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ARTICLE INFO ABSTRACT

Keywords: The integration of residential demand-side flexibility into power system operations is essential for addressing
Electricity demand grid stress during peak hours and enhancing the deployment potential of decentralized energy systems.
Clus_te_ri_ng This paper introduces a data-driven framework for identifying, evaluating, and aggregating household-level
FDlex'bﬂ;ty_d . flexibility using only smart meter data. The method combines bottom-up clustering of daily electricity usage
R::c?:ntizl € managemen| patterns with top-down, system-defined peak period detection based on dynamic thresholds. A second-stage
Peak demand clustering extracts feasible historical load-shifting scenarios conditioned on behavioral similarity. Each scenario

is evaluated using a multi-criteria matrix that includes peak demand reduction, behavioral deviation, scenario
occurrence probability, and electricity cost under dynamic pricing. The approach is demonstrated using two
datasets and supports both exhaustive scenario enumeration and scalable aggregation strategies. Results show
that the framework captures a spectrum of realistic flexibility options and reveals trade-offs between peak
shaving potential and behavioral plausibility. By quantifying flexibility in terms of both technical effectiveness
and behavioral deviation, this study offers a replicable and operationally relevant tool for grid operators and
aggregators to design targeted, equitable, and dynamic demand-side management interventions.

1. Introduction
1.1. Problem definition

The shift towards a more sustainable and more resilient energy
system increased the importance of demand-side flexibility (DSF), es-
pecially with the increasing penetration of renewable energy sources
like wind and solar in the electricity mix (Golmohamadi et al., 2024;
Lampropoulos et al., 2018). While the grid is increasingly challenged
with balancing variable generation with demand, households are in-
creasingly being perceived as important system users with the potential
to contribute to system flexibility (Hussain et al., 2023), such as peak-
demand reduction, grid congestion mitigation, and overall system sta-
bility improvement in the distribution networks (Lampropoulos et al.,
2024).

However, realizing the potential of residential DSF in practice re-
quires both precise identification of flexible behavior and operationally
relevant modeling of its impact. The emergence of smart meters and
high-resolution consumption data has created new opportunities to
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analyze and predict user-level flexibility (Gumz and Fettermann, 2024).
Yet, most existing techniques for residential flexibility analysis remain
limited in their ability to distinguish between consistent behavioral
patterns and exceptional or context-dependent deviations (Li et al.,
2021). Several studies analyze residential flexibility using datasets
enriched with detailed contextual information (e.g., household surveys
and occupant diaries) (Chen et al., 2022; Ramnath et al., 2022). In other
studies, high-resolution data, often collected at sub-minute intervals,
are used in non-intrusive load monitoring (NILM) methods to disaggre-
gate appliance-level usage to quantify flexibility (Papageorgiou et al.,
2025). While smart meters are technically capable of collecting such
granular data, in practice, energy providers typically work with data
at lower resolutions (e.g., 15-minute or hourly intervals). This is due
to practical constraints such as data storage, computational overhead,
and privacy concerns (Athanasiadis et al., 2023; McKenna et al., 2012;
Staats et al., 2017). While such data can offer valuable behavioral
insight, they are rarely available at scale, often rely on voluntary
participation, and are difficult to replicate in real-world operational
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Nomenclature

Abbreviation Symbols
CVI Cluster Validity Indices C

DSF Demand Side Flexibility Cy
DSM Demand Side Management CH
DSO Distribution System Operator cl(jh)
FCM Fuzzy C-Means D,
HAC Hierarchical Agglomerative Clustering DB
HFS High Flexibility Scenario F©-m
LFS Low Flexibility Scenario Fhd.0)
NILM Non-Intrusive Load Monitoring K
Indices K*

d Day index, d € {1,...,D,} Kpyap
h Household index, h € {1,...,H} m

k Cluster index, k € {1,...,K} N

s Selected feasible scenario ny,

t Time interval index @

combinations

Cost (€)

Set of daily profiles assigned to cluster
Calinski-Harabasz score

Assigned cluster label for household 4 on day d

Set of valid daily profiles for household &

Davies-Bouldin score

Aggregated flexibility matrix

Set of feasible peak-period load scenarios for household &,
reference day d, and threshold P,

Number of clusters for a given clustering configuration

Optimal number of clusters selected for a household
Number of clusters determined for household A, reference
day d, and threshold P,

Fuzzification coefficient in FCM

Total number of valid daily profiles across all households
Number of feasible scenarios for household &

Total number of unique aggregated scenario combinations
under threshold P,

Greek symbols pg’i) Average power consumption of household % on day d at
' interval i (kW)
yih) Centroid vector of cluster k for household A pr(®) Power consumption of household # at time ¢ (kW)
w® Weight vector indicating importance of each Pogo(®) Aggregated community power demand at time 7 (kW)
time step in the peak window under
threshold P,
At Sampling interval (minutes) ngg Aggregated peak-period load vector for all households under
threshold P, (kW)
A1) Electricity price at + (€/kWh) P, Candidate peak threshold value (kW)
H§h> Set of historical days on which household i Pigh Upper bound of peak threshold range (kW)
was assigned to the same daily profile
cluster
phd.0) Set of peak-period load vectors for Pow Lower bound of peak threshold range (kW)
household 4, reference day d, and threshold
Py (kW)
7y Duration of peak window at threshold P, Peighted (X) Weighted peak-period load of vector x (kWh)
(hours)
Y; ith daily profile vector from the aggregated P® Matrix of valid daily profiles for household 4 (D, X R)
dataset
5 Euclidean distance (behavioral deviation) pzh’e) Peak-period load vector of household 4 on historical day d
between ¢ and pil';’g)er_sm dy-day under threshold P, (kW)
AP, Peak reduction (kW) SH Silhouette score
ah Historical occurrence probability of the ;:Zli Set of time steps within the peak window defined by
selected scenario for household A threshold P, (time steps)
oM Selected feasible peak-period load shape for 1,(Py) End time index of peak window at threshold P,
household 2 (kW)
t,(Py) Start time index of peak window at threshold P,
Uk Membership degree of profile i in cluster k (FCM)
Y Concatenated matrix of all daily profiles from all households

(N X R)

settings. This highlights an ongoing gap between academic approaches
and the operational requirements of system operators.

Moreover, managing flexibility at the community level and partic-
ularly across users connected to the same local transformer remains
unexplored, despite the evolving needs of modern electricity grids.
While recent research has advanced the identification of flexibility
potential at the individual level, practical frameworks that support the
prioritization and coordination of users based on both their technical
capacity and behavioral availability are still limited in deployment
(Venizelou et al., 2023; Bouloumpasis et al., 2022). To enable effective
and equitable activation of flexibility, distribution system operators

(DSOs) require models that offer realistic, quantifiable indicators of
user contributions under different system conditions.

To design flexibility interventions that are both behaviorally feasible
and system-relevant, it is crucial to (1) characterize user demand in
a way that preserves temporal and contextual variation, (2) relate
household behavior to specific grid stress events such as peak demands,
and (3) evaluate alternative behavioral scenarios based on a range of
criteria such as cost, peak impact, and user’s behavioral change. With-
out such models, opportunities to activate flexibility for grid support
may be missed, leading to suboptimal grid reinforcement. A robust,
multilevel, and context-aware approach to flexibility detection and
aggregation can provide benefits for system operators by reducing the
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need for costly infrastructure upgrades and enabling more efficient,
targeted interventions.

1.2. Literature review

Effective demand-side management (DSM) for households relies
both on identifying potential load-shifting opportunities and translating
these into actionable strategies (Panda et al., 2023; Lampropoulos et al.,
2013). While previous studies have mostly focused on detecting high-
level demand patterns (Puchegger, 2015; Macedo et al., 2015), there
is a growing recognition of the need to develop models that identify
behavioral variability, evaluate flexibility, and support coordinated
activation at scale (Yilmaz et al., 2019b; Cruz et al., 2024).

A growing number of studies have proposed methods to estimate
DSF (Hussain et al., 2023; Luo et al., 2022). These studies range from
physics-based models (e.g., models based on the buildings’ specific pa-
rameters (Aduda et al., 2016)) to data-driven models (e.g., load profiles
analysis (Proedrou, 2021) and household surveys (Chen et al., 2022)).
Recent work on smart electric vehicle charging, for example, demon-
strates substantial cost and emission savings under technical constraints
and user preferences (Alikhani et al., 2025), further emphasizing the
potential of DSF in practice.

The use of smart meter data to identify flexible consumption pat-
terns has been widely investigated (Shaukat et al., 2021). One common
approach involves clustering-based methods (Yilmaz et al., 2019a),
which group households by load profile similarities to target DSM
programs or to infer their potential for peak load reduction (Wen et al.,
2023). In most clustering-based DSM studies, a bottom-up approach
is followed where generic DSM strategies are assigned to the identi-
fied representative daily load shapes. However, most methods do not
quantify flexibility in a way that supports operational planning, such
as estimating the shiftability of specific peak segments, incorporating
price signals, or scenario-based analysis.

Table 1 provides a comparative overview of recent studies that
employ clustering techniques for DSM, focusing on both methodolog-
ical aspects and operational insights for DSM. A common approach
for clustering is using the daily profiles of a household for specific
days or seasons. In several studies, normalizing or scaling is con-
ducted as a pre-processing step by dividing the load by the daily sum
(Fu et al., 2018; Kwac et al., 2014). Among clustering approaches,
K-means remains the most widely used due to its simplicity, scala-
bility, and widespread implementation. However, other studies adopt
fuzzy clustering (Czétany et al., 2021; Wen et al., 2023), hierarchical
methods (Ahir and Chakraborty, 2022), or density-based clustering
(Michalakopoulos et al., 2024) to accommodate overlapping behav-
iors or complex structures in the data. Only a few works explore
ensemble or hybrid methods (Pelekis et al., 2023) that might better
address the diversity of load profiles. Regarding the clustering evalua-
tion metrics, internal metrics (e.g., Silhouette score (Oguz et al., 2023;
Michalakopoulos et al., 2024), Davies-Bouldin index (Pelekis et al.,
2023), or Calinski-Harabasz index (Michalakopoulos et al., 2024)) are
used. To align metrics with DSM specific goals Pelekis et al. (2023)
introduced peak performance score, though such metrics remain rare.

From a DSM objective perspective, most studies focus on under-
standing consumption behavior (e.g., Oguz et al. (2023)) and segment-
ing users for targeted DSM interventions (e.g., Wen et al. (2023)).
Relatively few go beyond this to propose operational strategies for
flexibility activation. Notably, Meng et al. (2023) adopt a hybrid ap-
proach that integrates top-down market signals with bottom-up user
data, bridging the gap between household consumption patterns and
system-level objectives. This study highlights the potential of hybrid
models to establish a more complete and actionable demand response
loop.

Crucially, a limitation across the literature is the absence of the
capability to prioritize users for flexibility provision. Cluster member-
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ship is assumed to be indicative of flexibility potential, but only a few
studies provide formal mechanisms for ranking users by flexibility po-
tential. Another limitation across the reviewed literature is the handling
of peak periods. Most studies define peak periods as fixed windows or
derive them from the average cluster shape. For example, Oguz et al.
(2023) define a static peak from 5-9 p.m., while others (e.g., Micha-
lakopoulos et al., 2024) allow peaks to vary across clusters. However,
these approaches are often decoupled from actual transformer-level
loading (Shepherd and Mohagheghi, 2024). Finally, none of the re-
viewed studies provide quantitative estimates of flexibility, such as the
volume of load shifting possible, the time windows in which it can
occur, or the probability of activation. Flexibility remains a qualitative
insight rather than a measurable resource. This study addresses these
limitations by proposing a unified framework that quantifies flexibility
through scenario evaluation, enables user-level prioritization based
on flexibility potential, and defines peak periods dynamically using
system-level demand thresholds. As a result, flexibility is modeled as
a measurable and operational resource.

To guide the development and evaluation of the proposed frame-
work, this study addresses several key research questions. First, how
can residential demand-side flexibility be quantified using only stan-
dard smart meter data? Second, how can household-level flexibility
be represented as a set of behaviorally feasible load-shifting scenarios
derived from historically observed consumption patterns? Third, how
does the definition of peak periods, through a dynamic threshold range,
influence the identification, evaluation, and aggregation of flexibility
across households? Finally, what trade-offs emerge between peak de-
mand reduction, behavioral deviation, scenario probability, and cost
when flexibility is aggregated at the community level?

1.3. Contributions

This paper proposes a new framework for the characterization of
residential DSF from only standard smart meter data. Unlike prior
studies that either focus on static clustering or rely on high-resolution
or survey-based datasets, our developed methodology enables detailed
scenario analysis using data at resolutions typically available to energy
providers. The main contributions of this study are as follows:

» We propose a hybrid approach that combines bottom-up cluster-
ing of individual household load profiles with a top-down, system-
level identification of peak periods, defining dynamic peak thresh-
olds based on aggregated load (rather than relying on predefined
time windows).

We develop a two-stage clustering approach that initially clus-
ters daily profiles using unsupervised clustering, and then re-
fines these results by clustering historical peak segments condi-
tioned on behavioral similarity. This multi-stage structure pro-
vides the basis for scenario-based flexibility for each household,
given historically observed user behavior.

We construct a flexibility matrix for every household. This ma-
trix includes indicators such as behavioral deviation, occurrence
probability, cost, and peak load reduction potential. This matrix
enables comparison of potential flexibility options.

We demonstrate the applicability of our framework on two pub-
licly available datasets (Ausgrid (Ausgrid, 2025) and Pecan Street
(Pecan Street, 2025)), representing both large and small-scale
samples, and explain how the method can scale to varying sample
sizes, highlighting practical scalability.

This paper is further organized as follows. Section 2 provides a
detailed overview of all methodological steps used in this paper. Results
of our investigations are presented in Section 3, followed by thorough
discussion in Section 4. Section 5 concludes the paper.



Table 1

Summary of clustering methods and DSM applications.

Clustering methodology details

DSM applications and insights

Study Clustering parameter Data Resolution Clustering method Clustering evaluation metric DSM objective DSM approach Household prioritization Peak period type Flexibility
capability quantification
Oguz et al. Average daily profile, Dataset A: hourly data, K-means Silhouette score Characterization of Bottom-up Households can be Constant (peak period is No
(2023) Daily profiles Dataset B: 30 min data residential energy prioritized for DSM by fixed at 5:00 p.m. to 9:00
consumption behaviors. assigning them to clusters p.m.)
Uncovering seasonal based on their alignment
variations in electricity with specific DSM
usage influenced by factors strategies.
like occupant behavior and
weather.
Micha- Daily profiles Half-hourly data K-means, K-medoids, Silhouette score, Segmenting consumers into Bottom-Up Households can be Peak periods vary based on No
lakopoulos Hierarchical agglomerative Davies-Bouldin index, and clusters based on prioritized for DR based on the clusters (i.e., early
et al. (2024) clustering, and Calinski-Harabasz index consumption patterns to their cluster assignments. morning, noon, evening,
Density-based spatial enhance market night, late night).
clustering participation
Czétany Daily profiles 15-minute intervals K-means, Fuzzy K-means, Elbow method, Silhouette Offering insights into Bottom-Up Households can be Peak periods vary based on No
et al. (2021) Agglomerative hierarchical score, Dunn index consumption patterns prioritized for DR based on the clusters (e.g., evening
across different seasons and their cluster assignments peak).
building types for targeted
DSM programs.
Pelekis Daily net consumption Hourly intervals data K-means, K-medoids and Peak performance score (a Design targeted DR Bottom-Up Clusters analyzed for DR Peak periods vary based on No
et al. (2023) Hierarchical agglomerative novel metric), Silhouette programs for a flexible potential based on load the clusters.
clustering score, Silhouette score energy community to alter shape, entropy, and load
dynamic time warping, prosumers consumption type.
Davies-Bouldin validity behavior, with the goals of
index, Peak match score minimizing reverse power
flow at the primary
substation.
Wen et al. Daily profiles 15-minute intervals Fuzzy C-Means Silhouette score Identify potential customers Bottom-Up Households can be Peak periods vary based on No
(2023) for DSM and net metering prioritized for DR based on the clusters (i.e., morning
programs to reduce peak their cluster assignments peak, pre-peak, peak, and
loads, increase post-peak).
self-consumption, and
energy saving.
Rafiq et al. Daily profiles 15-minute intervals K-means K-elbow Develop energy-saving Bottom-Up Households can be Peak periods vary based on No
(2023) strategies and customize prioritized based on their the clusters (e.g.,
DSM initiatives by cluster assignments. cooling-included households
identifying consumption peak at midnight in
patterns and influential summer, cooling-excluded
factors (e.g., occupancy, households peak in the late
dwelling size) for different afternoon between 12 PM
household groups. and 8 PM).
Meng et al. Normalized average Half-hourly intervals K-means Silhouette score, and Develop a multiple Hybrid (Bottom-Up and Households can be Peak periods vary based on No
(2023) hourly consumption Davies-Bouldin index dynamic pricing framework Top-Down); the model uses prioritized based on their the clusters (e.g., morning
over the day for demand response to individual smart meter data cluster assignments. peak, evening peak).
maximize retailer profit, for clustering and demand
reduce peak demand, and modeling (bottom-up),
offer tailored prices to while the retailer sets
different customer segments pricing constraints and
based on consumption optimizes tariffs based on
patterns. wholesale market data and
profit goals (top-down).
Okereke Average daily Half-hourly intervals K-means Mean index adequacy, Understand electricity Bottom-Up Households can be Peak periods vary based on No
et al. (2023) consumption Clustering dispersion index, consumption behaviors to prioritized based on their the clusters (e.g., evening
Silhouette score, and support flexible demand cluster assignments. peak).
Davies Bouldin index management
Ahir and Daily consumption Half-hourly intervals Hierarchical clustering Gap statistics Identify customer potential Bottom-Up Households can be Peak periods vary based on No
Chakraborty for DSM and net metering prioritized based on their the clusters (i.e., morning
(2022) cluster assignments. peak, and evening peak).
This study Daily profiles and 15 min intervals K-means, Fuzzy C-Means, Silhouette score, Quantify and rank Hybrid (Bottom-Up A scenario matrix ranks Dynamic, Flexibility
peak-period segments Hierarchical agglomerative Davies-bouldin index, household and clustering with Top-Down users by behavioral threshold-dependent peak quantified using
clustering Calinski-Harabasz index community-level flexibility peak detection and deviation, probability, periods linked to a scenario

(rank-based selection)

for dynamic DSM planning

scenario aggregation)

potential for providing
flexibility for different peak
thresholds, and impact on
peak reduction

aggregated load

analysis and
different metrics
are measured to
analyze each
scenario
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Fig. 1. Illustration of the main idea of the paper. Boxes in orange show actions at the community level, and boxes in blue show actions at each household level.

2. Methodology
2.1. Overview of the methodological framework

This study proposes a multi-stage data-driven methodology to iden-
tify, characterize, and evaluate household flexibility in response to
DSM objectives. The goal is to move beyond traditional clustering of
average load shapes by developing a framework that links household-
level routines to peak shaving opportunities via scenario analysis. The
approach is visualized in Fig. 1, and proceeds through the following
sequential steps:

Step 1: Clustering daily load profiles at the household level. We
begin by clustering the historical daily load profiles of each household
independently. This step captures individual behavioral patterns and
variability across different days. The resulting clusters represent recur-
ring load shape typologies specific to each user and form the basis for
behavioral segmentation. These clusters are stored in a database.

Step 2: Defining peak load conditions from aggregated demand.
Using the aggregated load profile of the community for a selected
day, we identify the peak region not through a fixed threshold, but
through a flexible range between a lower threshold (P,,) and an
upper threshold (P;g,). This flexible thresholding allows the system
operator to examine sensitivity across a range of peak definitions,
acknowledging uncertainties in demand forecasting and operational
limits.

Step 3: Assigning daily demand to predefined behavioral clusters.
Each household’s daily load profile on the day under study is matched
to one of its previously identified behavioral clusters from Step 1. This
step maps the current day’s load to historical behavior types, allowing
behavioral context to be retained in later analysis.

Step 4: Context-aware clustering of historical peak loads. To analyze
feasible demand-side flexibility, we identify past days with a similar
behavioral context (same cluster assignment) and extract their peak-
period segments, as defined in Step 2. These segments are clustered
again, this time focusing solely on peak-period variation under fixed
behavioral routines. This produces a set of feasible alternative load
profiles for each user.

Step 5: Selecting feasible options. From the identified peak clusters
in Step 4, a subset of feasible scenarios is selected for each user, based
on their operational feasibility.

Step 6: Combining feasible scenarios. The feasible options are then
combined across users to estimate aggregated community flexibility.

Step 7: Constructing the flexibility matrix. For each user and each
defined threshold, we construct a matrix characterizing the feasible
options obtained from Steps 5 and 6. Each aggregated demand scenario
is evaluated across these metrics: (i) Peak load reduction, (ii) Scenario
occurrence probability, (iii) Behavioral deviation, and (iv) Scenario
cost. This matrix enables the operator to filter and prioritize feasible
load modifications at the user level.

The proposed framework is designed to be modular and scalable. It
can support both full combinatorial exploration (as shown in smaller
datasets) and constrained aggregation (as used in larger systems).

2.2. Load profile clustering

To uncover recurring patterns in electricity usage, we perform
clustering on daily power profiles (Rhodes et al., 2014).

Let pff') represent the daily power consumption profile of household
h on day d, sampled over R time intervals (e.g., 96 for 15-minute
resolution):

) _ | () (h) (h) R
P, [de’ Pyi> - Pape 1] P, €RS &)

where p(h) denotes the average power (in kW) recorded in interval
7. For each household, we construct a matrix P, where each row
corresponds to a valid daily profile from the set of days D, with
sufficient data:

(h)

n
PO =| P2l pt g RO )

(h)
Pp,
To enable clustering across the entire population, the daily profiles

from all households are concatenated into a single dataset:

P
PQ@
Y=|". |eRY* N=3} D, @
P(.H)
The matrix Y serves as the input to the clustering algorithms dis-
cussed in the following sections.

2.2.1. Clustering algorithms

Once the daily energy consumption profiles are constructed, the
next step involves grouping similar profiles to uncover common con-
sumption patterns. In this subsection the applied clustering methods
are described.

(a) K-Means clustering: K-Means is a centroid-based clustering al-
gorithm that partitions the dataset into K non-overlapping groups,
minimizing the variance within each cluster (Arthur and Vassilvitskii,
2007). Given a set of daily energy profiles for each household P")
(Eq. (2)), the objective of the K-Means algorithm is to find K cluster
centroids that best represent the data. The algorithm aims to solve the
following optimization problem:

K

arg mcin Z Z Ily: — yk“z (@)

k=1y,€Cy,

where:
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- C; is the set of points (daily profiles) assigned to cluster k;
- iy is the centroid of cluster C;, defined as the mean vector of all points
within the cluster;
- |ly; = #e||? is the Euclidean distance between a daily profile y; and its
assigned cluster centroid.
The algorithm proceeds iteratively through four main steps. It be-
gins by randomly initializing K centroids from the dataset. In each
iteration, data points are assigned to the nearest centroid using Eu-
clidean distance, forming clusters. The centroids are then updated by
computing the mean of all points in each cluster. This assignment—
update process repeats until convergence, typically defined as stabi-
lization of centroids or reaching a maximum number of iterations. The
resulting clusters provide a compact representation of recurring load
profile patterns.
(b) Fuzzy C-Means (FCM) clustering: FCM is a soft clustering algo-
rithm that allows each data point to belong to multiple clusters with
varying degrees of membership. This is particularly useful when the
boundaries between clusters are not well-defined, which is often the
case in behavioral energy consumption patterns (Bezdek et al., 1984;
Chan et al., 2024).
Unlike K-Means, which performs hard assignments of data points
to exactly one cluster, FCM assigns to each point a set of member-
ship coefficients that reflect its similarity to each cluster (Ghosh and
Dubey, 2013). The algorithm seeks to minimize the following objective
function:
N K

Tw= 2 2w v = el ®)
i=1 k=1

where:

-y; € RR is the ith daily energy profile;

- ¢, € RR is the centroid of cluster &;

- uy € [0, 1] is the membership degree of profile i in cluster k;

- m > 1 is the fuzzification coefficient that controls the level of cluster

overlap.

The membership degrees are constrained such that:

K
Zu‘-kzl vie(l,2,...,N} 6)
k=

IThe FCM algorithm proceeds iteratively. It begins by randomly
initializing a membership matrix that assigns each data point a degree
of association with every cluster, ensuring that the memberships for
each point sum to one. In each iteration, the cluster centroids are
updated as weighted averages of the data points, where the weights
are determined by the membership degrees raised to the power m.
Subsequently, the membership degrees themselves are updated based
on the relative distances between each data point and the updated
centroids. This process repeats until convergence. The final output
consists of a set of cluster centroids and a fuzzy partition matrix,
indicating the degree of association between each daily energy profile
and each cluster. This soft clustering mechanism is particularly effective
for capturing overlapping or transitional energy usage behaviors in
residential electricity consumption.

(c) Hierarchical Agglomerative Clustering (HAC): HAC is a bottom-
up clustering technique that starts by assigning each data point to its
own cluster and then iteratively merges the closest pairs of clusters
based on a defined similarity measure (Zepeda-Mendoza and Resendis-
Antonio, 2013). The core assumption is that data points in close prox-
imity within the feature space are more similar, and hence, should be
grouped together. The result of the HAC process is a dendrogram (a
tree-like structure) that visually encodes the sequence and distances at
which clusters are merged.

A key strength of HAC lies in its flexibility to define the inter-cluster
distance using different linkage criteria. Common linkage strategies in-
clude: single linkage, which computes the distance between the closest
pair of points from two clusters; complete linkage, which considers
the farthest pair; average linkage, which calculates the mean distance
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between all pairs across clusters; and Ward linkage, which minimizes
the increase in total within-cluster variance upon merging. Each crite-
rion has different implications for the shape and compactness of the
resulting clusters (Ambroise et al.,, 2019). The inter-cluster distance
between clusters C; and C; is formally expressed as:

di; = linkage(C;, C) (2]

where the linkage function is determined by the selected criterion.

Different clustering methods applied in this study provide insights
into the characteristics of residential electricity demand. K-Means has
a scalable and efficient algorithm and is especially suitable when load
shapes are well-separated; however, its performance can be limited
by sensitivity to outliers. FCM permits soft clustering with fuzzy as-
signment of each observation. This allows a better understanding of
overlapping behaviors, which are common in behaviorally flexible
households. However, compared to K-means, it is more computationally
intensive. HAC, on the other hand, is useful where electricity use
behaviors form a nested structure. In Section 2.2.2, we discuss the
internal evaluation metrics used to assess the quality and validity of
clustering results.

2.2.2. Cluster validity indices

The quality of clustering results depends not only on the choice of
algorithm but also on the selection of an appropriate number of clusters
(Jain et al., 2022). To systematically evaluate clustering performance,
we employ a set of internal Cluster Validity Indices (CVIs) that assess
the compactness and separation of clusters based on intrinsic properties
of the data (Jain et al., 2021). Three commonly used CVIs are applied
in this study:

(a) Silhouette (SH) score: The SH score quantifies how well each
data point fits within its assigned cluster compared to other clusters
(Rousseeuw, 1987). It provides a normalized score for each data point
between [-1, 1]. SH ~ 1 indicates that the data point is well matched
to its own cluster and poorly matched to others; SH ~ 0 suggests that
the point lies on or near the decision boundary between two clusters;
and S H < 0 shows potential misclassification (Satre-Meloy et al., 2020;
Al-Otaibi et al., 2016).

(b) Calinski-Harabasz (CH) score: The CH score (also known as the
variance ratio criterion) calculates the ratio between a measure of sep-
aration and a measure of compactness (Caliriski and Harabasz, 1974).
The separation represents the inter-cluster dissimilarities while the
compactness characterizes the intra-cluster similarities (Satre-Meloy
et al., 2020). A higher CH value suggests that the clusters are dense and
well-separated, which corresponds to a desirable clustering structure.

(c¢) Davies-Bouldin (DB) score: The DB score calculates the aver-
age similarity between different clusters and its most similar cluster.
Here, similarity is defined as the ratio of within-cluster scatter to
between-cluster separation (Davies and Bouldin, 2009). Lower DB val-
ues indicate better clustering performance (McLoughlin et al., 2015;
Yildiz et al., 2018).

2.2.3. Selection procedure for clustering configuration

To determine the suitable clustering configuration for each user, a
rank-based aggregation strategy is used. For each clustering method,
clustering is performed over a predefined range of cluster numbers (2
to 10). The internal CVIs are then computed for each configuration.
Rankings are applied separately to each index: higher values of SH
and CH scores receive lower ranks, while lower values of DB score are
preferred. The three ranks are then summed to produce an overall score
for each configuration. The final clustering method and optimal number
of clusters K* for each user are selected as those corresponding to the
configuration with the lowest total rank. This approach balances the
strengths of multiple CVIs.
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2.3. Aggregated load profile and threshold range for peak period detection

An adaptive way to define peak demand periods is fundamental
for effective DSM planning, especially under high renewable energy
integration and demand-side uncertainties (Binyet et al., 2022). Tra-
ditionally, peak detection relies on applying a fixed power threshold to
the aggregate load profile. In this context, all time intervals exceeding
that threshold are considered part of the peak window (Nasir et al.,
2021; Rizvi et al.,, 2023). This approach, while simple, imposes a
constraint on a system that can also be analyzed dynamically (Arafat
et al., 2025; Silva et al., 2020). In this paper, we propose a more flexible
approach based on a range of peak threshold values. This approach
is motivated by two key factors: (1) operational uncertainty: grid
operators and aggregators often face uncertainty in load forecasts, user
responsiveness, and network constraints (Silva et al., 2022), and (2)
DSM strategy design: different DSM strategies may perform differently
depending on the time a peak is defined and how narrow the peak
period is defined (Wynn et al., 2022). This threshold-range approach
allows us to investigate how the potential flexibility in the community
changes as a function of the selected power threshold.

This step begins by aggregating household load across the com-
munity. For each time step 7, the total community power demand is
calculated as:

Pogg() = 2 ) (8)

Instead of applying a single threshold to detect peak periods, we
define a continuous range of candidate peak thresholds bounded by:

* P: the lower threshold value for considering a time step part
of a peak;

* Phign: the upper threshold value for considering a time step part
of a peak.

The determination of P, and Pyg, should be guided by system opera-
tors based on operational considerations. P, may be set to reflect the
threshold above which demand begins to place noticeable stress on the
distribution grid relative to normal operating conditions, while Py,
can be chosen to represent critical loading levels approaching network
capacity limits. Framing the bounds in this way allows DSOs to tailor
the interval [P, Pyign] to the characteristics of their networks and to
capture the relevant range of peak demand conditions for congestion
management and planning purposes.

Within this interval [Py, Pygnl, We evaluate multiple threshold
levels Py € [Pigy, Phign] to examine how the characterization of the
peak period varies. For each selected threshold Py, the peak period is
defined as the set of consecutive time steps ¢ for which the aggregated
power P, (1) satisfies P,q(1) > P,. Based on this condition, we extract
three key descriptors: the start time #,(P,), which marks the first time
step exceeding the threshold; the end time 7,(P,), which marks the last
respective time step; and the duration of the peak window, calculated
as 7y = (t, — t; + 1) - 4t, where At denotes the sampling interval. Fig. 2
illustrates the conceptual structure of this approach.

2.4. Daily load profile assignment to household-specific clusters

In this step, the power consumption profile of the days under study
for each household is assigned to one of the cluster centroids obtained
specifically for that household in the first clustering stage (Section 2.2).
This enables us to represent individual daily behavior using a limited
set of recurring load shape typologies and track how these patterns
evolve across different days, particularly during high-demand periods.

Let ¢ = { /4(}” M K)} denote the set of centroids derived from
the clustering of household 4’s daily profiles. Each daily profile yh d
assigned to the cluster whose centroid is closest in Euclidean distance:

(h) ” h) _ (h)”
¢’ =ar min 9
2 g i Yo ~He ||, ©)]
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Fig. 2. Illustration of the threshold-range peak detection method. The aggre-
gated load is plotted alongside the lower and upper threshold bounds. For each
threshold within the range, the corresponding peak window is extracted, and
its start time, end time, and duration are computed.

This procedure is repeated for all households and all relevant days.
The result is a mapping from each household-day pair to a discrete
cluster label c;h) € {1,...,K}, which compactly summarizes the daily
behavior of each user.

2.5. Clustering historical peak loads

Household electricity demand exhibits significant variability, influ-
enced by day-to-day behavioral routines, appliance use, weather, and
external signals (Ahire and Patil, 2023; Satre-Meloy et al., 2020). While
clustering has traditionally been used to extract general load profiles,
recent studies emphasize the value of context-aware clustering, where
historical behaviors are grouped not just globally but within similar
operational contexts (Kallel et al., 2025; Pullinger et al., 2024; Dent
et al., 2014; Xu et al., 2017).

To assess intra-user behavioral variability during peak periods, we
cluster historical peak load segments by conditioning on two key
dimensions: the daily profile type, which represents the household’s
routine behavior as determined in Section 2.4, and the community-
level peak period associated with each peak threshold Py, as defined
in Section 2.3 to reflect grid-side stress. This procedure is repeated

for each peak threshold Py € [Py, Phignl (each threshold defines a
different peak window T(ezl)(, which alters the time steps used to extract
and cluster historical peak behavior) and each household.

Let H#"” denote the set of historical days on which household & was

assigned to the same cluster that is defined in Section 2.4:
=P} 10)

This conditioning restricts the analysis to historically comparable
daily profiles.

From each selected historical day j, we extract the segment of the
load curve that corresponds to the peak window defined by threshold
Py, denoted T (:Zl)( {t(sp"), ,tE.P" ) _1}. The peak-period load vector for
user i on hlstorlcal day d, under threshold Py, is defined as:

p;m) [(d)(,)] o a1

eak
The collection of all such vectors yields the peak segment dataset

for household 4, on reference day d, under threshold P:
hd0) _ ) (h0) h
Pt >_{pd |deH§>} 12)

For each household &, and for each target day d and peak threshold
Py, we apply the clustering methodology from Section 2.2 to the dataset
Pd0) The clustering is performed independently per household to
capture user-specific behavioral patterns. The number of clusters is also
selected separately for each user-day-threshold combination, following

h . h
H® ={jeny



H. Nasrollahi et al.

the procedure introduced earlier. This results in clusters that reflect
the diversity of peak-period load shapes for each user under consistent
behavioral and system conditions.

Each cluster obtained in this step is interpreted as a distinct flexibil-
ity scenario for household &, conditioned on reference day d and peak
threshold P,. We denote the set of resulting scenarios as:

shd.0) {s] N } 13)

where K, ;, is the number of clusters determined for that specific
household-day-threshold configuration.

2.6. Identifying feasible scenarios

In this step, we evaluate the flexibility potential of each household
by comparing its current peak-period power profile to its historically
observed alternative scenarios. In this paper, we incorporated a time-
weighted evaluation that reflects the varying criticality of different time
steps within the peak period. This allows for the identification of sce-
narios that meaningfully reduce demand during grid-critical moments,
even if accompanied by minor increases elsewhere in the peak window.
Each historical scenario s € S"»%9 represents a possible peak-period
load shape.

Let P or-stu dy denote the under-study day peak-period power vector
of household h under threshold P,. To assess the operational desir-
ability of each scenario, we introduce a weight vector w®, where
wﬁg) € [0, 1] represents the importance of time step ¢t € T P") to the
grid operator.

The weighted peak-period load of any vector x € R¥eak is calculated
as:

0
Peighted(X) = Z wW? - x(t)- At 14)
teT;:;z

Using this, we define the set of feasible scenarios F(4:0) ¢ §-d.0) a5
those that reduce the weighted power score relative to the current-day
profile:

h,d,0) _ h.,d,0 h.d.0 (h,0)
F( ) = {ss € S( ) | Pweighted(s( )) < Pweighted (punder-study-day) }

(15)

This condition ensures that only those scenarios that reduce peak-
period demand in a time-sensitive manner are selected for further
analysis. This enables the discovery of subtle yet meaningful demand-
side flexibility options that may be overlooked by aggregate energy
comparisons. The resulting feasible scenario set 749 serves as the
foundation for constructing user-specific flexibility scenarios, which are
explored in Section 2.7

2.7. Aggregating feasible scenarios

Having identified the set of feasible flexibility scenarios for each
household under each peak threshold, the aggregated flexibility poten-
tial across the full population can be calculated by combining feasi-
ble household-level scenarios into community-wide load profiles. This
aggregation enables the evaluation of system-level demand shaping
under various combinations of user behavior, thereby bridging the gap
between local flexibility and operational planning.

For each h, we select one scenario ¢ € F49 and construct an
aggregated peak load vector by summing the selected scenarios across
all users:

H
Pl = " 16)

The total number of possible aggregated scenarios grows rapidly
with the size of F»49. Specifically, if each of the H households has
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ny, feasible scenarios, the total number of unique combinations is given
by:
H
Néiinbinations = th ar
For large—scazle datasets, we adopt a bounded aggregation strategy

to explore representative extremes of the flexibility space. In particular,
we construct two boundary cases:

» High Flexibility Scenario (HFS): For each household, the sce-
nario that yields the lowest weighted peak-period demand is
selected.

» Low Flexibility Scenario (LFS): For each household, the sce-
nario closest to the current-day profile (i.e., minimal deviation)
is selected.

These two cases form upper and lower bounds on the aggregate
flexibility impact for a given threshold. The HFS captures the most
aggressive demand reshaping achievable under behaviorally feasible
conditions, while the LFS reflects a conservative estimate rooted in
minimal behavioral disruption. The resulting profiles are then used in
the subsequent section.

2.8. Aggregated flexibility scenario evaluation

To move beyond identifying when demand can be shifted, DSM re-
quires a detailed understanding of how different behavioral alternatives
compare in terms of feasibility, cost, and system value. For each pair
(h, Py), we define the flexibility scenario matrix F¢?. Each column of
this matrix corresponds to an aggregated flexibility scenario, while each
row represents a distinct evaluation metric. The four metrics used in
this work are introduced below.

Peak load reduction: This metric quantifies the reduction in system
peak demand under scenario 0:

AP = max PO (1) - max P (0). (18)

Average scenario probability: The behavioral plausibility of a sce-
nario is measured through the mean historical occurrence probability
of its selected household scenarios:

20 — Wy
Tagg = Z (19)
Average behav1oral deviation: To assess how strongly a scenario de-

viates from observed load profiles, we compute the average Euclidean
distance:

5O _

(h) (h,0)
agg ¢

- Pcurr

(20)

Aggregated cost: System -level electricity cost under a dynamic pric-
ing signal A(¢) is computed as:

6 6
Cio = z M) - PRL() - At (21)
te T(Pg)
peak

2.9. Implementation and dataset-specific strategy

The proposed methodology was applied to two different datasets.
The first dataset is the publicly available data of the Pecan Street
project (Pecan Street, 2025). The dataset contains data from 25 res-
idential households at a 15-minute resolution in Austin, Texas (USA).
The other dataset is the Ausgrid dataset, which includes 300 residential
households in and around Sydney, Australia, with a 30-minute resolu-
tion (Ausgrid, 2025). Each of these datasets, based on its size, is used
for a different purpose in the validation of the proposed framework.

The Pecan Street dataset is used to implement and evaluate the full
methodological pipeline. Due to its limited size, it enabled an exhaus-
tive analysis in which all possible combinations of feasible household
scenarios were generated and evaluated. With this analysis, the entire
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flexibility space is explored, and the impact of any joint scenario is
assessed across the community. However, this exhaustive approach
becomes computationally intractable for larger datasets due to the
exponential growth in scenario combinations.

To address scalability, the Ausgrid dataset is used. In this case, we
adopted a simplified aggregation strategy that avoids full combinato-
rial evaluation. For each threshold, two boundary-case aggregate load
profiles (LFS and HFS) are considered, as explained in Section 2.7.

All computations were carried out on a standard workstation with
an Intel(R) Core(TM) i7-1255U processor (10 cores, 12 threads), 16 GB
of RAM. No GPU acceleration was used.

3. Results

In this section, we first use the Pecan Street dataset to demonstrate
the model’s performance across the initial six steps of the framework.
Due to the limited size of the Pecan Street dataset, its results mainly
serve as a proof of concept. In contrast, the Ausgrid dataset provides a
larger sample, better reflecting the types of datasets energy aggregators
would typically work with in real-world applications. Therefore, we
base our main results and the extended analysis in step seven on the
Ausgrid dataset, as it allows for a more realistic evaluation of the
model’s performance in practical scenarios.

3.1. Overview of the model performance across steps

Fig. 3 illustrates the outputs from the first six steps of the frame-
work. It presents the results for a summer day, for four randomly
selected users. The figure shows the identified flexibility scenarios
under three different peak thresholds.

Step 1 illustrates the result of first-stage clustering. For each of the
four selected households, the colored lines correspond to the cluster
centroids ﬂg'), which represent typical daily consumption patterns from
the household’s historical data. The number and shape of clusters vary
across households, showing the behavioral diversity. Household 8156
displays six distinct profiles with a wide range of peak times and
durations. Some clusters (e.g., 4 and 5) show sharp evening peaks,
while some clusters (e.g., 0 and 3) show a longer peak duration.
Additionally, smoother demand profiles are observable either during
specific time windows or throughout the day (e.g., cluster 1). House-
hold 9922 has only three clusters, with less variation in shape and peak
timing. This suggests more stable daily patterns, potentially indicating
consistent occupancy and appliance usage. Household 4767 exhibits six
distinct clusters, ranging from extremely peaky behaviors (e.g., clusters
0 and 2) to low, flat-load profiles (e.g., cluster 4). Household 5746
has five distinct clusters, with progressive increases in peak demand.
The clusters are smoother and show shifts in overall consumption
level rather than timing, indicating load volume rather than schedule
changes as the main driver of variability. These cluster labels serve
as behavioral signatures that condition subsequent flexibility analyses.
By anchoring later steps in profile types, the flexibility analyses are
interpreted relative to each household’s behavioral context.

Step 2 illustrates the threshold-range-based peak detection approach
applied to the aggregated load profile. Each subplot shows the same
daily load curve with a different horizontal line representing a selected
power threshold Py, ranging from P, = 220kW to P, = 340kW.
In our model (for the Pecan Street dataset), the peak threshold step
size is set to 10 kW. However, for clarity, Fig. 3 includes only three
example thresholds. These thresholds span from a conservative value
to a critical upper bound. According to the selected threshold, the peak
window T;:Zl)( is identified. As P, increases, the peak period narrows in
duration.

At the low threshold of P, = 220kW, the peak window spans
from 12:00 to 23:00. For the intermediate threshold P, = 280kW,
the peak window spans from 14:45 to 21:00. At the high threshold
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of Pyjgn = 340kW, a narrow peak window from 16:45 to 19:30 is
identified.

Step 3 shows the result of assigning the under-study load profile to a
specific cluster for each household. This step enables the identification
of flexibility scenarios based on historically similar usage patterns. Each
graph displays the load profile of a selected household for the under-
study day (red line), the most similar cluster centroid to that profile
(solid colored line), and all other cluster centroids (gray dashed lines).
The peak windows corresponding to the three studied thresholds are
also shown on the same graph with yellow color. In several cases
(e.g., households 8156 and 4767), the under-study profile aligns closely
with one of the cluster centroids, indicating a typical or recurring pat-
tern. In contrast, some households, such as 9922, exhibit more distinct
under-study profiles that deviate from previously observed behavior.

Step 4 in the figure visualizes the result of clustering each house-
hold’s historical demand in the peak window T(:Zl)( (conditioned on the
historical days that were assigned to the same cluster selected in the
previous step). This enables the identification of user-specific flexibility
scenarios during the peak period grounded in actual past behavior.
The under-study day profile of the household during the peak window
p(:l'lfr'g), shown by the red line, is illustrated with the full set of peak
clusters S"»49 represented by dashed lines. In most cases (except for
household 5766 when P, = 340kW), the historical peak demand is
represented by two clusters. Moreover, changing P, alters the set of
identified clusters, as the corresponding peak window shifts.

Step 5 visualizes the process of identifying feasible shifting scenar-
ios. As explained in Section 2.6, a time-weighted evaluation is used to
select among the candidate scenarios identified in the previous step.
As shown in Fig. 3, it is possible for a feasible scenario to have higher
power consumption at certain time steps (specifically at the beginning
and end of the peak period), as long as it lowers demand during the
most critical time steps. This reflects the model’s ability to shift demand
rather than simply shaving it. In most cases, there is one feasible
flexibility scenario to which the user can switch. Exceptions include
Household 9922 at P, = 340kW, which has two possible scenarios,
and Household 5746 at P, = 280kW, where no feasible scenario is
found, since the peak demand of the under-study day is already lower
than that of all candidate scenarios. These results highlight that the
flexibility potential varies across households, depending on both their
consumption patterns and the selected peak threshold.

The final Step 6 in our framework aggregates household-level flex-
ibility into aggregated demand scenarios by combining the flexibility
scenario sets 79 across all households, for each peak threshold. For a
given threshold P, the number of aggregated scenarios is the product
of the number of feasible options per household. This number varies
substantially across threshold levels. For instance, lower thresholds
tend to define broader peak periods with more flexibility potential. The
total number of combinations at the lowest threshold is 1440, at the
medium threshold is 576, and at the highest threshold is 128.

Due to the exponential growth of possibilities with household count,
full analysis becomes computationally intensive, especially when simu-
lating large communities. To make the analysis tractable while preserv-
ing key insights, as explained in Section 2.9, we used the two boundary
cases HFS and LFS for further analysis, which will be explained in the
next session.

3.2. Aggregated demand scenarios across thresholds

In this section, the aggregated impact of household flexibility is
explored by comparing two extreme scenarios (HFS and LFS) across a
range of peak thresholds. To this end, the model is applied to the Aus-
grid dataset. This subsection, along with the following ones, presents
the results for a representative day in winter. At the lower bound of
the threshold range, P, = 440kW, the resulting peak window spans
from 07:00 to 23:30. At the upper bound, P, = 1080kW, the peak
window narrows to just 30 min, from 17:15 to 17:45, capturing only the
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Fig. 3. Overview of the methodological pipeline applied across selected households for the Pecan Street dataset. The analysis is based on 15-minute resolution

data. See the text for detailed explanations.

sharpest segment of the evening peak. For each intermediate threshold
value P,, the threshold is increased by two units at a time. However, if
a new threshold yields the same peak window as the previous one, it is
skipped. In total, this process resulted in 62 unique threshold values
being evaluated for the selected day. Fig. 4 presents the aggregated
demand for the two flexibility scenarios across these peak thresholds.
The top panel in Fig. 4(a) shows a wide spread in the colored
demand curves under HFS. This shows a considerable variation in the
aggregated demand depending on the threshold level, particularly at
narrower peak periods. The greatest gap between the colored lines
and the baseline appears to occur at Pg, = 1080kW, suggesting that
with an increase in peak threshold (shorter duration of change in the
behavior), more peak reduction can be achieved. In contrast, the top
panel in Fig. 4(b), representing LFS, shows a much narrower band of
colored lines. These lines mostly follow the shape of the black curve,

10

with only minor downward deviations. This indicates that under the
LFS, aggregated demand remains closer to the original baseline, even
when threshold settings change. While some thresholds result in minor
reductions during narrower peak periods, the effect is considerably
smaller than in the HFS.

Turning to the heatmaps in the lower panel of Fig. 4(a) again
displays more structural changes in demand. A vertical band of lower
demand emerges between approximately 17:00 and 19:30, particularly
for thresholds above 1030 kW. This region represents the most effective
demand shifting. The blue zone extends more broadly for lower thresh-
olds, indicating that longer peak windows allow households more time
to shift their load, resulting in lower demand over a broader portion
of the day. It is also noteworthy that as the threshold decreases, the
corresponding peak window expands, eventually encompassing a large
share of the daily load profile. While this broader window captures
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Fig. 4. Aggregated demand under two boundary scenarios for a winter day. (a) HFS. (b) LFS. Top: Overlaid load curves for different peak thresholds. The black
line represents the baseline demand on the selected day. Bottom: Heatmaps of aggregated demand as a function of time and threshold.

more time intervals where load shifting is technically feasible, the result
is a dispersion of flexibility across too many time steps. Consequently,
the potential for concentrated demand reduction during system-critical
periods diminishes. Although total energy shifted may increase slightly,
the effectiveness of flexibility in mitigating sharp peaks plateaus. This
issue is discussed in more detail in Section 3.3. In contrast, the heatmap
in the lower panel of Fig. 4(b) remains predominantly in the red-orange
color range, especially during the late afternoon and early evening
hours. As mentioned before, this subplot also confirms that demand is
largely unchanged despite variations in the threshold.

Another notable contrast between HFS and LFS lies in the temporal
profile of demand reduction. In the HFS, the flattening effect occurs
predominantly during the central peak hours, while in the LFS, the
overall load shape is preserved and only marginal shifts occur. Besides,
in the lower panel of Fig. 4(a), a triangular zone of reduced demand
can be observed that is aligned with the peak, while the lower panel
of Fig. 4(b) shows only a gradual softening of demand at the edges of
the peak period. This implies that the aggregated benefit of flexibility
is maximized when user-level shifts are concentrated during the most
critical timeframes.

Another distinction between the two scenarios is that in HFS, the
presence of diverse flexibility resources facilitates not only the shaving
of peak demand, but also the redistribution of load to less critical hours.
This is evident from the lighter blue and yellow tones appearing outside
the critical peak periods, particularly under intermediate threshold
levels, suggesting that demand is not merely curtailed but actively
shifted across time. In contrast, the low flexibility scenario (Fig. 4(b))
exhibits a more constrained pattern of flexibility utilization. Here, the
reductions in demand are concentrated around the peak hour, with
little change in demand outside that interval.

In summary, while both scenarios show consistent structural behav-
iors in response to varying thresholds (e.g., the timing of the critical
peak, the duration of the peak period, and the direction of demand
reshaping), the extent of demand reduction is significantly higher in the
HFS. In the next section, the result of the model for reducing maximum
demand is analyzed in more detail.

11

3.3. Peak period sensitivity and flexibility envelope

Fig. 5 illustrates the peak period sensitivity and the flexibility
envelope boundaries across varying threshold values P,. The x-axis
represents the duration of the detected peak period D, in minutes,
ranging from 30 to 990 min, while the y-axis shows the power level
in kilowatts. The dashed black line denotes the dynamic threshold P,,
which decreases as longer peak durations are considered. The blue line
shows the maximum aggregated demand observed in the HFS, while the
purple line represents the minimum LFS across different thresholds.

Three distinct regions can be observed, separated by the position of
the threshold compared to the envelope boundaries defined by HFS and
LFS. In the green window, where LFS_ .. < Py, the threshold lies above
the LFS, meaning that users can remain within their low-flexibility
bounds without violating the peak constraint. It is noteworthy that in
this window, the maximum demand for HFS shows a gradual increase
from 647 kW to 728 kW, while the LFS remains relatively flat around
910 kW.

In the orange-shaded region, where HFS_,, < P, < LFS_,, the
threshold lies between the bounds of the two scenarios and demand
flexibility becomes more constrained. The HFS curve rises at a faster
rate in this window, and the LFS curve also starts increasing more
notably.

In the red-shaded region, where P, < HFS ., the threshold lies be-
low both flexibility bounds. This condition enforces stricter constraints
on all users, requiring more significant modifications in demand pro-
files to meet the threshold requirement. Accordingly, the gap between
the HFS and LFS curves narrows, and both curves show a converging
trend. The HFS curve continues its upward trend, reaching 859 kW,
while the LFS curve steadily increases approximately to 961 kW.

Fig. 5 provides critical insight into how the maximum demand
level evolves under different peak period configurations. The observed
trend indicates that, while shorter peak durations enable substantial
maximum demand reductions, this potential diminishes with longer
durations. Therefore, this figure illustrates the feasible region for peak
demand targets under varying operational constraints. It is important to

note that this analysis was performed only once, without separating the
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Fig. 5. Aggregated maximum demand across varying peak period durations. The blue line shows the maximum demand in the HFS, while the purple line indicates
the maximum demand in the LFS. The black dashed line represents the dynamic threshold level P,. Shaded regions denote three threshold selection regimes:
green (both scenarios satisfy the threshold condition), yellow (only the high flexibility scenario satisfies the threshold), and red (neither scenario satisfies the

threshold).

HFS and LFS. Since inflexibility is defined based on the feasibility of the
flexibility scenario’s existence per user and threshold, it is determined
independently of which boundary scenario is considered.

3.4. User-level inflexibility patterns

Understanding the distribution of inflexibility across users is key to
designing effective demand response strategies and characterizing the
limits of household adaptability. This section investigates individual
user behavior across varying peak thresholds, focusing on how often
each user is classified as inflexible within the 62 evaluated thresholds.
A user is defined as inflexible at a given threshold if no feasible shifting
scenario exists for that user under the corresponding peak window.

Fig. 6 shows a histogram of users categorized by how many times
they are identified as inflexible across all 62 thresholds. The x-axis
groups users into three inflexibility frequency bands: 0-20, 21-41, and
42-62. The largest portion of the population (over 200 users) is in
the 0-20 category, indicating that most users are only occasionally
inflexible. This suggests a generally high level of flexibility in the
system, with many users capable of adjusting their demand under most
threshold conditions. However, 52 fall into the 42-62 range, meaning
that about 17% of households are unable to provide flexibility in most
cases and can be considered as a limitation for the system.

While the histogram provides an aggregate perspective, Fig. 7
presents the same ranges dynamically across increasing threshold lev-
els. As the threshold value rises from 440 kW to 1080 kW, the number
of users in each inflexibility band varies.

The trends remain relatively stable for all ranges up to a threshold
of 900 kW. Beyond 900 kW the number of inflexible users in the
most flexible category (0-20) begins to increase, while the number
of users in the most inflexible category (42-62) decreases. The in-
termediate group (21-41) remains largely constant throughout. This
behavior indicates that user-level flexibility is not static; users may
transition between inflexibility categories depending on the level of the
threshold. In particular, higher thresholds appear to enable a subset of
previously inflexible users to become flexible, and vice versa. Despite
these category shifts, the total number of inflexible users (i.e., the sum
across all three ranges) remains relatively stable across all thresholds,
ranging between 65 and 77 users, with an average of 71. This implies
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that while the composition of inflexible users changes, the aggregate
inflexibility level of the system remains largely constant.

3.5. Aggregated flexibility capacity and peak reduction potential

In this section, the aggregated flexibility capacity and the resulting
peak demand reduction are investigated across different peak period
durations and flexibility scenarios. Fig. 8 summarizes these results by
jointly presenting the aggregated flexibility capacity (left axis, in kW)
and the peak demand reduction (right axis) as functions of the peak
period duration.

Fig. 8 illustrates two key outcomes across increasing peak period
durations: the total aggregated flexibility capacity and the correspond-
ing peak demand reduction. In both scenarios, the capacity increases
as the peak period duration lengthens. This is expected, as a longer
peak window contains more time steps in which flexible load can
be activated. In the HFS, the aggregated flexibility capacity increases
from 879 kW at the shortest duration of 30 min to 11,665 kW at the
maximum duration of 990 min. A similar trend, though at a consistently
lower magnitude, is observed in the LFS, where the capacity grows from
350 kW to 6254 kW across the same duration range.

In contrast, the peak demand reduction exhibits a decreasing trend
as the peak period expands. In the high flexibility scenario, the initial
reduction reaches 435 kW for the shortest window but declines to
223 kW for the longest duration. The low flexibility scenario shows a
similar pattern, decreasing from 172 kW to 121 kW.

Comparing the two scenarios, the high flexibility setting consis-
tently outperforms the low flexibility case in both aggregated flex-
ibility capacity and peak demand reduction. The gap between the
scenarios is most pronounced for shorter peak durations (e.g., below
300-500 min), where concentrated flexibility within a narrow window
enables highly effective peak shaving. As the peak period becomes
longer, however, the available capacity must be distributed over a
wider interval, reducing its instantaneous impact and flattening the
peak shaving effect.

These patterns indicate that the system’s ability to reduce peak
load is governed not only by the total available aggregated flexibil-
ity capacity but also by its temporal alignment with the peak inten-
sity. This highlights the importance of selecting an appropriate peak
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period duration to balance flexibility utilization and peak reduction
performance.

3.6. Cost analysis

This subsection examines the economic implications of flexibility
activation by evaluating how reshaped load profiles translate into cost
savings under dynamic pricing. While previous analyses focused on
aggregate demand, flexibility volumes, and peak reduction potential,
here we assess the resulting electricity costs under varying peak period
durations.

Fig. 9 presents the aggregated cost outcomes for both high and low
flexibility scenarios across varying peak durations. The figure uses two
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vertical axes: the left axis displays the total daily electricity cost during
the peak period in euros, while the right axis shows the percentage
reduction relative to the under-study day. The green and brown lines
represent the costs of the HFS and LFS, respectively, while the blue line
shows the baseline cost of the original profile. Shaded regions indicate
the cost difference between each scenario and the benchmark, and the
lines with triangle markers denote the relative cost savings.

As the peak period duration increases, the absolute cost of both
flexibility scenarios rises steadily, reflecting the expansion of the peak
window. The HFS consistently achieves greater cost reductions, reach-
ing 41% for the shortest durations and decreasing to 23% for the
longest. In contrast, the LFS yields smaller savings, starting at 16% and
gradually declining to 12%.
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The widening cost gap between the HFS and LFS for longer peak
windows highlights the added value of behavioral diversity and ex-
tensive shifting capacity. However, the narrowing percentage gap in
cost savings indicates diminishing marginal returns when extending
the peak window, suggesting that economic benefits saturate beyond
a certain point.

3.7. Behavioral plausibility analysis

This subsection evaluates the behavioral feasibility of the flexibility
scenarios by examining two metrics: the average scenario probability
and the average behavioral deviation across the 62 evaluated peak
thresholds. Fig. 10 reports these two indicators, with solid lines rep-
resenting average scenario probability (left axis) and dashed lines
representing average deviation (right axis). Green curves correspond
to the HFS, while red curves correspond to the LFS.

The HFS shows a higher average probability in most peak durations,
along with a consistently larger behavioral deviation. The average
probability in the HFS increases from 0.63 at a 30-minute window to
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0.69 at 990 min, with a more pronounced rise in mid-range thresholds
(500-880 min).

The LFS exhibits a different dynamic: although it starts at a higher
probability (0.66), its probability fluctuates notably, dipping to around
0.62 in several intervals (e.g., 400-600 min). This variability indicates
that no universal trend describes how scenario probability evolves
with changing peak duration; instead, it is highly situation-specific and
depends on the structure of each household’s consumption profile.

Behavioral deviation further differentiates the two scenarios. In the
HFS, deviation begins around 4 kW and increases to nearly 39 kW,
reflecting the substantial shifts required to meet peak reduction targets
under longer windows. In the LFS, deviation is lower (2-21 kW) and
grows more gradually.

Taken together, the cost and behavioral plausibility analyses under-
score the complex trade-offs involved in designing effective flexibility
scenarios. While longer peak periods tend to offer greater flexibility
capacity, and in this case, slightly improved behavioral alignment
(particularly under HFS), they also result in increased deviation from
typical user behavior and diminished marginal economic returns. The
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observed variability in scenario probability emphasizes that behavioral
feasibility cannot be assumed to follow a consistent trend across all
thresholds or households. Instead, it depends on how well specific
scenario configurations align with historical usage patterns at the indi-
vidual level. These findings suggest that flexibility interventions must
be tailored not only to system-level goals such as peak reduction and
cost savings but also to the diverse behavioral profiles of end-users.

4. Discussion

This study introduced and validated a modular, multi-stage frame-
work for analyzing residential DSF using only standard smart meter
data. The results show that: First, the structure of user demand (cap-
tured via the two-stage clustering approach) significantly affects the
feasibility and diversity of flexibility scenarios. Across the evaluated
peak thresholds, the HFS consistently achieved substantially higher
peak shaving, with reductions in maximum aggregated demand on
the order of 220-430 kW, compared to 90-180 kW under the LFS
(Fig. 5). In parallel, the aggregated flexibility capacity under HFS was
approximately twice that of the LFS for most peak period durations,
ranging from about 1-12 MW for HFS compared to 0.5-6 MW for
LFS, indicating a markedly larger pool of deployable flexibility (Fig.
8). These system-level gains translated into stronger economic bene-
fits, with relative cost reductions of approximately 23%-41% for HFS
compared to 12%-16% for LFS across peak period durations (Fig. 9).
However, these improvements came at the cost of increased behavioral
deviation, which rose to approximately 4-39 kW for HFS, compared to
2-21 kW for LFS (Fig. 10), revealing a clear and systematic trade-off
between behavioral adherence and achievable system benefits.

Second, the analysis across 62 dynamic peak thresholds demon-
strated that the definition of peak periods has a critical impact on
all dimensions of flexibility. Shorter peak windows enabled substantial
reductions in maximum demand that were feasible under both HFS
and LFS, indicating operating regimes where peak constraints can be
met without requiring pronounced behavioral deviation. As the peak
window expanded, meeting the same threshold became feasible only
under the HFS, while the LFS increasingly violated the constraint,
reflecting a growing reliance on more behaviorally demanding adjust-
ments. Beyond a critical peak duration, the threshold fell below the
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flexibility envelope of both scenarios, rendering peak reduction infea-
sible regardless of scenario choice. This progression highlights how
peak period design governs not only the magnitude of achievable peak
shaving, but also the boundary between feasible, selectively feasible,
and infeasible system targets, as captured by the flexibility envelope.

Third, household-level flexibility is both heterogeneous and strongly
context-dependent. While most users exhibit some degree of adaptabil-
ity under certain peak definitions, a persistent minority of households
(approximately 17%) remains inflexible across the majority of evalu-
ated thresholds, effectively setting a hard lower bound on achievable
system flexibility. Importantly, the classification of users as flexible or
inflexible is not fixed: users transition between inflexibility categories
as peak period duration and threshold levels change, even though
the total number of inflexible users remains relatively stable. This
indicates that residential flexibility is not a binary attribute, but a
conditional and scenario-dependent property that emerges from the
interaction between user behavior and system constraints. By capturing
these dynamics explicitly, the proposed framework enables a more
nuanced identification of structurally limiting users, supports scenario-
level prioritization, and allows system operators to distinguish between
inherent inflexibility and threshold-induced infeasibility.

4.1. Interpretation and implications

From a grid operator’s perspective, the suggested framework in this
study provides a concrete tool for quantifying and ranking flexibility
options. The flexibility scenario matrix developed in this study enables
an operational interpretation of user flexibility by integrating multiple
evaluation dimensions at the community level (possible flexible load
shapes, maximum demand, peak shaving possibilities, available flexi-
bility, and cost) and household level (potential for providing flexibility,
behavioral deviation, and probability). This multi-dimensional evalu-
ation can support more informed decision-making when it comes to
selecting which users to engage, what level of flexibility to request,
and accordingly how to structure financial or behavioral incentives.
Grid operators can assign different weights to each metric depend-
ing on their operational priorities to derive context-specific flexibility
strategies. The model also facilitates sensitivity testing with respect
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to peak thresholds, enabling grid operators to fine-tune peak duration
definitions in ways that optimize effectiveness without imposing undue
burden on households. Besides, the HFS and the LFS bounds intro-
duce an area for which a balance between ambitious to conservative
system-level gains can be expected.

For real-world applications, one of the most relevant findings is the
uneven distribution of flexibility across the population and the dynamic
nature of user adaptability, which suggests that one-size-fits-all DSM
strategies may be inefficient or even counterproductive. Personalized
or localized scenario design becomes essential, not only to respect
user constraints but also to unlock hidden flexibility in segments of
the population that may otherwise appear static under conventional
analysis.

Another contribution of this study is its treatment of behavior
change as a continuous, scenario-based process rather than a discrete,
single-moment shift. Instead of assuming a binary transition from one
load profile to another, the framework explores a range of historically
grounded, behaviorally plausible alternatives. This approach makes the
trajectory of behavior change traceable over time. One key advan-
tage of this view is that it enables a more nuanced understanding
of user adaptation. Moreover, this continuous framing helps prevent
the emergence of unintended secondary peaks, which can arise when
demand is simply shifted from one point in time to another. Therefore,
the framework supports smoother transitions and more distributed
adjustments, reducing the risk of rebound effects and ensuring grid
stability.

An important practical consideration in applying this framework is
its computational scalability, particularly given the multi-stage archi-
tecture and the large number of household-specific operations. In the
most exhaustive setup (as explained in Section 3.1), the number of
community-level scenario combinations grows exponentially with the
number of users who have multiple feasible options. For instance, even
with 25 households and an average of two feasible scenarios per user,
the total number of joint configurations can reach 2%°. To manage this,
we used full combinatorial analysis only on small datasets (e.g., Pecan
Street) and applied bounded aggregation rules on a larger dataset,
which includes 300 households, and 62 peak thresholds are consid-
ered for analysis. Runtime for evaluating all users’ scenarios averaged
20 min per peak threshold, while aggregate scenario construction under
bounding rules required one minute per threshold. The model is also
highly parallelizable, as steps 1 to 4 can be performed independently for
each household. Thereby, the methodology is computationally feasible
for real-world applications.

When viewed in the context of existing residential DSM literature,
the results of this study highlight several distinctions. Many prior ap-
proaches rely on fixed peak definitions, appliance-level controllability
assumptions, or static user classifications derived from daily load clus-
tering. While such methods provide useful segmentation insights, they
often obscure how flexibility feasibility evolves under changing system
conditions. By contrast, the proposed framework demonstrates that
flexibility emerges as a conditional and threshold-dependent property,
shaped jointly by user behavior and system-level peak characteristics.
The identification of flexibility envelopes, feasibility regimes, and a
persistent yet shifting subset of inflexible users extends beyond con-
ventional clustering-based DSM approaches, offering a system-relevant
and behaviorally grounded perspective on residential demand-side flex-
ibility using only standard smart meter data.

The results of this study are useful for several stakeholders in the
energy system. Most importantly, grid operators can use the proposed
framework to identify, quantify, and prioritize demand-side flexibility
under different peak conditions. Specifically, it can support operational
decision-making for congestion management and the design of targeted
demand response programs. In addition, policymakers and market
designers working on the development of incentive mechanisms can
benefit from these results, as they provide insights into how flexibility
varies across users and conditions.
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4.2. Methodological considerations and future directions

The proposed framework offers several methodological strengths
that make it a robust tool for household flexibility assessment. Its
stepwise design (from clustering to scenario evaluation) is highly in-
terpretable. Besides, the approach is adaptable across datasets with
different household counts and consumption patterns, suggesting gen-
eralizability to other contexts. Its modular structure also enables cus-
tomization of threshold strategies, evaluation criteria, and aggregation
rules, supporting integration with diverse DSM schemes.

Compared with similar clustering-based studies, this study extends
the literature in important ways. Previous studies use clustering to
segment users or classify daily load profiles, often relying on fixed peak
definitions and failing to explicitly quantify flexibility in operational
terms (Wen et al., 2023; Czétany et al., 2021; Michalakopoulos et al.,
2024; Pelekis et al., 2023; Meng et al., 2023). In such approaches,
cluster membership is typically used as a proxy for flexibility potential,
without evaluating the feasibility, likelihood, or system impact of al-
ternative consumption patterns (Wen et al., 2023; Czétany et al., 2021;
Pelekis et al., 2023; Meng et al., 2023). A first key distinction lies in
the ability to quantify flexibility directly from standard smart meter
data. While many existing approaches either rely on high-resolution
measurements, appliance-level disaggregation, or supplementary sur-
vey data (Chen et al., 2022; Ramnath et al., 2022; Papageorgiou et al.,
2025), the proposed framework demonstrates that meaningful flexibil-
ity indicators can be extracted from commonly available data. A second
distinction is the representation of flexibility as a set of behaviorally
feasible scenarios derived from historically observed consumption pat-
terns. In contrast to conventional methods that assign static flexibility
labels or rely on representative load profiles (Wen et al., 2023; Czétany
et al., 2021), the proposed framework captures intra-user variability
and preserves behavioral realism. A third contribution is the use of a dy-
namic threshold range to define peak periods. Existing studies often rely
on fixed peak windows or cluster-dependent peak definitions, which are
not directly linked to system-level conditions (Michalakopoulos et al.,
2024; Oguz et al., 2023). By contrast, the proposed approach explicitly
connects peak identification to aggregated demand, allowing the anal-
ysis of how flexibility changes under different system stress levels and
enabling a more system-relevant evaluation. Finally, the framework
introduces a multi-criteria evaluation of flexibility scenarios that jointly
considers peak reduction, behavioral deviation, scenario probability,
and cost. While previous studies typically focus on a single objective
(such as peak shaving (Wen et al., 2023)) or cost minimization (Meng
et al., 2023), this approach reveals the trade-offs between technical
effectiveness and behavioral feasibility, providing a more comprehen-
sive basis for decision-making. Nevertheless, several limitations and
assumptions should be acknowledged. The entire framework relies
on the assumption that historically observed consumption behaviors
provide a valid basis for constructing future flexibility scenarios. This
assumption underpins not only the estimation of scenario probabilities,
but also the identification of feasible load shapes. While this allows the
model to operate without requiring intrusive sensing or forecasting,
it may not always hold in the short term, particularly in contexts
where household behavior is evolving due to changes such as new
technologies, dynamic pricing schemes, or shifting social norms, or
where underlying drivers of consumption (e.g., occupancy patterns or
appliance-level usage) are not explicitly captured. However, the model
is designed to adapt: as new behaviors become more frequent and
are captured in the historical dataset, they are gradually incorporated
into the clustering and scenario construction process. Furthermore,
although the model can generate all feasible scenario combinations,
computational limitations make full enumeration infeasible for large
communities, and scalable optimization or approximation methods may
be required.

Future research could extend the framework in several directions.
First, incorporating an adaptive incentive system that targets users
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individually (based on their historical patterns and flexibility potential)
would enhance the responsiveness and effectiveness of DSM strategies.
Such a system could iteratively adjust incentive levels in response to
user engagement, helping to align flexibility targets with actual user
preferences and constraints. Second, integrating real-time user feed-
back would improve the behavioral plausibility of scenario selection
by reducing dependence on historical proxies. To support real-time
applications and larger populations, future work could also explore
optimization strategies such as reinforcement learning, which can help
balance competing goals like cost minimization, peak shaving, and
users’ behavior deviation. Finally, the current implementation does
not explicitly model flexible appliances such as heat pumps, home
batteries, or electric vehicles. Incorporating these technologies into
the framework (with properly decided assumptions) would extend its
relevance to increasingly electrified households and allow for more
comprehensive modeling of residential flexibility potential.

Overall, the proposed framework offers several advantages, includ-
ing its data-driven nature, its reliance only on standard smart meter
data, its ability to represent flexibility through behaviorally grounded
scenarios, and its modular and scalable structure. At the same time,
it has several limitations. These include its dependence on histor-
ical consumption patterns, the absence of explicit modeling of un-
derlying behavioral drivers and emerging flexible technologies, and
computational challenges associated with large-scale scenario aggre-
gation. These shortcomings can be addressed through the integration
of additional contextual data sources, the incorporation of adaptive
or learning-based methods, and the development of more scalable
optimization or approximation strategies, as discussed above.

5. Conclusions

This study introduced a modular, data-driven framework for eval-
uating residential demand-side flexibility using only standard smart
meter data. By combining behavioral clustering with dynamic, system-
level peak detection, the framework enables the identification of fea-
sible flexibility scenarios and the quantification of both user-level
and aggregated system impacts without relying on intrusive end-use
modeling or strong controllability assumptions. The results demonstrate
that demand heterogeneity plays a central role in shaping flexibility
outcomes: high-flexibility scenarios enable substantially larger peak re-
ductions and economic benefits, while low-flexibility scenarios provide
more conservative but behaviorally stable contributions.

Across the evaluated peak definitions, aggregated peak load reduc-
tions ranged from approximately 16%-40% under short peak windows,
where reductions are temporally concentrated, to 8%-20% under long
peak windows, where flexibility is distributed over a longer duration,
highlighting the strong dependence of achievable peak shaving on peak
period design. At the same time, the analysis revealed that flexibility
is inherently conditional on system constraints rather than a fixed
household attribute. The identification of flexibility envelopes, feasi-
bility regimes, and a persistent minority of structurally inflexible users
highlights both the opportunities and the limits of residential flexibility
under realistic operating conditions.

From an operational perspective, the framework can be directly
integrated into distribution system operator workflows, supporting con-
gestion management, day-ahead demand response planning, and the
formulation of quantified, scenario-based inputs for flexibility mar-
ket participation. The results further suggest that effective demand
response programs should move beyond one-size-fits-all designs, in-
stead combining broad, low-deviation participation from the majority
of households with targeted, incentive-driven engagement of high-
flexibility users to unlock larger system-level benefits.

Overall, the proposed framework provides a scalable and oper-
ationally relevant approach for translating residential consumption
data into actionable flexibility insights, supporting more informed grid
planning, user-centric demand response design, and the development
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of flexibility-oriented market mechanisms. This work opens several
directions for future research. These include incorporating adaptive,
user-specific incentive mechanisms based on the outputs of the pro-
posed framework, integrating real-time user feedback to enable real-
time applications, and developing optimization approaches to balance
competing objectives such as cost, peak reduction, and behavioral
deviation.
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