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H I G H L I G H T S

• Aggregations based on representative days have better performance.• An aggregation that groups input data prior to selection performs well.• Aggregation performance is highly sensitive to imperfect knowledge of input data.• Decreased aggregation quality in both high and low wind resourced systems.

• Improvements are needed to efficiently aggregate systems with seasonal storage.
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A B S T R A C T

Time aggregation techniques have shown great potential for efficiently solving comprehensive energy system
models. Numerous studies document significant solution time reductions while maintaining high solution
qualities. However, most of these studies lack providing guidelines for which aggregation techniques to use in a
given setup, and why. A recent interest of comparing different aggregation techniques has arisen, and this paper
contributes to that trend. We present a sensitivity analysis methodology that studies how different problem
changes, influence the aggregation technique performances. The performance is measured as the ability of the
aggregated problem to fully or partially replicate the solution achieved by the non-aggregated problem. The
applicability of the methodology is illustrated through a case study considering three types of problem changes
namely changes in the wind availability, changes in the aggregated problem size, and changes in the energy
system design. By applying the suggested methodology to ten different aggregation techniques, key properties
which seem to ensure promising performance are identified.
Results show that, independently of the sensitivity measure applied, aggregations based on grouping stra-

tegies and day selections lead to better and more consistent performance and to the largest improvements in
solution times. Strong and very consistent performance is also observed for the Optimized criteria Selection which
furthermore outperforms any other technique in scenarios closely replicating real life applications. Contrarily,
the Residual Load Duration Curve (RLDC) Selection consistently shows the worst performance which might be
related to its configuration of constructing time elements from the selection of hours causing important within
day/week chronologies to be lost.

1. Introduction

Capacity Expansion Problem (CEP) is an important tool to optimize
the configuration of future energy systems. CEP has been widely ap-
plied to study non-trivial power systems [1], integration of renewable
energy [2], large energy systems with sector coupling such as power,
gas, transport and heating [3], and the impact of scenarios [4]. An

important class of CEPs is the Generation Expansion Planning (GEP)
which considers electricity systems [5]. Dependent on the level of detail
it optimizes the dimensioning, location and time for installation of new
capacities in a system, see [6] for a study of the Greek power system
and [7] for a general review. The GEP is a highly researched problem
with several recent studies providing comprehensive reviews of how
the development of GEPs has evolved over time [2,7–9]. They
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commonly identify environmental aspects such as climate changes to
highly affect the evolution of GEPs and by that, also the CEPs. Over
time, these problems have thus become increasingly more complex [6].
The green transition often calls for fossil fuels to be replaced by re-
newable alternatives [10] which adds requirements for the CEPs to
efficiently model such alternative options [11]. Frequently, the fossil-
based capacities are replaced by Variable Renewable Energies (VRE) such
as wind and Photovoltaics (PV) [12]. Several studies from the literature
highlight how the addition of VRE highly challenges the system
[5,13–15]. VRE show strongly stochastic behaviors wherefore the in-
creasing shares of VRE introduce a general higher level of variability
and uncertainty into the systems [4]. In order to ensure uninterrupted
access to energy it is therefore important to model the need for flex-
ibility more accurately [16]. System flexibility is defined as the cap-
ability of the system to modify electricity production or consumption to
account for variability [17]. Flexibility in a system therefore relates to
the operational detail and a common way to more accurately account
for the flexibility is to incorporate the operational Unit Commitment
(UC) problem into the GEP [18–23]. The UC problem minimizes op-
erational costs with respect to technological constraints. It e.g. restricts
the hour-by-hour generation changes for different units and the
minimum/maximum up and down times [24]. Incorporating the UC
into the GEP both introduces discrete variables and a need for opti-
mizing on an hourly time resolution. This makes the resulting problem
highly complex wherefore the need for operational detail frequently is
ignored [25].

Nevertheless, several studies have quantified the importance of in-
cluding the UC details in the capacity expansion planning [26,27] and
that ignoring operation details leads to underestimations in flexible
capacities, overestimation of base-load and VRE capacities and sub-
optimal overall system costs [28–30]. The importance of operational
detail is especially seen in systems highly reliable on VRE [31] and
systems constrained by carbon emissions [32]. However, recent re-
search also shows that the importance of UC in the model may depend
on which alternative flexibility sources that are considered in the
system [33]. Despite studies considering how the UC could be in-
corporated in a simplified way [29,34–36] or how only partitions of the
UC constraints could be included [37–40] the resulting problem still
frequently leads to the requirement of further simplification. Compu-
tational tractability of the combined CEP and UC problem can be re-
gained by methods reducing the problem domain, such as Dantzig-

Wolfe decomposition [41], Benders decomposition [42] and time ag-
gregation approaches, see e.g. [1] where only one day per month is
solved. Time aggregation consists of strategically selecting or recreating
input data from the original data to achieve a data reduction. By only
considering the reduced data, the resulting problem reduces in size
wherefore it becomes more tractable [14]. Time aggregation constitutes
a compromise between solution quality and computational effort, and it
has been widely applied to CEPs with a general conclusion of good
performance [43–46].

A tremendous amount of different time aggregation techniques have
been developed in the literature with the underlying methodology
spanning from simple heuristic selections [47] to optimization methods
[45]. Due to its simplicity, heuristic approaches frequently are asso-
ciated with insufficient capture of variability [48] while the optimiza-
tion approaches suffer from high computational efforts [45]. A very
popular methodology for the time aggregation development is therefore
the clustering procedures since these provide high quality classifica-
tions in limited computational time [49–52]. Despite the literature
providing several examples of time aggregation techniques performing
well in a specific problem setting [45,53,46], a gap still remains of
identifying when and why these techniques perform well and whether
different problem settings change how the performance of the techni-
ques compares to each other.

As will be discussed in the literature review, some studies do con-
cern the comparison of aggregation techniques [53–56] however with a
limited perspective on the diversity of aggregation technique types or
the diversity in considered problem settings. With the increased VRE
causing more uncertainty in the input data, and with a future target of
fossil free systems causing a lot of changes in the energy models it is
important to compare the aggregation technique performances on a
broader spectrum of problems [40]. An interesting and relevant ap-
proach to solving problems can be taken from the research field of
optimizing solvers. Here, the goal is not to solve each problem to per-
fection, but to reach a configuration, which provides the overall best
performance among different problems [57]. Despite the increasing
trend of comparing time aggregation techniques, an overall best
method has yet to be identified. A reason for this is the literature gap of
systematically comparing performance among different problems. This
is further elaborated in the literature review in the next section. The
aim of this paper is to identify a technique providing good performance
on a variety of problem settings. In this contexts, the performance of a

Nomenclature

AD Adjusted Down
AU Adjusted Up
CCR Cluster Cluster with Random selection
CEM Capacity Expansion Model
CEMUC Capacity Expansion Model with Unit Commitment
CEP Capacity Expansion Problem
CF Capacity Factor
D Day
DBR Dynamic Blocking with Random selection
DSM Demand Side Management
DX Dummy selection
ES Exhaustive Search
GEP Generation Expansion Planning
GS Grouping Strategies
H Hour
IMEX IMport/EXport
ITS Input Time Series
LCR Level-Correlation Cluster with Random selection
LWC Less Wind Capacity
MILP Mixed-Integer Linear Programming

MWC More Wind Capacity
NGS Non-Grouping Strategies
NON Nuclear always ONline
NSE Non-Served Energy
NW Normal Wind
OA Optimized RLDC Approximation
OS Optimal criteria Selection
PI Performance Index
PV Photpvoltaics
RDC Ramping Duration Curve
RL RLDC Selection
RLC Residual Load Curve
RLDC Residual Load Duration Curve
SAM Sensitivity analysis method
SCR Single Cluster with Random selection
SR Statistical Representation
STO STOrage
STOIMEX STOrage and IMport/EXport
VOLL Value Of Lost Loads
VRE Variable Renewable Energy
W Week

S. Buchholz, et al. Applied Energy 269 (2020) 114938

2



set of aggregation techniques is compared and it is studied how sensi-
tive the performance is to different changes. The considered changes
concern the input parameters, the aggregation technique configuration
and the energy system design. The term sensitivity analysis is introduced
as the study of how sensitive the performance of the aggregation
techniques are to the different changes [58].

The remainder of this paper is structured as follows; Section 2
provides a literature review of sensitivity analysis related to time ag-
gregations. Section 3 presents the suggested sensitivity analysis meth-
odology. Section 4 covers the considered case study while the results
are found in Section 5. This section presents results on sensitivity to
wind scenarios, results of sensitivities to aggregated problem sizes, re-
sults on sensitivities to different model designs and lastly a considera-
tion of all the aforementioned sensitivities simultaneously. All ob-
servations are concluded in Section 6.

2. Literature review

This section details the different time aggregation techniques and
presents the most relevant comparison studies from the literature. The
comparisons include studies considering several time aggregation
techniques and/or several problem settings. The section is concluded
with the identified gaps in the literature and the contributions of this
paper.

In [53] we categorize aggregation techniques according to the un-
derlying methodology resulting in a technique being either heuristic,
cluster or optimization based. Aggregation techniques based on heuristic
selections follow some pre-defined rules which frequently are based on
problem specific knowledge or completely randomness. Examples of
heuristic selections are to select x days at random, or to select a peak-
load day and a random day of each month [47]. Clustering aggregation
techniques provide a more automatized way of classifying time ele-
ments. The idea is to divide the set of time elements into c clusters and
then to select an element from each cluster. Classical cluster procedures
aim at minimizing the within cluster variance [59] or to group data
with the most similar mean vectors or centroids [60]. An example of a
clustering technique is seen in [61], where the day closest to the cen-
troid is selected from 6 clusters arising from a hiearchical clustering
procedure. Lastly, optimization based aggregation techniques consist of
selecting time elements so that an objective is maximized or minimized.
Discrete variables are required to obtain a unique selection of re-
presentative elements, wherefore optimization based techniques po-
tentially suffer from high solution times. Examples of optimization
based techniques are seen in [43], where the four weeks minimizing the
difference between the scaled aggregated residual load duration curve
(RLDC) and the non-aggregated RLDC are selected and in [44] a MILP
model selects representative days with associated weights so that the
deviations between the non-aggregated and the approximated duration
curves are minimized.

In [53] we further propose a secondary classification indicating
whether a direct selection is performed (non grouping strategies (NGS))
or if some grouping of elements is a pre-step to the selection (grouping
strategies (GS)). Heuristic and optimization based techniques typically
consist of a direct selection but their configuration also allow for a
grouping strategy. Opposite, the clustering technique always groups
elements and then selects a representative from each group. For the
following study we introduce the terms data validation and model vali-
dation. Data validation measures the ability of the aggregated time
series to replicate the original time series while model validation
measures the ability of the aggregated problem to fully or partially
replicate the solution achieved by the non-aggregated problem [53].

In the following we discuss the most relevant studies from the lit-
erature which consider the comparison of time aggregation techniques.
We emphasize on what validation measure is used and under which
problem settings the aggregation technique performances are studied. If
multiple problem settings are considered, we refer to it as a study of the

performance sensitivity related to the type of problem setting that is
varied. The majority of the studies only compare aggregation techni-
ques of the same type and these are discussed first.

Three different clustering based aggregation techniques each se-
lecting representative days are compared in [54]. The evaluation is
based on a model validation referring to a single problem setting. Also
in [62], three different clustering approaches selecting days are com-
pared, and even though some considerations on the number of clusters
are made, the evaluation is purely based on data validation. Another
comparison of clustering techniques selecting days is studied in [56].
For each clustering procedure, between 1–9 clusters are considered,
however only in a data validation framework. Then, for a specific sized
aggregation, the different techniques are compared based on model
validations. The sensitivity analysis considers two different model
versions, one based on an electricity storage and one based on a gas
turbine power generation. Furthermore, each aggregation is applied to
each model version for two different series of electricity prices.

A comparison of very simple heuristic approaches is seen in [48]
where the evaluation is based on model calculations. The performance
of one of the considered aggregation techniques are evaluated for
varying sizes and this size sensitivity analysis is combined with the
aspect of varying the number of renewable wind and solar profiles.
Furthermore, both hour, day and week selections are considered. They
conclude that the optimal size of the aggregation depends on the
amount of renewable included, with more renewable energy de-
manding larger sized aggregations. In [44], four heuristic aggregations
based on seasonal day and VRE level selections are compared under
consideration of different wind profiles. The validation is purely based
on an input data analysis. The same is seen in [14], where different
sized heuristic based aggregations are compared using data validation
arguments. In [63] different heuristic approaches based on averages are
compared. Each aggregated time series has the same length but they
differ on the amount and length of time slices selected from the original
time series. The resulting aggregated time series are analyzed in two
different policy scenarios both represented with and without storage.
Aggregation size sensitivity analysis are seen both in [64,65]. In [64]
the aggregations are based on typical element selection and they are
validated through model calculations for two different wind availability
scenarios. In [65] the tested aggregations are based on an exhaustive
search approach for an optimal week selection. The different sized
aggregations are compared through model validation referring to a
single problem setting.

Comparisons across different types of aggregation techniques are
seen in [66,45]. The authors of [66] compare a heuristic approach to a
clustering approach solely based on the amount of days each technique
would require to reach a certain quality. Only one of the aggregations
are used in the provided sensitivity analysis, which consists of com-
paring different models containing either a deterministic or a prob-
abilistic representation of renewable energies. In [45] both heuristic,
clustering and optimizing aggregation approaches selecting days are
compared for varying aggregation sizes based on data validation ar-
guments. Then, for a specific length of the aggregations, the different
techniques are compared through a model validation referring to a
single problem setting.

In [55] a single type of aggregation technique is compared across
different element selections. The sensitivity of the aggregation tech-
nique performance is analysed both from a varying aggregation size and
a varying problem setting perspective. The authors of [55] use the
SCENRED feature in GAMS to construct aggregated time series of
varying sizes both based on hour and day selections. A combination of
model design and input data sensitivity is performed by testing each
aggregation technique in model settings with and without short-term
uncertainty for varying penetrations of wind. Apart from the stochas-
ticity included in the wind penetration, sensitivity analysis are carried
out for parametric values related to the uncertainties. The model design
analysis consists of comparing performances for deterministic models
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versus stochastic models. They conclude that, for day selecting ag-
gregations, the aggregated problem tends to replicate both investments
and total system costs better the more information that is included in
the aggregated problem. Moreover, for aggregations that keep more
information of the original problem, the performance in the determi-
nistic and stochastic model settings converges. This means that one
possibly could account for uncertainty by considering a sufficient
number of representative days. For their specific model, they show that
the day selecting aggregations outperform the hour selecting aggrega-
tions when the aggregation size exceeds 30 days. For hour selections,
increased aggregation sizes are only beneficial in the stochastic model
settings, while increased sizes cause no significant improvement in the
deterministic model setting. Furthermore, the improvement seen for the
stochastic model settings is assumed to be an effect of the increased
amount of scenarios associated with larger aggregations.

In [53] a comparison across heuristic, clustering and optimizing
aggregation is seen with multiple representative within each category.
The analysis cover both hour, day and week selections. The evaluation
is based on model validations covering three different sets of input data
and a single energy system design. The considered data instances are
however highly similar.

To summarize, we have identified the following gaps:

1. Aggregation techniques are frequently applied with no [67–69] or
limited validation [44,62,66]

2. The existing comparison of aggregation techniques tends to focus on
specific types of aggregation techniques and therefore lacks a
comprehensive comparison covering significant different meth-
odologies [14,54,62].

3. The existing comparisons only consider a single problem setting or a
limited number of problem changes wherefore the aggregation
technique performances may be over-fitted to these problem set-
tings. Hence, existing comparisons lack to provide a broader per-
spective.

The existing literature does not include a study, where both time
aggregation techniques and problem settings are varied in a systematic

manner, in order to find an overall best time aggregation approach.
Thus, this is the main contribution of this paper. We add the sensitivity
perspectives of [55] to the work in [53], and evaluate the performance
of different aggregation techniques over aggregation size, input data
and model setting sensitivities. An overview of the mentioned literature
is seen in Table A.6 in Appendix A which illuminates the degree to
which they consider the aspects covered in the current paper. In detail,
the contributions of this paper are to:

1. Develop a sensitivity analysis methodology aiming at quantifying
aggregation performances for very different system configurations.
This ensures that the aggregation techniques are not over-fitted to
specific system configurations. Consequently, the conclusions of
well performing aggregation techniques bring value to a broader
spectrum of energy systems and hereby bring value to the future
aggregation technique developments. The suggested methodology
additionally identifies system configurations which may be hard to
aggregate that highlights further research opportunities.

2. Provide a comprehensive comparison of different aggregation
techniques both spanning different methodologies and different
aggregation technique configurations. Such a comparison is valu-
able to identify key properties that lead to an accurate replication of
non-aggregated problem solutions. Potential properties of aggrega-
tion techniques that should be avoided due to significantly de-
creased aggregated solution quality are similarly identified. This
therefore creates value for the further improvement of aggregation
techniques.

3. Methodology

We present a sensitivity analysis methodology which aims at
quantifying how sensitive the performance of one or more aggregation
techniques is to different potentially influencing problem changes.
Following the definition in [58], we define sensitivity analysis as the
computation of the effect of changes in input values or assumptions
(including boundaries and model functional form) on the outputs. We
introduce a change c belonging to the set of changes C, and an

Table 1
Short description of each of the aggregation techniques covered in the current paper. Further details of each technique are found in [53].

Aggregation Technique Description

DX: Dummy Selection Selecting every th element of the residual load time series. This is a NGS and it is compatible with hours, days and weeks.
SR: Statistical Representation Mean value, standard deviation and correlation to the original time series for 10.000 samples of randomly selected

elements are compared to the measures of the original time series, and the best match is selected. This is a NGS and it is
compatible with hours, days and weeks.

RL: RLDC Selection The original Residual Load Curve (RLC) is divided into parts, and for each part the Residual Load Duration Curve (RLDC) is
constructed and every 13th hour is selected with the first and the last hour included. Since the selected hours do not have a
natural chronology, this is reconstructed by choosing a chronology of one of the elements from each sample period. The most
suitable chronology is chosen based on a RLDC and a Ramping Duration Curve (RDC) comparison. This is a NGS and it is
compatible with hours, days and weeks.

OA: Optimized RLDC Approximation The original RLDC is divided into a fixed amount of bins and then for each element of the year, its share of time within each
bin is calculated. Afterwards, an optimization model finds the selection of elements which has a share of time within each
bin distribution as close as possible to the distribution of the original time series. This is a NGS and it is compatible with days.

OS: Optimized Criteria Selection Selecting the elements that minimizes the correlation between selected elements, and which has values as close as possible
to the average element variance and the overall average, maximum and minimum levels and rampings of the original time
series. This is a NGS and it is compatible with days and weeks.

ES: Exhaustive Search Brute force searching for the combination of elements which minimizes the distance between the original and aggregated
RLDC. This is a NGS and it is compatible with weeks.

DBR: Dynamic Block, random selection The original time series is dynamically divided into blocks according to a chosen criteria. The criteria used for deciding
memberships of the different elements is a weighted term taking both variance, actual values and correlations into account.
Elements from each block is then selected at random. This is a GS and it is compatible with hours, days and weeks.

SCR: Single Cluster, random selection Elements are clustered using a k-means clustering and one element from each cluster is selected randomly. This is a GS and it
is compatible with hours, days and weeks.

CCR: Cluster–Cluster, random selection A k-means clustering is combined with a hierarchical clustering (HC) with Euclidean distances and the complete linkage
criterion in a two-stage clustering procedure. One element from each cluster is selected randomly. This is a GS and it is
compatible with hours, days and weeks.

LCR: Level-Correlation Cluster, random selection A two-stage clustering procedure consisting of a fuzzy clustering according to similarity in residual load values of the
elements, followed by a hierarchical clustering according to the correlation of the elements in each cluster. One element from
each of the resulting clusters is randomly selected. This is a GS and it is compatible with hours, days and weeks.
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aggregation technique a belonging to the set of techniques A. Sensi-
tivity to a change c is then the likeliness of a technique a to change its
performance when exposed to the change c. An aggregation technique
is defined as generally sensitive if its performance across the different
changes are highly volatile. To define the sensitivity analysis metho-
dology we first introduce the included components relating to both
aggregation techniques, problem changes and performance measure.

3.1. Aggregation technique

We first shortly introduce the term of an aggregation technique as a
method selecting or recreating a set of representative time elements
from a larger time series, so that the selection is a good representation
for the larger time series. With a representative selection, one might
solve the problem on the aggregated time domain and obtain a solution
that approximates the non-aggregated solution well [14]. Aggregation
techniques can be and have been developed in various ways with
methodologies ranging from heuristic selections to complete enu-
merations [53]. The sensitivity methodology suggested in Section 3.4
can be carried out for any aggregation technique. In the case study of
this paper we aim at maximizing the diversity among the considered
aggregation techniques both with respect to underlying methodologies
and to configurations, with the purpose of identifying key properties of
the techniques. We define the term key property as a specific config-
uration of the technique which seems to cause good performance. One
configuration is to study which time elements that are selected and the
considered elements are hours, days and weeks. Not all time elements
will be selected by all aggregation techniques either due to simplicity,
incompatibility or to avoid high computational efforts. We refer to an
aggregation technique a being compatible with a time element e if the
technique is considered for that time element. Aggregation techniques
included in this paper are identical to those studied in [53]. A short
description of each technique is seen in Table 1 and for further detail
we refer to [53]. For each aggregation technique we state compatible
time elements and the classification according to Grouping Strategies
(GS) or Non-Grouping Strategies (NGS).

3.2. Problem changes

In the suggested form we consider three types of problem changes
which either concern the input data, the aggressiveness of the ag-
gregation or the system design. Each type of change may have a subset
of configurations wherefore one type actually covers multiple changes.
In the following the considered changes are described from a theore-
tical viewpoint. We stress that the set of considered changes can cover
as many types and configurations as one may want, and that future
research potentially could identify further changes important to in-
clude.

3.2.1. Changes in wind availability
Two cases of changes in wind availability are considered. First, the

sensitivity of the aggregation performance according to the wind
availability in a single hour. Secondly, the sensitivity of the aggregation
performance according to the amount of renewable capacity, available
for investments. While the first case studies the quality of the selection
found by the aggregation techniques for different wind scenarios, the
second case focuses on how well a specific selection performs under
different scenarios. We therefore refer to the first case as performing
aggregation under correct information of wind availability, and the
second case as aggregation performed with incorrect information.

The first case considers the sensitivity to different wind profiles. The
results in [53] slightly indicated that problem instances associated with
higher yearly wind capacity factors are harder to solve. Additionally,
[64] concludes that the more wind is available, the larger errors are
observed when the time domain is aggregated. To investigate this fur-
ther, alternative wind profiles are made, covering extreme wind

scenarios. By scaling the original capacity factor profiles up and down,
two alternative wind profiles are made, representing scenarios of a
wind rich year and a year with little wind. To make the scenarios even
more interesting, a quadratic scaling is used rather than a linear scaling,
ensuring that also the hour-by-hour ratio is challenged. More specifi-
cally, the two new wind profiles Adjustment-Up (AU) and Adjustment-
Down (AD) are defined as;

= =w w t T w w t T, ,t
AU

t t
AD

t
2 (1)

where wt is the original capacity factor of the hour t, wt
AU is the upward-

adjusted capacity factor of hour t and wt
AD is the downward-adjusted

capacity factor of hour t. Since w [0, 1]t , the square-root ensures small
values to be increased, with a larger increase for a smaller value. In the
same way, the square ensures high numbers to become smaller, with
smaller numbers being more affected.

Contrarily, the second case considers the sensitivity to wind capacity
in the system. As all aggregation techniques are performed on the
Residual Load Curve (RLC) the resulting selections are somehow based
on an underlying assumption of the renewable capacities. Recall, that
the residual load in a specific hour is calculated as the demand of that
hour, subtracted the renewable energy capacity available in the same
hour (see Eq. (36)). However, since only capacity factors are available,
some assumptions of the total capacity is made. Consequently, in the
original settings used in [53], a specific maximum capacity Z is as-
sumed. This is firstly used in calculating the RLC, and secondly as the
maximum amount of potential investment capacities in the models used
for the performance analysis of the aggregations. Assuming a different
value of Z would not only cause changes in the residual loads for the
single hours but also the relation between values of different hours
would be changed. Consequently, the choice of Zmight have significant
influence on the selections performed by some of the different ag-
gregation techniques. Essentially, having an aggregated problem based
on a value Z1 and solving the aggregated problem with another value Z2
both illustrate how robust the aggregation technique performance is to
such changes and how sensible the aggregation methodology is to the
deterministic assumption of a single parameter. The two configurations
of this change are to perform the aggregation with Z Z1 2 referred to
as Less Wind Capacity (LWC) and Z Z1 2 referred to as More Wind
Capacity (MWC).

In summary, changes in wind availability cover four configurations
which are aggregation performed under correct information with more
or less wind available (case AU and AD) and aggregation performed
with incorrect information with more and less wind generation capacity
available (case MWC and LWC). The four cases AU, AD, MWC and LWC
therefore represents four different wind scenarios. How they each affects
the wind availability is illustrated and discussed in Appendix C in re-
lation to the considered case study.

3.2.2. Changes in aggregation aggressiveness
Changes in the aggressiveness of the aggregation techniques relate

to how much the aggregation reduces the original time series. This
change therefore concerns the sensitivity of the aggregation technique
in relation to the number of time slices included in the aggregation. The
aim is to investigate how the balance between the aggregation tech-
nique performance and the solution time is affected by the size of the
aggregation. Some studies suggest a selection of 30 days providing a
good balance between computational effort and solution quality
[54,55]. Nevertheless, many different degrees of aggregation are seen
in the literature [61,68]. In [20] one year is aggregated into 5 weeks
while [70] represent a year by 12 days and [45] find an optimal ag-
gregated time series consisting of only two days. We define the change
in aggregation aggressiveness as a different number of time elements
being selected from a yearly profile. In this paper, four configurations
are considered consisting of 28, 14, 7 and 4 time elements. The results
in [53] showed that aggregation techniques based on days gave the
highest probability of the aggregated model replicating the results of
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the original model well. For simplicity we therefore choose only to
consider this type of change for the selection of representative days.
Hence, Exhaustive Search (ES) is not compatible with this change. Since
the aim is to create aggregated time series of different length, the dif-
ferent aggregation techniques need to be modified. These modifications
are described in the following.

Dummy selection (DX)
A selection of every th day of the residual load time series. The
chronology of the selected days is respecting the time chronology of
the original series. The different aggregated time series are con-
structed by choosing = = =28, 14, 7 and = 4 respec-
tively.
Statistical Representation (SR)
Days are selected so that they represent a time series having similar
mean value and standard deviation to the original time series, and
so that the correlation to the original time series is maximized.
Statistical measures for 10.000 samples of randomly selected days
are compared to the measures of the original time series, and the
best match is selected. The chronology of the selected elements is
respecting the time chronology of the original series. The different
aggregated time series are constructed by choosing

= = =28, 14, 7 and = 4 respectively.
RLDC Selection (RL)
In this approach, days are not directly selected, but are constructed
by selecting historical hours. The original RLC is divided into
parts, and for each part the RLDC is constructed and every 13th hour
is selected with the first and the last hour included. By that,
minimum and maximum levels of each part of the time series are
selected, and by choosing every 13th hour, one hopes to capture all
the different levels of the yearly RLDC. Since the selected hours do
not have a natural chronology, this is reconstructed by choosing a
chronology of one of the days from each sample period. The most
suitable chronology is chosen based on a RLDC and a Ramping
Duration Curve (RDC) comparison. The different aggregated time
series are constructed by choosing to 28, 14, 7 and 4, and then
select every 13th, 26th, 52th and 91th hour respectively.
Dynamic Blocking - with random selection (DBR)
This approach dynamically divides the original time series into
blocks according to a chosen criteria. The criteria used for deciding
memberships of the different days is a weighted term taking both
variance, actual values and correlations into account. We define a
day (dt) to be similar to days of a block (Bi) if the variance ( d

2
t ) is

close to the average day variance in the block ( B
2

i ), if the day level
sum ( = ej j

d
1

24 t) is close to the average day level sum of the block
( = ej j

B
1

24 i) and if the average correlation of the day with the rest of

the days ( B d,
2

i t ) is close to 1. Due to the three different criteria
having different magnitudes, we apply a weighting (W1-W3) to make
each criteria contributing significantly to the resulting multi-criteria
term. We then include day t in block i (d Bt i) if <CheckPoint ,
and else day t is included in the next block ( +d Bt i 1). Here the
multi-criteria checkpoint is defined as follows

= +

+

=

= =

=

W W e e

W

e e
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B d
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j
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i t
i t
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t t

where ej
dt is the residual load of the jth hour of the day dt and e dt is

the average residual load value over all hours of the day dt . To
construct the different aggregated time series, the value of is
chosen so that 28, 14, 7 and 4 blocks are constructed, and one day
from each block is then randomly selected.

Single Cluster - with random selection (SCR)
Days are clustered using a k-means clustering. To construct the
different aggregated time series 28, 14, 7 and 4 clusters are per-
formed respectively, and one day from each cluster is randomly
chosen. Since the k-means clustering starts out by randomly se-
lecting a set of elements to be group centers, some stability is re-
gained by evaluating the algorithm for multiple sets of initial center
elements, in our case we use 25 initial sets of element centers. The
chronology of the selected days is found as the ordering of the
clusters according to the included hours.
Cluster-Cluster - with random selection (CCR)
A k-means clustering is combined with a hierarchical clustering (HC)
in a two-stage clustering procedure. First, clusters are found using
the standard k-means clustering, and then each of these clusters is
divided into sub-clusters using a HC clustering with Euclidean
distances and the complete linkage criterion. Again, 25 initial sets
are used for the k-means clustering. The different aggregated time
series are constructed by choosing = ={ 7, 4},

= = = ={ 7, 2}, { 3, 2} and = ={ 2, 2} respectively.
Notice, since the two-stage clustering requires an equal number of
clusters, constructing 7 clusters for a 7 day selection is not possible
and hence this aggregated time series only consists of 6 days. The
chronology of the selections is decided from the ordering of the
clusters according to included days.
Level-Correlation-Clustering - with random selection (LCR)
As the previous technique, this also builds on a two-stage clustering
procedure. Initially, a fuzzy clustering is performed in order to
group days according to their similarity in residual load values.
Afterwards a re-clustering according to correlation of the included
days ensures a final selection both pursuing different residual levels
and different evolutions of the residuals throughout the days. The
second clustering is found using a hierarchical clustering where the
dissimilarity between two elements i and j is defined as =d 1ij ij,
where ij is the correlation between the two days (i, j). A day from
each of the resulting clusters is randomly selected. As in the above,
the different aggregated time series are constructed by choosing

= = = = = ={ 7, 4}, { 7, 2}, { 3, 2} and = ={ 2, 2}
respectively. Consequently, also here the 7-day aggregated time
series is replaced by a 6-day aggregated time series.
Optimized RLDC Approximation (OA)
The original RLDC is divided into a fixed amount of bins and then
for each element of the year, its share of time within each bin is
calculated. Afterwards, an optimization model finds the selection of
days which has a share of time within each bin distribution as

close as possible to the distribution of the original time series. The
different aggregated time series are found by choosing

= = =28, 14, 7 and = 4 respectively.
Optimized criteria Selection (OS)
This approach selects days so that the correlation between se-
lected days is minimized and values as close as possible to the
average day variance and the overall average, maximum and
minimum levels and rampings of the original time series are
achieved. Applying a weight to the different statistical goals and
adding the terms results in a multi-objective function to be mini-
mized. The different aggregated time series are found by choosing

= = =28, 14, 7 and = 4 respectively.

3.2.3. Changes in system design
Changes in the energy system design relate to different configura-

tions of the system with respect to which features are included. The aim
is to study how the aggregation technique performance relates to the
choice of model. This not only enlarges the relevance of this research,
but also analyses the questions of how different model features are
affected by aggregation. With an energy system highly reliable on VRE
it is important to be able to increase the level of flexibility [33]. Several
studies conclude that the aggregated problem seems to have a hard time
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capturing the right level of flexibility [14,53,71] wherefore it might be
interesting to study whether it would be different if the system itself has
flexibility options. Inspired by important flexibility options identified in
the literature [40], we consider storage, import/export, storage + import/
export, demand side management(DSM) and value of lost loads (VOLL)
flexibility options. DSM is a strategy allowing shifting demand to a later
time period, where it is more beneficial for the system to supply that
energy [72]. Often there is a restriction on the amount of time periods
the demand can be shifted. VOLL allows for having non-served energy
(NSE) but associated with a specific cost. Each of the mentioned fea-
tures increases the solution space compared to the solution space with
their absence. To study a feature that restricts the solution space we
consider a nuclear always online (NON) restriction which essentially
force nuclear units always to be online. Whereas the aforementioned
features increase the system flexibility, including a restriction on the
nuclear units challenges the flexibility. The interesting part is whether
an aggregated problem is able to replicate the same priority on nuclear
units with the time duration being much smaller. A general challenge
within the aggregation framework is to efficiently handle storage as
well as hour-by-hour relations as those included in the Unit Commit-
ment problem. This paper does not concern how these relations might
be modeled more efficiently despite these certainly constituting a
highly relevant future research question.

In summary, changes in system design cover six configurations being
model extensions of Nuclear always online, DSM, VOLL, storage, import/
export and a combination of storage and import/export. Suppose we
perform the sensitivity analysis method on a reference model (base model)
which does not include the aforementioned extensions. Any capacity ex-
pansion model could constitute this base model as long as it supports the
extensions meaning that the nuclear technology must be considered to
support a nuclear always online extension e.g. The mathematical for-
mulation of the base model used in our case study is seen in Appendix B,
and in the following we refer to it as follows;

Minimize OBJ
Subject to Constraints

Base

Base

Each extension then acts as an add-on to this model. In the following we
mathematically describe each of the extensions and for some provide more
detail on their importance to aggregation. Sets, parameters and variables
used in the following definitions are described in Table B.8 in Appendix B.

Demand Side Management (DSM):
DSM can be modeled as a short-term storage, and with DSM being
hour dependent, it also draws some similarities to the modeling of
minimum up and down times. Therefore DSM is an interesting
feature to include. In our model, DSM has no cost and therefore it
only affects the energy balance of the base model. Apart from this, a
list of constraints are added. Constraint (5) restricts the withheld
demand and constraint (6) updates the level of total energy with-
held. Constraints (7)–(9) ensure that the capacities of DSM are re-
spected.

MinimizeOBJBase (2)

Subject toConstraintsBase (3)

+ +x p D x j J
i I

ij j
DSM

j j
DSM

(4)

>

+

x p j J
j j

j H

j
DSM

j
DSM

(5)

= +l l x p j Jj
DSM

j
DSM

j
DSM

j
DSM

1 (6)

l P H j Jj
DSM DSM (7)

x P j Jj
DSM DSM (8)

p P j Jj
DSM DSM

(9)

l p i I j J, 0 ,j
DSM

j
DSM

(10)

Value Of Lost Loads (VOLL):
VOLL can be modeled as an additional technology having fixed costs
of zero and variable costs equal to VOLL. In [21] it is allowed to
have one day with NSE over a time period of 10 years, corre-
sponding to 2.4 h of NSE during 1 year. Using this, the VOLL can be
defined as:

= + + +VOLL C C C C MWh i G
2.4

"$"/ ,i
FCAP

i
FOM

i
VOM

i
FUEL

From a modeling perspective, the amount of NSE is minimized in the
objective function, and furthermore it is included in the balance
equation;

+ VOLL nMinimizeOBJ ·Base
j J

j
(11)

Subject toConstraintsBase (12)

+x n D j J
i I

ij j j
(13)

Storage (STO):
Storage potentially provides more flexibility and it enables an ana-
lysis of whether the storage is prioritized in the same way with and
without aggregation. In this model, storage is included as an in-
vestment possibility on equal terms as all the generation units. By
that, it adds a term to the objective where investment and opera-
tional costs are minimized (14). Furthermore, the energy balance
equation is modified (16) and constraints handling the storage
balance (17), restricting the capacities (18) and (19) and restricting
the inflow and outflow (20) and (21) are added.

+ C yMinimizeOBJBase
s S

s
FIX

s
(14)

Subject toConstraintsBase (15)

+ +x x D p j J
i I

ij
s S

sj
STOR

j
s S

sj
STOR

(16)

= +l l
x

p s S j J· · ,sj
STOR

s s j
STOR sj

STOR

s
s sj

STOR
, 1 (17)

l L y s S j J· ,sj
STOR

s (18)
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l L y s S j J· ,sj
STOR

s (19)

x f P s S j J,sj
STOR

sj
OUT (20)

p f P s S j J1 ,sj
STOR

sj
IN

(21)

y f s S j J, {0, 1} ,s sj (22)

l p s S j J, 0 ,sj
STOR

sj
STOR

(23)

Import/Export (IMEX):
Having import/export possibilities in the model not only provide
flexibility, but also gives the possibility of raising the energy pro-
duction in specific hours due to exporting. This could help balancing
the demand satisfaction against ramping restrictions. Furthermore,
as the interconnection lines are included as potential investments,
we also analyze whether the interconnection line capacity invest-
ments are prioritized in the same way with and without aggregation,
and how the balancing between import and export is preserved in
the aggregated solution. In terms of implementation, investments of
interconnection lines as well as profits and costs of import/export
are included in the objective (24). Moreover, the import/export
operations also affect the balance Eq. (27) and constraints restricting
the capacities (28) and (29) are added.

+ +C y x p x pMinimizeOBJ · ·Base
ic IC

ic
FIX

ic
j J

ic j
IMP

j
IMP

ic j
EXP

j
ExP

, ,

(24)

Subject toConstraintsBase (25)

+x x x D j J·
i I

i j
ic IC

ic j
IMP

ic ic j
EXP

j, , ,
(26)

+x x y MAX P P ic IC j J· [ , ] ,ic j
IMP

ic j
EXP

ic ic
IMP

ic
EXP

, , (27)

x f P ic IC j J· ,ic j
IMP

ic j ic
IMP

, , (28)

x f P ic IC j J(1 )· ,ic j
EXP

ic j ic
EXP

, , (29)

y f x x ic IC j J, {0, 1}, , 0 ,ic ic j ic j
IMP

ic j
EXP

, , , (30)

Nuclear always Online (NON):
Only a single constraint is added, securing the commitment of the
Nuclear units to be decided by the investment decision (34).

MinimizeOBJBase (31)

Subject toConstraintsBase (32)

u y i NUCLEAR j J,ij i (33)

Storage and Import/Export Combined (STOIMEX):
Since many of the real life models typically contain multiple of the
suggested model extensions, it is also interesting to analyze the
ability of the aggregated problems to replicate priority between
different flexibility options. In that sense, the last model extension
suggested is a combination of the storage and import/export fea-
tures since such a combination enlightens the ability of the ag-
gregated problem to prioritize the same flexibility investments as
the non-aggregated problem.

3.3. Performance Index (PI)

To quantify the sensitivity of an aggregation technique we need to
be able to measure its performance. Different performance measures
appear in the literature which mainly constitute a comparison between
aggregated and non-aggregated input data [14,44,66] or model solu-
tions [48,64,65]. We apply the suggested model performance index of
[53] which compares the solution of the original model to the solution
of the original model with fixed aggregated investments, on a selection
of categories. In more details, differences (D) within a set of categories
( ) are calculated where the differences both account for over- and
underestimations observed within each category. We define the set of
categories to consist of maximum capacities, generation mix, overall
system costs, amount of shut-down circles and number of invested units.
Here, maximum capacities refer to the highest capacity of each type of
generating units observed within a single hour throughout the planning
period and generation mix refers to the summed generated energy across
the whole planning period from each type of generating units.

In the case of model extensions new measures arise which should be
included as categories as well. We therefore list the categories included
in the performance index measurements for each of the model design
suggestions;

Demand Side Management (DSM): With DSM being modeled as a
short-term storage, we add two categories to the PI being the single
hour maximum ‘charge’ and ‘discharge’ capacities and the total sum
of energy handled in the DSM add-on.
Value of Lost Loads (VOLL): Also here two new categories are
introduced which is the maximum energy being non-served in a
single hour and the sum of total non-served energy.
Storage (STO): Similar to the DSM, two new categories are added
covering the sum of the storage related capacities as well as the sum
of the total amount of energy handled in the storage add-on. The
two categories cover both storage inflow, storage outflow and sto-
rage level.
Import/Export (IMEX): Two new categories are added covering the
sum of the maximum import/export capacity of a single hour and
the sum of the total energy being either imported or exported.
Nuclear always Online (NON): No new categories are added in this
case.
Storage and Import/Export Combined (STOIMEX): Each addi-
tional category from both the storage and the import/export ex-
tensions are added, resulting in 4 new categories.

Furthermore, in any case, an infeasibility category is included to
punish aggregation techniques leading to infeasible solutions. Infeasible
solutions occur when the aggregated problem solution does not include
enough capacities to satisfy the demand. As infeasible solutions are
highly unwanted, one could consider applying a larger weight on this
category, but for now, each of the categories account with equal weight.
To achieve this, the differences observed within each category are
normalized. However, slightly different from [53] where the perfor-
mance index is defined for each solution type, we here define it for each
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aggregation technique a. The difference is whether the normalization is
made across all the observed solution types or, as here, across all ag-
gregation techniques. The reason for this change is that the solution
types will change within the different wind scenarios and model ex-
tensions, wherefore the definition in [53] would not allow direct
comparison across different problem settings. Herewith, the PI of ag-
gregation technique a is defined as,

=
+

+

D D

D D
PI y

a y
a

y
a

y
a

y
a

a
, ,

, ,
(34)

with D y
a
, and D y

a
, referring to over- and underestimation within cate-

gory , of the solution for the yearly data instance y found by ag-
gregation technique a. . . a refers to a normalization performed with
respect to a.

3.4. Sensitivity Analysis Method (SAM)

We now present the Sensitivity Analysis Method (SAM) as outlined in
Procedure 1. In the suggested form, the method takes as input a base
design of a Capacity Expansion Model (CEM) and a set of Input Time
Series (ITS) for a set of years Y. Additionally, a set of change types C
with a corresponding set of configurations SC, a set of time elements to
consider E and lastly a set of time aggregation techniques A. The overall
strategy is to one-by-one impose each type of change on the respective
part of the input parameters, to aggregate the problem and evaluate the
aggregation. In more details:

1. Impose the change c with corresponding configuration i
2. Apply each aggregation technique to the problem(s)
3. Solve the aggregated problem(s)
4. Calculate the performance index PIc

a e,
i with a being the aggregation

technique, e the selected element type and ci change type c with
configuration i

By recording the performance of each aggregation technique within
each change, the overall best performing technique can be identified
within and across each change. For simplicity, we suggest to analyze
each aggregation technique according to its average performance for
the different years y Y . Fig. 1 provides an overview of the suggested
changes and the corresponding configurations.

Procedure 1. Sensitivity Analysis Method (SAM)

1: procedure SAM{CEM, ITS, Y, C, SC , E, A}
2: For =c C( 1 to ){
3: For =i S( 1 to )C {
4: For =a A( 1 to ){
5: For =e E( 1 to ){
6: If (a is compatible with e with respect to c){
7: For =y Y( 1 to ){
8: Perform change ci (on ITSy, CEM or a)
9: Apply aggregation a to ITSy

10: Solve CEM for aggregated data
11: Calculate PI y

a

12: }
12: }
14: Calculate =PI PIci

a e

y Y
y
a,

15: }
16: }
17: }
18: }
19: Analyze performance for change c
20: }
21: Analyze performance across all c

4. Case study

To illustrate the suggested sensitivity analysis methodology we
apply it to a case study. As just discussed, the method needs as input a
reference model CEM and a set of input time series ITS associated with a
set of years Y. We reuse the case study of [53] which consists of a

Fig. 1. Overview of the suggested problem changes that the SAM covers. We refer to the nomenclature for the abbreviations. It is illustrated how the initial problem is
changed within each type of change and what configurations the change covers.
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Capacity Expansion Model with incorporated Unit Commitment (CEMUC)
and three sets of input time series, corresponding to three different
years. We briefly summarize essential parts of the model and input data,
and for further details we refer to [53].

The considered model is a single-node, deterministic combined
long- and short-term model which optimizes the sizing of new gen-
eration capacities. Investments may be made both in conventional and
renewable capacities. The conventional units consist of both base-load
capacities (Coal and Nuclear) and flexible capacities (gas turbines). The
renewable sources consist of wind and PV sources. The objective is to
minimize investment and operational costs while respecting opera-
tional and technological constraints. Included in the operational costs is
start-up costs of conventional units. The restrictions cover hourly unit
specific generation capacities, maximum hour-by-hour generation
change and minimum/maximum up and down times. Binary variables
are introduced to model investments and UC constraints wherefore the
considered model is a Mixed-Integer Linear Programming (MILP) pro-
blem. A mathematical formulation of the considered model is seen in
Appendix B.

The three years of input data consist of yearly demand time series
and yearly wind and PV availability profiles, obtained for Denmark in
the years 2014, 2015 and 2016. The availability profiles are re-
presented by hourly Capacity Factor (CF) values ranging from zero to
one. The CF of an hour t represents the share of the maximum capacity
that can be utilized for electricity generation in that specific hour. As
discussed in Section 3.2.1 each aggregation technique selects time
elements from the RLC wherefore this must be constructed prior to the
optimization. The RLC is therefore constructed with the assumption of
all candidate renewable capacity being installed. Each yearly RLC can
then be constructed from;

=RLC D w Z w Z· · ,y y
wind
y wind

PV
y PV (36)

where Dy is the demand profile of year y, wwind
y is the wind CF profile of

year y, wPV
y is the PV CF profile of year y while Z wind and ZPV are the

assumed installed capacities for wind and PV respectively. In Appendix
C we illustrate how the changes associated with the wind availability
affects the considered input time series.

4.1. Model runs settings

All problems considered in the case study are implemented in GAMS
24.5.0 and solved using Cplex 12.7.1.0 with standard settings for MIP.
A server with a node configuration of 2x Intel Xeon Processor 2660v3
(10 cores, 2.60 GHz) and 128 GB RAM is used. All non-aggregated
problems are solved to minimum a 0.2% gap and then investments are

fixed and the remaining problems are solved to optimality. Each ag-
gregated problem is solved to optimality. To enable the comparison
between solutions, the aggregated investment selection is fixed and the
problem is solved on the original time scale. In the following we first
present the results relating to each type of change (wind availability,
aggregation aggressiveness and system design) and then we present the
results across all types of changes. As a perspective to the results re-
lating to solution time saving, it is noted that each non-aggregated
problem requires at least an hour in solution time. Dependent on the
specific non-aggregated problem, solution times range between 1.1 h
and 14.2 h.

5. Results

We here present the results from the case study. The section is or-
ganized such that first the results on sensitivity to wind scenarios are
presented, then the results of sensitivities to aggregated problem sizes,
next the results on sensitivities to different model designs and lastly the
results of considering all the sensitivities simultaneously.

5.1. Results on Sensitivity to wind scenarios

The performance indices (PIs) of the different aggregation techni-
ques for each wind scenario are listed in Table D.11, Table D.12 and
Table D.13 according to the different element selections while Table
D.14 shows the PIs averaged across element selections for each wind
scenario (all appearing in Appendix D). To analyse the performance of
the individual aggregation techniques, the PIs for each aggregation
technique averaged across all wind scenarios are summarized in
Table 2. Additionally, this table also lists the consistency in perfor-
mance for different wind scenarios which is measured as the variance of
the PIs across the different scenarios. To analyze how the different wind
scenarios generally are affected by aggregation, the PIs averaged across
all aggregation techniques are illustrated in Table 3 along with the
consistency across different aggregation technique performances for
each scenario (measured as the variance of the PIs across the different
aggregation techniques).

The statistics of the different wind scenarios (Table 3) show that the
normal wind profile, WN , has the best average performance while the
WLCW has the worst performance. In general, significant worse perfor-
mances are seen for the WMCW and WLCW scenarios compared to the
normal scenario. This is to be expected as these cover the cases where
the wind characteristics in the model are changed from the ones used
for the aggregation. On the other hand, changing the wind character-
istics from the normal settings and including these changes in the ag-
gregation selection, only slightly increases the average PI (AU and AD).
Aggregation techniques based on day and week selections seem to have
exchangeable best performance for the different wind scenarios, how-
ever with overall similar performances (average PI of 2.33 for day

Table 2
Mean and variance statistics for PIs of each aggregated problem when looking
across different wind scenarios. This table illustrates how sensitive the perfor-
mance of a single aggregation technique is to the different wind scenarios. A
dash indicates that the element is not considered for the respective aggregation
technique.

Mean Variance

Hour Day Week AVG Hour Day Week AVG

DX 3.67 1.82 2.25 2.58 0.93 1.34 2.55 1.61
SR 2.96 2.32 2.60 2.63 5.13 1.20 5.02 3.78
RL 3.38 3.62 2.85 3.29 0.74 0.66 2.80 1.40
OA - 2.67 - 2.67 - 1.52 - 1.52
ES - - 1.87 1.87 - - 3.10 3.10
OS - 2.30 1.18 1.74 - 0.92 1.44 1.18
DBR 3.54 1.81 2.15 2.50 1.29 3.86 1.73 2.29
SCR 2.15 2.25 1.61 2.00 3.00 2.55 1.38 2.31
CCR 2.94 2.29 2.32 2.52 2.21 3.97 1.64 2.60
LCR 1.80 1.87 2.28 1.98 3.64 1.36 2.72 2.57

AVG 2.92 2.33 2.12 2.46 2.42 1.93 2.49 2.24

Table 3
Mean and variance statistics of PIs averaged across all aggregated problems for
each wind scenario. This table illustrates how the general aggregation tech-
nique performance is within each scenario and by that show which scenarios
that particularly suffer from aggregation.

Mean Variance

Hour Day Week AVG Hour Day Week AVG

WN 3.13 1.07 1.21 1.64 4.41 2.72 3.09 3.41

W AU 3.21 1.76 1.26 1.88 1.69 0.78 0.86 1.11

W AD 1.68 1.87 1.97 1.92 1.78 0.68 0.21 0.89

WMCW 3.48 3.46 2.32 2.86 0.00 0.43 1.88 0.77

WLCW 3.09 3.48 3.87 3.59 3.57 0.35 1.13 1.68

AVG 2.92 2.33 2.12 2.46 2.29 0.99 1.44 1.57
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selections and 2.12 for week selections). Aggregation techniques based
on hour selections have significant worse performance within the WN

and WAU scenarios, causing the average PI across all scenarios to be
2.92.

With respect to performance consistency, the most similar perfor-
mances for different aggregation techniques are seen across the WMCW

profile, while the most diverse performances are seen across the normal
wind profile. Especially, aggregation techniques associated with day
selections have very consistent performance across the different wind
settings, whereas the average variance of the hour selecting aggrega-
tions is more than twice as large. This indicates that selecting re-
presentative days causes the different aggregation techniques to have
more similar performance for each wind scenario. Much more diversity
is seen for the average variance of the hour selecting aggregations with
the variance across the WLWC and WMWC being especially high.
Consequently, the choice of aggregation technique has significant effect
on the performance when the technique is based on hourly selection,
and this effect is highly seen when the wind availability assumptions for
the aggregation are wrong.

Looking at the individual aggregation technique performances
across different wind scenarios (Table 2), it is seen that the selection of
days rather than hours especially is beneficial for the DX and the DBR
aggregation techniques. The variance of the average aggregation per-
formance across different wind scenarios (Table 2), shows that, on
average, a day selecting aggregation technique also is most consistent,
with especially the RL and OS techniques showing high consistency.
This indicates that different aggregation techniques based on day se-
lection perform more similar on average in different scenarios com-
pared to techniques based on hour and week selections.

In conclusion, aggregation techniques based on hour selections have
the highest average PIs and the most inconsistent performance across
different wind scenarios. Aggregation techniques with day and week
selections have similar average performance, and especially the day
selections have more consistent performance across different scenarios.
Performances are in general more inconsistent in the normal wind
settings, but the overall performance is also best here. Worst overall
performances are seen when the aggregations are made on wrong wind
availability assumptions.

Although the performances of the single aggregations seem to be
differently dependent on the element to be selected (Table 2), averaging
across different element selections shows that the OS technique has
good average performance among all scenarios. This makes sense, since
the hour selections typically show worse performance and the OS does
not cover hourly selections. Contrarily, the worst average performance
is seen for the RL technique, which again is to be expected as this
technique essentially performs day and week selections as hour selec-
tions. Both the RL and the OS show very consistent performance for the
different wind scenarios, and from Table D.14 it is seen that they both
handle theWAU andWAD better than theWMWC andWLWC . However the
big difference in performance is seen in the performance related to the
normal wind settings, in which the OS has the overall best performance
while the RL has the overall worst performance.

To better understand the performance trends analyzed so far, we
take a closer look at the single aggregation performances within the
different wind scenarios. Of the aggregation techniques selecting hours
(Table D.11), LCR performs best among different scenarios while DX
has worst performance. LCR performs especially well in the low wind
scenarios (WAD and WLWC), and performs worst in the high wind sce-
narios (WAU andWMWC). DX has somewhat similar performance for the
different profiles, however with the best performance observed for the
WAD scenario and the worst performance appearing in theWN scenario.
Of the aggregation techniques selecting days (Table D.12), DBR per-
forms best among the different scenarios while RL performs worst. DBR
handles theWMWC andWLWC scenarios significantly worse compared to
the normal wind scenario, while WAU and WAD are handled only
slightly worse. RL again has similar performance for all scenarios with

the worst performance appearing for the normal wind settings. Among
aggregation techniques selecting weeks (Table D.13), the OS performs
best across different scenarios and the RL covers the worst performance.
Worst performance of the OS are seen for the low wind scenarios, while
a much better performance is seen for the high wind scenarios with the
performance of the WAU being very close to the good performance in
the normal wind settings.

In conclusion, it seems that the different aggregation techniques
either suffer from low wind scenarios, from scenarios where aggrega-
tions are based on wrong wind availability assumptions, or from just
having a consistently bad performance. However, similarly to the per-
formance of an aggregation technique deviating a lot for different ele-
ment selections in the normal wind settings, it does not seem to be
predictable how an aggregation technique performs for different wind
scenarios. Consequently, general conclusions of aggregation techniques
across element selections cannot be drawn.

Nevertheless, for the majority of the aggregation techniques the
average performance across element selections (Table D.14) seems to
show worse performance of theWMWC andWLWC scenarios compared to
the WN scenario, while the WAU and the WAD scenarios typically show
performances similar to in the WN scenario. By that we can conclude
that aggregated problems perform significantly worse when the ag-
gregation is based on wrong wind availability assumptions. In principle,
this is the case in real life due to the assumptions of future wind
availability being needed prior to the optimization. Furthermore, Table
D.15 in Appendix D illustrates the percentage change in PI when
compared to the performance of the normal wind scenario. From this it
is seen that the performance of an average aggregation technique is
decreased by 75% and 120% in the WMWC and WLWC scenarios re-
spectively, compared to the performance in the normal wind scenario.
On the other hand, the performance is only decreased by 15–17% in the
WAU andWAD scenarios. From this it is clear that the especially hard to
handle scenario for an aggregation technique is when the aggregation is
performed based on overestimated wind availabilities. Herewith, in
predicting the wind availability, the consequences seem to be larger if
too much wind is predicted compared to if predictions cover too little
wind. In finding the best aggregation technique, one then search for a
good performance within theWLWC scenario. As the earlier conclusions
point out, the OS not only has the best performance in the WLWC sce-
nario, but also has an overall best and consistent performance among
different scenarios. This aggregation technique therefore seems to en-
sure good results even when good wind availability predictions are hard
to make.

5.1.1. Solution time differences for wind scenarios
Although solution times are not the main focus of this analysis,

studying these could still reveal some dependency between aggregation
technique and wind condition in the problem. Therefore, solution time
savings for the different aggregated problems solved within the dif-
ferent scenarios are illustrated in Fig. 2. The included solution time
savings are averaged across the three different data instances analyzed
(years 2014–2016), and for simplicity, also across the compatible ele-
ment selections. The figure both illustrates the general time saving
observed for each aggregation technique across different wind sce-
narios, and the general time savings observed for all aggregation
techniques in each wind scenario. The left figure therefore illustrates
how sensitive the time savings are to the different wind scenarios while
the right figure indicates which scenario is the most difficult to handle
in the aggregation framework.

There seems to be a pretty clear tendency of the solution time
savings being relatively constant looking across different aggregation
techniques within each scenario. Only the AD scenario falls out with
some significant lower savings for some techniques. Consequently,
more computational effort is needed in the AD scenario compared to the
Normal scenario (NW), whereas less effort is needed in both the MWC,
LWC and AU scenarios. These results do not indicate any significant
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influence of the amount of wind in the system on the difficulty of the
resulting problem, when wind changes happen after the aggregated
problem has been constructed. On the other hand, adjusting the ag-
gregated problem to different wind settings, it seems that the difficulty
of the resulting aggregated problem is higher when the aggregation
needs to replicate systems with less wind available. However, to con-
clude this with higher confidence, one should perform a more com-
prehensive time analysis.

In conclusion, the results here indicate that changing the wind
settings seems to have no influence on the solution difficulty of the
resulting problem if the aggregated problem is constructed before the
changes, whereas adjusting the aggregated problem to the changes
seems to affect the solution times depending on the change of the wind
availability.

5.2. Results on sensitivity to aggregation aggressiveness

Recall that only day selecting aggregation techniques are considered
here. Table D.16 in Appendix D therefore lists all PIs and these are
graphically illustrated in Fig. 3. A first observation from Table D.16, is
that the number of infeasible solutions increases as the sizes of the
aggregated problems reduce. Herewith, almost 60% of the 4-day ag-
gregated problems provide solutions which are infeasible to the non-
aggregated problem. Expanding the aggregation with 3 more days, the

infeasibility percentage decreases to just below 45% while a 14-day
aggregation decreases the percentage to 4%. The amount of infeasible
solutions depend on the aggregation technique, with the DX and SR
having the highest percentages. Contrarily, both the RL and the OS
provide feasible solutions in all cases while the remaining techniques
have infeasibility percentages of 17–42%. Common for the RL and the
OS is that they either ensure (RL) or prioritize (OS) to include the global
minimum and maximum values of the aggregated profiles, which could
be the reason for the zero infeasibility percentages. Consequently, en-
suring global minimum and maximum values to be included in the
aggregation could be a valuable property of an aggregation technique,
at least if very aggressive aggregations are made.

Additionally, the RL technique actually seems to have better per-
formance when 7 days are selected compared to the 28-day selection.
This is likely due to the RLDC being weekly periodical. Consequently,
dependent on the aggregation technique, including more time slices
does not necessarily result in better performance. In fact, different ag-
gregation techniques seems to perform best under different aggregation
sizes. We again see that the OS technique has fairly good, but more
importantly, very consistent performance among the different ag-
gregation sizes. The OS does not have the best average performance
across the different aggregation sizes, however, it provides very robust
performance both with respect to aggregation size but also, as con-
cluded earlier, among different wind scenarios. According to

Fig. 3. Performance of the different sized aggregated problems averaged across yearly data instances. A smaller PI indicates a better performance. In these results,
each category of the PI is weighted by a factor 1. The left figure shows how sensitive the performance of each aggregation technique is across different changes and
the right figure shows the consistency and general quality of aggregation technique performance within each aggregation size.

Fig. 2. Solution time savings of the different aggregated problems in different wind scenarios. The time savings are averaged across compatible element selections
and across considered years. To the left, the time savings across all wind scenarios for each aggregation technique and to the right, the time saving across all
aggregation techniques for each wind scenario. Notice that NW represents the normal wind profile.
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aggregation aggressiveness sensitivity, the best average performance is
seen for the DBR. This technique turned infeasible for two of the tree
yearly data instances of the 4-day aggregations, which also causes the
performance of this size to be worst. However, with very good perfor-
mance both for the 28-days and the 7-days aggregations, the overall
best performance is achieved. The 7-day aggregation performs better
than the 14-day aggregation for all aggregation techniques not based on
clustering techniques. Also, averaging across all aggregation techni-
ques, the 28-days aggregations have the overall best performances,
while both the 14-days and 4-days aggregations share the worst per-
formance. However, one could argue that as infeasible solutions are
highly unwanted, one could apply a weight onto the infeasibility ca-
tegory. With a weight of 10, the PIs are as seen if Fig. D.10 in Appendix
D, wherefrom the aggregation performance shows to be correlated to
the aggregation size so that larger aggregations provides better per-
formances.

5.2.1. Balancing solution time
Essential to the study of aggregation sizes is the balance between

solution time and performance of the different sized aggregation tech-
niques. Therefore, solution time savings observed for the different sized
aggregated problems are graphically illustrated in Fig. 4. The values
covered in the figure are average values across the three analyzed
problem instances (year 2014–2016).

How the different aggregation techniques perform within the dif-
ferent size categories very much depend on the technique itself.
However, the average picture indicates that the more information that
is included in the aggregated problem, the longer solution times are
observed. Especially the multiple clustering procedures (LCR and CCR)
seem to have solution times sensitive to the problem sizes.
Nevertheless, for any aggregation technique, the maximum span in
solution time savings for the different sizes is 4%. The cost of this ad-
ditional solution time decrease is not only worse performance but also
very high likelihood of the solutions being infeasible to the original
model. High sensitivities to the aggregation size are seen both for the
DX, OA and LCR. Contrary to these, especially the RL but also the OS
and SCR seem to have solution times less sensitive to the problem sizes.
SCR seems to have the overall highest average solution time saving,
while OS has the overall lowest average solution time saving. Notice
however, that the actual difference in average values is below 2%,
which gives the benefit to the OS technique, since no infeasible solu-
tions were observed among the different aggregated problem sizes. Also
the RL technique did not lead to infeasible solutions for any of the
aggregated problem sizes, and this technique seems to have a solution

time saving around 97–98% independently of the aggregated problem
size.

In conclusion, solution times tend to increase for increasing size of
aggregated problems. The largest difference in solution time saving was
however only 4% resulting in the lowest solution time saving being
96%. Consequently, even for the largest aggregated problems, good
solution time savings were observed, wherefore larger aggregated
problems should be included to analyze this correlation further. The
current analysis clearly illustrated the consequences of reducing the
original problem too much, since the majority of the aggregation
techniques lead to infeasible solutions for the most reduced sizes. Only
two exceptions were seen being the OS and the RL techniques, which
did not lead to infeasibilities at any point. These techniques also
showed the most consistent performance across the different problem
sizes.

5.3. Results on sensitivity to system design

Average PIs of the different aggregation techniques within each
model extension are listed in Table D.17, Table D.18 and Table D.19
according to the selected element type, while Table D.20 lists average
PI across element selection (all appearing in Appendix D). To simplify
the results a bit, Table 4 shows the performance averaged across ag-
gregation techniques for each model extension (mean) and how con-
sistent the different aggregation techniques perform for each model
extension (variance). On the other hand, Table 5 shows how each in-
dividual aggregation technique on average performs across all model
extensions (mean) along with how consistent the performance is across
the model extensions (variance).

From Table 4 it is seen that while the day and week selections have
a similar average performance across all model extensions, the hour
selections have the worst performance. This is mainly caused by a
significant worse performance for the Base, the NON and the VOLL
model extensions. With respect to the single aggregation techniques
(Table 5), especially the DX, the DBR and the CCR are causing the
higher average of hour selections, while both the LCR and the SR ac-
tually have the best performance across model extensions for hour se-
lections. Furthermore, Table 4 shows that hour selections have the best
performance for the storage extension, which otherwise is the model
extension having the worst average performance.

The largest difference in performance of different aggregation
techniques is seen for the VOLLmodel extension while highly consistent
performance is seen for the combined Storage-import/export model ex-
tension. Again, day and week selecting aggregation techniques are on

Fig. 4. Solution time savings of the different sized aggregated problems. To the left, the time savings across all aggregation sizes for each aggregation technique and
to the right, the time saving across all aggregation techniques for each aggregation size.
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average more consistent in performances across the different model
extensions compared to the hour selecting techniques, which especially
is seen for the Storage, DSM and VOLL model extensions. However, with
respect to the performance consistency across different model exten-
sions (Table 5), similar consistency is seen for the three element type
selections. Highest consistency in performance for different model ex-
tensions is seen for the OA technique which is no surprise as this only
cover day selections. Of the aggregation techniques covering all ele-
ment types, the CCR seems to be most robust in performance while the
SR shows least robustness.

To analyze how the different model extensions in general is handled
with aggregation we notice that it may not be fair to directly compare
the rows in Table 4. As described in Section 3.3, the PI may cover a
different amount of categories for the various extended models, and it is
clear that the more categories included, the larger the PI potentially
becomes. All conclusions in the following discussion therefore have
been made with consideration of the amount of categories for each
model extension (Table D.21 in Appendix D). Looking at the averages
across element selection, Table D.20 shows that the LCR technique is
the best performing within the different model extensions. Especially
good performance is seen for both the base and VOLL model extensions,
while the worst performance is seen for the NON extension. In the other
side of the spectrum, the RL technique is the worst performing with an
especially bad performance for the VOLL model extension, which
otherwise is the model extension covering the second best average
performance. The model which seems to be best replicated by

aggregation is the base while the overall hardest model to replicate is
the Storage. Since the NON model covers the categories in the PI cal-
culation as the base model, it seems to be hard for the aggregation
techniques to handle NON restriction.

From Table D.20 the performances of the aggregated base model
and VOLL model seems to follow each other closely which relates to the
VOLL feature not changing the model that much. Also the DSM exten-
sion has somewhat similar tendency as the two aforementioned ag-
gregated models, which again reflects the fairly limited change that the
DSM feature allows. The similar tendency is especially showed for the
four techniques based on grouping (DBR, SCR, CCR and LCR). For the
Storage extension, the same similar tendency is seen for the grouping
techniques, while a very different behavior appears for the non-
grouping techniques. Contrary, the grouping based aggregated models
including a NON extension show significant different performance
compared to the aggregated base model while this changed perfor-
mance is less significant for the non-grouping techniques. Lastly, a very
different behavior for all aggregation techniques is seen for the com-
bined Storage-import/export extension, which is the extension expanding
the solution space the most.

In conclusion, the LCR aggregation technique is the best at re-
plicating the originally scaled model solution across all extensions,
while the RL is the worst. This is perfectly aligned with the conclusions
of the base model [53]. The analysis further showed that for the ma-
jority of the aggregation techniques, the best replication is seen for the
base model, indicating that the replication becomes harder as the
comprehensiveness of the model increases. In fact, the performance of a
specific aggregation technique changes for different model settings
dependent on the aggressiveness of the changes. Changes that have
little effect on the solution space also cause limited change in the ag-
gregation technique performances. Larger changes such as significantly
increased potential investments or a change of the structure such as a
nuclear always online limitation, potentially causes very different per-
formance of the aggregation techniques. However, aggregation tech-
niques of the GS category have fairly robust performance across most
model extensions, with only the Nuclear always online being an excep-
tion. Although, a nuclear always online limitation might be a bit out-
dated in real life applications, it still illustrates an example of the
complications arising in balancing the benefit of an investment asso-
ciated with an hour dependent limitation as the time scale is reduced.

5.3.1. Solution time dependency on model extension
This section investigates whether the aggregation techniques have

same affect on the larger problems with respect to solution time sav-
ings. For each model extension, the solution time savings achieved by
aggregating is illustrated in Fig. 5. Although, the solution time savings
seem to depend on the element type selected, the listed time savings are
averages across the different element selections.

From Fig. 5 it is clearly seen that while the majority of the model
extensions seems to achieve similar time savings, the Storage extension
is associated with significantly lower time savings. Also the import/ex-
port has constantly lower time savings compared to the other exten-
sions, however not with the same significance as the Storage extension.
Nevertheless, looking at Fig. 5 it is seen that a model containing both
storage and import/export possibilities actually has a high time savings,
which is very consistent across different aggregation techniques. De-
spite this being the largest model considered, the high time savings may
be caused by more capacity being available at every hour, which po-
tentially enable the solution procedure to find better upper bounds.
However, it should be mentioned, that the LCR technique selecting
hours was not solved within the given timeframe, wherefore the
average in the graph does not cover the hour selections. This may cause
the time savings of the combined import/export and storage extension
to be overestimated. Further excluding the hour selections from the LCR

Table 4
Mean and variance statistics of the PIs for each model extension when aver-
aging across different aggregated problems. A smaller PI indicates better per-
formance.

Mean Variance

Hour Day Week AVG Hour Day Week AVG

Base 3.13 1.07 1.21 1.64 4.41 2.72 3.09 3.41
Storage 2.62 3.09 3.79 3.24 2.14 0.42 0.62 1.06
IMEX 3.07 3.33 2.96 3.18 1.61 0.71 0.48 0.93
DSM 3.46 2.29 2.21 2.59 3.01 1.69 1.61 2.11
NON 4.44 2.75 2.14 2.79 0.19 1.14 0.90 0.74
VOLL 3.78 1.33 1.53 2.02 7.14 4.19 4.90 5.41

STOIMEX 2.61 2.28 2.59 2.50 0.81 0.22 0.19 0.41

AVG 3.30 2.31 2.35 2.57 2.76 1.58 1.68 2.01

Table 5
Mean and variance statistics of the PIs for each aggregated problem when
averaging across different model extensions. A dash indicates that the element
is not considered for the respective aggregation technique. A smaller PI in-
dicates better performance.

Mean Variance

Hour Day Week AVG Hour Day Week AVG

DX 4.41 2.20 1.35 2.65 1.03 2.91 2.19 2.04
SR 1.92 2.47 2.02 2.13 2.71 1.00 3.92 2.54
RL 3.92 4.35 4.11 4.13 0.92 1.24 1.72 1.29
OA - 2.30 - 2.30 - 0.61 - 0.61
ES - - 2.59 2.59 - - 1.36 1.36
OS - 2.52 1.86 2.19 - 0.40 1.84 1.12
DBR 4.33 1.61 3.23 3.06 1.37 1.90 0.32 1.20
SCR 2.84 1.80 1.97 2.20 1.78 2.12 2.08 2.00
CCR 4.20 1.51 2.59 2.77 1.93 1.19 1.22 1.45
LCR 1.49 1.72 1.69 1.64 2.25 2.12 1.78 2.05

AVG 3.30 2.31 2.35 2.65 1.71 1.58 1.74 1.57
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technique in the Storage extended model, the average time savings
changes from 23% to 70%. In general, most of the time savings would
be improved if the hour selections were excluded. This is a clear in-
dicator of the hour selections not only being questionable with respect
to performance but also with respect to solution time savings. On the
other hand, the ES technique has a +90% time saving independently of
the model it is applied to, showing a strong consistency of this ap-
proach. Averaging across aggregation techniques, nuclear always online
extension provides the overall highest solution time saving (98%).
However, +95% average time savings are seen for the base, DSM, VOLL
and STOIMEX extensions, while the IMEX extension has an average time
saving just below 90%, and the Storage extension an average time
saving of 50%.

In conclusion, for most of the suggested extensions, at least as good
solution time savings were observed as in the base case. However,
model features like import/export and storage seem to lower the so-
lution time savings, except if they are to be included simultaneously.
The solution time savings of applying aggregation therefore seems to
have some dependence on the model features, however with the pos-
sibility of affecting these by combining different features.

5.4. Overall aggregated problem performance

As the analysis so far has shown, the aggregation techniques have
different advantages and disadvantages within the different problem
change tests. While one technique outperforms in one test the same
technique might have weakness in others. In real life applications, the
structure of the model typically is fairly unchanged, meaning that one
could perform an analysis of different aggregation techniques for the
specific model. However, adding a new investment possibility imposing
an hourly constraint with a structure of a NON constraint, might change
the picture. Taking into account the speed of the green transition, it is
inefficient to make an aggregation technique analysis every time a
change occur. We therefore end this paper with the results of the
analysis showing the average best performing aggregation technique
when looking across all test settings. We aim at finding one aggregation
technique not necessarily ensured to have good performance in each
case, but which has the highest likeliness to perform well.

So far it has been seen how the element type that is selected by the
aggregation techniques may have high impact on the resulting perfor-
mance. In the majority of the analysis, day and week selections per-
formed best, wherefore the following analysis is considered only for the
day selecting techniques. For each of the type of changes considered,

the PIs are averaged across the three analyzed instances (year
2014–2016) and across the different configurations of the problem
change c. The resulting PIs (PIc

a) are normalized according to the fol-
lowing formula:

=Normalized(PI )
PI min PI

max PI min PI
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where A is the set of aggregation techniques, max PI
a A

c
A refers to the

maximum (configuration averaged) PI obtained for c and min PI
a A

c
A re-

fers to the minimum (configuration selection averaged) PI obtained for
c. The normalized PIs for each aggregation technique are illustrated in
Fig. 6. The purpose of the normalization is to achieve equal impact from
the different problem change tests. Time savings associated with the
different performances are illustrated in Fig. 7.

As mentioned earlier, most of the model extensions increase the size
of the optimization problem and may lead to more complex problems. It
is therefore not surprising that the time savings observed within the
model design sensitivity analysis are significantly lower compared to
the other sensitivity studies. Similarly, as the smaller sized aggregations
lead to smaller sized problems it is expected that the aggregation size
sensitivity analysis is the one providing the, on average, highest time
savings. Nevertheless, with a single aggregation technique exception,
the wind sensitivity analysis shows similar good time savings despite
the problems being generally larger. In most cases, as good or even
better time savings occur in the wind sensitivity analysis, compared to
the base aggregation case. The aggregation techniques generally pro-
viding the highest time savings are the aggregations based on clustering
methods. In general, very similar and good average time savings are
seen for all techniques with the RL being the only exception.
Nevertheless, for any technique, an average time saving of at least 75%
is expected, independently of the sensitivity setting applied.

The RL technique does not only provide the average worst time
savings, but also has the worst average performance across the different
sensitivity analyses. The only sensitivity analysis deviating from this
pattern is the aggregation size sensitivity. This is to be expected since
the day selections in an RL technique essentially is hour selections.
Consequently, even for the smallest aggregation size, a lot of informa-
tion can be picked out from the original data, whereas a true day se-
lecting technique only has 4 selections to cover all important features.
This could therefore be an incentive to use hour selections if the size of
the aggregation is limited. The best general performance across the

Fig. 5. Solution time savings of the different aggregated problems when applied to the different model designs. The time savings are averaged across all compatible
element selections and each considered year. The left figure shows how sensitive each aggregation technique is with respect to time savings across different changes
and the right figure shows the consistency and general quality of aggregation technique time savings within each problem change.
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different sensitivity analyses appears for the DBR technique, which also
is associated with the best time savings, making this a strong choice of
techniqe. Nevertheless, an insignificant difference in performance is
seen for the clustering techniques making these very good candidates as
well. The huge differences among these are seen for the wind sensitivity
analysis where the SCR and CCR perform worse compared to the DBR
and LCR techniques. However the LCR technique has worse perfor-
mance within the aggregation size analysis, which in the end gives the
slight benefit to the DBR technique.

In conclusion, DBR has best performance closely followed by the
clustering techniques, while RL does not perform well. This is consistent
with the conclusions drawn in [53]. Nevertheless, the dynamic blocking
technique shines a bit more through the performed sensitivity analysis
compared to the earlier study. In fact, each aggregation technique

consisting of grouping elements and selecting from each group showed
similar good performances with similar and high time savings.

6. Conclusions

Increasing shares of Variable Renewable Energy (VRE) cause op-
erational detail to be important in the Capacity Expansion Problems
(CEPs) frequently resulting in intractable models. To regain tractability,
time aggregation is a widely applied method and in this paper we
studied how sensitive the performance of different aggregation tech-
niques is to different kind of problem changes.

We introduced the term sensitive to a change as the likeliness of an
aggregation technique to change its performance when exposed to the
change. Three types of problem changes were considered which either

Fig. 7. Time savings of applying the different aggregation techniques within each of the pre-studied problem changes. The time saving is the difference between the
time to solve the non-aggregated model and the time to solve both the aggregated model and the full scale model with fixed investments. Left figure shows how
sensitive each aggregation technique is with respect to time savings across all considered system configuration and the right figure shows the consistency and general
quality of aggregation technique time savings within each system configuration.

Fig. 6. Performance of the day selecting aggregation techniques within each type of problem change. Performance is illustrated as the ability of the aggregated
problem to replicate the original problem solution (PI). A smaller PI indicates better performance. The left figure shows how sensitive the performance of each
aggregation technique is across different changes and the right figure shows the consistency and general quality of aggregation technique performance within each
problem change.
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concerned the input data, the aggressiveness of the aggregation or the
system design. We proposed a sensitivity analysis methodology that
quantifies the performance of a set of aggregation techniques within
each type of these problem changes. The aggregation performance was
measured as the ability of the aggregated problem to replicate the non-
aggregated solution quality. The applicability of the suggested metho-
dology was illustrated through a case study consisting of a CEP with
incorporated unit commitment constraints and three years of input
data. The aggregation technique performances were analyzed both
within and across each type of problem change.

The type of change relating to the input data consisted of analyzing
how different aggregation technique performed for different wind sce-
narios. The focus was on high and low wind availabilities in settings
where the aggregation was made with and without correct information
of the wind availability. The results generally showed that aggregation
based on the Residual Load Curves (RLC) suffers from incorrect in-
formation of installed wind capacity. These scenarios showed ag-
gregation performances that were 75–120% worse than the one ob-
tained in the normal wind scenario. Similarly to the results of [48], our
results showed that any change in wind availability caused worse
overall aggregation technique performances and future research might
concern whether this can be improved by performing the aggregation
on input data not relating to the RLC.

The type of change relating to the aggregation aggressiveness con-
sisted of analyzing how the balance between aggregation technique
performance and solution time was effected by the size of the ag-
gregation. The analysis considered aggregations that reduced the ori-
ginal data by 92–99%. As in [55], it was concluded that typically the
more data included in the aggregated the better performance, however,
also the longer solution times. Nevertheless, by reducing the input data
beyond 92% a maximum additional solution time saving of 3% could be
observed, which are results perfectly aligned with those in [73]. A clear
consequence of reducing the aggregation sizes beyond this point was an
increase in infeasible solutions. Consequently, the 28-day selections
showed the best balance between performance and solution time, which
also is obtained in [55].

The type of change relating to the system design considered 6 ex-
tended problems, each either restricting or enlargening the original
solution space. The twofold purpose of this was firstly to study the
performance consistency of the single aggregations for different pro-
blems, and secondly to analyze the ability of the aggregations to re-
plicate different problem aspects. Results showed that the most chal-
lenging extension to handle with aggregation was the storage, both
with respect to solution quality and solution time savings. This is a
known challenge which e.g. also is stated in [49,74]. However, the
combination of the storage and the import/export extensions showed
improvements in both the ability of the aggregations to replicate the
original model and in the solution time savings with respect to any
other extension. This indicates that the ability of an aggregation tech-
nique to efficiently replicate a non-aggregated problem may depend on
what alternative flexibility sources are considered in the system which
relates to the research of [33]. An additional challenge for the ag-
gregation framework is to efficiently handle time-dependent constraints
such as the nuclear always online restriction. How to efficiently handle
time-dependent restrictions and seasonal storage in an aggregation
framework therefore constitutes a relevant future research question
which e.g. also is studied in [49,75].

A huge benefit of the suggested methodology is that it not only
identifies potential problems settings that might be challenging for the

aggregation methodology (as discussed above) but it also provides va-
luable results for the future aggregation technique developments. Based
on our case study, the suggested methodology identified aggregation
techniques based on hour selections to have overall worst and least
consistency performance both relating to solution quality and to solu-
tion time savings.

The RLDC Selection (RL) was concluded to consistently perform bad
across all problem changes which could be a consequence of this
technique reconstructing time element from hour selections. Hour se-
lection therefore constitute an aggregation technique property that
potentially should be avoided in future aggregation technique devel-
opments. However, the case study also indicated that hour selections
may provide more information in smaller sized aggregation compared
to the selection of larger time elements, wherefore further studies could
investigate this more carefully.

A key property leading to good performance was the selection of
days and weeks with especially the day selections showing high con-
sistency in performance. This is consistent with our results in [53].
Additionally, a property of pursuing minimum and maximum elements
of the non-aggregated time series seemed to indicate a key property as
well, as this potentially avoids the aggregated problem providing in-
feasible solutions. Based on all sensitivity analysis the Grouping Selection
property constituted a strong key property that frequently led to good
performance. This also aligns with our results in [53] and the results in
[49] where the configuration of the specific aggregation technique also
shows to have less impact on the aggregation technique performance
when grouping selections are considered.

Apart from the grouping techniques, the optimized criteria selection
(OS) showed strong and, more importantly, very consistent perfor-
mance within all problem changes, wherefore this methodology could
be further studied, in order to improve time aggregation techniques. In
all our analyses average solution time savings of minimum 75% were
obtained which illustrates the value the aggregation methodology
brings to the CEP modeling and it perfectly aligns with results seen in
[49,73].

For further analysis, it would be interesting to analyze the smaller
sized aggregation for both the different wind scenarios and the different
model extensions. Similarly to the conclusions of [55], including en-
ough time slices might cause different aggregation techniques to per-
form similarly well, wherefore an analysis of smaller sized aggregations
potentially could reveal further differences. Future research may also
improve the suggested methodology by considering other essential
problem changes to be included in order to identify further key prop-
erties of aggregation techniques. An essential problem change could be
the investment costs.
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Appendix B. Supplements to the model extensions

Eqs. (B.1)–(B.14) cover the mathematical formulation of the capacity expansion model, where expansion costs are minimized subject to technical
and operational constraints. A detailed description of the constraints is provided after the mathematical model. Sets, parameters and variables are
listed in Table B.7. Notice that, for simplicity reasons, it is assumed that the variable costs are equal for all hours.

+ + + + +C C y C C P HR x C zMinimize ( ) ( )
i I

i
INV

i
FOM

i
i I j J

i
VAR

i
VOM

i
FUEL

i ij i
STUP

ij
(B.1)

x D j JSubject to
i I

ij j
(B.2)

x P y i I j J,ij i i (B.3)

x P CF i I j J,ij i j
WIND W (B.4)

x P CF i I j J,ij i j
SOLAR S (B.5)

=u u z v i I j J, {1}ij ij ij i j
T

1 , (B.6)

=w x u P i I j J,ij ij ij i
T (B.7)

w u P P i I j J( ) ,ij ij i i
T (B.8)

Table B.7
Sets, Parameters and Variables of the capacity expansion model with unit commitment constraints

Set name Description Alias

J Time periods of the analyzed time series j j{ , }
I Units, which potentially are built i

IW Units of wind type I IW

IS Units of solar type I IS

IT Units of thermal type (Nuclear, coal, CCGTs and
OCGTs)

I IT

Parameter Description Unit

Ci
INV Investment costs of unit i [$/year]

Ci
FOM Fixed Operation & Management costs of unit i [$/year]

Ci
VAR Variable costs of unit i [$/MWh]

Ci
VOM Variable Operation & Management costs of unit i [$/MWh]

Ci
STUP Start-up costs of unit i [$]

Pi
FUEL Fuel Price of unit i [$/MBTU]
HRi Heatrate of unit i [MBTU/MWh]
Dj Demand for time period j [MWh]

Ri
U Upper Ramping limit of unit i (Maximum hour-

by-hour increase in generation)
[MWh/h]

Ri
D Lower Ramping limit of unit i (Maximum hour-

by-hour decrease in generation)
[MWh/h]

Pi Maximum power generation capacity of unit i [MW]
Pi Minimum power generation capacity of unit i [MW]

Mi
U Minimum amount of hours unit i needs to be

online after start-up
[-]

Mi
D Minimum amount of hours unit i needs to be

offline after shut-down
[-]

CFj
WIND Capacity factor of wind units in hour j

(Availability of wind)
[-]

CFj
SOLAR Capacity factor of solar units in hour j

(Availability of solar)
[-]

Variable Description Domain

yi Building decision for unit i, if 1 the unit is built {0, 1}
uij Commitment state, if 1 unit i is online in time j {0, 1}
zij Start-up decision, if 1 unit i is started up in time j {0, 1}
vij Shut-down decision, if 1 unit i is shut down in

time j
+ (or {0, 1})

xij Power output decision, amount of energy
generated by unit i in time j

+

wij Power generation over minimum capacity of
unit i in time j

+
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w w R i I j J, {1}ij ij i
U T

1 (B.9)

w w R i I j J, {1}ij ij i
D T

1 (B.10)

>
u z i I j J,ij

j j M

j

ij
T

i
U (B.11)

>
u v i I j J1 ,ij

j j M

j

ij
T

i
D (B.12)

y u v z i I j J, , , {0, 1} ,i ij ij ij (B.13)

Table B.8
Additional Sets, Parameters and Variables for the extensions to the CEUCM.

Set name Description Alias

S Storage units, which are candidates for
investment

s

IC Inter-Connection lines, which are candidates
for investment

ic

Parameter Description Unit

Cs
FIX Fixed investment costs of storage s [$]

Cic
FIX Fixed investment costs of interconnection line

ic
[$]

VOLL Value Of Lost Load (VOLL) [$/MWh]
P DSM Maximum DSM capacity in one time period [MW]

P IN Maximum input power of storage unit
(pumping capacity or hydro)

[MW]

P OUT Maximum output power of storage unit [MW]

Pic
IMP Maximum imported power of interconnection

line ic
[MW]

Pic
EXP Maximum exported power of interconnection

line ic
[MW]

L Energy capacity of the aggregated storage unit [MWh]
L Minimum energy level of the aggregated

storage unit
[MWh]

s Efficiency of the pumping unit for storage s [%]
s Efficiency of the storage s [%]

s Efficiency of the discharging unit for storage s [%]

ic Efficiency of importing on connection line ic [%]
H Maximum time to ‘put back’ energy withheld

in DSM
[ +0 ]

p j
IMP Price of importing energy in hour j [MW]

p j
EXP Price of exporting energy in hour j [MW]

Variable Description Domain

ys Investment decision for storage s, 1 indicates
investment

{0, 1}

yic Investment decision for connection line ic, 1
indicates investment

{0, 1}

fsj Charging/Discharging state of storage s in time
j, 1 indicates discharging

{0, 1}

fic j, f_\mathit{ic,j} Importing/exporting state for connection line
ic, 1 indicates import

{0,1}

xic j
IMEX
, Decision indicating whether connection line ic

is importing in hour j
{0, 1}

nj Non-Served Energy (NSE) in time j +

xic j
IMP
, Amount of energy imported from connection

line ic in hour j
+

xic j
EXP

, Amount of energy exported from connection
line ic in hour j

+

xsj
STOR Output of the storage unit in time j +

psj
STOR Energy inflow in the storage unit in time j +

lsj
STOR Energy capacity of the storage unit in time j +

xj
DSM Energy ‘put back’ from Demand Side

Management (DSM) in time j
+

pj
DSM Energy withheld in (DSM) in time j +

lj
DSM Total energy withheld in (DSM) in time j +
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x w i I j J, 0 ,ij ij (B.14)

The objective function (B.1) minimizes fixed and variable costs of investments and operations. The fixed costsCi
FOM cover investment costs and fixed O&

M costs, while the variable costs Cij
VOM consist of fuel costs, variable O&M costs and variable operational costs. Constraint (B.2) ensures energy balance

while constraints (B.3)-(B.5) handle the capacities. From these it is seen that curtailment is allowed at no extra cost. Constraints (B.6)-(B.12) represent the
unit commitment, meaning that these account for the commitment state, updating of shut-down and start-ups, ramping restrictions and minimum up- and
down times. Constraint (B.7) defines the auxiliary variable wij as the power generated above the minimum level of the unit. In (B.13) and (B.14) the
domain of the variables are defined. Note, that constraints (B.3) and (B.7) implicitly secure zero commitment state for non-built units.

Appendix C. Supplements to the case study

C.1. Sensitivity to different Wind Profiles

The two types of changes are the Upward Adjusted (AU) wind profile =w wt
AD

t
2 and the Downward Adjusted (AD) profile =w wt

AU
t . Recall that,

since w [0, 1]t , the square-root ensures small values to be increased, with a larger increase for a smaller value. In the same way, the square ensures
high numbers to become smaller, with smaller numbers being more affected. By this, the new wind profiles not only cover more and less overall
yearly available wind capacity, but it also changes the shares of days with a specific capacity factor. This is illustrated in Table C.9, which lists
comparative specifications of the original and new wind profiles.

To exemplify the relationship between the different type of profiles, an arbitrary sequence of 672 h is seen in Fig. C.8 for each profile type. From
this, it is clearly seen that while the original curve is closer to the w AD in areas with low wind availability, it is closer to the w AU in the high wind
capacity areas. Another thing to notice is that the low areas of w AD gets smoothened out, which is also illustrated in the absolute sum of ramping

Fig. C.8. Illustration of the different wind profiles for an arbitrary sample of the 2016 data instance. The legend lists the summed CFs for each type of profile to
further illustrate the differences.

Table C.9
Specifications of the different wind profiles analyzed. It is seen how the new wind profiles not only cover more and less overall yearly available wind capacity, but
also changes the shares of days with a specific capacity factor.

Original AU AD

Measure 2014 2015 2016 2014 2015 2016 2014 2015 2016

Sum 2666.2 2770.2 2407.4 4407.8 4517.4 4190 1284.0 1343.4 1068.2
Min 0 0 0 0 0 0 0 0 0
Max 0.91 0.88 0.89 0.95 0.94 0.94 0.82 0.77 0.79

Ramp 164.1 186.7 163.4 166.9 183.5 173.2 121.8 142.3 111.7
Min 0 0 0 0 0 0 0 0 0
Max 0.42 0.49 0.66 0.27 0.70 0.81 0.49 0.38 0.43

0.5 (%) 76.4 75.4 83.4 49.7 47.1 54.5 93.3 93.4 94.5
0.5 (sum) 1332.9 1377.3 1453.3 1345.5 1297.4 1508.7 928.6 997 778.8

> 0.5 (%) 23.6 24.6 16.6 50.3 52.9 45.5 6.7 6.6 5.5
> 0.5 (sum) 1333.3 1393.0 954.1 3062.3 3220.1 2681.3 355.4 346.4 289.4
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values during the year. In the upward-adjusted profile approximately 30% of the values change from being below 0.5 to being above, while in the
downward-adjusted profile an increase of 20% is seen for values below 0.5, leaving just 5% to be above 0.5. The main difference between the 3
profiles is the value of installed capacity. Assuming that a 1-unit investment in the normal case is able to satisfy a demand of X, then clearly, in the
w AU case, more demand can be satisfied by this investment and opposite, less is satisfied in the w AD case. Essentially, how this relation effects the
aggregation technique performance, is of interest.

(a) Difference in Wind profiles (b) Difference in RLCs

Fig. C.9. Graphical illustration of the profiles resulting from doubling the total wind capacity in the system (Z = 6000 in this case).

Table C.10
Specifications of the different wind profiles analyzed. It illustrates how the wind profiles differentiates from one another.

Original More wind cap. Less wind cap.

Measure 2014 2015 2016 2014 2015 2016 2014 2015 2016

Sum (106) 15.3 15.4 16.8 19.2 20.0 18.5 21.2 21.1 22.4
Min −3844 −3843 −3074 −8819 −8413 −8275 −1356 −1824 −1401
Max 5546 5657 5540 5412 5626 5290 5613 5675 5683

Ramp (106) 2.3 2.4 2.3 2.9 3.2 3.0 2.1 2.1 2.1
Min 0 0 0 0 0 0 0 0 0
Max 2537 1559 1385 2467 2940 5062 2601 1578 1982

0 (%) 16.3 18.2 13.1 48.5 50.6 43.5 1.7 2.1 1.3
> 0 (%) 83.7 81.8 86.9 51.5 49.4 56.5 98.3 97.9 98.7

Fig. D.10. Performance of the different sized aggregated problems averaged across yearly data instances. A smaller PI indicates a better performance. In these results,
the infeasibility category has been weighted by a factor 10 while all other categories are weighted by a factor 1. The left figure shows how sensitive the performance
of each aggregation technique is across different changes and the left figure shows the consistency and general quality of aggregation technique performance within
each problem change.
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C.2. Sensitivity to wind capacity in system

In order not to affect the commitment of a single wind unit investment, increasing the potential wind capacity is achieved by increasing the amount
of wind units in the model. Consequently, this slightly affects the model size in terms of variables and constraints, which should be taken into account
when analyzing the computational burden of the resulting problems. In the original portfolio of units to invest in, 6 wind units are included, each with a
capacity-commitment of Z

6
wind

. The new settings consist of increasing this number to 12 units or decreasing it to 3 units, while keeping the unit specific
capacity-commitment unchanged. The two scenarios is then referred to as More Wind Capacity (MWC) and Less Wind Capacity (LWC), respectively.

To exemplify the effect of the parameter Z wind, 672 h of the 2016 RLC is visualized in Fig. C.9. Both a RLC based on a value Z and one based on the
value 2Z are illustrated.

It is clearly seen that especially the distance between high level hours and low level hours are magnified. Essentially, as the increased capacity is
multiplied by a factor of [0,1], then for small factors very little change is seen, while larger changes appear for larger factors. This is also seen in
Table C.10 which lists the specifics of the original and new RLCs. From Table C.10 it is seen that, the maximum residual load is not significantly
changed in the new profiles, however the lowest load value is indeed. Doubling the wind capacity results in a RLC having approximately the same
negative load as positive load while halving the wind capacity causes this mix to be almost purely positive loads.

Appendix D. Supplements to the results

See Tables D11–D21.

Table D.11
Performance of the different aggregated problems based on hour selections in different wind scenarios. A smaller PI indicates better performance. A PI of zero
indicates the best performance compared to the other aggregated problem performances.

Hour WN W AU W AD WMWC WLWC AVG

DX 4.99 3.58 2.31 3.46 3.97 3.67
SR 0.00 1.52 3.81 3.60 5.89 2.96
RL 3.84 3.75 1.88 3.46 3.97 3.38
DBR 4.99 4.04 1.88 3.46 3.32 3.54
SCR 2.12 4.21 0.00 3.46 0.96 2.15
CCR 4.99 1.16 1.88 3.46 3.19 2.94
LCR 0.96 4.21 0.00 3.46 0.36 1.80

AVG 3.13 3.21 1.68 3.48 3.09 2.92

Table D.12
Performance of the different aggregated problems based on day selections in different wind scenarios. A smaller PI indicates better performance. A PI of zero indicates
the best performance compared to the other aggregated problem performances.

Day WN W AU W AD WMWC WLWC AVG

DX 0.00 1.52 2.01 2.62 2.95 1.82
SR 1.47 1.52 1.57 3.60 3.44 2.32
RL 4.99 3.58 2.89 3.46 3.19 3.62
OA 1.47 1.26 3.08 3.60 3.95 2.67
OS 1.67 2.54 1.10 3.60 2.60 2.30
DBR 0.00 0.61 0.58 3.60 4.26 1.81
SCR 0.00 2.14 1.57 3.60 3.95 2.25
CCR 0.00 1.15 1.57 4.70 4.04 2.29
LCR 0.00 1.52 2.48 2.39 2.95 1.87

AVG 1.07 1.76 1.87 3.46 3.48 2.33

Table D.13
Performance of the different aggregated problems based on week selections in different wind scenarios. A smaller PI indicates better performance. A PI of zero
indicates the best performance compared to the other aggregated problem performances.

Week WN W AU W AD WMWC WLWC AVG

DX 0.00 2.14 1.57 3.60 3.95 2.25
SR 0.00 1.52 2.01 3.60 5.89 2.60
RL 4.99 0.59 1.88 3.46 3.32 2.85
ES 1.47 1.52 1.57 0.01 4.80 1.87
OS 0.00 0.12 2.61 0.91 2.24 1.18
DBR 2.94 0.61 1.74 1.49 3.97 2.15
SCR 0.00 1.11 2.48 1.49 2.99 1.61
CCR 1.47 0.61 2.48 3.60 3.43 2.32
LCR 0.00 3.10 1.35 2.70 4.28 2.28

AVG 1.21 1.26 1.97 2.32 3.87 2.12
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Table D.15
Percentage increases and decreases in PI for the different aggregation techniques when the normal wind scenario is used as reference. It therefore illustrates how the
performance within the alternative wind scenarios compares to the performance within the normal settings.

W AU W AD WMWC WLWC W AVG

DX 44.9 18.1 93.5 117.4 54.8
SR 210.1 402.9 633.7 934.9 436.3
RL −42.6 −51.8 −24.9 −24.2 −28.7
OA −13.9 110.2 145.4 169.3 82.2
ES 3.7 7.5 −99.4 227.4 27.9
OS 58.9 122.2 170.0 190.1 108.2
DBR −33.8 −46.9 7.6 45.6 −5.5
SCR 251.0 91.2 302.4 271.9 183.3
CCR −54.8 −8.0 81.8 64.9 16.8
LCR 813.5 296.6 784.4 685.8 516.1

AVG 15.1 17.2 74.8 119.5 50.2

Table D.16
Aggregated problem performance indicated by PIs. Shaded numbers represent infeasible solutions. Smaller values
indicate better performance.

Table D.14
Performance of the different aggregated problems averaged across element selections in different wind scenarios. The PI is the relative performance compared to the
other aggregated problem performances and the smaller PI, the better performance. Here H stands for hours, D stands for days andW stands for weeks. Additionally,
WN represents the normal wind scenario, WAU and WAD represent the upward and downward adjusted wind profiles and lastly WMWC and WLCW cover the systems
with more and less wind generation capacity.

AVG(H,D,W) WN W AU W AD AVG(W W,AU AD) WMWC WLWC AVG(W W,MWC LWC)

DX 1.67 2.41 1.97 2.19 3.22 3.62 3.42
SR 0.49 1.52 2.46 1.99 3.60 5.07 4.33
RL 4.61 2.64 2.22 2.43 3.46 3.49 3.48
OA 1.47 1.26 3.08 2.17 3.60 3.95 3.77
ES 1.47 1.52 1.57 1.55 0.01 4.80 2.40
OS 0.83 1.33 1.85 1.59 2.25 2.42 2.34
DBR 2.65 1.75 1.40 1.58 2.85 3.85 3.35
SCR 0.71 2.48 1.35 1.92 2.85 2.63 2.74
CCR 2.15 0.97 1.98 1.48 3.92 3.55 3.73
LCR 0.32 2.94 1.28 2.11 2.85 2.53 2.69

AVG 1.64 1.88 1.92 1.90 2.86 3.59 3.23
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Table D.19
Performance of the different aggregated problems based on week selections in different model designs. A smaller PI indicates better performance. A PI of zero does
not necessarily indicates a performance as good as the non-aggregated problem, it just indicates the best performance compared to the other aggregated problem
performances.

Week Base STO IMEX DSM NON VOLL STO/IMEX AVG

DX 0.00 3.85 1.55 0.91 0.33 0.02 2.77 1.35
SR 0.00 5.69 2.71 0.91 2.48 0.02 2.33 2.02
RL 4.99 3.34 3.69 4.72 3.66 6.22 2.17 4.11
ES 1.47 3.49 2.66 2.36 1.42 1.80 2.92 2.30
OS 0.00 3.55 2.71 2.36 2.48 0.02 1.90 1.86
DBR 2.94 3.71 3.55 3.42 2.48 3.91 2.59 3.23
SCR 0.00 3.34 3.52 1.96 2.48 0.02 2.47 1.97
CCR 1.47 4.16 3.55 2.36 1.42 1.80 3.39 2.59
LCR 0.00 2.98 2.71 0.91 2.48 0.02 2.74 1.69

AVG 1.21 3.79 2.96 2.21 2.14 1.53 2.59 2.35

Table D.17
Performance of the different aggregated problems based on hour selections in different model designs. A smaller PI indicates better performance. A PI of zero does not
necessarily indicates a performance as good as the non-aggregated problem, it just indicates the best performance compared to the other aggregated problem
performances.

Hour Base STO IMEX DSM NON VOLL STO/IMEX AVG

DX 4.99 3.20 3.69 4.72 4.32 6.22 3.69 4.41
SR 0.00 3.49 3.66 0.91 3.48 0.02 1.86 1.92
RL 3.84 4.16 3.69 4.72 4.64 4.44 1.93 3.92
DBR 4.99 3.20 3.69 4.72 4.65 6.22 2.81 4.33
SCR 2.12 0.53 2.74 3.28 4.65 2.56 3.98 2.84
CCR 4.99 3.20 3.69 4.72 4.65 6.22 1.93 4.20
LCR 0.96 0.53 0.30 1.17 4.65 0.79 2.06 1.49

AVG 3.13 2.62 3.07 3.46 4.44 3.78 2.61 3.30

Table D.18
Performance of the different aggregated problems based on day selections in different model designs. A smaller PI indicates better performance. A PI of zero does not
necessarily indicates a performance as good as the non-aggregated problem, it just indicates the best performance compared to the other aggregated problem
performances.

Day Base STO IMEX DSM NON VOLL STO/IMEX AVG

DX 0.00 3.34 4.36 3.45 1.71 0.02 2.53 2.20
SR 1.47 4.16 3.55 2.36 2.00 1.80 1.93 2.47
RL 4.99 3.20 3.74 4.72 4.54 6.22 3.05 4.35
OA 1.47 3.34 4.62 3.00 1.42 1.80 2.47 2.59
OS 1.67 3.20 2.71 1.96 3.33 2.12 2.67 2.52
DBR 0.00 3.20 2.09 0.91 3.36 0.02 1.73 1.61
SCR 0.00 3.20 2.71 0.91 3.36 0.02 2.37 1.80
CCR 0.00 2.16 2.71 2.36 1.71 0.02 1.60 1.51
LCR 0.00 2.02 3.52 0.91 3.36 0.02 2.20 1.72

AVG 1.07 3.09 3.33 2.29 2.75 1.33 2.28 2.31

Table D.20
Performance of the different aggregated problems averaged across element selections in different model designs. A smaller PI indicates better performance. A PI of
zero does not necessarily indicates a performance as good as the non-aggregated problem, it just indicates the best performance compared to the other aggregated
problem performances.

AVG(Hour,Day,Week) Base STO IMEX DSM NON VOLL STO/IMEX AVG

DX 1.67 3.47 3.20 3.03 2.12 2.08 3.00 2.65
SR 0.49 4.44 3.31 1.40 2.65 0.61 2.04 2.13
RL 4.61 3.57 3.71 4.72 4.28 5.62 2.38 4.13
OA 1.47 3.34 4.62 3.00 1.42 1.80 2.47 2.59
ES 1.47 3.49 2.66 2.36 1.42 1.80 2.92 2.30
OS 0.83 3.37 2.71 2.16 2.90 1.07 2.29 2.19
DBR 2.65 3.37 3.11 3.02 3.50 3.38 2.38 3.06
SCR 0.71 2.36 2.99 2.05 3.50 0.87 2.94 2.20
CCR 2.15 3.17 3.32 3.14 2.59 2.68 2.31 2.77
LCR 0.32 1.84 2.18 1.00 3.50 0.27 2.33 1.64

AVG 1.64 3.24 3.18 2.59 2.79 2.02 2.50 2.57
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