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ABSTRACT
OF THE THESIS OF

Rachad Zoheir Bou Nasser Eddine  for Master of Engineering Management
Major: Engineering Management

Title: On the Clustering of Demand and Weather Data for Electricity Generation
Expansion Planning

This research investigates the performance of clustering algorithms for Electricity
Generation Expansion Planning (GEP) with a focus on electricity demand and weather
data. The primary objective is to identify the most effective algorithm for selecting
representative periods that accurately reflect the variability in energy demand and
renewable energy supply, influenced by weather conditions. The study examines the
impact of different clustering algorithms, including Agglomerative Hierarchical, K-
means, and K-medoids, across various settings by adjusting the number of representative
periods and shifting the slice of the data.

Through rigorous a priori and a posteriori analyses, the research evaluates the
algorithms' performance in replicating the statistical characteristics and GEP decisions of
the full dataset. It also assesses the impact of data slicing methods on the clustering
outcomes. The results indicate that K-medoids algorithm stands out for its consistent
accuracy in replicating the full dataset measures, making it the best performing algorithm
in both a priori and a posteriori evaluation. This algorithm excels at capturing the essential
statistical characteristics of the dataset, such as variance and correlations between demand
and renewable energy outputs. However, it is notably susceptible to shifts in data slicing,
which can significantly influence its performance. Shifts in the data slice often lead to
variations in the algorithm's output, which highlights the delicate balance between data
representation and the accuracy of clustering outcomes.

The findings also highlight the dependency between initial data spread, which is
a data characteristic, and the shifting effect on clustering. It is shown that a data
possessing higher spread indicator will experience high shifting effect on both a priori
and a posteriori measures.

This study not only contributes to the theoretical understanding of clustering in
GEP but also offers practical insights for energy policy and system design, emphasizing
the critical role of accurate data representation in optimizing energy planning and
operations. Furthermore, this study sheds light on a topic often neglected in common
practices, showing that slice shifting might have considerable effect on outputs if the
historical data possess a high spread indicator.
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CHAPTER 1

INTRODUCTION AND MOTIVATION

1.1. Overview

The proportion of electricity in the final energy consumption is expected to rise
steadily in the coming decades (IEA, 2022a). This trend is fueled by the progress in
electrifying new sectors and the significant potential of renewable energy technologies
for electricity generation. The adoption of these technologies, especially wind and solar
photovoltaic (PV), is growing in global electricity systems due to significant cost
reductions that have made them the most affordable electricity generation technologies
(IRENA, 2022). The success of the Paris Agreement’s objectives hinges on achieving
nearly 100% clean electricity production by 2050 (IEA, 2022b). However, reaching this
goal necessitates overcoming numerous technological and modeling obstacles, as well as
challenges in policy formulation, financing, and behavioral changes (Child et al., 2019).

Electricity Generation Expansion Planning (GEP) involves determining the most
cost-effective plan for installing and retiring electricity generation units to meet electricity
demand over the next several decades. Given the growing importance of renewable
energy technologies, whose power outputs are subject to uncertain and variable weather
conditions, it’s crucial for GEP models to incorporate a high temporal resolution (ideally
sub-seconds) that takes into account weather variability and the operational specifics of
power plants.

Figure 1 offers a visual representation of the intermittency in the generation
outputs of PV and wind installations, highlighting the need to capture sub-daily details.

The actual contribution of renewable energy technologies to meeting demand and the



amount of required dispatchable generation capacity (i.e., capacity that is not weather-
dependent and is almost always available for activation) cannot be estimated without a
high temporal representation of the system. Electricity storage technologies, which can
serve as clean dispatchable technologies, also require a detailed time representation to
continuously monitor their charge state and their ability to meet demand. Given these
requirements, GEP models should consider sub-daily time resolutions at the level of

hours or less over a multi-decade planning period (Pfenninger, 2017).
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Figure 1 Hllustrating hourly power demand and generation profiles by technology for 1
week ((adapted from (Pfenninger, 2017))

GEP models are typically represented, in their basic deterministic form, as mixed
integer linear optimization models. When considering the planning period and the
required temporal resolution, GEP models become intractable with today’s computational
power (Li et al., 2022). Therefore, it’s common in the literature to run these models and
make operational and investment decisions based on a set of representative periods rather
than every hour (or sub-hour) across the planning horizon (Hoffmann et al., 2020)

Each representative period in the Electricity Generation Expansion Planning
(GEP) model includes high-resolution data related to electricity demand and renewable

energy capacity factors. However, this simplification introduces several challenges. The



first challenge arises from the aggregation of periods into a representative one, which
introduces statistical errors that can affect optimization outcomes. This relationship
between statistical and optimization outcomes is nonlinear, indicating the complexity of
the process. Therefore, the use of representative periods in optimization models, which
inform policy and investment decisions, requires careful management to avoid
misleading results (Scott et al., 2021).

The second challenge is the lack of unified measures of error introduced by
using representative periods. Success in optimization models, which guide long-term
decisions, can be measured in various ways, depending on the specific research or
investment question asked (Teichgraeber and Brandt, 2022).

The third challenge involves the modeler’s decisions on the amount of time
series data to use, the length of the time step, and the parameters for representative
periods. These decisions, which include the length and number of representative periods
and the selection of important data features, impact the model’s performance, fidelity,
and the effectiveness of Time Series Aggregation (TSA). These choices involve trade-
offs between solution time, memory requirements, and accuracy.

The fourth challenge is related to the selection of the clustering method. This
selection is critical as it influences the resulting representative periods and is often a
complex, nonlinear process. The clustering method must be chosen carefully to ensure
that it retains important data characteristics and identifies extreme periods.

The fifth challenge concerns the assumption that operational interactions between
periods can be neglected when slicing time-series data into original periods. In reality, a
representative period substitutes several data points present in the cluster, and the

interrelation between these data points is lost. This assumption may not always hold true,



as seen in cases like seasonal energy storage or renewable energy droughts. To address
this, methodologies allowing for the linking or coupling of periods need to be developed.
These challenges highlight the complexity and intricacies involved in the process of time
series aggregation. (Teichgraeber and Brandt, 2022; Scott et al., 2021; Seljom et al.,

2021).

1.2. Motivation

This research and implemented experiment aim to identify the most effective
representative period selection algorithm while examining the impact of modifying the
data slicing method. Specifically, the study explores how shifting the data slices by
increments of one hour—ranging from a 1-hour shift to a full 24-hour shift—affects the
clustering algorithm's results. The rationale is to investigate how these shifts might
influence the selection process, as existing literature focuses on clustering techniques
without considering the effects of varying data slicing methods. This research seeks to
fill that gap by examining the interplay between different data slicing shifts and the
outcomes of selecting representative periods, thereby offering a more comprehensive

understanding of their impact on the optimization process.
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CHAPTER 2

LITERATURE REVIEW

In this section, a comprehensive literature review is conducted to delve into
several key areas of research.

Section 2.1 explores the prevalent methods employed in data slicing and delves
into the complexities of modeling temporal resolution. This provides a foundational
understanding of the current practices and methodologies in the field.

Section 2.2 focuses on the investigation of clustering, which is widely recognized
as the most utilized method in generating representative periods (Teichgraeber and
Brandt, 2022). Various forms and different algorithms that fall under its umbrella are
examined. This allows for an understanding of its versatility and applicability in different
scenarios.

In Section 2.3, the scope is broadened to investigate alternative methods for
generating representative periods, beyond the realm of clustering. This enables a
comparison and contrast of different approaches, and an assessment of their strengths and
weaknesses.

Finally, in Section 2.4, the exploration of evaluation metrics and methods used to
assess the quality and effectiveness of the generated representative periods is undertaken.

Through this structured approach, a holistic understanding of the field is gained,

which informs and guides research endeavors.
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2.1. Slicing

Energy system models necessitate critical decisions regarding the volume of data
to be utilized and the length of the time step, At. Historical time series are employed,
either implicitly or explicitly, under the assumption that future conditions will mirror past
ones. While a single year of historical data is a common choice (Kotzur et al., 2018),
some studies advocate for the use of multiple years (Nahmmacher et al., 2016) (Fazlollahi
et al., 2014). This is particularly important when employing Time Series Aggregation
(TSA), as it is argued that a single year of input data may not sufficiently capture the
probability distribution of wind and solar availability (Pfenninger, 2017).

The time step length, At, is the smallest unit at which temporal data is used in the
full model. In most of the studies reviewed, At is commonly chosen to be one hour.
However, some studies also consider time step lengths of two hours (Brodrick et al.,
2014), three hours (Reichenberg et al., 2018), or 24 hours (Bahl et al., 2018).

For TSA, additional decisions must be made regarding the length T of the periods,
the number of representative periods K, and what features to use to select these periods.

The length of a representative period, defined by the number of time steps T, is
contingent on the specific optimization problem and its input data. Commonly, day-long
hourly periods are used for problems with coupling constraints (the model considers
constraints that link decisions across all 24 hours of a day, At=1, T=24), while single
time step periods (At=1, T=1) are used for models without such constraints (Bahl et al.,
2017). It is concluded that using T=24 hours is superior to other alternatives
(Teichgraeber and Brandt, 2022).

Some innovative approaches aimed at reducing the number of time steps within

each period were provided. As an example, (Fazlohalli et al., 2014) and (Bahl et al., 2018)

12



proposed to aggregate within the period so that each of them consists of S < T segments.
This approach can lead to reducing computational time without significant performance
deterioration.

Figure 2 below is an illustrative example used to better understand the time step

At and the length of a representative period T of a general slicing decision:

At
—A

Original
[0 {2 oo e [ [ [ o oo 3 [ [ [ [ [ oo [ o | N o ha.
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Figure 2 Showing the time step 4t and the length of a representative period T of a
general slicing decision.

Other studies focused on how to identify the best number of representative periods
K, which strongly influences computational complexity. A common approach to decide
on the number of periods is using the ‘elbow method’, where the number of periods is
plotted vs. a metric of interest (Thorndike, 1953). Typical numbers of K usually range
from 5 to 30 representative periods.

Finally, determining which features within the data are most significant to
represent during Time Series Aggregation (TSA) is crucial. Typically, the original time
series data serves as features. However, several researchers have utilized secondary
features derived from the original time series data. These include demand ramps (Green
etal., 2014), price differences between nodes (Agapoff et al., 2015), and moments (Fitiwi
et al., 2015). Additionally, hybrid features have been introduced where generation,

demand, and price are multiplied, and principal component analysis is employed to
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automatically extract prominent features of the data for use in TSA (Almaimouni et al.,

2018).

2.2. Clustering

Clustering involves making a series of decisions. A framework has been devised
by (Teichgraeber and Brandt, 2019) that represents these decisions, and is illustrated in
figure 3 below.

There are three critical stages in the decision-making process of clustering. The
first stage involves the use of normalization, which includes the operation of
normalization and its scope. The second stage is the method of assignment, which
considers the distance measure, the algorithm used for clustering, and the selection of the
center. The final stage is the representation methods, which include the strategies for

picking the representative periods and assigning weights to each period.
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Figure 3 Illustrating the decisions involved in clustering. Adapted from (Teichgraeber
and Brandt, 2019)

2.2.1. Normalization

Normalization proves to be beneficial when dealing with data that encompasses
diverse attributes, such as demand articulated in MW (megawatts) and capacity factors
of wind and solar energy, which are typically numerical values within the range 0 to 1.
The application of normalization harmonizes the units and mitigates the biases that arise
due to the disparity between the large numerical values of demand attributes and the
smaller numerical values of capacity factors. This ensures a more balanced and fair
comparison across different attributes.

There are three prevalent procedures for normalization. The first procedure does

not involve any normalization. The second procedure normalizes the data by its maximum
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value. The third procedure, often known as z-normalization, adjusts the data so that it has
a mean (u) of 0 and a standard deviation (o) of 1 (Teichgraeber and Brandt, 2019).

Normalization can be performed on three different levels. The most frequently
used is the full normalization scope, where a single operation is used to normalize the
entire time series. This involves using one maximum or one mean and standard deviation
per attribute to normalize the entire time series for that attribute. The second level is the
element-based normalization scope, where each time step is normalized independently
across all periods by calculating the normalization operation for each data element (for
example, hour) and attribute. The third level is the sequence-based normalization scope,
also referred to as period-based normalization scope. Here, each period is normalized
independently, yielding 365 values of  and o per attribute for a year’s worth of data with
daily periods (Teichgraeber and Brandt, 2019).

Once the representative periods are generated, the normalization must be reversed
by denormalization so that the representative periods are expressed in the original data

units and magnitude.

2.2.2. Assignment

Every clustering method needs a way to measure distance to determine how well
an observation (ex: a day worth of data) fits into a cluster. Next, clustering methods
need to employ an algorithm to allocate observations to clusters. Finally, the choice of
cluster center in clustering methods can differ, with the primary options being the

centroid or medoid of the cluster.
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Distance measures compute the difference between two time series vectors. The

most common distance measure is the Euclidean distance (Teichgraeber and Brandt,

BDG) = [ G 3o

Other studies used Manhattan distance, Dynamic Time Wrapping (Sarajpoor et al., 2021)

2022) presented below:

and Shape-based Distance (Paparrizos et al., 2015). (Mallapragada et al., 2018) showed
that the distance measure used will not affect the optimization outcome.

Once the distance measure is established, the next step is to choose a clustering
algorithm. These algorithms can be either partitional or hierarchical. Widely used
partitional algorithms are extensions of the k-means algorithm (Lloyd, 1982). The process
begins with random initialization of cluster centers. The algorithm then iteratively
performs two steps until it either converges (meaning there are no changes in cluster
assignments) or reaches a predetermined maximum number of iterations. In the first step,
each period vector is allocated to the nearest cluster center based on the chosen distance
measure. Subsequently, the cluster centers are updated to reflect the changes in cluster
assignments, aiming to minimize the distance within the cluster. The choice of cluster
centers can be either the centroid (resulting in the K-means algorithm) or medoid
(resulting in the K-medoids algorithm). The centroid is a hypothetical period that
minimizes the within-cluster distance, while the medoid is an actual period that achieves
the same goal. The outcomes from partitional methods typically converge locally and are
dependent on the random initializations of clusters (Arthur et al., 2007). It’s worth noting
that the k-medoids clustering problem, initially solved with the partitional clustering

algorithm, can also be formulated as a Binary Integer Program (BIP) as discussed in (Li
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et al., 2022). Hierarchical clustering differs from partitional clustering in that it begins
with a number of clusters equal to the number of data points, then combines the two
nearest observations into a single cluster. Therefore, with each iteration, the number of
clusters decreases by one. This process of merging two clusters continues until the desired
number of clusters, K, is reached. Ward’s algorithm is used to minimize the total variance
within the cluster. Hierarchical clustering is deterministic and thus reproducible. It is also
less computationally demanding than partitional clustering. However, this algorithm
produces local solutions with sets of cluster assignments that may not necessarily be

optimal (Teichgraeber and Brandt, 2022).

2.2.3. Representation

After the clusters are generated, each cluster is to be represented by either its
centroid or medoid in the optimization model. The representation is accompanied by
weights for each cluster, representing the proportion of the initial data assigned to the

cluster by the clustering algorithm.

2.3. Alternative methods for generating representative periods

There are numerous methods besides clustering that can be employed to generate
representative periods. For instance, (Almaimouni, 2018) utilized Principal Component
Analysis (PCA) to identify pertinent features within the data before applying clustering.
The concept behind PCA is to depict the data in a lower-dimensional space by decreasing
the number of features that characterize the data. It’s important to note that this doesn’t
reduce the number of periods. In a similar vein, (Sun et al., 2019) employed Laplacian

Eigenmaps to identify relevant features before clustering. (Poncelet et al., 2016)
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introduced another method for selecting representative periods: an optimization-based
duration curve approximation. They minimized a self-defined statistical error measure
that approximates the load duration curve of each attribute, and also incorporated ramping
information by considering the ramp load duration curves of each attribute. Furthermore,
(Zatti et al., 2019) proposed another optimization-based approach. They identified
representative and extreme days through the formulation of a mixed-integer linear
program and bounded the solution through a maximum deviation tolerance in terms of
the load duration curve. Lastly, several sampling-based approaches have been suggested.
(Hilbers et al., 2019) proposed using importance subsampling. In this method, random
sampling weighted by an iteratively calculated importance based on the optimization
problem itself is used to identify time steps that are used for system design. The authors

demonstrated good performance based on a system with 36 years of input data.

2.4. Assessing the quality of representative periods

In literature, two primary types of performance measures are typically employed
to assess the quality of representative periods: a priori indicators, which are mainly
statistical error metrics that measure the representation error between the representative
periods and the full data set, and a posteriori indicators, which measure the error in the
output of the GEP model (Hoffmann et al., 2021).

The most frequently used a priori indicator is the Normalized Root Mean Square
Error (NRMSE), which measures the total error between the representative period of the
cluster and the cluster members for all representative periods (Nahmmacher et al., 2016).
This gives an indication of the quality of the clustering and the selection of cluster

representatives. Other indicators such as the silhouette statistic (Adhau et al., 2015) and
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gap statistic (Tibshirani et al., 2001) are also available. Additionally, visual inspection is
commonly used. This involves plotting each period of the full data and the representative
periods and their respective weights (Teichgraeber et al., 2017). Visual inspection
provides a rough understanding of which features of the data are well captured by the
TSA method used. Visual inspection of duration curves is also utilized. In a duration
curve, the data are sorted and plotted from the highest to the lowest value. Load duration
curves have traditionally been used for electricity generation planning where the duration
curve of each parameter (demand, solar and wind) is plotted separately (Blanford et al.,
2016). (Buchholz et al., 2020) demonstrated that a reasonable fit in duration curves may
still introduce error in model output. Overall, statistical error metrics or visually
inspecting the data alone are not adequate (Teichgraeber and Brandt, 2022).

The ultimate theoretical a posteriori error measures assess the difference in the
results of the GEP model when run using the representative periods versus when run using
the original full data set. In practice, it’s not feasible to run the GEP model on the full
data set. Researchers have adopted a two-step practical approach to measure a posteriori
errors (Scott et al., 2019): Initially, the GEP model is run using the representative periods
and the investment schedule is recorded. Then, the resulting investment schedule is
assumed to be fixed and the GEP model is run again, this time on the entire data set, but
is only allowed to make operational decisions in terms of scheduling the runtime of power
plants. This new operational model (GEP model but with exogenous investment
decisions) is feasible when the entire data set is used. The operational results of the GEP
model run with the representative periods are then compared against the operational
results after running the operational model. Previous research has shown that there is no

guaranteed correlation between the quality of the a priori and a posteriori indicators
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(Teichgraeber and Brandt, 2022). A significant limitation of a posteriori measures is the
assumption that a complete data set is available to run the operational model and generate
comparative results.

In conclusion, it is necessary to include relevant optimization outcomes when
measuring the success of TSA, and that statistical metrics alone are not sufficient (Sun et

al., 2019).

2.5. Gaps and contribution

While the existing literature provides a wealth of information on this topic, there
is a noticeable gap in large-scale comparative studies on various clustering techniques
and their performance as the number of representative periods, denoted as K, varies.

Furthermore, while there is a consensus in the literature that there is no direct
correlation between statistical measures and optimization outputs, there has been limited
exploration to further investigate this issue. Most importantly, no research has been
conducted to examine how alterations in slicing techniques might impact the output of
selecting representative periods, despite the well-acknowledged significant role that
slicing plays in clustering algorithms. This is a critical area of investigation as the method
of slicing can significantly influence the performance and results of clustering algorithms.

This research aims to address the identified gaps with a primary focus on
determining the most effective representative periods selection algorithm under diverse
conditions. This is achieved by conducting an in-depth comparative analysis of various
clustering algorithms. This analysis involves:

1- Varying the number of representative periods (K=4,8,16 and 32).

2- Adjusting and varying the time slice by shifting it.
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3- Employing multiple datasets to check the generalization of the findings.
4- Offering a more profound understanding and interpretation of representative
periods selection evaluation measures.

The main contribution of this research lies in highlighting a potential issue that
could impact clustering and GEP model outcomes: the slice shifting of data. To illustrate
this problem, the study introduces two new a priori measures: the spread indicator and
the shifting effect. The findings reveal that datasets with a higher spread indicator are
more likely to experience significant shifting effects. This suggests that GEP model
outcomes may vary with each shift, raising concerns about the robustness of the results.
A lack of robustness in GEP model outcomes poses a serious issue, as it could lead to

incorrect decisions and result in suboptimal resource usage.
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CHAPTER 3

METHODOLOGY

The approach of this research involves carrying out a comprehensive experiment
to evaluate various clustering algorithms and understand the impact of slice shifting on
their results. These algorithms will be examined using a range of representative periods
to determine how changes in this number influence the overall performance of the
clustering. The experiment is depicted in Figure 4 below to provide a visual overview

before we delve deeper into the specifics in the subsequent sections.

A priori (statistical) measures

Data Manipulation W

A posteriori measures

. Generate 24 expanded,
Cluster the 24 daily e BRG]

Input Hourly Data

Extend by one (the first) day

Generate 24 shifted hourly
data dataframes

Generate 24 daily data
dataframes

dataframes

Denormalize clustered data

Generate 24 clustered daily
dataframes with weights

Unshift the 24 clustered
dataframes

Denormalize original data

unshified, clustered
dataframes

Perform statistical measures to
compare daily and clustered
data

Plot boxes and skewers charts

Visual inspection

Run full dataset (houtly data
shift 0)

Run 24 clustered dataframes g

Plot boxes and skewers charts

Visual inspection

Figure 4 illustrating the experiment conducted in this research.

3.1. Data Manipulation
The process begins by inputting a year’s worth of raw data, which is then

transformed into an hourly data dataframe. This dataframe consists of 8760 rows, each
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representing an hour within the year, and three columns, each representing an attribute of
interest: electricity demand load, solar PV capacity factors, and onshore wind turbine
capacity factors.

Following the data input, normalization by maximum is performed. This involves
dividing each value in a column by the maximum value of that column, effectively
unifying the three attributes. The values now range from 0 to 1, which helps eliminate
any potential biases in the clustering algorithm that might arise from larger numbers.

Once the initial hourly data dataframe is generated, it is expanded by 24 hours.
This is achieved by copying the first 24 hours (representing the first day) of the initial
hourly data dataframe and appending them to the end of the dataframe. This step
facilitates the slice shifting of the data, where 24 new hourly data dataframes are
generated, each shifted by just one hour from its predecessor.

This method of shifting is designed to isolate the effect of one-hour shifts on the
data values selected. While the numerical values of each dataframe are preserved, only
the start and end of each 24-hour interval (representing one day) are altered. The resulting
dataframes are depicted in Figure 5 below for visual representation, with a focus on
illustrating how the 24 hours of the final day (day 365) differ between shift 0 and shift

12.
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Figure 5 illustrating the way slice shifting is occurring in
hourly data dataframes.
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After all the hourly data dataframes are generated, each one is then transformed
into a daily data dataframe. This process starts with the hourly data for each attribute,
which is organized in columns. Each column represents an attribute, and each row
represents an hour, with 24 rows accounting for each day. The first step is to group these
hourly data points into daily chunks. For each attribute, the 24-hourly data points are
combined together to form a single row. This means that each row now holds a full day’s
worth of data for that attribute, with each data point corresponding to a different hour of
the day. This process is repeated for each attribute. As a result, the first 24 columns of the
resulting dataframe represent 24 hours of normalized energy demand, the next 24
columns represent 24 hours of normalized solar capacity factors (CF), and the final 24
columns represent 24 hours of normalized wind CF. In the end, the resulting dataframe
has 365 rows and 72 columns. Each row represents a day, and each set of 24 columns
represents a full day’s worth of data for a specific attribute. Figure 6 below provides a

visual representation of a typical daily data dataframe.

Normalized demand Normalized Solar CF Normalized Wind CF
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Figure 6 illustrating a daily data dataframe.
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3.2. Clustering

Upon completion of the data manipulation process, 24 normalized daily data
dataframes are generated. These dataframes are then subjected to clustering using three
well-known algorithms: Agglomerative Hierarchical, K-means, and K-medoids. The
aim is to compare the performance of these algorithms.

To assess the impact of the number of representative days (K) on each clustering
algorithm, the clustering process is executed four times for each algorithm: once for
K=4, once for K=8, once for K=16, and once for K=32. This results in a total of 25x3x4
clustering tasks for each dataset input.

The purpose of this extensive analysis is to compare the effects of slice shifting
and the number of representative periods on the clustering algorithm, and ultimately, to

determine the most effective clustering algorithm.

3.2.1. Agglomerative Hierarchical

Agglomerative Hierarchical Clustering is a type of clustering algorithm that
builds a hierarchy of clusters by merging together smaller clusters. The process starts by
treating each data point as a single cluster. Then, it repeatedly identifies the two clusters
that are closest together and merges them. This iterative process continues until all the
clusters are merged together into one or until it meets a termination condition (in our
case, when the number of clusters reach K assigned).

In terms of assigning data to clusters, the algorithm uses the Ward’s distance
measure, which is widely chosen in hierarchical clustering. Ward’s method is a criterion
applied in statistics that aims to minimize the total within-cluster variance. In general,

the Ward’s minimum variance criterion minimizes the total within-cluster variance. To
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implement this method, at each step, the pair of clusters with minimum between-cluster
distance are merged. Mathematically, the Ward’s distance between two clusters is given

by the formula:

d (u,v):\/MTﬂd (v,s)2 +|V|_I_L|t|d (v,t)2 —|_|_l|d (s.,t)2

Where u is the newly joined cluster consisting of clusters s and t, v is an unused cluster
in the forest, T=|v|+|s|+|t], and d(u,v) is the Euclidean distance between clusters u and v.

The representative period of each cluster (the centroid) is calculated as the mean
value of the points within the cluster. It serves as the center of the cluster and will be used
to represent the cluster in computations and visualizations.

As for the pros and cons of this algorithm, on the positive side, Agglomerative
Hierarchical Clustering provides a beautiful tree-based structure for visualizing the
clusters, which is useful for understanding the data. Moreover, it is reproducible, meaning
that if the process is repeated many times, it will yield similar results. However, on the
downside, the algorithm isn’t suitable for large datasets due to its high time complexity.
It also has difficulty handling clusters of different sizes and densities. Additionally, it’s
sensitive to the choice of the linkage method used to calculate the distance between
clusters. Once a decision is made to combine two clusters, it cannot be undone, which
may lead to premature decisions. Lastly, this clustering algorithm does not necessarily

generate globally optimal solutions.

3.2.2. K-means

K-means is a type of partitioning clustering that separates the data into K non-
overlapping subsets (or clusters) without any cluster-internal structure. The way it works

is by assigning each data point to the nearest centroid, where centroids are the centers of
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the clusters. Each centroid of a cluster is a collection of feature values which define the
resulting groups.

The process starts by randomly initializing these centroids. Then, each data point
Is assigned to the cluster with the nearest centroid. After all data points have been assigned
to clusters, the centroids are recalculated as the mean of all data points in the cluster. This
process is repeated until the centroids do not change significantly, indicating that the
algorithm has converged. In this research, the algorithm is run multiple times with
different initial centroid seeds - specifically, 100 different seeds. The best output is
selected from these runs. The “best” output is defined as the one that results in the smallest
total distance between each data point and its assigned centroid. This total distance is also
known as the inertia.

The distance between a data point and a centroid is typically measured using the
Euclidean distance, which for two points x and y in n-dimensional space is calculated as:

n
d (X, y) = ;(Xi - yi)2

The representative period of each cluster in K-means is the centroid of the
cluster, which is the arithmetic mean of all the data points in that cluster.

As for the pros and cons of K-means, on the positive side, it’s simple to
understand and easy to implement. It’s efficient in terms of computational cost, making
it a good choice for large datasets. It’s also guaranteed to converge, and with a high
number of different initial centroid seeds, it’s likely to find a good solution. On the
downside, K-means assumes that clusters are convex and isotropic, which is not always

the case. It’s also sensitive to the initial selection of centroids and can fall into local

minima, although running the algorithm with many different initial centroid seeds can
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mitigate this. Another limitation is that it requires the number of clusters to be specified
beforehand. Finally, like Agglomerative Hierarchical Clustering, K-means does not

necessarily yield a globally optimal solution.

3.2.3. K-medoids

K-medoids is a type of partitioning clustering that is similar to K-means.
However, instead of using centroids as the representative days, it employs medoids. A
centroid is a mean value that may not necessarily be an actual data point in the dataset,
while a medoid is an actual data point within the dataset that minimizes the sum of
distances to other points in its cluster.

In this research, an optimization-based approach for K-medoids as proposed by
(Li et al, 2022) is used. This proposition involves using mixed-integer linear
programming (MILP) to achieve global optimality—a trait not commonly found in other
clustering algorithms.

The MILP formulation is described as follows:

The objective is to minimize the sum of distances from each point to its medoid,

mathematically represented as:
Minimize)_ d;z;
Where d;; represents the distance between data point (i) and medoid (j) and z;is a binary

variable that equals 1 if data point (i) is in the cluster with medoid (j), and 0 otherwise.

Subject to the constraint that each point is assigned to exactly one medoid:

Dz, =1lvi=12..,n
And the binary variable z; is forced to be 0 if point (j) is not a medoid, where y; is

another binary variable set to 1 if point (j) is a medoid, 0 otherwise:
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z; <y;Vi,j=12.,n

Finally, the number of medoids is set to the number of representative periods (K) by the

following:

DY =k

As for the pros and cons of the optimization-based K-medoids, on the positive
side, it can result in a globally optimal solution. This means that the solution found is
the best possible solution and not just a locally optimal one. However, on the downside,
this approach can be computationally expensive and time-consuming. This might make
it less suitable for very large datasets or for applications where computational resources
or time are limited.

After the clustering is performed, four clustered dataframes are generated from
each daily data dataframe, where the numbers of columns are always equal to 72, but
the number of rows will vary depending on the number of representative days set
(4,8,16 or 32). Each row of the clustered dataframes represents 1 representative period
chosen depending on the clustering algorithm used. Furthermore, weights for each
representative period are also generated, representing the number of initial datapoints
stored in the cluster represented by the row of the clustered dataframe.

The next step is to denormalize the data, and this includes the clustered data and
the original daily and hourly data dataframes. The denormalization is done by simply
reversing the normalization process, aka by multiplying each attribute by the maximum
value stored when performing normalization.

Finally, the resulting clustered dataframes, which have been denormalized, are
stored by exporting them to Excel. This is done because they serve as inputs for the

GEP optimization model. After exporting, an additional adjustment is made to the data,
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specifically, the clustered dataframes are “unshifted’. This step is necessary because the
shifting process distorts the chronology of the data. Such distortion can impact the
analysis of statistical measures, particularly correlations, given that these time series are
highly dependent on time. Therefore, to preserve the integrity of the data, the shifting
that was initially applied to the datasets is reversed on the clustered dataframes. This
ensures that each row of the clustered dataframes starts by hour 0 and finishes at hour

23.

3.3. A Priori Measures Analysis

This step involves carrying out visual checks and statistical analysis to evaluate
the accuracy of the clustering algorithms used and to examine the effect of shifting. The
specific tests and analysis performed will be detailed in the following sub-sections. Most
of the tests compare the measures of the unshifted, clustered data to those of the initial
daily data dataframe (the one with 0 shift).

One challenge in this analysis is that the amount of data in the clustered
dataframes (4,8,16 or 32 data points) is less than the amount of data in the initial daily
data dataframe (365 data points). To address this, The clustered data is used to create a
dataset identical in size to the original by replacing each day in the original dataset with
its corresponding representative day. This results in clustered dataframes with 365 rows
of duplicated data points according to the clustering assignment. To provide a boundary
for the analysis, 25 dataframes containing K random days (4,8,16 and 32) are also selected
from each initial daily data dataframe and expanded according to approximately equal
weights (sum of 365). This approach offers an additional perspective by comparing the

clustered data not only to the initial dataset (representing the absolute truth), but also to
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randomly selected days. This comparison helps to gauge how much better these clustering
algorithms are than random sampling (which represents, theoretically, the worst-case

scenario).

3.3.1. Visual Inspection

Two types of visual inspections are conducted for each clustering algorithm and
each number of representative periods. The first involves plotting the data points of the
clustered dataframe with no shift against the data points of the other 24 clustered
dataframes that have been unshifted. This offers a visual representation of how shifting
impacts the clustering algorithm. To gain specific insights for each attribute, these plots
are divided into three sub-plots.

The second visual inspection involves plotting the duration curve of the initial
daily data dataframe against each of the 25 unshifted, clustered, and expanded dataframes.
This comparison provides insights into how well the clustered data represents the initial

data and how the shifting process influences this representation.

3.3.2. Statistical Measures
3.3.2.1. Mean

The first statistical measure analysis performed is the mean. The mean of each
attribute for the initial daily data dataframe, the 10 expanded random sample dataframes
and the 24 expanded, unshifted clustered data dataframes is calculated according to the

following formula:

1 365
— — X.
H 365; '
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Where x; represents a day with all its attributes (demand, solar, wind). The
resulting data is then exported to excel and plotted in boxes and whiskers charts to
compare how accurately the clustering algorithms capture the mean of the original daily
dataset and how shifting varies this accuracy. This is repeated for every clustering

algorithm and for each number of representative periods.

3.3.2.2. Variance

Similar to section 3.3.2.1, the variance of each dataframe is calculated using the

following formula:

365

2 1 2
o 365;(. )

Where x; represents a day with all its attributes (demand, solar, wind). The
resulting data is also exported to excel and plotted in boxes and skewers charts to compare
how accurately the clustering algorithms capture the variance of the original daily dataset
and how shifting varies this accuracy. This is repeated for every clustering algorithm and
for each number of representative periods. Finally, the value is square rooted in order to

get the standard deviation.

3.3.2.3. Correlation

Similar to the above sections, 3 correlations are calculated. First the correlation of
demand and solar data is generated, then the correlation of demand and wind data and
finally the correlation of solar and wind data. The correlations are calculated following
the formula below:

D Y CESEI RS
I =X x X (- v
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The resulting data is also exported to excel and plotted in boxes and skewers
charts to compare how accurately the clustering algorithms capture the correlation of
the original daily dataset and how shifting varies this accuracy. This is repeated for

every clustering algorithm and for each number of representative periods.

3.3.2.4. Sum of Euclidean Distance of Duration Curves

The duration curves are plotted according to section 3.3.1 as a way for visual
inspection. In effort to quantify how accurate the clustered data capture the original
data, the sum of Euclidian distances between the duration curves of the initial data and
all clustered data is calculated according to the formula below. The random sampling

experiment is also used in this section similar to the ones mentioned previously.

8760
ED = \/z (Xiinitial _ Xiclustered )2
i=1

The resulting data is also exported to excel and plotted in boxes and whisker
charts to compare how accurately the clustering algorithms capture the original daily
dataset and how shifting varies this accuracy. This is repeated for every clustering

algorithm and for each number of representative periods.

3.3.2.5. Time Series Error

Another statistical measure assessed is the TSE. This measure evaluates the

difference between the initial daily data dataframe and the expanded clustered dataframe
by calculating the Euclidean distance between corresponding elements in the two
dataframes. The TSE captures the error introduced by replacing the full dataset with the
clustered one for temporal reduction, providing a clear indication of how accurately the

clustering algorithm replicates the original dataset.
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3.3.2.6. Spread Indicator

The Spread Indicator is an initial data characteristic that measures how closely the
profile of each day aligns with that of its successor. As detailed in the equation below,
this indicator is calculated by summing the Euclidean distances between each day and its

successor, then averaging these values to obtain a single indicator for the entire dataset.

364
1

SI = —z dist(xi,xi+1)
i=1
Where x; represents a vector containing all the values of demand, solar CF and
wind CF attributes corresponding to a day i. A high Spread Indicator suggests that the

data is widely dispersed, while a low Spread Indicator indicates that the data follows a

consistent profile pattern over extended periods of time.

3.3.2.7. Shifting Effect

This measure is introduced to quantify the effect of shifting. For each shift, the
sum of Euclidean distances is calculated between its elements and those of every other
shift. This approach allows us to track how shifting generates deviations from one shift
to another. These values are then summed for each clustering algorithm and each number
of representative periods (K) to observe how this measure varies with these parameters.

The equations below represent this measure mathematically.

365
Rij = Z dist(xi,y,xj,y)
y=1

Where x; ,) corresponds to the vector containing all the attributes’ elements

representing the day y in shift i.
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3.4. A Posteriori Measures Analysis

Following the execution of the GEP optimization model, a posteriori analysis is
conducted. This analysis specifically considers 9 distinct optimization outputs. The first
output under examination is the net present value of the cost. This is followed by an
examination of the total capacity added of four technologies: CCGT, Solar PV, Wind
turbines and storage batteries. The GEP optimization model considers a green field,
meaning that it is assumed that no capacity of the mentioned technologies existed before.

The remaining outputs under consideration are the generation of the mentioned
technologies across all the planning horizon (20 years). This helps in understanding the
difference between the outputs on a dispatching level, giving deeper understanding of the
decisions executed.

The analysis is performed by processing all the shifted, clustered data along with
the corresponding weights (for all clustering algorithms, all K) as inputs to the GEP
model. The resulting outputs are then assessed against the outputs derived from running
the full case, which is the original dataset prior to clustering, representing the absolute
truth. The feasibility of running the full case is due to the relative simplicity of the GEP
model and its capacity to handle a large volume of data.

Similar to a priori analysis, 24 random dataframes, each containing K days, are
selected from the original dataset. This selection is made to obtain the theoretically worst
possible solution and to bound the analysis. Subsequently, the data are exported to Excel
and visualized using box and whisker plots. These plots serve to compare how decisions,

based on the clustered data, deviate from the absolute truth scenario. This comparison
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aids in determining the most effective clustering algorithm and in understanding the

influence of shifting on these decisions.

3.5. Case Studies
3.5.1. RTS Data

Both datasets utilized in this study are sourced from the GridMod/RTS-GMLC
repository on GitHub (RTS, 2023). The RTS, or Reliability Test System, data is a set of
empirical data generated for an imaginary area in the United States. It was created
specifically for energy studies and is widely recognized in the field. This dataset provides
hourly data on energy demand, solar PV capacity factors, and onshore wind turbine
capacity factors, which form the foundation of the experiment done in this research. The
granularity of the data allows for a detailed analysis of energy patterns and trends.
Furthermore, the credibility of the RTS data is well-established, as it has been used in
numerous studies, thereby adding to the robustness of the research. This data is split into
three zones. Zone 1 and Zone 3 are taken as distinguished datasets for this study. Zone 2

was disregarded given that it does not contain wind data.
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CHAPTER 4

RESULTS

4.1. RTS1 Data Case Study

In the following sub-sections, results of the first case study will be displayed. This
includes both “a priori” and ““a posteriori” results of the three clustering algorithms under
evaluation.

Before delving into the comparison of results, an illustrative scenario utilizing the
Hierarchical clustering algorithm with K=4 will be addressed to facilitate a clearer
comprehension of the subsequent findings.

Firstly, data slicing and manipulation are executed. At this stage, the hourly data
undergoes partitioning into shifted dataframes, with each dataframe differing from its
predecessor by a 1-hour shift, as explained in Section 3.1 and depicted in Figure 5.
Subsequently, these dataframes are transformed into daily dataframes to serve as inputs
for the clustering algorithm.

Following the execution of the hierarchical clustering algorithm in this illustrative
scenario, the 365 days of initial data are simplified into 4 representative days. The
clustering algorithm is applied to each shifted dataframe, resulting in 24 sets of 4
representative days each.

The comparison will be conducted across two main categories. The first category
aims to evaluate the effectiveness of the clustering algorithm in replicating the statistical
and "a posteriori” measures of the initial full dataset, as detailed in Sections 3.4 and 3.5.
This is primarily achieved by assessing these measures for each clustering output of the

shifted dataframes and exporting them to Excel for subsequent plotting of box and
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whisker diagrams comparing these clustering output measures against those of the initial
dataset. These diagrams serve the dual purpose as an aid in visualizing the variability
induced by slice shifting, and to check how accurately can the clustering algorithm
replicate the full dataset results.

The second category serves to further shed light on the effect of slice shifting and
is subdivided into two types. The first type involves plotting the representative periods
generated from each slice shifting against those generated from the zero shift. The
horizontal axis of these plots represents time, where the 24-hour interval symbolizes a
single day. The vertical axis represents the capacity factors in the case of solar and wind
attributes, and the normalized demand in the case of demand attribute. A comparison
between the results of a 12-hour shift and a zero-hour shift is illustrated in Figure 7 below,
where the zero-shift is represented by a smooth line, and the 12-hour shift by a dotted
line. Each line, irrespective of type, represents one representative day, and due to the

illustrative nature of this case with K=4, four lines of each type are visualized.
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Figure 7 lllustrating the plots of representative days generated by Hierarchical
clustering and K=4, for both 0-shift and 12-shift.
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The second type of visual inspection is the duration curves plotting. This
time, the clustered representative periods are expanded by multiplying each one by its
corresponding weight generated from the clustering algorithm. These weights represent
the number of datapoints assigned to the cluster represented by the corresponding
representative period. Then, the duration curve of each shifted slice clustering output is
plotted against the duration curve of the full dataset. Figure 8 below is an illustrative

example of the duration curve of the 0-shift (left) and the one of the 12-shift (right).
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Figure 8 Serving as illustrative example of the duration curve of the 0-shift (left) and
the one of the 12-shift (right).
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The plots are split into the three attributes-Demand, solar and wind- to have a
deeper perspective on how the shifted slicing is affecting each one. The horizontal axis
also represents time, having 8760 hours representing the whole yearly data (of the 365
days). The vertical axis represents the capacity factors in the case of solar and wind
attributes, and the normalized demand in the case of demand attribute.

What was explained in this subsection is repeated for every number of
representative periods (4,8,16 and 32) and for all the clustering algorithms under study
(Hierarchical, Kmeans and Kmedoids). The analysis and comparison of results is

provided in the following subsections, each representing certain testing criteria.

4.1.1. Visual Inspection

The process of visual inspection involves the comparison of representative days
generated from the shifted slices with those from the zero-shift slice. This comparison
aids in determining whether slice shifting has an impact on the representative days
generated. To maintain traceability, only the outcomes from the zero-shift slice (the
original slice) and the 12-shift slice (the slice shifted by half a day) will be presented.
Moreover, the results displayed will be limited to K values of 4 and 16, as the usage of
K=32 is infrequent in existing literature and the utilization of these two K values is
deemed sufficient for the validation of the findings. The graphs of the plots are captured

in figure 9 below, where each colored line represents 1 representative day:
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Figure 9 illustrating a comparison between representative days generated by shift 12 to those
generated by shift 0, splitted among the three attributes.

While these graphs do not allow for definitive conclusions, two primary
observations can be made. Firstly, the representative days produced by the shifted data
(indicated by dotted lines) exhibit a slight deviation from those generated by the zero-
shift (indicated by smooth lines). This deviation persists for all the clustering algorithms
and even as K increases from 4 to 16, suggesting that slice shifting may indeed influence
the clustering outputs. Secondly, the deviation is minimal in the case of solar data but is
considerably more pronounced for wind data. This is primarily due to the high variability
of wind data and its asymmetric plots, which make it more susceptible to the effects of
slice shifting.

An additional visual inspection involves examining the duration curves of the
generated representative periods and comparing them to the duration curves of the
original data. This comparison aids in determining whether an increase in the number of
representative periods enhances the capacity to capture the entirety of the data, and how

slice shifting might influence this capacity. For this analysis, the duration curves for the
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representative periods generated by zero-shift and 12-shift for K=4 in the Kmedoids

clustering algorithm are depicted in Figure 10 below.

In terms of the impact of shifting, visualized in the figure below, a slight variation

is observable between the duration curves of zero-shift and 12 hours-shift. This deviation

Is particularly noticeable in the wind duration curves, underscoring the notion that wind

data is the attribute most significantly affected by slice shifting.
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Figure 10 Illustrating the duration curves plots of the original data and representative
periods generated with 4 representative days and Kmedoids algorithm for 0-shift and

4.1.2. Statistical Measures

12-shift for RTS1.

This section will present the results of various statistical measures. Specifically, a

comparative analysis will be conducted between the clustered data and the full dataset,

focusing on aspects such as mean, standard deviation, and correlations. A more detailed

examination of the duration curves will also be undertaken, involving the calculation of

the Euclidean distance between the curves of the clustered and original data. This

approach facilitates the conversion of the visual inspection conducted in the previous
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section into a numerical analysis. Accommodations for the effect of shifting will be made
by representing the relevant measures in box and whisker plots, aiding in the visual
identification of deviations caused by the 24 shifts. While these statistical measures are
performed for each attribute - demand, solar, and wind - only selected results of certain

measures will be displayed for traceability purposes.

4.1.2.1. Demand Standard Deviation

As illustrated in Figure 11, the K-medoids algorithm consistently outperforms
other clustering algorithms in capturing the demand standard deviation across all values
of K, demonstrating its superiority in this context. Notably, as K increases from 4 to 32,
the standard deviation values gradually converge toward those of the full dataset. This
outcome aligns with established findings in the literature, as a higher K value allows for
a more accurate representation of the underlying data dynamics by accommodating a
greater number of representative periods.

Additionally, the analysis reveals that the effect of shifting—represented by the
width of the boxes in the figure—diminishes as K increases. This trend suggests that the
impact of shifting becomes less significant at higher K values, indicating a more stable
clustering performance and reduced sensitivity to temporal variations. This behavior
further underscores the advantage of using a larger number of clusters to capture the

intricacies of the dataset.

45



0> Demand Std Dev Hierarchal 02 Demand Std Dev Kmeans
Full Dataset s o
0.16 0.16
0.14 » 0.14
*
0.12 e —— 0.12 ————
01 i - 0.1 . ¥
0.08 =S 0.08
0.06 0.06
0.04 0.04
0.02 0.02
- 0 O
02 Demand Std Dev Kmedoids 02 Demand Std Dev Random
0.18 0.18
0.16 0.16 ¥ I .
0.14 0.14 2
K16 0.12 X -*—1——‘— 012 ¢ *--*
== H
0.1 ¥ 0.1 s
) ; .
.l

K32 0.02 0.02

Figure 11 Comparing the demand standard deviation of all cases against the full dataset
of RTS1

4.1.2.2. Wind Duration Curve Distance

This measure calculates the difference between the duration curves of the full
dataset and those of the expanded clustered dataframes. Ideally, the best-case scenario is
a value of 0, indicating perfect alignment between the two curves. As depicted in Figure
12 below, the K-medoids algorithm consistently produces the smallest values across all
values of K, reaffirming its superior performance in minimizing the discrepancy between
the original and clustered data.

Another important observation is that as K increases, the distance between the
duration curves decreases. This trend further supports the concept that a higher number
of clusters leads to a more accurate representation of the data, allowing the clustered
dataset to better replicate the characteristics of the full dataset. This behavior highlights
the importance of selecting an appropriate K value to achieve a balance between

computational efficiency and data fidelity.
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Figure 12 Comparing the Wind duration curve distance of all cases for RTS1

4.1.2.3. Demand-Wind data Correlation

As depicted in Figure 13, clustering algorithms have a tendency to underestimate
the demand-wind correlation of the original dataset. This underestimation is most
pronounced when K equals 4, but it gradually diminishes as K increases. Once again, K-
medoids demonstrates its superior capability in accurately capturing the statistical
characteristics of the original dataset, as it consistently produces values closest to the
original data correlation among all clustering algorithms. However, this only applies
when K equals 4 and 8. For K values of 16 and 32, all clustering algorithms tend to yield
similar values. The shifting process has a significant impact, particularly when there are
4 representative days, leading to considerable variability. This variability, however,
decreases as K increases. K-medoids is again the algorithm most affected by shifting,

Interestingly, this variability is not trivial when compared to the variability observed in
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the randomly selected days. This highlights the sensitivity of the K-medoids algorithm to

the shifting process, which is an important factor to consider in this analysis.
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Figure 13 Comparing the demand-wind correlation of all cases against the full dataset

4.1.2.4. Spread Indicator & Shifting Effect

As illustrated in Figure 14, the Spread Indicator for this dataset is 0.2122, leading
to relatively high values for the shifting effect. Notably, K-medoids exhibit the highest
shifting effect values, confirming numerically that this algorithm is the most sensitive to
shifts. This observation underscores the impact of data shifts on K-medoids, making it
particularly important to consider this effect when using the algorithm for temporal data

clustering.
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Figure 14 Displaying the values of spread indicator and shifting effect measures for
RTS1 data

4.1.3. A Posteriori Measures

Following the a priori measures, which consistently suggest that the k-medoids
algorithm is the most effective for clustering and the most susceptible to shifting, a
posteriori measures will be employed to validate these findings. These measures will be
analyzed using methodologies similar to those applied to the statistical measures. After
implementing the optimization model developed by Mr. Joseph Hammana, a co-
researcher and fellow student at the American University of Beirut, on all cases, key
outputs from the optimization are considered. These include the net present value (NPV)
of costs, the cumulative capacity built over a 20-year planning horizon for four critical
technologies: Combined Cycle Gas Turbines (CCGT), Photovoltaics (PV), Wind turbines
and storage batteries. Additionally, generation of these technologies are also considered
to provide deeper insights into the behavior of the optimization model throughout the
planning horizon. For traceability, selected results will be displayed in subsequent

sections.
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4.1.3.1. Net Present Value of Costs

The vertical axis of Figure 15 represents the net present value (NPV) of costs in
millions of dollars. The figure clearly shows that the k-medoids algorithm consistently
yields costs that are closest to those of the full dataset, especially for lower K values,
further validating its superiority among the clustering algorithms. The gap between the
costs resulting from the clustered data and those of the full dataset narrows as the number
of representative periods (K) increases. This indicates that increasing K not only enhances
the accuracy of the data representation but also positively affects the optimization
outcomes.

It is also worth noting that as K increases, the results across all algorithms
converge, making this measure less effective for evaluating a posteriori performance.
This convergence underscores the limitations of relying solely on this measure, thereby
validating the importance of the other metrics considered in this study. These additional
measures provide a more comprehensive evaluation of the clustering algorithms'

performance, ensuring a more robust analysis of their effectiveness.
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Figure 15 Comparing the NPV of costs for all cases against the full dataset
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4.1.3.2. CCGT Cumulative Capacity Added

Figure 16's vertical axis displays the cumulative added capacity of Combined
Cycle Gas Turbines (CCGT) technology in Megawatts (MW) over the 20-year planning
horizon. This figure reinforces previous findings, showing that the k-medoids algorithm
continues to be the most effective clustering algorithm at replicating the decisions made
by the optimization model using the full dataset as input. Additionally, as the number of
representative periods (K) increases, the discrepancy between the capacity decisions
based on the clustered data and those based on the full dataset diminishes. This trend
underscores the effectiveness of increasing K in aligning clustered data outcomes with

those of the full dataset. These interpretations hold true for all remaining technologies.
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Figure 16 Illustrating the decision of the cumulative CCGT capacity added over the
planning horizon, for all clustering algorithms and all K for RTS1.

4.1.3.3. Battery Generation

Figure 17 illustrates the battery generation in terawatt hours (TWh) across the
planning horizon, with the vertical axis representing this key metric. Unlike previous

observations, the clustering algorithms in this scenario tend to overestimate battery
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generation, with this discrepancy becoming more pronounced as the number of
representative periods, K, increases.

This trend can be attributed primarily to the unique nature of energy storage
systems, which heavily depend on chronological dependencies between days. When
using clustering algorithms that segment the dataset into multiple representative
periods, these chronological dependencies are partially disrupted, leading to
Inaccuracies.

The full dataset, treated as a single representative period with 8,760 hours,
preserves these chronological links most effectively, as seen in the benchmark case.

Among the algorithms evaluated, K-medoids demonstrates the lowest
overestimation, especially for lower values of K. This suggests that K-medoids is better
at maintaining the underlying data structure and temporal dependencies, particularly
when fewer representative periods are used. Its ability to minimize the gap between the
clustered dataset and the full dataset underscores its superiority in scenarios where the

chronological integrity of the data is crucial.
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Figure 17 Comparing Battery generation of all cases against the full dataset for RTSL1.
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4.2. RTS3 Data Case Study

In the subsequent subsections, the results of the second case study will be
presented in a manner similar to how the results of the first case study were displayed.
This approach will facilitate a direct comparison between the two studies, helping to
investigate the generalizability of the findings from the first case study. This comparison
will be crucial in determining if the trends and patterns observed in the first study hold

true across different datasets or scenarios.

4.2.1. Visual Inspection

The same method of visual inspection used in the first case study is also applied
to this case study. The initial step involves plotting the representative periods generated
from the O-shift and comparing them to those generated from a 12-hour shift. As depicted
in Figure 18, the deviation between the two types of representative days persists and is
most pronounced in the wind attribute. Importantly, this deviation does not diminish with
an increased number of clusters (K), indicating that shifting continues to impact the
representation of data, particularly for the wind attribute, regardless of the number of

representative periods used.
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Figure 18 Illustrating the representative periods plots generated by the 0-shift and 12-
shift for the second case study.

The second step in the visual inspection process involves plotting the duration
curves of the generated representative periods and comparing them to those of the original
data. This comparison is crucial for assessing whether an increase in the number of
representative periods can enhance the representation of the entire dataset and how slice
shifting might influence this capability.

Figure 19 shows the duration curves for the representative periods generated by
zero-shift and 12-hour shift. The analysis concludes that as the number of representative
days increases, the duration curves of the clustered data (depicted in orange) become
smoother and more closely align with the duration curves of the original data (depicted
in blue). This improvement indicates that augmenting the number of representative days
enhances the ability of the clustered data to encapsulate the full dataset, a finding that is

both logical and well-documented in the literature.
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In terms of the impact of shifting, and as depicted in figure 19 below, a slight variation is
observable between the duration curves of zero-shift and 12-hour shift. This deviation is
particularly noticeable in the wind and demand duration curves, underscoring the
sensitivity of wind and demand data to slice shifting.

These observations are consistent with those from the first case study, suggesting
that the effects observed are generalizable and not specific to the initial case. This

alignment further supports the reliability of the findings across different datasets and

scenarios.
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Figure 19 Illustrating the duration curves plots of the original data and representative
periods generated with 4 representative days and Kmedoids algorithm for 0-shift and 12-
shift for RTS3

4.2.2. Statistical Measures

For the second case study, the same statistical measures used in the first case will
be applied. The results will include various statistical metrics such as mean, standard

deviation, and correlation coefficients, among others.
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4.2.2.1. Demand Standard Deviation

The trends observed in this dataset closely mirror those identified in the analysis
of the first dataset. As seen previously, the K-medoids algorithm continues to excel in
capturing the standard deviation across all values of K, with the standard deviation
values converging toward those of the full dataset as K increases. This reinforces the
notion that a higher number of representative periods allows for a more precise
depiction of the underlying data dynamics. However, a notable distinction between the
two datasets lies in the impact of shifting, which is represented by the width of the
boxes in the figures. In this new dataset, and as shown in figure 20 below, the shifting
effect is less pronounced, indicating a reduced sensitivity to shifting variations. This
suggests that while the overall trends remain consistent, the clustering algorithms
exhibit greater stability in this dataset, with less influence from the slice shifts that were

more prominent in the first dataset.
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Figure 20 Comparing the demand standard deviation of all cases against the full dataset
of RTS
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4.2.2.2. Wind Duration Curve Distance

The trends observed in this measure for the new dataset are similar to those
identified in the first dataset. Specifically, this measure calculates the difference between
the duration curves of the full dataset and those of the expanded clustered dataframes,
where an ideal value of 0 would indicate perfect alignment. As illustrated in Figure 21,
the K-medoids algorithm consistently produces the smallest discrepancies across all
values of K, reaffirming its superior performance in minimizing the deviation between
the original and clustered data. This aligns with the findings from the first dataset, where
a higher number of clusters (K) also led to a more accurate representation of the data,
with the distance between duration curves decreasing as K increased. This consistency
further supports the concept that increasing K enhances the fidelity of the clustered
dataset in replicating the full dataset’s characteristics.

Moreover, the observation of a reduced shifting effect, as noted in the previous
section, still persists in this new dataset. This indicates the emergence of a new trend,
where the impact of shifting diminishes across measures of the second dataset, indicating

that RTS3 is less susceptible to slice shifting.
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4.2.2.3. Demand-Wind data Correlation

The interpretations from the first case study concerning the demand-Wind data
correlation are applicable to this case as well, as shown in figure 22. All clustering
algorithms tend to underestimate this correlation. The k-medoids algorithm consistently
generates values that are closest to those of the full dataset. The effect of shifting is
slightly noticeable and diminishes as the number of representative days (K) increases.

The boxes width if this measure with RTS3 dataset continues to be less
pronounced compared to that of RTS1, reaffirming that this dataset is less susceptible to

slice shifting.
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Figure 22 Comparing the correlation between normalized demand and solar capacity
factors of the clustered data against the original dataset of RTS3.

4.2.2.4. Spread Indicator & Shifting Effect

As illustrated in Figure 23, the Spread Indicator for this dataset is 0.1773, which
is lower compared to the spread indicator of RTS1, explaining the reason why RTS3
dataset is less susceptible to shifting effect. K-medoids still exhibits the highest shifting
effect values, confirming numerically that this algorithm is the most sensitive to shifts

once again. This observation underscores the impact of data shifts on K-medoids, making
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it particularly important to consider this effect when using the algorithm for temporal data
clustering. Moreover, these observations reassure that the shifting effect is related to the

spread indicator, since a lower spread indicator showed lower shifting effect.
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Figure 23 Displaying the values of spread indicator and shifting effect measures for
RTS3 data.

4.2.3. A Posteriori Measures

The same a posteriori measures used in the first case study are also applied to this
case. These measures will help assess the economic and operational performance of the

clustering algorithms under study.

4.2.3.1. Net Present Value of Costs

The findings from the first case study are mirrored in this one. The vertical axis
of Figure 24 displays the net present value (NPV) of costs in millions of dollars. The
figure demonstrates that the k-medoids algorithm consistently produces cost estimates
that closely align with those of the full dataset, affirming its superiority among the

clustering algorithms. As the number of representative periods (K) increases, the disparity
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between the costs derived from the clustered data and those from the full dataset
diminishes. This trend suggests that increasing K improves not only the precision of data

representation but also positively impacts the outcomes of optimization.
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Figure 24 Comparing the net present values of costs of all clustered data to the cost of
full dataset for RTS3

4.2.3.2. CCGT Cumulative Capacity Added

The trends visualized in Figure 25 for the cumulative added capacity of Combined
Cycle Gas Turbines (CCGT) in Megawatts (MW) over the 20-year planning horizon
closely mirror those observed in the first dataset. This figure reinforces previous findings,
demonstrating that the K-medoids algorithm remains the most effective clustering
algorithm in replicating the capacity decisions made by the optimization model when
using the full dataset as input. Additionally, as the number of representative periods (K)
increases, the discrepancy between the capacity decisions derived from the clustered data
and those based on the full dataset diminishes, further underscoring the effectiveness of
increasing K in aligning the clustered data outcomes with those of the full dataset.

Moreover, the observation of a reduced shifting effect, as noted in the previous

sections, persists in this measure as well. This suggests that the observation made in the
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previous section holds true: datasets with a smaller spread indicator consistently exhibit

a less pronounced impact of shifting compared to those with a higher spread indicator.
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Figure 25 Illustrating the decision of the cumulative CCGT capacity added over the
planning horizon, for all clustering algorithms and all K for RTS3

4.2.3.3. Battery Generation

The observations made in the previous dataset regarding battery generation in
terawatt hours (TWh) hold true in this new context as well. As previously noted, the K-
medoids algorithm did not outperform other clustering algorithms in preserving the
underlying data structure, particularly when fewer representative periods are used. This
behavior persists in the current dataset, with K-medoids continuing to be the most affected
by shifting.

However, and as shown in figure 25 below, due to the unique nature of energy
storage systems, the shifting effect is relatively more pronounced in this dataset compared
to other measures. This indicates that storage parameters are particularly susceptible to
the shifting effect, emphasizing the importance of carefully considering temporal

variations when analyzing battery generation.
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Figure 26 Comparing Battery generation of all cases against the full dataset for RTS3.
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CHAPTER 5

LIMITATIONS

This study incorporates a number of limitations that must be acknowledged to
appropriately contextualize the findings. Firstly, the use of a simplified Generation
Expansion Planning (GEP) optimization model introduces certain constraints. While this
model is effective for illustrating broad trends and theoretical implications within the
defined parameters, its simplified nature means that the results cannot be considered
conclusive or directly translatable to real-world scenarios without further refinement and
testing. The model’s assumptions and limitations could affect the reliability of the
optimization outcomes, thus they should be interpreted with caution.

Secondly, the exclusion of extreme days in the selection of representative periods
represents another significant limitation. By not incorporating days with extreme weather
conditions or unusual demand spikes, there is a risk that the model smooths out these
critical periods, potentially overlooking important aspects of system behavior under
stress. This omission can lead to a misrepresentation of the true variability and risk in the
energy system being studied. As a result, the clustering algorithms applied may fail to
capture the full range of dynamics present in the original dataset, leading to an
underestimation of potential challenges in grid management and energy supply reliability.

These limitations suggest that while the study provides valuable insights into the
clustering algorithms performance and the potential effect of slice shifting, the findings
should be viewed as preliminary. Further investigation with a more comprehensive model

Is necessary to validate and extend these results.
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CHAPTER 6

CONCLUSION

This thesis has thoroughly investigated the performance of various clustering
algorithms in the context of Electricity Generation Expansion Planning (GEP), with a
particular emphasis on accurately selecting representative periods that reflect the
variability in electricity demand and renewable energy supply. The research focused on
three primary algorithms: Agglomerative Hierarchical, K-means, and K-medoids,
analyzing their effectiveness in replicating the statistical characteristics and GEP
decisions derived from the full dataset. Additionally, the study explored the influence of
different data slicing methods on the performance of these clustering algorithms.

The findings reveal that slice shifting plays a significant role in the selection of
representative periods, impacting both investment and runtime (dispatching) decisions.
It was observed that a higher number of representative periods (K) can mitigate the
adverse effects of slice shifts, thereby enhancing the accuracy of the clustering
outcomes. Among the algorithms studied, the K-medoids algorithm consistently
demonstrated superior performance in replicating the full dataset's statistical measures,
making it the most effective algorithm in both a priori and a posteriori evaluation.

However, it was also the most sensitive to shifts in data slicing, which could
lead to variations in clustering outputs and subsequent GEP decisions.

Moreover, the study identified that the Net Present Value (NPV) of costs is not a
sufficient metric on its own to assess the quality of representative periods. This
underscores the importance of considering additional measures to test the quality of
representing the underlying data. The research also highlighted that the shifting effect

observed in a priori measures tends to impose a corresponding shifting effect in a
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posteriori measures. This phenomenon is particularly pronounced in datasets with a
higher spread indicator, where the impact of slice shifting becomes more significant.

In conclusion, this research underscores the critical importance of accurate data
representation in optimizing energy planning and operations. The findings provide
valuable insights for both the theoretical understanding and practical application of
clustering algorithms in GEP. By demonstrating the effects of slice shifting and the
sensitivity of the K-medoids algorithm, this study contributes to the ongoing efforts to
improve the accuracy and reliability of energy system modeling and decision-making
processes.

The main contribution of this research lies in highlighting a potential issue that
could impact clustering and GEP model outcomes: the slice shifting of data. To address
this, the study introduces two new a priori measures—the spread indicator and the
shifting effect. The results show that datasets with a higher spread indicator are more
susceptible to significant shifting effects, which could lead to variability in GEP model
outcomes and undermine the robustness of the results. This lack of robustness is a
critical concern, as it may lead to incorrect decisions and suboptimal resource usage.

However, if the spread indicator is low, there is minimal concern regarding
shifting effects. In cases where the spread indicator is high, special attention is required,
and one potential solution is to use a stochastic GEP model that incorporates the outputs
from 24 different shifts. This approach could help accommodate the shifting effects and

ensure more reliable and consistent outcomes.
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