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Abstract

The increasing penetration of renewable energy sources makes power sys-
tem expansion planning with storage strongly dependent on chronological
operational conditions. Time-series aggregation (TSA) can reduce the com-
putational burden of full-year planning models, but it distorts the temporal
information that determines storage operation and investment decisions.

This thesis investigates how SOC-based diagnostic information can im-
prove representative-day-based expansion planning for storage-embedded power
systems. The planning model jointly considers transmission expansion, wind
investment, and energy storage sizing. Representative days are selected
through hierarchical clustering with preserved extreme days, while sequen-
tially linked days are used to reconstruct inter-day chronology. The frame-
work aims to find investment decisions that achieve lower total cost under
full chronological evaluation.

Reduced models with different numbers of representative days are eval-
uated, and their reconstructed SOC trajectories are analyzed. SOC-based
diagnostic metrics are developed to characterize the components of the tra-
jectory gap. These metrics are used as diagnostic signals for identifying
where the current temporal representation is insufficient for storage-related
operation.

The results show that daily-cycling storage is mainly affected by intra-day
shape mismatch, while long-duration storage is more sensitive to accumulated
drift and inventory-level bias. Natural days with large intra-day shape mis-
match are useful feedback candidates because they reveal inadequacy in the
current representative-day set for describing storage charging and discharging
patterns. Preserving these day-shape-critical days improves storage-relevant
temporal representation and can lead to better investment decisions.
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Chapter 1

Introduction

1.1 Overview

1.1.1 Energy transition and planning challenges

The transition towards low-carbon power systems is increasing the penetra-
tion of renewable energy sources (RES), such as wind and solar generation.
These technologies are essential to reduce carbon emissions and support long-
term decarbonization targets. However, their variability and uncertainty in-
troduce significant challenges for both system operation and long-term plan-
ning. Power systems with high RES penetration require sufficient flexibility
to balance supply and demand across multiple temporal scales, ranging from
hourly ramping to multi-day or seasonal energy shifting.

Power system expansion planning models are widely used to determine
long-term investment decisions in generation capacity, transmission reinforce-
ment, and flexibility resources, such as energy storage and reserve-providing
generation [7, 9]. In renewable-based systems, hourly chronological time-
series data are often needed to capture the inherent variability of load de-
mand and renewable generation, as well as their effects on ramping, storage
operation, and other inter-temporal constraints [3, 5]. In this thesis, the ex-
pansion planning problem is formulated as a storage-embedded co-planning
problem involving transmission expansion, wind capacity expansion, and ESS
investment. The model aims to support cost-oriented investment decisions
that achieve low full-time total cost while maintaining operational feasibil-
ity. These investment decisions are evaluated together with chronological
operational constraints, including generation dispatch, transmission flows,
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renewable curtailment, reserve requirements, and storage SOC dynamics.
However, representing these chronological constraints with full-year hourly

data can make the planning model computationally demanding, because each
time step adds operational variables and constraints to the investment prob-
lem. This creates a trade-off between temporal detail and model tractability,
and motivates the use of time-series aggregation methods in expansion plan-
ning models with high renewable penetration [3, 19]. Time-series aggregation
(TSA) has therefore been widely adopted to reduce the temporal dimension
of energy system and power system planning models. Existing reviews show
that TSA methods can substantially reduce computational requirements by
replacing the original high-resolution time series with a smaller set of repre-
sentative periods, while attempting to preserve the relevant characteristics
which can let the reduced model generates a closer solution as the original
model[1, 2]. Within TSA, representative-period approaches are commonly
used, and representative days selected by clustering-based methods provide
a practical compromise between model tractability and temporal representa-
tiveness [28, 3].

Based on these planning challenges, this thesis considers a storage-embedded
co-planning problem that includes wind capacity expansion, transmission ex-
pansion, and ESS investment. Wind expansion represents the integration of
low-carbon but variable generation, transmission expansion enables renew-
able power to be delivered across the network and reduces congestion-related
restrictions, and ESS investment provides temporal flexibility by shifting
surplus renewable energy to periods of higher demand or lower renewable
availability. Considering these three investment options together provides a
more comprehensive planning framework, because renewable integration de-
pends not only on additional generation capacity, but also on the network
capability to transfer power and the storage capability to balance temporal
mismatches [8, 9].

1.1.2 Time-series aggregation and chronology repre-
sentation

Conventional clustering-based TSA methods usually group time periods ac-
cording to statistical similarity. For example, natural days with similar load,
wind, and solar profiles may be assigned to the same representative day. This
approach is effective in preserving major statistical patterns of the input data
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and reducing model size [28, 3]. However, ordinary clustering does not nec-
essarily preserve the chronological order of the original time series. Two days
may be similar in shape but located in different seasons or under different
preceding and following system conditions. And consecutive natural days
may be assigned to different clusters when their profiles are dissimilar. This
mismatch between profile similarity and chronological continuity leads to a
loss of chronology in the reduced time series.

This loss of chronology is particularly relevant in systems with strong
inter-temporal constraints. Renewable generation and load demand are not
only characterized by their individual hourly values, but also by their tempo-
ral sequence. Prolonged low-renewable periods, multi-day high-load events,
and transitions between surplus and deficit conditions are all sequence-dependent
phenomena. If the reduced model only preserves representative profiles but
not their chronological relationships, it may misrepresent the operational
conditions that drive flexibility requirements.

To address this limitation, chronology-preserving TSA methods have been
proposed. Pineda and Morales developed chronological time-period cluster-
ing for capacity expansion planning with storage, in which only adjacent
time periods are merged so that the reduced sequence preserves the original
chronological order [3]. Other studies have also proposed linked or inter-
connected representative-period frameworks to improve the representation
of both intra-period and inter-period storage behavior [4]. These studies in-
dicate that temporal reduction should not only approximate the distribution
of input profiles, but also retain or reconstruct the chronological structure
that determines system flexibility.

At the same time, chronology is not the only feature that matters in
representative-period selection. A reduced time series may preserve av-
erage profiles but still miss a small number of planning-critical periods.
Representative-day selection studies therefore emphasize that extreme oper-
ating conditions should also be considered, because they can strongly influ-
ence investment decisions and system operating costs, enabling more reliable
planning results[13, 10, 31]. In renewable-based systems, such extreme con-
ditions are not limited to peak-load days; they may also include high net-load
days, low-renewable periods, and other scarcity-related periods[32, 17]. This
thesis builds on this idea, but focuses specifically on whether storage-related
diagnostic information can provide useful feedback for extreme-day selection.
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1.1.3 Storage-embedded systems and SOC representa-
tion

The chronology-related limitations of representative-day and clustering-based
TSA become more critical when energy storage systems (ESS) are included in
power system planning. Even chronology-preserving or linked-period meth-
ods can only approximate the original SOC evolution, because storage oper-
ation depends on the accumulated charging and discharging history across
time. Unlike conventional generation units, storage systems do not only pro-
vide instantaneous power output. Their operation is governed by the state
of charge (SOC), which links charging and discharging decisions across time.
Charging in one period increases the energy available for future discharge,
while discharging reduces the remaining inventory. Therefore, storage oper-
ation is inherently path-dependent.

This feature makes storage systems highly sensitive to temporal aggre-
gation. If representative days are treated independently, or if their chrono-
logical sequence is not properly reconstructed, the reduced model may fail
to represent the actual evolution of storage inventory. Kotzur et al. high-
light this issue in the context of seasonal storage and propose a storage for-
mulation that separates intra-period and inter-period states, showing that
storage inventories require explicit links between representative periods [5].
Similar concerns are also discussed in studies on long-duration storage and
enhanced representative-period formulations, where storage feasibility and
inter-period energy transfer are shown to depend strongly on the chosen
temporal representation [12, 11]. This issue is also consistent with recent
high-temporal-resolution expansion studies, which show that systems with
wind, solar, and storage can be more sensitive to temporal representation
choices than thermal-dominated systems [39].

This insight is important for expansion planning because the value of
storage depends not only on within-day cycling, but also on the ability to
shift energy across multiple days or longer horizons[5, 17]. Representative-
day methods can capture daily operating profiles, but they may distort the
inter-day sequence that determines long-duration storage operation. Hybrid
representative-day and sequential-linking approaches have therefore been pro-
posed to preserve selected extreme periods during clustering and to recon-
struct part of the chronological relationship between representative days. In
such approaches, predefined extreme days are kept as representative profiles
when their clusters are merged, while sequentially linked days use the original
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day-to-representative-day mapping to connect repeated representative-day
blocks for inter-day SOC tracking [17].

In storage-embedded systems, SOC trajectories provide a direct way to
observe how temporal aggregation represents storage operation. Even when
a reduced model produces an economically competitive investment decision,
replacing heterogeneous natural days with clustered representative days can
still lead to considerable reconstructed SOC gaps. These gaps are useful
because they indicate where the reduced temporal representation poorly
captures storage behavior, especially in terms of intra-day profile mismatch
and inter-day chronology reconstruction. Therefore, SOC trajectory anal-
ysis is not used as a separate planning objective, but as a diagnostic sig-
nal to identify poorly represented periods and to support feedback-enhanced
representative-day selection, which can help the reduced model derive invest-
ment decisions with better full-time cost performance.

1.1.4 Need for storage-aware evaluation and feedback

Existing evaluation frameworks for TSA-based reduced models are largely
cost-oriented. Cost-based metrics are commonly used because they directly
measure whether the reduced model provides economically reliable planning
decisions. Bahl et al. emphasized the importance of evaluating time-series
aggregation in the domain of the objective function rather than only through
statistical similarity of the input data [6]. This cost-oriented perspective is
essential because the final purpose of expansion planning is to support reliable
and low-cost investment decisions.

However, in storage-embedded planning models, cost-based evaluation
alone may not fully reveal the mechanism behind reduced-model errors. Since
SOC does not usually appear as an explicit cost term in the objective func-
tion, storage-state errors may remain hidden behind similar total costs. The
SOC trajectory affects the feasible charging and discharging capability of
storage, and therefore determines how much flexibility is actually available
at each time step. If the reconstructed SOC is biased, the reduced model
recognizes different system stress and storage value, thus making less-optimal
investment decisions.

Recent representative-day selection studies also show that reduced tem-
poral representations should be evaluated by their impact on optimization
outcomes, not only by input similarity. Li et al. distinguish between input-
based and cost-based representative-day selection and show that representa-
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tive days can be selected with explicit consideration of their effect on capac-
ity expansion outcomes [31]. Hilbers et al. further develop a posteriori TSA
schemes in which aggregation is informed by model operational variables and
chronology preservation, which supports the broader idea that diagnostic in-
formation from model behavior can be used to refine temporal aggregation
[38]. This model-aware direction motivates the use of diagnostic information
from the optimization model as feedback for improving representative-period
selection.

This thesis therefore treats SOC-based analysis as a complementary diag-
nostic layer for cost-oriented reduced planning. The purpose is not to replace
economic indicators or to directly minimize the SOC gap. Instead, SOC
diagnostics are used to explain how temporal aggregation distorts storage-
state evolution and to identify storage-relevant periods that are useful for
improving representative-period selection. By explicitly analyzing SOC re-
construction errors, worst periods in current temporal representation can be
identified for improvements, thus deriving more optimal investment results.

1.2 Research questions and contribution

1.2.1 Motivation

The previous sections show that temporal representation is a central issue in
storage-embedded expansion planning. Since the value of ESS depends on
shifting energy across time, especially across daily and multi-day horizons,
planning models with storage require a careful representation of chronolog-
ical relationships. Existing TSA approaches have improved this represen-
tation by describing intra-day operation through representative periods and
reconstructing part of the inter-day chronology through linked-period formu-
lations. However, it is still necessary to evaluate how well this reconstructed
chronology represents storage behavior. In this context, SOC reconstruction
gaps provide a direct indication of temporal-representation errors, because
they show where the reduced model fails to reproduce the storage-state evo-
lution implied by the full chronological model. This motivates the central
research objective of this thesis:

How can SOC-based diagnostic information be used to explain
storage-related errors and guide feedback-enhanced extreme-day
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selection in cost-oriented representative-day-based power system
expansion planning models with storage?

To address this objective, this thesis develops a storage-aware evalua-
tion and feedback framework for TSA-based reduced planning models. The
framework aims to find planning results of lowest total cost, while using using
SOC diagnostic information to guide later extreme-day selection.

1.2.2 Research questions

The thesis is organized around the following research questions, which is
explored and answered respectively in chapter 4, 5, and 6.

RQ1: How reconstructed SOC trajectories connect between
time-series aggregation and investment decisions in reduced plan-
ning models with storage?

RQ2: What additional storage-related error mechanisms can
SOC-based diagnostics reveal in economically competitive reduced
planning models?

RQ3: Can SOC-based diagnostic signals guide extreme-day se-
lection and improve the total-cost performance of representative-
day-based planning models?

1.2.3 Contribution of the thesis

The main contributions of this thesis are summarized as follows.

• Cost-oriented evaluation of reduced planning models with stor-
age. The thesis evaluates representative-day-based planning models
using operational estimation error and optimality gap, and identifies
reduced models that remain economically competitive when evaluated
under the full chronological time series.

• Identification of the limitation of cost-only interpretation in
storage-embedded planning models. The thesis shows that cost-
based metrics remain necessary for assessing planning performance, but
they do not fully explain storage-state reconstruction errors caused by
temporal aggregation.
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• Development of SOC-based diagnostic metrics. The thesis pro-
poses SOC-based indicators to characterize the discrepancy between
reduced-model and full-model storage trajectories. These metrics cap-
tures different components of SOC reconstruction error, which are for-
mally defined in Chapter 4.

• Mechanism-based interpretation across storage types. The the-
sis shows that daily-cycling storage and long-duration storage may be
affected by different dominant SOC error mechanisms. This distinction
helps explain why the same temporal aggregation method can distort
different storage technologies in different ways.

• Integration of chronology reconstruction into storage-aware
evaluation. The thesis analyzes how representative days and consec-
utive day blocks reconstruct inter-day SOC evolution, and how this
reconstruction can introduce structured storage-state errors.

• Design and testing of SOC-informed extreme-day feedback.
The thesis explores how SOC-based diagnostic signals can be used
to guide extreme-day selection in TSA. The feedback analysis tests
whether storage-relevant extreme days can improve the total-cost per-
formance of representative-day-based planning models.

• Reflection on the role of SOC diagnostics in cost-oriented
planning. The thesis clarifies that SOC diagnostics should not be
interpreted as a method for globally minimizing SOC reconstruction
error. Instead, they provide solution-dependent diagnostic signals that
can help identify storage-relevant extreme-day candidates and improve
the interpretation of planning results.

• Demonstration through case studies. The thesis evaluates reduced
models under different numbers of representative days and different
extreme-day settings. It analyzes how total cost, investment decisions,
and SOC error mechanisms vary across storage types, time periods,
and SLD blocks.

1.3 Structure of the thesis

The remainder of this thesis is organized as follows.
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Chapter 2 presents a literature review of power system expansion planning
and time-series aggregation methods. It first reviews representative-period
approaches and clustering-based TSA methods, then discusses chronology-
preserving aggregation, extreme-period selection, and storage-aware tempo-
ral reduction. The chapter also reviews existing evaluation metrics for re-
duced planning models and identifies the research gap addressed by this
thesis: the need to connect storage-aware diagnostics with cost-oriented
representative-period selection.

Chapter 3 formulates the power system co-planning model used in this
study. The model includes investment decisions for transmission lines, wind
generation, and energy storage systems, as well as operational constraints
based on DC optimal power flow. Particular attention is given to the model-
ing of ESS operation and the RD-SLD chronology reconstruction, where se-
quentially linked days are introduced in Chapter 2 and formulated in Chapter
3, used to propagate SOC across representative and sequential periods.

Chapter 4 evaluates reduced planning models using both cost-based and
SOC-based metrics. It first presents conventional economic indicators, in-
cluding operational estimation error and optimality gap, to identify econom-
ically competitive reduced models. It then introduces SOC-based metrics to
diagnose discrepancies between reduced-model and full-model storage trajec-
tories.

Chapter 5 provides a detailed diagnostic analysis of SOC reconstruction
errors. It examines how SOC errors differ across storage units, storage types,
natural days, and SLD blocks. The chapter identifies whether the dominant
error mechanism is intra-day shape mismatch, cross-day drift, or inventory-
level bias.

Chapter 6 develops feedback-enhanced TSA strategies based on SOC di-
agnostic results. It investigates how storage-relevant critical days can be in-
corporated as extreme days in the representative-day selection process, and
compares different SOC-informed extreme-day settings in terms of total-cost
performance and investment decisions.

Chapter 7 concludes the thesis by summarizing the main findings, dis-
cussing the limitations of the proposed framework, and outlining future re-
search directions. In particular, it reflects on why SOC-informed feedback
can reduce total cost even when aggregate SOC gaps do not necessarily de-
crease, and discusses how iterative or sensitivity-based feedback could be
explored in future work.
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Chapter 2

Literature Review

2.1 Power system expansion planning and tem-

poral reduction

2.1.1 Expansion planning under renewable and storage
integration

Power system expansion planning determines long-term investment decisions
for generation, transmission, and flexibility resources in order to ensure re-
liable and cost-effective system operation. Under increasing penetration of
renewable energy sources (RES), this problem becomes more complex be-
cause renewable generation is variable, weather-dependent, and often geo-
graphically separated from major load centers [7, 8]. As a result, generation
investment, transmission reinforcement, and operational flexibility must be
considered jointly rather than independently.

Energy storage systems further extend the scope of expansion planning.
Storage can charge during periods of low demand or high renewable gen-
eration and discharge during high-demand, low-renewable, or congested pe-
riods. It can therefore reduce curtailment, relieve congestion, and support
renewable integration. Coordinated investment in transmission and storage
is important because the two provide complementary forms of flexibility [9].
Long-duration storage further increases the importance of temporal represen-
tation, since its value depends on shifting energy across several days, weeks,
or seasons [10, 11].

In this thesis, the planning problem is positioned as a co-planning prob-

15



lem involving transmission expansion, wind capacity expansion, and energy
storage investment. The value of each investment option depends on the op-
eration of the others: wind investment may be limited by network congestion,
transmission expansion can reduce curtailment, and storage can shift energy
across time and locations. This interdependence motivates a planning model
that combines investment decisions with operational constraints.

2.1.2 Need for time-series aggregation

A central difficulty in renewable-based expansion planning is the need to
represent short-term operational variability within a long-term investment
model. Although investment decisions are made over long horizons, their
feasibility and value depend on hourly or daily operating conditions, includ-
ing load variation, renewable fluctuations, transmission congestion, curtail-
ment, load shedding, and storage operation. This is particularly important
for storage, because its state of charge (SOC) depends on previous charging
and discharging decisions and therefore requires chronological information
[3, 5].

Using the full chronological time series creates a severe computational
burden. A single year of hourly data contains 8760 operating points, and each
introduces dispatch variables and operational constraints. When these are
combined with investment variables, especially binary variables for transmis-
sion expansion, the resulting optimization problem becomes computationally
intractable [3, 10]. This creates a trade-off between temporal accuracy and
computational tractability.

Time-series aggregation (TSA) addresses this trade-off by replacing the
original chronological data set with a smaller set of representative periods.
These periods are expected to preserve the most relevant characteristics of
load, renewable generation, and system stress while reducing model size [1, 2].
The key issue is therefore not only whether the reduced time series approx-
imates the original input data, but also whether it preserves the temporal
features that influence planning decisions.
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2.2 Representative-period selection methods

2.2.1 Representative days, weeks, and system states

Several temporal representations have been used in power system planning.
Duration curves and system states provide compact representations of time-
dependent parameters, but they usually remove part or all of the chronolog-
ical order of the original time series. This limits their ability to represent
inter-temporal constraints such as ramping and storage dynamics [3, 10].
System-state approaches can preserve correlations among multiple variables
and may include transition information, but they do not naturally guarantee
feasible storage energy trajectories [12].

Representative days and representative weeks are more common in ex-
pansion planning because they retain chronological information within each
selected period. Representative days are suitable for intra-day load patterns,
renewable generation profiles, and short-duration storage cycling. Repre-
sentative weeks provide a longer temporal window and capture multi-day
renewable patterns, but under a fixed time-step budget fewer weeks than
days can be selected, which may reduce temporal diversity and still miss
rare operating conditions. In practice, representative periods are often se-
lected using clustering-based TSA methods such as k-means, k-medoids, or
hierarchical clustering [13, 3, 14].

2.2.2 K-means, k-medoids, and hierarchical clustering

Clustering-based TSA treats each temporal unit as a feature vector. For a
representative-day formulation, an original day i can be written as

xi =
[
pL
i ,p

W
i ,pS

i , · · ·
]
, (2.1)

where pL
i , p

W
i , and pS

i denote the load, wind, and solar profiles of day i. The
goal is to group similar days and select representative profiles that approxi-
mate the original data with fewer time periods.

In k-means clustering, each cluster is represented by its centroid µk, which
is the mean feature vector of all temporal units assigned to that cluster, and
the algorithm minimizes the within-cluster squared distance:

min
C1,...,CK

K∑
k=1

∑
i∈Ck

∥xi − µk∥
2
2 . (2.2)
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This method is simple and computationally efficient, but the centroid smooth
peak values and does not necessarily correspond to an actual historical pe-
riod [15, 13]. K-medoids instead selects an actual observed period as the
representative:

mk = argmin
j∈Ck

∑
i∈Ck

d(xi,xj). (2.3)

Because the medoid is a real period, it can better preserve realistic profiles.
However, k-medoids and k-means are both sensitive to the initial medoid
selection and may converge to local solutions [12, 10].

Hierarchical clustering starts with each period as an individual cluster
and iteratively merges clusters until the desired number of representative
periods is reached. Compared with k-means and k-medoids, it does not
require random initialization and provides a transparent merging structure.
In the framework adopted in this thesis, this merging structure is convenient
for explicitly preserving predefined extreme days during representative-day
selection [17].

2.2.3 Ward’s method and feature construction

A common linkage rule in agglomerative hierarchical clustering is Ward’s
method, which merges the pair of clusters that causes the smallest increase in
within-cluster variance [18]. For two clusters A and B, the Ward dissimilarity
can be written as

D(A,B) =
2|A||B|
|A|+ |B|

∥x̄A − x̄B∥22 , (2.4)

where x̄A and x̄B are the cluster centroids defined as below:

x̄A =
1

|A|
∑
i∈A

xi. (2.5)

Ward’s method is therefore consistent with minimizing information loss
during hierarchical grouping.

The performance of clustering-based TSA depends strongly on the se-
lected features. In renewable-based planning, common features include load
demand, wind generation, solar generation, spatial correlations, and net load.
Net load represents the residual demand that must be served by dispatchable
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generation, storage, or imports:

pNL
i,t = pLi,t − pRES

i,t . (2.6)

Here, net load should be interpreted as a physical power quantity, not as a
direct subtraction of normalized load factors and renewable generation fac-
tors. In principle, peak net-load periods can be more planning-relevant than
peak load alone because they reflect both demand and renewable availability.
Net-load-related features and extreme net-load conditions are therefore often
considered in representative-day selection for renewable and storage systems
[17, 10].

In the present thesis, however, the available time-series inputs for representative-
day selection are load factors and wind factors rather than complete pre-
investment MW-level net-load profiles. Moreover, wind capacity is itself an
investment decision in the co-planning model, so the final renewable injection
level is not fully known before solving the planning problem. Therefore, the
conventional baseline extreme day is selected as the peak-load day. Later
chapters then test whether SOC-based diagnostic information can identify
alternative storage-relevant extreme days that improve total-cost-oriented
planning performance.

2.3 Chronology and extreme-period preser-

vation

2.3.1 Limitations of ordinary clustering

Ordinary clustering-based TSA is effective for reducing temporal complexity,
but it has two important limitations. First, it groups periods according to
similarity in feature space rather than chronological adjacency. As a result,
it can preserve intra-period profiles but does not directly preserve the order
of the original time series. This is problematic for modeling storage SOC
evolution [3, 5].

Second, ordinary clustering may underrepresent extreme conditions. Centroid-
based methods can average peak load, low renewable availability, or high
net-load periods with normal periods. Medoid-based methods select real pe-
riods, but they still do not guarantee that planning-critical stress periods
are included in the representative set. A representative set may therefore
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Table 2.1: Summary of representative-period selection methods discussed in
the literature.
Method Main idea Main limitation References
K-means Groups periods around

centroid profiles
Sensitive to initial mean
selection; may smooth
peaks

[15, 13]

K-medoids Selects actual histori-
cal periods as represen-
tatives

Sensitive to initial
medoid selection

[12, 10]

Hierarchical
clustering

Iteratively merges sim-
ilar periods

Standard form does not
preserve chronology or
extremes

[16, 18]

Representative
weeks

Preserve multi-day
chronology

Lower temporal diversity
under a fixed time-step
budget; rare conditions
may still be missed

[3, 11]

System states Compactly represent
typical operating con-
ditions

Storage feasibility and
inter-period SOC conti-
nuity can be difficult

[12, 10]

approximate average input patterns while missing critical chronological or
extreme-value information [13, 10, 17].

These limitations motivate two main directions in the literature: chronology-
preserving clustering and extreme-period preservation.

2.3.2 Chronological and priority chronological cluster-
ing

Chronological time-period clustering (CTPC) preserves chronology by allow-
ing only adjacent periods to be merged. In ordinary clustering, the pair of
clusters selected for merging can be written conceptually as

(A∗, B∗) = arg min
A,B∈C

D(A,B), (2.7)

where C denotes all possible cluster pairs. In CTPC, the search is restricted
to neighbouring cluster pairs:

(A∗, B∗) = arg min
(A,B)∈N

D(A,B), (2.8)
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where N denotes adjacent pairs in the original chronological order. This
restriction allows the reduced sequence to retain chronological structure and
makes it possible to model inter-temporal constraints over the reduced hori-
zon [3].

CTPC is particularly relevant for storage because SOC can be propagated
along the reduced chronological sequence. However, the adjacency restriction
may reduce profile-similarity accuracy and may smooth local extreme values
when only a limited number of clusters is used [3, 11]. Priority chronological
time-period clustering (PCTPC) addresses part of this issue by assigning
higher priority to critical periods, recognizing that chronology and extreme
values should be considered together in expansion planning with long-term
pattern [10].

2.3.3 Hybrid representative-day selection with extreme
periods

A second route is to preserve the representative-day structure while explic-
itly protecting planning-relevant extreme days during clustering. Unlike an
append-after-clustering approach, which appends extreme periods after clus-
tering, preserved extreme days remain inside the hierarchical clustering pro-
cedure. If a cluster containing an extreme day is merged with another cluster,
the representative profile of the merged cluster is set equal to the extreme-day
profile. Therefore, the extreme day is not averaged out by centroid updating,
but continues to represent the merged cluster in subsequent clustering steps.

Moradi-Sepahvand and Tindemans propose a hybrid representative-day
approach that combines hierarchical clustering, extreme-value preservation,
and sequentially linked days for planning transmission lines and long-term
storage systems [17]. Let each natural day i be represented by a feature
vector xi. The algorithm initializes each day as a separate cluster:

C(0) = {{1}, {2}, . . . , {N}} . (2.9)

For a cluster A, the centroid is

x̄A =
1

|A|
∑
i∈A

xi. (2.10)

The dissimilarity between two clusters is measured by a Ward-type criterion,
and at each iteration, the pair of clusters with the smallest dissimilarity is
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merged:
(A∗, B∗) = arg min

A,B∈C, A̸=B
D(A,B). (2.11)

This procedure is repeated until the desired number of representative days
is reached.

The hybrid feature lies in the treatment of preserved extreme days. Let
E ⊂ D denote the set of preserved extreme days, where D is the set of original
natural days. After two clusters A∗ and B∗ are merged into C = A∗ ∪ B∗,
the representative profile of C is updated as

rC =

{
xe, if C ∩ E ̸= ∅, e ∈ C ∩ E ,
x̄C , if C ∩ E = ∅.

(2.12)

where xe is the feature profile of the preserved extreme day contained in
cluster C, and x̄C is the centroid profile of the merged cluster. This rule
means that a merged cluster containing an extreme day is represented by
the extreme-day profile rather than by the averaged centroid. The resulting
representative-day set is

R = {r1, r2, . . . , rNRD} , (2.13)

where each rd is either a centroid profile of a non-extreme cluster or the
preserved profile of an extreme day.

The hybrid representative-day route can be summarized as

natural days → feature construction

→ hierarchical clustering with preserved extremes

→ representative days.

(2.14)

This route does not treat hierarchical clustering as universally supe-
rior to CTPC. Rather, CTPC preserves chronology by restricting the merg-
ing process to adjacent time periods, whereas the hybrid RD route keeps
representative-day clustering and adds explicit protection for selected ex-
treme days [3, 10, 17]. This distinction is important because extreme-period
preservation is not limited to the maximum-load day. In renewable-based
systems, planning stress may also be caused by high net load, low renewable
availability, steep ramps, or consecutive scarcity periods [13, 10, 32, 17].

In this thesis, hierarchical clustering is adopted as the base representative-
day selection method following the hybrid RD framework in [17]. The pur-
pose is not to prove that this approach is universally better than CTPC, but
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to establish a methodological route that combines representative-day selec-
tion, extreme-day preservation, and later chronology reconstruction through
sequentially linked days. This structure provides the basis for the storage-
aware evaluation in later chapters.

2.4 Storage representation under reduced tem-

poral scope

2.4.1 Short-duration and long-duration storage

Energy storage systems introduce temporal coupling into power system plan-
ning models because they shift energy across time. Short-duration storage,
such as battery energy storage systems, is mainly used for intra-day bal-
ancing, renewable smoothing, and short-term flexibility. In contrast, long-
duration storage, such as pumped hydro or power-to-gas, can provide inter-
day, weekly, or seasonal energy shifting [3, 5, 11].

This distinction is important for TSA. Representative days can often cap-
ture daily charging and discharging patterns, which makes them suitable for
storage technologies with mainly intra-day cycles. Long-duration storage,
however, depends on the chronological sequence of renewable surplus and
deficit periods across multiple days or longer horizons. If a reduced tempo-
ral representation does not preserve such inter-period relationships, it may
misrepresent the value and operation of long-duration storage [11, 17].

2.4.2 Inter-period SOC representation

The key modeling feature of storage is the state of charge (SOC). The SOC at
a given time depends on previous charging and discharging decisions, making
storage operation path-dependent. Therefore, storage is constrained not only
by instantaneous power limits, but also by accumulated energy states.

Under representative-period aggregation, this inter-temporal structure
becomes difficult to preserve. If each representative period is treated in-
dependently, the model may represent intra-period storage cycling but ig-
nore energy transfer between representative periods. For the candidate ESS,
which combines short-term and long-term ESS, retaining inter-period energy
shift is central to storage value [5, 11].
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Several formulations have been proposed to address this issue. Kotzur
et al. separate storage states into intra-period and inter-period components,
allowing storage inventory to evolve across typical periods while retaining
a reduced temporal structure [5]. Tejada-Arango et al. develop enhanced
representative days and system states to improve storage investment analy-
sis under reduced temporal representations [12]. Chronological time-period
clustering provides another route by preserving the order of the reduced se-
quence, allowing storage states to evolve through the aggregated horizon
[3]. These studies show that storage-aware TSA requires both representative
profiles and a mechanism for SOC continuity.

2.4.3 Sequentially linked days as chronology reconstruc-
tion

Sequentially linked days (SLDs) provide a representative-day-based way to
reconstruct part of the lost inter-day chronology. Instead of treating rep-
resentative days as weighted independent profiles, SLDs use the mapping
from original days to representative days to identify consecutive blocks of
original days represented by the same RD [17]. It provides a pathway to re-
tain intra-day and inter-day energy shift for representative days derived from
multiple clustering methods, including k-means, k-medoids, and hierarchical
clustering as mentioned before.

After the representative days are obtained, each natural day is mapped to
the closest representative day. Let n denote a natural day and let R denote
the set of representative days. The mapping is

m(n) = argmin
r∈R

∥xn − r∥2 . (2.15)

Here, m(n) identifies which representative day best represents natural day
n. Based on this mapping, an SLD is defined as a consecutive sequence of
natural days with the same assigned representative day. When the mapping
changes to another representative day, a new SLD begins. For an SLD s
covering natural days from as to bs, this means

m(as) = m(as + 1) = · · · = m(bs) = ds, (2.16)

where ds is the representative day associated with SLD s. The length of the
SLD is

Ls = bs − as + 1. (2.17)
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Thus, SLDs are not new representative profiles; they are chronological blocks
constructed from the original day-to-RD mapping.

The SLD construction can be summarized as

representative days → day-to-RD mapping

→ consecutive same-RD day blocks

→ SLD chronology reconstruction.

(2.18)

Representative days describe intra-day operating profiles, while SLDs de-
scribe the inter-day repetition of these profiles. This distinction is important
because the SOC trajectory depends not only on the daily charging and dis-
charging pattern, but also on how many consecutive days this pattern is
repeated and what SOC level is carried into the next chronological block.

SLD-based reconstruction remains an approximation. Original days mapped
to the same representative day may still differ in load, renewable availabil-
ity, congestion, and storage dispatch. Repeating the same representative-day
SOC pattern across an SLD block can therefore introduce storage-state recon-
struction errors, such as intra-day shape mismatch, cross-day accumulated
drift, or persistent inventory-level bias. For this reason, SLDs improve the
representation of chronology compared with independent RD weighting, but
they do not eliminate the need for storage-aware evaluation.

2.5 Evaluation of reduced planning models

2.5.1 Input-based and cost-based evaluation

Evaluation metrics for reduced planning models can be divided into input-
based and cost-based metrics. Input-based metrics assess how closely the
reduced time series approximates the original data. Common criteria in-
clude time-series distance, duration-curve mismatch, correlation preserva-
tion, peak-value deviation, and statistical moments of load and renewable
generation [1, 2, 13]. These metrics are useful because TSA is first applied
to input data before the reduced optimization model is solved.

However, input similarity does not necessarily imply planning accuracy.
A small number of high-stress periods may have limited influence on average
input error but strongly affect investment decisions in generation, transmis-
sion, or storage. Therefore, several studies emphasize that TSA should also
be evaluated using optimization outcomes, such as objective-function error,
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operational cost error, model resolution sensitivity, or investment-decision
quality [6, 19, 20].

Cost-based metrics are closer to the purpose of expansion planning–
finding the investment decision of the smallest total cost. They assess whether
the reduced model produces investment decisions that remain economically
competitive when evaluated under full chronological data. In this thesis,
operational estimation error and optimality gap are used as cost-based mea-
sures of reduced-model quality, because they evaluate the reduced model’s
cost-estimation accuracy and the full-time performance of its investment de-
cision, respectively. Their detailed definitions are provided in Chapter 4.

2.5.2 Limitations of cost-based evaluation for storage

Although cost-based metrics are essential, they may not fully explain reduced-
model behavior in storage-embedded systems. Total cost is mainly deter-
mined by investment cost, generation cost, curtailment cost, and load-shedding
penalties. SOC usually does not appear as an explicit cost term; instead,
it affects operation through feasibility constraints and charging/discharging
availability [3, 5, 17].

As a result, two solutions can have similar total costs while relying on
different storage trajectories. If the reduced model reconstructs SOC dif-
ferently from the full model, the system may partly compensate through
thermal redispatch, transmission flow adjustment, renewable curtailment, or
load shedding. This is especially relevant for long-duration storage, where
small errors in daily energy balance can accumulate over multiple days or
weeks [11].

This does not weaken the importance of cost-based metrics. Rather, it
means that they should be complemented by operational diagnostics when
storage is a central planning resource. Cost-based evaluation answers whether
the reduced model is economically competitive, while storage-aware diag-
nostics help explain how the reduced temporal structure represents storage
operation.

2.5.3 Need for SOC-aware diagnostic evaluation and
feedback

SOC-aware diagnostic evaluation is needed to identify how temporal aggre-
gation distorts storage-state evolution. In this thesis, SOC-based metrics
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are used as complementary diagnostic tools rather than replacements for
cost-based metrics. They distinguish different forms of storage-state error,
including total SOC deviation, intra-day shape mismatch, cross-day accumu-
lated drift, and persistent inventory-level bias. Their formal definitions are
provided in Chapter 4.

SOC-based diagnostics can also be interpreted as feedback information for
TSA. Unlike input-based clustering indicators, SOC diagnostics are obtained
from the behavior of the reduced and full planning models, and therefore re-
flect how temporal aggregation affects storage operation. Such diagnostic
information can help identify storage-relevant days or SLD blocks that are
poorly represented by the current aggregation. This supports a model-aware
view of TSA, where representative-period selection is refined using optimiza-
tion outcomes or post-solution information [6, 31, 20, 38].

Therefore, SOC-aware evaluation extends TSA assessment from economic
accuracy to storage-aware diagnostic interpretation and feedback enhance-
ment. A reduced model may perform well in terms of operational cost error
or optimality gap while still producing distorted SOC trajectories; conversely,
SOC diagnostics can indicate where the reduced temporal representation fails
and guide feedback-enhanced TSA strategies [11, 17, 20].

2.6 Research gap and positioning of this the-

sis

The literature reviewed above shows that TSA has developed along sev-
eral important directions. Classical clustering-based methods, such as k-
means, k-medoids, and hierarchical clustering, reduce temporal complexity
by grouping similar load and renewable profiles into representative periods
[13, 14]. Chronology-preserving methods, such as CTPC, maintain the or-
der of the input time series and are particularly relevant for inter-temporal
constraints and storage operation [3]. Priority-based and hybrid methods
further recognize that extreme periods should be preserved because they
may strongly influence investment decisions and total-cost-oriented planning
outcomes [10, 17]. Extreme-event studies also show that rare operating condi-
tions may be lost in ordinary TSA, while their preservation can affect system
design and cost results [41]. In addition, iterative extreme-period inclusion
has been proposed as a way to refine TSA after identifying insufficiently
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represented critical periods [42].
Existing studies have also improved storage representation under reduced

temporal scope. Typical-period storage formulations, enhanced representa-
tive days, system-state approaches, chronological clustering, and SLD-based
reconstruction address different aspects of the inter-period storage problem
[5, 12, 11, 17]. In parallel, model-based evaluation metrics have been de-
veloped to assess whether reduced temporal representations produce reliable
planning results, moving beyond purely input-based similarity [6, 19, 20].
More recent model-aware TSA studies further suggest that information from
optimization outcomes can refine representative-period selection rather than
relying only on input-profile similarity [31, 38].

Despite these advances, an important gap remains in storage-embedded
planning models. Existing TSA methods can reduce temporal complexity,
preserve selected extreme periods, and reconstruct part of the chronology.
In particular, SLD-based reconstruction provides a practical way to link rep-
resentative days across the original chronological sequence. However, the
selection of extreme days is still often based on input-side or system-stress
indicators, such as peak load, high net load, or high operating cost, rather
than on storage-state representation itself [10, 31, 32, 17]. Therefore, it re-
mains unclear how storage-related diagnostic information can be used to
identify extreme days or periods that are more relevant to storage-embedded
planning decisions.

Representative days capture intra-day profiles, and SLDs reconstruct part
of the inter-day sequence, but the reduced model still replaces heterogeneous
natural-day behavior with repeated representative-day patterns. As a result,
SOC reconstruction errors may arise from intra-day shape mismatch, cross-
day accumulated drift, and inventory-level bias. These mechanisms cannot
be fully explained by cost-based metrics alone. They are also not equivalent
to ordinary input-profile errors, because they are observed from the storage
operation produced by the planning model.

This thesis addresses the gap by treating SOC-based metrics as diagnostic
feedback signals rather than as a direct optimization objective. Cost-based
metrics remain the primary criteria for judging whether a reduced planning
model is economically competitive. SOC-based metrics are then used to
explain why SOC trajectory gaps remain under economically competitive so-
lutions, what these gaps are composed of, and which natural days or SLD
blocks may indicate storage-relevant representative-day distortion. In this
sense, the purpose of SOC diagnostics is not to guarantee a monotonic re-
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duction of aggregate SOC error, but to provide storage-aware information
that can guide extreme-day selection and be evaluated through total-cost
performance.

This thesis therefore combines four elements. First, it adopts hybrid hier-
archical clustering with explicit extreme-day preservation for representative-
day selection, following the hybrid RD framework in [17]. Second, it uses
sequentially linked days to reconstruct inter-day chronology for storage oper-
ation. Third, it evaluates reduced planning models through cost-based met-
rics to identify economically competitive solutions, and then uses SOC-based
diagnostic metrics to explain storage-related error mechanisms. Fourth, it
tests whether SOC-based diagnostic signals can guide extreme-day selection
and improve total-cost performance. In this way, the thesis positions itself
at the intersection of representative-period selection, storage-aware chronol-
ogy reconstruction, model-based evaluation, and SOC-informed feedback en-
hancement.
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Chapter 3

Formulation of the power
system co-planning model

Nomenclature

Sets and indices

i, j Bus indices
g, w, l, e Indices for generators, wind farms, loads, and ESS
d, t Representative day and time indices
s, k SLD index and repetition index
G, W, W new, E Sets of generators, wind farms, candidate wind farms, and ESS
NL, EL Sets of candidate and existing transmission lines
D, T P

d , TD
d Representative days, time points, and time intervals

S Set of sequence-length days (SLDs)

Decision variables
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INL
ij Binary decision for candidate transmission line
P cap
W,w Installed capacity of candidate wind farm

Ecap
e , P cap

E,e Installed ESS energy and power capacity
PG[g, d, t], P

res
G [g, d, t] Generator output and reserve

PW [w, d, t], P curt
W [w, d, t] Wind generation and curtailment

P shed
L [l, d, t] Load shedding

Fij[d, t], θi[d, t] Line flow and voltage angle
P ch
E [e, d, t], P dis

E [e, d, t] ESS charging and discharging power
SOC[e, d, t] SOC trajectory within representative day
∆SOC[e, d] Net SOC change over representative day
SOCstart[e, s] SOC at the beginning of SLD

Parameters

TC, IC, OC Total, investment, and operational cost
Pmax
W,w Maximum candidate wind capacity

α Minimum wind build-out ratio
Ēe, S

max
e Upper bounds of ESS energy and power capacity

Pmax
G [g] Generator capacity limit

PL[i, d, t] Load demand
Pmax
line,ij Line capacity limit

Bij Line susceptance
P base System base power
Mij Big-M parameter
Rg, τ Ramp rate and reserve response time
ηce, η

d
e Charging and discharging efficiencies

∆td,t Time interval duration
Ls, ds Length and mapped representative day of SLD

The formulation in this chapter adopts an existing deterministic mixed-
integer linear co-planning structure and modifies it for storage-aware SOC
evaluation. The transmission and wind expansion components follow the
three-layer planning framework in [20], consisting of an investment layer,
an operational cost layer, and a DC-OPF layer. The ESS investment and
chronology-linking formulation follows the representative-day and sequen-
tially linked day structure proposed in [17]. Therefore, the main contribution
of this thesis is not a new co-planning formulation, but the use of this estab-
lished model as the reference framework for evaluating SOC reconstruction
errors under time-series aggregation.
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The resulting model is a deterministic MILP for transmission expansion,
wind generation investment, and ESS investment. Candidate transmission
lines are represented by binary investment variables, while wind and storage
capacities are represented by continuous investment variables. This structure
is consistent with expansion-planning models that combine discrete network
reinforcement decisions with continuous capacity decisions and linear opera-
tional constraints [21, 22].

3.1 Investment layer

This layer follows the transmission and wind investment structure used in
[20]. The ESS energy and power capacity investment variables are incorpo-
rated following the storage co-planning formulation in [17].

The objective of the power system co-planning model is to determine the
optimal investment decision set ID∗ among all feasible investment options
that minimizes the total system cost TC. Candidate transmission lines are
modeled by binary variables, while wind and ESS investments are modeled
as continuous capacity variables.

The total investment cost includes the cost of candidate transmission
lines, planned wind capacity, ESS energy capacity, and ESS power capacity:

IC =
∑

(i,j)∈NL

INL
ij ·ICNL

ij +
∑

w∈Wnew

P cap
W,w·IC

W
w +

∑
e∈Enew

Ecap
e ·ICE

e +
∑

e∈Enew

P cap
E,e ·IC

EP
e

(3.1)
For each candidate transmission line (i, j) ∈ NL, the investment variable

is:
INL
ij ∈ {0, 1} (3.2)

For planned wind farms, the installed capacity is bounded by:

0 ≤ P cap
W,w ≤ Pmax

W,w (3.3)

A minimum wind build-out requirement is imposed as:∑
w∈Wnew

P cap
W,w ≥ α

∑
w∈Wnew

Pmax
W,w (3.4)

For candidate ESS, both installed energy and power capacities are opti-
mized:

0 ≤ Ecap
e ≤ Ēe (3.5)
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0 ≤ P cap
E,e ≤ Smax

e (3.6)

Together, these constraints define the feasible investment region for trans-
mission expansion, wind development, and ESS sizing.

3.2 Operational cost layer

The operational cost layer follows the piecewise-linear operating-cost struc-
ture adopted in [20]. The same structure is retained here and applied to the
storage-embedded co-planning model.

The total operational cost OC is defined as the weighted sum of operating
cost rates over all representative days and time intervals:

OC =
∑
d∈D

ωd

∑
t∈TD

d

∆td,t

[∑
g∈G

(
C1

G[g, d, t] + C2
G[g, d, t]

)
+
∑
l∈L

Cshed
L [l, d, t] +

∑
w∈W

Ccurt
W [w, d, t]

] (3.7)

where ωd denotes the weight of representative day d.

Thermal generation cost The following piecewise-linear generation-cost
constraints are adapted from [20]. The quadratic generation cost is repre-
sented by a linear lower convex envelope to keep the model within a MILP
structure [23, 36].

The thermal generation cost is decomposed into two linear components:

CG[g, d, t] = C1
G[g, d, t] + C2

G[g, d, t], ∀g ∈ G, d ∈ D, t ∈ TD
d (3.8)

For each breakpoint k ∈ K, the first cost component is constrained by:

C1
G[g, d, t]

∆td,t
≥ (cg,2πg,k + cg,1) ·

PG[g, d, t] + PG[g, d, t+ 1]

2
− 1

2
cg,2π

2
g,k (3.9)

The second component is represented by:

C2
G[g, d, t]

∆td,t
≥ cg,2πg,k

12
(PG[g, d, t]− PG[g, d, t+ 1])− 1

24
cg,2π

2
g,k (3.10)
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C2
G[g, d, t]

∆td,t
≥ −cg,2πg,k

12
(PG[g, d, t]− PG[g, d, t+ 1])− 1

24
cg,2π

2
g,k (3.11)

where the breakpoint is defined as:

πg,k =
k

|K| − 1
Pmax
G [g], ∀g ∈ G, k ∈ K (3.12)

Load shedding cost Load shedding is penalized using the value of lost
load:

Cshed
L [l, d, t] = V OLL[l]·P

shed
L [l, d, t] + P shed

L [l, d, t+ 1]

2
·∆td,t, ∀l ∈ L, d ∈ D, t ∈ TD

d

(3.13)

Wind curtailment cost Wind curtailment cost is expressed as:

Ccurt
W [w, d, t] = CWC [w]·P

curt
W [w, d, t] + P curt

W [w, d, t+ 1]

2
·∆td,t, ∀w ∈ W, d ∈ D, t ∈ TD

d

(3.14)

Total objective function The overall objective is:

TC = IC +OC (3.15)

3.3 DC-OPF layer

The DC-OPF layer is adapted from the planning formulation in [20] and
extended by adding ESS charging and discharging terms to the nodal power
balance. It determines thermal generation dispatch, wind dispatch, trans-
mission flows, load shedding, and ESS operation for each representative day
and time point.

A DC-OPF approximation is adopted to keep the operational model lin-
ear and computationally tractable. Compared with AC-OPF, DC-OPF ne-
glects voltage-magnitude variations, reactive power, and network losses, and
represents active-power flows through voltage-angle differences and line sus-
ceptances. This approximation is widely used in planning-level optimization
models because it provides a tractable representation of network constraints
[35, 36].
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Power balance constraints At each bus i, nodal power balance is en-
forced as:∑

g∈Gi

PG[g, d, t] +
∑
w∈Wi

PW [w, d, t] +
∑
e∈Ei

(
P dis
E [e, d, t]− P ch

E [e, d, t]
)

+
∑
ℓ∈Lin

i

Fℓ[d, t]−
∑

ℓ∈Lout
i

Fℓ[d, t] = PL[i, d, t]− P shed
L [i, d, t]

(3.16)

DC power flow constraints For each existing transmission line (i, j) ∈
EL, the DC angle-flow relation is:

Fij[d, t]

P base
= Bij (θi[d, t]− θj[d, t]) , ∀(i, j) ∈ EL, d ∈ D, t ∈ T P

d (3.17)

Reference bus constraint One bus is selected as the reference bus. In
this case study, the reference bus is bus 12:

θref [d, t] = 0, ref = 12, ∀d ∈ D, t ∈ T P
d (3.18)

Transmission line constraints For existing transmission lines, the flow
limit is:

−Pmax
line,ij ≤ Fij[d, t] ≤ Pmax

line,ij, ∀(i, j) ∈ EL, d ∈ D, t ∈ T P
d (3.19)

For candidate transmission lines, the flow is coupled with the investment
variable:

−Pmax
line,ijI

NL
ij ≤ Fij[d, t] ≤ Pmax

line,ijI
NL
ij , ∀(i, j) ∈ NL, d ∈ D, t ∈ T P

d

(3.20)
The candidate-line angle-flow relation is enforced through a Big-M for-

mulation [22]:

Fij[d, t]

P base
−Bij (θi[d, t]− θj[d, t]) ≤

(
1− INL

ij

)
Mij, ∀(i, j) ∈ NL, d ∈ D, t ∈ T P

d

(3.21)

Fij[d, t]

P base
−Bij (θi[d, t]− θj[d, t]) ≥ −

(
1− INL

ij

)
Mij, ∀(i, j) ∈ NL, d ∈ D, t ∈ T P

d

(3.22)
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Wind generation constraints Wind generation is limited by the wind
availability factor. For existing wind farms, the dispatched wind power is
bounded by the existing installed capacity:

0 ≤ PW [w, d, t] ≤ PW [w]ϕW [d, t], ∀w ∈ W old, d ∈ D, t ∈ T P
d (3.23)

For candidate wind farms, the dispatched wind power is bounded by the
optimized installed wind capacity:

0 ≤ PW [w, d, t] ≤ P cap
W [w]ϕW [d, t], ∀w ∈ W new, d ∈ D, t ∈ T P

d (3.24)

Wind curtailment is defined as the difference between available wind
power and dispatched wind power:

P curt
W [w, d, t] = P avail

W [w, d, t]− PW [w, d, t],

∀w ∈ W, d ∈ D, t ∈ T P
d

(3.25)

For compact notation, P avail
W [w, d, t] denotes the available wind power of wind

farm w. For existing wind farms, it is given by P̄W,wϕW [d, t], while for can-
didate wind farms, it is given by P cap

W,wϕW [d, t].

Thermal generator reserve requirement Thermal generation output
and reserve are constrained by:

PG[g, d, t] ≤ Pmax
G [g]− P res

G [g, d, t], ∀g ∈ G, d ∈ D, t ∈ T P
d (3.26)

P res
G [g, d, t] ≤ PG[g, d, t], ∀g ∈ G, d ∈ D, t ∈ T P

d (3.27)

Following the “3+5 rule”, the system reserve requirement is represented
as 3% of load demand plus 5% of wind generation [27]:∑
g∈G

P res
G [g, d, t] = 0.03

∑
l∈L

PL[l, d, t]+0.05
∑
w∈W

PW [w, d, t], ∀d ∈ D, t ∈ T P
d

(3.28)
Ramping constraints with reserve delivery are:

PG[g, d, t+ 1]− PG[g, d, t]

∆td,t
+

P res
G [g, d, t]

τ
≤ Rg, ∀g ∈ G, d ∈ D, t ∈ TD

d

(3.29)
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PG[g, d, t]− PG[g, d, t+ 1]

∆td,t
+

P res
G [g, d, t]

τ
≤ Rg, ∀g ∈ G, d ∈ D, t ∈ TD

d

(3.30)

PG[g, d, t+ 1]− PG[g, d, t]

∆td,t
+
P res
G [g, d, t+ 1]

τ
≤ Rg, ∀g ∈ G, d ∈ D, t ∈ TD

d

(3.31)

PG[g, d, t]− PG[g, d, t+ 1]

∆td,t
+
P res
G [g, d, t+ 1]

τ
≤ Rg, ∀g ∈ G, d ∈ D, t ∈ TD

d

(3.32)

3.4 Energy storage and chronology layer

The ESS and chronology layer is based on the representative-day and sequen-
tially linked day formulation proposed in [17]. Representative days describe
intra-day ESS operation, while SLDs are used to propagate SOC across con-
secutive natural days mapped to the same representative day. This thesis
retains this formulation and later evaluates the SOC reconstruction errors
introduced by the RD-SLD approximation.

In the present case study, no existing ESS is included in the input data,
and all storage units are candidate investments.

ESS charging and discharging limits For each ESS unit e, charging
and discharging power are constrained by:

0 ≤ P ch
E [e, d, t] ≤ P cap

E,e , ∀e ∈ E, d ∈ D, t ∈ T P
d (3.33)

0 ≤ P dis
E [e, d, t] ≤ P cap

E,e , ∀e ∈ E, d ∈ D, t ∈ T P
d (3.34)

The installed ESS power and energy capacities are bounded by:

0 ≤ P cap
E,e ≤ Smax

e , ∀e ∈ E (3.35)

0 ≤ Ecap
e ≤ Ēe, ∀e ∈ E (3.36)
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SOC dynamics within a representative day The SOC transition within
a representative day is:

SOC[e, d, t+ 1] = SOC[e, d, t]

+
∆td,t
2

(
ηce
(
P ch
E [e, d, t] + P ch

E [e, d, t+ 1]
)

− 1

ηde

(
P dis
E [e, d, t] + P dis

E [e, d, t+ 1]
)) (3.37)

The representative-day SOC trajectory is defined relative to its starting
point:

SOC[e, d, 0] = 0, ∀e ∈ E, d ∈ D (3.38)

The net SOC change over one representative day is:

∆SOC[e, d] = SOC[e, d, T end
d ], ∀e ∈ E, d ∈ D (3.39)

Relative SOC excursion within a representative day The intra-day
SOC excursion is bounded by:

SOCrel,min[e, d] ≥ −SOC[e, d, t], ∀e ∈ E, d ∈ D, t ∈ T P
d (3.40)

SOCrel,max[e, d] ≥ SOC[e, d, t], ∀e ∈ E, d ∈ D, t ∈ T P
d (3.41)

Here, SOCrel,min[e, d] and SOCrel,max[e, d] describe the maximum downward
and upward SOC deviations from the start-of-day SOC within representative
day d. They are used to ensure that, after the representative-day SOC profile
is repeated in an SLD block, the absolute SOC remains within feasible energy
bounds.

SLD chronology linking Let SOCstart[e, s] denote the absolute SOC at
the beginning of SLD s. Each SLD has length Ls and is mapped to repre-
sentative day ds. The chronological link between adjacent SLDs is:

SOCstart[e, s+1] = SOCstart[e, s]+Ls·∆SOC[e, ds], ∀e ∈ E, s ∈ S\{slast}
(3.42)

The annual cyclic condition is:

SOCstart[e, sfirst] = SOCstart[e, slast] + Lslast ·∆SOC[e, dslast ], ∀e ∈ E
(3.43)
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SOC feasibility over repeated days For the k-th repeated day inside
SLD s, the lower and upper SOC bounds are:

SOCstart[e, s]+k·∆SOC[e, ds]−SOCrel,min[e, ds] ≥ 0, ∀e ∈ E, (s, k) ∈ Srep

(3.44)

SOCstart[e, s]+k·∆SOC[e, ds]+SOCrel,max[e, ds] ≤ Ecap
e , ∀e ∈ E, (s, k) ∈ Srep

(3.45)
This layer combines standard ESS charging/discharging constraints with

SLD chronology reconstruction, allowing the reduced model to represent both
intra-day SOC movement and inter-day SOC continuity.

3.5 Test system and input data

The case study is based on a modified RTS-24-bus test system. The network
data, including buses, generators, loads, existing transmission lines, candi-
date transmission lines, and wind investment candidates, are taken from the
modified RTS-24-bus dataset provided by Moradi-Sepahvand [34]. This net-
work is used as the base system for the co-planning model formulated in this
chapter.

Candidate ESS data are added based on the storage data used by Moradi-
Sepahvand and Tindemans [17]. The ESS set contains both daily-cycling and
long-duration storage candidates, which are distinguished later in the SOC
diagnostic analysis.

The chronological input data use one-year hourly load and wind profiles
for the Netherlands in 2019. The load data are obtained from the annual
peak load and load curve published by TenneT [33], while the wind profile
follows the Netherlands wind-factor dataset used in [20]. The hourly profiles
are normalized into load and wind factors and then applied to the bus-level
load and wind capacity data. The full year is divided into 365 natural days,
with each day represented by 24 hourly intervals and 25 time points in the
piecewise-linear formulation.
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3.6 Full-time model without time-series ag-

gregation

Before applying TSA, the planning model is solved using the original one-
year hourly time series. This case is referred to as the full chronological plan-
ning model. It has the same investment variables, operational constraints,
and objective-function structure as the reduced representative-day model,
including transmission expansion, wind investment, ESS sizing, DC-OPF
constraints, reserve and ramping constraints, and SOC dynamics. The dif-
ference is in the temporal representation: the full model uses all 365 natural
days and hourly time steps directly, while the reduced model replaces the
original year with a smaller set of representative days and reconstructs inter-
day SOC chronology through SLD constraints. Therefore, the full model
avoids temporal aggregation error but introduces a much larger number of
operational variables and constraints, making it computationally difficult to
solve to global optimality.

The solver log is summarized in Table 3.1. After 26143.02 seconds, the
solver returned a feasible incumbent solution with an objective value of
2.4508 × 109. The corresponding best bound was 2.3608 × 109, resulting
in a remaining optimality gap of 3.6999%. Therefore, the reported full-time
solution is used as a computational reference point rather than as a proven
global optimum.

Table 3.1: Solver result of the full-time model without TSA.
Item Value
Solution time 26143.02 s
Explored nodes 4
Simplex iterations 1,874,601
Incumbent objective 2.450757901945× 109

Best bound 2.36081628833× 109

MIP gap 3.6999%
Threads 32

This result provides an anchor for the following evaluation. It confirms
the computational burden of the full chronological formulation and provides a
reference incumbent and best bound for comparing reduced models. In later
chapters, representative-day models with different NRD values and extreme-

40



day strategies are evaluated against this reference.
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Chapter 4

Evaluation of Simplified
Planning Models with Storage
Dynamics

4.1 Overview

The co-planning model developed in Chapter 3 incorporates energy storage
systems (ESS) and inter-day chronological constraints through the sequentially-
linked-day (SLD) formulation. This enables reduced planning models to
retain part of the intertemporal structure of storage operation while sig-
nificantly lowering computational complexity through representative days
(RDs)[needs moradi citation]. However, this simplification inevitably alters
the original chronology and introduces approximation in the reconstructed
storage-state trajectories.

The analysis framework follows the model-based perspective in the TSA
literature. Representative-day approaches are widely used in long-term power
system modeling because full hourly resolution can become computationally
restrictive [28]. Additionally, aggregation choices, such as clustering method-
ology, chronology representation, and extreme days preservation in this the-
sis, can affect planning outcomes, especially when operational variability,
storage, and chronological constraints are important [29, 30]. Therefore, re-
duced models should not be evaluated only by input similarity, but also by
their effect on optimization outcomes, such as objective-function error [6, 19].
Based on this outcome-oriented evaluation perspective, this thesis further
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introduces reconstructed SOC trajectory metrics as a storage-specific diag-
nostic dimension for identifying SOC representation errors and supporting
extreme-day feedback.

This chapter starts with evaluating the economic performance of current
reduced planning models: since the objective of the co-planning model is to
obtain low full-time total cost under a model-derived investment decision,
cost-based metrics, especially the optimality gap, continue to serve as the
primary criteria for finding economically competitive planning results. Then
a competitive planning result within 20-50 range of representative days num-
bers is set as reference and diagnostic object.

Existing studies on storage under reduced temporal scope show that the
representation of inter-period storage states is sensitive to chronology loss
and temporal aggregation [5, 11, 12]. It can be inferred that storage states
representation error, after certain data processing, can provide useful infor-
mation to improve time-series-aggregation(TSA), and thus planning results.
For this reason, this chapter introduces a complementary SOC-based metrics
as a diagnostic layer for examining storage-state reconstruction gaps under
reference planning results.

The chapter is organized as follows. Section 4.2 first presents the con-
ventional cost-based evaluation results, including operational estimation er-
ror and optimality gap. Then the competitive planning results of NRD=21
is confirmed to be the reference diagnostic object. Section 4.3 then shows
that noticeable SOC trajectory discrepancies may still remain within these
economically competitive results, and positions SOC gap as an informative
diagnostic tool instead of improvement target. Section 4.4 discusses the im-
plications of SOC misrepresentation from a model-based and TSA perturbing
perspective: infers that the reduced model SOC representation pattern has
influence on investment decision planning. Finally, Section 4.5 defines a set of
SOC-based diagnostic metrics designed to characterize different components
of the SOC reconstruction gap. Together, these analysis establish a cost-
oriented but storage-aware evaluation framework: cost-based metrics iden-
tify economically competitive planning result and set it as reference, while
SOC-based metrics explain the storage-related errors inside those results and
provide the basis for the diagnostic and feedback analysis in the following
chapters.
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4.2 Cost-based evaluation of planning results

Cost-based evaluation is used because it measures the impact of temporal
aggregation in the same domain as the planning objective. Bahl et al. ar-
gue that TSA errors should be evaluated in the objective-function domain
rather than only through statistical similarity of the aggregated time series
[6]. Studies on electricity-sector model resolution also show that temporal
and operational resolution can affect investment outcomes and scenario con-
clusions [19, 29]. Therefore, operational estimation error and optimality gap
are used in this chapter to identify economically competitive planning re-
sults of the reduced model. These metric results are computed based on the
co-planning model introduced in Chapter 3.

4.2.1 Definition of cost-based metrics

The two cost-based metrics used in this chapter distinguish between cost-
estimation accuracy and investment-decision quality. Operational estimation
error evaluates whether the reduced temporal representation estimates the
operating cost of a fixed investment decision accurately. Optimality gap,
by contrast, evaluates whether the investment decision obtained from the
reduced model remains close to the best available full-space benchmark. This
distinction is consistent with model-based TSA evaluation, where a reduced
model may estimate costs inaccurately, select a suboptimal investment plan,
or both [6, 20]. The definitions of operational estimation error and optimality
gap used in this thesis follow the cost-based evaluation framework adopted
in [20].

Let ˆID denote the investment decision obtained from the RD-based plan-
ning model, and ID∗ denote the optimal investment decision obtained from
the full-space model. Following [20], the following cost functions are defined:

• TCRD[·]: total system cost evaluated using representative days

• TCFull[·]: total system cost evaluated using the full time series

Operational estimation error The operational estimation error mea-
sures the discrepancy between the reduced model and the full-time model
under a fixed investment decision [20]:

∆OC[ ˆID] = TCRD[ ˆID]− TCFull[ ˆID] (4.1)

44



This metric reflects how accurately the reduced model estimates system
operation when compared to the full chronological model. With hierarchical
clustering, the operational estimation error in this study is always negative.

Optimality gap This metric directly measures the loss in economic opti-
mality caused by selecting a less optimal investment decision [20].

∆TCFull[ ˆID] = TCFull[ ˆID]− TCFull[ID
∗] (4.2)

Specifically, TCFull[ID
∗] is substituted by the best bound obtained from

the solver, namely 2360M, rather than a proven global optimum, since the
global optimum is intractable even in the simplified test system. The opti-
mal total full cost is expected to be the smallest, so the optimality gap is
always positive. Therefore, the optimality gap is used as the main metric for
evaluating TSA and investment-decision performance.

4.2.2 Results under varying number of representative
days

To include the effect of temporal resolution, the number of representative
days (NRD) is varied from 20 to 50. For each NRD configuration, the RD-
based planning model described in Chapter 3 is solved to obtain the corre-
sponding investment decision ˆID. The resulting solutions are then evaluated
using both the reduced model and the full time series model.

For each NRD, the following metrics are computed:

• Optimality gap ∆TCFull[ ˆID]

• Operational estimation error ∆OC[ ˆID]

The optimality gap and operational estimation error capture the economic
performance of the reduced model. The results are summarized in Fig. 4.1,
where the variation of these metrics with respect to NRD is illustrated.

Figure 4.1 presents the variation of two cost-based performance metrics—
operational estimation error and optimality gap—with respect to the number
of representative days (NRD). The TSA setting is presented below: 1) Ex-
treme day selection: The 21st natural day, the day with peak load. 2) Clus-
tering method: Hybrid hierarchical clustering which emphasize extreme days
incorporation. 3) Chronology preservation method: Sequentially linked days
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Figure 4.1: Cost-based metrics under varying NRD.

monitoring energy shift. As shown in the figure, both metrics exhibit similar
trends and display a clear stepwise pattern across different NRD values.

A notable observation is that in the range of NRD = 21 to 34, both met-
rics remain relatively low and stable. The small operational estimation error
indicates that within this interval, the reduced model is able to approximate
the full time-series model with relatively high accuracy. The small optimality
gap also indicates that the derived total cost is closer to the best bound.

The non-monotonic behavior observed across NRD values is consistent
with the fact that representative-period selection does not only depend on
the number of periods, but also on which operating conditions are preserved.
Previous studies have shown that representative periods must capture not
only average profiles, but also periods that are important for investment
decisions, such as high-demand, low-renewable, or high net-load conditions
[13, 10, 17]. Therefore, performing one more or less clustering may alter crit-
ical cluster characteristics and lead the model to derive different investment
decisions.

From a cost-based metrics perspective, a pronounced difference can be
observed between the solutions at NRD = 20 and NRD = 21. This large
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deviation contributes to the stepwise pattern observed in Fig. 4.1, where the
optimality gap does not decrease smoothly with increasing NRD, as com-
monly expected in traditional grid planning studies. Instead, the results
exhibit non-monotonic behavior, which is illustrated in Chapter 6 to result
from the effect of adding extreme days in storage-inclusive planning prob-
lems.

At NRD = 20, the model yields a relatively low investment cost, approxi-
mately EUR 676 million, but this results in a significantly higher operational
cost, around EUR 1.81 billion. In contrast, increasing to NRD = 21 leads
to a substantial rise in investment cost, approximately EUR 873 million, ac-
companied by a significant reduction in operational cost, approximately EUR
1.49 billion.

This difference is reflected in the underlying investment structure. At
NRD = 20, only a single transmission line is constructed, four wind farms
are built, and ESS deployment is limited to four buses, namely buses 3,
4, 5, and 7. In contrast, at NRD = 21, an additional transmission line is
introduced, wind capacity becomes more diversified, and ESS is expanded
to five buses, namely buses 1, 3, 4, 5, and 7, indicating improved spatial
flexibility.

Overall, the comparison between NRD = 20 and NRD = 21 highlights
a strong sensitivity of the reduced model to the clustering process. Due to
the agglomerative nature of hierarchical clustering, one additional merging
step is conducted when moving from NRD = 21 to NRD = 20. As a result,
at NRD = 20, the model invests less in transmission, wind generation, and
ESS, leading to an underestimation of system capacity requirements.

In summary, the results suggest that:

• With the selected TSA methodology, the reduced model achieves its
best performance when NRD is between 21 and 34 within the 20–50
NRD range. In this interval, both cost-based metrics remain low and
stable, indicating a good approximation of the full time-series model
and a few competitive model planning results.

• The transition from NRD = 21 to NRD = 20 reveals a structural shift
rather than a smooth improvement, highlighting the sensitivity of the
reduced model to the clustering process. Thus editing on the clustering
process/TSA also has dominant influence on planning results, including
total cost and investment decisions.
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• The scenario of NRD = 21 derives a small total cost while saving
variables compared with the range NRD = 21–34, so it is selected as
the reference planning results in this thesis and support further SOC-
related diagnosis.

4.3 SOC trajectory discrepancies under eco-

nomically competitive planning results

In storage-embedded co-planning problem, storage state representation re-
quires separate attention because storage operation is governed by inter-
temporal state dynamics, which is monitored by SLD chronology preserva-
tion in this thesis. In representative-period models, storage behavior may be
approximated within each representative period, but the continuity of stored
energy across periods is more difficult to preserve. Kotzur et al. address this
issue by separating intra-period and inter-period storage states, while Gon-
zato et al. show that reduced temporal representations may lead to over-
or underinvestment in long-duration storage if inter-period arbitrage is not
properly captured [5, 11]. Therefore, the inter-day energy shifting pattern
needs evaluation, as it manifests continuity of stored energy across periods
and relate to model investment decisions.

In order to characterize storage-state reconstruction gaps under the RD-
SLD approximation, it is necessary to compare the state-of-charge (SOC)
trajectories obtained from the reduced model with those from the full model
under the same fixed investment decision.

In the full model, SOC is directly obtained by sequentially solving the
dispatch problem over the complete chronological time series. The SOC
trajectory is therefore generated through exact inter-temporal coupling:

SOCfull
t = SOCfull

t−1 +∆SOCfull
t (4.3)

which reflects the chronological evolution of storage inventory over time.
Differently, the reduced model reconstructs the SOC trajectory using rep-

resentative days (RDs) and sequence linking days (SLDs). The absolute SOC
at time t, corresponding to the k-th repetition of representative day d within
SLD block s, is reconstructed as:

SOCred
s,k,t = SOCstart

s + k ·∆SOCd + SOCRD
d,t (4.4)

where:
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• SOCstart
s is the starting SOC of SLD block s,

• ∆SOCd is the net daily SOC change associated with representative day
d,

• SOCRD
d,t is the intra-day SOC profile of the representative day, defined

relative to zero:
SOCRD

d,0 = 0 (4.5)

This reconstruction replaces the heterogeneous day-by-day SOC evolution
of the full model with repeated application of a single representative-day pat-
tern and a fixed daily net change within each SLD block. In the full model,
natural days may exhibit different intra-day charging and discharging shapes
as well as different net daily SOC changes. Under the RD-SLD approxima-
tion, these heterogeneous patterns are compressed into a limited set of day
templates and then propagated chronologically through block linking. As a
consequence, considerable SOC reconstruction error is structurally inevitable
under fixed computation budget.

With SOC trajectories created for both the reduced model and the full
model, the overall SOC MAE and RMSE data across NRD range of 20-50,
which provide an overall indication of deviations in storage behavior between
reduced model and full model, can be easily derived for visualization. Here,
overall SOC MAE denotes the average absolute pointwise difference between
reconstructed and full SOC trajectories.

As shown in Fig. 4.2, both the SOC MAE and RMSE exhibit persistent
fluctuations across the investigated NRD interval, without showing a clear
convergence trend. This behavior differs from that of the cost-based metrics
in Fig. 4.1 while sharing the same NRD range, as the operational estimation
error and optimality gap remain relatively low and stable in the range of
NRD = 21 to 34.

Within the NRD range of 21-34, it is observed that considerable and fluc-
tuating overall SOC gap remains under economically competitive planning
results. Combining with finding that considerable SOC reconstruction error
is structurally inevitable under limited computation budget, the overall SOC
gap is not an appropriate objective to improve or minimize.

Although the SOC gap at the system level lacks significance, the SOC
trajectories with respect to time for the single planning result provide more
information related to clustering process and chronology preservation. Under
a fixed investment decision, reduced model and full time series model develop
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Figure 4.2: SOC-based metrics under varying NRD.
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distinct trajectories across the whole year, revealing energy-distorted days
and periods.

For the reference model NRD = 21, where cost-based metrics indicate
good economic performance, a comparison of the yearly reconstructed SOC
trajectories is presented in Fig. 4.3. Bus1 and Bus3 respectively represent
short-term storage and long-term storage pattern.

Key observations:
1) Different clustering process and investment decisions both lead to dis-

tinct SOC trajectories.
2) Comparing the reduced model and the full model, some periods or

days correspond to huge point-wise SOC gap, meaning storage state is badly
represented over these critical periods.

3) Short-term storage deviates from the full-model trajectory mainly
through differences in local variation and weekly shape, and long-term stor-
age has a sustained offset in storage level over time, indicating that TSA has
different error mechanisms on different storage types.

The purpose of comparing SOC trajectories here is therefore not to evalu-
ate the reduced model by requiring pointwise agreement with the full-model
SOC, but to disclose what kinds of critical storage-state distortion remain
under an economically competitive planning results.

For this reason, SOC-based analysis is introduced in this thesis not as
an alternative optimization objective, but as a diagnostic perspective. It
helps explain how temporal reduction and sequentially linked days distort
storage-state evolution, why reduced-model and full-model SOC curves dif-
fer, and which periods are most informative for identifying storage-relevant
extreme days or chronology-sensitive blocks. This diagnostic role becomes
especially important in a system containing both daily-cycling storage and
long-duration hydro storage, where TSA may affect different storage types
through different dominant error mechanisms.

4.4 Implications of SOC misrepresentation in

reduced models

Section 4.2 mentioned a strong sensitivity of the investment decision to
the clustering process by comparing the planning results of NRD=20 and
NRD=21. Additionally, Figure 4.3 demonstrates that different clustering
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process results in distinct SOC trajectories by comparing SOC trajectories
of the reduced time series and full time series.

From this perspective, it can be inferred that editing on clustering pro-
cess, including adding extreme days, modifying cluster characteristics, and
changing SLD blocks sequence, can lead to changing investment decisions
and different SOC trajectories.

This section discusses the relationship between SOC gap, clustering pro-
cess, and investment result from a model-based and TSA perturbing per-
spective.

In the co-planning model introduced in Chapter 3, the total cost is defined
as

TC = IC +OC, (4.6)

where IC is the investment cost and OC is the operational cost. The op-
erational cost is mainly determined by thermal generation cost and load-
shedding penalty. In simplified form, it can be written as

OC =
∑
i,t

(cgPg,i,t + cLSLSi,t) , (4.7)

where Pg,i,t denotes thermal generation and LSi,t denotes load shedding. SOC
itself does not appear as an explicit cost term in the objective function. In-
stead, it affects the feasible operation of the system through storage charging
and discharging constraints.

The role of SOC is therefore embedded in the operational feasibility con-
straints. The nodal power balance can be expressed as∑
g∈Gi

Pg,i,t + P dis
E,i,t − P ch

E,i,t +
∑

j:(j,i)∈L

Fj,i,t −
∑

j:(i,j)∈L

Fi,j,t + LSi,t = Di,t, ∀i, t,

(4.8)
while the storage dynamics are governed by

SOCi,t = SOCi,t−1 + ηcP
ch
E,i,t −

1

ηd
P dis
E,i,t. (4.9)

When the SOC value at time t is underestimated as observed in Figure
4.3, flexibility from line power, thermal generator is required to support the
load demand. Thus, the system stress increases.

∆Pg,i,t+
∑

j:(j,i)∈L

∆Fj,i,t−
∑

j:(i,j)∈L

∆Fi,j,t+∆LSi,t ≈ −∆P dis
E,i,t+∆P ch

E,i,t, (4.10)
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where the symbol≈ emphasizes that this is a mechanism-based interpretation
rather than a strict accounting identity.

More than that, underestimated SOC trajectories directly refers to un-
derestimated ESS economic value, as the planned ESS support is weaker in
the reduced model than it is in full time series. In this way, the model tend
to build more energy storage device. So, from the model-based perspective:
SOC trajectories have influence on the investment decision, and most severe
periods should support extreme periods selection.

Figure 4.4: SOC-based extreme-day selection workflow under TSA pertur-
bation.

Another perspective is Time-Series-Aggregation(TSA) perturbing. Chang-
ing the TSA leads to different SOC trajectories in the reduced model and
also the distinct investment decisions that correlates with each other. So
the methodology in the following parts is: extreme days are selected from
SOC-based metrics, and the modified clustering process make the reduced
model derive better investment decisions. In the reference case, the top few
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SOC-level-distorted periods forms the extreme days, and more competitive
investment decisions are expected.

4.5 SOC-based evaluation metrics

According to the formula 4.3 and 4.4, the SOC gap between the reduced
model and full-time model propagates with time, which means estimation
error in time point, day, and period would pass across to the whole time span.
For diagnostic purpose, the metrics below are designed to decompose the SOC
reconstruction gap into interpretable components, so that the dominant error
mechanism can be identified. In this study, three structurally distinct error
components are distinguished:

• Intra-day shape error: deviation in the relative SOC trajectory
within each day due to imperfect RD representation;

• Cross-day accumulated drift: systematic accumulation of daily net
SOC errors due to approximating varying daily changes by a fixed
∆SOCd;

• Inventory level bias: persistent offset in absolute SOC levels, arising
when accumulated drift within an SLD is carried over as the starting
point of the next SLD.

Among these components, intra-day shape error mainly originates from
the replacement of heterogeneous natural-day SOC profiles by a limited num-
ber of representative-day templates. Even if the mapped representative day
captures the general operating regime, differences in the detailed charging
and discharging pattern within the day will remain. Cross-day accumulated
drift arises because the reduced model propagates storage states using a fixed
daily net SOC change for repeated occurrences of the same representative day,
whereas in the full model the daily net change may vary from day to day.
Inventory level bias is then formed when such drift accumulates within an
SLD block and is passed forward as the starting SOC of subsequent blocks.
Hence, the SOC reconstruction error in the reduced model is not merely a
numerical residual, but a direct consequence of the RD-SLD approximation
structure itself.
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For this reason, noticeable SOC discrepancies may remain even under
near-optimal cost solutions. Unlike aggregate cost indicators, SOC-based er-
rors remain sensitive to how natural days are approximated and how chronol-
ogy is propagated across SLD blocks.

To quantify these effects, define the pointwise SOC error:

et = SOCred
t − SOCfull

t (4.11)

The following six metrics are introduced to characterize the different com-
ponents of the SOC reconstruction error.

(1) Absolute MAE

MAEabs =
1

T

T∑
t=1

|et| (4.12)

Mathematical logic: Measures the average absolute deviation of the re-
constructed SOC trajectory.

Interpretation: Captures the total error, combining intra-day shape error,
accumulated drift, and inventory bias.

Function: Summary indicator of the aggregate SOC reconstruction gap.

(2) Increment MAE

MAEinc =
1

T − 1

T∑
t=2

∣∣∣∆SOCred
t −∆SOCfull

t

∣∣∣ (4.13)

with
∆SOCt = SOCt − SOCt−1 (4.14)

Equivalently,

∆SOCred
t −∆SOCfull

t = et − et−1 (4.15)

Mathematical logic: Measures discrepancies in temporal SOC transitions.
Interpretation: Captures dynamic mismatch in charging/discharging be-

havior.
Function: Diagnostic indicator of intra-day transition mismatch; insensi-

tive to constant inventory offsets.

(3) Day-shape MAE
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For each day d, define the relative SOC trajectory:

S̃OCd,t = SOCd,t − SOCd,0 (4.16)

MAEshape =
1

T

∑
d

∑
t

∣∣∣S̃OC
red

d,t − S̃OC
full

d,t

∣∣∣ (4.17)

Equivalently, using the pointwise SOC error et defined in (4.6),

MAEshape =
1

T

∑
d

∑
t

|et − e0| (4.18)

Mathematical logic: Removes daily starting level and compares intra-day
trajectories.

Interpretation: Pure measure of intra-day shape mismatch.
Function: Direct indicator of representative-day shape distortion and a

useful basis for identifying shape-critical days.

(4) Day-start bias

Biasday =
1

D

D∑
d=1

∣∣∣SOCred
d,0 − SOCfull

d,0

∣∣∣ (4.19)

Equivalently, using the pointwise SOC error et defined in (4.6),

Biasday =
1

D

D∑
d=1

|e0| (4.20)

Mathematical logic: Measures deviation at daily starting points.
Interpretation: Captures inventory level bias at day boundaries.
Function: Indicator of cross-day inconsistency and inventory misalign-

ment.

(5) Block bias
Let Bs denote the set of time steps within SLD block s:

ēs =
1

|Bs|
∑
t∈Bs

et (4.21)
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Biasblock =
1

S

S∑
s=1

|ēs| (4.22)

Mathematical logic: Measures the mean error over each SLD block.
Interpretation: Reflects persistent inventory offset resulting from accu-

mulated drift.
Function: Captures the propagation of drift into inventory bias across

SLD blocks.

(6) Drift ratio

Drift Ratio =
MAEabs

MAEinc

(4.23)

Mathematical logic: Compares total error magnitude to dynamic error
magnitude.

Interpretation:

• High value: error dominated by accumulated drift and inventory bias

• Low value: error dominated by intra-day dynamic mismatch

Function: Compact diagnostic indicator of the dominant error mecha-
nism.

Overall relationship
A single aggregate SOC error is insufficient because different reconstruc-

tion errors may have different operational meanings. For example, a con-
stant inventory offset may lead to a large absolute SOC error but small
transition error, while an intra-day charging-shape mismatch may lead to a
large increment error without persistent inventory bias. Therefore, the met-
rics are intentionally separated into total-error, transition-error, shape-error,
and bias-related indicators. This decomposition supports the diagnostic ob-
jective of the chapter: identifying how the RD-SLD approximation distorts
storage-state evolution rather than only measuring the size of the deviation.

• Intra-day shape error: MAEshape, MAEinc

• Cross-day accumulated drift: reflected by high Drift Ratio

• Inventory level bias: Biasday, Biasblock

• Total effect: MAEabs

57



4.6 Summary and insights

This chapter establishes the evaluation logic for reduced planning models
with storage by connecting cost-based performance, reconstructed SOC gaps,
TSA representation, and investment-decision quality. Cost-based metrics re-
main the primary criteria for judging whether a reduced model is economi-
cally competitive. In this chapter, operational estimation error and optimal-
ity gap are used to identify a competitive reduced planning result, with NRD
= 21 selected as the reference case for subsequent SOC-based diagnosis.

However, the analysis also shows that a reduced model with accept-
able cost performance may still exhibit substantial reconstructed SOC gaps.
For storage-embedded systems, this is important because reduced temporal
scope and chronology approximation can distort inter-period storage behav-
ior [11, 17]. Under the RD-SLD approximation, heterogeneous natural-day
storage behavior is replaced by repeated representative-day profiles and re-
constructed SLD sequences. Therefore, the SOC gap is not only a numerical
trajectory error, but also a inevitable consequence of TSA representation.

The main insight of this chapter is that the reconstructed SOC gap with
respect to time provides a diagnostic link between TSA and investment deci-
sions. SOC does not directly appear as a cost term in the objective function,
but it constrains storage charging, discharging, and available flexibility. As
a result, SOC misrepresentation may be partly compensated by dispatch ad-
justment under a fixed investment decision, but it can still influence how the
reduced model evaluates storage value, system stress, and investment needs.

For this reason, SOC-based metrics are introduced as a complementary
diagnostic layer rather than as replacements for cost-based metrics. Their
role is not to force the reduced-model SOC trajectory to exactly reproduce
the full-time trajectory. Instead, they decompose SOC reconstruction gaps
into interpretable mechanisms, including intra-day shape mismatch, cross-
day accumulated drift, and inventory-level bias. This makes the SOC gap
useful for identifying storage-relevant days, distorted representative-day pat-
terns, and chronology-sensitive SLD blocks.

Overall, this chapter shows that cost-based metrics answer whether a re-
duced planning result is economically competitive, while SOC-based diagnos-
tics explain how TSA affects storage-state representation and why this may
matter for investment decisions. This provides the basis for the mechanism-
oriented SOC analysis in the next chapter and for the later use of SOC-based
diagnostic signals in feedback-enhanced extreme-day selection.

58



Chapter 5

Diagnostic analysis of SOC
reconstruction errors

5.1 Overview of the diagnostic objective

Chapter 4 established that, under the RD-SLD approximation, noticeable
SOC reconstruction gaps may remain even when the reduced model is eco-
nomically competitive. These gaps are structurally unavoidable, but they
are not uniform in origin. A large SOC discrepancy may be associated with
intra-day shape mismatch, cross-day accumulated drift, or persistent inven-
tory bias. Accordingly, the purpose of this chapter is not to treat SOC error
as a single deviation measure, but to examine what it reveals about the mech-
anisms by which temporal reduction distorts storage-state reconstruction.

The analysis is carried out for the reference reduced model with NRD =
21, where the extreme-day setting is the original maximum-load day. This
case is economically competitive and therefore provides a suitable reference
for diagnostic analysis. The deep evaluation results are examined from sev-
eral complementary perspectives: storage-level comparison, grouped compar-
ison by storage type, temporal concentration of daily errors, identification of
diagnostically important days, and block-level persistent bias.

In the present case study, Buses 1, 4, and 5 correspond to daily-cycling
storage units, whereas Buses 3 and 7 correspond to long-duration storage
units. Since long-duration storage relies more strongly on inter-day energy
transfer, it is expected to be more sensitive to chronology reconstruction
and inventory propagation. By contrast, daily-cycling storage is expected to
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be more sensitive to representative-day selection and intra-day SOC shape
reconstruction. As shown below, the diagnostic results reveal different dom-
inant error mechanisms for these two storage categories.

5.2 Storage-level comparison of SOC recon-

struction errors

Figure 5.1 compares the three primary SOC-based indicators at the stor-
age level: absolute MAE, increment MAE, and day-shape MAE. Together,
these metrics distinguish between total SOC discrepancy, mismatch in local
SOC transitions, and intra-day shape distortion after removing daily starting
levels.

Figure 5.1: Storage-level comparison of absolute MAE, increment MAE, and
day-shape MAE.

The most prominent result in Fig. 5.1 is the behavior of Bus 3. It exhibits
by far the largest absolute MAE, while its increment MAE and day-shape
MAE remain very small. This indicates that the dominant discrepancy at
Bus 3 is not local intra-day mismatch, but persistent deviation in the re-
constructed inventory level. In other words, the reduced model reproduces
the local SOC movement of Bus 3 reasonably well, but does not preserve its
absolute storage level over time.

A different pattern is observed for the daily-cycling units, especially Bus 5.
Its absolute MAE is much smaller than that of Bus 3, but its increment

60



MAE and day-shape MAE are the largest among the daily storage units.
This identifies Bus 5 as the clearest shape-driven case, in which the main
discrepancy originates from inaccurate reconstruction of the intra-day SOC
pattern. Bus 4 shows the same qualitative behavior at lower magnitude,
while Bus 1 lies between the two extremes and can be interpreted as a mixed
case.

Bus 7 follows the same qualitative mechanism as Bus 3, but with a much
smaller overall error magnitude. Its absolute MAE is non-negligible, while
both increment MAE and day-shape MAE remain small. This suggests that
Bus 7 is also mainly affected by chronology-related drift rather than by intra-
day shape distortion, although much less severely than Bus 3.

To further examine inventory-level misalignment, Fig. 5.2 compares the
day-start bias and block bias of all storage units.

Figure 5.2: Storage-level comparison of day-start bias and block bias.

The bias indicators reinforce the interpretation above. Bus 3 again stands
out with the highest day-start bias and the highest block bias, confirming
that its discrepancy is not limited to isolated time points but develops as
a persistent inventory offset. For Buses 1, 4, and 5, day-start bias is still
visible, but block bias remains clearly lower than for Bus 3, indicating that
cross-day inconsistency exists but does not propagate into the same degree
of persistent drift. Bus 7 remains only mildly affected.

A compact summary is provided by the drift ratio in Fig. 5.3, where a
high ratio indicates that total error is much larger than local transition error
and is therefore dominated by accumulated drift and inventory bias.
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Figure 5.3: Drift ratio by storage unit.

Figure 5.3 shows a clear separation between storage units. Bus 3 is
strongly drift-dominated, Bus 7 is a weaker version of the same mechanism,
and Buses 4 and 5 are more shape-driven. Bus 1 again lies in between. Taken
together, Figs. 5.1–5.3 show that SOC reconstruction error is heterogeneous
across storage units and that the dominant mechanism differs systematically
across them.

5.3 Error mechanisms across storage technolo-

gies

The storage-level results can also be interpreted from the perspective of stor-
age type. In the present system, Buses 1, 4, and 5 represent daily-cycling
storage, whereas Buses 3 and 7 represent long-duration storage. Figure 5.4
compares the storage units in terms of increment MAE and absolute MAE,
while Figs. 5.5 and 5.6 compare the mean daily error patterns of the two
storage groups.

In Fig. 5.4, Bus 3 is clearly separated from all other units: it combines a
very small increment MAE with the largest absolute MAE, confirming that
its dominant mechanism is accumulated drift rather than local dynamic mis-
match. Bus 7 shows the same qualitative pattern at much lower severity.
This difference between the two long-duration storage units suggests that
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Figure 5.4: Error mechanism scatter by storage unit.

the same chronology-related error can be amplified or mitigated by local net-
work conditions. Bus 7 is located in a more strongly connected area, linked
to Buses 6, 8, and 9, with thermal generation at Bus 6 and a candidate
reinforcement on the 6–7 corridor. Such surrounding flexibility may absorb
part of the local energy-balance mismatch introduced by representative-day
reconstruction. By contrast, Bus 3 has fewer nearby compensation options,
so the mismatch is more likely to remain in the storage trajectory and ap-
pear as persistent inventory-level deviation. By contrast, Buses 4 and 5 are
positioned farther to the right, indicating stronger local mismatch in charg-
ing and discharging dynamics. Bus 5 is again the clearest shape-driven case,
while Bus 1 remains a mixed case.

The same distinction appears in the temporal aggregation of daily errors.
Figure 5.5 compares the mean daily absolute error of daily-cycling and long-
duration storage.

The long-duration storage group exhibits a higher and smoother abso-
lute SOC error profile over substantial parts of the year. This persistence is
consistent with chronology-related accumulation: once inventory deviation
begins, it is propagated over consecutive days. By contrast, the daily-cycling
group shows a more fragmented pattern with stronger day-to-day variation,
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Figure 5.5: Comparison of mean daily absolute SOC error between daily-
cycling and long-duration storage.

indicating higher sensitivity to specific operating days rather than to persis-
tent block-level propagation.

A complementary picture is provided by Fig. 5.6, which compares the
mean day-shape MAE of the two storage groups.

Figure 5.6: Comparison of mean daily day-shape error between daily-cycling
and long-duration storage.

Figure 5.6 shows the opposite contrast: daily-cycling storage exhibits
substantially larger day-shape error across most of the year, whereas long-
duration storage remains close to zero for most days. This indicates that, for
long-duration storage, the main issue is not the reconstruction of intra-day
shape, but the preservation of chronology and inventory level across days. For
daily-cycling storage, by contrast, the main issue lies in the representation
of intra-day charging and discharging patterns.
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Taken together, Figs. 5.4–5.6 show that TSA affects different storage
types in systematically different ways. Long-duration storage mainly exposes
chronology-related drift and inventory bias, whereas daily-cycling storage
mainly exposes intra-day shape mismatch.

5.4 Temporal distribution of daily SOC er-

rors

The storage-level and technology-level comparisons indicate that SOC recon-
struction errors are not homogeneous across time. To examine their temporal
concentration, Fig. 5.7 shows the daily absolute SOC error for each storage
unit, while Fig. 5.8 shows the corresponding day-shape error.

Figure 5.7: Daily absolute SOC error heatmap across storage units.

Figure 5.7 shows that absolute SOC error is concentrated in specific pe-
riods rather than distributed uniformly over the year. Bus 3 exhibits the
clearest persistent high-error regime, especially in the later part of the year,
which is consistent with the drift-dominated interpretation established above.
Bus 7 shows a similar but much weaker structure. In contrast, Buses 1,
4, and 5 display more fragmented patterns with shorter and more localized
peaks, indicating that the discrepancy of daily-cycling storage is more closely
tied to particular operating days than to continuous inventory accumulation.

Figure 5.8 reveals a different structure. The most striking contrast is
again Bus 3: although it exhibits the largest absolute error, its day-shape
error remains small for most days. This confirms that its main discrepancy
is not failure to reproduce the relative intra-day SOC profile, but drift in
the absolute inventory level. Bus 7 shows the same pattern at lower magni-
tude. By contrast, Bus 5 exhibits frequent and pronounced day-shape errors
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Figure 5.8: Daily day-shape SOC error heatmap across storage units.

throughout the year, while Buses 1 and 4 show the same qualitative behavior
more moderately. Comparing the two heatmaps therefore makes the diag-
nostic distinction clear: some periods are dominated by shape-related error,
while others are dominated by drift and inventory-level bias.

5.5 Identification of diagnostically important

days

The heatmaps above show that SOC reconstruction error is temporally con-
centrated. To identify the most informative periods more explicitly, the daily
results are ranked from two complementary perspectives: overall SOC-critical
days, identified by aggregated absolute MAE across all storage units, and
shape-critical days, identified by aggregated day-shape MAE.

Figure 5.9 shows that Days 17 and 44 are the most severe shape-critical
days, followed by Days 344, 18, and 9. These days are particularly informa-
tive for diagnosing deviations in intra-day SOC pattern reconstruction and
are therefore especially relevant to daily-cycling storage.

A different ranking emerges in Fig. 5.10, where Days 235, 117, and 236
are the most critical from the perspective of total SOC discrepancy, followed
by Days 18, 214, and 292. Compared with the shape-based ranking, the
composition changes substantially. This confirms that the days that domi-
nate total SOC mismatch are not identical to those that dominate intra-day
shape mismatch.

An important exception is Day 18, which appears in both rankings. This
makes it a particularly informative diagnostic day, since it is simultaneously
challenging from the perspectives of both total SOC fidelity and intra-day
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Figure 5.9: Top 10 critical days ranked by aggregated day-shape error.

Figure 5.10: Top 10 critical days ranked by aggregated absolute SOC error.
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shape reconstruction.
The comparison between Figs. 5.9 and 5.10 therefore leads to an im-

portant diagnostic observation: important days should not be identified us-
ing a single criterion only. Shape-critical days are more closely related to
representative-day pattern mismatch, whereas overall SOC-critical days are
more closely related to sustained drift and inventory deviation. For this rea-
son, these two categories are kept distinct in the subsequent interpretation.
They should be understood as candidate signals for storage-aware sensitivity
analysis and refinement, rather than as a one-step correction rule.

5.6 Identification of chronology-sensitive SLD

blocks

The daily perspective is still incomplete for storage units dominated by ac-
cumulated drift. If chronology reconstruction deviates over consecutive days,
the resulting discrepancy should also appear at the SLD block level. To ex-
amine this mechanism more directly, Fig. 5.11 ranks the ten SLD blocks with
the largest aggregated block bias across all storage units.

Figure 5.11: Top 10 worst SLD blocks ranked by aggregated persistent SOC
bias.

Figure 5.11 shows that persistent block-level bias is also highly concen-
trated. A limited number of SLD blocks account for the strongest inventory
deviation, with Blocks 201 and 102 showing the largest aggregated bias, fol-
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lowed by Blocks 16, 47, and 235. This indicates that chronology-related
SOC error is not uniformly distributed across all SLDs, but is concentrated
in specific chronology segments.

This block-level ranking is consistent with the earlier observations. In
particular, the prominence of high-bias blocks supports the conclusion that
part of the discrepancy, especially for long-duration storage, is driven by
persistent drift rather than by isolated day-shape mismatch. It also helps
explain why some of the overall SOC-critical days identified earlier appear
near top-ranked blocks, such as Days 235 and 236 near Block 201: these
critical days can in some cases be interpreted as visible manifestations of
deeper block-level propagation problems.

The block-level results should therefore be read as a chronology-sensitive
diagnostic layer that complements the daily rankings. They are not intended
to replace critical-day identification, but to reveal propagation structures
that cannot be inferred from day-wise rankings alone.

5.7 Discussion on diagnostic findings

This chapter has examined the SOC reconstruction error of the reference
reduced model at NRD = 21 from multiple diagnostic perspectives. The
results show that the observed SOC gap is not a uniform discrepancy, but
a combination of distinct mechanisms distributed across storage units, days,
and chronology blocks.

At the storage level, Bus 3 is the clearest drift-dominated case: it exhibits
the largest absolute SOC error while maintaining very small increment and
day-shape MAE, together with the highest day-start bias, block bias, and
drift ratio. Bus 7 shows the same qualitative mechanism at much lower mag-
nitude. This combination of low local-transition error and high inventory-
level error reflects the slow-moving nature of long-duration storage. Incre-
ment MAE measures the change in the SOC error between adjacent time
steps, rather than the accumulated SOC offset itself. For daily-cycling stor-
age, frequent intra-day charging and discharging may generate errors with
alternating signs, so local overestimation and underestimation can partly
cancel within or across daily cycles. Long-duration storage, however, is gov-
erned by slower inter-day inventory trends. Once the reduced model assigns
an incorrect long-term SOC level, the error SOCred − SOCfull may remain
sign-consistent over extended periods, producing persistent inventory bias
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even when local transition errors remain small. In contrast, Bus 5 is the
clearest shape-driven case, with the largest increment MAE and day-shape
MAE among the daily-cycling units. Bus 1 remains a mixed case.

When aggregated by storage type, a systematic distinction emerges. Long-
duration storage mainly exposes chronology-related distortion, including cross-
day drift and inventory bias, whereas daily-cycling storage mainly exposes
intra-day representative-day mismatch. This confirms that TSA affects dif-
ferent storage technologies through different dominant mechanisms.

The temporal analysis further shows that SOC errors are concentrated
rather than uniformly distributed over the year. Based on this concentration,
two complementary categories of diagnostically important days are identified:
shape-critical days, such as Days 17, 44, and 344, and overall SOC-critical
days, such as Days 235, 117, and 236. Day 18 is particularly informative
because it appears in both rankings. In addition, the block-level diagnosis
shows that persistent inventory bias is also concentrated in a limited number
of SLD blocks, especially Blocks 201 and 102, indicating that part of the dis-
crepancy is propagated through chronology segments rather than generated
only as isolated daily events.

The main insight of this chapter is therefore that SOC-based diagnostics
are valuable not because they produce another aggregate performance score,
but because they reveal how temporal reduction affects different storage types
through different mechanisms. More specifically, the results support distin-
guishing between shape-critical days and chronology-sensitive periods, rather
than expecting a single undifferentiated list of extreme days to capture the
full structure of SOC reconstruction error. In this way, the chapter provides
a diagnostic basis for the feedback discussion in the next chapter.
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Chapter 6

Feedback discussion based on
SOC diagnostics

6.1 Motivation for feedback

Chapter 5 showed that the SOC reconstruction gap in the reduced model is
not a uniform error, but a structured combination of different mechanisms.
In particular, the diagnostics distinguished between periods associated with
intra-day shape mismatch and periods associated with chronology-related
drift and inventory bias. This suggests that the conventional extreme-day
setting based only on the maximum-load day may overlook storage-relevant
periods that are important for the representation of SOC trajectories.

The idea of using diagnostic information as feedback is consistent with the
model-aware direction in TSA research. Traditional representative-period se-
lection is often based on input-profile similarity, but this does not necessarily
identify the periods that are most important for planning outcomes. Re-
cent representative-day selection studies therefore distinguish between input-
based and cost-based perspectives, where the quality of selected periods is
evaluated by their effect on the optimization model rather than only by clus-
tering distance [31]. Similarly, feedback-enhanced TSA methods use model-
output errors to identify poorly represented periods and update the aggre-
gation procedure [20]. These studies motivate the use of post-solution diag-
nostic information as a feedback signal for improving representative-period
selection.

Based on this observation, a first feedback attempt is considered in this
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chapter. The purpose is not to directly optimize SOC error within the plan-
ning model, since the reduced model still minimizes total cost rather than
SOC discrepancy. Instead, the SOC diagnostics are used to modify the
extreme-day setting in the TSA procedure, in order to test whether diag-
nostically important days can improve the reduced-model planning outcome.

6.2 Positioning of extreme-day selection meth-

ods

Extreme-day selection methods in representative-period-based planning can
be broadly understood from three perspectives: input-defined stress condi-
tions, cost- or model-output-defined critical periods, and storage- or chronology-
aware temporal aggregation. These perspectives provide different ways to
identify days that should be preserved in the reduced temporal representa-
tion.

The first perspective is input-defined extreme-day selection. In this type
of method, extreme days are selected directly from the original time-series
inputs before the planning model is solved. The most conventional exam-
ple is the peak-load day, which represents the maximum demand condition
and is often used as an adequacy-related stress day. In systems with high
renewable penetration, however, peak load alone may not represent the most
stressful operating condition, because system stress also depends on renew-
able availability. Therefore, high net-load days and low net-load days have
been proposed to capture the combined effect of demand and renewable gen-
eration [32]. Low-renewable days can also be used to represent renewable
scarcity, while high-ramping or high-variability days are relevant when the
main concern is short-term flexibility and reserve requirement. These input-
defined methods are intuitive and easy to implement, but they are selected
independently of the optimization results. As a result, they may identify
physically extreme days without necessarily identifying the days that are
most important for the final investment decision.

The second perspective is cost- or model-output-defined extreme-day se-
lection. In this type of method, critical days are identified according to
the behavior of the planning model or the error observed in model evalua-
tion. For example, Li et al. distinguish between input-based and cost-based
representative-day selection and use indicators such as load-shedding cost
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and highest operating cost to identify extreme days under difficult operating
conditions [31]. Compared with input-defined rules, cost-based rules are more
directly connected to the expansion-planning objective, because they iden-
tify periods that have a large economic impact on the planning result. More
generally, a posteriori time-series aggregation methods use model outputs
after solving the optimization problem to refine the temporal representation.
Hilbers et al. propose an a posteriori aggregation approach that incorpo-
rates operational variables and chronology information into the aggregation
process, including information related to generation, transmission, and stor-
age operation [38]. Teichgraeber et al. further show that extreme periods
can be included in time-series aggregation and that iterative inclusion of
such periods can improve the reliability of energy system designs under rare
but important operating conditions [41], [42]. These studies indicate that
extreme-day selection can be guided not only by input profiles, but also by
the consequences of temporal aggregation in the optimization model.

The third perspective is storage- and chronology-aware aggregation. Stor-
age systems introduce inter-temporal coupling because charging and dis-
charging decisions are linked through the state of charge. Therefore, storage-
aware temporal aggregation must consider not only individual representative
days, but also the chronological relationship between periods. Chronologi-
cal time-period clustering preserves temporal order and is therefore relevant
for capacity expansion planning with storage [3]. Hybrid representative-day
approaches further combine representative-day clustering, explicit extreme-
value preservation, and sequentially linked days to represent both extreme
conditions and part of the inter-day chronology [17]. These methods are es-
pecially important for long-duration storage, because storage stress may arise
from consecutive low-renewable periods, repeated net-load stress, or accumu-
lated multi-day energy imbalance rather than from a single peak-load day.

However, although the literature has considered input-defined extremes,
cost-based critical days, and storage-aware chronology reconstruction, storage-
related reconstruction error is still less frequently used as the direct criterion
for selecting extreme days. Existing storage-aware aggregation methods usu-
ally focus on preserving chronology, maintaining storage feasibility, or im-
proving temporal representation for storage operation. They do not com-
monly select extreme days according to explicit SOC reconstruction errors,
such as absolute SOC deviation, intra-day SOC shape mismatch, cross-day
accumulated drift, or inventory-level bias. This leaves a gap for storage-
embedded planning models: a day may be important not because it has the

73



highest load, lowest renewable output, largest net load, or highest operat-
ing cost, but because it reveals a severe distortion in the reconstructed SOC
trajectory.

This chapter therefore positions SOC-informed extreme-day selection as
a complementary extension of RD-SLD methodology. It does not replace
peak-load, net-load, low-renewable, ramping-based, or cost-based extreme-
day rules. Instead, it adds a solution-dependent storage-state diagnostic
perspective. After economically competitive reduced models are identified,
SOC-based metrics are used to locate natural days or SLD blocks where the
representative-day reconstruction poorly captures storage behavior. These
SOC-critical days are then preserved as extreme days and evaluated through
their impact on full-time total cost and investment decisions. In this sense,
the proposed feedback does not aim to minimize SOC error directly. Rather,
it examines whether storage-related diagnostic information can provide useful
guidance for extreme-day selection in cost-oriented planning models with
storage.

6.3 Modified extreme-day setting

Based on the positioning in Section 6.2, this section constructs the modified
extreme-day settings used for the feedback experiment. The purpose is not
to search for a globally optimal extreme-day list, but to test whether storage-
related diagnostic signals from Chapter 5 can provide useful candidates for
representative-day preservation.

The baseline setting follows the conventional maximum-load-day rule. In
the present case study, the preserved peak-load extreme day is natural day
21, so the baseline extreme-day set is

Epeak = {21}.

This setting provides the reference case for comparing whether SOC-informed
days can improve the planning outcome beyond a conventional load-based
extreme-day rule.

The SOC-informed settings are constructed from the diagnostic rankings
obtained in Chapter 5. Two types of SOC signals are used. The first is the
intra-day day-shape error, which reflects whether the storage pattern within
a natural day is poorly represented by its mapped representative day. The
second is the aggregated absolute SOC discrepancy, which identifies days
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where the reconstructed SOC trajectory differs most strongly from the full-
time reference trajectory.

A first modified setting is designed as a hybrid compromise between these
two diagnostic signals. It contains:

• Days 17 and 44, which are the two most severe days ranked by intra-day
shape error;

• Day 235, which is the day with the largest aggregated absolute SOC
discrepancy;

• Day 18, which appears in both the shape-critical and overall SOC-
critical rankings.

The resulting hybrid SOC-informed extreme-day set is

Ehybrid = {17, 44, 235, 18}.

The rationale is that Days 17 and 44 represent the strongest signals of
representative-day shape distortion, Day 235 represents the strongest sig-
nal of overall SOC discrepancy, and Day 18 is retained because it is jointly
identified by both rankings. Therefore, the hybrid set is interpreted as a
compromise between shape-oriented and overall-SOC-oriented diagnostics.

To avoid evaluating only one ad hoc SOC-informed list, two additional
settings are constructed. The first uses the four most critical days ranked by
intra-day day-shape error:

Eshape = {17, 44, 344, 18}.

The second uses the four most critical days ranked by aggregated absolute
SOC discrepancy:

EABS = {235, 117, 236, 18}.

In summary, the following four extreme-day settings are compared:

Epeak = {21},

Eshape = {17, 44, 344, 18},

EABS = {235, 117, 236, 18},

Ehybrid = {17, 44, 235, 18}.
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All three SOC-informed settings are tested over the NRD range from 20
to 50 and compared with the peak-load baseline. The evaluation focuses on
planned total cost after full-time re-evaluation, rather than on whether the
SOC error itself is monotonically reduced. This is consistent with the cost-
oriented role of the planning model: SOC diagnostics are used as feedback
signals for selecting candidate extreme days, while the effectiveness of each
setting is judged by the resulting full-time cost and investment decision.

Changing the extreme-day set explicitly modifies the TSA configuration,
because preserved days are imposed during the representative-day selection
process rather than added only after clustering. In the hierarchical clustering
procedure, a preserved extreme day is not averaged out when its cluster is
merged; instead, it remains as the representative profile of the merged cluster.
As a result, different extreme-day settings can change the final representative-
day profiles, the assignment of natural days to representative days, and the
resulting SLD structure. Since the SLD formulation uses this assignment to
reconstruct inter-day SOC propagation, the choice of preserved days affects
both the intra-day profiles and the inter-day storage chronology represented
by the reduced model. This forms the direct link between extreme-day selec-
tion, system-stress representation, storage-value estimation, and the resulting
investment decisions.

6.4 Comparison of planned total cost under

different SOC-informed extreme-day lists

Although the feedback signal is derived from SOC diagnostics, the effective-
ness of each modified extreme-day setting is evaluated primarily through the
planning objective. This follows the model-based evaluation principle that
representative-period selection should ultimately be assessed by its impact
on optimization outcomes [6, 31, 20]. Therefore, the SOC-informed lists are
not compared only by whether they reduce SOC error, but by whether the
resulting investment decisions perform well when evaluated under the full
chronological model.

To move beyond a single modified setting, this section compares the
planned total cost obtained under three SOC-informed extreme-day lists over
the NRD range from 20 to 50. According to Section 6.2, the three lists are
defined as follows:
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• ABS:
{235, 117, 236, 18},

corresponding to the top four overall SOC-critical days;

• Dayshape:
{17, 44, 344, 18},

corresponding to the top four shape-critical days;

• Hybrid extreme-day set:

{17, 44, 235, 18},

combining the two strongest shape-critical days, the strongest overall
SOC-critical day, and the overlapping diagnostic day.

Figure 6.1 compares these three SOC-informed settings directly.

Figure 6.1: Comparison of planned total cost under the ABS, Dayshape, and
hybrid extreme-day settings from NRD 20 to 50.

As shown in Fig. 6.1, the Dayshape and hybrid extreme-day settings
produce very similar cost levels over most of the investigated NRD range,
while the ABS-based setting remains clearly higher. This indicates that the
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planning impact of the hybrid set is, to a large extent, dominated by its day-
shape component. In other words, preserving the most severe shape-critical
days appears to be more effective than preserving the top-ranked overall
SOC-critical days when the objective is to improve the economic outcome of
the reduced model.

At the same time, the two best-performing settings are not identical. The
best result obtained with the Dayshape setting is a total cost of

2,367,832,153

at NRD = 30, whereas the hybrid extreme-day set reaches a lower best value
of

2,367,455,161

at NRD = 20. Therefore, although the overall behavior of Dayshape and
Hybrid is similar, the hybrid extreme-day set still provides the best total
cost among the tested SOC-informed settings.

For a broader perspective, Fig. 6.2 further compares all five cases con-
sidered in this chapter: no extreme day, the conventional peak-load extreme
day, and the three SOC-informed lists.

Figure 6.2: Comparison of planned total cost under five extreme-day settings
from NRD 20 to 50.

Figure 6.2 provides a more intuitive comparison of the role of extreme-
day selection. The no-extreme case gives the worst overall performance, while
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preserving only the conventional peak-load day improves the result substan-
tially. However, the best cost levels are obtained by the Dayshape and hybrid
extreme-day settings, which outperform both the no-extreme case and the
conventional load-extreme setting over most of the relevant range. By con-
trast, the ABS-based setting does not achieve the same level of improvement.

These results suggest that, for the present test system, shape-oriented
SOC diagnostics are more effective than absolute-SOC rankings in identifying
economically useful extreme days. At the same time, the slight advantage of
the hybrid set indicates that including one strong overall-SOC signal can still
be beneficial when combined with the dominant day-shape information. The
implication is not that one universally optimal diagnostic rule has been found,
but that different SOC-based rankings perturb the TSA process in different
ways, and that the day-shape signal appears to be the most influential among
them in the current case.

For this reason, the next section focuses on the two best-performing set-
tings, namely the Dayshape and hybrid extreme-day sets. The purpose is to
examine whether their similar total costs arise merely from close objective
values, or whether they also correspond to similar investment structures. In
addition, the comparison with the conventional peak-load extreme-day set-
ting provides a basis for explaining how different preserved days lead to dif-
ferent investment decisions and what mechanisms inside the TSA procedure
may be responsible for these differences.

6.5 Interpretation of the investment decisions

under different extreme-day settings

6.5.1 Limitations of absolute-SOC critical days as extreme-
day candidates

The comparison between the ABS, Dayshape, and Hybrid settings shows
that not every SOC diagnostic indicator is equally suitable as an extreme-
day selection rule. In model-aware TSA, feedback should identify periods
whose preservation can improve the representative-period structure and the
resulting optimization outcome, rather than only periods where the reduced
trajectory visibly deviates from the benchmark [31, 20]. For storage systems,
this distinction is important because storage representation is sensitive to
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inter-period chronology and long-duration energy shifting [5, 11]. Consistent
with this storage-aware interpretation, the diagnostic results in this thesis
show that a large absolute SOC error may reflect accumulated inter-period
drift or inherited inventory bias rather than a poor intra-day representative-
day match.

In the present case, the ABS-based extreme-day setting does not improve
the planning outcome and performs worse than the conventional peak-load
extreme-day rule. This suggests that aggregated absolute SOC error is not
well suited as a direct criterion for preserved extreme days. The main rea-
son is that absolute SOC error combines multiple components of reconstruc-
tion discrepancy, including intra-day shape mismatch, cross-day accumulated
drift, and inventory-level bias. Therefore, a day with large absolute SOC er-
ror is not necessarily a day whose daily storage pattern is poorly represented
by its mapped representative day. It may simply be the point where accu-
mulated drift or inherited inventory bias becomes most visible.

This matters because extreme-day preservation in the present framework
acts mainly through representative-day selection and natural-day mapping.
Preserving a day is most useful when its intra-day pattern would otherwise be
distorted or averaged out by clustering. If a day is selected only because its
absolute SOC level differs strongly from the full-model trajectory, preserving
it may not correct the underlying representative-day mismatch.

By contrast, the day-shape error is more closely aligned with the level
at which clustering acts. Since it removes the daily starting SOC level, it
filters out much of the inventory-level bias and focuses on the intra-day SOC
pattern. Days ranked by day-shape error therefore provide a cleaner signal of
representative-day distortion. This explains why the Dayshape and Hybrid
settings perform better than the ABS setting in Section 6.3.

Therefore, absolute SOC error is treated in this thesis mainly as a diag-
nostic indicator of where the reconstructed trajectory differs most strongly
from the full model. For extreme-day design, metrics that are more directly
linked to representative-day distortion, especially the day-shape error, pro-
vide more effective guidance.
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6.5.2 Comparison of investment decisions under the
Dayshape and Hybrid settings

To further interpret the cost results in Section 6.4, the two best-performing
SOC-informed settings are compared at the level of investment decisions.
The purpose of this comparison is to determine whether the similar total
costs obtained under the Dayshape and Hybrid settings arise merely from
close objective values, or whether they also correspond to similar expansion
structures.

Table 6.1: Comparison of the best investment decisions obtained from the
Dayshape and Hybrid SOC-extreme settings.

Category Dayshape best solution Hybrid SOC-extreme
best solution

Best NRD 30 20
Investment cost 766,897,250 779,530,882
Full-model opera-
tion cost

1,600,934,903 1,587,924,278

Full-evaluated to-
tal cost

2,367,832,153 2,367,455,161

Transmission ex-
pansion

Line 36 (Bus 6–7)
Line 37 (Bus 13–15)

Line 36 (Bus 6–7)
Line 37 (Bus 13–15)

Wind investment Bus 4: 400
Bus 5: 266.46
Bus 13: 78.06
Bus 18: 400
Bus 22: 396.36

Bus 4: 400
Bus 5: 276.71
Bus 13: 95.49
Bus 18: 400
Bus 22: 400

ESS investment Bus 1: 1.03
Bus 3: 5
Bus 4: 80
Bus 5: 80
Bus 7: 8

Bus 1: 3.19
Bus 3: 5
Bus 4: 80
Bus 5: 80
Bus 7: 8

Table 6.1 shows that the two solutions are highly similar in their overall
expansion structure. Both settings produce the same transmission-expansion
backbone, namely Lines 36 and 37, and both adopt the same main ESS
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configuration at Buses 3, 4, 5, and 7. The only storage difference appears at
Bus 1, where the Hybrid solution installs a slightly larger ESS capacity than
the Dayshape solution.

The main distinction between the two solutions lies in wind investment.
Compared with the Dayshape solution, the Hybrid solution allocates slightly
more capacity to Buses 5 and 13 and fully utilizes the candidate wind capacity
at Bus 22. These differences are modest in magnitude and do not alter the
basic expansion pattern. Instead, they indicate that the Hybrid setting acts
mainly as a refinement of the wind-allocation structure already identified by
the Dayshape setting.

This interpretation is also consistent with the cost decomposition. The
Hybrid solution has a somewhat higher investment cost than the Dayshape
solution, but it achieves a lower full-model operation cost. As a result, the
Hybrid setting yields the best full-evaluated total cost among the tested
SOC-informed settings. This means that the advantage of the Hybrid setting
does not come from a fundamentally different expansion strategy, but from
a limited adjustment of investment details that produces a more favorable
operational outcome under full chronological evaluation.

From the perspective of feedback design, this comparison suggests that
the Dayshape signal already captures the dominant planning-relevant infor-
mation contained in the SOC diagnostics. The Hybrid setting, which com-
bines the strongest day-shape signals with one strong overall-SOC signal and
one overlapping day, does not overturn the planning logic of the Dayshape-
based solution. Rather, it provides a small additional refinement on top of a
Dayshape-dominated expansion structure.

Therefore, the similarity between the two solutions is itself an important
result. It indicates that the low total cost obtained by the Dayshape and Hy-
brid settings is not caused by two entirely different decision patterns reaching
similar objective values by coincidence. Instead, the two settings converge
to closely related investment structures, with the Hybrid solution providing
a slightly more effective fine-tuning of the final wind and storage allocation.

6.5.3 Comparison with the conventional peak-load extreme-
day setting

The comparison with the peak-load rule should be interpreted in light of
the role of input-defined extremes. Preserving a peak-load day can improve
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adequacy representation, but it may also emphasize one type of system stress
more strongly than other storage-relevant conditions. Prior work on extreme-
period preservation shows that different extreme definitions, such as load
peaks, renewable scarcity, and net-load peaks, can affect planning outcomes
in different ways [10, 32]. Therefore, the peak-load setting is not necessarily
inferior in general, but in the present case it produces a more conservative
expansion pattern than the SOC-informed settings.

The comparison above shows that the Dayshape and Hybrid settings con-
verge to highly similar investment structures. A further question is how these
SOC-informed solutions differ from the conventional peak-load extreme-day
rule. To address this point, Table 6.2 compares the best Dayshape and Hy-
brid solutions with a representative best solution obtained under the peak-
load extreme-day setting.

Table 6.2: Comparison of investment decisions under the Dayshape, Hybrid,
and peak-load extreme-day settings.

Category Dayshape best Hybrid SOC-
extreme best

Peak-load extreme
best

Investment cost 766,897,250 779,530,882 873,125,346
Full-model oper-
ation cost

1,600,934,903 1,587,924,278 1,499,101,185

Full-evaluated
total cost

2,367,832,153 2,367,455,160 2,372,226,531

Transmission ex-
pansion

Line 36 (Bus 6–7)
Line 37 (Bus 13–15)

Line 36 (Bus 6–7)
Line 37 (Bus 13–15)

Line 36 (Bus 6–7)
Line 37 (Bus 13–15)

Wind invest-
ment

Bus 4: 400
Bus 5: 266.46
Bus 13: 78.06
Bus 18: 400
Bus 22: 396.36

Bus 4: 400
Bus 5: 276.71
Bus 13: 95.49
Bus 18: 400
Bus 22: 400

Bus 4: 400
Bus 5: 375.44
Bus 13: 228.02
Bus 18: 400
Bus 22: 400

ESS investment Bus 1: 1.03
Bus 3: 5
Bus 4: 80
Bus 5: 80
Bus 7: 8

Bus 1: 3.19
Bus 3: 5
Bus 4: 80
Bus 5: 80
Bus 7: 8

Bus 1: 25
Bus 3: 5
Bus 4: 80
Bus 5: 80
Bus 7: 8
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Table 6.2 shows that the three extreme-day settings lead to the same
transmission-expansion backbone, namely Lines 36 and 37. This suggests
that, in this case study, the main network reinforcement requirement is rel-
atively robust to the choice of extreme-day setting. The difference between
the settings therefore does not mainly lie in the selected transmission topol-
ogy, but in how the reduced model evaluates the need for wind and storage
flexibility.

The peak-load extreme-day setting results in substantially larger wind
capacities at Buses 5 and 13 and a much larger ESS investment at Bus 1. This
can be interpreted as the effect of a stress-oriented temporal representation.
Since the preserved extreme day is the maximum-load day, the reduced model
gives explicit priority to a high-demand operating condition. This does not
mean that the peak-load day is irrelevant; rather, it means that this setting
emphasizes one particular type of system stress. Under this representation,
additional wind and storage capacity become valuable as a hedge against
the preserved high-load condition. As a result, the peak-load case produces
a more conservative investment structure, with higher investment cost but
lower full-time operational cost.

The SOC-informed settings modify this investment signal. Their pre-
served days are selected from storage-related diagnostic results instead of
only from the maximum-load condition. In particular, the Dayshape setting
preserves natural days whose intra-day SOC trajectories are poorly repre-
sented by the current representative-day set. These days are not necessarily
conventional extreme days in terms of load or renewable availability. Their
importance is that they reveal where the reduced model fails to capture
storage-relevant daily charging and discharging patterns. Since represen-
tative days directly determine intra-day operating profiles, preserving such
days can improve the reduced model’s representation of storage operation in
a way that is more directly connected to the representative-day mechanism.

This explains why the Dayshape and Hybrid settings lead to more re-
strained wind and ESS investment. They do not simply reduce investment
arbitrarily. Instead, they reduce the dominance of the peak-load stress sig-
nal and replace it with a more storage-relevant representation of temporal
mismatch. The reduced model therefore no longer interprets flexibility value
mainly through the maximum-load day, but through days that expose weak-
nesses in the storage-operation representation. This produces lower wind
expansion at Buses 5 and 13 and much smaller ESS capacity at Bus 1, while
still maintaining good full-time operational performance.
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The Hybrid solution can be understood as a compromise between the
storage-shape signal and the broader SOC-error signal. It does not change
the transmission backbone and remains close to the Dayshape solution in its
overall investment structure. However, it introduces a limited adjustment in
wind allocation compared with the pure Dayshape setting. This indicates
that, in this case, most of the improvement already comes from correcting
the intra-day storage-shape representation, while the additional SOC-error
information in the Hybrid setting provides only a secondary refinement.

Therefore, the investment differences in Table 6.2 should not be inter-
preted only as numerical differences between three tested cases. They reflect
how different extreme-day rules change the temporal signal seen by the re-
duced planning model. The peak-load setting emphasizes a demand-stress
condition and therefore encourages a more conservative expansion strategy.
The Dayshape and Hybrid settings emphasize storage-relevant representa-
tion errors and therefore provide a more targeted flexibility signal. This
mechanism helps explain why the SOC-informed settings can achieve lower
total cost without requiring a fundamentally different transmission-expansion
pattern.

6.6 Summary and discussion

This chapter examined how SOC-based diagnostic information can be incor-
porated into the TSA process through modified extreme-day settings. The
purpose was not to treat SOC-informed days as a guaranteed correction rule,
but to test whether storage-related diagnostic signals can provide useful feed-
back for representative-day selection and improve the planning outcome of
the reduced model.

The results are consistent with the broader movement from purely input-
based TSA toward model-aware and feedback-based aggregation. Previous
studies have shown that representative periods should be evaluated according
to their effect on planning outcomes, and that extreme-period selection can
materially change investment and operational decisions [32, 20]. This chapter
extends this idea to storage-aware diagnostics by using SOC reconstruction
errors to identify periods where the reduced representation poorly captures
storage operation.

The main interpretation from the comparison is that different extreme-
day settings change how the reduced model represents two planning-relevant
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signals: system stress and storage value. System stress is mainly related to
high demand or scarcity conditions, and is therefore naturally emphasized
by the conventional peak-load extreme-day rule. Storage value, however,
depends on whether the model correctly represents when and where storage
can charge and discharge to shift energy from surplus periods or locations to
scarcity periods or locations. Therefore, changing the preserved extreme days
can change not only the represented stress condition, but also the model’s
interpretation of how useful storage is for balancing the system.

This mechanism helps explain the difference between the peak-load and
SOC-informed settings. The peak-load setting emphasizes a demand-stress
condition and therefore leads to a more conservative expansion pattern, with
larger wind and storage investment in the tested case. By contrast, the
Dayshape setting identifies natural days whose intra-day SOC trajectories
are poorly represented by the current representative-day structure. These
days are not necessarily extreme in terms of load demand, but they reveal
that the reduced model does not reproduce important daily charging and
discharging patterns. Since representative days directly determine intra-day
operating profiles, preserving these days provides a more direct correction to
the storage-value signal seen by the reduced model.

The performance difference between the SOC-informed settings also shows
that not all SOC-based rankings are equally useful for extreme-day selection.
The ABS-based setting is less effective because a large absolute SOC dis-
crepancy may combine intra-day shape mismatch, accumulated drift, and
inventory-level bias. Therefore, the day with the largest absolute SOC error
is not always the day whose own profile should be preserved as a represen-
tative day. In contrast, the day-shape metric is more closely aligned with
the representative-day mechanism because it focuses on whether the daily
storage-operation pattern itself is poorly represented.

The Dayshape and Hybrid results suggest that, in this case study, cor-
recting intra-day storage-shape representation is the main useful feedback
mechanism. The Hybrid setting provides a small additional improvement
by combining the day-shape signal with broader SOC-error information, but
its investment structure remains close to the Dayshape solution. This indi-
cates that most of the planning-relevant SOC feedback in this case is already
captured by the intra-day shape mismatch signal.

These findings should be interpreted as conditional rather than univer-
sal. If a system is mainly affected by short-duration or daily-cycling storage
behavior, intra-day shape mismatch is likely to be an informative feedback
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signal because it directly reflects charging and discharging patterns within
representative days. If long-duration storage or multi-day energy shifting
becomes more dominant, then feedback signals based on consecutive-day
blocks, accumulated drift, or inventory-level bias may become more relevant.
Therefore, the general lesson is not that one specific SOC-informed rule is
always superior, but that extreme-day selection should be matched with the
storage mechanism that most strongly affects planning outcomes.

Taken together, the results show that SOC-based diagnostics are useful
for feedback enhancement not because they directly minimize aggregate SOC
error, but because they help identify storage-relevant temporal representa-
tion errors. In the present case, day-shape-oriented diagnostics improve the
reduced model by giving a more targeted representation of storage value,
while avoiding the over-conservative stress signal produced by the peak-load
rule. More generally, the proposed approach supports a mechanism-aware
form of extreme-day selection, where preserved days are chosen according
to the temporal errors that most affect storage operation and investment
decisions.
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Chapter 7

Conclusion, Reflection, and
Future Work

This thesis investigates how SOC-based diagnostic information can be used
to interpret storage-state representation errors and guide feedback-enhanced
extreme-day selection in representative-day-based power system expansion
planning. Existing time-series aggregation methods can reduce computa-
tional complexity, preserve selected extreme periods, and reconstruct part
of the chronology through representative days and sequentially linked days.
However, in storage-embedded planning models, extreme-day selection is still
usually driven by input-side stress indicators, such as peak load, high net
load, or renewable scarcity, or by general model-output indicators. Storage-
state representation itself is less frequently used as a feedback signal for
selecting extreme days. This thesis therefore focuses on whether SOC diag-
nostics can reveal storage-related temporal representation errors and provide
useful guidance for modifying the TSA setting.

The first research question concerns how reduced planning results can be
positioned as the basis for storage-aware SOC reconstruction analysis. Chap-
ter 4 establishes the reduced-model evaluation setting and identifies economi-
cally relevant reduced cases for further diagnostic study. These reduced cases
provide the planning-result context in which SOC trajectories can be recon-
structed and compared with the full-time-series model. The analysis shows
that even when a reduced model produces a competitive planning result, the
RD-SLD representation may still reconstruct storage trajectories differently
from the full-time operation. This motivates the use of SOC trajectory anal-
ysis as a storage-aware diagnostic layer for understanding how the reduced
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temporal structure represents storage behavior.
The second research question asks what storage-related error mecha-

nisms can be revealed by SOC-based diagnostics. Chapter 5 shows that
SOC reconstruction errors are not uniform. They can arise from intra-day
shape mismatch, cross-day accumulated drift, and persistent inventory-level
bias. Daily-cycling storage is more strongly affected by intra-day shape mis-
match, while long-duration storage is more sensitive to accumulated drift
and inventory-level bias. This distinction is important because a large ab-
solute SOC error does not necessarily indicate that the daily representative
profile itself is poorly selected. It may instead show where inter-period drift
or inherited inventory bias becomes visible. Therefore, SOC diagnostics pro-
vide a mechanism-based interpretation of storage-state distortion under the
RD-SLD representation.

The third research question asks whether SOC-based diagnostic signals
can guide extreme-day selection and improve representative-day-based plan-
ning outcomes. Chapter 6 shows that SOC-informed extreme-day selection
can be useful, but its effectiveness depends on which SOC signal is used.
The day-shape-based and hybrid SOC-informed settings perform better than
the conventional peak-load extreme-day setting in the tested case, while the
absolute-SOC-error-based setting is less effective. This indicates that SOC
diagnostics are most useful when they identify temporal representation er-
rors that are directly related to the clustering and mapping structure. In
particular, day-shape error is more suitable as feedback for representative-
day selection because it focuses on intra-day SOC pattern mismatch after
removing the daily starting SOC level.

The results also clarify why different extreme-day settings can lead to dif-
ferent investment decisions. Changing the preserved extreme days explicitly
changes the TSA configuration. The preserved days affect the representative-
day profiles generated by hierarchical clustering, the assignment of natural
days to representative days, and the resulting SLD structure used for inter-
day SOC propagation. As a result, different extreme-day settings change
how the reduced model represents both system stress and storage value. The
peak-load setting emphasizes a demand-stress condition, while the SOC-
informed settings emphasize storage-relevant representation errors. In the
case of intra-day shape mismatch, the diagnostic signal reflects whether the
reduced model reproduces the daily net storage-operation pattern implied by
charging and discharging. This changes the model’s interpretation of when
and where storage is valuable for shifting energy across time and, under
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network constraints, across locations.
Overall, the thesis concludes that SOC diagnostics extending from the

RD-SLD structure provide a useful storage-aware feedback layer for representative-
day-based planning models with energy storage. Their role is not to directly
minimize SOC reconstruction error, but to reveal storage-relevant temporal
representation errors and identify candidate extreme days that can modify
the reduced temporal structure in a planning-relevant way. In the present
case, day-shape-oriented diagnostics provide the most effective feedback be-
cause they are closely aligned with the representative-day mechanism and the
intra-day cycling behavior of storage. More generally, the proposed method-
ology suggests a potential way to improve power system planning models
with energy storage by connecting storage-state diagnostics with mechanism-
aware extreme-day selection.

7.1 Reflection

Several points should be interpreted carefully. First, the full-time bench-
mark used in this thesis is a computational reference solution rather than
a proven global optimum. The full chronological model remains difficult to
solve because it combines a large hourly operational space with investment
variables. Therefore, the comparison should be understood as an evaluation
against the best available full-time incumbent and bound, rather than as a
proof of global optimality.

Second, SOC-informed feedback should not be interpreted as a rule that
guarantees lower SOC reconstruction error after adding SOC-critical extreme
days. Preserving new extreme days changes the representative-day profiles,
the natural-day mapping, and the SLD reconstruction. This may improve the
planning signal even if some aggregate SOC-error indicators do not decrease
monotonically. Therefore, the value of SOC-informed feedback lies in how
it modifies the reduced temporal representation and the resulting planning
outcome, rather than in simple SOC-error minimization.

Third, the interpretation of investment changes should be treated as
mechanism-based evidence rather than strict causal proof. When day-shape-
error extreme days are preserved, the reduced model changes its representative-
day structure and its reconstruction of intra-day cycling and inter-period en-
ergy shifting. The resulting investment decision may include less storage or
flexibility investment because the model estimates system stress and storage
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value differently. However, investment decisions and SOC trajectories are
jointly determined by the optimization model. Therefore, the results sup-
port the interpretation that SOC-informed temporal representation changes
the investment signal, but they do not isolate a single causal pathway from
SOC error to investment cost.

Fourth, the performance difference between absolute-SOC and day-shape-
based feedback highlights the importance of metric design. Aggregated ab-
solute SOC error is useful for locating where the reconstructed trajectory
differs most strongly from the full-time trajectory, but it mixes intra-day
mismatch, accumulated drift, and inventory bias. It is therefore more suit-
able as a diagnostic summary than as a direct extreme-day selection rule.
Day-shape error is more closely aligned with the representative-day selection
problem because it focuses on the intra-day storage pattern that clustering
directly affects.

Finally, the proposed SOC-informed feedback framework should be un-
derstood as mechanism-dependent. If a system is mainly driven by short-
duration or daily-cycling storage, intra-day shape mismatch is likely to be an
informative feedback signal because it reflects daily charging and discharg-
ing patterns. If long-duration storage or multi-day energy shifting becomes
more dominant, feedback signals based on consecutive-day blocks, accumu-
lated drift, or inventory-level bias may become more relevant. Therefore,
the broader contribution is not one fixed extreme-day rule, but a framework
for selecting feedback signals according to the storage mechanism that most
strongly affects the reduced planning model.

7.2 Future Work

Future research can extend this work in several directions. First, the pro-
posed SOC-informed feedback can be developed into an iterative procedure.
In the present thesis, SOC-critical days are selected from one diagnostic
stage and then tested in modified extreme-day settings. A natural extension
is to repeat this process: solve the reduced model, reconstruct and evaluate
SOC trajectories, identify new storage-critical days or SLD blocks, update
the representative-day set, and re-evaluate the resulting investment decision.
Such an iterative framework could test whether SOC-informed feedback con-
verges toward more stable cost and investment outcomes.

Second, future work can develop more rigorous sensitivity-based feed-
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back indicators. The present SOC metrics are diagnostic and descriptive:
they identify where SOC reconstruction differs and what type of error mech-
anism is dominant. A stronger method would estimate how much preserving
a candidate day is expected to change investment cost, operational cost, stor-
age value, or feasibility margins. This could connect SOC diagnostics more
directly with marginal planning value.

Third, the feedback framework can be extended from individual natu-
ral days to multi-day periods. Long-duration storage is often affected by
consecutive low-renewable periods, accumulated energy imbalance, and sea-
sonal inventory evolution. Therefore, selecting only single extreme days may
not fully capture the stress conditions that drive long-duration storage in-
vestment. Future work could select SOC-critical SLD blocks or multi-day
extreme periods instead of isolated days.

Fourth, the method should be tested on larger systems, multiple weather
years, different renewable penetration levels, and different storage technolo-
gies. The present case study provides evidence that day-shape-based SOC
feedback can improve total-cost performance, but the robustness of this con-
clusion should be evaluated across broader system conditions. In particu-
lar, systems with stronger solar penetration, more seasonal storage, different
transmission bottlenecks, or higher renewable curtailment may exhibit dif-
ferent dominant SOC-error mechanisms.

Finally, future work can compare SOC-informed feedback with other
model-aware extreme-day selection rules, such as operational-cost-error days,
congestion-error days, load-shedding days, or renewable-curtailment days.
Such comparison would clarify whether SOC diagnostics provide unique in-
formation beyond existing cost-based or operational-output-based feedback.
This would further strengthen the positioning of SOC-informed extreme-day
selection as a storage-aware extension of representative-period aggregation
for expansion planning.
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