is 1.588326325678e+06 for the original model and
1.5883253431253277e+06 for the replicated study (deviation below 0.0001%).
The figures below show the linepack for pipeline 1 in both models.
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2.2.4 Data availability
A Spine Toolbox project demonstrating this case study is available at
https://github.com/Spine-project/spine-cs-a2.

2.3 Case study A3: District heating study of Stockholm

2.3.1 Description

2.3.1.1 Aim
The purpose of this case study is to simulate one year of operation of a subset of
Stockholm’s district heating system. The considered subset includes seven generating
units: one extraction condensing steam turbine, two back-pressure turbines, one gas
turbine and three heat boilers. The system can get electricity from a wind power facility
and import electricity from an external source. It can also shed load and curtail wind as
needed.
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2.3.1.2 Input data
Input data includes hourly time series of heat and electricity demand and wind power
production for the year under consideration, as well as several parameters describing
the operation of the different generating units (e.g. capacity, minimum operating point,
minimum up and down time, ratio of conversion from fuel to electricity and/or heat, fuel
cost, and start-up and shut-down costs). Load shedding and wind curtailment costs,
as well as electricity import price are also given.

2.3.1.3 Assumptions
The system is operated so as to optimize heat and electricity production for each day
in the year. The heat and electricity transmission grid are not modelled. Back-pressure
turbines can operate in either CHP mode or boiler mode.

2.3.2 Implementation

2.3.2.1 Version information
Table 2.3.1 presents the version currently used for each of the components.

Table 2.3.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.3 38f5fb286d715508115abb56c556e3475af152

2d
SpineOpt [then
Spine Model]

0.1.5 d2d7b96b898b353dd255b53d932054028dda
8702

Spine Interface 0.1.0 c2ef46453b4aabec48203fbde584cb9d1d81bc
b8

Spine Database
API

0.1.10 e72a892c04aa78b221ec50b9e14dcd7e2ff51c
9e

2.3.2.2 Modelling choices
Figure 2.3.1 presents the main components of the implemented model. The model has
four nodes (blue icons): one heat node, one electricity node, one fuel node, and a
second electricity node that collects electricity from wind. Units (red icons) are installed
between their respective sending and receiving node(s). Back-pressure turbines,
labelled CHP6 and CHP8, are split into two units that represent the two operating
modes (CHP mode and boiler mode). The ‘boiler mode’ units convert fuel to heat only,
whereas the ‘CHP mode’ units convert fuel to both heat and electricity. Wind power is
carried from the wind electricity node to the ‘common’ electricity node by a dedicated
connection.
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Figure 2.3.1. Implementation of Stockholm’s district heating system in the specific data
structure for Spine model.

2.3.2.3 Outstanding issues
Ramp constraints are neglected at the moment due to that functionality being absent
from the version of SpineOpt used in this study. The same goes for different types of
starts: cold, warm, and hot start-up and their respective costs considered in the original
case study are ignored here and replaced by a unique start-up cost.

2.3.3 Validation
For validation purposes, we developed a dedicated Julia script that follows the original
implementation in GAMS language, while removing the features described in the
previous subsection 2.3.2.3.
Results using SpineOpt are identical to the ones using the reference Julia script. For
illustration, Figs. 2.3.2 and 2.3.3 compare the total fuel consumption over the year
using both models.
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Figure 2.3.2. Total fuel consumption using the reference script.

Figure 2.3.3. Total fuel consumption using SpineOpt.
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2.4 Case study A4: Cost optimization study with building heat
physics

2.4.1 Description

2.4.1.1 Aim
This case study compares the performance SpineOpt against Backbone5 for a rolling
unit commitment and economic dispatch optimisation of the Finnish energy system in
2020, including widespread flexible residential electric heating. The case study
consists of three parts: a model of the electrically heated Finnish residential detached
housing stock, a model of the Finnish power and district heating systems, and a
combined model with the electrically heated residential building stock co-optimised
along with the power and district heating systems. All of these three parts were re-
implemented using SpineOpt, and then validated against their Backbone counterparts.

2.4.1.2 Input data
The input data for this case study was based on the scenarios in the Finnish case study
of the RealValue project6. Unlike the original simulations, the geographical scope of
the simulations was reduced to Finland only, instead of the whole Northern European
energy system. Furthermore, the power plant fleet wasn’t divided into 9 efficiency
groups, but was instead kept in its fully aggregated form. Both of these changes were
made to reduce the size of the problem, allowing for faster solutions and easier
identification of potential issues, facilitating the validation process.
The detached housing stock model input data includes the following:

● Aggregated heat capacities and heat transmission coefficients for the archetype
detached houses.

● Maximum and minimum permitted temperatures of indoor air, storage heaters,
and domestic hot water storage tanks.

● Maximum power and storage capacity of heating and cooling equipment, based
on common Finnish industry practices for sizing heating systems in electrically
heated houses.

● Hourly aggregated ambient temperature and estimated ground temperature
time series, as well as estimated solar heat gains time series.

● Hourly aggregated internal heat gains and domestic hot water demand time
series, based on typical daily profiles from Finnish national sources.

The power and district heating system model input data includes the following:
● The estimated number of different power and heat generation units, as well as

their total capacities.
● Number of estimated technical parameters for the modelled units, including

start-up costs, fuel costs, variable operations and maintenance costs, minimum
operating points, minimum online and offline times, as well as variable and idle
heat rates.

5 Helistö, N., Kiviluoma, J., Ikäheimo, J., Rasku, T., Rinne, E., O’Dwyer, C., … Flynn, D. (2019). Backbone—
An Adaptable Energy Systems Modelling Framework. Energies, 12(17), 3388.
https://doi.org/10.3390/en12173388

6 O’Dwyer, C., Anwar, M., Dillon, J., Bakhtvar, M., Buttitta, G., Cabrera, C. A., … Zerrahn, A. (2018). H2020
RealValue D3.6 Cost Benefit Analysis of SETS and Alternative Local Small-Scale Storage Options. Dublin.
Retrieved from http://www.realvalueproject.com/images/uploads/documents/D3.6_Final_v1.pdf
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● Transmission capacity between Northern and Southern Finland, as well as
estimated transmission losses.

● Estimated initial hydropower reservoir states at the beginning of the year, as
well as the estimated hydropower reservoir maximum storage capacities.

● Aggregated hourly hydropower inflow time series, both for the run-of-river and
reservoir hydropower plants.

● Aggregated hourly wind and solar power production time series.
● Aggregated hourly electricity and district heat demand time series.

2.4.1.3 Assumptions
The detached housing stock model assumes that the overall heating demand of a large
portion of a building stock can be sufficiently well depicted using a limited number of
archetype buildings and weather data aggregated over large geographical areas.
Furthermore, we assume that minimizing the total energy consumption while ensuring
thermal comfort of inhabitants is a reasonable baseline depicting the operation of
conventional heating systems.
The power and district heating system model assumes that competitive energy
markets tend to converge towards producing the required energy with minimal costs,
making it reasonable to simulate such systems using operational cost minimization
models. The objective function aims to minimize the following operational costs:

● Variable operational and maintenance costs of power/heat generation units.
● Start-up costs of power/heat generation units.
● Fuel and emission costs of power/heat generation units.
● Fuel taxes for heat generation units, including co-generation.

Electricity taxes were not included.

2.4.2 Implementation

2.4.2.1 Version information
Table 2.4.1 presents the versions of the different components used for this case study.

Table 2.4.1 Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.3.3 6a4196997a14a89cde50bce4f257756ceeecc

e9b
SpineOpt [then
Spine Model]

0.1.5 7392d8dbdf00c50f40f33a55ae2613e0835bef
99

Spine Interface 0.1.0 dac58ce1484f12afaa5cf2c125e14e47530fa58
9

Spine Database
API

0.1.11 2d23ff099d25a5993ba2f4f75fc8a5dc07cdbd6
3

Spine Engine 0.3.0 30f9790a81eef459bcdd1f4076cbc8be44f61d
ab

2.4.2.2 Modelling choices
Due to model structural differences, some aspects of the original Backbone models
needed to be altered when implemented in SpineOpt. The detached housing stock
model was affected the most due to the differences in storage implementation in
SpineOpt compared to Backbone, requiring a significantly different structure illustrated
in Figure 2.4.1 and Figure 2.4.2. This also affected how the heat gains and boundary
conditions had to be implemented, with SpineOpt using a combination of external heat
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gains and temperature self-discharge to achieve an effect identical to having ambient
temperature nodes in the Backbone model. Furthermore, while heat gains and
domestic hot water demand time series could be directly applied to the temperature
nodes in Backbone, the storage implementation in SpineOpt doesn’t currently allow
this, and additional nodes and units were required to replicate the effect.

Figure 2.4.1 Illustration of the detached building stock model archetype building implementation in
SpineOpt, with object names from the input database. Ovals represent “nodes”, boxes represent “units”
and diamonds represent “storages”. Solid black arrows represent controllable “flow” variables, while
dotted white arrows represent diffusion of heat between the temperature “storages”. Grey background
indicates external influence and boundary conditions.

Figure 2.4.2 Illustration of the detached building stock model archetype building implementation in
Backbone, with object names from the input data. Ovals  represent “nodes” and boxes represent “units”.
Solid black arrows represent controllable “v_gen” and “v_transfer” variables, while dotted white arrows
represent diffusion of heat between temperature “nodes”. Grey background indicates external influence
and boundary conditions.

The power and district heating system model implementations in SpineOpt and
Backbone were mostly similar, with the exception of SpineOpt lacking the option to
have capacity factor time series applied to wind and solar power generation units.
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However, this issue could be easily circumvented by modelling wind and solar power
similar to run-of-river hydropower, where the generation units were supplied with pre-
calculated wind and solar energy inflow time series instead of capacity factors.
Additional units also had to be implemented to handle wind and solar power
curtailment.
Both the detached housing stock model and the power and district heating system
model use rolling horizon optimisation, but with different temporal structures. The
detached housing stock model simply uses a 48 hour optimisation horizon with hourly
time resolution solved every 24 hours. The power and district heating system model
and the combined model, however, require a significantly longer optimisation horizon
due to large hydropower reservoirs. Thus, these models use a 364-day optimisation
horizon with a decreasing time resolution, detailed in Table 2.4.2. Both the power and
district heating system and the combined model are solved every 24 hours, similar to
the detached housing stock model.

Table 2.4.2 The time resolution progression of the 364-day optimisation horizon in the power and
district heating system model and the combined model.

Optimization horizon
section

Time
resolution

0 h – 48 h (0 – 2 days) 1 h
48 h – 96 h (2 – 4 days) 6 h

96 h – 336 h (4 – 14 days) 24 h (1 day)
336 h – 1344 h (14 – 56

days)
168 h (7 days)

1344 h – 8736 h (56 – 364
days)

672 h (28
days)

2.4.2.3 Outstanding issues
The current version of SpineOpt doesn’t yet include all the features required to replicate
the original RealValue project simulations in their entirety. Thus, the following changes
had to be made:

● Implemented a custom constraint in SpineOpt to replicate the idle heat rate
conversion equation from Backbone.

● Implemented a custom constraint in SpineOpt to replicate cyclical boundary
conditions from Backbone.

● Omitted stochastics entirely, as they have yet to be implemented in SpineOpt.
The validation simulations use perfect foresight instead.

● Omitted reserve requirements and constraints entirely, as they have yet to be
implemented in SpineOpt.

2.4.3 Validation
SpineOpt and Backbone were compared against each other by calculating the
normalized mean absolute error (NMAE) between model variables with a clear
counterpart, as well as the cumulative objective functions of the models. The NMAE
used in the comparison was calculated as:

𝑁𝑀𝐴𝐸 =
∑𝑁

𝑛=1 𝑦𝑛 − 𝑦𝑛
′

𝑁(𝑦𝑛  − 𝑦𝑛 )
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where 𝑦𝑛 is the value of the variable from the Backbone solution, and 𝑦𝑛
′  is the value

from the SpineOpt solution. Normalizing the mean absolute error in this manner makes
comparing the performance of the individual variables easier.

2.4.3.1 Detached housing stock model
The detached housing stock model is the easiest model to validate, as the model has
a short optimization horizon and the objective function aiming to minimize the total
energy consumption has only one reasonable solution. As a result, the SpineOpt
results are practically identical to the Backbone results, with the largest NMAE of any
comparable variable being approximately 7.41e-5 for the storage heater electricity
consumption in Northern Finland illustrated in Figure 2.4.3. Similarly, the total
cumulative objective functions are practically identical, as shown in Figure 2.4.4.

Figure 2.4.3 Comparison of the electricity consumption of the storage heaters (El_SH) of detached
houses in Northern Finland (74FI) between SpineOpt (SM) and Backbone (BB).

Figure 2.4.4 Comparison of the cumulative objective function value of the detached housing stock model
with SpineOpt (SM) and Backbone (BB).
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2.4.3.2 Power and district heating model
The power and district heating model is more challenging to validate, as the 364-day
long optimisation horizon allows the models a lot of freedom in how to schedule their
hydropower reservoirs. Furthermore, the rolling optimization compounds even the
tiniest of differences in water use over the year. As a result, hydropower reservoir
output had the largest NMAE of any variable, around 7.32e-2, and the hydropower
reservoir levels over the simulation could be seen to deviate noticeably as shown in
Figure 2.4.5. Despite the noticeable change in hydropower reservoir use, the total
cumulative objective functions remained similar to each other, shown in Figure 2.4.6.

Figure 2.4.5 Comparison of hydropower reservoir levels in Southern Finland (75FI) between SpineOpt
(SM) and Backbone (BB).

Figure 2.4.6 Comparison of the cumulative objective functions of the power and district heating system
models with SpineOpt (SM) and Backbone (BB).
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2.4.3.3 Combined model
As expected, the combined model proved to be the most challenging. With the addition
of the flexible electric storage heating of the detached housing stock, the models had
even more storage options at their disposal that would compound any differences over
the rolling optimization. Largest differences were in the electric consumption of storage
heaters in the detached housing stock in Northern Finland, with a NMAE of around
6.02e-2 over the simulation. Similar to the power and district heating model validation,
there were also noticeable changes in hydropower reservoir levels over the simulation.
This time, however, the cumulative objective functions could be seen to deviate in the
latter half of the simulation, shown in Figure 2.4.7. Nevertheless, the difference is quite
minor, and the overall performance of the models remains similar.

Figure 2.4.7 Comparison of the cumulative objective functions of the combined model with SpineOpt
(SM) and Backbone (BB).

2.4.4 Data availability
A Spine Toolbox project demonstrating this case study using a week-long dataset is
available at https://github.com/Spine-project/spine-cs-a4.

2.5 Case study A5: Hydro power study with river systems

2.5.1 Description

2.5.1.1 Aim
The purpose of this study is to simulate one week of operation of the Skellefte river in
the Swedish hydropower system, which includes fifteen power stations.

2.5.1.2 Input data
Input data consists of hourly electricity prices for the week under consideration, and
the following parameters per power station:

● The capacity, i.e. maximum electricity output.
● The conversion curve from water to electricity. For this study, a simple

piecewise-linear curve with two segments is used. The curve is convex, which
keeps the problem linear.
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● The initial, final, and maximum reservoir level.
● The minimum hourly water discharge and spillage.
● The downstream station and the time to reach it both for spillage and discharge.
● The hourly local inflow.
● The average hourly water discharge.

2.5.1.3 Assumptions
It is assumed that the system is operated to maximize profit from electricity production
over the week. There is a penalty for changes on the water discharge over two
consecutive hours, which is added as a negative term to the objective function.
It is also assumed that all power plants have been discharging the average amount of
water before the beginning of the week.
Finally, the electricity grid is ignored.

2.5.2 Implementation

2.5.2.1 Version information
Table 2.5.1 presents the version currently used for each of the components.

Table 2.5.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.3 84c14e1a3ab7ec24b75c7b92ed1ee7af28de

1e59
SpineOpt [then
Spine Model]

0.1.5 86ece48d286efe3e39534b40ffe45ed1889b1
07f

Spine Interface 0.1.0 98b0ba9ff23c1895ca67f84ad6976927c0158
d16

Spine Database
API

0.1.7 41b606892ac932b7c8cbb2c918fcba350159
a226

2.5.2.2 Modelling choices
Figure 2.5.1 presents a schematic of the implemented model.
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Figure 2.5.1. Implementation of the Skellefte river system in SpineOpt.

2.5.2.3 Outstanding issues
● The specific data format for representing piecewise-linear curves was not

decided at the moment of implementing this case study. For this reason, only
the first segment of the power plant conversion curve is used. A possible work-
around is to include an additional unit to represent the second segment, but it is
not worth it. The issue is solved in the latest SpineOpt version where can easily
define piecewise-linear efficiencies.

● SpineOpt did not provide a direct way to alter the objective function of
implementing this study, so the penalty for changes in discharge is currently
neglected.

2.5.3 Validation
Results are validated against a naïve, dedicated Julia script that uses the same
formulation as the original case study.
Figures 2.5.2 and 2.5.3 show the total electricity production using the validation script
and Spine, respectively.
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Figure 2.5.2. Total electricity production in the Skellefte river, using the validation script.

Figure 2.5.3. Total electricity production in the Skellefte river, using Spine.

2.5.4 Data availability
A Spine Toolbox project demonstrating this case study is available at
https://github.com/Spine-project/spine-cs-a5.

3. CASE STUDIES B
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3.1 Case study B1: Spatial aggregation of nodal systems

3.1.1 Description
The ever-increasing complexity of modern power systems calls for novel
methodologies to provide efficient yet accurate estimates of the grids’ operational
aspects, without requiring the full analytical modelling of their infrastructure.
Aggregated models can be used for efficiently producing such estimates, to be
exploited next within a wide variety of operational and planning power system studies.

3.1.1.1 Aim
The purpose of this study is to design and implement a spatially aggregated
representation of a power grid using the analytical Reduced Equivalent Independent
(REI) methodology. The aggregated power flow model can then be used instead of the
full representation of the grid for accelerating the power flow based calculations, i.e.:
Power Flow (PF), Optimal Power Flow (OPF), Unit Commitment, Transmission
Expansion Planning studies, etc.

3.1.1.2 Input data
The input data for calculating the spatially aggregated power flow model are the
following:

● The power flow model of the original network, which is based on the Julia
package PowerSystems.jl (and/or PowerModels.jl) power systems
representation.

● The number of areas into which the initial system will be reduced to.

Also, a set of options can be selected by the user if the default parameters for the REI
calculation do not fit the specific requirements of the case study, these are:

● Using either a PF or an OPF solution for retrieving the required parameters for
calculating the reduced model (e.g. nodal voltages, complex power injections
for non-PQ nodes, etc.). The default choice uses OPF modelling.

● A REI decision parameter on whether to group all generators into a big one, or
keep the original generators but move them to a common bus. The default value
keeps the original generators.

● A REI decision parameter on whether to select the PV buses (generator buses)
based on the net power injections, i.e. some PV buses can become PQ (load
buses), or to keep the original PV buses. The default value maintains the original
PV buses.

3.1.1.3 Assumptions
The OPF model instantiation is based on the ACPPowerModel formulation, according
to the specifications of the generic non-linear AC power flow model, of the
PowerModels.jl package.
The network data of the full network are assumed to consistently represent a
transmission system, while convergence is assumed to be able to be obtained for
either the OPF or the PF problems, under the ACPPowerModel formulation of the
PowerModels.jl package.
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Deactivated components (where applicable) are removed from the network model data
structure at the prepossessing stage and are not taken into account, e.g. non-active
lines, decommissioned generators, etc.

3.1.2 Implementation

3.1.2.1 Version information
Table 3.1.1 presents the version used for each of the components to run this case
study.

Table 3.1.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.4.2 b35a14895da7f704647956f4e568b73c68d6

6358
SpineOpt [then
Spine Model]

0.3.0 44b41863bf85577f42238b29cc86b3e9736c
40c1

Spine Interface 0.2.0 8c0414860e01222c8c30b7b8e0cfddb0b677f
069

Spine Database
API

0.6.0 73d62422b00f3f54700d8dd72dc181eaceb5
a412

3.1.2.2 Modelling choices

Both MatPower and PSS®E specifications are supported as power grid
representations, while from the PowerModels.jl (and/or PowerSystems.jl) power model
dictionary structure the following nested dictionaries are used: Buses, Loads (constant
power), Fixed Shunts, Generators, Branches.

Two functions (one importer and one exporter) are used for mapping the dictionary-
based data structures to and from SpineDBs. It is also possible to export MatPower
and PSS®E text files of the reduced system.

3.1.2.3 Outstanding issues
Due to the non-deterministic network clustering algorithm (that is based on the k-
means algorithm and uses a randomized initialization), consecutive calculations of
reduced networks might be required until a reduced network that meets the case study
requirements is produced (i.e. the PF or OPF convergence is possible to be attained).

3.1.3 Results
In Fig. 3.1.1 and 3.1.2 the results from applying the implemented REI methodology on
two transmission networks are presented, both the original and the reduced network.
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Figure 3.1.1. The IEEE 118 network original and reduced networks, having selected a
number of two areas for the network partitioning.

After partitioning the network in a (user-defined) number of areas, each area is
aggregated into two fictitious nodes, the former aggregating the generation and the
latter the consumption of the whole area introducing fictitious lines accordingly. The
border buses (buses connecting two different areas) are retained together with their
respective inter-area lines. The border buses are depicted as squares and the rest of
the buses as circles, while the node colouring implies the cluster that they have been
assigned.
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Figure 3.1.2. The ACTIVSg2000 original and reduced networks, having selected a number
of three areas for the network partitioning.

In the next table, the produced aggregated power systems are evaluated in terms of
active power losses error and the computation time reduction for the given number of
areas and for AC OPF executions. The optimal number of areas needs to be
empirically explored by the user for different systems and REI generation options.

Table 3.1.2. Accuracy and Computation Time for the Reduced Power Flow Model of Different IEEE
Test Systems.

Case study Number of
Areas

Active Power Losses Error
(%)

Computation Time Reduction
(%)

ieee 39-
buses

2 1.63 45.92

ieee 118-
buses

3 12.94 45.85

ieee 300-
buses

6 12.78 26.86

ACTIVSg200
0

5 1.04 71.87

3.1.4 Data availability
A Spine Toolbox project demonstrating the network reduction algorithm is available at
https://github.com/Spine-project/spine-cs-b1.
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3.2 Case study B2: Reduced temporal representation for storage
3.2.1 Description
3.2.1.1 Aim
The purpose of this study was to implement a methodology in SpineOpt which reduces
the temporal representation while still allowing for energy storage.

3.2.1.2 Input data
Input data consists of hourly electricity demand, wind power and solar PV availability
factors for the year 2017 in Belgium (obtained from the Elia TSO website). The power
system is a stylised model that has only OCGT, Wind, PV and Battery technologies.
Parameters are limited to the following:

● Power capacities
● Energy storage capacities
● Fuel costs

Costs and technical data were obtained from Poncelet et al7.

3.2.1.3 Assumptions
● Copper plate (no grid constraints)
● Linear model (i.e. economic dispatch only, no unit commitment)

3.2.2 Implementation
3.2.2.1 Modelling choices
A variation of a methodology presented in recent literature8 was used. The idea is to
keep the energy balances on the storage technology for an entire year while reducing
the number of charging and discharging variables. Consider a typical energy balance
over a storage technology:

𝑒𝑡 = 𝑒𝑡−1 + 𝛥𝑡 ⋅ 𝜂 ⋅ 𝑐𝑡 −
𝑑𝑡

𝜂 ∀𝑡 ∈ 𝑇

With no reduction in temporal representation, this equation would be defined for e.g.
each hour in the year. In the implementation used for this case study, the hours in the
year are separated into representative and non-representative timesteps, 𝑡 ∈ 𝑅 and
𝑡 ∈ 𝑁𝑅 respectively. Non-representative timesteps each have a representative
counterpart, i.e. there is a function which uniquely maps non representative
timesteps to representative ones:

𝑓(𝑡 ∈ 𝑁𝑅) → 𝑡 ∈ 𝑅

7 K. Poncelet, E. Delarue, and W. D’haeseleer, “Unit commitment constraints in long-term planning
models: Relevance, pitfalls and the role of assumptions on flexibility,” Appl. Energy, vol. 258, no. August 2019,
p. 113843, 2020.
8 L. Kotzur, P. Markewitz, M. Robinius, and D. Stolten, “Time series aggregation for energy system design:
Modeling seasonal storage,” Appl. Energy, vol. 213, no. October 2017, pp. 123–135, 2018.

P. Gabrielli, M. Gazzani, E. Martelli, and M. Mazzotti, “Optimal design of multi-energy systems with seasonal
storage,” Appl. Energy, vol. 219, no. June 2017, pp. 408–424, 2018.

B. van der Heijde, A. Vandermeulen, R. Salenbien, and L. Helsen, “Representative days selection for district
energy system optimisation: a solar district heating system with seasonal storage,” Appl. Energy, vol. 248, no.
February, pp. 79–94, 2019.
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The energy balance on the storage can then be rewritten:

𝑒𝑡 = 𝑒𝑡−1 + 𝛥𝑡 ⋅ 𝜂 ⋅ 𝑐𝑓(𝑡) −
𝑑𝑓(𝑡)

𝜂 ∀𝑡 ∈ 𝑇

This methodology could be extended to e.g. dealing with unit commitment variables
(which are also time dependent).

3.2.2.2 Outstanding issues
● The only variable mapped was the energy flows associated with the generation

units, i.e.  unit_flows. More sophisticated models might require other variables
to be mapped too (e.g. the online status of a generation unit, i.e. the units_on
variable), though this could easily be done.

● Variable mapping was done using the map parameter, however currently the
types returned by the map parameter need to be heavily reformatted which
makes for ugly code. There is also currently no way of easily importing map
parameters – the JSON data needs to be created (e.g. in Julia, Python) and
then written to the database.

● A simpler way of dealing with storage would be simply to link the state of charge
from one representative period to the next. This was not implemented.

3.2.3 Validation
Results were validated against two other models: a model that implements a similar
approach9 and a SpineOpt rolling horizon model with 2 weeks look ahead and 1 week
roll forward. The battery state of charge for the first 2 weeks of the year are shown in
Figure 3.2.1  below. Discrepancies between the rolling horizon approach and the other
two models is to be expected (the methodology is an approximation).
The objective function of both models that consider the full year (Spine Rep Days and
Validation model) is lower than that of the SpineOpt model rolling horizon (1,001 vs
1,012 vs Million Euros), which could be the result of the former models having more
information than the rolling horizon approach – after all, they can “see” the entire year,
whereas the rolling horizon approach is myopic10. This is not necessarily an advantage
of these models, since the case could be made that the power system is operated on
a rolling horizon basis. If the aim is to capture the potential of seasonal storage
however, the full year model may be more suitable, and the method proposed is able
to do this with a limited temporal representation.

3.2.4 Data availability

9  Specifically the one presented here (though the behaviour should be the same): B. van der Heijde, A.
Vandermeulen, R. Salenbien, and L. Helsen, “Representative days selection for district energy system
optimisation: a solar district heating system with seasonal storage,” Appl. Energy, vol. 248, no. February, pp.
79–94, 2019.

10 The differences in total cost could also of course be due to the reduced temporal representation of the full
year models compared to the rolling horizon approach. The rolling horizon approach could for example
experience more scarcity hours and hence use the OCGT more.
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A Spine Toolbox project demonstrating this case study is available at
https://github.com/Spine-project/spine-cs-b2.

Figure 3.2.1. Comparison of the SpineOpt model with ordered representative periods against
a SpineOpt model with rolling horizon and the model of van der Heijde et. al.

3.3 Case study B3: Planning a low emission transport sector
3.3.1 Description
3.3.1.1 Aim
This study aims to examine how the transport sector can increase the overall efficiency
of the energy system and to assess the cost-efficient pathways for serving the transport
needs. It considers electric vehicles (EVs) with charging and discharging, power to
gasoline, as well as biofuel supply chains. Southern Finland is the geographical scope
of the modelled electricity system.

3.3.1.2 Input data
Input data consists of a base energy system (from the VaBiSys project) plus passenger
cars usage profile (from the RealValue project) and power to gasoline (PtL) production
process11.
The base energy system contains the following components and parameters:

● Power system in one node (copper plate):
o Power capacity of generation units (nuclear, wind, solar PV, CHPs

fuelled by natural gas, biofuel, and waste)
o Conversion efficiency: fuel to electricity
o Fuel costs and variable operating and maintenance (VOM) costs
o Hourly electricity demand

11 Ikäheimo, J., Pursiheimo, E., Kiviluoma, J., & Holttinen, H. (2019). Role of power to liquids and biomass to
liquids in a nearly renewable energy system. IET Renewable Power Generation, 13(7), 1179-1189.
https://doi.org/10.1049/iet-rpg.2018.5007
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● District heat and cooling network:
o Heat supply capacity (heat pumps and CHPs)
o Conversion efficiency: electricity to heat/cooling (CoP), fuel to

heat/cooling
o Fuel costs and the VOM costs
o Hourly heat/cooling demand
o Heat/cooling storage capacity

● Biofuel supply chain:
o Constant supply of biomass and storage capacity (in reality not constant,

but site storages smooth the fluctuations in real-life)
o Conversion capacity and efficiency with operating costs

The passenger cars usage profile contains the following components and parameters:
● Vehicle fleet information:

o Number of passenger cars: gasoline internal combustion vehicle (ICV),
battery electric vehicle (BEV), and gasoline plug-in hybrid vehicle (PHEV)

o Hourly behaviour of EVs: share of the on-road and the on-charge
vehicles, electricity consumption of the on-road vehicles, battery storage
state of on-charge vehicles

● Affiliated assumptions:
o Annual mileage per vehicle (identical for all vehicle types)
o Fuel efficiency for ICV engine, electric efficiency for EV motor
o Battery storage capacity, charging/discharging capacity
o A dummy unlimited gasoline supply with fixed price
o Driving distance ratio between the electric motor and gasoline engine of

PHEVs
The power to gasoline (PtL) module contains the following components and
parameters:

● Electrolyser for producing hydrogen from electricity:
o Conversion capacity, efficiency, fixed operating costs

● Gasoline production from electricity:
o Ratio between different inflows: hydrogen, electricity, and CO2
o Conversion efficiency

● Storage of generated hydrogen and gasoline

3.3.1.3 Assumptions
● The system is operated to minimise total cost from energy production.
● Hydropower and reserves are excluded to avoid long-term stochastic

programming.
● Units can fully ramp up/down within the model’s finest temporal resolution (one

hour).
● The spatial distribution of the system is ignored, i.e. there is no electricity grid

and all EVs charge/discharge from the single electricity node.
● Hourly driving distance of PHEVs and BEVs are specified; that of gasoline ICVs

is constant, being hourly average value of the year.
● Total number of vehicles remains the same while the share of EVs and gasoline

ICVs varies between scenarios.
● EVs have to be fully charged when leaving the charging point.
● In the PtL process, gasoline production capacity is set to fulfil all gasoline

consumption of the ICVs in the transport sector.
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● When full, hydrogen storage can provide 12 hours of maximum generation.

3.3.2 Implementation
3.3.2.1 Version information
Table 3.3.1 presents the version currently used for each of the components.

Table 3.3.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.5.42 ae17875efe98a7b90d843c6b8ada7ddc9298

a6f9
Spine Items 0.6.10 1e6e54fbb86728d93dc2f4324b31fd2c13da6

398
Spine Engine 0.9.26 47a69965d9881f3c1401b8cbb7b6b705b96a

bdea
SpineOpt 0.5.3 2cf3030950f0b002ac417d757990f188368cd

a4c
Spine Interface 0.5.7 b708c2f851df00e0c235537e063d05d1e399

5ee0
Spine Database
API

0.11.27 f2506bae502c8790e376c33487ffcac091207f
89

3.3.2.2 Modelling choices
Figure 3.3.1 presents a schematic graph of the modelled energy system; Figure 3.3.2
shows the SpineOpt schematic of the transport sector along with the power to gasoline
production chain. The electricity node “75FI” links the two model components.
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Figure 3.3.1. Implementation of the Southern Finland energy system in SpineOpt.

The surveyed EV behaviour, including the fixed electricity consumption of cars being
on-road and the fixed storage states of the battery connected to the grids, was
simulated by using the node with storage state and the unit with a fixed flow. Time
series values were applied to these parameters. On that basis, the model decides
when the battery charges from or discharges to the electricity node.
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Figure 3.3.2. Implementation of the transport sector and the PtL process in SpineOpt.

Rolling horizon was used to solve the model. Figure 3.3.3 shows the temporal
structures implemented in the modelled system, where the low resolution one is
applied to the nodes “PtL_H2_tank” and “PtL_gasoline_tank”, and the unit
“PtL_gasoline_production” (see Figure 3.3.2); the default temporal structure is applied
to all the rest nodes and units. Each temporal structure was realised using two separate
temporal blocks being consecutive in time.

Figure 3.3.3. The temporal structures implemented in the SpineOpt model.

3.3.2.3 Outstanding issues
● Building SpineOpt models from raw data is doable by applying the “Importer”

item provided by Spine Toolbox. On the other hand, to translate energy system
model instances that are formulated under other frameworks into a SpineOpt
model still requires ad hoc conversion process (either manually or by coding
specific scripts).

● SpineOpt functionalities regarding investments into unit capacity and storage
capacity needs developing.

3.3.3 Results
Table 3.3.2 illustrates the main results from the model execution of all 24 scenarios.
January and July being symbolic in energy demands were selected as the simulation
horizon. Total costs of the whole system in the month indicate the energy efficiency as
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well as the cost efficiency, for simplicity, since the corresponding system-wide
demands (electricity, heating/cooling, and transport) are identical.

Table 3.3.2. Representative results of the model execution of all scenarios.

Scenario configuration Total costs* (€) Cost bias by
low resolution

Calculation
acceleration by low

resolution
Temporal
resolution for the
PtL process

Jan Jul Jan Jul Jan Jul

all EV:
75% BEV
+ 25% PHEV

all flex
discharg
e

incl. PtL
model default 231,715,84

9 77,102,706

low resolution 231,743,77
0 77,193,886 0.01% 0.12% -3.26% -4.64%

excl.
PtL N/A 233,570,64

5 70,926,570

no flex
discharg
e

incl. PtL
model default 234,446,52

8 78,850,072

low resolution 234,500,71
6 78,847,743 0.02% 0.00% -2.55% -4.12%

excl.
PtL N/A 236,434,04

0 77,589,073

low EV:
75% ICV
+ 18.75%
BEV
+ 6.25%
PHEV

all flex
discharg
e

incl. PtL
model default 335,397,81

0
248,179,26
8

low resolution 332,610,58
8

247,739,55
8 -0.83% -0.18% -4.36% -9.45%

excl.
PtL N/A 476,346,85

6
300,994,90
9

no flex
discharg
e

incl. PtL
model default 335,434,13

7
248,847,04
1

low resolution 333,827,74
6

248,698,98
7 -0.48% -0.06% -4.27% -10.12%

excl.
PtL N/A 478,775,41

9
302,143,11
1

*Fixed O&M costs are excluded, except for that of the PtL process which is treated as an additional module.

It is seen that the system-wide efficiency improvements attributed to increase in EV
penetration, the EV fleet being able to discharge, and the introduction of PtL process.
In the July scenarios with all EV, implementing the PtL facility results in higher system
costs. This is mainly caused by the fixed operating cost of the installed PtL capacity
designed for the gasoline consumption of the vehicle fleet being all gasoline ICVs; in
contrast, the use of the facility is low due to the EVs being dominant and the energy
demand being low in July. As a result, savings in variable operating cost fails to
compensate for the additional expenditure in fixed operating cost.
Table 3.3.2 also presents the effectiveness of employing a low-resolution temporal
structure. Bias in total costs are minor; and savings in computing time is significant in
the sense of both absolute value and being relative to the total cost bias. As Figure
3.3.3 indicates, chronological variability of the total costs is well captured under the
low-resolution temporal structure.

3.3.4 Data availability
A Spine Toolbox project demonstrating this case study is available at
https://github.com/Spine-project/spine-cs-b3.
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(a) All EV + All flex discharge (b) All EV + No flex discharge

(c) Low EV + All flex discharge (d) Low EV + No flex discharge

Figure 3.3.3. Comparison of the total cost variability between the scenarios employing low
temporal resolution and the model default: only the scenarios with PtL implementation are

illustrated; each sub-figure consists of the total costs of four scenarios being for January and
July, different in the implementation of temporal resolution and the same in other

configuration as the subtitle indicates.

3.4 Case study B4: Biomass resource constraints

3.4.1 Description

3.4.1.1 Aim
The case study will include potential bioenergy supply chains in the model for a
geographically limited region (Southern Finland divided into several nodes) and include
potential bioenergy end-uses within the region. In order to do this, the model will be
expanded to include material flows in addition to energy flows. Transport, storage and
moisture content of biomass will require flexibility in the way equations are formulated.
The EU GHG reduction targets can be reached if fossil fuels are mostly replaced with
renewable energy. However, renewable energy availability can have large seasonal
and inter-annual variations. An important aspect in such a future is security of supply,
which is an expected impact of the LCE-05-2017 topic (increased energy security,
enhanced security of supply). The case study results will contribute to the
understanding of energy security in an energy system relying heavily on renewable
energy.

3.4.1.2 Input data
Input data consists of the following components and parameters:
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● Power system in one node (copper plate):
o Power capacity of generation units (nuclear, wind, solar PV, CHPs

fuelled by natural gas, biofuel, and waste)
o Conversion efficiency: fuel to electricity
o Fuel costs and variable operating and maintenance (VOM) costs
o Hourly electricity demand

● District heat and cooling network:
o Heat supply capacity (heat pumps and CHPs)
o Conversion efficiency: electricity to heat/cooling (CoP), fuel to

heat/cooling
o Fuel costs and the VOM costs
o Hourly heat/cooling demand
o Heat/cooling storage capacity

● Biofuel supply chain:
o Supply, transport, and storage of biomass
o Conversion capacity and efficiency with operating costs
o Time-variable moisture level of biomass stored in supply nodes

3.4.1.3 Assumptions
● The system is operated to minimise total cost of energy production.
● All unit-commitment decisions are linear.
● Hydropower and reserves are excluded to avoid long-term stochastic

programming.
● Units can fully ramp up/down within the model’s finest temporal resolution (one

hour).
● The moisture level change influences only the biomass stored in the source

supply nodes.
● Moisture level of biomass fluctuates depending solely on solar irradiation.
● Effects of the moisture level change on the energy content of biomass is

reversible.

3.4.2 Implementation

3.4.2.1 Version information
Table 3.4.1 presents the version currently used for each of the components.

Table 3.4.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.5.43 8e3b5cb0962e3d7e1b27a8fd2c9488346c6d

2370
Spine Items 0.6.24 457178c9c9477755c4041328d17f3ac9588f6

47a
Spine Engine 0.9.26 47a69965d9881f3c1401b8cbb7b6b705b96a

bdea
SpineOpt 0.5.3 2b3c8e63f3514b31d5fa0f27df3c27d7907f8f

cc
Spine Interface 0.5.7 b708c2f851df00e0c235537e063d05d1e399

5ee0
Spine Database
API

0.11.41 5896b22d8eb9d896dab7cf1bc384026182e2
1b33
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3.4.2.2 Modelling choices
The basis for the modelled energy system is taken from the case study B3 and the
biomass energy chain is added to replace the simple price based biomass fuels. Figure
3.4.1 presents in detail the biofuel supply chain, of which a branch is chosen for
illustration. The two nodes with “smaWoo” or “logRes” in their names are the source of
biomass supply; the three nodes named with “75FI”, “75FI_Heat_01He” and
75FI_Heat_03Va” are the energy consumption ends; and the intermediate nodes,
along with the units, represent the storage, transport and conversion of biomasses.
The units associated with nodes at only one end connect to other branches of the
biomass supply chain. Generated biofuels are to power either CHP plants or district
heating units.

Figure 3.4.1. Sample of SpineOpt Implementation of the biomass supply chain.

Influence of the moisture level change of biomass is modelled using the node
parameter “state_coeff” offered in SpineOpt. The parameter in this case study
represents the ratio of effective biomass contents per storage state. For a simple
demonstration, estimation on this time-variable ratio follows an arbitrary designed
approach based on the assumption (see Section 3.4.1.3):

𝐿𝑒𝑡 𝑇 𝑑𝑒𝑛𝑜𝑡𝑒 𝑚𝑜𝑑𝑒𝑙𝑙𝑖𝑛𝑔 ℎ𝑜𝑟𝑖𝑧𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙,

 𝑘(𝑡) 𝑑𝑒𝑛𝑜𝑡𝑒 𝑠𝑜𝑙𝑎𝑟 𝑃𝑉 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑓𝑎𝑐𝑡𝑜𝑟 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 ∈ 𝑇, 𝑘(𝑡) ∈ [0, 1],

∀𝑡 ∈ 𝑇, 𝑠𝑡𝑎𝑡𝑒_𝑐𝑜𝑒𝑓𝑓(𝑡) = {0.9 𝑖𝑓 𝑘(𝑡) = 0, 0.5𝑘(𝑡) + 0.9 𝑖𝑓 0 ≤  𝑘(𝑡)  ≤
 0.6, 1.2 𝑖𝑓 𝑘(𝑡)  ≥  0.6
Figure 3.4.2 illustrates the resulting time series parameter that was implemented to all
source nodes for biomass supply.
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Figure 3.4.2. Value of the coefficient for node states estimated per solar PV capacity factor.

Rolling horizon was employed to solve the linear optimisation problem. The
optimisation window spans two days, where the first day is solved for each hour and
the second day has a resolution of 8 hours per timestep. The optimisation window rolls
12 hours after each solution. To show the seasonal pattern of variation, the model was
solved over one year.

3.4.2.3 Outstanding issues
● Stochastic moisture variation could be deduced from the available

meteorological factors, but this data processing was not made and therefore not
implemented in the case study.

● The current SpineOpt version can include the impact of moisture content on the
energy content of the fuel. However, further constraints would be needed, if the
degradation of the fuel over time due to moisture and other factors was to be
taken into account.

● Seasonal pattern of the moisture level variation was not considered in the case
study. The model performance under the condition where such time-varying
pattern spans beyond the optimisation window remains to be explored.

3.4.3 Results
As Figure 3.4.3 presents, the storage state of nodes storing biomasses varies as per
the fluctuation of the parameter “state_coeff”. It represents the effect of the variation of
biomass moisture level as assumed in the study. The result demonstrates that
SpineOpt formulates its equations in a highly flexible way.
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(a) Node “75FI_smaWoo_01Uu” (b) Node “75FI_logRes_01Uu”

Figure 3.4.3. Modelled results of storage state of the two sampled source nodes in the
biomass supply chain: the orange and the blue lines result from applying the time-variable

values and a fixed value, respectively, to parameter “state_coeff”.

3.5 Case study B5: Industrial energy use
3.5.1 Description
3.5.1.1 Aim
Industrial energy use is very diverse, but a large share of it goes to heat at different
temperature levels in order to operate processes where materials are transformed.
This case study implements a simplified presentation of paper and pulp factory process
within the SpineOpt to showcase the capabilities of the model generator to represent
industrial energy use. The case study results show the business potential of increased
use of electrical energy in the paper and pulp industry. The case study utilizes the
bioenergy chain of Southern Finland from the case study B4 as a starting point and
adds a paper and pulp refinery. The objective is to test energy use related concepts
that could give flexibility to the power system and decrease energy costs at the
industrial facility.

3.5.1.2 Input data
Input data consists of the energy system employed in case study B4, and a paper and
pulp refinery process. The additional industry process contains the following
components and parameters:

● An end-use service node where dried paper pulp is consumed (node:
Ind_paper_1):

o Hourly demand of paper pulp
o Storage capacity of dried paper pulp
o Storage loss ratio per storage state

● Original natural gas fuelled paper pulp drier (unit: Ind_paper_natgas):
o Fuel consumption capacity
o Conversion efficiency per unit of fuel consumption
o CO2 emission factor per unit of fuel consumption

● Alternative electrical paper pulp drier (unit: Ind_paper_natgas_elec_alt):
o Electricity consumption capacity
o Conversion efficiency per unit of electricity consumption

3.5.1.3 Assumptions
In addition to the assumptions from case study B4, three extra assumptions are made:

● There are no operating costs for the industrial equipment other than fuel and
electricity.

● The demand for dried pulp is continuous and invariant.
● Dried pulp storage has a capacity to supply two days of consumption.
● The conversion efficiency of paper pulp driers is close to the electrical one, i.e.

the electrical drier has a 100% efficiency and the efficiency of natural gas fuelled
drier is 96%.

3.5.2 Implementation
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3.5.2.1 Version information
Table 3.5.1 presents the version currently used for each of the components.

Table 3.5.1. Version of components used in the current implementation.

Component Version Commit hash
Spine Toolbox 0.5.49 8e3b5cb0962e3d7e1b27a8fd2c9488346c6d

2370
Spine Items 0.6.50 457178c9c9477755c4041328d17f3ac9588f6

47a
Spine Engine 0.9.34 47a69965d9881f3c1401b8cbb7b6b705b96a

bdea
SpineOpt 0.5.5 2b3c8e63f3514b31d5fa0f27df3c27d7907f8f

cc
Spine Interface 0.5.9 b708c2f851df00e0c235537e063d05d1e399

5ee0
Spine Database
API

0.11.50 5896b22d8eb9d896dab7cf1bc384026182e2
1b33

3.5.2.2 Modelling choices
Figure 3.5.1 presents the pulp drying process. It builds on the same energy system
implemented in case study B4. The conventional pulp drier (Ind_paper_natgas)
consumes natural gas from the corresponding fuel node (Gas_1) in the energy system.
It produces CO2 emissions while drying paper pulp. The electrical drier
(Ind_paper_natgas_elec_alt) consumes electricity directly from the background energy
system (75FI). Both pulp dryers produce to the same pulp demand node
(Ind_paper_1). This configuration allows us to compare the operational costs of these
two technologies. SpineOpt will choose which process to operate based on the
operational costs, which vary for electricity depending on the circumstances. The case
study demonstrates the impact of electric drying option on the total operational costs
of the system.

Figure 3.5.1. Sample of SpineOpt Implementation of the Pulp Drying Process.

The technologies are compared under different scenarios that vary the CO2 emission
cost and the mix of electricity generation technologies. Spine Toolbox allows to build
and execute different scenarios within one database via its alternative parameter value
functionality. Table 3.5.2 presents the scenarios with the relevant parameters.

Table 3.5.2. Scenarios and the key different configuration.
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Scenario name Electricity
generation

CO2 emission cost
[€/tonne]

Activated pulp drier

CO2_cost_0 Original* 27 Conventional &
Electrical

conventional_drier Original 27 Conventional
electrical_drier Original 27 Electrical
low_clean__CO2_cost_0 Low clean

generation**
27 Conventional &

Electrical
low_clean__CO2_cost_1 Low clean generation 0 Conventional &

Electrical
low_clean__CO2_cost_2 Low clean generation 40 Conventional &

Electrical
low_clean__conventional_dri
er

Low clean generation 27 Conventional

low_clean__electrical_drier Low clean generation 27 Electrical
*Original: wind power capacity 11.8 GW, nuclear power capacity 5.6 GW, gas CHP capacity 4.3 GW
**Low clean generation: wind power capacity 2.8 GW, nuclear power capacity 3.4 GW, gas CHP capacity
7.2 GW

The model was optimized using a rolling horizon with an optimization window of three
days, where the first day had an hourly resolution and the consecutive two-day look-
ahead window used a 12-hour resolution. The optimisation window rolls 1 day forward
after completing the computation within the current optimisation window. For this
demonstration, the model was solved only for the first week of the year.

3.5.2.3 Outstanding issues
● The inherent structure and components of SpineOpt can model the energy use

of industrial processes with diverse energy carriers, but only the drier part of the
pulp and paper process was implemented in this case study.

3.5.3 Results
As Figure 3.5.2 presents, in the initial system configuration, i.e. the CO2_cost_0
scenario, the electrical drier becomes operationally competitive when there is
excessive wind power supply. When wind power generation is low for a longer period,
then the conventional drier is also operated. The only power generation options in the
system are wind, solar, nuclear and CHP. Therefore, CHP is sometimes used to
generate extra electricity to run the electrical drier. However, there needs to be
sufficient heat load for it to be competitive against the conventional natural gas dryer.
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(a) Hourly dried pulp production for both the conventional and electrical dryers being online together
(conventional pulp dryer in blue, electrical pup dryer in orange)

(b) Hourly wind power generation (MW)

Figure 3.5.2. Paper pulp production and wind power output of the scenario “CO2_cost_0”.

Using surplus wind to dry the pulp is very cost-effective and consequently the electrical
drier is often over-producing to feed the dried pulp storage. Figure 3.5.2 a) and Figure
3.5.3 demonstrate that the SpineOpt model for the case study properly represents this
operational pattern. An electrical drier combined with a process storage gives the
energy system more flexibility to better utilize variable power generation.
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Figure 3.5.3. Storage state of the dried pulp produced from the electrical drier.

In the original scenarios, the electrical drier was operated extensively. This was due to
the surplus of low-cost power generation. In order to test the operation of the electrical
drier also in a system that better resembles current power systems, we also evaluated
scenarios with less wind and nuclear power. Figure 3.5.4 shows that the electrical drier
operates only very little in these “low clean” scenarios. Raising the CO2 emission cost
on natural gas makes no difference, since the only available additional electric
generation is from natural gas-based CHP generators. As a result, raising the CO2
emission tax on natural gas simply makes the model resort to technologies which
consume natural gas in a more efficient way.

Figure 3.5.4. Hourly dried pulp production of the electrical drier under the scenarios where
both pulp driers are online together.
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Figure 3.5.5 presents the total cost variations when the electrical technology
substitutes for the conventional. Under an identical energy production portfolio, the
total costs of the scenario where only the conventional dryer operates was subtracted
from that of the scenario with only the electrical drier being available. Cost saving of
the electrical drier happens when the energy system has sufficient capacity of clean
supply which is usually cheaper than the natural gas consuming generations. When
clean electricity production capacity is limited, electrifying the paper pulp drying
process would increase the total costs since the power generators available for
marginal generation are less cost-efficient than combusting natural gas directly for the
pulp drying process.

Figure 3.5.5. Changes in total costs of the energy system operating with single pulp
production technology. The legend denotes the formula to calculate the total costs difference

from the associated scenarios.

4. CASE STUDIES C
4.1 Case study C1: Market design for integrated energy systems
4.1.1 Description
4.1.1.1 Aim
In this case study, we use SpineOpt to analyse the impact of different market designs
of cross-border balancing coordination. Cross-border coordination of balancing
reserves can be an effective measure to reduce overall system costs while maintaining
system adequacy. In this case study, coordinated procurement and coordinated sizing
of balancing capacity are compared to the uncoordinated case for a high-renewables
Central Western European power system.

4.1.1.2 Input Data
The model and the different coordination scenarios are applied to a CWE power
system for France, Germany, Netherlands, Belgium and Luxembourg. The portfolio is
a modified version of the “Renewable Ambition” scenario from the EU-SysFlex project
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and presented below. 12 We adapted this portfolio, and added pumped hydro data
taken from Geth et al. (2015), to account for the potential flexibility provided by these
storage systems. The graphview of this input database to this SpineOpt model is
illustrated in Figure 4.1.1

Figure 4.1.1 SpineToolbox graphview of Case study C1. For clarity some object and
relationship classes have been prune from this illustration.

Table 4.1.1. Portfolio of 2030 power system scenario used for C1 case study.

Nuc. Coal CCGT OCGT ICE Solar W-on W-off Bio. Hydro Charge Disch. Energy

BE 0 0 11,848 2,962 2 4,722 5,459 3,872 1,003 193 1,196 1,301 5,710

DE 0 24,057 33,141 8,285 674 86,141 63,603 22,946 6,586 7,170 6,417 6,805 39,120

FR 32,276 2,892 27,940 6,985 625 45,200 32,763 24,806 3,636 26,559 4,317 5,512 83,370

12 Geth, F. & Brijs, T. & Kathan, J. & Driesen, J. & Belmans, R., 2015. "An overview of large-scale stationary
electricity storage plants in Europe: Current status and new developments," Renewable and Sustainable Energy
Reviews, Elsevier, vol. 52(C), pages 1212-1227.
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LU 0 0 995 249 3 160 485 0 37 49 1,050 1,296 4,920

NL 0 3,496 14,231 3,558 58 5,871 6,060 6,746 2,644 37 0 0 0

For the technical parameters of the power plant types the following values are taken:

Table 4.1.2 Technical parameters of dispatchable generators.
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Table 4.1.3 Technical parameters of storage systems
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For demand and renewable generation, day-ahead (and real-time used for balancing
capacity (BC) sizing) time series for the year 2015 are taken from the respective TSOs.
They are used both to calculate BC requirements and to schedule the day-ahead
stage. Biomass and Hydro are modeled as fixed time series that are deducted from
demand before optimization. The remaining generation capacity is then scheduled to
meet the residual load and BC needs. Load shedding is possible at 3,000 EUR/MWh.
Curtailment of variable RES is possible at no cost. In highly renewable systems, as the
ones studied here, this allows renewable technologies to address most of the
downward BC needs themselves. Imposing a (high) cost of curtailment would
otherwise artificially drive up the cost of balancing. The interconnections between the
countries are modeled as Net Transfer Capacities and are based on the reference grid
for the 2030 of the 2014 TYNDP (ENTSO-E, 2014).

↓ to/from → BE DE FR LU NL

BE 1,000 4,300 0 3,400

DE 1,000 4,800 2,300 5,000

FR 2,800 4,800 0 0

LU 0 2,300 0 0

NL 3,400 5,000 0 0
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BC needs are calculated according to the ENTSO-E methodology requirements (for
this study only FRR, upward requirements are taken into account). To size FRR,
historical quarterly forecast error data for one year are considered. The forecast errors
of the different sources of uncertainty (here: demand, solar, onshore, and offshore
wind) in a control zone (here: countries) are convoluted. FRR are sized to cover 99%
of the forecast errors, aFRR to cover 90% of the quarterly forecast error variations, and
mFRR are calculated as the difference between FRR and aFRR. For both FRR and
aFRR, a dynamic sizing methodology is used whereby the day-ahead forecast is
sorted and divided into 10 bins of 3,504 data points each. For each bin, BC
requirements are calculated. The FRR and aFRR requirements for a time step are then
set based on the bin in which the day-ahead forecast at that time step falls.

4.1.2 Results and Discussion
In this section, we focus only on the trends in these results that apply beyond the case
study. Those trends illustrate two main effects driven by the cross-border coordination
of BC markets in a high-RES power system context:

● an improvement in the cost-effectiveness of the day-ahead scheduling of
electricity generation

● a potentially significant impact on the overall need for back-up capacity
These effects are now discussed consecutively.

4.1.2.1 Improved day-ahead energy scheduling
4.1.2.1.1 System-wide impact
Allowing the exchange and sharing of BC enables the joint day-ahead energy and BC
scheduling to draw on the whole pool of available BC resources, as long as cross-
zonal capacity (CZC) constraints allow it. Rather than being restricted to a control
area’s BC resources to meet that area’s needs, the model can now select both cheaper
BC resources, and BC resources that enable more cost-effective scheduling of the
electricity generation. The former is straightforward: by allowing the exchange or
sharing of BC, control areas can now import available BC with lower reservation costs
(approximated here as 1% of a technology’s operational costs ) from other control
areas. The latter is more complex and relates to the provision of “spinning” BC, i.e. BC
provided by online units.
The provision of spinning BC has two main impacts on the scheduling of capacity in
the model. First, to provide upward spinning BC, some of the online units have to
operate at a point below their maximum output so that they can increase their output
when activated. This drives up system costs by at times tying up low-OPEX capacity
in BC provision that could otherwise be used for generating electricity for export
(modeled explicitly here), and through partial-load efficiency effects (not modeled
explicitly here).
Second, the spinning BC requirements force the model to schedule more high-OPEX
units to be online. In trying to minimize the system cost, the model maximizes the share
of low-OPEX units among the online units. However, those lower-OPEX units are
typically less flexible (e.g., nuclear and coal units in this study). Hence, to be able to
meet the spinning BC requirements, at some point the model has to either replace
these units with more flexible units or bring additional, more flexible units online. This
drives up system costs because these more flexible units are typically also higher-
OPEX units. Hence, due to their non-zero minimum operating points, some of the
lower-OPEX electricity production is displaced by higher-OPEX electricity production.
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Given these dynamics, the exchange and sharing of BC enable more cost-effective
scheduling of the electricity generation by allowing to use more of the online capacity
of lower-OPEX units in a control area for electricity generation by partly relieving them
of their BC commitments through the import of BC. For generation units, this means a
direct increase in electricity generation. For storage units, particularly adept at
providing spinning BC and consequently heavily used in our case study for this
purpose, it means freeing up more charging and discharging capacity for energy
arbitrage purposes.
The overall effect of BC coordination in terms of rescheduling capacity and operational
cost savings is rather small in our CWE-based case study. This is unsurprising, given
that the provision of spinning BC is predominantly related to aFRR requirements,
where the total volume of traded aFRR is only ~2% of the total volume of energy and
BC needs. Comparing the uncoordinated scenario (no coordination) to the exchange
scenario, we observe cost savings of ~25 M€/year, or ~0.1% of the total annual
operating costs of ~21 G€/year. This is linked to a ~0.1% increase in both nuclear and
renewable electricity generation, and a ~3% increase in storage capacity use for
energy arbitrage, offset mostly by a ~0.1% decrease in both coal and CCGT
generation.
Comparing the uncoordinated scenario to the sharing scenario, the effects are more
pronounced. This is a consequence of the significantly reduced BC requirements: 40%
less upward aFRR and 33% less upward mFRR are required. Cost savings increase
to ~150 M€/year, or ~0.7% of total annual operational costs. Changes in electricity
generation are also larger, with similar changes in nuclear and renewable generation,
an increase in coal generation (~0.2%), and a significantly larger reduction in CCGT
generation (~0.4%). Energy-related storage activity increases, but only by ~2%,
reflecting a slightly reduced need for energy arbitrage compared to the exchange
scenario, as the system’s capacity is already scheduled closer to an energy-only
schedule.
It is worth noting that potential cost savings of cross-border BC coordination are missed
due to the clustered UC approach. Greater diversity in the technical and economic
parameters related to energy and BC provision would increase the arbitrage
opportunities and result in increased cost savings.
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Figure 4.1.2: Changes in average use of capacity [MW] (annual sum of energy/8760h) for
energy, and upward aFRR and mFRR between the uncoordinated (“NO”) and coordinated
scenarios (“EX”, “SH”).

4.1.2.1.2 Country-level impacts
While the system-wide impact is modest, much larger effects occur on a country-level.
Out of an array of changes, we focus again on the most significant ones: the scheduling
of CCGT and storage capacity. Figure 4.1.2 shows how their use changes when the
exchange and sharing of BC are introduced.
The impact on these technologies depends strongly on the role they play in the different
power systems. In the considered set-up, in Belgium, CCGT is the most important
dispatchable technology for the generation of electricity. This means that virtually
throughout the whole year a substantial block of CCGT is operating to provide both
energy and BC. As soon as BC exchange is introduced, this presents an opportunity
to use the flexibility of this CCGT capacity by exporting spinning BC to neighboring
countries where this could enable increased electricity generation from lower-OPEX
technologies, i.e. France and Germany. In Luxemburg, a similar impact occurs, but
here the flexibility of the storage capacity gets exported. In the Netherlands, effects are
more nuanced, with increased CCGT-based electricity generation to counteract the
decreased generation in Belgium and Germany, paired with increased CCGT-based
BC procurement, mostly exported to Germany.
In France and Germany, where CCGT mostly complements large blocks of low-OPEX
generation capacity, imports from the other countries in the case study result in large
reductions in the procurement of local CCGT-based BC. Overall, there is an evident
reduction in the amount of locally procured spinning BC. In France, storage capacity is
thus partially relieved from its balancing commitments, allowing it to be used more
heavily for energy arbitrage. Together, these impacts enable the increase in electricity
generation of low-OPEX capacity in these countries, which are the key driving force
behind the observed system cost savings.
Moving from the exchange to the sharing of BC, many of the same dynamics remain
and are now reinforced by the reduced BC requirements. We still observe a shift in BC
procurement towards Belgium and Luxemburg, mostly away from France, where local
BC procurement decreases by 50% (compared to the uncoordinated scenario). In
Germany and the Netherlands, the decrease in procurement is roughly equivalent to
the decrease in local requirements. While Figure 4.3.1.1 only shows averages, it is
important to note that on an hour-by-hour basis we observe the same import and export
of BC that enables lower-OPEX electricity generation. As this now happens in the
context of reduced overall BC requirements, this leads to even more cost-effective
electricity generation scheduling. This is again dominated by what happens in France,
although there is now also a modest increase in the use of lower-OPEX technologies
in Germany and the Netherlands.

Table 4.1.4: Average total use of CZC [MW] for energy and BC (annual sum of
energy/8760h, summed over all interconnections).

Electricity upward aFRR upward mFRR

Uncoordinated scenario 10,908 - -
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Exchange scenario 10,297 1,328 2,960

Sharing scenario 9,909 2,010 7,904

4.1.2.1.3 Cross-zonal transmission capacity allocation
Finally, it is worth considering the allocation of cross-zonal capacity. Looking at Table
4.1.4, we see that in the uncoordinated case on average 10.9 GW of energy is
scheduled to flow over CZC. In the exchange scenario, this decreases to 10.3 GW
while overall scheduled flows increase to 14.6 GW. In the sharing scenario, energy
flows decrease further to 9.9 GW while overall scheduled flows increase further to 19.8
GW. The model thus chooses to make significant use of CZC for the exchange and
sharing of BC. The recurring pattern is that lower-OPEX energy is sent one way while
BC is sent the other. In other words, the import and export of energy are not strongly
impeded by the import and export of BC. Rather, the CZC is used synergetically.
Still, there is some decrease in the scheduled flows of energy as a result of BC
exchange and sharing. This indicates that CZC is occasionally scheduled for the
exchange and sharing of BC even if this restricts energy flows. To understand the
magnitude of this effect, we look at the hours in which the BC flows across the CZC in
the coordinated scenarios are larger than the energy flows in the uncoordinated
scenario allow. In the exchange scenario, this happens on at least one of the
interconnectors during 1,400 hours of the simulated year, related to a 2% decrease in
scheduled energy flows (40% of the overall decrease in scheduled energy flows). In
the sharing scenario, this increases to over 2,800 hours, related to a ~5% decrease in
scheduled energy flows (56% of the overall decrease).
The results thus show that a sequential market design would be suboptimal as the
impact of BC on CZC scheduling would not be considered during the CZC scheduling
for energy. At the same time, the results suggest that a significant share of the benefits
of cross-border coordination would likely still be captured in a sequential design.
Further quantification of both the benefits of coordination and the efforts of moving
towards a joint market clearing have to inform this market design decision.

Figure 4.1.3: Load-duration curves for the use of capacity for energy and BC (“T”) and
energy (“E”) activities for CCGT and OCGT in Belgium (“BE”) and Germany (“DE”) in
the uncoordinated (“NO”) and coordinated scenarios (“EX”, “SH”).



Spine ● D6.1 Summary of case studies Page 58 of 73

2020-01-31 [Public]

4.1.2.2 Impact on the total need for back-up capacity
In the previous subsections, we have discussed how BC coordination impacts power
system operation, namely through its impact on the provision of spinning BC, and thus
generates benefits. However, the results of our case study show that the impact of BC
coordination on the provision of non-spinning BC, i.e. the provision of upward mFRR
through starting up flexible units, and through this its impact on the total need for back-
up capacity in a power system is arguably of much greater importance.
In our model set-up, which focuses on power system operation, non-spinning BC
coordination did not generate substantial cost savings. That is because there is a large
amount of capacity in every country of our case study that can provide such non-
spinning BC. The CCGT, OCGT, and ICE capacity, all assumed to be able to provide
non-spinning BC, sums to 111 GW (able to cover 48% of a 231 GW peak demand).
Consequently, there are very few direct operational cost savings to be realized from
exchanging or sharing non-spinning BC.
This large amount of fast-starting capacity is not a peculiarity of our case study. Rather
it is an expected and explicable trait of power system portfolios with high renewable
shares. As the renewable share of a power system increases, the residual demand
curve shifts towards a profile that, purely in economic terms, is more suited to be met
by lower-CAPEX technologies like the CCGT, OCGT, and ICE technologies in our case
study. Moreover, given the low “firm capacity” contributions of variable renewables, a
large amount of such capacity is needed to cover the residual demand curve and meet
system adequacy targets. For example, in our case study, this volume of CCGT,
OCGT, and ICE capacity is needed to ensure that all countries’ portfolios are able to
meet an Expected-Energy-Not-Served target of <0.01%. These low-CAPEX
technologies are also quite flexible. Consequently, the capacity that is installed to meet
the system adequacy-related “back-up capacity” needs can also be used to meet the
operational reliability-related “flexible capacity” needs.
With this high-OPEX, high-flexibility capacity thus already installed, non-spinning BC
coordination does not generate significant cost savings. It does, however, have a
substantial impact on the way this capacity gets used. What is of particular interest
here is how it impacts (1) the attractiveness of investing in, and (2) the overall need for
such capacity. Figure 4.1.3 shows a selection of load-duration curves for the total use
(energy and BC) and the energy use of CCGT and OCGT capacity that highlight these
impacts.
For the CCGT capacity in our case study, two impacts are observed. On the one hand,
in Belgium, Luxemburg, and the Netherlands (represented in Figure 4.1.3 by the
Belgian case), allowing BC exchange boosts the use of CCGT capacity, as it is now
also used for the export of BC. However, this increase in activity might not result in a
significant increase in revenue given that such activities typically generate less
revenue than electricity production. Moreover, allowing BC sharing more or less
cancels out the increase in activity. In terms of electricity generation, we see the minor
changes mentioned earlier when discussing Figure 4.3.1.1. Overall, the CCGT
capacity in these countries could roughly maintain the same level of attractiveness for
investment.
On the other hand, in Germany and France (represented in Figure 4.1.3 by the German
case), BC coordination exacerbates an already poor case for investment. In both
countries, ~15 GW of CCGT capacity gets used for less than 10% of the year. The



Spine ● D6.1 Summary of case studies Page 59 of 73

2020-01-31 [Public]

remainder of the CCGT capacity sees a significant drop in use, namely its use for BC
purposes. Still, as Figure 4.1.3 shows, the total need for capacity remains unchanged.
As such, the main opportunity presented by BC coordination here seems to not lie in a
reduction in the need for capacity, but in the shift it enables from CCGT towards even
lower-CAPEX technologies better suited in economic terms to meet these capacity
needs, e.g., OCGT. Cross-border BC coordination can thus reduce the power system’s
generation investment needs.
For the OCGT (and ICE) capacity in our case study, we see a similar impact: BC
coordination greatly reduces the use of this capacity without being able to eliminate
the need for the capacity altogether. In all countries, the vast majority of this capacity,
already starting from poor load-duration curves (in economic terms), ends up getting
used for less than 100 hours of the year in the sharing scenarios. For the system as a
whole, ~25 GW of this capacity gets used for less than 20 hours. Here, similar to the
shift discussed above, the main opportunity is to shift from the construction of this
extremely rarely used capacity (which might already require additional financial support
to attract investment) to the use of, for example, reserve shedding or infrequently used
high-capacity demand response. This could further reduce the power system’s
generation investment needs and thus also the cost of ensuring system adequacy and
power system reliability.

4.2 Case study C2: Power grid investments under uncertainty

4.2.1 Description

4.2.1.1 Aim
The purpose of this case study is to build a long-term power grid investment model of
part of the Nordic system, that also takes into account short-term operational detail.
The model finds which transmission lines to build (and when) from a set of candidate
ones, so as to minimize both operational and investment costs over a long term
horizon, for different operational scenarios.

4.2.1.2 Input data
Data for the power system is obtained from the N490 model developed at KTH. The
N490 is provided as a Python package that generates DC power flow data for the
Nordic synchronous power system (Norway, Sweden, Finland, and Denmark) via a
spatial disaggregation process13. The resulting system has 494 nodes distributed
across 10 market areas, 1079 hydro and thermal generators, 1364 wind farms, 594
lines, and 55 transformers. The data includes generator capacity, bus demand, and
transmission line reactance, among others.
Scenario data is obtained using a custom methodology developed at KTH. The
methodology produces a weekly resolution time series for wind power generation,
starting March 2021, for each market area and three different scenarios of wind
evolution. A share of this area-level time series is then assigned to each individual wind
farm within the area, according to the static share from the original N490 snapshot.
A static variable operational cost (euro per MW) is assumed for non-wind generators.
The overnight investment cost for transmission lines is then assumed to be ten times

13 A. S Kumar, I. Kouveliotis-Lysikatos, E. Nycander, J. Olauson, M. Marin, M. Amelin and L. Söder, “Open
Nodal Power Flow Model of the Nordic Power System,” 2021 IEEE PES PowerTech, Madrid.
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that cost (regardless of the line location). Finally, candidate lines are created by
selecting two pairs of nodes in the system at random. This methodology will be
improved and extended in further versions of the case study. The reason for using a
simplistic approach here is to focus on the flexibility of the model, so that any
improvements in data collection can be applied with no additional effort from the
modeller.

4.2.2 Implementation

4.2.2.1 Version information
Table 4.2.1 presents the version currently used for each of the components.

Table 4.2.1. Version of components used in the current implementation.

Component Version
Spine Toolbox 0.7.0
SpineOpt 0.5.9

4.2.2.2 Modelling choices
The time-horizon for the model is set to 10 years, and the operational resolution to 1
week. This means that each week in the 10 year horizon is modelled as a single time
step. The purpose of this choice is to keep computational time at bay, while also
capturing part of the short-term operational detail.
The SpineOpt model is set to use Benders decomposition for the investment variables
with a maximum of 3 iterations. Power flows are modelled using SpineOpt’s builtin
PTDF formulation.
4.2.2.3 Spine Toolbox project
Figure 4.2.1 shows the Spine Toolbox project for this case study. The main
components are described below:

● Load template 1 (Tool): Loads the SpineOpt template. This includes the
classes and parameter definitions that form the structure of the model, but not
any objects or parameter values.

● N490 (Tool): Generates DC power flow data for the Nordic system by calling
the appropriate functions from the N490 Python package14.

● Import op data (Importer): Imports power system data (excluding line
capacities) from the original N490 sources in Excel into the SpineOpt specific
format.

● Input op (Data Store): Contains operation data for running SpineOpt. When
the user executes the project, this dataset is automatically populated with data
from all the previous components.

● SpineOpt (Tool): Runs SpineOpt on the above Data Store, and writes results
to another Data Store. Note that this run only optimizes operation decisions for
a single snapshot (not investment decisions) and doesn’t enforce line
capacities.

● Export line flows (Exporter): Exports line flows as computed by the above
Tool into a tabular format.

● Select candidates (Tool): Selects candidate lines for investment. The line
flows computed by SpineOpt are compared to the line capacity reference to

14 https://github.com/iasonask/spatial-disaggregation
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calculate an index of line congestion. The one hundred most congested lines
are then selected.

● Import candidates (Importer): Imports candidate line data as computed by the
above tool into the SpineOpt format, including relevant parameters.

● Compute frac demand (Tool): Takes power system data from N490 and
computes the market area generation share for each wind farm. This is used to
distribute area-level wind generation among individual farms, via SpineOpt’s
`fractional_demand` parameter. (Note that wind power injection is implemented
as a negative demand).

● Import fract demand (Importer): Imports wind generation share data as
computed by the above Tool into the SpineOpt specific format.

● Import wind scenarios (Importer): Imports wind generation time series data
for different scenarios, from the original Excel sources into the SpineOpt specific
format.

● Import op data + line caps (Importer): Imports power system data, including
line capacities, from the original N490 sources in Excel into the SpineOpt
specific format.

● Investment template (Data Store): Provides template data for running
SpineOpt with investment decisions, and using Benders decomposition to solve
the optimisation problem.

● Input op+inv (Data Store): Contains operation and investment data for running
SpineOpt. When the user executes the project, this dataset is automatically
populated with data from all the previous components.

● SpineOpt 2 (Tool): Runs SpineOpt on the above data store, and writes results
to another data store. Each scenario is run on a separate process, using
Python’s builtin multiprocessing system. Note that this run optimizes investment
and operation decisions over each scenario, and enforcing line capacities to
capture the value of investments.

● Output opt+inv (Data Store): Contains SpineOpt results, including both
investment and operation decisions.
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Figure 4.2.1. Spine Toolbox project for Case study C2.

4.2.3 Results
The model converges after two Benders iterations. Each Benders iteration takes about
three hours to complete on a i7 CPU with 16 GB RAM, using Julia 1.6 and Gurobi 9.1
as optimizer (all three scenarios running in parallel). During this time, the user is able
to run common tasks (word processor, Internet browser) without a very significant
impact on performance. This shows the efficacy of Spine Toolbox’s parallelization
scheme.
Figures 4.2.2 to 4.2.4 show results of the model. Figure 4.2.2 shows the result of
importing the N490 data into SpineOpt format. Figure 4.2.3 shows the selected
investment candidates, based on congestion from the operation run. Figure 4.2.4
shows the finally invested lines as computed by SpineOpt. We see that candidates are
mainly located over an area at the bottom of the figure, that is weakly connected to the
rest of the system and does not have too much local generation. SpineOpt selects
investments so as to reinforce that link and bring generation into that area, which
seems like a reasonable solution. Note that node placements in all of these figures do
not correspond to actual geographical locations, but rather to the result of an ad-hoc
algorithm that optimizes visualization.

Figure 4.2.2. The N490 model of the Nordic synchronous system ported to SpineOpt,
with nodes in blue, generating units in red, and lines in green.
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Figure 4.2.3. The N490 SpineOpt model with the 100 selected investment candidate
lines in dark yellow.

Figure 4.2.4. The N490 SpineOpt model with the 16 invested lines in pink.
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4.3 Case study C3: Integrated energy system planning with high
operational detail

4.3.1 Description

4.3.1.1 Aim
This case study demonstrates investments for an integrated energy system with very
high levels of variable renewable generation. In order to ensure the flexibility
requirements of the power system are met, high levels of operational detail are
included in the investment model. The hosting capacity of the electricity grid for variable
renewable generation is increased through the introduction of a hydrogen grid. This
facilitates high levels of sector coupling, with hydrogen meeting a portion of the
demand in the heat, transport and industry sectors. Hydrogen is also an ideal energy
vector for long term energy storage, which is considered as an investment option, along
with electrolysers, hydrogen generation (including hydrogen fuelled CAES) and other
competing generation and storage technologies. SpinePeriods is used to generate
ordered representative periods15. While dispatch decisions are made for the
representative periods (20 or 10 representative days), the state of each of the storage
nodes is defined for the whole year, facilitating the optimisation of seasonal storage.

4.3.1.2 Input data
Power plant data for a base power system (existing plant which are still expected to be
operational in 2030) are taken from the SEM PLEXOS forecast model16. In addition,
extra capacities of generation technologies which are not considered as investment
options (biomass, waste, hydro) are also included. Total capacities for these
technologies are matched to those outlined in the TYNDP 2020 Global Ambition
scenario17.  Load and demand time series are also taken from the TYNDP 2020
dataset.
The viability of hydrogen technologies will be influenced by a large number of
interacting factors, with a high degree of uncertainty. As such, a wide range of
scenarios are considered and the impact on optimal investment decisions are
explored. The explored scenarios are outlined below:
Global Ambition (GA): One of three scenarios considered in ENTSO-E's TYNDP
2020. It is a top down, full energy perspective scenario in line with COP21 targets.
Generation capacities (not covered by investment options), wind and load time series
and hydrogen demand are all based on the TYNDP data
High Fuel Price (HFP): Higher fuel (≈ +30%) and carbon prices are assumed
Hydrogen Network (HN): A portion of the gas network is converted to 100% hydrogen,
facilitating the large-scale adoption of hydrogen space heating. Hydrogen demand for
space heating is estimated using the Spine demand tool (WP 5).
Technology Breakthrough (TB): Electrolysers are assumed to reach lower costs and
increased efficiencies

15 S. Gonzato, K. Bruninx, E. Delarue, 2021. "Long term storage in generation expansion planning models with a
reduced temporal scope," Applied Energy, vol 298.
16 https://www.semcommittee.com/publications/sem-20-003-sem-plexos-forecast-model-2020-2025
17 https://tyndp.entsoe.eu/documents
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High RES (RES): Capital costs for PV and wind generators are 10% lower,
encouraging increased levels of investment

4.3.2 Implementation

4.3.2.1 Version information
Table 4.3.1 presents the version currently used for each of the components.

Table 4.3.1. Version of components used in the current implementation.

Component Version
Spine Toolbox 0.5.38
SpineOpt 0.6.1

4.3.2.2 Modelling choices
For each scenario, representative periods are selected, considering time series for
renewable generation and both electricity and hydrogen demand. The investment
problem is first solved for 2030. Capacities of renewable generation are based on the
TYNDP Global Ambition scenario, and existing conventional plants which are still
expected to be operational are also included. Investment options include: Additional
wind (onshore and offshore) and solar generation capacity, CCGT (either a stand alone
CCGT plant or an additional CCS unit can also be added), OCGT, and batteries. For
the hydrogen network, a hydrogen fuelled compressed air energy storage (CAES)
plant is included as an option, as well as hydrogen fuelled combustion turbines
providing peaking capacity, and PEM electrolysers. Future work should also consider
hydrogen fuel cells. However, due to the very limited existence of district heating in
Ireland, the alternative Hydrogen Network scenario facilitates high demands for
hydrogen for heating. It is assumed that the hydrogen demand defined in the Global
Ambition scenario can be met by importing “blue hydrogen” (hydrogen produced
through the steam reforming of methane combined with carbon capture and storage)
into the hydrogen network. However, it is assumed that “blue hydrogen” is a transitional
fuel and increased demand either in the Hydrogen Network scenario or any of the 2040
scenarios must be met by “green hydrogen”. Fig. 4.3.1 shows a sample of the
implementation of the hydrogen network in SpineOpt. The “green hydrogen” will also
displace the available “blue hydrogen” when it is economic to do so.
Simulations are repeated for 2040, with updated demand and cost assumptions.
Further plants are retired according to expected lifetime and investments made in 2030
are added to the starting portfolio for 2040.
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Figure 4.3.1. Sample of SpineOpt implementation of the Hydrogen Network.

The CAES plant implementation in SpineOpt is shown in more detail in Fig. 4.3.2. It
consists of 3 main units, an air compressor (for charging), and an air expander (for
discharging) which is linked to the hydrogen fuelled gas turbine. Unit constraints link
the operations of these units, ensuring that the fuel use and round trip efficiency of the
combined plant is accurately captured. The plant is linked to 3 nodes – hydrogen as a
fuel source, an air node where the compressed air from the compressor can be stored
and later released when the plant is in generation mode.

Figure 4.3.2. Sample of SpineOpt implementation of the hydrogen fuelled CAES plant.

As mentioned, another investment option included is a CCGT-CCS plant. The SineOpt
implementation is shown in Fig. 4.3.3. The CCGT plant can decouple from the CCS
unit, increasing the output range of the plant. When the CCS is operating unit
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constraints ensure the combined plant efficiency is accurately reflected and the
reduced emissions are captured.

Figure 4.3.3. Sample of SpineOpt implementation of CCGT-CCS plant.

4.3.2.3 Spine Toolbox project
Figure 4.3.4 shows the Spine Toolbox project for this case study. The project contains
10 input and 10 output databases. SpineOpt was run from the command line:

Figure 4.3.4. Spine Toolbox project for Case study C2.

4.3.3 Results
The 2030 investment decisions can be seen in Figure 4.3.5 for generation capacity
and the electrolysers. The renewable generation investments can be seen in Figure
4.3.6 and the energy capacities of the storage investments can be seen in Figure 4.3.6.
Note that the battery energy capacities have been multiplied by 10.
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Figure 4.3.5. 2030 investment capacities - generation, including storage and electrolysers

Figure 4.3.6. 2030 investment capacities - renewable generation

Figure 4.3.7. 2030 investment capacities - storage energy capacities
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At the assumed carbon price of €35/tonne of CO2 CCS combined with CCGT is not
cost effective, and in 4 / 5 scenarios, while CCGTs are required for generation capacity
no CCS-CCGT units are invested in.   However, for the High Fuel Price scenario with
a carbon price of €50/tonne of CO2 one CCS-CCGT is invested in.
The relatively low hydrogen demand in 2 / 5 of the 2030 scenarios is met solely by the
import of “blue hydrogen”, and no investments in electrolysers occur. For the
Technology Breakthrough scenario 100MW of electrolysers appear, with lower capital
costs and higher efficiency.  700MW results from the High Fuel Price scenario, where
the “blue hydrogen” also sees higher prices. The largest number of investments in
electrolysers occurs for the Hydrogen Network scenario, with increased levels of
hydrogen demand.
Battery investments of between 191 - 300 MW occur across the 5 scenarios, although
in all scenarios higher capacities of Hydrogen fuelled CAES are chosen as an
alternative storage option. This decision will be heavily influenced by assumed capital
costs18 19.
High capacities of wind and solar generation capacity are assumed according to the
Global Ambition scenario, while further capacities are also considered as an
investment option. Additional solar PV generation is selected for all scenarios, the
highest capacities being added in the High Fuel Price scenario. Additional on shore
wind is also chosen for this scenario.
The energy capacity of the storage investments can be seen in Figure 4.3.7. In the
absence of electrolyser investments, only modest volumes of underground Hydrogen
storage are invested in, which is used to store and fuel the Hydrogen CAES plant.
Larger investments occur when coupled with the electrolyser investments, although
the cycle is in the order of days typically. However, for the Hydrogen Network scenario
which has significantly higher demand in the winter months, a seasonal pattern also
emerges (see Figure 4.3.8).

Figure 4.3.8. Underground Hydrogen storage trajectory for 2030 HN scenario

18 W. Cole, A. W. Frazier, C. Augustine, "Cost Projections for Utility-Scale Battery Storage: 2021 Update,"
National Renewable Energy Laboratory
19Y. Huang, H.S. Chen, X.J. Zhang, P. Keatley, M.J. Huang, "Techno-economic modelling of large scale
compressed air energy storage systems," The 8th International Conference on Applied Energy – ICAE2016
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The 2040 cumulative investment decisions can be seen in Figures 4.3.9 - 4.3.11 - i.e.
this combines the 2030 and 2040 investments.

Figure 4.3.9. 2040 investment capacities - generation, including storage and electrolysers

Figure 4.3.10. 2040 investment capacities - renewable generation
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Figure 4.3.11. 2040 investment capacities - storage energy capacities

By 2040 “green hydrogen” has become competitive, with “blue hydrogen” imports
greatly reduced / eliminated. The large predicted hydrogen demands for the  scenarios,
particularly the Hydrogen Network scenario, lead to large investments in electrolysers
and underground hydrogen storage, facilitating large-scale seasonal storage. Figure
4.3.12 shows the storage trajectory for the underground Hydrogen storage for the
Global Ambition scenario.

Figure 4.3.12. Underground Hydrogen storage trajectory for 2040 GA scenario

Hydrogen CAES also emerges as the generating technology of choice, providing
flexibility and load shifting both through the use of Hydrogen and the compressed air.
However, it should be noted that geographical constraints for the locating of CAES
plants have not been considered. Future work will consider restrictions on the CAES
investments, which will likely lead to increased investments in batteries and
conventional generators, with perhaps the possibility of hydrogen combustion turbines
emerging as a viable investment option.
An additional set of runs was completed for the 2030 scenarios with a lower level of
operational detail in order to assess the impact on investment decisions. All reserve
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requirements were removed along with the inertial floor constraint. The investment
decisions are shown in Figures 4.3.13 - 4.3.15. Compared to the original 2030 results,
over investments consistently occur for the variable renewable generation. Lower
investment levels occur for conventional dispatchable plants, particularly the CCGT
which plays an important role in meeting the inertia requirements of the system,
contributing to system stability. Neglecting reserve requirements leads to an
underestimation of renewable integration costs and curtailment levels. This leads to
the over investment in the wind and solar generation, but despite the additional
capacities, electrolyser investments remain at a similar level, as for a given share of
variable renewable generation, very low price energy (curtailed wind and solar) ideal
for powering the electrolysers is underestimated. As the wind and solar investments
are significantly higher, the investments in underground hydrogen storage also
increase significantly in 4 out of 5 of the scenarios. These discrepancies highlight the
importance of sophisticated tools for planning the future energy system, with the ability
to include sufficient detail and also the ability to capture the interactions between the
different sectors which are becoming increasingly integrated.

Figure 4.3.13. 2030 alternative investment capacities - generation, including storage and
electrolysers (no reserve or inertia constraints)
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Figure 4.3.14. 2030 alternative investment capacities - renewable generation (no reserve or
inertia constraints)

Figure 4.3.15. 2030 alternative investment capacities - storage energy capacities (no
reserve or inertia constraints)


