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Abstract

Electrification is increasing the pressure on electricity distribution grids, causing
congestion and capacity problems, while grid infrastructure is characterized by long
planning and construction lead times. Consequently, Distribution System Operators
(DSOs) must make better use of the existing grid and its existing resources through
flexibility, defined as ability to shift loads away from peaks and reduce congestion
risks through different technologies. Thus, a DSO must increasingly rely on
flexibility market mechanisms to manage capacity. A central challenge is to identify
where, when, and how flexibility in the grid, and how it can be captured and
deployed to solve grid related issues. One way to address this challenge is to analyze
the large amounts of smart meter data generated by electricity consumption in the
city, while also better understanding how the organization can utilize these resources.

This thesis examines how data-driven analysis and strategic decision-making jointly
shape the deployment of flexibility through an interdisciplinary approach. The
study combines advanced quantitative data analysis and clustering techniques
with a qualitative organizational and innovation ecosystem study. It examines
how interdependent actors jointly enable flexibility in the grid, while creating a
data pipeline and identifying relevant use cases and trade-offs based on interviews
with key stakeholders within the DSO organization and its surrounding external
actor network. The quantitative analysis develops consumption baselines and
applies clustering to identify recurring demand patterns among households and
small to medium-sized enterprises. The qualitative analysis examines how these
analytical outputs can be interpreted, acted upon, and embedded in organizational
decision-making and flexibility market development.

The findings show that smart meter data can be used to show where,
when, and how much flexibility exists. The study also finds that, within the
regional flexibility market context, geographical clustering provides limited
additional value, allowing analytical efforts to focus instead on clustering customers
based on similarities in consumption behavior. Furthermore, the results highlight
that clustering outputs must remain operationally actionable, where fewer, clearer,
and more explainable customer groups are more useful for decision-making than
highly granular segmentations.



These findings imply that flexibility deployment is both a technical analytics chal-
lenge, and an organizational and ecosystem challenge. By linking advanced data
analytics and clustering methods to the practical needs of DSOs, aggregators, and
other ecosystem actors, the study shows how smart meter data can support more
resource-efficient, lower-risk, and strategically informed flexibility deployment in
modern electricity distribution systems.

Keywords: smart meter data, flexibility markets, electricity distribution systems,
DSOs, data-driven decision-making, energy system planning, qualitative interviews,
organizational analysis, innovation ecosystem analysis, innovation ecosystems, dy-
namic capabilities, technology adoption, data pipeline design, consumption model-
ing, ARIMA, SARIMAX, clustering methods, Wards linkage, K-means, DBSCAN,
load profiling, peak demand, demand-side flexibility, geographic clustering, compu-
tational efficiency, resource allocation, interdisciplinary.
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1

Introduction

Sweden is experiencing increasing electricity demand driven by electrification of
transport, industrial transformation, and broader decarbonization objectives [1].
At the same time, expansion of grid capacity and generation assets is characterized
by long lead times and regulatory complexity [2]. As a result, Distribution
System Operators (DSOs) face growing pressure to optimize utilization of existing
infrastructure rather than relying solely on physical grid reinforcement.

One increasingly important response to these challenges is flexibility, the
ability to shift or reduce electricity consumption in response to grid needs [3].
Flexibility is central to maintaining system reliability and managing local capacity
constraints, but its value depends on more than its technical availability. It
must also be understood in relation to the actors involved, like DSOs, flexibility
providers such as large scale battery companies and industries, their incentives,
organizational capabilities, and market arrangements that determine whether
flexibility can actually be deployed [4].

Flexibility must also be inferred through analysis of consumption patterns,
peak load dynamics, spatial variation, and external conditions such as weather and
electricity prices [5]. The deployment of Advanced Metering Infrastructure (AMI)
has thus created new possibilities for such analysis by generating high-resolution
electricity consumption data across the distribution grid [6].

This thesis studies flexibility as both a data-analytical and a managerial
challenge by combining smart-meter data analysis with a qualitative study of the
organizations innovation ecosystem through interviews and managerial concepts.
Innovation ecosystems describe how a system of actors align towards a common
goal to achieve outcomes that one single actor could not achieve by itself [7].

1.1 Context of Study

In Sweden’s Updated National Energy and Climate Plan, the ability to adjust
electricity consumption by shifting or reducing load on the grid, flexibility, is
highlighted as a necessary capability for maintaining system reliability in the
coming decades [3]. This development is not unique to a single city or company,
but reflects a structural transformation affecting distribution grids nationally and
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across Europe [8]. This thesis examines these dynamics in the empirical context of
Gothenburg, Sweden, where concentrated load growth, adoption of electric vehicles,
and industrial electrification make the challenges particularly visible [9].

Traditionally, grid planning has relied on assumptions of peak demand
growth and long-term load forecasts [10]. However, increasing temporal variability
in consumption patterns challenges static planning approaches [5]. Electricity
demand now reflects not only structural consumption needs, but also behavioral
factors such as electric vehicle charging schedules, distributed generation, price
responsiveness, and weather-dependent heating loads. These dynamics directly
influence when and where peak loads occur.

In this thesis flexibility is studied through the difference of maximum ob-
served load and actual consumption at a given point in time. It reflects the extent
to which demand could, in principle, be shifted without reducing total energy use
[5]. At any given moment, the available flexibility corresponds to the gap between
current consumption and technical or behavioral capacity limits [11]. Identifying
this gap requires understanding both temporal variation (day, week, month, season)
and spatial distribution across the grid.

1.2 Motivation

The increasing complexity of electricity consumption creates an increased need
for more informed data approaches to planning of the distribution grid. As
electrification accelerates, DSOs must determine whether capacity challenges
should be addressed through infrastructure reinforcement, flexibility mechanisms,
tariff design, or a combination of these tools. Thus, the DSO that organizes this
system, needs both the capability to identify and operationalize data-streams and
an active involvement with dependent actors to draw the most out of flexibility.

DSOs broadly have three categories of tools available when addressing ca-
pacity constraints [2], [4]. The first is physical infrastructure reinforcement, which
provides long-term capacity expansion but involves substantial capital expenditure
and long planning horizons [10]. The second is the activation of flexibility
mechanisms, including structured flexibility procurement where consumers are
compensated for temporary load reductions [4]. The third is tariff design and
price-based incentives, which may influence consumption behavior over longer time
scales if regulatory conditions permit.

The relevance of each tool depends on when, where, and how much flexi-
bility exists within the grid [5]. If peak loads are structurally concentrated and
largely insensitive to external signals, infrastructure reinforcement may be justified.
If load peaks are temporally sharp and potentially shiftable, flexibility mechanisms
or tariff-based incentives may provide more efficient solutions. The purpose of this
thesis is therefore not to prescribe a single intervention, but to develop an evidence



1. Introduction

based structure that connects quantitative flexibility analysis to the strategic
decision space of the DSO.

1.3 Interdisciplinary Opportunities

This thesis studies flexibility as both a data analytical and organizational challenge.
It combines a quantitative analysis grounded in the Computer Science and
Networks discipline with a qualitative analysis grounded in Management and
Economics of Innovation. While the two parts are designed to be independently
robust, their main value lies in how they inform each other when studying flexibility
in the context of a DSO.

The interdisciplinary approach creates several opportunities. First, it al-
lows the quantitative analysis to be guided by organizationally relevant questions,
such as grid planning, flexibility procurement, and collaboration with external
actors. Second, it gives the qualitative analysis an empirical foundation by linking
strategic discussion to observed consumption patterns. Third, it makes it possible
to evaluate flexibility both as a technical potential and as an organizational
capability.

The interdisciplinary approach also has some inherent challenges.  Quanti-
tative and qualitative findings can emerge at different stages of the research process,
making integration difficult. Interview insights may guide early analytical choices
before all data patterns are known, while unexpected quantitative findings may
appear after interviews have already been conducted. The interdisciplinary value
of the thesis, therefore, depends on the creation of meaningful points of connection
between the two analytical methods throughout the research process.

1.4 Flexibility as Data-Driven Grid Analysis

Unlike traditional grid planning approaches that often rely on static assumptions
about peak demand growth, flexibility analysis requires a more dynamic
understanding of electricity consumption. Peak loads are not only determined by
the total level of demand, but also by when demand occurs, and whether it is
sensitive to external conditions.

The quantitative component of this thesis focuses on constructing a scal-
able analytical framework capable of processing and structuring large volumes
of smart meter data into operationally meaningful representations of electricity
consumption behavior. Rather than analyzing individual consumption events
in isolation, the objective is to identify broader behavioral patterns related to
flexibility and peak formation within the distribution grid.

To achieve this, the study investigates how clustering techniques can be
applied to aggregated smart meter behavior in order to create interpretable
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consumer groupings based on similarities in consumption and surge patterns. Since
the available data is unlabeled, the objective is not to maximize predictive accuracy
in a supervised learning setting. Instead, emphasis is placed on developing an
effective data pipeline and evaluating clustering approaches capable of generating
computationally feasible, balanced, and operationally actionable clusters. The
analytical framework further integrates smart meter consumption data with
contextual information such as geographical data, weather observations, and
electricity price signals. However, insights obtained during the qualitative study
indicated that geographical proximity between flexibility sources was of lower
operational importance than behavioral similarity, since loads can frequently be
rerouted within the distribution grid. Consequently, the clustering methodology
prioritizes consumption characteristics and peak behavior over strict physical
adjacency.

The purpose of the framework is therefore not only analytical description,
but also organizational applicability. The resulting pipeline and clustering outputs
are evaluated based on their ability to produce interpretable and operationally
relevant representations of consumption behavior.

Answering these questions requires integrating high-resolution smart meter
data with geographical information, weather observations, and electricity price
signals.

1.5 Strategic Relevance for DSOs

This thesis also investigates how data-driven flexibility insights can influence the
strategic direction of a DSO. Furthermore, the thesis examines how such insights
can support the deployment of internal resources and capabilities in ways that
strengthen the DSO’s ability to respond to electrification and capacity challenges.

Strategic management literature has increasingly emphasized that firms
must manage operating under uncertainty, institutional change, and technological
complexity [4], [12]. These conditions are highly relevant to DSOs, which must
respond to rapid developments in flexibility resources, regulatory frameworks, and
market based solutions. The ability to interpret and act upon flexibility related
data can therefore be understood as part of the DSO’s broader strategic capability.

However, flexibility is not only an internal organizational issue.  Although
firm-level capabilities determine how a grid operator can govern and utilize
flexibility markets, the success of such markets ultimately depends on the
willingness and ability of external actors to participate. These actors may include
Battery Energy Storage System (BESS) providers, Photovoltaic (PV) owners, and
actors that aggregate flexibility resources [13], [14].

Thus, the innovation ecosystem involved in making flexibility options possi-
ble is also integral to understanding the potential of data findings for strategic

4
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deployment of internal resources [13]. The qualitative analysis therefore provides
the strategic context needed to interpret how data-driven flexibility insights could
support internal resource deployment and external ecosystem coordination [15].

1.6 Research Questions

This thesis is guided by three research questions that together address flexibility in
the distribution grid from both a data driven and strategic perspective.

1. What clusters can be created to capture the consumption patterns of mas-
sive amounts of smart meter data to gain insights about the flexibility in the
distribution grid?

2. Building on the flexibility insights derived from RQ1, how can a DSO position
itself within the emerging flexibility ecosystem, considering the role of external
actors, and internal resources and capabilities?

3. How can a data pipeline be constructed to effectively utilize the readily avail-
able smart meter- consumption, location data, weather and spot price data
based on the organizational needs? And how can this data become useful for
an organization considering their operations and broader ecosystem?

1.7 Contributions

This thesis demonstrates how data streams, containing the information of when
and where events are happening and the relationship between them, can be trans-
lated into decision-relevant insights for a DSO by iteratively aligning quantitative
analysis with qualitative understanding of organizational priorities and ecosystem
constraints.

Furthermore, the thesis contributes by developing an evidence based analytical
structure for understanding flexibility in the distribution grid. By combining high-
resolution consumption data with geographical information, temperature variables,
and electricity price signals, the thesis identifies when, where, and under what con-
ditions flexibility may exist.

In addition, the thesis contributes by informing on the selection of tools for capacity
management discussed in section 1.2. By identifying under what conditions flexi-
bility may exist, and by understanding internal and external actors conditions that
shape participation, the thesis helps clarify when different tools become relevant.

Finally, the thesis contributes to the broader discussion on how distribution grids
can transition toward more flexibility oriented and data informed planning practices
under increasing electrification. Thus, the thesis shows how DSOs can better utilize
existing infrastructure while preparing for future demand growth.
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1.8 Overview

The thesis is organized as follows. Chapter 2 presents the relevant background on
electricity distribution grids, smart meter data, and strategic management perspec-
tives relevant to DSOs. Chapter 3 defines the research problem and outlines the
challenges involved with investigating flexibility in the distribution grid. Chapter
4 describes the data sources and methodological approach deployed. Chapter 5
describes the risks and ethical considerations involved in the research. Chapter 6
presents the quantitative and qualitative findings, and the interdisciplinary analysis.
Chapter 7 concludes the thesis by summarizing the main findings, contributions,
limitations, and directions for future research.



2

Background

This chapter introduces the foundational theory and concepts needed to analyze and
interpret the empirical data and findings of this study. The first part of the back-
ground establishes the operational and related studies context, beginning with the
CLUE framework for time series clustering that outlines relevant limitations and pos-
sibilities within a related study. Then it broadens the context to explain the role of
a DSO in modern electricity grid markets and the technical requirements of flexibil-
ity. Furthermore, the technical foundation of high-dimensional data processing and
modeling, and the managerial concepts required for strategic decision-making are
established. These two foundations will work together ensuring that the subsequent
analysis is grounded in both technical rigor and organizational relevance.

2.1 CLUE

The increasing availability of Advanced Metering Infrastructure (AMI) data has led
to the development of methods aimed at extracting structure from high-dimensional
electricity consumption time series. A notable contribution in this domain is the
CLUE framework (Clustering-Based Load Understanding and Exploration) devel-
oped by Linus Magnusson and Rasmus Thorsson at Chalmers University of Tech-
nology and the University of Gothenburg [6].

Magnusson and Thorsson address the computational and methodological challenges
of clustering large-scale temporal electricity data. Their toolchain integrates multi-
ple clustering algorithms, with particular emphasis on IP.LSH.DBSCAN, enabling
significant computational speedups compared to traditional DBSCAN approaches.
The framework also incorporates automated parameter optimization, multiple dis-
tance metrics (including Euclidean, Angular, and Dynamic Time Warping) [16], and
flexible representations using both raw time series and feature-based abstractions.
Through a case study with Goteborg Energi, analyzing consumption data from ap-
proximately 7,500 customers, CLUE demonstrates the ability to identify meaningful
consumption profiles and detect anomalies in high-dimensional load data [6]. The
work contributes a scalable and interactive methodology for pattern discovery in
electricity consumption time series.

While CLUE focuses primarily on clustering and exploratory load profiling, it high-
lights several limitations that are directly relevant to this thesis. In particular,
Magnusson and Thorsson emphasize the need to evaluate clustering stability across

7
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multiple time periods and to develop techniques for tracking clusters over time. Such
longitudinal analysis would enable the identification not only of static consumption
patterns, but of structural changes and temporal persistence.

This temporal dimension is closely related to the objectives of the present work.
Rather than clustering individual load profiles in isolation, this thesis examines how
consumption patterns evolve across days, weeks, and seasons, and how such evolu-
tion relates to geographical distribution and external drivers such as weather and
price signals. The emphasis is therefore less on algorithmic clustering performance
and more on interpreting temporal and spatial variability in relation to distribution
grid flexibility and planning decisions. In this sense, the present study complements
the CLUE framework by extending the analytical focus from pattern identification
within a fixed dataset toward decision-oriented interpretation of when, where, and
under which conditions load variability and flexibility emerge in the distribution
grid.

2.2 Distribution System Operator

A Distribution System Operator (DSO) is the entity responsible for operating, main-
taining, and developing the low- and medium-voltage electricity distribution grid
within a defined geographical area. The DSO ensures reliable electricity delivery
from the transmission system to end users, including households, commercial con-
sumers, and industry. Core responsibilities include maintaining power quality, en-
suring supply reliability, managing grid capacity constraints, connecting new con-
sumers and producers, and planning long-term infrastructure investments. Unlike
electricity suppliers, DSOs operate the physical network infrastructure that enables
electricity transport. In practice, DSOs must balance current operational reliability
with long-term capacity planning under increasing electrification. In this thesis, the
DSO context defines the decision environment in which smart meter data, weather
variables, and price signals are analyzed. The objective is not market trading op-
timization, but improved understanding of load behavior to support grid planning
and congestion management.

2.2.1 Price Signals and Local Load Behavior

Wholesale electricity markets generate price signals that increasingly influence
consumption and production behaviour. As electricity prices day-ahead and
intraday markets become more volatile, primarily due to weather dependent
renewable generation and supply and demand imbalances, consumers and flexibility
providers respond by adjusting their usage patterns.

Dynamic pricing contracts, demand response programs, and automated en-
ergy management systems enable households and businesses to shift consumption
toward lower priced hours. Electric vehicle charging, battery storage operation,
and flexible industrial processes could be more responsive to price variations. Simi-
larly, distributed generators adjust output decisions in response to market incentives.

8
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Although DSOs do not directly participate in wholesale electricity trading,
these price induced behavioral adjustments affect local load profiles and congestion
patterns. High price volatility can lead to synchronized demand shifts, potentially
creating new local peaks rather than smoothing them. Conversely, effective price
responsiveness can alleviate stress during critical periods.

Understanding how price signals interact with weather conditions and con-
sumer behavior is therefore essential for anticipating grid constraints. Incorporating
price variables into analytical models enhances the DSO’s ability to interpret
emerging load patterns and assess the implications of market driven flexibility for
distribution grid stability.

2.2.2 Decision Environment of the DSO

The DSO operates within a complex sociotechnical ecosystem shaped by regulatory
frameworks, market design, technological innovation, and evolving consumer behav-
ior. While the DSO’s mandate focuses on reliability and infrastructure management
rather than trading or generation, its operational reality is increasingly influenced
by external market outcomes and decentralized decision-making. This creates a
decision environment characterized by heightened uncertainty and interdependence.

2.3 Quantitative Data Concepts

This section describes some of the core concepts which will be used for the querying,
modeling and the environment the data is structured and located in.

2.3.1 Querying: Filters, Aggregations, and Joins

Querying refers to the process of retrieving and transforming data from relational
tables. In structured data systems, this is typically performed using operations such
as filtering, aggregation, and joins [17]. Filtering selects a subset of rows based
on specified conditions, such as a time interval, a specific group of meters, or a
particular geographical area. In the present study, filtering is applied during data
ingestion to retain only meters belonging to the selected region and observations
falling within the analysis window.

Aggregation summarizes granular observations into higher-level representations [17],
for example computing hourly averages or daily peak values from 15-minute mea-
surements. In this study, 15-minute smart meter measurements are aggregated into
hourly consumption profiles for time-series modeling, while meter-level observations
are aggregated to daily statistics during surge detection. Aggregation reduces data
dimensionality while preserving the temporal patterns required for subsequent anal-
ysis.

Join operations combine records from multiple tables based on shared keys [17], such
as linking a meter identifier in a measurement table to its geographical coordinates in
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a separate metadata table. These operations are required to integrate smart meter
measurements with geographical metadata, weather observations, and electricity
price data. In the implementation, broadcast joins are particularly important, where
small reference tables, such as location metadata, are replicated across worker nodes
to avoid costly network shuffles when joining against large consumption datasets.

2.3.2 Statistical Time Series Models

The objective of the time-series modeling stage is to estimate expected aggregate
electricity consumption and thereby separate structural demand patterns from short-
term deviations. Rather than being used primarily as forecasting tools, the models
serve as baseline estimators against which residual consumption behavior can be
evaluated.

Two model specifications are considered. The first is an Autoregressive Integrated
Moving Average (ARIMA) model [18], which captures the underlying autoregressive
structure of the aggregate consumption series. The second extends this framework
through a Seasonal Autoregressive Integrated Moving Average model with Exoge-
nous Variables (SARIMAX), incorporating both seasonal effects and external ex-
planatory variables [19]. Comparing the two specifications enables assessment of
the extent to which temperature, electricity prices, and time-of-day effects explain
variation in aggregate demand beyond the autoregressive structure alone.

The fitted values from each model define the expected consumption baseline, while
the residuals provide a measure of consumption behavior that cannot be explained
by the modeled temporal and external drivers. These residuals subsequently form
the basis for surge identification and behavioral analysis.

2.3.3 Datasets and Data Streams

A data stream refers to continuously generated data that arrives over time, such as
smart meter readings recorded every 15 minutes or hourly weather updates. Streams
are unbounded in nature and are can be processed incrementally as new observations
arrive. A dataset, in contrast, is a stored and finite collection of data that can
be queried repeatedly. The exloration done in this study will however explore a
medium in between the two, with the 15 minute data points being batched into 4
hour segments before reaching the accessed database.
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Figure 2.1: Base map over the Gothenburg city area with power infrastructure
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Figure 2.2: Placement of all smart meters with connected locational coordinates

Once streaming data is persisted in storage, it becomes part of a dataset that can be
analyzed retrospectively using batch-oriented methods. In the context of this thesis,
smart meter measurements originate as data streams but are periodically loaded
into the database at 4 hour intervals, where they form structured datasets. The
analytical work is performed on these persisted datasets rather than on live streams.
This distinction clarifies that the focus is on historical pattern identification and
aggregated analysis, rather than real-time control or streaming computation.

2.4 Managerial Concepts

This section outlines the theoretical foundations and managerial concepts used to
interpret the empirical data collected in this thesis. The flexibility market can be
characterized as a system of interdependent actors where value creation depends

12
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not only on the decisions of DSOs, but also on the capabilities and participation of
external actors providing flexible resources.

To capture these dynamics, three theoretical perspectives are applied. First, the
concept of an innovation ecosystem is used as an overarching lens to understand the
broader system in which DSOs and flexibility providers interact. This perspective
highlights how value creation emerges through interdependencies between multiple
actors, including infrastructure providers, technology owners, regulators, and mar-
ket platforms [13]. Second, the concept of dynamic capabilities is used to analyze
how DSOs internally can respond to the evolving flexibility landscape. This per-
spective focuses on the organizational processes through which firms sense changes
in their environment, seize opportunities, and transform internal structures in or-
der to adapt to new market conditions [20]. Finally, the participation of flexibility
providers is examined through innovation diffusion and technology adoption per-
spectives. These concepts help explain how external actors decide to adopt flexible
technologies and engage in flexibility markets, as well as the barriers and incentives
shaping their participation [14], [21]. Together, these perspectives provide a con-
ceptual foundation that captures the flexibility market as an evolving ecosystem,
the strategic capabilities of DSOs operating within it, and the adoption dynamics
influencing participation among complementary actors.

2.4.1 Structure and Development of Innovation Ecosystems

Innovation ecosystems is a concept used to describe the co-dependence between dif-
ferent stakeholders, institutions, and actors that collectively influence value creation
[12], [22]. Furthermore, innovation ecosystems places greater emphasis on joint value
creation, knowledge flows, and collaborative innovation processes than common in-
novation system perspectives.

Innovation ecosystems are inherently dynamic and evolve over time as actors enter,
exit, or shift roles in response to technological, market, and institutional changes
[23], [24]. This dynamic nature implies that ecosystem boundaries are often fluid,
especially during the emerging phase of the innovation ecosystem, and that the
roles and relationships between actors are continuously reconfigured. As a result,
ecosystem analysis must account not only for the structural composition of actors,
but also for the processes through which coordination and adaptation occur.

A central implication is that the success of innovation ecosystems depends not only
on a focal firm’s internal capabilities but also on the alignment of multiple interde-
pendent actors [13]. In addition, innovation success can be distinguished in ezecution
risk, which relates to a firm’s ability to deliver on its own activities, and the external
ecosystem risks: co-innovation risk and adoption chain risk [13], [25]. Co-innovation
risk arises when external actors fail to innovate related solutions, risking your inno-
vation to not succeed. The adoption chain risk on the other hand emerges when the
organization depends on external actors to adopt your innovation for your offering to
provide value. This distinction is particularly relevant in emerging markets, where
the timing, incentives, and readiness of multiple actors must align [24], [26].

13
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From a strategic perspective, leveraging an innovation ecosystem can be divided
into two related phases. First, the ecosystem must be mapped and understood
by identifying key actors, their roles, resources and interdependencies [13]. These
actors may include firms, suppliers, customers, regulators, research institutions, and
platform providers. Second, firms must develop strategies that explicitly consider
innovation ecosystem dependencies and risks, recognizing that innovation outcomes
are often dependent on the coordinated actions of multiple actors rather than a
single organization.

Furthermore, the ecosystem perspective enables strategic decision-making regarding
where, when, and how to compete [13]. Rather than focusing solely on internal ca-
pabilities, firms must evaluate which ecosystem positions offer the greatest potential
for value creation, influence, and long-term advantage. This includes decisions on
whether to shape the ecosystem, adapt to existing structures, or leverage comple-
mentarities created by others.

Having established the strategic importance of ecosystem mapping, the next step is
to examine the different roles actors may occupy within such systems. Within an
innovation ecosystem, actors can assume different strategic roles within the system,
such as keystones, complementors, niche players, or orchestrators [15], [27]. These
roles are defined by the actor’s position, the degree of interdependence with other
actors and their influence over ecosystem structure and value flows. These forms of
influence and interdependence are also reflected in an actor’s network position. This
includes the extent to which it is highly connected to other firms, acts as a broker
or gatekeeper of interactions, or serves as a critical bridge for the functioning of the
wider ecosystem [28].

A keystone actor occupies a central and stabilizing role by providing core assets such
as platforms, standards, or shared infrastructure that enable other actors to interact
and innovate [29]. Rather than capturing all value directly, keystones enhance the
overall productivity, robustness, and diversity of the ecosystem. Complementors in
turn, develop products or services that enhance the value of the keystone’s offering,
often focusing on differentiation or specialized capabilities.

Niche players operate in more specialized segments, contributing to ecosystem diver-
sity through focused expertise or targeted solutions, while typically exerting limited
influence over overall ecosystem direction [27]. Orchestrators, by contrast, actively
coordinate ecosystem participants by aligning incentives, setting strategic direction,
and facilitating collaboration among actors. In some ecosystems, the roles of key-
stone and orchestrator may be combined, while in others they remain distinct.

While these role typologies provide a useful analytical lens, empirical research sug-
gests that ecosystem roles are often fluid and contested rather than fixed [24]. Actors
may shift roles over time as technologies evolve or as their capabilities and strategic
priorities change, towards for example more regulatory ones. Furthermore, ecosys-
tems may involve asymmetric dependencies, where some actors exert disproportion-
ate influence over standards, access, or value capture [15]. Such asymmetries creates
potential tensions between value creation and value appropriation, particularly for
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smaller actors or new entrants that depend on the ecosystem but have limited ability
to shape its rules or capture value.

Coordination is also important in aligning actors in the ecosystem. This is achieved
through a combination of formal and informal governance mechanisms such as tech-
nological standards, modular interfaces, contractual agreements, and shared plat-
forms that enable distributed innovation while maintaining system coherence [30].
The orchestrator role may also rely on incentive structures, rules, and relationship
management to align actors with broader ecosystem objectives. The effectiveness of
these coordination mechanisms is critical, as failures in alignment can limit or delay
value creation [15], [26]. In this context, ecosystem success depends not only on
the presence of capable actors, but also on the existence of mechanisms that facili-
tate collaboration, reduce uncertainty, and enable interoperability between different
components of the system [30].

2.4.2 Dynamic Capabilities and Competitiveness of a Firm

To understand which internal resources and capabilities enable a DSO to navigate
rapid changes and uncertainty in energy demand, as well as the tools it deploys
within its ecosystem of actors, the concept of dynamic capabilities can be applied
[20], [31]. As summarized in 2.3, dynamic capabilities refer to the organization’s
ability to integrate, build and reconfigure internal and external competencies in re-
sponse to rapidly changing environments [32]. In the literature dynamic capabilities
are divided into sensing, seizing, and transforming activities and serves as a founda-
tion for the capabilities that need to be utilized, developed and integrated into the
organization to be apt in facing challenges of uncertainty.

Sensing refers to the organizational processes through which firms systematically
scan, explore and interpret changes in their technological, regulatory and market
environments. It includes activities such as monitoring customer needs, engaging
with regulators and ecosystem partners, investing in exploratory initiatives, and
evaluating emerging technologies [20].

From an ecosystem perspective, sensing also becomes a leadership activity [31].
Rather than passively observing the environment, firms actively shape and struc-
ture their surrounding ecosystem by engaging with complementary actors, institu-
tions, and regulatory bodies to in collaboration identify emerging opportunities [33].
In this view, sensing involves relational coordination and participation in collective
learning processes that influence the direction of innovation within the ecosystem.

Seizing refers to the organizational processes through which identified opportunities
are evaluated, selected, and translated into concrete strategic commitments [20].
This involves allocating financial and managerial resources, designing appropriate
governance structures, and adapting or redefining elements of the business model to
capture value. Seizing may include developing new value propositions, establishing
partnerships, building new capabilities, and implementing mechanisms for revenue
generation. Therefore seizing moves from recognition to execution by incorporating
opportunity-driven initiatives into operational and strategic decision-making.
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In an ecosystem context, seizing extends beyond internal decision making to encom-
pass leadership in orchestrating complementary actors and aligning incentives across
organizational boundaries [31], [33]. Firms must coordinate with partners, negoti-
ate governance arrangements, and ensure value creation and capture mechanisms
are viable at the ecosystem level. Seizing therefore entails committing not only firm
specific resources but also relational and institutional investments that stabilize and
legitimize new configurations of collaboration.

Transforming concerns the continuous renewal and reconfiguration of organizational
structures and processes to sustain new strategic directions over time [20]. It involves
realigning routines, incentives, and competencies to ensure that new initiatives be-
come integrated into the core business. Transforming may require modifying legacy
processes, redistributing decision rights, developing new skill sets, and reshaping
organizational mindsets to support the evolving value creation logic. Through such
a reconfiguration, the organization strengthens the link between input resources
and long-term value creation while maintaining adaptability in the face of ongoing
change.

In an ecosystem context, transforming extends beyond internal renewal to involve
continuous reconfiguration of roles, relationships, and coordination mechanisms
across the ecosystem [31]. This includes engaging in ongoing problem solving
to address misalignments, resolve bottlenecks, and maintain the stability of the
overall system as it evolves [34]. Ecosystem leaders play a central role in this
process by adjusting governance structures, facilitating adaptation among partners,
and ensuring that interdependencies remain functional over time and sustaining
robustness of the overall system [31]. Transforming thus becomes a relational and
systemic activity, where the focal firm not only adapts its own organization but
also actively contributes to reshaping the configuration of the ecosystem to sustain
collaboration and long-term value creation.
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Figure 2.3: Overview of the dynamic capabilities concept and factors
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2.4.3 Innovation Diffusion and Market Participation

The concept of Innovation diffusion provides a useful theoretical lens for analyzing
flexibility market participation because it connects actor-level adoption decisions
with the broader spread of new technologies, practices, and market arrangements.
Innovation diffusion can be understood from several complementary perspectives.
From a sociological perspective, diffusion emerges through the aggregation of many
adoption processes, where the adoption of a new idea is shaped by information
exchange through communication channels and interpersonal networks [14]. Innova-
tion literature have also analyzed diffusion as a historical process, often represented
through S-curves that describe how technologies spread gradually over time [35]. A
market-oriented perspective further highlights how diffusion may be reinforced by
mechanisms such as economies of scale, learning of scale, learning effects, network ex-
ternalities, technological interrelatedness, and increasing informational returns [21].

Adoption decisions are influenced by perceived characteristics of the innovation,
where relative advantage, compatibility, complexity, trialability and observability
are central factors shaping adoption [14], [36]. These characteristics are relevant
for flexibility markets, where participation may offer advantages such as additional
revenue streams, improved asset utilization, or reduced grid congestion, but can also
involve costs, technical uncertainty, measurement requirements, bidding procedures,
and uncertainty regarding activation frequency [37]. The perceived compatibility of
flexibility with the external actors operational routines and business models therefore
becomes central for understanding adoption.

Adoption is also shaped by the characteristics of the adopting actors. These are
distinguished between innovators, early adopters, early majority, and laggards, re-
flecting differences in risk tolerance, resources, legitimacy, and openness to change
[14]. These actor types may help understand how maturing innovations and emerg-
ing markets can perceive increased challenges in gaining new adopters. One such
challenge in the literature is crossing the chasm between early adopters and the
early majority [38]. It is suggested that in contrast to the early adopters who want
to support and experiment and be part of the development of the innovation, the
early majority rather wants a more complete solution that is ready to be deployed
from the start. Thus, attracting these early majority actors might require the imple-
mentation and maturity of the technology to be higher in order to take new steps
in gaining adopters.

However, diffusion of technologies is not only determined by the perceived charac-
teristics of the innovation or by the willingness of individual actors. Diffusion of
technologies is also found to be shaped by system conditions that may enable or
challenge adoption [21], [39]. In the literature these challenges are distinguished be-
tween actor-level challenges, such as limited knowledge, resources, and motivation,
and system-level challenges, such as institutional uncertainty, infrastructure lock-
in, weak market formation, and limited interaction between actors. Furthermore,
studies of the drivers and barriers in flexibility markets add to this perspective by
showing that participation may be constrained by barriers related to market design,
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administration, trust in relationships, technical prerequisites, and standardization

barriers [40].

Applied to flexibility markets, these perspectives suggest that participation can be
analyzed both as an adoption decision made by individual actors and as a part of
a broader socio-technical diffusion process [21], [40]. Actors such as DSOs, aggrega-
tors, property owners, industrial firms, and end-users can be understood as potential
adopters that evaluate whether participation aligns with their technical capabilities,
organizational routines, resources, and strategic objectives. At the same time, the
wider diffusion of flexibility market participation depends on how knowledge expe-
rience, trust, standards, and market expectations develop across the system.

2.4.4 Summary of Managerial Concepts

In this section, the theoretical lenses presented in this chapter are summarized. As
shown in table 2.1 the summary follows the lenses, its purpose in the thesis, key

concepts handled, and analytical relevance.

Theoretical Purpose in the Key concepts Analytical
lens thesis relevance
Innovation Used to understand Actor Helps analyze how
ecosystem the flexibility market  interdependencies, actor alignment,
as a system of complementary roles, and
interdependent actors innovations and dependencies shape
whose activities must  actors, ecosystem flexibility market
align for value roles, coordination, development.
creation to occur. governance, platforms,
standards, and
ecosystem risk.
Dynamic Used to analyze how Sensing, seizing, Helps explain how
capabilities DSOs respond to transforming, resource DSOs identify
technological, reconfiguration, opportunities,
regulatory, and organizational commit resources,
market uncertainty in  adaptation, and and adapt internal
a changing energy ecosystem leadership.  structures over
landscape. time.
Innovation Used to explain how Relative advantage, Helps analyze the
diffusion and and why actors decide compatibility, drivers and barriers
adoption to adopt flexible complexity, influencing
technologies and trialability, actor-level flexibility providers’
participate in barriers, system-level — participation.

flexibility markets.

barriers, and adoption
incentives.
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Problem Definition

DSOs are currently navigating a period of profound structural uncertainty [41].
The drivers of electrification, industrial transformation, and changing consumption
behavior create increasing pressure on local grid capacity. Because physical
reinforcement projects involves extensive lead times and regulatory constraints,
operators can no longer rely on expansion alone. Instead, they must now
balance resource allocation between traditional infrastructure investments and
alternative flexibility-based mechanisms under conditions of incomplete information.

At the same time, the data environment of DSOs has fundamentally
changed [42], [43]. High-resolution smart meter data provides detailed observations
of when and where electricity is consumed. Weather variables such as temperature
and solar irradiance influence both demand and distributed generation. Electricity
spot prices introduce an additional market-based signal that can affect consumption
patterns. Despite this abundance of data, these streams are often analyzed
separately and not systematically integrated into strategic decision-making
processes.

3.1 Decision Context in a DSO Environment

DSOs face strategic trade-offs when managing grid capacity [44]. In areas experienc-
ing recurring high load, the operator may choose to reinforce physical infrastructure.
Alternatively, flexibility markets can be used to procure temporary reductions in
demand from large consumers or aggregators [5]. Tariff-based price signals may
incentivize behavioral changes if consumers respond to economic incentives. In more
critical situations, contractual curtailment agreements can ensure security of supply.

Each of these mechanisms carries different cost structures, risk profiles,
regulatory dependencies, and time horizons [4]. Infrastructure investments provide
long-term certainty but require significant capital and long planning processes
[10]. Flexibility markets offer adaptive and decentralized solutions but depend on
sufficient actor participation and reliable activation [45]. Tariff-based solutions
rely on assumptions regarding price elasticity and regulatory feasibility. The
difficulty lies not only in choosing between these instruments, but in understanding
where and when each mechanism is appropriate within the distribution grid. Such
decisions require evidence regarding the drivers of peak load, the responsiveness of
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consumers to price signals, the spatial concentration of capacity constraints, and
the temporal structure of demand volatility.

The opportunity is thus to study how flexibility can be utilized through
the DSO’s available tools and iteratively examine these together with domain
experts at the DSO and with external flexibility providers to assess which patterns
are decision-relevant, whether emerging insights are supported by data, and
how these insights align with existing tools and planning processes. If certain
geographical areas exhibit persistent structural overload independent of weather or
price signals, infrastructure reinforcement may be justified. If load peaks correlate
strongly with short-term price variation, future tariff design could become a helpful
instrument, particularly under evolving regulatory conditions. If peak formation is
concentrated among identifiable large consumers, targeted flexibility contracts may
be more efficient than generalized measures.

The contribution of this thesis therefore lies in demonstrating how inte-
grated data analysis, combined with iterative qualitative interpretation, can
support DSOs in evaluating when to invest in hard infrastructure, when to
rely on market-based flexibility mechanisms, and when to prepare for future
regulatory opportunities such as more dynamic tariff structures. Rather than
proposing a single optimal solution, the work develops a structured analytical and
organizational framework that strengthens the evidence base for strategic grid
governance under uncertainty:.

3.2 Challenges

This section describes the challenges considered in our research. The challenges are
divided into three parts, the challenges specific to the quantitative research process,
the challenges specific to the qualitative research process, and the challenges specific
to the interdisciplinary research process.

3.2.1 State of the Art

Smart meter clustering literature has increasingly focused on the challenges asso-
ciated with large-scale, volatile, and uncertain consumption data [46]. As smart
metering infrastructures have expanded, the analytical problem of flexibility detec-
tion and identification is increasingly operationalization as a clustering problem over
high-dimensional consumption time series. This reduction is motivated by the ab-
sence of labeled data and by the need to infer structure in heterogeneous load profiles
without predefined class boundaries. However, traditional time-series clustering ap-
proaches have encountered three recurring structural limitations: the computational
burden imposed by large customer populations and high temporal granularity, the
volatility of individual load profiles which causes interfering effects between distinct
load features such as magnitude, overall trend, and short-duration spikes, and the
uncertainty arising from the fact that the same customer may exhibit substantially
different consumption patterns across different days [46].
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A recurring observation in the literature is that these limitations stem from operating
directly in the time domain, where metrics such as Euclidean distance between the
smart meters temporal vector with values describing their flexibility are sensitive
to slight temporal shifts, noise, and scale differences. This can result in either
excessive numbers of clusters or large intra-cluster variance when applied to raw
smart meter readings [46]. As a result, research has increasingly explored approaches
that separate distinct behavioral features prior to clustering, reduce the effective
sample size through staged representations, and model uncertainty probabilistically
rather than eliminating it through temporal averaging.

Within this context, three classical clustering families have been identified as relevant
to smart meter analytics, each addressing different structural requirements [46].

Connectivity-based clustering methods, such as hierarchical agglomerative clus-
tering, capture the nested relational structure between consumers and do not require
the number of clusters to be specified a priori. However, these methods require the
construction of a full pairwise distance matrix, which becomes computationally pro-
hibitive at the scale of smart meter deployments. Ward’s minimum-variance linkage
is one commonly applied variant in load profiling studies, valued for producing com-
pact and interpretable groupings [47].

Centroid-based clustering methods, such as K-Means, are among the most widely
adopted approaches due to their computational efficiency and scalability [46]. These
methods partition the feature space around representative centroids, but their re-
liance on time-domain distance metrics makes them sensitive to the volatility and
uncertainty characteristic of individual smart meter data. A spike or minor temporal
shift in one load profile can disproportionately inflate inter-cluster distances, causing
similar profiles to be assigned to different clusters [46]. MiniBatch K-Means extends
the scalability of K-Means further by updating centroids using randomly sampled
data subsets rather than the full dataset at each iteration, substantially reducing

memory and computational overhead while preserving acceptable clustering quality
[48].

Distribution-based clustering methods, of which Gaussian Mixture Models
(GMMs) are the most prominent example in load profiling, characterise each
cluster as a probability distribution rather than a deterministic centroid [46]. This
is particularly suited to smart meter data, where day-to-day behavioural variability
means that a single customer may legitimately belong to different clusters on
different days. By assigning probabilistic cluster memberships rather than hard
assignments, distribution-based methods preserve the uncertainty inherent in
individual consumption behaviour rather than artificially eliminating it [46].
Density-based clustering methods, such as DBSCAN [16], offer a related advantage
in that they can identify non-linear cluster structures and explicitly isolate outlier
consumers without forcing all observations into predefined assignments. This is
particularly relevant for flexibility analysis, where irregular consumption patterns
may themselves carry operational significance. However, density-based methods
remain sensitive to parameter selection and can produce fragmented or unstable
structures across heterogeneous populations.
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Taken together, the literature demonstrates that no single clustering family uni-
versally dominates across all smart meter applications. The suitability of a given
approach depends not only on the statistical properties of the data, but on the op-
erational and organisational context in which the resulting clusters must be used
[46]. In particular, when clustering is intended to support high-level managerial
decision-making such as flexibility procurement, consumer segmentation for aggre-
gators, or strategic communication by a Distribution System Operator (DSO), the
interpretability and granularity of the resulting clusters become binding constraints
alongside mathematical performance. A method that produces thousands of micro-
clusters may achieve high intra-cluster similarity, but renders the output opera-
tionally meaningless if no human or organisational process can act on it. The fol-
lowing section operationalises these constraints in the context of the present study.

3.2.2 Quantitative Study Challenges

A central challenge of the quantitative analysis lies in the fact that the available
data is unlabeled. There is no pre-defined classification of which consumers repre-
sent flexibility resources, nor any established ground truth against which clustering
performance can be evaluated in a traditional supervised learning sense. The objec-
tive is therefore not to optimise predictive accuracy, but to produce clusters that
are sufficiently interpretable, computationally feasible, and operationally meaningful
within the DSO context established by the qualitative study.

This constraint directly shapes which methodological families, as reviewed above, are
appropriate for the present analysis. Density-based approaches such as DBSCAN,
while capable of detecting non-linear behavioral structures and isolating outliers, are
prone to producing highly fragmented cluster solutions under heterogeneous smart
meter populations [16]. In a dataset where thousands of meters are observed at high
temporal resolution, such methods risk generating outputs in which the majority of
consumers are assigned to micro-clusters of one to five meters. While analytically
precise, this granularity is incompatible with the use cases identified in the quali-
tative study: an aggregator seeking to identify actionable consumer segments, or a
DSO seeking to design targeted flexibility initiatives, cannot operationalise a solution
composed of thousands of near-identical behavioural fragments. Connectivity-based
methods face analogous limitations from the opposite direction, as full distance ma-
trix construction becomes computationally infeasible at the scale of this dataset
[46].

Beyond method selection, the study is further simplified by the geographic scope
of the analysis. Since all consumers reside within the same distribution region,
spatial heterogeneity between regions does not need to be accounted for within the
clustering framework. The clustering objective is therefore purely behavioral: to
identify consumption patterns that are strategically relevant, rather than to explain
geographic variation in demand. This reduces the dimensionality of the problem and
strengthens the case for centroid-based and distribution-based approaches, which
partition the behavioral feature space directly without requiring spatial covariates.
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To address these constraints, the thesis defines flexibility primarily through surge
behavior, defined as the deviation between infrequent peak consumption events and
typical consumption patterns during comparable time periods. Rather than pur-
suing maximally granular or theoretically optimal clusters, the objective is to con-
struct behaviorally coherent groupings that capture strategically relevant consump-
tion characteristics while remaining interpretable to the managerial stakeholders
identified in the qualitative study. The clustering framework therefore prioritises so-
lutions that produce a manageable number of distinct, explainable segments capable
of supporting the use cases identified in the qualitative study: assisting aggregators
in identifying relevant consumer segments, supporting future flexibility procurement
initiatives, and enabling the DSO to better understand and engage with strategically
significant consumption behaviors.

From a computational perspective, the system must operate on high-volume stream-
ing data within a fixed processing window. This imposes strict limitations on algo-
rithmic complexity and necessitates staged aggregation. Raw 15-minute consump-
tion data is therefore progressively transformed into reduced representations suitable
for statistical modeling and clustering.

From an organizational perspective, outputs must be interpretable and usable in op-
erational decision-making processes. This includes supporting communication with
external actors such as aggregators, as well as internal planning and flexibility pro-
curement strategies. As a result, model complexity is balanced against interpretabil-
ity, and excessive segmentation is avoided when it reduces practical usability.

3.2.3 Qualitative Study Challenges

In this section, the challenges related to conducting a qualitative study are presented.
How these challenges are managed is further expanded in chapter 4.3.

Conducting a case study on a DSO is appropriate for analyzing a real world context
in an industrial city and at an energy company that is heavily investing in enabling
electrification during turbulent times [4]. This context provides an opportunity for
insights into real world problems and actions not otherwise achieved through purely
theoretical research. Although a case study is limited in terms of external validity
and generalization, they allow for an in-depth examination crucial for the goal of
this thesis [49]. Thus, insights from the case study have to be objectively ana-
lyzed to determine the generalizability boundaries that could emerge in the research.

The main challenge with conducting qualitative research is thus the gener-
alizability of the results in similar contexts. For example, it is uncertain
whether perceptions from a DSO or external actors be generalized to a common
understanding. Another challenge to be considered is if these findings will come to
change over time as the flexibility landscape changes or as the studied organization
transforms. The benefit of handling these challenges in the study is the increased
relevance of the result to the organization and the inclusion of factors from different
actors that risk being missed in pure theoretical research. Furthermore, this study
can gain further insights that are simply not yes-or-no answers, but can show the
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complexity and nuance of the problem.

Another challenge is the scope and saturation of qualitative data from in-
terviews that can be achieved in the limited time of the thesis. The data collected
are dependent on multiple factors, such as interview design, interview process,
respondent availability, political events that impact the respondent, and their
willingness to give honest accounts of their operations. Thus, the data must be
actively interpreted with these factors in mind when synthesizing the findings.

3.2.4 Interdisciplinary Challenges

A central challenge in this thesis concerns the sequencing and integration of
findings across the quantitative and qualitative parts of the research. Although
the study is designed as an iterative process, the two analytical streams do
not necessarily develop at the same pace or produce findings at the same time.
Quantitative analysis requires aggregation, feature construction, and validation
before interpretable results can be produced. In contrast, qualitative insights from
interviews and organizational engagement in the study may emerge earlier, later,
or in parallel, depending on stakeholder availability, interview timing, and the
evolving understanding of the problem context.

This creates a challenge for how findings are aligned during the research
process. For example, early qualitative insights may guide the quantitative analysis
before the full picture of the organization and external actors landscape has fully
emerged. In contrast, data analysis can reveal unexpected patterns only after
interviews have been conducted, limiting the possibility of immediately exploring
these findings with relevant stakeholders.

Another issue concerns the extent to which stakeholders can or are able to
discuss the implications of the research findings. Interviewees may be restricted
by data sensitivity, commercial considerations, specific know-how, or uncertainty
about future regulatory and market developments. They may also avoid speculating
about what types of data or analytical outputs would be most useful before
concrete results are available. As a result, stakeholder input must be interpreted
in light of these limitations, and the research design must account for variation in
access, disclosure, and perspective across respondents.

This sequencing challenge is particularly important because the value of
the interdisciplinary approach depends on the interaction between the two
perspectives. The challenge is therefore not only to conduct two separate analyzes,
but to create meaningful points of connection between them throughout the
research process.
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3.3 Scope

This thesis is positioned as a decision-support study for a distribution system
operator, focusing on how integrated Internet of Things data streams can be
translated into decision-relevant insights. The scope is deliberately constrained
to ensure analytical depth, interpretability, and practical relevance. The thesis
does not aim to establish causal effects, optimize flexibility market design,
or generalize results beyond contexts comparable to the studied distribution
grid. Findings are interpreted as empirically grounded insights derived from ob-
servational data, intended to inform rather than replace existing planning judgment.

The research targets results in certain limitations of scope and depth of
the thesis, particularly those related to resulting considerations of factors, number
of interviewees, and data, influencing the system and organization. However, the
research targets to contribute to the dynamics of a flexibility market in an energy
grid company context.

3.4 Computational Efficiency

The focus of this thesis is not on optimizing computational performance or bench-
marking execution speed of data processing pipelines. However since computational
efficiency is a crucial aspect about all feasibility of data processing systems, this
study will examine and reason about the time complexity for each implemented step
into the pipeline. The computational approach prioritizes robustness, transparency,
and practical feasibility within an operational analytics environment. Methods and
data summaries are required to be computationally reasonable and compatible with
recurring data updates, but execution time is evaluated only against basic oper-
ational constraints rather than theoretical optimality. As a result, solutions are
designed to be “good enough” for decision-support purposes, rather than maximally
efficient in a computational sense.

3.4.1 Ecosystem Perspective

The ecosystem perspective adopted in this thesis is intentionally limited to actors
that materially influence flexibility-related planning and investment decisions at the
distribution level. This includes stakeholders whose actions affect load behavior, net-
load variability, or the feasibility of flexibility measures. The analysis does not aim
to provide a comprehensive mapping of the energy ecosystem. Regulatory design,
national market structures, and peripheral actors are considered only insofar as they
directly constrain or enable distribution-level decision-making. This bounded ecosys-
tem view ensures that the analysis remains focused on decision-relevant interactions
rather than broad sectoral description.
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3.4.2 Internal Organizational Perspective

The internal perspective is limited to understanding how analytical outputs can
support existing planning and investment processes within a distribution system op-
erator. The thesis does not seek to evaluate the broader organizational performance,
governance structures, or internal incentives unrelated to flexibility and the flexibil-
ity market. Iterative interviews with selected organizational stakeholders are used
to identify priority questions, interpret analytical results, and assess the practical
relevance of proposed indicators.

3.4.3 Transparent and Explainable Modeling

A central constraint of this thesis is the requirement for transparency and explain-
ability in all analytical methods. Models and indicators must allow inspection of as-
sumptions, drivers, and relationships between variables. Black-box approaches that
do not permit meaningful interpretation of results are explicitly excluded. Predictive
performance is considered important, but never at the expense of interpretability
and examinability. This emphasis reflects the role of the analysis as input to plan-
ning and investment decisions, where results must be explainable to both technical
and non-technical stakeholders and withstand internal scrutiny, and not just "the
AT told me to".
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Methods

This chapter outlines the methodological choices conducted to investigate how the
combination of quantitative and qualitative analysis can support a DSO’s strategic
grid governance.

4.1 Interdisciplinary Study

This study adopted an interdisciplinary approach combining innovation manage-
ment and computer science engineering in a quantitative study and a qualitative
study to gain further depth than one discipline alone would. Mixed methods
studies are found to provide a more holistic and nuanced view, however these
benefits also come with challenges involving their difference in nature, sequence
and which approach that takes precedence and priority [49]. The quantitative and
qualitative studies were conducted concurrently, by gathering insights about what
is quantitatively possible and visible, simultaneously, as the empirical findings
from interviews gave guidance and nuance to areas of interest in the flexibility
topic. Both studies interacted iteratively and helped triangulate the evidence
continuously, providing additional analytical depth.

In terms of sequencing the two studies, the research team took part in
findings continuously by both participating in the interview study where guiding
questions to the quantitative study could be made and during internal meetings
where quantitative insights and possibilities were discussed to further frame the
study and point out important stakeholders in terms of technical opportunity and
needed understanding. During the analytical synthesis the results were discussed
and put in relation to one another further pointing to relevant themes and
discussion in the thesis.

4.1.1 Interdisciplinary Process

In this section, the interdisciplinary process is described in more detail.
Our study had an initial exploratory phase in which the study was more
broad in understanding the problem and system of the DSO. A middle
phase, where the study was focused on flexibility and DSO tools. Lastly, a more
validating phase where the relevance of our findings was discussed with stakeholders.

27



4. Methods

During the initial exploratory phase the quantitative work focused on un-
derstanding the smart meter data and assessing the possibilities of combining it
with spatial data, weather data, and spot price data. At the same time, exploratory
interviews were conducted to develop an initial understanding of the DSO’s
organizational context, relevant operational processes and potential stakeholders.
This parallel exploration helped establish both technical possibilities and the
organizational relevance of the study.

The early interaction between the two studies played an important role in
shaping the research direction. Initial data experimentation clarified what types of
flexibility-related patterns could be made and what analytical limitations existed.
In parallel, the interviews provided contextual understanding of how such patterns
could relate to the DSQO’s operations, decision-making processes, and stakeholder
needs. Reflections after interviews were therefore used to reconsider the relevance
of different data topics, while emerging quantitative insights helped inform new
questions and topics that could be explored during interviews.

As the study progressed, the interdisciplinary process shifted from explo-
ration and scoping toward gathering more findings and ultimately validation and
analytical refinement. Quantitative findings were discussed in relation to interview
insights, while respondent accounts were used to interpret the practical meaning
and organizational relevance of the data-driven results. This iterative process
helped ensure that the analysis did not rely only on what was technically observable
in the data, but also considered how such observations could be understood and
applied in practice. However, this stage was also challenging due to limited
respondent availability and limited access to operational data that could validate
the findings further.

4.2 Quantitative Study

The quantitative analysis is structured as an analytical study of electricity consump-
tion behavior from high-frequency smart meter data. The objective is not predictive
accuracy against labeled outcomes, but the construction of interpretable behavioral
structures that can support identification of flexibility potential within the distribu-
tion grid.

A central challenge is that flexibility is not directly observable in the data and does
not exist as a labeled variable. Consequently, flexibility must be evaluated through
proxy constructs derived from deviations in consumption behavior, in particular
surge-like events relative to expected load patterns.

4.2.1 Data-to-Insight Pipeline Architecture

The analytical workflow is structured as a sequential data-to-insight pipeline that
progressively transforms high-frequency smart meter observations into interpretable
behavioral representations of consumer flexibility. Rather than analyzing individual
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meters directly, the methodology first establishes regional consumption dynamics at
the aggregate level before systematically de-aggregating the analysis to identify and
characterize individual behavioral patterns.

The pipeline consists of five stages:

1. Data loading and preparation: Smart meter measurements, weather ob-
servations, electricity market data, and spatial information are integrated into
a unified analytical dataset and prepared for distributed processing.

2. Aggregate consumption construction: Individual meter observations are
aggregated into regional consumption profiles that capture the overall demand
dynamics of the study area and provide the basis for system-level modeling.

3. Regional baseline modelling: Aggregate consumption patterns are mod-
eled using statistical time-series techniques to estimate expected system be-
havior and identify the dominant temporal, seasonal, and external drivers of
demand.

4. Meter-level surge identification: The aggregate analysis is complemented
by a disaggregated examination of individual meter behavior, where statis-
tically significant consumption surges are detected and quantified for each
consumer.

5. Behavioral clustering: Meter-specific surge characteristics are transformed
into behavioral feature representations and grouped into clusters of consumers
exhibiting similar flexibility-related consumption patterns.

This architecture establishes a clear separation between system-level consumption
modeling and consumer-level behavioral analysis. Aggregate modeling provides a
regional understanding of demand dynamics, while the subsequent disaggregation
enables the identification of individual flexibility signals that form the basis for
behavioral clustering and strategic flexibility assessment.

Data Pipeline and Implementation

Data Feed Aggregation Modeling Calculate Surge Clustering

Figure 4.1: Overview of data pipeline functionality

The analytical pipeline, see figure 4.1 is implemented as a distributed data process-
ing system designed to handle high-frequency smart meter data under near-real-time
operational constraints. The system combines distributed computation via PySpark
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with in-memory statistical modeling in Python and Pandas, enabling scalable trans-
formation of raw consumption data into structured behavioral representations. Two
primary requirements constrain the design throughout: computational feasibility un-
der large-scale streaming data ingestion, where new observations arrive at 15-minute
intervals, and operational deployability, where all transformations must remain exe-
cutable within bounded processing windows.

To satisfy these constraints, the methodology is implemented as a staged reduction
process, in which raw data is progressively transformed into lower-dimensional repre-
sentations prior to modeling and clustering. This ensures computational tractability
while preserving temporal and behavioral structure.

4.2.2 Computational Complexity Summary and Notation
Table 4.1 summarizes the asymptotic complexity of each pipeline stage, together

with the main bottleneck for each. The overall pipeline is dominated by the SARI-
MAX state-space estimation and the full Ward dendrogram construction.

Table 4.1: Computational complexity of each stage in the data pipeline.

Stage Complexity
Data loading and ingestion O(N - T)
Hourly aggregation

O(N
ARIMA (grid search + fitting) (’)(Tlog T)
SARIMAX O(T?)
Daily meter aggregation (Spark) O(N -T)
Surge flagging (broadcast join)  O(N -T)
Ward hierarchical clustering O(n?)
DBSCAN (cosine) O(n?)
Mini-batch k-means Ob-k-i-T)

N = number of meters;
T = number of time points in aggregated series;
D = number of days;
n = number of meters with detected surges;
b = mini-batch size; k& = number of clusters; ¢ = clustering iterations.

4.2.3 Surge Definition and Behavioral Deviation Extraction
Surges are defined as statistically significant positive deviations from expected con-

sumption behavior. Let ¢; denote the deviation at time ¢, measured as the difference
between observed consumption and an expected baseline.
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Figure 4.2: Illustrative example of a surge event representing a temporary increase
above expected consumption.

A surge is identified when a deviation exceeds a threshold derived from the under-
lying distribution of observations:

E¢ > e + AO:

where ¢, denotes the deviation at time ¢, u. is the mean deviation over the reference
period, o. is the corresponding standard deviation, and A is a threshold multiplier
controlling detection sensitivity.

This formulation isolates the upper tail of the deviation distribution, capturing infre-
quent but potentially significant increases in consumption. To improve operational
relevance, the statistical criterion is complemented by an absolute magnitude thresh-
old, preventing minor fluctuations in low-consumption contexts from being classified
as flexibility signals. The resulting surge events transform continuous consumption
measurements into discrete behavioral observations that can subsequently be aggre-
gated, analyses, and clustered.

The surge threshold combines a statistical criterion with a minimum energy crite-
rion. The baseline consumption is denoted as a moving average including the surges
like the red line seen in Figure 4.2. A threshold of two standard deviations was
selected to limit detections arising from normal day-to-day consumption variabil-
ity while retaining events that represent meaningful increases in demand. Under
a normal distribution, only approximately 2.3% of observations exceed this thresh-
old, providing a simple mechanism for filtering routine fluctuations. In addition, a
minimum threshold of 2 kWh per 15-minute interval was imposed to ensure opera-
tional relevance. This value was chosen with electrification-driven flexibility in mind,
as a typical 11 kW residential EV charger corresponds to approximately 2.75 kWh
over a 15-minute period [50]. The threshold was set slightly lower to also capture
lower-power charging technologies and other flexibility-related consumption events.
Together, these criteria balance statistical significance with practical relevance while
avoiding excessive sensitivity to normal consumption cycles.

Behavioral Clustering of Flexibility Signals
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Surge events are aggregated at the meter level to construct behavioral profiles rep-
resenting each consumers deviation patterns over time. These profiles form the
input to clustering algorithms designed to identify groups of consumers with similar
flexibility-related behavior.

Multiple clustering approaches are evaluated, including hierarchical clustering,
centroid-based methods, and density-based clustering. The primary evaluation
criteria are:

o Computational scalability under large datasets
o Interpretability of cluster structure

o Balance and stability of cluster sizes

o Operational usefulness for flexibility targeting

Unlike traditional clustering applications, the objective is not purely statistical sep-
aration, but the construction of meaningful behavioral segments that can support
downstream operational use cases.

4.2.4 Data Sources and Integration
The pipeline integrates four data sources into a unified temporal structure:

« High-frequency smart meter consumption data (15-minute resolution),
stored in a distributed table with fields METER_ID, TIME STAMP, and
CONSUMPTION_KWH.

« Spatial metadata, sourced from data structure mapping meter identifiers to
geographical areas and grid-level regions.

o Weather observations, providing hourly air temperature aligned to UTC
timestamps.

o Electricity spot price data at 15-minute resolution, expressed in
EUR/MWh.

All datasets are temporally aligned and aggregated to a common hourly resolution
to support consistent time-series modeling. This integration enables the analysis of
consumption behavior as a function of both internal system dynamics and external
drivers such as temperature and price signals.

Data Ingestion and Area Filtering

The ingestion stage performs three parallel loading operations before joining them
into a single analytical structure. Location filtering is applied first, reading spatial
metadata from the Parquet file, an efficient file format which compresses the data.
Retaining only meters within the target geographic area. The resulting set of iden-
tifiers is broadcast across the cluster, enabling a broadcast join against the base
consumption table containing the entries for each smart meter:

location_ids = (
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spark.read.parquet (LOCATION_FILE)
.filter(F.col("area") == AREA_FILTER)
.select("location_id")

.distinct()

cons_15 = (
spark.read.table("15min_parquet_file")
.filter(
(F.col("TIME_STAMP") >= START DATE)
& (F.col("TIME STAMP") < END DATE)
)
.join(broadcast(location_ids), on="location_id", how="inner"
.dropna (subset=["kwh"])
.cache()

)

Caching cons_15 after the join is intentional: the same filtered consumption frame is
reused in both the aggregate time-series modeling stage and the per-meter surge de-
tection stage, and materialising it once avoids redundant re-execution of the shuffle-
intensive join.

Hourly aggregation is then applied to produce the series used by the time-series
models. Timestamps are truncated to hour boundaries via F.date_trunc("hour",
...), after which a groupBy() and agg() reduce the 15-minute frame to hourly
totals:

hourly_sdf = (
cons_15
.withColumn("hour", F.date trunc("hour", "ts"))
.groupBy ("hour")
.agg(F.sum("kwh") .alias("kwh"))

)

hourly_pdf = (
hourly_sdf
.toPandas ()

.set_index("hour")
.sort_index()
.asfreq(pd.tseries.frequencies.to_offset("h"))
)
hourly_pdf ["kwh"] .interpolate(method="time", 1imit=3, inplace=True)

Missing intervals of up to three consecutive hours are filled through time-weighted
linear interpolation. Longer gaps require explicit repair and are handled separately
in the baseline modeling stage.

Weather and price series are loaded analogously. Temperature observations are
grouped by hour using a custom truncation function and averaged within each win-
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dow; price records originally at 15-minute resolution are resampled to hourly means
using .resample("h") .mean(). Both series are subsequently joined to hourly pdf
and forward- and backward-filled for short remaining gaps, producing the exogenous
regressor matrix used by the SARIMAX model.

Data Integrity and Repair

1e6 March 2025 Daily Consumption — centrumsydost

Data gap (repaired in cells 4 & 5)
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Figure 4.3: Reconstruction of consumption data

The consumption time series contains intermittent missing periods caused by data
collection gaps. Simple linear interpolation is avoided for longer outages because
it produces unrealistically flat stretches that distort seasonal decomposition and
residual statistics, see 4.3. Instead, a pattern-preserving substitution approach is
applied: temporally adjacent periods with similar seasonal characteristics serve as
donors, preserving the intra-day load shape that is central to accurate baseline
estimation.

For the identified five-day reporting gap, hourly patterns from the immediately
following five days are mapped back onto the missing period:

donor_offset = pd.Timedelta(days=5)
donor_values = hourly_repaired.loc[gap_end : gap_end + donor_offset, "kwh"]
donor values.index = donor_ values.index - donor offset
hourly_repaired.loc[gap_mask, "kwh"] = donor_values.reindex(

hourly repaired.loc[gap_mask].index

)

Donor days are selected from climatically similar periods to ensure that temperature-
driven daily profiles remain consistent with the surrounding observations. This
repair is applied exclusively to the aggregate hourly series used for time-series mod-
eling; per-meter heatmaps and surge counts retain the original, unmodified data.
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4.2.5 Baseline Consumption modeling

To separate structural consumption dynamics from anomalous deviations, a baseline
expected consumption trajectory is estimated from the repaired aggregate series.
Two model specifications are evaluated.

ARIMA An ARIMA(p,d, q) model is fitted to the univariate hourly aggregate se-
ries [51]. The specification is selected via grid search over the ranges p € {0, 1, 2, 3},
d € {0,1}, ¢ € {0, 1,2, 3}, with model selection based on the Akaike Information Cri-
terion (AIC) [18], which penalises model complexity while rewarding goodness of fit.
The optimal order is stored for reuse in the SARIMAX specification. The resulting
fitted values define the aggregate baseline against which residuals are measured.

SARIMAX The ARIMA specification is extended with a seasonal component cap-
turing the 24-hour daily cycle, as well as exogenous regressors including hourly
temperature, spot price, and cyclical time-of-day features [19]:

. . [ 2mh 21h
hour sin; = sin (24> . hour_cos;, = cos (24> (4.1)

The SARIMAX seasonal order is fixed at (P, D,Q,s) = (1,0,1,24), reflecting a
single seasonal autoregressive and moving-average term with a 24-hour period [19].
Stationarity and invertibility constraints are relaxed to permit a wider search over
the coeflicient space:

model = SARIMAX(
endog=y_train,
exog=X_train[["avg_temp", eur_col, "hour_sin", "hour_cos"]],
order=best_order,
seasonal order=(1, 0, 1, 24),
enforce_stationarity=False,
enforce_invertibility=False,
)
result = model.fit(maxiter=200, disp=False)

Incorporating external drivers allows the SARIMAX residuals to isolate consumption
deviations that cannot be explained by temperature, price, or time-of-day patterns,
thereby reducing spurious surge detections.

4.2.6 Per-Meter Surge Detection

While baseline modeling operates on aggregate consumption, flexibility analysis re-
quires disaggregation to the individual meter level. The transition from system-level
anomalies to consumer-level behavioral signals is achieved through a two-stage Spark
aggregation.

Daily per-meter statistics. The cached 15-minute frame is grouped by meter
identifier and calendar date, computing for each meter-day the count of intervals,
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the total consumption, and the sum of squared values needed for a one-pass variance
estimate:

meter_day = (
cons_15
.withColumn("date", F.to_date("ts"))
.groupBy("location_id", "date")
-agg(
F.count("kwh") .alias("cnt"),
F.sum("kwh") .alias("sum_kwh"),
F.sum(F.col("kwh") * F.col("kwh")).alias("sum_sq")

)

This groupBy () .agg() step reduces approximately three million 15-minute rows to
around 30,000 meter-day rows, a 100-fold dimensionality reduction that makes the
subsequent rolling window computationally feasible.

Sliding time window. Rolling statistics are computed over a centred seven-day
window spanning +3 days around each observation, capturing the weekly behavioral
cycle while adapting gradually to seasonal trends. The one-pass standard deviation
formula o = \/(2x2 — (¥2)2/n) / (n — 1) is applied directly to the aggregated sums,
avoiding re-materialisation of the full 15-minute data:

w_day = (
Window.partitionBy("location_id")
.orderBy("date")
.rowsBetween (-3, 3)

)

meter_day_thresh = (
meter_day
.withColumn("r_cnt", F.sum("cnt").over(w_day))
.withColumn("r_sum", F.sum("sum_kwh").over(w_day))

.withColumn("r_sumsq", F.sum("sum_sq").over(w_day))
.withColumn("roll mean", F.col("r_sum") / F.col("r_cnt"))
.withColumn("roll_std", F.sqrt(

(F.col("r_sumsq") - F.col("r_sum") * F.col("r_sum")

/ F.col("r_cnt"))

/ F.greatest(F.col("r_cnt") - 1, F.1lit(1))

))
.withColumn(

"threshold",

F.col("roll mean") + SURGE SIGMA * F.col("roll std")
)

)

The choice of a seven-day window balances several competing requirements. A
window of seven days provides approximately 672 15-minute intervals per meter,
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yielding stable estimates of the local mean and standard deviation. The centred
specification uses both past and future days, making the rolling statistics more
representative of genuine local behavior than a purely backward-looking window.
Finally, the weekly span captures the structural difference between weekday and
weekend consumption profiles, which is particularly important for meters with strong
business-hours periodicity.

Surge flagging via broadcast join. The threshold frame, now containing one row
per meter-day, is broadcast to all executors and joined back to the full 15-minute
data. A dual condition is applied: the statistical condition ensures the deviation
is significant relative to local variability, while the absolute condition filters trivial
fluctuations in low-consumption meters:

surges = (
cons_15
.withColumn("date", F.to_date("ts"))
.join(broadcast (meter_day_thresh),
on=["location_id", "date"], how="inner")
.withColumn (
"excess_kwh",
F.greatest(F.col("kwh") - F.col("roll mean"), F.1it(0.0))
)
.withColumn (
"is_surge",
(F.col("kwh") > F.col("threshold"))
& (F.col("excess_kwh") > SURGE_ABS_KWH)
)
.groupBy("location_id", "date")
-agg(
F.sum(F.col("is_surge").cast("int")) .alias("surge_count"),
F.sum(
F.when(F.col("is_surge"), F.col("excess_kwh"))
.otherwise(0.0)
) .alias("excess_kwh")

)

The resulting daily_pdf frame carries one row per meter-day and two target
columns: surge_count, recording the number of 15-minute surge intervals on that
date, and excess_kwh, recording the total consumption above the rolling mean
during those intervals. The formal surge condition at meter level 7 and time ¢ is:

Tip > pra(t) + Noga(t) and  x;p — pra(t) > 0 (4.2)

where pi74(t) and o74(t) are the seven-day rolling mean and standard deviation, A =
2 is the statistical multiplier, and 6 = 2.0kWh is the absolute minimum excess
(SURGE_ABS_KWH).
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The dual-threshold design reflects a deliberate methodological choice. The statisti-
cal condition alone can be triggered by high relative variation in meters with very
low baseline consumption, where even a fraction of a kilowatt-hour of excess reg-
isters as a multi-sigma event. The absolute condition prevents such structurally
insignificant deviations from being classified as flexibility signals, ensuring that the
surge inventory represents operationally meaningful behavior.

Behavioral Representation and Feature Construction

Each meter is represented as a fixed-dimensional behavioral vector for clustering.
Two pivot tables are constructed from daily_pdf, transforming the long-format
meter-day frame into wide-format matrices in which each row corresponds to a
meter and each column to a calendar date:

pivot_surge = daily_pdf.pivot(
index="location_id",
columns="date",
values="surge_count"

) .£il1lna(0)

pivot_flex = daily_pdf.pivot(
index="location_id",
columns="date",
values="excess_kwh"

) .£i11na(0)

Only meters that recorded at least one surge throughout the analysis period are
included. Meters with no surge activity exhibit structurally stable consumption
profiles and are excluded from the clustering step, as they do not contribute observ-
able flexibility signals. The surge-count matrix pivot_surge serves as the primary
clustering input, with the flexibility potential matrix pivot_flex used for post-
clustering quantification of excess energy by cluster.

Looking to the behavioral clustering of flexibility patterns, Ward’s minimum-
variance hierarchical clustering is applied to the surge-count matrix. The algorithm
merges pairs of clusters iteratively, selecting at each step the merge that minimises
the increase in total within-cluster variance:

|Ci] 1] 2
AC: C.) = s 4.

Ward’s method is preferred over centroid-based alternatives for two reasons. First,
it minimises within-cluster variance directly, producing compact and interpretable
behavioral groups rather than optimising a geometric distance to a predefined cen-
troid. Second, it generates a full dendrogram that makes the hierarchical structure
explicit and supports data-driven selection of the cluster count.

Full Ward’s clustering has O(n?) time complexity and O(n?) space complexity [52],
which becomes infeasible when the number of meters with surge activity exceeds
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the threshold WARD_MAX_ METERS = 5,000. A hybrid approximation is applied in this
case: a random sample of WARD_MAX METERS meters is drawn with a fixed seed, the
full dendrogram is computed on the sample, and k cluster centroids are derived by
cutting the dendrogram. Remaining meters are then assigned to the nearest centroid
by Euclidean distance:

centroids = [
data_sample[sample_labels == c].mean(axis=0)
for ¢ in range(1l, k + 1)

]
dists_to_c = cdist(all data, centroids, metric="euclidean")
all labels = dists_to_c.argmin(axis=1) + 1

This hybrid strategy reduces the effective complexity of the assignment phase to
O(nxkx D), where D is the number of calendar days in the analysis period, making
the approach scalable to datasets substantially larger than the full-dendogram limit.

DBSCAN on the other hand is implemented using a brute-force nearest neighbour
search with a cosine distance metric, resulting in a time complexity of O(N?) rather
than the O(N log N) achievable with tree-based indexing structures [16]. This ap-
proach was selected following initial testing on the regional smart meter datasets,
where the brute-force pairwise distance table demonstrated faster practical perfor-
mance at the relevant dataset scales.

Compared to partition methods such as k-means [53], DBSCAN is particularly well-
suited to identifying noise and arbitrarily shaped clusters, making it advantageous
for detecting low-density or irregular groupings that deviate from the dominant
consumption patterns [16]. Accordingly, the DBSCAN clustering stage is oriented
towards surfacing smaller outlier subgroups rather than capturing the broad struc-
tural segmentation of the load profiles.

4.2.7 K-Means Clustering

In addition to hierarchical clustering, centroid-based clustering was evaluated using
K-Means. Whereas Wards linkage constructs a hierarchical dendrogram through
iterative variance-minimising merges [47], K-Means partitions the behavioral feature
space into a fixed number of non-overlapping clusters by minimising within-cluster
distances to cluster centroids [48].

The algorithm operates on the same surge-count representation defined in Sec-
tion 4.2.6, where each meter is represented as a fixed-dimensional vector of daily
surge activity.

The K-Means objective function is defined as:
k
. 2
minY> Y [l — (1.4)
=1 xECi

where C; denotes cluster ¢ and p; its centroid.
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Unlike Wards linkage, which produces a hierarchical structure, K-Means directly
optimizes a flat partition of the feature space [53]. This substantially improves
computational scalability, particularly for larger datasets.

MiniBatch approximation.

For datasets exceeding 3,000 meters with surge activity, MiniBatchKMeans was used
instead of standard K-Means. Mini-batch optimization reduces memory consump-
tion and computational cost by updating centroids using randomly sampled subsets
of the data rather than the full dataset during each iteration [48].

The resulting complexity is approximately:

Ob-k-i-T) (4.5)

where b denotes the mini-batch size, k& the number of clusters, T" the number of time
points, and ¢ the number of optimization iterations.

Compared to full K-Means, the MiniBatch approximation slightly increases within-
cluster variance but enables scalable clustering under operational constraints asso-
ciated with near-real-time processing.

4.2.8 Comparative Evaluation of Clustering Methods

The clustering paradigms evaluated in this study represent different trade-offs be-
tween scalability, interpretability, and structural flexibility.

Wards hierarchical clustering produced compact and interpretable behavioral groups
while preserving the hierarchical structure of meter relationships through the den-
drogram representation. This improved interpretability and enabled data-driven
selection of cluster granularity. However, the quadratic scaling of dendrogram con-
struction limited computational feasibility for very large datasets.

K-Means substantially improved scalability and execution speed, particularly when
combined with MiniBatch optimization. The method produced relatively balanced
cluster sizes and performed efficiently under distributed operational constraints.
However, the centroid-based formulation assumes approximately spherical cluster
geometry and is more sensitive to centroid initialization and outliers.

DBSCAN provided the greatest structural flexibility by identifying arbitrarily
shaped density regions and explicitly isolating outlier meters. Nevertheless,
parameter sensitivity and unstable cluster formation reduced operational
consistency across geographic regions.

Overall, Wards linkage was selected as the primary clustering framework due to
its balance between interpretability, cluster stability, and operational relevance. K-
Means was retained as a computational benchmark and scalability reference, while
DBSCAN served primarily as a robustness and outlier-detection comparison.
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4.2.9 Computational Complexity and Pipeline Bottlenecks

While most stages of the pipeline scale linearly with the volume of meter observa-
tions, O(N-T'), practical performance is primarily influenced by data movement and
aggregation operations within the distributed Spark environment. Data ingestion,
hourly aggregation, daily meter aggregation, and surge detection are all dominated
by distributed scans, joins, and group-by operations rather than computational com-
plexity alone.

The most computationally expensive analytical components are the baseline con-
sumption models. ARIMA model selection scales as O(T'logT) due to the grid
search over candidate specifications, while SARIMAX scales approximately as O(T?)
because of state-space estimation. These models are therefore executed as offline
batch analyses rather than as components of a real-time operational workflow.

The primary scalability constraint of the clustering stage is Ward’s hierarchical clus-
tering, which exhibits O(n?) time complexity and O(n?) memory complexity. For
larger populations of surge-active meters, the hybrid approximation described in
Section 4.2.6 is used to bound computational cost while preserving the interpretabil-
ity advantages of hierarchical clustering. Alternative methods such as DBSCAN
(O(n?)) and MiniBatch K-Means (O(b - k - i - D)) provide computationally lighter
benchmarks but were not selected as the primary clustering framework.

Overall, computational performance is governed by three factors: distributed aggre-
gation over high-frequency consumption data, offline time-series model estimation,
and hierarchical clustering of surge-active meters.

4.3 Qualitative Study

This section presents the methodological decisions made to examine how flexibility is
understood, organized, and developed around a DSO and its wider flexibility market
ecosystem.

4.3.1 Methodological Approach

The managerial part of the study was based on a qualitative research approach.
The approach is appropriate for investigating a real world problem with multiple
factors such as technical, organizational, regulatory and market related factors
[49]. The research design also allowed perspectives outside the organization to
be investigated, making this approach suitable for incorporating insights from
flexibility providers and enablers from the wider system relevant to a DSO.
The design also allowed the study to capture and reflect on the perception and
experiences of stakeholders rather than solely on quantitative comparisons, allowing
for a deeper understanding of how the surrounding environment affects decisions
around flexibility.

The study was designed as a case study focusing on Goteborg Energi’s
strategic engagement within the flexibility market. The case study method is an
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effective method to generate deep contextual insights [54]. Although case studies
may be limited in terms of external validity and generalization, they allow for a
thorough examination of a specific context and its challenges [49]. The chosen case
gave important context of the activities and challenges a prominent actor in the
flexibility space is faced with, in an industrial city under electrification.

To further structure the case study, an abductive approach was deployed,
which is suitable to match and guide evidence for further exploration [55]. The
abductive approach consists of systematically combining, confronting empirical
evidence with theory, and letting the match of data direct or redirect further
research, and enables the researcher to triangulate and reveal evidence not found
otherwise. The systematic combining also supported the iterative development of
our qualitative and quantitative research. The findings from the respective research
aspect deepened our understanding of specific emerging themes found, which led to
further investigation.

4.3.2 Interview Study

To capture stakeholder perspectives in the qualitative research design, an
interview study was conducted. The interviews were semi-structured to allow the
different perceptions, perspectives and emerging themes of the respondents to be
elaborated on to provide more detailed information [56]. The initial interviews
were exploratory to provide early insights to inform and guide the abductive
approach in iteratively designing the theoretical foundation and focus of the
study [55]. The exploratory interviews were designed with broader questions to
gain initial insight into the organization and its possibilities and related stakeholders.

The semi-structured interviews were designed to capture evidence to the
central managerial concepts from the ecosystem lens. However, the interviews
were also adapted to fit the interviewee’s expertise and context, which meant
that internal and external interviews were different in conceptual theme and
foundation. Whilst the internal interviews at the DSO were focused on the
ecosystem perspectives from a dynamic capability point of view, the external
stakeholders were examined through an ecosystem perspective more focused on
their challenges and enablers in adopting and contributing through flexibility
resources. The two interview foundations were thus developed in parallel to one
another, enabling the findings from both sides to improve and guide relevant themes
to be discussed. New questions were also added and removed before and during
interviews where appropriate to increase relevance and exchange of information [56].

The interview participants were chosen by a snowball sampling method
[49].  This was performed by letting the first exploratory interviews with
internal flexibility market actors at the DSO set the frame for topic relevant
stakeholders. This was then expanded upon if additional stakeholders emerged
in the study, so that the ecosystem actors could be effectively mapped.
However, due to the scope of the study in terms of time, this constraint
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also affected the sample size. The collected data were further validated by
letting the respondents review their contribution and, where necessary, allow
them to refine their statements in case they were unsure at the time of the interview.

The interview study resulted in 14 interviews that were conducted continu-
ously during the data gathering. The interviews were either conducted physically
or online due to convenience of the participants and all interviews were recorded
on a separate device and transcribed with consent. The interview’s duration was
approximately an hour but could vary due to schedule and relevance and exhaustion
of topic and some interviews were conducted with two or more respondents at
the same time due to schedule and availability. In the majority of the interviews,
the full research team was present to increase the exchange between the two
disciplines of the study. Where relevant questions for the quantitative study
emerged during the interview, room was allowed in the interview session to help
guide the interdisciplinary area of the study.

Respondent | Organization | Role/Area Time
R1 DSO Business Relations 1h
R2 DSO Technical Expert 30 min
R3 DSO Department Manager 1h
B1 External CEO Aggregator 1h
B2 External Technical Expert Aggregator 1h
B3 External Technical Expert 1h
B4 External Technical Expert 1h
B5 External Business Development 1h
R4 DSO Department Manager 30 min
R5 DSO Business Development 1h
B6 External Strategy Manager 1h
R6 DSO Strategy Manager 1h
B7 External BESS product manager 30 min
E1 External Expert from Academia 1h
R7 DSO Flexibility Manager 1h
B8 External Regulatory Expert 1h
B9 External Regulatory Expert 1h
B10 External Regulatory Expert 1h

Table 4.2: Overview of interview respondents

4.3.3 Qualitative Data Analysis

The gathered data was analyzed inductively through systematically coding and
conceptualizing the empirical findings [49]. The respondents experiences and
perceptions were reviewed and coded into first order concepts reflecting the
empirical data as transparently as possible. These concepts were then compared
and grouped into broader theoretical second order themes. Subsequently, these
themes were aggregated into thematic dimensions, forming the structure under
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which narrative the empirical findings and discussion was created.

In the secondary data collection scientific articles were used to support the
abductive approach in guiding the findings [49], [55]. The analysis involved
systematically comparing empirical findings with previous studies to form
conceptual themes, and to establish an understanding of the empirical data
supported by previously studied organizations [49]. Literature was chosen based
on their comparative relevance to the empirical evidence found and therefore
iteratively developed during the data collection.
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Risk Analysis and Ethical
Considerations

In this section, the risks of handling data and ethical considerations of the research
process are addressed.

5.1 Handling of Smart Meter Data

Smart meter data, consumption, production, geographical location, weather, time,
is of essence to the thesis, the generalization and quality of insights that can be
deduced. Each data point represents one perspective of a specific facility and their
operations, and the aim of the thesis is not to evaluate or put value on or harm
individual actors, but rather what findings the research of aggregated and clustered
data points can produce for future action [49]. Thus, careful considerations must be
made not to point out specific actors and to give an objective view of what can be
done with data and not to put specific data points and the actor behind the data
in a negative light.

5.2 Handling of Interview Data

The internal actors of Goteborgs Energi and the external stakeholders that are sub-
ject of being interviewed for the thesis are an important factor in the result and
process of the thesis. Therefore, the integrity of stakeholders, anonymity, confiden-
tiality, and the use of data and informed consent is of the essence for the research
study [49]. To maintain the integrity of the interviewees and the organization, they
receive in good time information about the purpose of the study to make an in-
formed decision if they will participate. Consent also includes being informed about
how the interview is recorded, where the data will be placed, and for how long the
data will be kept before removal. The interviewee were also be able to review their
contribution before publication.
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Evaluation and Results

This section first provides an aggregate overview of the identified flexibility potential
across all regions and clusters, establishing a baseline for the scale and distribution
of surge-related behaviour. It then examines the extent to which this potential can
be concentrated through targeted selection of high-activity clusters, with a focus
on the trade-off between coverage and meter population. Following this, the ex-
ploratory clustering approaches are evaluated, comparing Wards linkage, DBSCAN,
and k-means in terms of cluster structure, stability, and suitability for identifying
operationally meaningful groupings within the data. The analysis then shifts to
a regional breakdown, where cluster-level characteristics are interpreted in context
and related back to insights from the managerial interviews, particularly concern-
ing practical applicability, operational constraints, and the relative importance of
behavioral versus geographical segmentation.

6.1 Clustering Benchmark and Method Selection

To identify recurring flexibility behaviors among smart meters, multiple clustering
approaches were evaluated and benchmarked.

The objective was not solely to maximize cluster separation, but rather to pro-
duce operationally actionable groupings capable of supporting flexibility analysis
and demand-side management strategies.

Three clustering approaches were evaluated:
1. Ward hierarchical clustering
2. K-Means clustering
3. DBSCAN using both Fuclidean and cosine distance metrics

The benchmark compared computational performance, cluster structure, scalability,
and behavioral interpretability.

6.2 Data Pipeline

The computational performance is evaluated on a dataset covering the Central
Gothenburg distribution region. The dataset consists of 37,049 smart meters ob-
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served at 15-minute resolution over a one-year period, corresponding to approxi-
mately 4 x 15-minute intervals per day. Of these, 21,638 meters exhibit at least
one detected surge event and are therefore included in the downstream behavioral
analysis.

Table 6.1 reports execution times for each major stage of the data pipeline. The
results reflect a full end-to-end batch execution including time-series modeling com-
ponents as well as the operationally relevant continuous processing path.

To distinguish between offline analytical modeling and deployable near-real-time
analytics, two total runtime configurations are reported. The first includes all com-
ponents of the pipeline, including ARIMA grid search and SARIMAX estimation.
The second excludes these components since that for continuous analytics these
larger cyclic models aren’t needed for the core of flexibility analysis, but rather to
examine the larger aggregate relationships between the data.

Table 6.1: Execution time of data pipeline components with starting input of all
the 15 min entries for all the smart meters for the given time period of 01-02-2025
to 01-02-2026, ran on a python jupyter notebook environment (Central Gothenburg
smart meter set).

Pipeline stage Runtime (s)
Data loading & ingestion 19.3
Hourly aggregation 580.6
ARIMA (grid search + fit) 99.2
SARIMAX 584.9
Daily meter aggregation 50.5
Surge flagging 1154
Total (full pipeline) 1450.0 s
Total (continuous analytics, excluding ARIMA + SARIMAX) 765.9 s

The results indicate that the dominant computational cost is concentrated in time-
series modeling, particularly SARIMAX estimation and ARIMA grid search. When
these components are excluded, the remaining pipeline exhibits substantially lower
runtime and is dominated by aggregation and surge detection stages.

From an operational perspective, this separation is critical. The full pipeline is appro-
priate for offline analytical model calibration and structural consumption analysis,
whereas the reduced configuration represents a feasible baseline for continuous or
near-real-time analytics under 15-minute data ingestion constraints.

6.3 Clustering Techniques

Benchmarking of clustering techniques within the pipeline described in Section 6.1,
ran within a python jupyter notebook environment.
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Table 6.2: Clustering benchmark comparison on Central Gothenburg Region

Method
Ward Linkage
K-Means

Time Complexity
O(n?)
O(nkt)

DBSCAN (Cosine)

O(n?)

6.4 Cross-Regional Overview

Runtime
139 s
50 s
49 s

This section presents the comparative baseline across all study regions, including
data coverage, aggregate load structure, and regional differences in temporal peak
behavior with clusters created through Ward’s method, to conduct these analytics
on larger tangible, and balanced clusters to bundle and reason about the available
flexibility according to the focus areas denoted in the interviews.

Table 6.3: Surge statistics by region and clusters derived from Ward’s linkage

Region / Cluster Meters Meters >1 Surge  Surges %-Surges Excess [kWh] Power [MW]
Total (all regions) 196122 135608 15083159 0.32% 97167249 11,09
Targeted (No Cls) 37597 37597 13073698 0,99% 90175666 10,29
South-East (Total) 31745 19652 1704261 0.25% 12331420.5 1.41
C1 15260 15260 197979 0.04% 702388.9 0.08
C2 1522 1522 254137 0.48% 1804381.1 0.21
C3 1188 1188 404226 0.97% 2958865.2 0.34
C4 1019 1019 576944 1.62% 3695984.2 0.42
Ch 663 663 270975 1.17% 3169801.1 0.36
North (Total) 7197 6146 1024551 0.48% 5561948.3 0.63
C1 3061 3061 85544 0.08% 318586.3 0.04
C2 1738 1738 326783 0.54% 1337981.3 0.15
C3 1347 1347 612224 1.30% 3905380.7 0.45
West (Total) 16040 13843 2623028 0.54% 15396204.6 1.76
C1 6931 6931 238499 0.10% 837003.8 0.10
C2 3560 3560 777180 0.62% 3708231.1 0.42
C3 3352 3352 1607349 1.37% 10850969.7 1.24
North-East (Total) 17552 14666 1843537 0.36% 10994662.2 1.26
C1 10549 10549 376067 0.10% 1224224.1 0.14
C2 2445 2445 625412 0.73% 3225278.4 0.37
C3 1672 1672 842058 1.44% 6545159.7 0.75
East (Total) 12557 9445 1007369 0.30% 5886114.6 0.67
C1 6114 6114 92172 0.04% 258940.8 0.03
C2 1443 1443 147135 0.29% 512777.3 0.06
C3 892 892 251118 0.80% 1358115.5 0.16
C4 845 845 444093 1.50% 2746180.1 0.31
C5 151 151 72851 1.38% 1010100.9 0.12
South (Total) 73982 50218 5367645 0.31% 35774072.2 4.08
C1 37482 37482 764575 0.06% 2490509.2 0.28
C2 7055 7055 1739114 0.70% 10227732.2 1.17
C3 5681 5681 2863956 1.44% 23055830.8 2.63
Central (Total) 37049 21638 1512768 0.20% 11222826.2 1.28
C1 18614 18614 254625 0.04% 1159929.8 0.13
C2 1221 1221 686103 1.60% 4102528.7 0.47
C3 975 975 274515 0.80% 2120676.1 0.24
C4 828 828 297525 1.03% 3839691.6 0.44

Table 6.3 presents the aggregated surge statistics for each geographical region and
their corresponding clusters. The column Meters refers to the subset of all available
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smart meters belonging to a given geographical area. Each region was analyzed inde-
pendently before clustering was applied to the corresponding consumption profiles.

The column Meters >1 Surge represents the number of meters for which at least one
surge event was detected during the analyzed period. As part of the preprocessing
pipeline, all meters without any detected surge occurrences were removed from the
surge analysis in order to focus exclusively on meters exhibiting flexibility-related
behavior.

The column Surges represents the absolute number of detected surge events occur-
ring between 1 February 2025 and 1 February 2026. A surge event corresponds to a
consumption value significantly exceeding the local baseline behavior as determined
by the surge detection methodology.

The metric %-Surges represents the proportion of all possible measurement events
classified as surges. This value is computed as:

Surges
Meters x 35040

%-Surges =

where 35040 corresponds to the total number of 15-minute measurement intervals
within one year:

4 x 24 x 365 = 35040

Consequently, the metric describes how frequently surge behavior occurs relative to
the total number of possible observations for the analyzed meter population.

The column FEzcess [kWh] represents the cumulative excess energy consumption
above the calculated 7-day moving average baseline. More specifically, for each
detected surge event, the difference between the observed consumption peak and the
corresponding moving average baseline was accumulated. This value was interpreted
as a proxy for potentially flexible or shiftable load, since the excess demand may
represent consumption that could theoretically be temporally redistributed.

Finally, the metric Power [per hour] [MW] estimates the average hourly flexible
power available to a flexibility market operating on 1-hour trading windows. The
value is calculated by distributing the total yearly excess energy across all hours of
the year:

Excess [kWh]
365 x 24 x 1000

Power [MW] =

It should be noted that no temporal weighting or simultaneity analysis has yet been
applied. The calculation therefore assumes that all detected excess consumption
contributes equally regardless of when the surge occurs. Temporal alignment, simul-
taneity effects, and cluster-specific behavioral patterns will be further analyzed in
the subsequent individual cluster analyses.
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To further evaluate the practical implications of the clustering approach, an aggre-
gated comparison was performed between the complete set of detected surge meters
and a targeted subset excluding the least active clusters (all C1 clusters across re-
gions). The results are presented in Table 6.4.

Table 6.4: Comparison between total and targeted flexibility potential

Scenario Meters >1 Surge Excess [kWh] Power [MW]
Total (all regions) 135608 97167249 11.09
Targeted (No Cls) 37397 90175666 10.29

The results demonstrate a highly concentrated distribution of flexibility potential
across the analyzed meter population. By excluding the least active clusters (C1),
approximately 92.7% of the total detected flexibility potential remains, despite only
targeting 27.7% of the meters exhibiting surge behavior.

This finding indicates that a relatively small subset of highly active meters accounts
for the overwhelming majority of the theoretically flexible load. Consequently, large-
scale flexibility programmes may not necessarily require broad participation across
the entire smart meter population. Instead, significantly higher efficiency may be
achieved through targeted engagement strategies focused on the most surge-intensive
behavioral clusters.

The comparison also highlights a substantial increase in flexibility density. For the
complete population, the average hourly flexible power available per surge-active
meter was approximately:

11.09 MW

135608 ~ 0.08 KW per meter

whereas for the targeted subset excluding all C1 clusters, the corresponding value
increased to:

10.29 MW

~ 0.27 k
3TE07 0.27 kW per meter

However, when analyzing the average hourly flexibility contribution only across the
actively targeted surge windows, the effective average flexibility availability increases
substantially. The complete dataset corresponds to an average tradable flexibility
contribution of approximately 0.08 kW per participating surge event, while the tar-
geted subset reaches approximately 0.27 kW per participating surge event.

This further reinforces the conclusion that the clustering methodology successfully
isolates behaviorally distinct groups with substantially different flexibility character-
istics. Depending on the operational objectives of the flexibility market, different
cluster combinations may therefore be prioritized. Certain clusters exhibit highly
concentrated but infrequent surges, while others display more persistent and sus-
tained excess consumption patterns, potentially making them more suitable for spe-
cific demand response strategies, trading horizons, or grid balancing applications.
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6.5 Regional Aggregated and De-aggregated
Cluster Analysis

This section delves deep into the region of Gothenburg South East one of the 7 re-
gions and examines the regions aggregate results both in terms of the autoregressive
findings from ARIMA, the aggregate behaviors found when accounting for the exter-
nal factors such as weather and electricity pricing from SARIMAX, the comparison
between them regarding how the surge patterns differ. Meaning the first 5 figures
show how all the meters in the Gothenburg South East Region behave together.
The later figures showcases the breakdown of clusters emerging, their differences
in surge behaviors and what this equates to in terms of power. Lastly how these
clusters emerge and are represented geographically. The entire cluster breakdown
is done with Ward’s linkage to showcase the dendrogram and thus how similar the
cluster are to eachother as well as Ward’s innate feature of producing balanced clus-
ter so that insights can be gained from groupings with a tangile amout of smart
meters [47].

ARIMA(3, 0, 3) - hourly aggregate consumption (Central South East)
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Figure 6.1: ARIMA

An ARIMA (p,d, q) model is fitted to the hourly aggregated time series. The specifi-
cation is selected via grid search over p € {0,1,2,3}, d € {0,1}, and ¢ € {0, 1,2, 3},
with model selection based on the Akaike Information Criterion (AIC). The result-
ing optimal configuration is ARIMA(3,0,3), capturing short-term autoregressive
and moving-average dependence without differencing.

For the ARIMA model, the residual series exhibits comparatively lower variance,
reflecting that most short-term autocorrelation structure is captured by the autore-
gressive and moving-average terms, leaving primarily idiosyncratic noise.
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It is observed that the model produces more frequent and structurally consistent
surge patterns, with peaks occurring at relatively stable consumption levels across
the time series, see Figure 6.1, whereas the SARIMAX model exhibits less regular
and more dispersed surge behavior, see Figure 6.2.

SARIMAX(order=(3, 0, 3), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (Central South East)
Exogenous: temperature, spot price, 24h Fourier terms
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Figure 6.2: SARIMAX

SARIMAX(p,d, q) x (P, D, @, s) model incorporating seasonality and exogenous vari-
ables. The seasonal component is fixed at (P, D,Q,s) = (1,0,1,24) to capture
daily periodicity in the hourly series. The final specification is SARIMAX(3, 0, 3) x
(1,0,1,24) with exogenous regressors including temperature, electricity spot price,
and cyclical time-of-day features.

For the SARIMAX model, the residuals display higher volatility, see Figure 6.2,
which is primarily attributed to the inclusion of exogenous variables such as the
electricity spot price, see Figure 6.4, whose pronounced short-term fluctuations are
propagated into the error structure. Possibly due to the lag between consumption
behavior, and the difference in response to the pricing signals leads to additional
features instead of reducing variability on the aggregate level. This observation can
be seen in the surges occuring in the aggregate SARIMAX model, they are fewer
and occur in greater variance across the consumption band of the aggregated region.
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SARIMAX surge context - Temperature (Central South East)
Red markers = surges (>2.00) - Dashed = x? envelope 50%
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Figure 6.3: Surges displayed over weather data

The regions surge behavior related to the temperature changes occur mainly during
the period where the weather starts to shift from cold to warm (01-02-2025 to 10-
05-2025) and the return (01-09-2025 to 15-10-2025). With many of the aggregate
surges appearing alongside the drops in temperature or the lowest temperature mea-
surements, meanwhile almost no surgest occur at the very warmest measurements.

SARIMAX surge context - Spot Price (Central South East)
Red markers = surges (>2.00) - Dashed = x? envelope 50%
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Figure 6.4: Surges displayed over EPEX SPOT price data

The regions surge dependency of the EPEX SPOT price is next to non-existent, with
aggregate surges occurring regardless of pricing signals, the thing to note is that at
each sudden spike in the electricity price, there often is a surge occurring. But since
these prices are set ahead of time in the day-ahead market, these surges most likely
relate to wider capacity constraints from weather shifts.
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Figure 6.5: ARIMA v. SARIMAX Surge Occurrences

The stark difference in aggregate surge behavior becomes more apparent when com-
paring the two auto-regressive models, see Figure 6.5. With the consistent surge
appearances of the ARIMA model evenly spread throughout the year and in com-
parison the SARIMAX surges occur mainly in relation to the spikes in electricity
price occurring.

As seen by Figure 6.6 plenty of smart meters clustering into C'7 have next to no
surge activity, even after excluding the meters with no activity. With C2 still having
little to no consistent peak patterns throughout the cluster, except for a faint week-
cycle pattern visible, with two consolidated surges occurring late December 2025,
which can be best seen in Figure 6.8. Continuing on cluster C'3 and looking to the
dendogram

Cluster analysis - Central South East {19652 meters, 5 auto-detected clusters, ordered by size)
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Figure 6.7: Cluster analytics, covering Ward’s dendrogram of how closely related
the clusters are, the amout of smart meters adherent to each cluster, and the average

surge profile of the clusters
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Daily surge count - all 19652 meters - Central South East
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Figure 6.6: Heatmap showcasing cluster capture of meter surge data
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Looking to the analysis of the clusters, starting with the "Average surge profile per
Cluster", see Figure 6.7. It can be clearly observed that the most populated cluster
C1 is also the one with the lowest activity. The other 4 clusters follow a clear
seasonal dip in surges occurring around the summer months of July and August,
with varying effects of volatility. Noting that the clusters of individual smart meters
experiences relatively small changes in surge occurrences during the colder month,
while cluster €8 and 4 showcases a similar muted behavioral pattern, in contrast
to cluster €5, with its extremely volitive profile which was examined further both
geographically and in terms of available flexibility [kWh], see Figure 6.9.

Average daily surge count per cluster - Central South East
(19652 meters, 5 auto-detected clusters, ordered by size | surge: >2,00 A >2.0 kWh | window: 7d)

Cluster 4 (n=1019) | | | | |
Cluster 5 (n=663) | | | | | | | |

! ‘
o o o o |
g - & J i i
EAN A A S do8 8 L
& ¢ ? ¢ ¥ A ¥ o ¢ N & ¢
Date

Cluster 1 (n=15260)

Cluster 2 (n=1522)

Cluster 3 (n=1188)

|\'

Figure 6.8: Cluster heatmap showcasing surge occurrence

Average daily excess kWh per cluster (flexibility) - Central South East
(19652 meters, 5 clusters ordered by size | log-scaled | white = no surges)
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Figure 6.9: Cluster heatmap showcasing excess kWh from surges

Through deeper analysis of geographical distribution of smart meters and their ad-
herent clusters (not included here to due privacy concerns). It can be observed that
the clusters C'1, C3 and C4 with the more muted and stable surge profile are mostly
found in residential areas, meanwhile the volatile cluster C5 with clear week-day /
week-end cycles are almost exclusively found in industrial and shopping areas.
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6.6 Qualitative Empirical Findings

This chapter presents the results aimed at answering RQ2, with empirical evidence
from the interviews with internal DSO respondents, external flexibility providers
and aggregators, an academic expert, and regulatory and policy respondents. As
presented in figure 6.10, the empirical findings were analytically synthesized into
first-order concepts, second-order themes and aggregate dimensions using inductive
analysis [49].

1st Order Concepts 2nd Order Themes Aggregate Dimensions

Flexibility only creates value if it can be contracted and delivered when needed.

. The timing of demand and delivery is crucial forwhether flexibility can substitute for
grid measures.
Uncertainty around delivery weakens the credibility of flexibility in planning.

Planning Reliability

1. Uncertain
Investability

. Historical peaks, temperature, spot prices, and local area conditions shape
flexibility needs.
Forecasting must translate data into actionable planning signals.

* Area planning depends on knowing where and when flexibility can be used.

Actionable Forecasting

* Flexibility emerges through active customer dizlogue and practical testing.
Verification with real users helps identify what resources can respond.
Learning is built jointly through local experimentation.

Customer-based
Resource Discovery

2. Adapting to
Standardization

Different resources vary in scalability, automation, and technical endurance.
Some flexibility resources are easierto capture and integratethan others.
Resources must be grouped according to how they actually perform.

Resource Maturation

* Building a functioning market requires proactive customer contact and sustained
effort.
Liguidity and astable base of participants are necessary foundations.
Market development depends on endurance rather than one-off initiatives.

Market Building

3. Coordinated
Leadership

Flexibility requires leadership that can push the narrative and create organizational
commitment.

Industry hesitation means change must be actively championed.

Strategic anchoring is necessary for flexibility to remain a long-term priority.

Strategic Anchoring

Flexibility can reduce the need for grid investments, but only within limits.
Peak demand occurs rarely, creating tension between large infrastructure
dimensions and few critical hours.

. The value of flexibility depends on how far it can substitute fortradition al solutions.

Bounded Substitution

4. Competitive
Value Capture

Flexibility compete s with arbitrage, ancillary services, industrial value, and
frequency markets.

. Large investments often face relatively small or uncertain localreturns.
Providers balance several revenue streams over time.

Revenue Competition

Price signals and standards interact with contracts, tariffs, and market tools.

. Overlapping instruments can create confusion if use cases are notclearly
separated.
Longer contracts may be required when flexibility is used in infrastructure planning.

Tool Coordination

5. Resource-

signal Fit

Actorroles and responsibilities remain unclear in the flexibility ecosystem.
. Local signals can reshape what providers offer and how they position themselves.
The boundary between DS0 coordination and market provision is still evolving.

Role Ambiguity

YN Y

Figure 6.10: Overview of first order concepts, second order themes and aggregate
dimensions

These aggregate dimensions are presented in logical sequence, first explaining how
flexibility cannot be planned, procured, invested in, or regulated unless actors per-
ceive it as reliable, visible, and controllable. Secondly, once uncertainty is acknowl-
edged, the question becomes how actors learn what works and turn that learning
into scalable structures, through experimentation and standardization. Thirdly, ex-
perimentation and standardization has shown to not happen automatically, someone
must lead and coordinate market actors, customers, and regulators. Fourth, because
even if flexibility is technically available and coordinated, providers will only sup-
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ply if the business case is attractive. Fifth, the DSO tools, contracts, bidding, and
contracts must be aligned with how different resources actually respond.

6.6.1 Information Uncertainty and Measurability Shape
Planning Legitimacy and Investability

The internal and external interviews strongly agree that uncertainty is one of the
central barriers to flexibility. Internal respondents worry about whether flexibility
can be trusted as a system tool. External respondents worry about whether
uncertainty can be reduced enough for customers, investors, and project developers
to commit resources. Both perspectives point to the same conclusion, that without
measurability and better visibility, flexibility remains difficult to scale.

When discussing what flexibility can do for a DSO, internal respondents
broadly agreed that there is a large potential in flexibility, but it was repeatedly
emphasized that the practical challenge lies in matching theoretical concepts with
real operating conditions. As R4 emphasized,

The devil is in the details [R4]

particularly when flexibility is expected to replace or delay grid investments. For
flexibility to become usable in planning, respondents described that the relevant
resource must be available at the right time, in the right place, and with certainty
that the resource will be available to support actual decisions. R4 therefore framed
flexibility not primarily as a concept problem, but as a problem of decision usefulness
and operational precision. R4 further adds

If we look deeper into the grid, prognoses and forecasts become less im-
portant, in this world, it matters more if the customer chooses to build
on that or that street, depending on what they are asking for [R4]

illustrating the issue of substituting or delaying a grid investment with flexibility
when it is operationalized in the real world.

Respondent R6 argued that a key long-term challenge is to enable

The traditional grid planner to see and trust a flexible resource instead
of a network investment. [RO]

indicating that flexibility is not only competing with infrastructure economically,
but also institutionally, whilst adding that the market needs to work really well for
this to be the case. Similar accounts were also made by R7 who exemplified the
challenges

How do we get flexibility to become part of the infrastructure? How can
we dare to connect customers thanks to the flexibility we have? There
we still have some journey to make [R7]

pointing toward uncertainty challenges in the flexibility technology, in terms of know-
ing that the flexibility will exist the coming years at a location. Their account
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suggests that these solutions would need more conditional or contracted flexibility
rather than market based participation. R6 further relates this issue to their core
operations, and how they in the past handled uncertainty in situations:

We have sometime in history learned that we don’t have to have to fully
dimension everything. It will probably be somewhat the same with this,
gradually [...] but during the construction phase it will probably be a quite
interesting dynamic between demand of agreements, belief in the market,
and the where you are positioned in the development [R6]

Forecasting was repeatedly described as central to this credibility by several respon-
dents. R3 described short-term forecasts as critical both for trading on the local
flexibility platform and for future dynamic tariff models, where price signals would
reflect predicted congestion in the network. But as R5 remarked

The current forecasting tool still has limitations [R5]

emphasizing that data accuracy could impact timing of flexibility demand.
In their account, the anticipated peak can move, disappear, or emerge
elsewhere between the forecast and the actual delivery hour. This makes
activation at two days earlier inherently uncertain and highlights the importance of
better forecasting and delivery if the market is to become more targeted and reliable.

R5 and R7 explained that one of the most important development areas
lies not simply in collecting more data, but in improving the capability to convert
multiple data types into actionable signals. As R5 remarked

We need to see how and where flexibility exist [...] to include spot prices
into the prognosis [...| and temperature data relation [...] but also if a
user in an area has potential for flexibility [R5].

highlighting the different types of data needed but also how it ultimately needs to
be translated into something useful like identifying potential users. R7 also added
that forecasts must account for how flexibility is traded, load patterns, network
switching that can move loads between areas, significant grid users, large batteries,
and production plans.

Several respondents also emphasized that measurability concerns not only
prediction but also delivery quality. As R5 explained, market maturity should
not be understood only in terms of contracted capacity, but in terms of reliability
and endurance. The challenge is therefore not just to onboard megawatts but
to know how much flexibility can actually be delivered, for how long, and under
what conditions. R3 described a similar insight after the winter season, where the
organization had learned that some customers were unable or unwilling to reduce
load precisely when system stress was highest. In their words, some customers
effectively said

[...] when it is cold, then I cannot be flexible [R3]

even though that is when the peak emerges.
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R1’s interview contributed a more practical and relational perspective to this di-
mension. Rather than describing measurability as an abstract system property, the
respondent illustrated how flexibility is often made measurable through joint testing
and interpretation. Historical data are used to identify unusual spikes, customers
are asked what happens operationally at those times, and then specific machines or
processes are tested to determine what actually can be shifted. In that sense, mea-
surability is not fully given beforehand, but constructed through interaction between
grid knowledge, meter data, and customer understanding.

From the external side, the same pattern appears, but with a more explicit invest-
ment logic. B4 explains that local flexibility demand is difficult to include in a
battery business case because the need is uncertain in the short term, while the
investment horizon is long:

It is very hard to know how many megawatts the local DSO will need the
next 2 to 3 years. But when we build a case for a battery it is projected
for 15, 20, 25 years, so it is very hard to forecast already on a national

level. [B4]

B6 expresses the same challenge in more financial terms. The respondent argues
that external investment depends on being able to reduce uncertainty and quantify
the expected demand:

If you can at least say that for ten years it will be this much and this
much, it becomes much easier. We also need to bring in capital. It is not
a bank that invests. It will have to be some venture capital |...] that way
it becomes a much more expensive project. [...] We have to minimize
the uncertainty on our side so that the projects become investable. |...]
We need some indication. It does not have to be perfect numbers, but
there has to be something that simplifies the calculation, so that one can
quantify the risk or quantify the loss in opportunity cost. [B6|

B6’s account suggests that flexibility demand must be expressed in quantifiable
terms of how much, how often, and for how long, if external actors are expected to
invest against it. B5 exemplifies this issue by describing how a lack of transparency
can lead project developers to spend time and money on flexibility projects that are
never implemented:

There is much less transparency in Sweden about where and how much
flexibility is needed from local DSOs [...] so there are now many project
developers who plan and spend a lot of time and money to bring projects
forward but only a fraction gets implemented in the end [B5]

B7 adds a more customer-facing version of the same issue. According to B7, rapid
changes in market conditions make it difficult to provide customers with reliable
financial forecasts:

Things are changing rapidly in the market, capacity, tariffs, electricity
prices, and which services are most attractive at any given moment. One

61



6. Evaluation and Results

of our biggest challenges in the sales process is to provide a credible
forecast for future financial performance. [BT]

BTs account suggests that even when customers understand what a battery does in
principle, they still hesitate because future savings and revenues remain uncertain.
B1 reinforces this by showing that uncertainty is also rooted in operational frictions
such as incomplete data, lack of confidence in metering, and the cost of installing
energy metering:

Half of our costs go to installing energy metering [...] this causes a lot
of sales friction [B1]

The account of Bl further adds that external actors often proceed with imperfect
information simply because requesting more data can make them lose the customer.

E1 added that data sharing between DSO’s and external actors is a broader system-
level challenge. More data could improve coordination, but actors may regard com-
mercial or operational data as sensitive. The issue is therefore not simply collecting
more data, but deciding what data can be shared, how, and under what conditions.
B8, B9 and B10 extended this issue by showing that measurability is also shaped
by regulatory reporting and the still emerging methods used to describe flexibility
needs. B10 emphasized that the first reporting plans and FNA-related assessments
showed differences in how network companies interpreted and assessed their flexibil-
ity needs. This suggests that flexibility is not only difficult to measure operationally,
but also difficult to translate into comparable planning categories across DSO’s. It
was remarked as maturing and expected to improve as companies get more accus-
tomed to the methods. B9 further anchored the FNA and reporting context, where
flexibility needs and inputs can help develop a national understanding of flexibility
demand.

Taken together, the results show that uncertainty limits flexibility both as a plan-
ning instrument and as an investment object. As summarized in 6.11, DSOs and
flexibility providers share an interest in long-term commitment without excessive
risk, but both depend on more targetable factors to reduce uncertainty. Internally,
respondents describe flexibility as promising but difficult to rely on unless it can
be forecasted, located, measured, and verified with sufficient precision. The cen-
tral issue is therefore not whether flexibility has theoretical value, but whether grid
planners can trust it enough to use it as an alternative or complement to traditional
network investments. Externally, the same uncertainty appears as a barrier to in-
vestment and customer adoption. Project developers, aggregators, and customers
need clearer indications of where flexibility is needed, how much demand can be
expected, for how long, and under what conditions revenues or savings can be real-
ized. The section therefore suggests that measurability and visibility are not merely
technical improvements, but key conditions for making flexibility legitimate in grid
planning and investable in the market.
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Figure 6.11: Overview of risks and commonalities in planning and providing flexi-
bility
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6.6.2 Flexibility Develops Through Experimentation and
Standardization

A second finding is that flexibility is developed through a combination of
experimentation and standardization. Respondents did not describe these as
opposing logics. Rather, the material suggests that experimentation is needed to
discover what kinds of resources, arrangements, and behaviors are actually viable,
while standardization is needed to make the emerging solutions scalable and easier
to coordinate across actors and contexts. External respondents largely agree, but
add that experimentation becomes costly if it is not gradually translated into
clearer and more repeatable structures.

This experimental logic was especially visible in the interviews with R6,
R3, and R1. R6 described local flexibility as something that does not emerge
spontaneously, but has to be created, recruited, and nurtured over time. As
remarked by R6 regarding building the flexibility market

The market doesn’t build itself. The timing might not even be right at
this moment. Maybe in a few years, when the conditions are better, but
we won’t know whether that future will exist unless we work on it [R6]

which highlights the need to be proactive in building value in flexibility. The argu-
ment was not that the market already works perfectly, but that it will never become
useful unless actors invest in its development before all conditions are in place and
have the endurance to do so.

Similar perspectives were also pointed out by other respondents, who described the
local flexibility market not as a ready-made solution, but as a tool that is still
being developed and tested. R3 framed previous work with flexibility as a proactive
investment in future capability rather than as an immediate solution to existing
capacity problems:
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We have never in past runs procured flexibility in order to solve a capacity
problem. Rather, the years we have spent working with Effekthandel Vist
and flexibility should be seen as a proactive investment in a tool that we
may need, much like proactively reinforcing the electricity grid when we
know that a district will grow and that capacity will be needed later. [R3]

The external interviews confirm this early-stage logic. B1 shows that providers
are still learning what actually creates value in practice, for example by testing
how tariff savings, spot-price response, and local flexibility revenues stack together.
Respondent B6 adds their view on testing with the DSO

It is very beneficial for the DSO to test different solutions with an actor
and we can quickly become guinea pigs, but only to a point. [B6]

suggesting that experimentation is acceptable as long as it is commercially
defensible but cannot continue indefinitely at the expense of returns.

R1s interview illustrated what such experimentation looks like in practice.
The respondent described how flexibility often begins with curiosity, site visits,
and trying out whether a machine, lighting system, charging pattern, or industrial
process can be shifted. The respondents account showed that many resources do
not enter the market through a standardized product logic from the outset, but
through local discovery and testing. For instance, flexibility in tram depots or
street lighting was identified by asking practical questions such as what runs in
the morning, what can be dimmed, and what happens if something is delayed.
Respondent E1 adds that the wider system is in an in-between phase where actors
are still learning how to integrate storage and flexibility into electricity systems
that were not designed around them.

Respondent R1 also highlighted some institutional differences regarding
experimentation and standardization, explaining the need for action to progress:

Some want to have everything ready, they want the solution, have to test
everything in secrecy before taking a small step, and that is not how the
real world works [R1]

At the same time, several respondents described the need for more standardization.
R5 emphasized that standardized products for local flexibility markets have
become an important development, particularly because they reduce complexity for
flexibility service providers participating across multiple markets. Standardization,
in their account lowers entry barriers, makes markets easier to understand, and
helps new actors engage without facing a completely different structure in each
local market.

Both sides further emphasize that continued scaling requires more stan-
dardization. R5 highlights the value of standardized local flexibility products, while
BT stresses that national guidelines for battery projects are still lacking and that
scaling distributed batteries requires more harmonized approval and installation
processes from the DSO. B2 and B3 reinforce this point from a project-development
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angle, describing battery deployment as partly dependent on permitting and
approval processes:

It was a bit trial and error. It has changed a bit the last couple of years
but we still see these problems, perhaps on larger facilities, to get the
building permit [B2]

R2s interview reinforces this transition from exploratory growth to more selective
market maturity. While the respondent acknowledged the importance of building
up a large market in terms of Megawatts, it was also argued that future
value lies less in simply increasing the number of participants and more in
attracting participants that are scalable, automated, and operationally reliable.
This indicates that experimentation is gradually giving way to a more selective
logic of market refinement, where not all resources have equal usefulness for the DSO.

R4s perspective further suggests that experimentation alone is insufficient
if flexibility is to affect infrastructure choices. From a planning perspective,
resources must eventually become robust enough to support more formal decision
processes. Thus, experimentation is necessary to identify and validate possibilities,
but standardization is necessary if flexibility is to become a stable part of system
planning.

Another perspective was also highlighted by R7 who explained that stan-
dardized products are being developed partly in anticipation of EU regulation, with
the ambition that similar products should be used across Swedish local flexibility
markets. B8, B9 and B10 confirmed this from a regulatory perspective, describing
the forthcoming EU network code for demand response and flexibility as an effort
to remove barriers, clarify roles and harmonized participation across Europe. In
B8’s account, standardization is not introduced in one step. Rather, regulation
moves through several layers, EU level framework guidelines, drafts by European
transmission system operators and DSO organizations, review by regulatory
authorities, negotiation by the Commission, and later national implementation.
This means that standardization is both a legal process and a coordination process
where European direction must translated into Swedish conditions.

B10 also presented regulatory sandboxes as a possible future tool that is
under implementation. This tool is meant as a forum for actors to have a structured
dialogue and interaction to test and experiment with new solutions and possibly
but not mainly with regulatory schemes other than currently in place. B8 similarly
described their innovation center as ways of providing regulatory guidance without
issuing binding advance decisions. The combined regulatory perspective suggests
that flexibility develops through both standardizing regulatory initiatives but also
benefit from testing and experimenting jointly with the dependent actors to come
with solutions.

The combined finding is that local flexibility is moving from a pilot logic
toward a more mature market logic. However, as shown in 6.12, this creates
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tension, while more standardization can increase reliability and scalability, it may
also reduce the openness that enabled early experimentation and smaller actors to
participate.

Implications

* Testing new
solutions

e Training what is
possible

* Engagement

* Credibility

Experimentation P * Selective maturity is needed

* Maintain entrepreneurial and
business-building capabilities
for future opportunities

-7 * Automation

_ « Common
standards

* Higher
requirements

* Robustresources

Standardization * Resourcefulness driver

Figure 6.12: Overview of the tension and relationship between standardization and
experimentation

6.6.3 Leadership and Orchestration Hold the Ecosystem To-
gether

The third dimension concerns the role of leadership and orchestration. Across
interviews, flexibility was not portrayed as something that naturally falls into place
once market conditions or technologies exist. Rather, it emerged as something
that requires proactive prioritization, internal anchoring, and coordination
among actors with different roles, incentives, and capabilities. Externally, this is
largely confirmed, but external respondents also show that orchestration includes
credibility-building, matchmaking, intermediary actors and clearer signal-setting
from system actors.

R3 argued that one reason the DSO has remained active in flexibility
while other actors have reduced or paused their efforts is that leadership has
consistently believed in the issue and prioritized it over time. In their view,
flexibility is difficult precisely because it requires changed routines, systems, and
mental models. R3 described leadership commitment as decisive for sustaining this
kind of change over time:

It is a lot about leadership to lead change. We have had a leadership and
a CEO that has believed in this path for 5-6 years now, and has dared
to invest resources into it and not everyone else has dared to do that. It
has been a decisive factor what type of prioritization the leadership has
and what you dare to invest [R3]
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R6 expressed a similar understanding, although from another perspective. The
organization had reached at least two moments where continuing the flexibility
journey was questioned. Nevertheless, the organization decided to continue, partly
because it believed that customers could help operate the system more efficiently,
and partly because a municipal actor of the DSOs size had a responsibility to move
the issue forward. The reasoning frames flexibility as a strategic and collective
project rather than a narrow technical solution.

The external interviews validate this internal picture. B1 describes the
DSO as an actor that helped them get started with their business already from the
beginning:

They are stars that helped with credibility from day one [B1]

B2 similarly experienced the DSO as having a clear strategic direction, even though
all details of the market design were not yet settled:

My view of the DSO 1is that they want to get the market going and less
important that it be absolutely correct at all times. It has been a bit of
learning by doing from both sides [B2]

B6s account also acknowledges that the DSO was actively trying to develop solutions,
even if the overall market remained difficult:

They are doing good things, they show that they actually want to come
with solutions [B6]

The external perspective confirms that the DSO is experienced not just as a buyer
of flexibility, but as a market-enabling actor that can influence its surroundings.
Furthermore, external respondents ask for a more structured next step. Bb
suggests that a more explicit tendering model, where a system actor says that a
battery is needed at a specific location and developers bid to provide it, would
reduce development costs and make investment cases clearer. B6 similarly suggests
that actors need to feel welcome and need clearer conditions under which their
participation becomes worthwhile. These views challenge the internal findings in
a constructive way, since experimentation and market-building may have been
the right first step, larger-scale external actors now appear to want more explicit
coordination and clearer locational signals.

The leadership role was also visible in how respondents described internal
collaboration. R3 noted that strategy, planning, and customer-related functions
sit close together, interact frequently, and operate in a relatively innovative
environment where ideas are tested and refined iteratively. Rather than following
a fully predefined long-term roadmap, the respondent described a pattern of
short-term goals, continuous exploration, and mutual adjustment between functions.

R5s account showed that coordination also takes place on the operational

market. The respondent described a successful flexibility market as one charac-
terized by several equivalent actors, diverse resource types, and enough liquidity,
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easy accessed flexibility resources, to avoid excessive dependence on one dominant
participant. This suggests that the DSOs role is not simply to buy flexibility,
but to actively shape the market composition and enable conditions under which
different providers can participate efficiently.

The external respondents also described their dependencies and system ac-
tors. Bl depends on demand side stakeholders and data intermediaries to sell
and gain access to operate, B3 depended on consultants who introduced the
opportunity of BESS, and B7 points to aggregators, installation partners, DSOs,
and local policy makers as critical project actors.

R7 also exemplified regulatory factors as a coordinated process driven by
general national and EU direction but also influenced by the DSO’s and TSO'’s
involved in the system together bringing forward suggestions that institutions
can interpret into regulation and policy. R7 also adds that by leading proactive
solutions, it can help the DSO leverage and shape policy to an extent, by being
able to show others how they achieved a solution.

Taken together this aggregate dimension show that flexibility markets has
depended on active leadership and coordination to compensate for lacking market
and technical maturity. Internally leadership has been important for sustaining
commitment, allocating resources, and keeping flexibility on the agenda despite
uncertainty and organizational change. Externally, respondents see leadership as a
source of increased relevance, market enablement, and more structured conditions
for participation. The chapter therefore suggest that orchestration happens through
multiple actors in the ecosystem, the DSO, customers, aggregators, consultants,
regulators, and policy actors. However, the central responsibility undeniably falls
on the DSO to lead, align, and shape successful conditions for flexibility.

6.6.4 Competitive Revenue Streams Shape the Supply of
Flexibility

The fourth finding is that the supply of flexibility is shaped by the relative
attractiveness of different revenue opportunities. Respondents repeatedly
pointed out that local flexibility does not compete only with internal iner-
tia or technological barriers. It also competes with alternative markets, with
other uses of the same resource, and with more conventional infrastructure solutions.

R2 explained that batteries, especially in the local flexibility markets,
compete with ancillary services markets and arbitrage. R5 adds that there is
also a limited visibility into the decision-making of the external stakeholders models.

B3 further noted how the initial value offer can change. The ancillary ser-
vices markets previously offered particularly strong incentives because they
paid well while consuming very little energy, while local flexibility became more
attractive only as those revenue conditions changed.
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The external interviews strengthen this pattern considerably. Bl explains
that they aim to commit to as many revenue streams they can:

We commit to any type of flexibility we can, operations needs, spot price
adjustments, flexibility market if there are incentives, and then we choose
and stack everything we can to make cash for the client [B1]

B3 similarly describes the battery acquisition as a specific opportunity that emerged
for the business

[...] to have many legs to stand on and for the business to be more robust
[B3]

remarking that the battery investment was an interesting proposition at the time
for the specific facility. However, the investment was not particularly lucrative
compared to other alternatives in hindsight. B4 and B5 argue that local flexibility
markets may not be the main reason for building their business case but still could
contribute if they were in Gothenburg:

The local flexibility market is too small and too weak to facilitate a battery

investment with only that as support [...] but if we were to invest for other
reasons, then we would most likely be part of the local flexibility market
as well [B5]

R7 confirmed this from the DSO side, explaining that the DSO does not expect
actors to build their entire business case around the local flexibility market.
Instead, the market can add an additional revenue stream when an actor already
has a resource or business model in place.

B6 explains from the perspective that there is no intrinsic preference for
one market over another, the question is rather where the strongest commercial
return is. These accounts show that the flexibility supply is determined by portfolio
logic rather than by any commitment to one market category. Similarly, B7 argues
that the strongest battery case begins with local site value, such as power tariff
management or charging support, and that local flexibility market participation
should be treated as "a small upside to the whole" [B7]. B7s account explain that a
more robust path for the customer to contribute with flexibility may be one where
the asset already makes sense for the customer locally, and where the flexibility
market is layered on top rather than serving as the main justification.

R3 also discussed this perspective noting that flexibility is not a core busi-
ness for the network operator, while it may well be part of the core business for
firms that sell batteries, optimization services, or flexibility-related technologies.
The respondent also pointed out that the current regulation still gives clearer
returns on grid investment than on flexibility, meaning that the incentive structure
for many network operators does not yet strongly support flexible alternatives.

B1 nuanced this picture by pointing out depending on which type of stakeholder
they talked to, different incentives occur. Larger organizations like supermarkets
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might have more of an sustainability incentive, and see value in saving money in
their budget. Compared to smaller actors who were more interested in how they
could increase their revenue streams.

R6 argues the same customer pattern from a future prospects perspective, where
external incentives may beneficially align to provide more flexibility without the DSO
needing to invest large resources. Their example was the vehicle-to-grid opportunity,
where the market moves to electric vehicles, and a large amount of flexibility would
be made available without the DSO needing to build that market themselves, just
the technical solutions around it.

R1 added further nuance describing that participation is not always driven by rev-
enue maximization alone from their customers. Some actors participate partly be-
cause they want to contribute to the city, learn, or be part of a local development
effort. However, the interviewee also made clear that such motivations coexist with
business logic rather than replacing it. Battery actors, in particular, increasingly
assess flexibility participation as part of a broader business case involving security,
optimization, and possible future income.

The combined finding is therefore, firstly, both internal and external respondents
agree that flexibility resources are shaped by competitive revenue streams and rarely
follow local flexibility demand alone. Second, external material clarifies that flexibil-
ity will not attract investment at scale unless local value, stacked revenues, or both
make the asset sufficiently robust against uncertainty and market volatility. Lastly,
flexibility resources can be made available through external incentives not directly
related to flexibility market interaction, such as vehicle-to-grid or to provide clearer
business cases for projects.

6.6.5 Tariffs and Markets Must Be Aligned With How Re-
sources Actually Respond

The final aggregate dimension concerns the relationship between tariffs, contracts,
and market-based flexibility mechanisms. The respondents did not frame these as
mutually exclusive solutions. Rather, they consistently described them as differ-
ent instruments that may suit different resources, time horizons, and system needs.
Across both groups, the repeated message is that current instruments do not yet
align well enough with how flexible resources actually behave.

R3 argued that the local flexibility market is unlikely to remain in its current form
indefinitely, and that tariff-based price signals could likely take over part of the flex-
ibility market role. At the same time, the respondent maintained that certain local
or contractual mechanisms will still be needed where more specific commitments are
required. In their view, broad groups of customers are more likely to respond to
price signals than to engage actively in a market platform, while more mature actors
with stronger flexibility capabilities may instead be governed through contracts or
more targeted market arrangements.

The external interviews make this problem more concrete. B1 argues that tariffs are
a blunt tool because they punish a peak even if that peak does not coincide with
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when the network actually needs help. B2 and B3 show how recharging a battery
between flexibility events can create an expense that "eats up the profit" [B2] from
local flexibility participation. B6 similarly criticizes effect fees as poor system signals
for fast-response assets. These accounts all point in the same direction: existing tariff
logic often undermines rather than supports flexibility provision.

Several external stakeholders also perceive that different resources require different
market logic. B1 stresses that demand side flexibility cannot be treated as a battery
because

There is food in the store and we cannot provide flexibility at the cost of
food going bad [B1]

highlighting the local conditions that can limit the possibility of participation.

B7 notes that vehicle-to-grid might become useful in a large system context, but
is not necessarily the right solution for peak management on a specific site. B6
generalizes this by arguing that different assets need different signals and that local
flexibility markets 'cannot live in isolation'[B6] from other market structures if
participation is to remain economically sensible.

R5s interview strongly supports this interpretation. The respondent emphasized
that different resource types have different operating logics. Batteries can often
respond quickly, but are shaped by multiple competing markets. Backup generation
is enduring but costly and undesirable to activate early. Operational resources such
as cooling systems or industrial processes can provide flexibility only within the
limits of their core activity. This means that no single steering instrument can be
assumed to fit all resource types equally well. Instead, tariffs, contracts, and market
products must be aligned with the technical and business characteristics of each
resource and geography.

R2 expressed a similar view when discussing household and small-scale aggregated
resources. They saw substantial flexibility potential in households, home batteries,
and charging infrastructure, but also suggested that tariff-based signals may be
especially relevant further down in the network, where broad, distributed behaviors
matter more than explicit market participation. This points to a differentiated logic
in which tariffs are better suited to wide-reaching behavioral steering, while local
markets and contracts may be more appropriate for explicit and location specific
relevant capacity needs.

R4 also reinforced the need for coordination across instruments. It was emphasized
that grid expansion, flexibility markets, and tariffs should not be seen as alternatives
in a binary sense, but "all of them are needed" [R4] to address peak-related capacity
issues. In their account, the task is not to find one superior mechanism, but to
combine several tools in a way that avoids overbuilding the grid for a small number
of extreme hours.

R1s account shows what misalignment looks like in practice. The respondent de-
scribed how some battery actors had charged between two peak periods in ways
that created local problems, even though they were participating in the flexibility
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market. Because the organization was still in a learning-oriented phase, there were
no strict sanctions in place. This illustrates that tariffs, contracts, and market rules
cannot simply be layered on top of each other without careful coordination, they
need to reflect how resources actually behave under real conditions.

Taken together, the findings suggest that the future development of flexibility is not
primarily about choosing between tariffs and markets. Rather, it is about designing
combinations of instruments that fit the response logic of different resource types
and system needs.

6.6.6 Summary of the Empirical Pattern

Taken together, the internal and external interviews show that flexibility is under-
stood as both a necessary future capability and an immature present-day coordina-
tion problem. Internal respondents mainly frame flexibility as a challenge for the
DSO: how to build markets, create trust, make flexibility measurable, and eventually
integrate it into planning and operation. External respondents largely agree with
that ambition, but add that flexibility must also become investable, commercially
understandable, and compatible with the economic and operational logic of the as-
sets expected to provide it. More specifically, the findings suggest that the DSO
is being pushed toward a broader role than historically has been the case. Instead
of only building and operating network assets, the DSO must also identify poten-
tial flexibility resources, engage customers, validate delivery capability, coordinate
with aggregators and other markets, interpret uncertain forecasts, and decide when
flexibility is credible enough to influence network investment or operations. Several
respondents therefore portray flexibility not only as a market or technical issue, but
as a transformation of what the DSO needs to be able to do.

Strategic respondents emphasized long-term commitment, market building, and
proactive investment in tools before their full value is visible. Planning-oriented
respondents stressed the need for measurability, predictability, and risk manage-
ment before flexibility can be treated as a credible substitute for infrastructure.
Market-facing respondents emphasized supplier quality, liquidity, and the need to
make local flexibility competitive relative to other revenue opportunities. Customer-
facing respondents highlighted the importance of dialogue, testing, and practical
problem-solving in identifying and activating flexibility in the first place.

Rather than pointing to one single obstacle, the empirical material suggests that
flexibility is constrained by a combination of information uncertainty, immature co-
ordination mechanisms, competing value streams, and the organizational challenge
of integrating new tools into established planning and operational logics. At the
same time, the interviews show that DSO has already moved beyond a purely con-
ceptual interest in flexibility. The organization is actively building, testing, and
selectively professionalizing a local flexibility ecosystem, even if many key questions
remain open.
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6.7 Interdisciplinary Analysis

The qualitative findings reveal why flexibility is difficult to scale, actors lack
certainty about where flexibility exists, how reliable it is, how it can be effectively
captured and how it should be governed to be an attractive solution. The
quantitative analysis responds to this challenge by exploring how smart meter data,
aggregation, surge detection, clustering and contextual variables can support more
informed decision-making in distribution networks. Together, the two analyses
show how data can help transform flexibility from an uncertain and fragmented
opportunity into a more visible, measurable, and actionable resource.

The interdisciplinary analysis is introduced in two sections. The first sec-
tion examines how data can support the operational challenges found in the
qualitative results by both identifying possibilities and capturing these through
the proposed surge detection and clustering methods. The second section then
considers how these insights can contribute to operational transformation by

supporting scalable data pipelines, ecosystem coordination, verification, and the
design of the DSO tools.

6.7.1 Data as a Foundation for Sensing and Seizing Flexibil-
ity

The qualitative findings repeatedly highlighted that one of the central challenges

facing the DSO is not necessarily a lack of flexibility resources, but rather limited

visibility regarding where flexibility exists, how much can be expected, and which

actors are most relevant to engage. Internal respondents emphasized the need to

identify flexibility potential [R5, R7], understand its geographical distribution [R1,

R4, R7|, and develop more efficient methods for targeting relevant customers and
flexibility providers [R1, R2].

The quantitative analysis directly addresses these challenges. Through surge detec-
tion and clustering, the study provides a systematic overview of both the magnitude
and distribution of flexibility potential across the network. Rather than treating the
smart meter population as a homogeneous resource pool, the clustering approach
identifies distinct consumption profiles with substantially different flexibility charac-
teristics. This allows flexibility potential to be quantified not only at an aggregate
level, but also in terms of behavioral patterns and cluster-specific load profiles. The
findings demonstrate that flexibility is highly concentrated. By targeting only 27.7%
of the surge-active meters approximately 92.7% of the estimated flexibility potential
remains accessible, see table 6.3. From an organizational perspective, this substan-
tially improves the ability to prioritize resources and focus engagement efforts on the
most relevant customer segments. Instead of relying on broad market participation,
the DSO can identify clusters exhibiting the highest concentration of surge behavior
and direct flexibility initiatives accordingly.

The analysis also provides a foundation for ecosystem coordination. Several respon-
dents described how aggregators, project developers, and internal stakeholders often
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expend significant resources identifying suitable flexibility opportunities [B1, B5, B6].
The cluster-level results create a standardized representation of where flexibility is
located, how it behaves over time, and which types of consumption profiles domi-
nate different regions. Such information can reduce uncertainty for external actors
while enabling the DSO to communicate system needs more effectively without pro-
viding preferential treatment to individual market participants. Furthermore, the
identified load profiles establish an analytical baseline for future flexibility opportu-
nities. Emerging resources such as vehicle-to-grid solutions may be evaluated against
the observed surge patterns and consumption characteristics, in a more advanced
setting than the current exploratory approach only incorporating the use into the
existing consumption clusters. The threshold-based methodology developed in this
study therefore not only measures existing flexibility, but also creates a framework
through which future technologies can be assessed and compared against current
system needs. Taken together, the quantitative analysis transforms large volumes of
smart meter data into organizationally actionable information. By making flexibility
visible, measurable, and segmentable, the analysis strengthens the DSQO’s ability to
sense opportunities and size potential interventions before significant resources are
committed.

6.7.2 From Flexibility Identification to Operational Integra-
tion

While identifying flexibility potential is a necessary prerequisite, the qualitative
findings suggest that the greater challenge lies in transforming identified flexibility
into a reliable operational resource. Respondents repeatedly emphasized the need for
standardization, automation, accountability, and governance mechanisms capable
of integrating flexibility into established planning and operational processes. The
quantitative analysis contributes to this transformation by providing a repeatable
and scalable methodology for monitoring flexibility resources. Rather than relying
solely on individual pilot projects, customer dialogues, or manual assessments, the
developed pipeline continuously classifies and evaluates consumption behavior using
a common analytical framework. This creates a shared reference point through which
flexibility providers, aggregators, and internal stakeholders can discuss opportunities
using comparable metrics and definitions.

The clustering results are particularly relevant in this context, see Section 6.5. The
identified clusters do not merely represent statistical groupings, but potentially re-
flect different businesses or household patterns in preferences and operational charac-
teristics. Some clusters exhibit frequent and recurring surge behavior, while others
display rarer but more concentrated events. Such differences suggest that flexibil-
ity resources may require different governance mechanisms, contractual structures,
and incentive designs. Additionally, the analysis provides support for the qualita-
tive finding that tariffs, contracts, and market mechanisms cannot be designed as
one-size-fits-all solutions. The findings support the development of moving into au-
tomated flexibility solutions. By finding recurring patterns and similar consumption
behaviors, the analysis creates opportunities to move away from manual customer
acquisition toward more standardized approaches. This would allow aggregators
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and other market actors may target behavioral segments rather than individual
customers, while the DSO can evaluate flexibility portfolios based on observable
consumption characteristics rather than solely on self-reported capabilities.

Accountability came to be an important interdisciplinary contribution. Several in-
terviewees highlighted the need to verify whether contracted flexibility is actually
delivered. The analytical framework developed in this study provides a founda-
tion for such verification by establishing measurable baseline behavior and enabling
deviations from expected consumption patterns to be observed over time. This in-
creases transparency and may strengthen confidence in flexibility as a planning and
operational resource.

Finally, the findings provide insights relevant to the long-term evolution of flexi-
bility markets and tariff structures. Previous organizational initiatives aimed at
broader tariff-based transformations have struggled to achieve the desired impact.
The results suggest that improved visibility into consumption behavior and flexibil-
ity characteristics may help future instrument design become more closely aligned
with how different resource types actually respond. In this sense, the analytical
capability developed in the study does not only support current flexibility markets,
but also contributes to the future design of tariffs, contracts, and emerging flexibility
mechanisms.

Viewed through the dynamic capabilities lens, the interdisciplinary contribution
extends beyond identifying flexibility resources [20]. The combination of organiza-
tional understanding and data-driven analysis enables the DSO to progress from
sensing opportunities, through seizing their potential impact, toward transforming
the organization to work with flexibility in a more standardized, accountable, and
operationally integrated way.

75



6. Evaluation and Results

76



/

Discussion

In this chapter the results and implication of the proposed methods are discussed.
The discussion follows five sections. First, a general discussion of proposed methods
leading up to answering the research questions are discussed. Second, clustering
evaluation is discussed in regards to RQ1. Third, the managerial implications of
the study is discussed in regards to RQ2. Fourth, the interdisciplinary method is
discussed in regards to RQ3. Lastly, a conclusion summarizing the findings and
learnings.

7.1 Clustering Evaluation RQ1

The results examined in Section 6.5 examining Gothenburg South East and the other
regions denoted in the Appendix demonstrate that clusters emerging from Ward’s
hierarchal clustering of the de-aggregated 15 min smart meter data table produce
behaviorally coherent and understandable groups which would allow for operational
value. The 5 clusters emerging each had distinct temporal signature and surge
behaviors 6.7 that maps plausibly onto the underlying consumer groups. Cluster
C1, the most populated group, consolidates meters with negligible surge activity
even after the exclusion of entirely inactive meters, indicating that the majority of
consumption in the region is structurally stable and contributes little observable
flexibility. Clusters C3 and C4 exhibit muted but seasonally structured profiles,
with a consistent suppression of surge activity during the summer months of July
and August, and are geographically concentrated in residential areas. This seasonal
pattern aligns with the heating-dominated demand structure of Swedish residential
consumers. Cluster C5 stands apart with a highly volatile profile and pronounced
weekday / weekend cycling, and is located almost exclusively in industrial and com-
mercial zones. This behavioral signature is consistent with the structured operating
hours of these consumers and represents the most operationally actionable flexibility
signal, as its periodicity is predictable and the excess energy volumes are substantial.

How ever there are limitations that limit the extent conclusions can be drawn. Incor-
porating time-of-day surge distributions for instance, by aggregating surge counts
into morning, afternoon, and evening bins before clustering would allow the method
to distinguish demand response profiles that are relevant to different grid balancing
services. Additionally, only meters with at least one surge event are admitted to the
clustering step. While this is a deliberate choice to ensure that the feature space
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contains observable signal, it also means that the analytical output says nothing
about the large population of structurally stable consumers.

An important improvement direction concerns the threshold parameters A and 9
that govern surge classification. The current values, A = 2 standard deviations and
0 = 2kWh, are fixed globally across all meters and regions. For industrial meters
with high baseline consumption, a 1 kWh absolute threshold may be so small relative
to normal variability that it passes nearly all statistical exceedances, inflating surge
counts for this consumer class. Conversely, for small residential meters, a two-sigma
threshold may be too stringent and suppress genuine behavioral events. Adaptive
thresholds calibrated to meter-level baseline magnitude. for example, expressing
as a fraction of each meter’s median consumption would produce a more uniform
detection sensitivity across the consumer population and likely sharpen the cluster
boundaries between residential and commercial archetypes.

7.2 Managerial Implications RQ2

In this discussion, the empirical findings are connected to the theoretical concepts
presented in the background. The findings show that positioning a DSO within an
emerging flexibility ecosystem is not only a question of creating a local flexibility
market. Rather, it concerns how the DSO manages a set of tensions that arise
when flexibility moves from experimentation toward more structured use in grid
planning and operation. Across the empirical material, flexibility appears as
a necessary future capability, but also as an immature coordination problem.
Internal respondents describe the need to build markets, create trust, validate
resources, and integrate flexibility in an automated way. External respondents
largely support this ambition, but emphasize that flexibility must also become
investable, commercially understandable, and compatible with operational logic of
the resources expected to provide it.

Innovation ecosystem theory helps explain why flexibility depends on inter-
dependent actors whose activities, incentives, and resources must align [13].
Dynamic capabilities theory helps explain how the DSO must sense opportunities,
seize them through concrete initiatives, and transform internal routines under
uncertainty [20]. Innovation diffusion and adoption theory helps explain why
external actors do, or do not, participate in flexibility markets [14]. However, the
empirical findings also nuance these theoretical concept categories. They reveal a
number of managerial tensions that the DSO must actively navigate.

The following sections therefore discuss flexibility development through five
central tensions. First, the tension between shared system value and fragmented
actor incentives in an emerging innovation ecosystem. Second, the tension between
DSO leadership and excessive ecosystem responsibility. Third, the tension between
experimentation and organizational integration. Fourth, the tension between
learning openness and scalable standardization. Fifth, the tension between
technical flexibility potential and commercial adoption logic. Together, these
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tensions show that the DSOs managerial challenge is not simply to procure
flexibility, but to orchestrate an ecosystem in which flexibility becomes measurable,
reliable, commercially attractive, and institutionally supported.

7.2.1 Flexibility as an Emerging Innovation Ecosystem

This section discusses how innovation ecosystem theory helps explain the
interdependence between actors in the flexibility market. The findings show that
local flexibility development depends on a broad set of actors whose incentives,
capabilities, and decision logics do not automatically align. The DSO depends
on customers, aggregators, technology providers, battery developers, consultants,
installers, regulators, market platforms, and internal functions to identify, activate,
and scale flexibility. This confirms that flexibility is not created by the DSO alone.
Instead, it emerges through the coordinated activities of several actors across the
electricity system and surrounding market environment.

This finding aligns strongly with innovation ecosystem theory, which de-
scribes value creation as dependent on interdependencies, complementarities, actor
roles, coordination, governance, standards, and ecosystem risk [26], [57]. In line
with this theory, the flexibility market can be understood as an ecosystem in which
the DSOs ability to create value depends on whether other actors are willing and
able to contribute complementary resources. The DSO may identify a congestion
problem, but it cannot solve it through flexibility unless external actors have
suitable resources, understand the opportunity, trust the market conditions, and
find participation worthwhile.

However, the findings also show an important tension. While flexibility
creates system value for the DSO by reducing congestion, improving grid utilization,
and potentially complementing infrastructure investment, this does not mean
that external actors value flexibility in the same way. For many providers, local
flexibility is only one possible value stream among several. Batteries, aggregators,
and demand-side resources may instead prioritize ancillary services, arbitrage,
tariff savings, operational needs, or local site value when these alternatives are
more attractive. This means that the innovation ecosystem is not held together by
one shared value proposition, but by overlapping and shifting interests creating
an ecosystem risk for the DSO [13]. In the literature, this relates to the adoption
chain risk and the risk of shifting roles, where the flexibility actor risk not adopting
flexibility and the role an actor takes in the system are uncertain and changing [24],
[25]. These two challenges can be seen as opposing in this context, since invested
resources in coordinating actors could be wasted if conditions change.

This creates a managerial challenge for the DSO. The DSO cannot assume
that technical flexibility potential will automatically become available just because
it is valuable for the grid or through previously robust incentives. Instead, it must
actively understand and manage the fragmented incentives of external actors [13].
Managerially, this means that the DSO should map not only where flexibility
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is needed, but also why different actors would choose to provide it. The DSO
should therefore clarify locational needs, communicate the value of participation
in actor-specific terms, and design market conditions that fit the business logic
of different providers. In this sense, ecosystem orchestration is not only about
coordinating actors, but about continuously maintaining enough alignment between
system value and actor-specific incentives for flexibility to remain useful [33].
However, this needed increased orchestration could also create a risk of wasting
resources when conditions change, such as regulation changing the conditions of
flexibility tools.

7.2.2 The Changing Role of the DSO

The findings indicate that the DSO’s role is changing. The DSO is no longer only
a grid owner, system planner, or buyer of flexibility. Instead, it increasingly acts
as a market-enabling and ecosystem-shaping actor [24], [33]. Respondents describe
how the DSO created credibility, facilitates learning, engages customers, translates
system needs, supports experimentation, and contributes to the development of
regulation and processes. FExternal actors also describe the DSO as important
for making flexibility relevant and credible, especially when starting up participation.

This finding connects closely to the innovation ecosystem concepts of key-
stone and orchestrator roles [27], [29]. The DSO resembles a keystone actor
because it controls or influences central ecosystem assets, including grid knowledge,
network data, customer relationships, local system needs, and parts of the market
design. At the same time, it resembles an orchestrator because it coordinates
actors, reduces uncertainty, enables experimentation, and shapes the conditions for
participation. The findings therefore align with the theoretical view that central
ecosystem actors can influence value creation not only through their own resources,
but by shaping how other actors interact and contribute [13], [25], [33].

The tension is that the more the DSO acts as an ecosystem leader, the
more it risks becoming responsible for solving uncertainty that is actually
distributed across the ecosystem. Internal respondents describe the DSO as
proactive and committed, while external respondents ask for clearer locational
signals, more predictable investment conditions, and more standardized processes.
This shows that the DSOs early leadership has helped initiate the ecosystem, but
also that the next phase requires a clearer distribution of responsibility. If the DSO
provides too little structure, external actors may hesitate to invest. If the DSO
absorbs too much uncertainty, the ecosystem may become overly dependent on the
DSO, and the DSO risks investing to many resources into uncertain opportunities.

For DSO managers, the implication is that leadership should shift from
broad market activation toward structured orchestration [13]. The DSO should
continue to provide direction, credibility, and system knowledge, but should avoid
becoming the sole actor responsible for making every business case work. More
specifically, the DSO should clarify what information it can provide, what risks
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external actors must carry, and where regulation need to support coordination.
This includes providing clearer locational signals, more transparent flexibility needs,
and more predictable participation processes. The DSOs role should therefore be to
reduce unnecessary uncertainty, not to remove all uncertainty from the ecosystem.

7.2.3 Dynamic Capabilities in Flexibility Market Develop-
ment

In this section the flexibility development is discussed as an organizational
capability challenge for the DSO. The findings show that flexibility development
has required the DSO to work under uncertainty and gradually build new
organizational capabilities. Flexibility is not yet a stable product or a fully mature
market mechanism. Instead, it has required practical testing, customer dialogue,
market development, data analysis, regulatory engagement, and internal learning.
Several respondents emphasize that leadership and long-term commitment have
been important because the value of flexibility is not always visible from the
beginning.

This aligns well with dynamic capabilities theory [32]. Sensing is visible in
how the DSO identifies flexibility opportunities through customer dialogue, data
analysis, testing, and exploration of different resource types. Seizing is visible in
how the DSO develops tools, contracts, market platforms, co-learning processes,
and potentially new tariff structures. Transforming is visible in attempts to
integrate flexibility into planning routines, forecasting tools, market design,
customer engagement, and regulatory discussions. The empirical material therefore
supports the theoretical argument that dynamic capabilities are needed when
organizations face technological, regulatory, and market uncertainty, such as
increased pressure on grid capacity and more volatile production profiles of
renewable generation technologies [20], [31].

However, the findings also show that the transformation dimension is not
yet complete. The DSO has clearly sensed and seized flexibility opportunities,
but flexibility is not yet fully integrated into ordinary planning and operational
decision-making. Planning-oriented respondents emphasize that flexibility must
become more measurable, predictable, and reliable before it can be used as a
credible alternative to infrastructure investment. This creates a tension between
experimentation and organizational integration. Experimentation has been
necessary to learn what flexibility is and where it can be found, but integration
requires more formal routines, decision criteria, and reliable standards. This
adds a mechanism to the relationship between sensing, seizing and transforming
in innovation ecosystems [20], [31]. The findings suggest that the tools and
routines developed to sense and seize opportunities do not automatically lead to
transformation. Instead, they can create different directional forces. On one hand,
tools that identify flexibility potential, enable experimentation and collaboration
can move the organization toward transformation. On the other hand, if these
tools remain disconnected from the core organization, they may reinforce an
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experimental mode rather than enable full organizational integration.

Managerially, this means that the DSO should not treat flexibility only as
a market or procurement activity. It should treat flexibility as an organizational
capability that must be institutionalized. The DSO should develop routines
for identifying suitable resources, validating delivery performance, forecasting
availability, comparing flexibility with grid investments, and deciding when
flexibility is reliable enough to influence planning or operations. The key
implication is that pilot activity should increasingly be translated into repeatable
organizational processes. Without this transformation, flexibility risks remaining
an experimental side activity rather than becoming part of the DSOs long-term
toolbox.

7.2.4 From Experimentation to Standardization

In this section the evident paradox between experimentation and standardization
is discussed.The findings show that local flexibility has developed through
experimentation, but that scaling now requires more standardization and
automation. In the early phase, broad exploration helped the DSO identify
resources, build relationships, test market arrangements, and learn how different
actors respond. This experimentation was necessary because flexibility potential
is often not known in advance. It must be discovered through interaction with
customers and providers, practical testing, and local learning.

This finding aligns with innovation diffusion theory, particularly the impor-
tance of trialability [14]. Actors are more likely to engage with an innovation
when they can test it, learn from it, and participate without committing to
excessive risk from the beginning [37]. At the same time, the findings also align
with innovation ecosystem theory, which emphasizes the importance of standards,
modular interfaces, governance mechanisms, and coordination structures for scaling
[30]. External actors describe fragmented rules, uncertain processes, and local
variation as barriers to investment and national expansion. Internal respondents
also describe a shift toward more standardized products, automation, higher
delivery requirements, and clearer resource suitability.

The central tension is that the openness that enabled early learning can
become a barrier to scaling. Too much experimentation may create uncertainty
for actors that need predictable conditions before investing. However, too much
standardization may exclude smaller actors, emerging technologies, or locally
specific resources before their potential has been fully understood. The challenge is
therefore not experimentation versus standardization, but how to combine learning
openness with scalable predictability.

For DSO managers, the implication is that standardization should be selec-

tive. Core market elements should become clearer and more predictable, including
product definitions, baseline requirements, delivery expectations, communication
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routines, and locational signals. At the same time, the DSO should preserve
controlled experimentation for new resource types, new customer segments, and
uncertain use cases. This would allow the flexibility ecosystem to mature without
losing the learning capacity that enabled its development in the first place.
Scaling flexibility therefore requires moving from open-ended experimentation
toward structured experimentation within a more standardized market framework.
Conceptually, this highlights a paradoxical arrangement in which low entry barriers
and trialability support early adoption, while standards and common requirements
may also be perceived as lowering entry barriers by making participation more
predictable and scalable [14]. In the case of flexibility markets, this could reflect
the diversity among flexibility providers in the ecosystem, considering there are
both actors that benefit greatly from trial and those who want clearer standards
and better access to scale.

7.2.5 Adoption and Participation Among Flexibility
Providers

This section connects external actor participation to innovation diffusion and
adoption theory [14], [21]. The findings indicate that technical flexibility potential
does not automatically lead to market participation. External actors evaluate
flexibility in relation to their own business models, operational constraints,
investment logic, and alternative revenue opportunities. Batteries, aggregators,
and flexible customers compare local flexibility revenues with ancillary services,
arbitrage, tariff savings, operational value, sustainability benefits, and other
priorities. For some actors, local flexibility is an additional upside rather than the
main reason for investing in a flexible resource.

This aligns with innovation diffusion and adoption theory. Participation
depends on whether flexibility offers relative advantage, fits existing operations, is
understandable, involves manageable complexity, and can be tested without exces-
sive risk. The findings particularly confirm the importance of relative advantage and
compatibility [36], [37]. Flexibility providers are more likely to participate when the
market complements an existing asset, business model, or site need. Social motives,
sustainability ambitions, and local engagement may support participation, but they
rarely replace the need for a credible commercial logic. However, examples have also
been made about future vehicle-to-grid opportunities as well as previous notions
of adoption due to temporary heightened incentives, suggest that participation can
be a momentary opportunity that needs to be captured and proactively prepared for.

The tension is that the DSO may see flexibility potential from a system
perspective, while providers evaluate the same potential through a commercial
and operational lens. A resource that is technically valuable to the grid may
not be commercially available if the provider can earn more elsewhere, faces
operational disruption, or finds the market too complex. This means that adoption
is shaped not only by whether flexibility is possible, but by whether participation
is worthwhile compared to alternative uses of the same resource.
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For DSO managers, the implication is that flexibility markets must be de-
signed around adoption logic, not only system needs. The DSO should reduce
administrative complexity, clarify expected revenues and requirements, and
increase transparency around activation needs. Participation can be encouraged by
lowering friction and making value easier to access. One such evident opportunity
is through public tendering of battery parks and large projects. Another evident
opportunity discussed in the interviews is through translating available data from
smart metering to locational signals that aggregators and project developers can
utilize to scale more flexibility and make clearer business cases.

7.2.6 Theoretical Contribution and Practical Implications

Taken together, the findings contribute to theory by showing how innovation
ecosystems, dynamic capabilities, and adoption theory interact in a regulated
infrastructure context. Flexibility is an ecosystem challenge because value depends
on several interdependent actors whose incentives are only partly aligned. It is a
dynamic capabilities challenge because the DSO must sense, seize, and transform
under uncertainty while integrating flexibility into established planning and
operational routines. It is an adoption challenge because external actors will
only participate when flexibility fits their incentives, resources, and business models.

The findings also refine the theoretical perspectives. Innovation ecosystem
theory is supported, but the empirical material shows that the flexibility ecosystem
is not yet mature or fully aligned [24]. It is held together by overlapping
interests that can shift as markets, regulation, and technologies develop. Dynamic
capabilities theory is supported, but the findings show that sensing and seizing
flexibility opportunities is easier than transforming them into ordinary planning and
operational routines [31], [32]. Adoption theory is also supported, but the findings
show that participation is shaped not only by the characteristics of flexibility as an
innovation, but also by competing revenue streams and the operational behavior of
different resources [14], [35].

The main managerial implication is that the DSO should position itself as
an active orchestrator of flexibility, but not as the only actor responsible for
making the ecosystem work. The DSO should use its grid knowledge, customer
relationships, and system understanding to reduce uncertainty and create clearer
participation conditions. However, it should avoid designing flexibility only from
the DSO perspective or absorbing all uncertainty on behalf of external actors.
Flexibility products, tariffs, and contracts must reflect how different providers
create value and how their resources respond in practice.

7.3 Interdisciplinary Implications RQ3

This study answers RQ3 by demonstrating how a data pipeline can transform readily
available smart meter, location, weather, and spot price data into organizationally

84



7. Discussion

useful information. The pipeline combines data ingestion, aggregation, forecasting,
surge detection, and clustering to identify flexibility behavior at both individual
and aggregated levels. By integrating technical data processing with organizational
requirements, the pipeline moves beyond data collection and enables systematic
analysis of where flexibility exists, how it behaves, and how it can potentially be
utilized.

The results further demonstrate that such a pipeline can be implemented at opera-
tional scale. The full pipeline processed over 196,000 smart meters and a full year
of 15-minute measurements, while the continuous analytics configuration completed
within operationally feasible execution times. This indicates that the methodology
can support recurring analysis rather than remaining a purely experimental frame-
work.

The inclusion of weather and spot price data also provides contextual understanding
of consumption behavior. The SARIMAX analysis showed that flexibility-related
consumption patterns are influenced by external conditions, particularly seasonal
temperature changes, while electricity price signals exhibited weaker explanatory
power at the aggregated smart meter level. This illustrates how combining con-
sumption and contextual data can improve interpretation of flexibility behavior and
support more informed decision-making.

The findings show that the primary value of the pipeline lies in increasing visibility
of flexibility resources. Through surge detection and clustering, flexibility becomes
measurable and segmentable rather than hidden within large volumes of consump-
tion data. The results demonstrate that flexibility potential is concentrated among
specific consumption profiles, enabling more efficient targeting of customers, flexibil-
ity providers, and geographical areas. Notably, approximately 92.7% of the identified
flexibility potential remained accessible by focusing on only 27.7% of surge-active
meters, highlighting the value of behavioral segmentation for resource prioritization.

Beyond internal decision-making, the pipeline also creates value within the broader
flexibility ecosystem. The generated insights provide a common analytical basis for
communication between DSOs, aggregators, project developers, and other stakehold-
ers. By combining behavioral clustering with geographical information, the analysis
makes it possible to identify not only which consumption profiles exhibit flexibility,
but also where they are located within the network. This supports more targeted
flexibility initiatives and improves coordination between actors seeking flexibility
resources.

The study therefore shows that data becomes useful when technical analysis is trans-
lated into organizational capability. Internally, the pipeline supports sensing and
evaluating flexibility opportunities, while externally it contributes to greater coor-
dination and transparency across the ecosystem. The main contribution is not the
data itself, but the ability to transform large-scale consumption data into actionable
information that supports planning, engagement, and future flexibility development.
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7.4 Future Studies

The goal of this section is to clarify the limitations of the study and identify
how future research can build on its findings. Although the study demonstrates
how readily available data can be structured and analyzed to identify flexibility
potential, it does not validate whether the identified flexibility can be activated
in real operational settings. Furthermore, the study is based on one specific
interpretation of flexibility and a limited set of stakeholder interviews, meaning that
the findings should be viewed as an exploratory foundation rather than a complete
operational solution. The pipeline identifies flexibility consumption patterns, but
further research is needed to examine under which parameters clusters are made
useful and scalable to capture more flexibility.

Future studies should therefore test the pipeline in live operational con-
texts. One important direction is to investigate how and under which circumstance
data can be shared for desired outcomes within the ecosystem. The research
highlight several opportunities for strategic data sharing to signal and align
actors, but doing so in an ethical and impact-full way still remains to be studied.
Another direction is modifying the pipeline and parameters for practical use
cases such as specific aggregator customer profiles or internal customer rela-
tions functions, or for the bidding, to further drive standardization within flexibility.

Overall, this study should be viewed as an exploratory foundation rather
than a complete operational solution. It shows how a data pipeline can be
constructed and how its outputs can become useful for a DSO and its broader
ecosystem, but further research is needed to validate, govern, and integrate these
insights into daily operations.

7.5 Conclusion

This thesis has explored how flexibility resources can be identified, analyzed, and
contextualized through the combination of large-scale data analytics and organi-
zational perspectives. The results demonstrate that meaningful flexibility insights
emerge when technical analysis and ecosystem understanding are considered together
rather than independently.

The proposed methodology transforms large volumes of smart meter, weather, price,
and location data into actionable information regarding flexibility behavior and re-
source availability. Through historical consumption, surge detection, clustering, and
geographical analysis, the study demonstrates that flexibility potential is highly con-
centrated among specific behavioral groups, enabling more targeted and efficient
flexibility initiatives. Furthermore, the computational efficiency of the analytical
pipeline allows hundreds of thousands of smart meters and millions of measure-
ments to be processed within operationally feasible timeframes, making large-scale
recurring analysis practical.
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From an organizational perspective, the findings show that flexibility development
extends beyond technical resource identification and depends on the coordination
between DSOs, aggregators, customers, regulators, and other ecosystem actors. The
study highlights how data-driven insights can strengthen ecosystem orchestration,
while organizational requirements provide direction for analytical development.

The primary contribution of this work is therefore the demonstration of how ana-
lytical and organizational perspectives reinforce one another. Analytical methods
become more valuable when aligned with operational and strategic needs, while
organizational decision-making becomes stronger when supported by scalable and
evidence-based insights. As electricity systems continue to evolve, the combination
of scalable data-driven analytics and organizational capability development will be
central for turning flexibility from a theoretical resource into a practical tool for
distribution grid management
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SARIMAX(order=(3, 0, 1), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (Hisingen North)
Exogenous: temperature, spot price, 24h Fourier terms
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Figure A.2: SARIMAX
SARIMAX surge context - Temperature (Hisingen North)
Red markers = surges (>2.0c) - Dashed = x envelope 50%
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Figure A.3: Surges displayed over weather data




A. Appendix 1

SARIMAX surge context - Spot Price (Hisingen North)
Red markers = surges (>2.00) - Dashed = x? envelope 50%
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Figure A.4: Surges displayed over EPEX SPOT price data
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Figure A.5: ARIMA v. SARIMAX
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Meters (6146 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 6146 meters - Hisingen North
(Ward-clustered, 3 auto-detected groups ordered by size | colour strip = cluster)
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A. Appendix 1

Cluster analysis - Hisingen North (6146 meters, 3 auto-detected clusters, ordered by size)
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Figure A.7: Cluster analytics

Average daily surge count per cluster - Hisingen North
(6146 meters, 3 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)
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Figure A.8: Cluster heatmap showcasing surge occurrence
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Figure A.9: Cluster heatmap showcasing excess kWh from surges
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A. Appendix 1

A.2

Western Hisingen

ARIMA(3, 0, 1) - hourly aggregate consumption (Hisingen West)
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Figure A.10: ARIMA
SARIMAX(order=(3, 0, 1), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (Hisingen West)
Exogenous: temperature, spot price, 24h Fourier terms
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SARIMAX surge context - Temperature (Hisingen West)
Red markers = surges (>2.00) - Dashed = x? envelope 50%
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Figure A.12: Surges displayed over weather data

SARIMAX surge context - Spot Price (Hisingen West)
Red markers = surges (>2.00) : Dashed = x? envelope 50%

Spot price (EUR/MWh)
«  SARIMAX surge hours (101)
—=- x? envelope (50% of surges above)

T T T T T T
2025-03 2025-05 2025-07 2025-09 2025-11 2026-01

Date

Figure A.13: Surges displayed over EPEX SPOT price data
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Figure A.14: ARIMA v. SARIMAX
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Meters (13843 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 13843 meters - Hisingen West
(Ward-clustered, 3 auto-detected groups ordered by size | colour strip = cluster)
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Figure A.15: Heatmap showcasing cluster capture of meter surge data
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A. Appendix 1

Cluster analysis - Hisingen West (13843 meters, 3 auto-detected clusters, ordered by size)
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Figure A.16: Cluster analytics

Average daily surge count per cluster - Hisingen West
(13843 meters, 3 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)
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Figure A.17: Cluster heatmap showcasing surge occurrence
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A. Appendix 1

Average daily excess kWh per cluster (flexibility) - Hisingen West
(13843 meters, 3 clusters ordered by size | log-scaled | white = no surges)

Cluster 1 (n=6931)

iy
=3

Cluster 2 (n=3560)

fu
=

Cluster 3 (n=3352)

Mean excess kwh (log scale)

Lg!

o o 4 o 9 o 4 4 o o 6
& & & & & & & R P & & &
) L { & 0y & Ry o &
& Ky ® & ¥ ¥ W & ¢ N ¢ ¢
Date

Figure A.18: Cluster heatmap showcasing excess kWh from surges

A.3 Northeast

ARIMA(3, 1, 3) - hourly aggregate consumption (North East)
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A. Appendix 1

SARIMAX(order=(3, 1, 3), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (North East)
Exogenous: temperature, spot price, 24h Fourier terms
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Figure A.20: SARIMAX

SARIMAX surge context - Temperature (North East)
Red markers = surges (>2.0c) - Dashed = x envelope 50%
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Figure A.21: Surges displayed over weather data
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XII

SARIMAX surge context - Spot Price (North East)
Red markers = surges (>2.00) - Dashed = x? envelope 50%

Spot price (EUR/MWh)
s SARIMAX surge hours (65)
—=- x* envelope (50% of surges above)
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Figure A.22: Surges displayed over EPEX SPOT price data
Surge detection agreement - ARIMA vs SARIMAX (North East)
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Figure A.23: ARIMA v. SARIMAX




Meters (14666 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 14666 meters - North East
(Ward-clustered, 3 auto-detected groups ordered by size | colour strip = cluster)
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Figure A.24: Heatmap showcasing cluster capture of meter surge data
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A. Appendix 1

Cluster analysis - North East (14666 meters, 3 auto-detected clusters, ordered by size)
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Figure A.25: Cluster analytics

Average daily surge count per cluster - North East
(14666 meters, 3 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)
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Figure A.26: Cluster heatmap showcasing surge occurrence
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Figure A.27: Cluster heatmap showcasing excess kWh from surges
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Figure A.28: ARIMA

XV



°C)

Temperature (

A. Appendix 1

SARIMAX(order=(3, 1, 2), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (East)
Exogenous: temperature, spot price, 24h Fourier terms
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Figure A.29: SARIMAX
SARIMAX surge context - Temperature (East)
Red markers = surges (>2.0c) - Dashed = x envelope 50%
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Figure A.30: Surges displayed over weather data
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SARIMAX surge context - Spot Price (East)
Red markers = surges (>2.00) - Dashed = x? envelope 50%

Spot price (EUR/MWh)
SARIMAX surge hours (78)
—=- x* envelope (50% of surges above)
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Figure A.31: Surges displayed over EPEX SPOT price data

Surge detection agreement - ARIMA vs SARIMAX (East)
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Figure A.32: ARIMA v. SARIMAX
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Meters (9445 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 9445 meters - East
(Ward-clustered, 5 auto-detected groups ordered by size | colour strip = cluster)
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Figure A.33: Heatmap showcasing cluster capture of meter surge data
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Figure A.34: Cluster analytics

Average daily surge count per cluster - East
(9445 meters, 5 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)
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Figure A.35: Cluster heatmap showcasing surge occurrence
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Average daily excess kWh per cluster (flexibility) - East
(9445 meters, 5 clusters ordered by size | log-scaled | white = no surges)
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Figure A.36: Cluster heatmap showcasing excess kWh from surges

A.5 Southern Gothenburg

ARIMA(3, 0, 2) - hourly aggregate consumption (South)
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Figure A.37: ARIMA
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SARIMAX(order=(3, 0, 2), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (South)

Exogenous: temperature, spot price, 24h Fourier terms
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Figure A.38: SARIMAX
SARIMAX surge context - Temperature (South)
Red markers = surges (>2.0c) - Dashed = x envelope 50%
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Figure A.39: Surges displayed over weather data
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SARIMAX surge context - Spot Price (South)
Red markers = surges (>2.00) - Dashed = x? envelope 50%
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—=- x* envelope (50% of surges above)

T
2025-03

T T T T T
2025-05 2025-07 2025-09 2025-11 2026-01

Date

Figure A.40: Surges displayed over EPEX SPOT price data

Surge detection agreement - ARIMA vs SARIMAX (South)
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Figure A.41: ARIMA v. SARIMAX




Meters (50218 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 50218 meters - South
(Ward-clustered, 3 auto-detected groups ordered by size | colour strip = cluster)
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Figure A.42: Heatmap showcasing cluster capture of meter surge data
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Figure A.43: Cluster analytics

Average daily surge count per cluster - South
(50218 meters, 3 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)
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Figure A.44: Cluster heatmap showcasing surge occurrence
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Average daily excess kWh per cluster (flexibility) - South
(50218 meters, 3 clusters ordered by size | log-scaled | white = no surges)
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Figure A.45: Cluster heatmap showcasing excess kWh from surges
A.6 Central Gothenburg
ARIMA(3, 0, 3) - hourly aggregate consumption (Central)
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Figure A.46: ARIMA
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SARIMAX(order=(3, 0, 3), seasonal=(1, 0, 1, 24)) - hourly aggregate consumption (Central)
Exogenous: temperature, spot price, 24h Fourier terms
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Figure A.47: SARIMAX
SARIMAX surge context - Temperature (Central)
Red markers = surges (>2.0c) - Dashed = x envelope 50%
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Figure A.48: Surges displayed over weather data
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SARIMAX surge context - Spot Price (Central)
Red markers = surges (>2.00) - Dashed = x? envelope 50%

Spot price (EUR/MWh)
SARIMAX surge hours (54)
—=- x* envelope (50% of surges above)

o e
gL
. . 1 bt 1
o=
RN T RTINS TN | N P s
il S LU b gl M L R | e == T
* .
» i LAY .9
. .
T T T T T T
2025-03 2025-05 2025-07 2025-09 2025-11 2026-01
Date

Figure A.49: Surges displayed over EPEX SPOT price data

Surge detection agreement - ARIMA vs SARIMAX (Central)
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Figure A.50: ARIMA v. SARIMAX
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Meters (21638 total, ordered by cluster)

A. Appendix 1

Daily surge count - all 21638 meters - Central
(Ward-clustered, 4 auto-detected groups ordered by size | colour strip = cluster)
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Figure A.51: Heatmap showcasing cluster capture of meter surge data
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Ward dendrogram (truncated to 4 clusters)

Cluster analysis - Central (21638 meters, 4 auto-detected clusters, ordered by size)
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Figure A.52: Cluster analytics

Average daily surge count per cluster - Central
(21638 meters, 4 auto-detected clusters, ordered by size | surge: >2.00 A >2.0 kWh | window: 7d)

Figure A.53: Cluster heatmap showcasing surge occurrence
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Average daily excess kWh per cluster (flexibility) - Central
(21638 meters, 4 clusters ordered by size | log-scaled | white = no surges)
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Figure A.54: Cluster heatmap showcasing excess kWh from surges
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