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A B S T R A C T

The energy transition imposes a shift towards renewable energy sources, and the integration of variable
ones introduces significant risks to power system stability. Variable renewable energy sources are mostly
unpredictable and can provide limited spare capacity to compensate for imbalance in demand and supply. To
meet system adequacy and reliability requirements, the power system is operated with different types of reserve
margins to ensure the availability of spare capacity at various time scales. However, despite existing guidelines
to operate the current system, limited methodologies have been proposed to estimate reserve requirements for
future power systems with high penetration of renewables, including their integration into planning tools. In
this study, a comprehensive methodology is proposed to estimate the least-cost power system design which
include an endogenous stochastic model for estimating reserve requirements interfaced to a Mixed-Integer
Linear Programming model. The proposed stochastic reserve estimation model incorporates generator tripping
events, renewable energy variability, and ramping characteristics of the residual demand, extending ENTSO-E
guidelines to accommodate future scenarios with high penetration of renewable energy sources. Furthermore,
a non-linear parametric function is trained to represent the results of the stochastic reserve estimation model
and then integrated into an optimization model to plan future power systems, using an iterative approach.
The methodology is validated on the current South African power system. The results indicate the model’s
effectiveness in optimizing reserve requirements, showing substantial benefits in including storage and other
renewable energy technologies to meet future energy demands, while reducing carbon emissions and enhancing
grid reliability.
1. Introduction

1.1. Motivation

Accurate planning, management and safe operation of power sys-
tems are critical to ensuring their reliability and stability [1]. One
way to ensure this is by the procurement of adequate reserve margins
both in the short and long-term. However, the increasing integration of
renewable energy sources (RES) is challenging the traditional dynamics
as they reduce the market profitability of traditional power plants
that are also typically involved in providing such reserve margins. As
the energy transition demands increasing shares of renewable sources,
the need to integrate reserve sizing into energy planning has become
significantly relevant [2].

∗ Corresponding author.
E-mail address: enrico.giglio@polito.it (E. Giglio).

The European Network of Transmission System Operators for Elec-
tricity (ENTSO-E) has established robust guidelines for the estimation
of the different types of reserve, spatially distributed to ensure the
reliable operation of the European regional power system [3]. The
current European System Operators adhere to these provisions; yet, the
future energy system is demanding significant shift in technologies that
requires further investigation, also including the role of storage to serve
the different reserve services.

This study builds on the ENTSO-E approach and develops an en-
hanced comprehensive reserve sizing model (primary, secondary and
tertiary) that continues to account for tripping events, while explicitly
incorporating variable RES (vRES) penetration, load uncertainty and
residual demand variations, which are not explicitly addressed in the
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Nomenclature

Abbreviations

Aux STG Auxiliary Steam Turbine Generators
BESS Battery Energy Storage System
CSP Concentrated Solar Power
DG Dispatchable Generator
EL Proton Exchange Membrane Electrolyzer
ENTSO-E European Network of Transmission System

Operators for Electricity
FC Fuel Cell
HP Hydropower Plant
PHS Pumped-Hydro Storage
PV Photovoltaic
RES Renewable Energy Source
RMSE Root Mean Square Error
ToR Type of Reserve
VRD Variation of Residual Demand
vRES Variable Renewable Energy Source
WT Wind Turbine
Indices and Sets
𝑡 Indices of snapshots in Monte Carlo simu-

lations domain
𝛺𝐺 Set of DGs
𝛺𝐿 Set of loads
𝛺𝑅 Set of vRES generation techs
𝛺𝑆 Set of storages
𝛺𝑇 Set of timestep 𝑡
𝛺𝑀 𝐶 Set of timestep 𝑡
𝛺𝑅𝑟𝑞

Sets of ToR (FCR, aFRR, mFRR, RR)
𝑔 Indices of DGs unit
𝑟 Indices of vRES generation unit
𝑠 Indices of storage units
𝑡 Indices of operating snapshots in MILP

optimizations domain
Parameters

𝜂𝑐 ℎ𝑠,𝑛 Charging efficiency coefficients
𝜂𝑑 𝑠𝑐𝑠,𝑛 Discharging efficiency coefficients
𝜂𝑠𝑑𝑠,𝑛 Self-discharge coefficient
𝜆𝑎 Number of failures per year of the 𝑎th

components
𝜇𝑡𝑟𝑖𝑝
𝑎 Tripping probability of the 𝑎th components

𝜎𝑙 Standard deviation related to forecasting
error of 𝑙th load

𝜎𝑟 Standard deviation related to forecasting
error of 𝑟th techs

𝑐 𝑐𝑎,𝑛 Capital costs specific of the 𝑎th components
𝐶 𝐹𝑟,𝑛,𝑡 Capacity factor of 𝑟th vRES unit at 𝑛th

node at 𝑡th time step
𝑒𝑚𝑎𝑥𝑠,𝑛,𝑡 Maximum SoC of the 𝑠th storage unit
𝑒𝑚𝑖𝑛𝑠,𝑛,𝑡 Minimum SoC of the 𝑠th storage unit
𝑓𝑙 𝑛,𝑡 Power flow in the line 𝑙 𝑛th at 𝑡th time
𝐾𝑙 𝑛,𝑛 Networks’ incident matrix in the line 𝑙 𝑛th

of the 𝑛th node
𝑙𝑙 ,𝑛,𝑡 Mean hourly 𝑙th load
𝑜𝑐𝑎,𝑛 Operational costs specific of the 𝑎th

components
2 
𝑝𝑚𝑎𝑥𝑎,𝑛,𝑡 Max percentage of power that can be sup-
plied or procured by the 𝑎th component at 𝑡th
timestep

𝑝𝑚𝑖𝑛𝑎,𝑛,𝑡 Min percentage of power that can be sup-
plied or procured by the 𝑎th component at 𝑡th
timestep

𝑠𝑤𝑡 Weight of the 𝑡th snapshot
𝑡𝑉 𝑅𝐷 VRS time step
Variables

𝑑𝑎,𝑛,𝑡 Mean hourly electrical power supplied or pro-
cured at 𝑡th time step by the 𝑎th component of
the 𝑛th node

𝑑𝑐 ℎ𝑠,𝑛,𝑡 Mean hourly charge power of the 𝑠th battery
𝑑𝑑 𝑠ℎ𝑠,𝑛,𝑡 Mean hourly discharge power of the 𝑠th

storage unit
𝑒𝑠,𝑛,𝑡 State-of-Charge of the 𝑠th storage at 𝑡th

timestep
𝐸𝑠,𝑛 Nominal capacity (energy) of the 𝑠th storage

unit
𝑓𝑜𝑏𝑗 Objective function
𝑃𝑎,𝑛 Nominal capacity (power) of the 𝑎th compo-

nent at the 𝑛th node
𝑅𝛥𝑓
𝑟𝑞 ,𝑡 Power reserve imbalance due to frequency im-

balance at 𝑡th timestep in Monte Carlo domain

𝑅𝑖𝑚𝑏
𝑟𝑞 ,𝑡 Total power reserve imbalance at 𝑡th timestep

in Monte Carlo domain
𝑟𝑇 𝑜𝑅𝑎,𝑛,𝑡 Reserve supplied by the 𝑎th component at 𝑡th

time step per each ToR
𝑅𝑡𝑟𝑖𝑝
𝑟𝑞 ,𝑡 Power reserve imbalance due to tripping at 𝑡th

timestep in Monte Carlo domain
𝑅𝑉 𝑅𝐷
𝑟𝑞 ,𝑡 Power reserve imbalance due to VRD at 𝑡th

timestep in Monte Carlo domain
𝑟𝑎,𝑛,𝑡 Total reserve supplied by the 𝑎th component at

𝑡th time step
𝑅𝑇 𝑜𝑅
𝑟𝑞 Reserve request per each ToR at 𝑡th time step

𝑅𝐷𝑡 Residual demand at 𝑡th time step
𝑠𝑎,𝑛,𝑡 Status (on/off) of the 𝑎th component at 𝑡th

time step
𝑢𝑎,𝑡 Availability (on/off) of 𝑎th components at 𝑡th

timestep in Monte Carlo domain
𝑉 𝑅𝐷𝑡 Variation of residual demand at 𝑡th time step
𝑧𝑎,𝑡 Occurrence (on/off) of fault of 𝑎th components

at 𝑡th timestep in Monte Carlo domain

original guidelines, to capture dynamics for any present and future
energy system. The model will be seamlessly integrated into an elec-
trical system planning framework that includes storage technologies as
a reserve source. By extending and refining the ENTSO-E framework,
his research enables wider applicability across different countries and
nticipates the increased uncertainties associated with future vRES
enetration levels.

1.2. Reserve definitions

In power systems, it is crucial to ensure instantaneous balance of
demand and supply to maintain system stability, and reserve require-
ments have been defined accordingly to ensure this secure continuous
operation under uncertainties [4]. To achieve this, assets of the power
system need to adapt their current operating conditions, upwards or
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downwards, in real-time to re-establish the equilibrium and the quality
f service [5]. Quick reaction time can be achieved in limited quantity
y only few assets that are currently operating with control systems
hat act proportionally to frequency deviations, as no manual inter-
ention can be fast enough [6]. This high quality reserve band, often
eferred as primary reserve or Frequency Containment Reserve (FCR)
y ENTSO-E, is degraded anytime the frequency of the system does not
atch the reference value. To ensure the average frequency value is
aintained and restored quickly after imbalance events, an additional

lower control system under the name of Frequency Restoration is
mployed, where a distributed signal is sent to selected generation
nits to change their operation to restore the frequency to the target
alue [5]. This action involves slower dynamics and some manual

interventions may be possible. Specifically, in the ENTSO-E frame-
work [7], the corresponding spare power for frequency restoration
s named Frequency Restoration Reserve (FRR) and is distinguished
nto an automatic (aFRR) and manual (mFRR) shares; the automatic
ne is also known as secondary reserve. Lastly, to restore the FRR
eserve in longer time horizons, further manual actions can be taken

to change the operating conditions of the system. The corresponding
pare power bands are named Replacement Reserve (RR) or tertiary

reserve, compliant to the ENTSO-E format [7,8].
The need for different types of reserve clearly stems from the

physical need of guaranteeing the secure balance of the system across
time, both in the real-time and short-term, which is why definitions of
eserve have been established. Different Transmission System Operators
TSOs) may employ various terminologies for reserves to cover similar
perational needs as those reported in the ENTSO-E guidelines [9]. For
xample, in North America, the Federal Energy Regulatory Commission
FERC) uses terms like Spinning and Non-Spinning Reserve [10]. In the
outh African power system, reserve requirements categories include
nstantaneous Reserve, Regulating Reserve, Ten-Minute Reserve, Emer-
ency Reserve, and Supplemental Reserve, each addressing different
imeframes and operational needs [11], which cover the same needs
s ENTSO-E but with slightly different constraints. Instantaneous and
egulating reserve shall operate within 10 s and be fully activated in
0 min; ten-minute and emergency reserve must be available within
0 min to restore the other reserves. Finally, the supplemental one is
he slowest with 6 h delay.

Despite differing names, these reserves address the same physical
eeds of the power system, as shown in Fig. 1, ensuring rapid response
o disturbances and sustained balancing over time.

To summarize the reserve types within the ENTSO-E framework:

• FCR (primary reserve) is activated immediately after an imbal-
ance event, e.g. the tripping of a large generator, to restore
supply–demand balance (approximately 30 s to be fully avail-
able).

• aFRR (secondary reserve) is activated slightly after FCR to help
restoring frequency and power balance (approximately 5 min to
be fully available).

• mFRR and RR (tertiary reserve) are engaged subsequently to aFRR
(approximately 12.5–15 and 30–45 min to be fully available),
contributing further to maintaining system balance and stability.

These categorizations ensure a comprehensive approach to managing
power system stability, accommodating both immediate and prolonged
balancing needs. Although based on ENTSO-E guidelines, the nomen-
lature reflects the similar operational requirements of TSOs glob-
lly, ensuring the approach is applicable beyond the specific ENTSO-E

context and, for this reason, has been used as reference for this paper.

1.3. Techniques for reserve estimation

Different techniques have been proposed to quantify how much
reserve by type shall be guaranteed to ensure an acceptable level of
3 
security of the system. The primary reserve (FCR) is typically deter-
mined using a deterministic approach based on historical data and
worst-case scenarios [12] in order to ensure an immediate response to
frequency deviations. The secondary (aFRR) and tertiary (mFRR and
RR) reserves use a combination of empirical methods and probabilistic
approaches [13]. The empirical methods are based on peak load values
and historical data, while the probabilistic approaches incorporate
variables such as plant outages, load variations, forecast errors and
exchange schedules to calculate reserve requirements with a high level
f statistical confidence [14]. Authors in [15,16] extended the ENTSO-

E framework to scenarios with a high penetration of vRES and the
nclusion of storage technology in the power reserve supply. Their
odels included the integration of primary reserves, assuming a fixed

alue of 3000 MW for the European area, and focused on improving
the methodologies for secondary and tertiary reserves with high vRES
levels. However, these studies adopted fixed values for primary reserve,
eglected the impact of ramps and asset tripping into the reserve, and

the modelling of tertiary reserve does not extend across multiple time
horizons.

The North American Electric Reliability Corporation (NERC) has
raditionally emphasized a static reserve requirement, where reserve
alues are predefined and only adjusted for specific times of day or
onditions [6]. However, recent studies suggest the need for dynamic

reserve requirements that respond to real-time system conditions, par-
ticularly with the increasing penetration of vRES such as wind and
olar [17].

The authors of [14] have developed a comprehensive methodology
for estimating secondary and tertiary reserve requirements based on
data-driven approaches for the current power system. This methodol-
ogy, tested in Northern Italy for the current system, is in line with
ENTSO-E and Italian TSO (Terna) guidelines [18] and provides detailed
calculations for spinning and non-spinning reserves. However, this
approach does not incorporate future scenario planning nor primary
reserve estimation, indicating an area for further research and devel-
pment. Additionally, while the methodology considers load forecast
rrors and integrates the effect of residual load variation in the calcu-
ation of tertiary reserve needs, it is modelled for a maximum duration

of one hour, which may not fully capture the requirements for longer-
term stability provided by RR. This highlights the need for a more
extended reserve duration model and the inclusion of RR to ensure
comprehensive system reliability.

Reserve estimation methodologies vary significantly across regions
and contexts. According to the literature and to the best of the authors’
knowledge, various techniques have been proposed, but there is a
gap in dynamic reserve quantification methodologies that extensively
model uncertainty and are applicable to future power systems capacity
planning with varying degrees of vRES penetration. Existing techniques
are generally derived from standard practices and focus on the op-
eration of current systems, as such their acceptability to significantly
different future systems has yet to be validated. That is why it is deemed
useful in this study to provide a consistent statistical framework to
probabilistically estimate the non-linear reserve requirements for any
system configuration and customizable levels of risk.

1.4. Reserve requirements in power system planning

Incorporating reserve requirements into power system planning is
rucial for maintaining long-term system reliability, especially with the
ncreasing integration of vRES. Several studies have integrated reserve
stimation into energy planning models, but significant gaps remain in

addressing all necessary aspects comprehensively.
The authors in [16] extended the ENTSO-E framework to include

high vRES scenarios and the planning of storage and vRES technologies.
Their model allowed for storage technologies to balance supply and
demand and to provide reserve capacities. However, as highlighted
in the previous section, it presents gaps in the model for reserve
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Fig. 1. Graphical comparison between the different types of reserve under the different definitions. Inspired by [10].
estimation, particularly in dynamically adjusting primary reserves and
fully integrating the impacts of generation tripping events and residual
demand variation effects.

The study in [19] proposed the H2RES model to analyse the impact
of demand response and reserves on long-term energy planning for
small islands. While it emphasized primary and secondary reserves,
their requirements were hard-coded and lacked a statistical framework.
Additionally, the model did not account for reserve needs due to
variations in residual demand (VRD), critical for managing supply and
demand fluctuations.

The study in [20] addresses both planning and operational con-
straints, emphasizing the need to integrate operational flexibility into
generation planning, including dynamic reserve requirements that re-
spond to real-time conditions. However, this study does not fully ad-
dress the probabilistic nature of vRES variability and does not consider
tripping events in generation components.

It is worth noting that in the existing literature, and to the best
of the authors knowledge, no other paper addresses these gaps by
developing a comprehensive methodology for estimating all types of
reserves through a non-linear stochastic approach that is efficiently
incorporated into an energy planning model.

1.5. Novelty and contribution

The novelty of this work lies in the development of (a) an open-
source general methodology to estimate reserve needs for arbitrary
future power needs and (b) an integrated planning model that incorpo-
rates variegated reserve needs within the optimization. This model uses
a stochastic approach for estimating different types of reserves, building
on and extending the ENTSO-E guidelines to accommodate high pen-
etration of RES. The model is also applied to the case study of South
Africa, a country experiencing significant load shedding, compounded
by an aging and unreliable coal fleet with complex tripping character-
istics. This high uncertainty context, coupled with significant potential
4 
for vRES [21], makes traditional techniques to estimate reserve require-
ments unsuitable [22]. Furthermore, the proposed case study selected
demonstrates the feasibility and generalizability of our approach be-
yond the initial scope of ENTSO-E guidelines. Key innovations of the
paper include:

• comprehensive non-linear stochastic model to estimate reserve
requirements, considering tripping phenomena of system compo-
nents, forecasting uncertainties and variability of vRES and load,
and the effect of VRD;

• approach to efficiently linearize the non-linear reserve require-
ments to adapt to arbitrary future energy systems configurations;

• open-source development of an iterative integrated planning tech-
nique that optimally sizes the system accounting for non-linear
reserve requirements [23];

• application of the entire procedure to the South African power
system, validated against the actual system operation, where,
according to the literature analysis and to the best of the au-
thors’ knowledge, no integrated energy planning approach with a
stochastic reserve estimation has yet been presented.

This comprehensive approach ensures a robust and reliable estima-
tion of power reserves in future energy scenarios with significant vRES
integration.

1.6. Structure of the work

The structure of this work is as follows. First, the proposed inte-
grated model is presented (Section 2), focusing initially on the stochas-
tic model for reserve estimation and the linearization of reserve require-
ments (Section 3), followed by the MILP problem for energy system
planning (Section 5). Subsequently, Section 6 introduces the South
African case study, defining the domain for the MILP problem and
providing a validation of the techno-economic assumptions for this
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Fig. 2. The optimization algorithm.

context. Then, in Section 7, the stochastic model for reserve estimation
is applied to the South African power system, and the results are
presented and discussed. Finally, Section 8 provides conclusions on
he proposed methodology and highlights the qualitative contribution
ffered by the chosen case study.

2. The comprehensive planning model under uncertainties

This section presents the proposed integrated optimization algo-
rithm, shown in Fig. 2, that is composed by three main parts: (A) a
tochastic model for the reserve estimation, (B) a simplified interpo-

lated model to capture reserve requirements, and (C) a MILP-based
planning energy system including reserve requirements.

The stochastic reserve estimation model (A) is responsible for gen-
erating the reserve requirements needs for a given set of operating
assets, their set point, the load, and the corresponding variation in
residual demand. The methodology performs Monte Carlo simulations
 w

5 
to generate tripping scenarios of generation and converter assets, ex-
tract uncertainties in the demand and variable renewable sources and
models the effect of VRD to estimate the reserve needed for any given
onfigurations. Once the scenarios are complete, they are statistically
haracterized and the desired level of reserve is selected to satisfy an

acceptable level of risk. This robust approach is general and can be
applied to calculate the reserve needs at any operating conditions of
a system. However, it cannot be coupled as-is to large-scale energy
system planning as it is highly non-linear and time-step specific, which
makes it difficult to be coupled with planning tools. Therefore, a
parametric fitting approach based on a non-linear function is proposed
in the second step (B) to enable the stochastic reserve model developed
in (A) to be coupled with the proposed planning model described in
(C), by linearizing the non-linear function. The stochastic model for the
reserves estimation is detailed in Section 3.

The second step (B) makes use of the stochastic reserve model
eveloped in (A) to calibrate a simplified non-linear parametric model
hat approximates the need for reserve for any configurations of the
ystem. This intermediate step enables creating a reserve model that
s possible to interface to the MILP planning model (see Section 5.7).
lease note that as the reserve needs are non-linear, a linearization is
eeded, as discussed in the subsequent step.

The last part (C) employs a MILP optimization model to optimally
size the energy system, while accounting for the reserve requirements
(as detailed in Section 5). The MILP model accounts for the detailed
representation of the different reserve needs for the system and the
eserve models previously discussed. In particular, as the reserve needs
re non-linear, an iterative linearization process is performed. In every
teration, the reserve model developed in (B) is linearized using Taylor
pproximation given the results of the previous iteration, and the
esults are employed to define the reserve needs. Then, the optimization
s solved again and the iterations are repeated until convergence.

3. Stochastic model for the reserve estimation

3.1. Description

The proposed probabilistic approach for reserve dimensioning aims
to account for the major sources of power imbalances, namely:

• Tripping events of power generation components (generators and
storage power converters, such as inverters) and/or major power
lines. For every tripping event, the imbalance to be covered by
reserve assets is expected to last for a given time (𝑡𝑂 𝐹 𝐹 assumed
to be 30 min [7]).

• Forecasting errors related to loads and vRES generation, i.e. the
discrepancy between the predicted power and the actual mea-
sured power in a specific area of an electrical system, considering
their average value at minute level resolution.

• The variation in the power supplied by dispatchable generators
(DGs) due to increases in the residual demand between two time
steps. As the markets operate at discrete intervals, usually with
15- or 60-min resolution, the average value of the interval can
hide a upward (or downward) ramping event that increases the
need for demand within the interval that needs to be considered.

To achieve this, a Monte Carlo procedure is proposed (illustrated in
Fig. 3) to estimate all reserve requirements in agreement with ENTSO-E
nomenclature (Fig. 1).

Similarly to the ENTSO-E methodology [13], for any system con-
figuration, we propose to simulate the 1-min operation of that con-
figuration for a large enough time horizon 𝑡 ∈ 𝛺𝑀 𝐶 (equivalent to
an horizon of 192 years) to reliably extrapolate the needs for reserve
using statistical properties [7]. A 192-year horizon corresponds to 108

ime steps for each Monte Carlo simulation, ensuring the capture of
t least 100 trips for a component with a failure rate of about 10−6,
hich is the lowest value among components to the best of the authors’
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Fig. 3. The stochastic methodology adopted to size the reserve requirements function.
knowledge [24]. The requirements for FCR, aFRR, mFRR and RR are
calculated according to three pre-set percentiles, similarly to [13]. The
Monte Carlo technique is employed to generate the whole imbalance
scenario and then the percentiles are calculated. The tripping model of
generators assumes a constant tripping probability and the contribution
of the trip event to the reserve lasts for 𝑡𝑂 𝐹 𝐹 period, which corresponds
to 30 min. The choice of 30 min, according to ENTSO-E guidelines [7],
is based on the consideration that the unit that tripped will not be
reconnected and partially compensate the imbalance it has caused
within the time of deployment of FRR. The uncertainty in the load
and renewable sources shall be calibrated using real data and when
unavailable, the Gaussian probabilistic model is assumed, in agreement
with the literature [15].

3.2. Monte Carlo model

3.2.1. The general model
The Monte Carlo model aims to reproduce the statistical properties

of the imbalances experienced by the power systems described above.
Accordingly, we model the total system imbalance 𝑅𝑖𝑚𝑏

𝑟𝑞 ,𝑡(𝐱) in (1) as
composed by three terms: the tripping of assets 𝑅𝑡𝑟𝑖𝑝

𝑟𝑞 ,𝑡 , the forecasting
uncertainties 𝑅𝛥𝑓

𝑟𝑞 ,𝑡 and effect of VRD 𝑅𝑉 𝑅𝐷
𝑟𝑞 ,𝑡 , for every time step 𝑡 ∈

𝛺𝑀 𝐶 of the Monte Carlo procedure. The details of the different terms
are highlighted in the progressing discussion, yet note how the total
unbalance along the different time steps 𝑡 in the Monte Carlo domain
depends on the specific combination 𝐱 of the considered equipment.
Each combination 𝐱 is uniquely determined by the nominal power per
the different components 𝑃𝑎 (which affect the tripping unbalances), a
value of the total load ∑

𝑙∈𝛺𝐿
𝐿𝑙 and vRES generation ∑

𝑟∈𝛺𝑟
𝑃𝑟 ⋅ 𝐶 𝐹𝑟

(which affects 𝑅𝛥𝑓
𝑟𝑞 ,𝑡) and the VRD. It follows that each Monte Carlo

simulation refers to a single scenario of load and vRES generation, and
then its results could potentially be considered for a limited number of
snapshots of the energy system that will be optimized in the following
step of the general model (see Section 5).

𝑅𝑖𝑚𝑏
𝑟𝑞 ,𝑡(𝐱) = 𝑅𝑡𝑟𝑖𝑝

𝑟𝑞 ,𝑡(𝐱) +𝑅𝛥𝑓
𝑟𝑞 ,𝑡(𝐱) +𝑅𝑉 𝑅𝐷

𝑟𝑞 ,𝑡 (𝐱), 𝐱 = {𝑃𝑎,… , 𝐶 𝐹 𝑟,… , 𝐿𝑙 ,… , 𝑉 𝑅𝐷}

(1)

𝑅𝑖𝑚𝑏
𝑟𝑞 ,𝑡 is necessary to estimate the real-time imbalances needed to

appropriately estimate FCR. However, as FRR and RR occur at slower
dynamics that smooth the imbalance requirements, it is useful to define
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the residual imbalance 𝑅𝛥𝑖𝑚𝑏
𝑟𝑞 as shown in Eq. (2), which is 𝑅𝑖𝑚𝑏

𝑟𝑞 ,𝑡 deprived
of its average component computed across the market time step (every
15 min). While FCR will be sized according to 𝑅𝑖𝑚𝑏

𝑟𝑞 ,𝑡, the other reserve
categories are sized according to 𝑅𝛥𝑖𝑚𝑏

𝑟𝑞 ,𝑡 , as later clarified.

𝑅𝛥𝑖𝑚𝑏
𝑟𝑞 ,𝑡 (𝐱) = 𝑅𝑖𝑚𝑏

𝑟𝑞 ,𝑡(𝐱) −
∑𝑡0+15

𝑡∗=𝑡0
𝑅𝑖𝑚𝑏
𝑟𝑞 ,𝑡∗ (𝐱)

15
, 𝑡0 =

⌊

𝑡
15

⌋

(2)

3.2.2. Tripping of assets
The reserve requirement due to trip events is calculated as shown

in Eq. (3), where 𝑢𝑎,𝑡 is a set of binary variables indicating the ongoing
impact of a tripping event of the asset 𝑎 for the current Monte Carlo’s
time step 𝑡, 𝑃𝑎 is the nominal capacity of the asset and 𝐶 𝐹𝑟 is the
capacity factor. It is worth noticing that although the trip events are
instantaneous and occur in specific time steps, their reserve impact
last multiple time steps (𝑡𝑂 𝐹 𝐹 ). To simulate that, Eq. (5) generates a
uniformly distributed random variable 𝑍 that triggers the trip event
when its value exceeds the trip probability 𝜇𝑡𝑟𝑖𝑝

𝑎 , and 𝑧𝑎(𝑡) becomes
positive. Then, the impact of the trip event is prolonged by 𝑡𝑂 𝐹 𝐹 time,
using (4). Finally, the tripping probability is modelled as an exponential
distribution shown in (6), where 𝜆𝑎 is the number of failures per year.

𝑅𝑡𝑟𝑖𝑝
𝑟𝑞 ,𝑡 (𝐱) =

∑

𝑎∈𝛺𝐺∪𝛺𝑆

𝑢𝑎,𝑡 ⋅ 𝑃𝑎 +
∑

𝑟∈𝛺𝑅

𝑢𝑟,𝑡 ⋅ 𝑃𝑟 ⋅ 𝐶 𝐹𝑟 (3)

𝑢𝑎,𝑡 =

{

1 ∃ ̂̄𝑡 ∈ [𝑡 − 𝑡𝑂 𝐹 𝐹 − 1, 𝑡) ∶ 𝑧𝑎,̂̄𝑡 = 1
0 otherwise

(4)

𝑧𝑎,𝑡 =

{

1 𝑍 > 𝜇𝑡𝑟𝑖𝑝
𝑎 , 𝑍 ∼ 𝑈 [0, 1]

0 otherwise
(5)

𝜇𝑡𝑟𝑖𝑝
𝑎 = 1 − 𝑒𝜆𝑎 , 𝑎 ∈ 𝛺𝐺 ∪𝛺𝑆 ∪𝛺𝑅 (6)

3.2.3. Forecasting uncertainties
The contribution to the imbalance due to zero-sum uncertainties

𝑅𝛥𝑓
𝑟𝑞 ,𝑡 is modelled in (7) as a generic distribution function 𝑓 that is a

function of the demand 𝐿(𝑡), the installed capacity 𝑃𝑎, and capacity
factors 𝐶 𝐹𝑟(𝑡) of vRES.

𝑅𝛥𝑓
𝑟𝑞 ,𝑡(𝐱) ∼ 𝑓 (𝐱) , ∀𝑡 ∈ 𝛺𝑀 𝐶 (7)

As error distributions naturally tend to behave as Gaussian distri-
butions [15,16], this study proposes a specific approximation where
uncertainty distributions are assumed to be Gaussian. The total stan-
dard deviation of the frequency deviation 𝜎 (𝐱) is calculated as shown
𝛥𝑓
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in Eq. (8), where 𝜎𝑙 and 𝜎𝑟 are the standard deviation of the 𝑙th loads
𝑙 and rth vRES techs 𝑃𝑟.

𝜎𝛥𝑓 (𝐱) =
√

∑

𝑙∈𝛺𝐿

𝜎2𝑙 ⋅ 𝐿𝑙 ,𝑟𝑒𝑓 ⋅ 𝐿𝑙 +
∑

𝑟∈𝛺𝑅

𝜎2𝑟 ⋅ 𝑃𝑟,𝑟𝑒𝑓 ⋅ 𝑃𝑟 ⋅ 𝐶 𝐹𝑟 (8)

Eq. (9) models the reserve requirement due to forecasting errors.

𝑅𝛥𝑓
𝑟𝑞 ,𝑡(𝐱) ∼ 𝑁[0, 𝜎𝛥𝑓 ], ∀𝑡 ∈ 𝛺𝑀 𝐶 (9)

3.2.4. Impact of variation of residual demand
Finally, the contribution of the VRD within each market interval

generally 15–60 min) is modelled as a saw-tooth wave function as
escribed in (10) with slope 𝐴𝑉 𝑅𝐷 proportional to the 𝑉 𝑅𝐷. Eqs. (11)–

(37) denote the numerical expression of the terms. In the application
f our model, 𝑡𝑉 𝑅𝐷 is assumed equals to 15 min.

𝑅𝑉 𝑅𝐷
𝑟𝑞 ,𝑡 (𝐱) = 𝐴𝑉 𝑅𝐷 ⋅ 2 ⋅

(

𝑡
𝑡𝑉 𝑅𝐷

−
⌊

𝑡
𝑡𝑉 𝑅𝐷

+ 1
2

⌋)

(10)

𝐴𝑉 𝑅𝐷 = 𝑉 𝑅𝐷
1h

𝑡𝑉 𝑅𝐷 ⋅ 2
(11)

3.3. Reserve requirements by type

Upon completion of the Monte Carlo simulation, FCR, aFRR, mFRR
nd RR reserve requirements are defined similarly to the ENTSO-E
uidelines [13,15], as shown in (13)–(15), respectively, where function

𝑃 𝐶𝑝(𝐷) computes the percentile 𝑝 of distribution 𝐷.

𝑅𝐹 𝐶 𝑅
𝑟𝑞 (𝐱) = 𝑃 𝐶.997(𝑅𝑖𝑚𝑏

𝑟𝑞 ,𝑡(𝐱)) (12)

𝑅𝑎𝐹 𝑅𝑅
𝑟𝑞 (𝐱) = 𝑃 𝐶.95(𝑅𝛥𝑖𝑚𝑏

𝑟𝑞 ,𝑡 (𝐱)) (13)

𝑅𝑚𝐹 𝑅𝑅
𝑟𝑞 (𝐱) = 𝑃 𝐶.99(𝑅𝛥𝑖𝑚𝑏

𝑟𝑞 ,𝑡 (𝐱)) − 𝑅𝑎𝐹 𝑅𝑅
𝑟𝑞 (𝐱) (14)

𝑅𝑅𝑅
𝑟𝑞 (𝐱) = 𝑃 𝐶.997(𝑅𝛥𝑖𝑚𝑏

𝑟𝑞 ,𝑡 (𝐱)) − 𝑅𝑚𝐹 𝑅𝑅
𝑟𝑞 (𝐱) (15)

4. Non-linear reserve parametrization for planning purposes

4.1. Non-linear model

As reserve requirements must be satisfied for every time step of
the simulation, the model described in the previous section is too
omplex to be included as-is within planning optimization problems.
herefore, this section proposes a methodology to approximate the

overall complex model using a (non-linear) analytical function 𝑓 (𝐱) to
pproximate the reserve requirements of a system status 𝐱. As analytical

functions are easier to handle by optimization tools, this step is a key
element for the successful interface of the stochastic reserve model
with optimization planning tools. The proposed process to calibrate this
non-linear function involves the following steps:

• Define the shape and arguments of the non-linear function 𝑓 (𝐱, 𝐶)
that approximates the reserve needs, where 𝐶 are the fitting
parameters and 𝐱 are the independent variables. Examples of
variables are the number, type, and nominal power of generating
components online, vRES penetration, loads, and variations in
residual demand, that are also the main input parameters to the
stochastic reserve model described in Section 3.

• Define the set 𝛺x of combinations of parameters to train the ap-
proximate model. Examples of parameters are tripping scenarios,
vRES penetration levels, and VRD variations.

• Calculate the reserve 𝑅x needs for any defined combination x ∈
𝛺X of parameters defined in the previous step, using the full
implementation of the stochastic model for reserve quantification.
This process aims to define the reserve values to be used for the
fitting of the proposed (non-linear) function 𝑓 .
 s
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• Determine the coefficients 𝐶 of the non-linear function to best
approximate the reserve needs for each type of reserve (FCR,
aFRR, mFRR, and RR). For each reserve requirements, the square
error in (16) is minimized.

min
𝐶

∑

𝐱∈𝛺X

[

𝑓 (𝐱, 𝐶) − 𝑅𝐱]2

|𝛺X|
(16)

For the purpose of this study, but with no loss of generality, a fitting
curve in the form 𝑓 (𝐱, 𝐶) =

√

𝑐0 + 𝑐𝑇 𝐱 is considered. The choice has
been selected for similarities with similar ENTSO-E approaches adopted
for the empirical estimation of the aFRR needs for Europe [13,15],
supported by numerical evidence of the authors. More details are
eported in Appendix B.

4.2. Definition of combinations of system states

To successfully calibrate the non-linear model, the set 𝛺X of op-
rational system states need to be defined. This section describes the
roposed procedure to populate the set.

First, we define the set of variables that affect the reserve and shall
be tracked. Reserve requirements depend on two types of variables
in the MILP energy planning problem: (1) planning variables, which
remain constant across all time steps of the MILP optimization (e.g., the
ptimal nominal dimensions for different generators or storage units)
nd affect reserve requirements due to tripping events, and (2) op-

erational variables or constraints (e.g., the power supplied by vRES
technologies, and the loads), which vary throughout the year and
impact reserve requests in terms of forecasting uncertainties and VRD.

The following procedure is implemented to manage this process:

1. define the domain in terms of maximum capacities for the
variables of the problem (refer to Table A.4 for details);

2. define intermediate values for each dimension; in this study, a
uniform discretization of the range of capacities is proposed. For
example, let us assume to discretize 10 coal unit plants 400 MW
each into 5 steps, each step is separated by 800 MW;

3. generate a sufficiently large set of possible combinations of these
values by enumerating the options;

4. simulate these combinations to populate the sample used to fit
the non-linear functions necessary for estimating reserve require-
ments.

The problem size can be increased by: (1) increasing the morpho-
logical complexity of the power system (e.g. increasing the number of
nodes); (2) increasing the number of components considered in the
Monte Carlo simulations; and (3) introducing new types of compo-
nents. While the first two options have a relatively small impact on
the choice of combinations and the runtime required to calibrate the
coefficients of the nonlinear function, the third option can increase the
computational burden. Expanding the types of components introduces
higher dimensional parameter spaces into the Monte Carlo simulations,
requiring additional sampling to ensure adequate representation of the
xpanded parameter space. This in turn increases the computational
omplexity of the calibration phase. Therefore, the choice of combi-

nations must balance two factors: ensuring uniform sampling across
the dimensions affecting the Monte Carlo simulations, and maintaining
omputational feasibility for both the Monte Carlo phase and the
ubsequent calibration of non-linear parameters.

5. Comprehensive MILP planning with reserve

The power system planning proposed in this study is based on a
ILP problem developed within the PyPSA’s framework [25] and prop-

rly adapted to account for the proposed reserve modelling discussed
bove. In the following, the objective function is detailed, the main
ystem constraints and also the reserve modelling, also accounting for
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the proposed stochastic reserve model, and its parametrization with
on-linear function.

5.1. Objective function

The objective of the problem is minimizing the Total Annualized
Costs 𝑓 𝑏𝑎𝑠𝑒

𝑜𝑏𝑗 of the power system, as outlined in Eqs. (17)–(19). The
objective hence accounts for capital costs (𝐶 𝐶𝑡𝑜𝑡) and the operational
costs (𝑂 𝐶𝑡𝑜𝑡); 𝑤(𝑡) denotes the weigh of each time step 𝑡 into the
objective function.

min 𝑓 𝑏𝑎𝑠𝑒
𝑜𝑏𝑗 = 𝐶 𝐶𝑡𝑜𝑡 + 𝑂 𝐶𝑡𝑜𝑡 (17)

 𝐶𝑡𝑜𝑡 =
∑

𝑛∈𝛺𝑁

[

∑

𝑎∈𝛺𝐺∪𝛺𝑅∪𝛺𝑆

𝑐 𝑐𝑎,𝑛 ⋅ 𝑃𝑎,𝑛 +
𝛺𝑆
∑

𝑠=1
𝑐 𝑐𝑠,𝑛 ⋅ 𝐸𝑠,𝑛

]

(18)

 𝐶𝑡𝑜𝑡 =
∑

𝑡∈𝛺𝑇

𝑤𝑡 ⋅

(

∑

𝑛∈𝛺𝑁

∑

𝑎∈𝛺𝐺∪𝛺𝑆

𝑜𝑐𝑎,𝑛 ⋅ 𝑑𝑎,𝑛,𝑡

)

(19)

5.2. Main planning constraints

The electrical balance at each of the 𝑛th nodes in 𝛺𝑁 is ensured
by Eq. (20), where 𝑓𝑙 𝑛,𝑡 is the power flow in the line 𝑙 𝑛t h with net-
works’ incident matrix 𝐾𝑙 𝑛,𝑛. Eqs. (21)–(23) guarantee that the power
generated by the generators and storage power converters, as well as
the energy stored in accumulators, always remains within maximum
capacity and technical minimum limits, also considering the possibility
for components to be turned off through the status variable 𝑠𝑎,𝑡. Finally,
Eq. (24) ensures the balance for each storage unit across different time
teps, including the self-discharge coefficient 𝜂𝑠𝑑 ,𝑠.

∑

𝑎∈(𝛺𝐺∪𝛺𝑅)
𝑑𝑎,𝑛,𝑡 +

∑

𝑠∈𝛺𝑅

𝑑𝑑 𝑠𝑐𝑠,𝑛,𝑡 ⋅ 𝜂
𝑑 𝑠𝑐
𝑠,𝑛 +

∑

𝑙 𝑛∈𝛺𝐿𝑁

𝑓𝑙 𝑛,𝑡 ⋅𝐾𝑙 𝑛,𝑛 =
∑

𝑠∈𝛺𝑅

𝑑𝑐 ℎ𝑠,𝑛,𝑡
𝜂𝑐 ℎ𝑠,𝑛

+
∑

𝑙∈𝛺𝐿

𝑙𝑙 ,𝑛,𝑡 (20)

𝑠𝑎,𝑛,𝑡 ⋅ 𝑃𝑎,𝑛 ⋅ 𝑝
𝑚𝑖𝑛
𝑎,𝑛,𝑡 ≤ 𝑑𝑎,𝑛,𝑡 ≤ 𝑠𝑎,𝑛,𝑡 ⋅ 𝑃𝑎,𝑛 ⋅ 𝑝

𝑚𝑎𝑥
𝑎,𝑛,𝑡, 𝑎 ∈ 𝛺𝐺 ∪𝛺𝑆 (21)

𝐸𝑠,𝑛 ⋅ 𝑒
𝑚𝑖𝑛
𝑠,𝑛,𝑡 ≤ 𝑒𝑠,𝑛,𝑡 ≤ 𝐸𝑠,𝑛 ⋅ 𝑒

𝑚𝑎𝑥
𝑠,𝑛,𝑡, 𝑠 ∈ 𝛺𝑆 (22)

𝑑𝑟,𝑛,𝑡 ≤ 𝐶 𝐹𝑟,𝑛,𝑡 ⋅ 𝑃𝑟,𝑛, 𝑟 ∈ 𝛺𝑅 (23)

𝑒𝑠,𝑛,𝑡 = 𝑒𝑠,𝑛,𝑡−1 ⋅ 𝜂𝑠𝑑 ,𝑠,𝑛 − 𝑑𝑑 𝑠𝑐𝑠,𝑛,𝑡 + 𝑑𝑐 ℎ𝑠,𝑛,𝑡, 𝑠 ∈ 𝛺𝑆 (24)

5.3. Reserve requirements

Eq. (27) ensures that the total reserve provided by both generators
nd storage systems meets the required reserve levels for each type
f reserve 𝛺𝑅𝑟𝑞

, as defined by Eq. (26), at any given time step 𝑡.
Eq. (25) clarifies how, once in the MILP energy planning problem, the
𝐱 combinations through which the non-linear functions (𝑅𝑇 𝑜𝑅

𝑟𝑞 ) must be
entered are uniquely determined per each time step 𝑡 using, formally,
the formulation described in Section 3, or the efficient reformulations
described in Section 5.7. The contribution by the assets is modelled in
the following subsections.

𝐱𝐭 = (𝑃𝑎,… , 𝐶 𝐹𝑟,𝑡,… , 𝐿𝑡,… , 𝑉 𝑅𝐷𝑡) (25)

𝛺𝑅𝑟𝑞
= {FCR, aFRR, mFRR, RR} (26)

∑

𝑛∈𝛺𝑁

∑

𝑎∈𝛺𝐺∪𝛺𝑆

𝑟𝑇 𝑜𝑅𝑎,𝑛,𝑡 ≥ 𝑅𝑇 𝑜𝑅
𝑟𝑞 (𝐱𝐭 ), ∀ ToR ∈ 𝛺𝑅𝑟𝑞

(27)

It is worth noting that constraint (27), in general, represents a non-
linear function that makes the problem non-linear with no general
convergence proof [26]. When the constraint (27) defines a convex
set, the resulting problem is convex and has been proven to converge
to the global optimum with an appropriate solver [26]. However, this
is not generally the case, as discussed in Section 4. For this reason, a
inearization approach is proposed in Section 5.7.
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5.4. Reserve provision by DGs

Eqs. (28)–(30) model the participation of generators in providing
reserve supply, per each node in 𝛺𝑁 . The parameter 𝑡𝑅𝑅 represents the
duration for which RR must be guaranteed, typically up to 2–3 h [13].
For reserve types other than RR, it is unnecessary to consider steps prior
o the 𝑡th time step, as the standard requires generation of power for a
aximum period shorter than 1 h. Eq. (29) limits the total reserve that

can be supplied by each generator based on the available but unused
power at each time step. Eq. (30) further constrains the power that
can be supplied for each type of reserve in 𝛺𝑅𝑟𝑞

due to the ramp-up
capacity specific to each type of generator. The coefficients 𝜇𝑇 𝑜𝑅

𝑔 are
percentage values that limit the power available for allocation to each
type of power reserve, specific to each type of generator. This allows for
a more accurate representation of the behaviour of different generators,
such as the combined-cycle gas turbine, which is less reactive compared
to other types of DGs.

𝑟𝐹 𝐶 𝑅𝑔 ,𝑛,𝑡 + 𝑟𝑎𝐹 𝑅𝑅𝑔 ,𝑛,𝑡 + 𝑟𝑚𝐹 𝑅𝑅𝑔 ,𝑛,𝑡 +
𝑡𝑅𝑅
∑

𝑖=0
𝑟𝑅𝑅𝑔 ,𝑛,𝑡−𝑖 ≤ 𝑟𝑔 ,𝑛,𝑡, ∀𝑔 ∈ 𝛺𝐺 (28)

𝑟𝑔 ,𝑛,𝑡 ≤ 𝑃𝑔 ,𝑛 ⋅ 𝑠𝑔 ,𝑛,𝑡 − 𝑑𝑔 ,𝑛,𝑡, ∀𝑔 ∈ 𝛺𝐺 (29)

𝑟𝑇 𝑜𝑅𝑔 ,𝑛,𝑡 ≤ 𝑃𝑔 ,𝑛 ⋅ 𝑠𝑔 ,𝑛,𝑡 ⋅ 𝜇𝑇 𝑜𝑅
𝑔 ,𝑛 , ∀𝑇 𝑜𝑅 ∈ 𝛺𝑅𝑟𝑞

𝑔 ∈ 𝛺𝐺

(30)

5.5. Reserve provision by storage systems

Similarly to the case of generators, per each node in 𝛺𝑁 , Eqs. (31)–
36) model the ability of storage systems to contribute to power re-

serves. The main difference with the previous formulation is in Eq. (32),
hich ensures that the sth storage system can provide reserves not only

n terms of power that can be provided at time t, but also in terms
of energy. This guarantees that once the system has allocated reserve
availability to the storage system, it will have enough energy to meet
demand for the remaining 𝑡𝑅𝑅 − 1 time steps. Finally, Eqs. (35)–(36)
ensure that the ramp-up capacity for different reserves is respected,
considering both power conversion and energy nominal capacities.

𝑟𝐹 𝐶 𝑅𝑠,𝑛,𝑡 + 𝑟𝑎𝐹 𝑅𝑅𝑠,𝑛,𝑡 + 𝑟𝑚𝐹 𝑅𝑅𝑠,𝑛,𝑡 +
𝑡𝑅𝑅
∑

𝑖=0
𝑟𝑅𝑅𝑠,𝑛,𝑡−𝑖 ≤ 𝑟𝑠,𝑛,𝑡, ∀𝑠 ∈ 𝛺𝑆 (31)

𝑟𝐹 𝐶 𝑅𝑠,𝑛,𝑡 +𝑟
𝑎𝐹 𝑅𝑅
𝑠,𝑛,𝑡 + 𝑟𝑚𝐹 𝑅𝑅𝑠,𝑛,𝑡 + 𝑟𝑅𝑅𝑠,𝑛,𝑡 +

𝑡𝑅𝑅
∑

𝑖=1
𝑟𝑅𝑅𝑠,𝑛,𝑡−1 ⋅ (𝑖 + 1) ≤

𝜂𝑑 𝑖𝑠𝑐 ℎ𝑠,𝑛 ⋅ (𝑒𝑠,𝑛,𝑡 − 𝐸𝑠,𝑛 ⋅ 𝑒
𝑚𝑖𝑛
𝑠,𝑛,𝑡), ∀𝑠 ∈ 𝛺𝑆

(32)

𝑟𝑠,𝑛,𝑡 ≤ 𝜂𝑑 𝑖𝑠𝑐 ℎ𝑠,𝑛 ⋅ (𝑃𝑠,𝑛 − 𝑑𝑠,𝑛,𝑡), ∀𝑠 ∈ 𝛺𝑆 (33)

𝑟𝑠,𝑛,𝑡 ≤ 𝜂𝑑 𝑖𝑠𝑐 ℎ𝑠,𝑛 ⋅ (𝑒𝑠,𝑛,𝑡 − 𝐸𝑠,𝑛 ⋅ 𝑒
𝑚𝑖𝑛
𝑠,𝑛,𝑡), ∀𝑠 ∈ 𝛺𝑆 (34)

𝑟𝑇 𝑜𝑅𝑠,𝑛,𝑡 ≤ 𝑃𝑠,𝑛 ⋅ 𝑠𝑠,𝑛,𝑡 ⋅ 𝜇
𝑇 𝑜𝑅
𝑠,𝑛 , ∀𝑇 𝑜𝑅 ∈ 𝛺𝑅𝑟𝑞

𝑠 ∈ 𝛺𝑆

(35)

𝑟𝑇 𝑜𝑅𝑠,𝑛,𝑡 ≤ 𝐸𝑠,𝑛 ⋅ 𝑠𝑠,𝑛,𝑡 ⋅ 𝜇
𝑇 𝑜𝑅
𝑠,𝑛 , ∀𝑇 𝑜𝑅 ∈ 𝛺𝑅𝑟𝑞

𝑠 ∈ 𝛺𝑆

(36)

5.6. Definition of variation of residual demand

The variation of the residual demand, once in the MILP energy plan-
ning problem, varies for the different 𝑡 time steps in 𝛺𝑇 , as represented
by Eqs. (37)–(38). 𝑉 𝑅𝐷𝑡 is the value used to estimate the time series of
he reserve requirement, related to the contribution of ramp dynamics.

𝑅𝐷𝑡 =
∑

𝑛∈𝛺𝑁

[

∑

𝑙∈𝛺𝐿

𝑙𝑙 ,𝑛,𝑡 −
∑

𝑟∈𝛺𝑅

𝑃𝑟,𝑛 ⋅ 𝐶 𝐹𝑟,𝑛,𝑡

]

(37)

𝑉 𝑅𝐷𝑡 = 𝑅𝐷𝑡 − 𝑅𝐷𝑡−1 (38)
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5.7. Linearization approach of reserve parametrization

Although approximations detailed in Section 4 reduces the complex-
ty, the model is still non-linear that makes it difficult to integrate into
he MILP optimization framework. For this reason, as widely adopted in
he literature [27,28], the non-linear constraint (27) is linearized using

a first-order Taylor approximation. This ensures convergence of each it-
eration conversely to the non-linear formulation. The Taylor expansion
enoted in (39) allows reformulating the non-linear constraint (27) into
q. (40), which ensures convergence of the MILP iteration.

𝑓 (𝐱, 𝐶) ≈ 𝑓 (𝐱𝟎, 𝐶) +
∑

𝑖

𝜕 𝑓
𝜕 𝑥𝑖

(𝑥𝑖 − 𝑥0𝑖 ) = 𝑘0 +
∑

𝑖

𝜕 𝑓
𝜕 𝑥𝑖

𝑥𝑖 = 𝑘0 + 𝐤𝐓𝟏 𝐱 = 𝑇𝑓 (𝐱)

(39)

∑

𝑛∈𝛺𝑁

∑

𝑎∈𝛺𝐺∪𝛺𝑆

𝑟𝑇 𝑜𝑅𝑎,𝑛,𝑡 ≥ 𝑅𝑇 𝑜𝑅
𝑟𝑞 (𝐱𝐭 ) ≈ 𝑇𝑅𝑇 𝑜𝑅

𝑟𝑞
(𝐱𝐭 ), ∀ToR ∈ 𝛺𝑅𝑟𝑞

(40)

It is worth noticing that as the only non-linearity lies in constraint
27), the proposed procedure allows an efficient decomposition of the
omplexity of both the reserve and planning models, as denoted in

Fig. 1. Specifically, the complex reserve model is efficiently captured
sing a non-linear formulation and, on the other hand, the iterative
onvexification (or linearization) is applied to allow its coupling with
he MILP planning, similarly to other studies in different contexts [27,

28].

5.8. Convergence criterion for MILP planning

As outlined in the previous section, the Taylor approximation is
used to linearize the non-linear reserve requirements around each 𝐱𝐭 .
terative adjustments between the MILP planning problem and the
aylor approximations are essential, as depicted in Fig. 2. To determine

the stopping criterion, two metrics shall be satisfied for an acceptable
umber (E.g. 2) of consecutive iterations: (1) the variation of the MILP’s
bjective function cost must be within the tolerance of the optimization

solver (Eq. (41)), and (2) the Root Mean Square Error (RMSE) of the
esults of subsequent iterations of the method must be within tolerance

(e.g. 10 MW) (Eqs. (42)–(43)).

|𝑓 𝑏𝑎𝑠𝑒
𝑜𝑏𝑗 ,𝑖 − 𝑓 𝑏𝑎𝑠𝑒

𝑜𝑏𝑗 ,𝑖−1|
𝑓 𝑏𝑎𝑠𝑒
𝑜𝑏𝑗 ,𝑖

≤ 𝑀 𝐼 𝑃 𝑔 𝑎𝑝 (41)

̄𝑇 𝑜𝑅
𝑟𝑞 ,𝑖 =

∑

𝑡∈𝛺𝑇

√

(𝑅𝑇 𝑜𝑅
𝑟𝑞 ,𝑡,𝑖)2−(𝑅𝑇 𝑜𝑅

𝑟𝑞 ,𝑡,𝑖−1)2
(𝑅𝑇 𝑜𝑅

𝑟𝑞 ,𝑡,𝑖)
𝑇

(42)

∑

𝑇 𝑜𝑅∈𝛺𝑇 𝑜𝑅
𝑅̄𝑇 𝑜𝑅𝑟𝑞 ,𝑖

4

−
∑

𝑇 𝑜𝑅∈𝛺𝑇 𝑜𝑅
𝑅̄𝑇 𝑜𝑅𝑟𝑞 ,𝑖−1

4
∑

𝑇 𝑜𝑅∈𝛺𝑇 𝑜𝑅
𝑅̄𝑇 𝑜𝑅𝑟𝑞 ,𝑖

4

≤ 10 𝑀 𝑊 (43)

This criterion ensures that the planning iterations progress towards
 stable solution, minimizing cost and aligning closely with actual
eserve needs.

6. Case study: the South African power system

6.1. Description

In this study we validate and apply the proposed methodology for
the optimal capacity expansion planning of South Africa in 2050. This
case study is deemed particularly meaningful because of the country’s
RES potential and the ongoing challenges in terms of generation ade-
quacy that is leading to significant load shedding. Moreover, it proves
as validation for a methodology typically implied only for European
countries and here extended to global scope.
9 
Table 1
Comparison of the non-linear functions approx. with nowadays Eskom requests.

Type of reserve Reserve requests (MW)

Non-linear functions Eskom
(min – max) (min – max)

FCR 1125 (1120–1225) 1195–1395aFRR 206 (155–422)

Table 2
Comparison of the non-linear functions approx. with stochastic reserve estimations.

Type of reserve MAE RMSE

FCR 12.6 MW 19.5 MW
aFRR 1.0 MW 5.9 MW
mFRR 3.3 MW 7.2 MW
RR 3.4 MW 6.5 MW

It should be noted that South Africa represents a net energy exporter
n the region and imports from neighbouring countries represents less
han 4% of the total annual electricity supply in South Africa [29]. By

considering also the scope of the paper, the role of the interconnection
in the system stability has been kept for future studies.

6.2. Scenarios definition

As least-cost planning for South Africa 2050 is proposed, corre-
ponding estimates for costs, technology availability, and demand are
onsidered. Actual system data is also used to validate marginal cost
ssumptions. For 2050, two scenarios are considered:

• 2050-Cost Efficient (CE2050) scenario. There are no constraints
on the type of plant planned, and the only objective is to minimize
the NPC (see Section 5), and a carbon tax on emissions from coal,
gas and diesel power stations is considered;

• 2050-Fully Decarbonized (FD2050) scenario: only renewable
technologies and storage are considered, assuming the develop-
ment of RES control systems that assimilate the inertia reserve
requirements to the FCR problem.

Due to computational limitation, we employ 42 typical days with
hourly electrical balancing and a 10-nodes system representation, con-
sistent with other studies for the country [30]. This approach balances
the need for capturing seasonal and diurnal variations with the impor-
tance of maintaining geographic differentiation across nodes. Existing
power plants and the technical potential for installations in 2050 are
reported in A.4.

Hourly load profiles are provided by Eskom [29] (the local system
operator) while the nodal capacity factor curves for solar PV and
wind across the different regions are obtained from the ERA5 web
platform [31]. The total technical potential for all vRES technolo-
gies, dispatchable generation, and pumped hydro storage is distributed
among the 10 nodes based on literature information. Li-ion battery
energy storage system (Li-ion) and hydrogen storage (H2) are assumed
to be equally available across the nodes. According to The Carbon Tax
Act, a carbon tax of $100/tonne of equivalent gas emissions is applied
to diesel, gas, and coal power plants [32]. A.6 shows the assumed
percentage contribution to reserve by different technologies, and A.7
lists the storage technology parameters.

6.3. Reserve parameters

To successfully calibrate the reserve parameters of the methodology
described in Section 2, we collected the installed capacities of the
power plants, their expected yearly failures and estimates of forecasting
uncertainties. Then, the set 𝐸 of combinations is defined to train the
calibration model as denoted in Section 4. In particular, to dominate
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Fig. 4. Graphical comparison between the power supplied by the different plants in the dispatch strategy recorded by Eskom and the value obtained by optimizing the MILP
energy problem (without planning variables).
Fig. 5. Percentage difference between reserve reqs. estimated with stochastic model and the fitted non-linear functions.
the numberosity, existing power plant units are grouped by size, type,
and failures per year (𝜆𝑎), as shown in A.4. The table also reports that
the current maximum load is 35.6 GW, while in 2050, the growth in
electrical demand will increase it to 60.5 GW with a maximum VRD of
±3 GW. For vRES generation and load, the standard deviation related
to the forecasting error is estimated in agreement to the literature
and measurements obtained by Eskom [29]. Capital, maintenance,
and marginal costs are detailed in A.5, highlighting the differences
between current costs and those projected for 2050, where a reduction
is expected.

For simplicity, the installed coal-fired plants are set to produce
at least 30% of their nominal power for each time of the simulated
MILP problem, which is deemed realistic as these power plants do
have the lowest marginal cost in South Africa and thus, if available,
it is likely they operate for base load. Moreover, the contribution of
the diesel and gas plants to the primary reserve is considered null (as
shown in Table A.6). This last assumption is based on the following
consideration: diesel and gas plants can only provide reserve when they
are running, and in the actual South African system, also due to the high
10 
marginal costs, they are actually running only in a limited number of
cases (under peak load conditions). By setting their contribution to the
primary reserve to zero, the optimization will eventually lead to them
not being selected or contributing to the power reserve, but primarily
to respond to peak load needs. Finally, this set of assumptions, based
on the analysis of the operating state of the current system, is further
analysed in Section 6.4.

6.4. Validation of the assumptions

To validate the cost assumptions reported in Table A.5 and the
application of the model for reserve estimation, a MILP dispatch op-
timization is executed with no capacity expansion, hence considering
only the existing power plants. Specifically, the MILP problem de-
scribed in Section 5 is run without including reserve requirements and
without optimizing the nominal capacity, as the actual capacities are
treated as fixed. The objectives of this optimization is: (1) understand
how the model schedules the production from different power plants;
(2) estimate the reserve required for the optimized schedule through
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Fig. 6. Convergence of iterations.
post-processing; (3) compare the results with actual data collected from
Eskom.

Fig. 4 shows the mean hourly power supplied from different re-
sources over the year, comparing the optimized values from the MILP
energy model with the recorded data from Eskom [29]. The MILP
problem, excluding planning variables, is run to meet nodal load pro-
files (denoted as ‘‘Load’’ in the plot), corresponding to the annual
residual demand, excluding system losses, manual load reductions, and
negligible production from other RES tecs not implemented in the
model. Coal power plants are constrained to operate at a maximum
capacity of 75% of their nominal capacity and an annual average
power output of 60% of nominal capacity to reflect typical outages
managed by Eskom. The results demonstrate that the assumed costs
11 
replicate scheduling decisions close to actual operations, with coal
plants supplying power above 30% of nominal capacity, justifying
a minimum operating power percentage in the MILP model. Small
discrepancies in nuclear generation profiles are attributable to planned
and unplanned full or partial outages reflected in Eskom’s data. In
contrast, the MILP energy planning optimization accounts for potential
outages through reserve requirements, yet it schedules units under the
assumption of their full availability. The limited role of diesel and
gas plants during peak hours supports excluding their contribution to
FCR and aFRR.

Lastly, the non-linear function parameters for the reserve estima-
tion, presented in the following Section, is applied to compare the
reserve requirements estimated by the proposed non-linear model with
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Table 3
Optimal nominal power identified for the 2 scenarios 2050.

CE2050 (GW) FD2050 (GW)

Reserve Reqs. No Yes No Yes
Iteration 0 7 0 7

Coal 0 19.5 – –
Nuclear 1.9 1.9 1.9 1.9
Diesel 3.1 3.1 – –
Gas 0.8 0.8 – –
HP 0 0 0 0.6
PHS 11.4 11.4 11.4 11.4
CSP 0 0 6.8 10.0
PV 80.5 64.9 80..5 80.5
WT 118.9 90.8 125.0 125.0
Li-ion 13.4 24.2 16.5 51.3
H2 24.7 7.6 23.9 156.7

the actual values used by Eskom. Table 1 shows that the proposed
model aligns well with Eskom’s reserve requests, with acceptable
differences.

7. Results and discussion

7.1. Estimation of reserve requirements

According to Section 3, to successfully calibrate the non-linear
parametric function (𝑓 (𝑥, 𝐶) =

√

𝑐0 + 𝑐𝑇 𝐱), the stochastic reserve model
is used to map a sufficiently large number of combinations that define
the possible operating region of the future energy system. This phase
represents the most computationally demanding step, with simulation
times ranging from 10 to 60 s per combination (with 10 processes in
parallel), totalling approximately 320 h. In agreement to Section 4.2,
the combinations are drawn using the maximum capacity of resources
shown in Table A.4 for a total of about 600,000 combinations. The
coefficients of the non-linear function are calibrated using the results
derived from the Monte Carlo simulations. The outcomes of this fitting
procedure are presented in Fig. 5 and Table 2.

The curves in Fig. 5 show the absolute normalized difference be-
tween the reserve estimated with the fitted coefficients and the reserve
requirements obtained with the stochastic model. Table 2 reports the
values assumed by the most meaningful metrics of model prediction
accuracy, in terms of the comparison between the non-linear fit and
the values obtained in the output from the stochastic reserve model.
The results indicate that the assumed coefficients and the shape of the
function provide a good fit to the reserve estimates across the different
combinations, ensuring minimal loss of accuracy during the transition
from the full stochastic reserve model to its non-linear parametrization.
Details on the explicit fitting curve and the optimal parameters are
shown in Appendix B.

7.2. Optimized CE2050 and FD2050 scenarios

The MILP optimization process is evaluated for two scenarios:
CE2050 and FD2050. Fig. 6 shows the convergence of the iterations
for both scenarios. The results show effective convergence within four
iterations, ensuring reliable solutions. Each optimization of the MILP
energy planning problem with reserve requirements required a com-
putational time ranging from 1 to 10 h per iteration, with an average
runtime of approximately 5 h. These times highlight the computational
complexity of integrating reserve requirements into the planning model
and the iterative process necessary to achieve convergence. However,
to ensure the convergence of the algorithm, up to eight optimization
have been performed. The results of the 8th iteration are selected as
the final results of the MILP energy planning problem, and the optimal
solution for CE2050 corresponds to an total annual cost of B$36,
while the for FD2050 corresponds to B$57. Results are also validated
12 
Fig. 7. Optimal configuration of the system among the different nodes.

with respect to a similar planning study by Meridian Economics [33],
whose comparison is reported in Appendix C that further confirms the
robustness of the model.

Table 3 summarizes the optimal nominal power capacities identified
for the two scenarios and compares them with the results obtained
from iterations without reserve requirements integrated into the MILP
energy planning model. The CE2050 scenario includes a mix of coal,
nuclear and renewables, while the FD2050 scenario focuses exclusively
on renewables and storage technologies. In FD2050, the absence of
fuel-fired plants leads to the saturation of HP and CSP, which are not
selected in CE2050. PV and wind turbines (WTs) are also saturated
in FD2050, with an increase of 24% and 38% in the optimal nomi-
nal power compared to the CE2050 scenarios. Pumped-Hydro Storage
(PHS) is saturated in both scenarios, but the BESS and H2 show a steady
increase in installed power due to the need to support the increase in
vRES generation tecs. Due to technical potential constraints, installed
WTs increase more than PV, and this leads to favour H2 (which is
seasonal storage), whose optimal nominal power is increased by about
20 times. Fig. 7 shows the optimal configuration of the system between
different nodes, illustrating the spatial distribution of capacities for
both scenarios and the optimal capacity identified for the transmission
system among nodes.
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Fig. 8. Annual reserve requests sorted in descending order.
Fig. 8 compares the annual reserve requirements for CE2050 and
FD2050. The curves show that the FRR requirement is comparable to
the FCR, indicating that the reserve requirements are similar despite the
significant differences in technology settings. The increase in all types
of reserves compared to the current system is consistent across both sce-
narios. However, the FD2050 scenario exhibits peaks in FCR and aFRR
requests that are 10%–15% higher than those in the CE2050 scenario.
These higher requests are limited to a few simulated hours, beyond
which the reserve requirements in both scenarios are comparable when
sorted by hours. Fig. 9 shows how the different technologies contribute
to the supply of the different types of reserves. PHS contributes to
satisfy the reserve requirements in both the scenarios. However, in
CE2050 PHS alone fully satisfies the demand, whereas in FD2050 most
13 
of the demand is met by Fuel-Cell (FC). The choice of these two types
of technologies to satisfy the reserve is due to the seasonal behaviour
of these two types of storage: their low discharge efficiency compared
to Li-ion BESS means that they are almost fully charged for almost
all simulated snapshots, allowing them to respond more effectively
to flexibility requirements and better than other types of generation
components, which on the contrary are most dedicated to providing
electricity. In FD2050, H2 is preferred to PHS for reserve requirements
due to the lower capital cost of the storage components, its higher
maximum capacity and the preference of the system to use PHS for
operational purposes (with higher round-trip efficiency compared to
the H2 cycle).
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Fig. 9. Reserve allocation among the different tecs.
The MILP optimization results highlight the benefits of incorpo-
rating storage and renewable energy technologies to meet future en-
ergy demands, as demonstrated in the CE2050 scenario. Specifically,
CE2050 shows that BESS and H2 can significantly contribute to the
supply of all types of reserves in a cost-efficient manner, even out-
performing currently used gas emission technologies. Additionally, this
scenario illustrates how vRES can be cost-efficient for power supply,
despite leading to higher reserve requests due to uncertainties in their
variability. The FD2050 scenario, on the other hand, reveals the costs
associated with full decarbonization, highlighting that a 100% RES so-
lution is not yet fully economically competitive, with a 56% higher total
annualized cost compared to CE2050. However, the FD2050 scenario
also demonstrates the consistent role that H2 could play in the final
stages of the transition, suggesting a more significant role for seasonal
storage in achieving a fully renewable energy system.

7.3. The role of reserve requirements

Table 3 clearly highlights the role of integrating reserves require-
ments estimation into the MILP energy planning problem. In CE2050,
14 
the MILP initially prefers RES capacity over coal plants. However,
when reserve requirements are integrated (iteration 7), the model
increases the utilization of coal plants to ensure adequate reserve, while
reducing WT capacity by 25% and PV capacity by 20% due to the
unpredictability of RES. The increased need for flexibility also leads
to a significant 85% increase in BESS capacity, despite the reduction in
RES. Conversely, H2 capacity decreases due to its dependence on WT.
In the FD2050 scenario, the need for increased flexibility in a 100%
RES system is met by an increase in electricity generation capacity. In
fact, CSP increases from 6.8 GW to 10 GW, as PV and WT have already
reached their technical potential limits in the no-reserve-requirement
scenario. This scenario further underlines the critical importance of
storage technologies to ensure system flexibility, as BESS and H2
capacities increase by a factor of 2.1 and 5.6 respectively.

8. Conclusions

This paper presents an integrated approach for energy system plan-
ning that incorporates a stochastic model for reserve estimation suitable
for future energy scenarios with high penetration of variable renewable
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energy sources. By combining a stochastic reserve estimation approach
with an iterative MILP energy planning model, this work successfully
provides a robust framework, ensuring system stability, and guiding
strategic decisions for a sustainable energy transition.

The applicability of the proposed methodology is demonstrated
through the case study of South African power system, highlighting
its relevance for the type of challenges it is currently facing. Extensive
validation of the methodology is performed using actual data from the
outh African Transmission System Operator Eskom.

The validation proves the stochastic methodology based on Monte
Carlo scenario for estimating reserve requirements is able to capture
existing values for the South African system adopted by Eskom.

The integration of the stochastic reserve estimation model into
he MILP energy planning framework reveals its significant impact on
ptimizing the energy mix. In the cost-efficient scenario (CE2050),
here the only objective is to minimize the NPC without constraints
n the type of plant planned, incorporating reserve requirements shifts

the preference from higher WT and PV capacities to a more balanced
nclusion of coal plants, reducing WT and PV capacities by 25% and

20%, respectively. Additionally, the model highlights that energy stor-
age techs are essential for meeting flexibility demand and their cost
effectiveness. This shift demonstrates the model’s ability to adapt the
energy system configuration to ensure both cost-effectiveness and sys-
tem reliability. In contrast, the 100% RES scenario (FD2050) reveals the
economic challenges of full decarbonization, with total annualized costs
6% higher than in the cost-efficient scenario. Despite this, the 100%
ES scenario also highlights the critical role that H2 storage is likely to
lay in the eventual transition to a fully renewable energy system (also

linked to the increase in installed WT in 100% RES compared to the
cost-efficient scenario), highlighting the importance of seasonal storage
solutions in a decarbonized future.

In summary, this study demonstrates the effectiveness of an inte-
rated stochastic approach for reserve estimation to energy planning,
roviding a robust framework for addressing the complexities of mod-
rn power systems and supporting the transition to a low-carbon energy
uture.
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Table A.4
Main parameters assumed for the definition of the case study.

Cluster 𝑃𝑛𝑜𝑚 𝑛𝑎𝑐 𝑡𝑚𝑜𝑑 𝑛2050𝑚𝑜𝑑 ,𝑚𝑎𝑥 𝜆 𝜎 Refs.
(MW) (trips/yr) (%)

Coal-1 590 48 48 42.5 – [34]
Coal-2 195 40 40 42.5 – [34]
Nuclear 930 2 2 1.68 – [34]
Diesel 155 20 20 12.2 – [34]
Gas 55 14 14 12.2 – [34]
Hydro-1 70 9 9 4.9 – [34]
PHS 265 11 43 4.9 – [34]
CSP 100 5 100 15.8 – [34]
PV 100 24 805 0.4 15.0% [35,36]
WT 100 32 1500 2.5 17.6% [37,38]
Li-ion 100 – 10 000 0.8 – [39]
H2 100 – 2000 3.5 – [40]
Load-act-max 35 600 – – – 3.5% [29]
Load-2050-max 60 500 – – – 3.5% [41]
VRS ±3000 – – – –

Appendix A. Summary of assumed values.

See Table A.4–A.7.

Appendix B. Coefficients of non-linear functions for estimating
reserve reqs

As described in Section 4, we considered a non-linear function in
he form 𝑓 (𝐱, 𝐶) =

√

𝑐0 + 𝑐𝑇 𝐱 whose explicit form for the mathematical
problem shown in Section 5 is detailed in Eq. (B.1) for each of the four
types of reserve (ToR). The coefficients of the equation calibrated for
the South African case study detailed in Section 7.1 are then detailed
n Table B.8.

𝑅𝑇 𝑜𝑅
𝑟𝑞 (𝐱𝐭 ) =

(

∑

𝑎∈𝛺𝐺∪𝛺𝑆

𝛼𝑇 𝑜𝑅𝑎 ⋅ 𝑃𝑎 ⋅ 𝑠𝑎,𝑡 +
∑

𝑟∈𝛺𝑅

𝛽𝑇 𝑜𝑅𝑟 ⋅ 𝑃𝑟 ⋅ 𝐶 𝐹𝑟,𝑡

+
∑

𝑙∈𝛺𝐿

𝛾𝑇 𝑜𝑅𝑙 ⋅ 𝐿𝑙 ,𝑡 + 𝛿𝑇 𝑜𝑅 ⋅
∑

𝑙 ,𝑟∈𝛺𝐿 ,𝛺𝑅

𝑉 𝑅𝐷𝑡 + 𝜀𝑇 𝑜𝑅
)

1
2

(B.1)

Appendix C. Comparison of CE2050’s results with a cost-efficient
2050 South African power system study incorporating reserve
requirements from a deterministic model

Optimal energy planning results of CE2050, proposed in Table 3,
were also compares with Meridian Economics’s study [33], that as-
sessed the unconstrained least-cost (ULC-2050) energy mix for the
South African system in 2050. In [33], reserves were considered deter-
ministically by applying a 10% planning reserve margin as a generation
capacity headroom with respect to general technology capacity credits.
Given such differences in objectives as well as other input assump-
tions, direct comparison of the two models may not be fully feasible.
Nevertheless, this comparison can provide valuable insights and reveal
critical convergences and divergences in energy planning strategies.

The comparison of the scenarios is shown in Fig. C.10 and the
results indicate that both of them allocate comparable capacities to
Solar PV and WT. This alignment highlights the similarities in the
core cost optimization attributes of both models. In both models, the
optimum solution does not utilize CSP, favouring Solar PV supported
by other storage technologies. The solutions in both models are resolute
on nuclear, as they saturate the existing installed capacity.

A notable divergence in the usage of coal are attributed to assump-
ions on the decommissioning of coal in the future. The ULC-2050
pplies decommissioning rates aligned to the 2019 IRP. In contrast, the
E2050 assumes no decommissioning, as supported by historical delays

n decommissioning schedules and the uncertainties over decisions or
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Table A.5
Costs assumed for the different network components. *Stack lifetime of 10 years, with 50% stack [42].
Type of technology Ref. cost Life (yr) CapEx Degr. Cost Fixed OpEx Marg. Cost Refs.

Coal-1 act. 50 2.8 M$
MW

3.6 $
MWh

70 k $
MW y 26.4 $

MWh
[30,43]

Coal-2 act. 50 2.8 M$
MW

4.2 $
MWh

70 k $
MW y 31.8 $

MWh
[30,43]

Nuclear act. 60 6.0 M$
MW

3.3 $
MWh

45 k $
MW y 5.9 $

MWh
[30,43]

Diesel act. 30 0.9 $
MW

5 $
MWh

7.5 k $
MW y 170 $

MWh
[43,44]

Gas act. 30 0.60 M$
MW

1.4 $
MWh

10.2 k $
MW y 120 $

MWh
[43,44]

HP act. 60 3.7 M$
MW

25 $
MWh

15 k $
MW y – [30,43]

PHS act. 50 1.5 M$
MW

25 $
MWh

15 k $
MW y – [30,43]

CSP act. 30 4.5 M$
MW 5 𝑐$

MWh
40 k $

MW y – [30,43]

CSP 2050 30 3.3 M$
MW

– [30,43]

PV act. 25 0.9 M$
MW

– 16.4 k $
MW y – [30,43]

PV 2050 25 0.5 M$
MW

– – [30,43]

WT act. 20 1.3 M$
MW

– 52 k $
MW y – [30,43]

WT 2050 20 0.9 M$
MW

– – [30,43]

Li-ion:Storage 2050 15 0.2 M$
MWh 30 $

MWh
6 k $

MW y – [43,45]

Li-ion:P.Conv. 2050 20 0.4 M$
MW

12 k $
MW y – [43,45]

H2:Tank 2050 20 0.01 M$
MWh

– – – [42,45]

H2:FC 2050 20* 0.65 M$
MW

– 19.5 k $
MW y – [45,46]

H2:PEM 2050 20* 0.80 M$
MW

– 32.0 k $
MW y – [45,46]

Trans. line – 40 555 $
MW k m – 10 $

MW k m y – [47,48]
Table A.6
Percentage contribution of different generation components to different reserve types.
Power reserve supplier Percentage contribution

(w.r.t. 𝑃𝑚𝑜𝑑 ) to
Refs.

(𝑃𝑚𝑜𝑑 ) FCR aFRR mFRR RR

Coal-1 (595 MW) 3% 30% 90% 100% [49,50]
Coal-2 (195 MW) 3% 30% 90% 100% [49,50]
Nuclear (930 MW) 1% 4% 10% 10% [51]
Diesel (155 MW) 0% 0% 100% 100% [49]
Gas (55 MW) 0% 0% 100% 100% [49]
HP (70 MW) 25% 100% 100% 100% [50]
PHS (265 MW) 25% 100% 100% 100% [50]
CSP (100 MW) 3% 0% 0% 0% [52]
PV (100 MW) 0% 0% 0% 0% –
WT (100 MW) 0% 0% 0% 0% –
Li-ion (100 MW) 100% 100% 100% 100% [53]
H2 (100 MW) 30% 100% 100% 100% [54]
Table A.7
Assumption of technical parameters describing the behaviour of storage technologies.
Storage Efficiency Self-discharge Duration Ref.
tecs. Range (h)

Li-ion BESS Round-trip efficiency 90%,
equally divided between
charge and discharge

0.1 %
h

0.5–2 [55]

EL 65% – 1–10 [42,56]
FC 51% – 1–10 [42,56]
H2 tank – 0% (negligible) – [42]
PHS Round-trip efficiency 76%,

equally divided between
charge and discharge

0% (negligible) 60–75 [57,58]
policies concerning plant decommissioning and life extension. Despite
he differences in the applied domain, the ULC-2050 seems to favour
n enhanced Diesel and Gas plant coupled to Auxiliary Steam Turbine
enerators (Aux STG). The CE2050 opts for increased PHS use with 8.5
W more than the ULC-2050.
16 
The CE2050 model also demonstrates a stronger emphasis on ad-
vanced flexibility sources, which is aligned to its objective on optimal
reserve allocation. It allocates 24.2 GW to Energy Storage and a further
7.6 GW to Hydrogen (H2), compared to the CE-DRM’s 14.7 GW and
0 GW, respectively. This allocation signifies the CE2050’s advanced
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Fig. C.10. Comparison of proposed model’s energy planning system results (CE2050) to [33]’s results.
Table B.8
Coefficients of non-linear functions fitted for estimating the reserve requirements, w.r.t.
Eq. (B.1). All coefficient are expressed in 𝑀 𝑊 2

𝑇 𝑜𝑅
𝑀 𝑊𝑜𝑛𝑙 𝑖𝑛𝑒 .

FCR 99.7% 99% 95%

Tr
ip

. d
im

.

Coal1 13.40 1.22 0.52 0.12
Coal2 37.52 3.12 1.78 0.56
Wind 0.52 0.01 0.01 0.01
Nuclear 11.17 2.65 0.99 0.00
Hydro-1 22.38 1.36 0.01 0.01
PHS 1.70 0.18 0.10 0.02
Gas 6.94 0.01 0.01 0.01
Diesel 2.33 0.11 0.05 0.01
CSP 2.84 0.21 0.12 0.02
Li-ion 0.15 0.01 0.01 0.00
H2 0.64 0.04 0.02 0.01

O
pe

r. d
im

. PV 0.07 0.01 0.01 0.01
Wind 23.06 21.31 15.48 7.86
PV 16.79 15.51 11.25 5.70
Load 0.85 0.98 0.67 0.29
VRD 50.34 48.50 40.41 31.14

Fixed
(

𝑀 𝑊 2
𝑇 𝑜𝑅

)

0 2.903.88 0 0

approach to incorporating storage technologies, which enhances its
ability to manage variability and support grid stability.

Overall, these differences highlight the importance of model as-
sumptions, particularly concerning reserve allocation, in shaping en-
ergy planning outcomes, with particular reference to storage tech-
nologies (BESS and H2). This analysis highlights the relevance of
understanding how various models and the respective assumptions
influence the energy model’s results.

Data availability

The links to the codes used in this study have been provided in the
References.
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