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Existing bilevel optimization frameworks for residential demand response assume known household flexibility
characteristics, limiting their applicability to real-world portfolios where flexibility is estimated from consump-
tion data. This paper develops a data-driven bilevel framework that addresses both challenges: estimating
flexibility from smart meter data and optimizing aggregator-household coordination under behavioral uncer-
tainty. The estimation component applies an appliance-agnostic decomposition to 15-minute resolution data,
extracting flexible loads without requiring device-level metering. These estimates feed into a Stackelberg game
where the aggregator optimizes flexpoint-based rewards and households respond by scheduling flexible con-
sumption. The framework captures behavioral heterogeneity by distinguishing automated households providing
deterministic responses from manual households exhibiting probabilistic participation with willingness decay.
Simulation across 12 German households over 364 days enables 20.7 MWh of shifted load, generating 1029
EUR in cost savings. For this portfolio, participation frequency drove economic performance more strongly
than event magnitude, with automated households contributing the majority of total value despite comprising
half the portfolio. The framework provides aggregators with a scalable approach to quantify and coordinate
distributed residential flexibility.

1. Introduction objective of this paper is to develop such a framework, where we model

aggregator-household coordination as a hierarchical optimization prob-

The global energy transition requires all sectors to fundamentally
rethink how energy is consumed and how to achieve deep decarboniza-
tion across the entire energy system. This transformation is particularly
critical in the residential sector, which accounts for 27% of global elec-
tricity consumption [1] and represents a significant untapped resource
for system flexibility [2]. As energy systems evolve toward high re-
newable energy penetration, demand-side flexibility becomes essential
for balancing variable generation and ensuring grid stability [3]. The
residential sector, with its diverse consumption patterns, distributed
energy resources, and growing smart technology adoption [4], emerges
as a cornerstone for achieving both decarbonization objectives and
system flexibility goals through coordinated demand response (DR)
initiatives.

DR programs provide the coordination mechanism for this dis-
tributed flexibility through incentive-based schemes that offer house-
holds financial rewards for shifting consumption away from peak peri-
ods [5]. Effective DR program design requires frameworks that quantify
household flexibility potential while accounting for different types
of households and their corresponding participation behaviors. The
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lem with strategic interactions between actors.

Unlike dispatchable generation, residential flexibility is challenging
to measure directly. While appliance-level submetering would provide
precise flexibility estimates, such instrumentation is rarely deployed at
scale. Non-intrusive load monitoring (NILM) offers an alternative but
typically requires high-frequency sampling rates to detect appliance sig-
natures [6], whereas widely deployed smart meters commonly record
consumption at 15-minute intervals [7]. This necessitates methods
that extract flexibility potential directly from low-resolution aggregate
data. Beyond data resolution, effective DR programs must be inclusive,
accommodating households regardless of whether they have automated
energy management systems or rely on manual participation [8]. Even
with known device portfolios, aggregators must model how their incen-
tives and household responses interact to translate technical capacity
into realized flexibility [9]. The remainder of this paper is structured
as follows. Section 2 reviews flexibility estimation methods, portfolio
aggregation approaches, and bilevel optimization frameworks. Sec-
tion 3 presents the methodology, including smart meter decomposition,
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bilevel optimization framework, and behavioral modeling. Section 4
presents computational results. Section 5 discusses implications for
DR program design. Section 6 concludes with key findings and future
research directions.

2. Literature review

Research on residential flexibility estimation has grown rapidly,
driven by renewable energy integration, smart grid deployment, and
the critical role of demand-side resources in grid stability. However,
significant implementation barriers persist. Parrish et al. [10] system-
atically review residential DR trials and identify barriers to consumer
engagement including perceived risk and control, complexity and ef-
fort, and consumer characteristics, noting considerable variation in
user engagement across programs. Despite these barriers, system-level
benefits justify continued research efforts. Miri and McPherson [11]
demonstrate DR programs deliver flexibility at lower cost than supply-
side solutions, achieving 7.7% avoided wind curtailment and up to 15%
household bill savings in Alberta’s zero-emission power system scenar-
ios. Thrén et al. [12] introduce a levelised cost framework for compar-
ing DR schemes against storage technologies. Their analysis shows that
heat pump-based DR and electric vehicle (EV) smart charging can be
cost-competitive with conventional storage for certain applications.

2.1. Flexibility estimation using machine learning

Advanced data-driven approaches leveraging machine learning have
gained traction for flexibility estimation. Recurrent neural networks
have proven particularly effective. Papias et al. [13] employ Long
Short-Term Memory (LSTM) networks for next-day load variation fore-
casting to construct flexibility baseline loads using real-world prosumer
data. Their subsequent work [14] develops a BiLSTM-based methodol-
ogy achieving R? values exceeding 0.85 for consumption forecasting
and 0.97 for photovoltaic (PV) production across diverse building
typologies in Austria and Ireland. Zhang et al. [15] propose a hybrid
CNN-GRU architecture for building flexibility potential assessment,
incorporating consumer psychology factors into the prediction model.
Addressing prediction uncertainty, Bampoulas et al. [16] develop a
Bayesian deep-learning framework for assessing residential flexibil-
ity with multicomponent energy systems, achieving uncertainty-aware
predictions that capture the stochastic nature of household behavior.
Haapaniemi et al. [17] take an interpretability-focused approach, ap-
plying machine learning and Shapley values to quantify implicit price
flexibility using data from over 6000 customers.

While these data-driven methods demonstrate strong predictive
performance, they primarily focus on forecasting aggregate flexibility
without addressing the coordination mechanisms required for translat-
ing estimated flexibility into actionable DR programs.

2.2. Portfolio aggregation and consumer behavior modeling

Large-scale aggregation and clustering methodologies have been de-
veloped to handle diverse residential portfolios [18]. Petrucci et al. [19]
apply time-series k-means clustering to 2031 thermal load profiles
using smart thermostat data and gray-box models, achieving a 94%
increase in daily load factor through coordinated DR. Kallel et al. [20]
advance interpretability through Gaussian mixture models with fea-
ture importance analysis. Beyond consumption data alone, Vahedi
et al. [21] demonstrate that incorporating sociological and meteoro-
logical factors improves residential peak demand classification. Taking
a behavioral perspective, Wang et al. [22] simulate interrelated load
profiles by extracting activities from time use surveys, while Zhang
et al. [23] propose a cloud-edge collaboration framework incorporating
consumer psychology through fuzzy response mechanisms.

While these approaches demonstrate effective portfolio manage-
ment and behavioral modeling, they treat households as passive as-
sets rather than strategic actors, generally assuming exogenous re-
sponse patterns rather than modeling the strategic interaction between
aggregator incentives and household decisions.
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2.3. Bilevel optimization for demand response coordination

Bilevel optimization models hierarchical decision-making where
an upper-level leader anticipates the optimal response of lower-level
followers [24]. This Stackelberg game structure captures strategic in-
teractions between parties with potentially conflicting objectives [25],
making it well-suited for aggregator-household coordination where
incentive design must account for rational consumer responses.

Zhang et al. [26] propose a bilevel method for flexibility fea-
ture extraction and user clustering using smart meter data from over
5000 residential EV users in China, applying Pearson correlation and
Gaussian Mixture Models to identify six charging segment categories
and five user categories for targeted smart charging strategies. Wang
et al. [27] present a score-based incentive DR model combining con-
strual level theory and fuzzy theory to model consumers’ power-score
redeem behavior, optimizing incentive parameters at the upper level
while incorporating comfort and redeem behavior at the lower level.
Lin et al. [28] extend this psychological focus through a trilayer Stack-
elberg game capturing economic, environmental, and behavioral di-
mensions of incentive-based DR. Barala et al. [29] develop a bilevel
framework for coordination between Distribution System Operators and
Virtual Energy Storage Systems using thermostatically controlled loads,
incorporating building dynamics and occupant activities for flexibility
estimation with dynamic pricing mechanisms. Yin et al. [9] formulate
a distributionally robust bilevel model for distribution networks under
uncertain renewables and temperatures, providing tractable mixed-
integer linear programming (MILP) reformulation with out-of-sample
guarantee while demonstrating pricing strategies that address equity
considerations among heterogeneous households. Dong et al. [30] in-
troduce a bilevel framework for multi-park integrated energy systems
with categorized DR models for industrial, residential, and commer-
cial parks, utilizing unified adaptive robust optimization to address
renewable uncertainties. Davoudi et al. [31] model a residential com-
plex as an energy hub using a single-leader multi-follower Stackelberg
game, formulating interactions as bilevel optimization with upper-level
energy management and lower-level multi-period optimal power and
thermal flows.

Most closely related to this work, Rasouli et al. [32] use genetic
algorithms at the upper-level combined with MILP solvers at the lower-
level to determine optimal reward signals for flexibility aggregation
and ancillary services market participation. Their approach assumes
known flexibility characteristics across 20 synthetic prosumer profiles
with predetermined resource parameters, differing fundamentally from
our work which estimates household flexibility from real smart meter
data without prior knowledge of appliance configurations.

While these bilevel frameworks successfully model strategic inter-
actions and consumer behavior, they predominantly assume complete
knowledge of household flexibility characteristics and deterministic
participation patterns. Existing work does not adequately address the
challenge of estimating flexibility from limited data nor incorporate re-
alistic behavioral uncertainty. Furthermore, practical budget allocation
mechanisms that adapt to actual household responses during sequential
decision-making remain unexplored in current bilevel DR literature.
Table 1 summarizes the key elements of recent bilevel DR studies and
highlights the specific contributions of the present work.

To address these gaps, we formulate the following research ques-
tion: How can aggregators estimate residential flexibility from smart
meter data and determine optimal reward signals that account for
behavioral heterogeneity across automated and manual participation
modes within a bilevel optimization framework?

2.4. Key contributions

Building on the identified gaps in existing literature, this paper
makes the following contributions:
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Table 1

Summary of recent bilevel optimization frameworks for residential demand response.
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Reference

Approach

Flexibility input

Optimization method

Key distinction

Wang (2024)

Score-based incentive DR

Manual preference input;
fuzzy theory

Bilevel with construal level
theory

Fuzzy consumer psychology;
no flexibility estimation

Lin (2022)

Trilayer Stackelberg DR

Parameterized psychological
factors

Trilayer Stackelberg game

Economic-environmental-
behavioral modeling; assumes
known flexibility

Zhang (2025a)

Cloud-edge collaboration

Fuzzy response mechanisms

Multi-objective bilevel

Consumer psychology
modeling; no smart meter
decomposition

Zhang (2025b)

EV user clustering

Smart meter data from 5000
EVs

Bilevel with Gaussian mixture
clustering

EV-specific; assumes known
charging parameters

Yin (2025)

Distributionally robust pricing

Uncertain renewables and
temperature

MILP with distributionally
robust optimization

Equity-focused pricing;
deterministic household
responses

Barala (2024)

Coordination with virtual
energy storage

RC model with building
dynamics

Bilevel with dynamic pricing

Thermostatically controlled
loads; predetermined
flexibility

Dong (2025)

Multi-park integrated energy
system

Categorized DR (industrial,
residential, commercial)

Adaptive robust optimization

Park-level aggregation; no
behavioral heterogeneity

Davoudi (2024)

Stackelberg energy hub

Multi-follower negotiation

Bilevel with multi-period
optimal power flow

Energy hub optimization;
known resource parameters

Rasouli (2025)

Flexibility aggregation for
ancillary services

20 synthetic prosumer profiles

Genetic algorithm + MILP

Closest to present work;
assumes predetermined
flexibility parameters

Present study

Flexpoint-based Stackelberg
DR

Appliance-agnostic
decomposition from
15-minute smart meter data

Bilevel framework with
sequential household

Data-driven
appliance-agnostic flexibility

estimation; behavioral
heterogeneity

processing

» Data-driven bilevel framework from real smart meter data.
In contrast to existing bilevel DR frameworks that assume known
flexibility characteristics through synthetic prosumer profiles or
predetermined parameters, we develop a data-driven bilevel op-
timization framework that estimates household flexibility directly
from real smart meter consumption data using variability patterns
that capture flexibility potential.

Appliance-agnostic decomposition at 15-minute resolution.
We introduce an appliance-agnostic decomposition method that
extracts flexibility potential from 15-minute resolution smart me-
ter data using percentile bounds and standard deviation indica-
tors, and integrate these estimates into a bilevel optimization
framework that captures aggregator-household strategic interac-
tions, operating with estimated consumption parameters. This
preserves household data privacy, as the method requires no
appliance-level data or preference information.

Behavioral heterogeneity across automated and manual
modes. We incorporate behavioral heterogeneity by distinguish-
ing between automated energy management systems and man-
ual participation modes within the bilevel framework. Unlike
existing bilevel DR frameworks that assume deterministic ho-
mogeneous responses, this captures realistic behavioral uncer-
tainty across participation modes, enabling aggregators to design
tailored reward strategies for diverse household portfolios.

3. Methodology

Fig. 1 presents a schematic overview of the proposed framework.
The methodology proceeds in two stages. In the first stage, described
in Section 3.1, historical smart meter data and day-ahead electricity
prices are used to estimate household flexibility through statistical load
decomposition. In the second stage (Sections 3.2 and 3.3), these flexi-
bility estimates feed into a bilevel optimization framework where the
aggregator sequentially coordinates household responses to evaluate
the DR value capturable across the portfolio.

3.1. Flexibility estimation from smart meter data

To estimate household flexibility from 15-minute smart meter data,
we adapt and extend the methodology developed by Shi and Jiao [33],
which quantifies demand response capacity without requiring
appliance-level metering. The original framework classifies households
into flexibility categories using machine learning; we extend this to per-
form load decomposition, extracting the specific flexible energy chunks
and their temporal characteristics needed for bilevel optimization. We
apply the framework to 15-minute resolution smart meter data from
12 German households across 364 days of 2023, combined with day-
ahead electricity prices from the ENTSO-E Transparency Platform [34].
This retrospective analysis quantifies flexibility that existed in histor-
ical consumption patterns, demonstrating achievable DR value under
known conditions. Since the method operates exclusively on aggregate
smart meter data, no appliance configurations, household preferences,
or comfort constraints are required as input, preserving household data
privacy by design.

The approach is grounded in the principle that household flexibil-
ity can be reliably estimated from observable consumption patterns
and behavioral characteristics present in smart meter data [35]. The
fundamental insight is that households exhibiting natural variability
in their consumption patterns possess latent flexibility that can be
activated through demand response signals [36]. This behavioral ap-
proach captures real-world comfort constraints, lifestyle limitations,
and aggregated flexibility from all household sources while reflecting
actual willingness and ability to respond to grid signals.

The methodology establishes a Typical Electricity Consumption Pro-
file (TECP) for each household using median consumption values across
different time periods under normal pricing conditions. This base-
line serves as the reference point for all flexibility calculations and
requires a minimum of three months of smart meter data for sta-
ble characterization. From this baseline, the approach develops key
flexibility indicators that capture different aspects of household respon-
siveness. Daily consumption sum reflects household size and lifestyle,
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Nomenclature
Sets
H Set of households T Set of time slots
Indices
d Day index h Household index
i Processing order index t Time slot index
Parameters
a Reward regularization coefficient B, Initial daily budget
Py Median baseline consumption (kW) ey Energy per slot (kWh)
y Confidence adjustment factor L, Flexible load duration (slots)
5 Willingness decay rate M Big-M parameter
n Budget adjustment rate P, Electricity price (EUR/kWh)
] Utilization threshold e Upper percentile bound (kW)
oRr Participation sensitivity bt Lower percentile bound (kW)
o, Standard deviation at slot ¢ T Total time slots per day
[ Participation threshold
Variables
Ty Participation probability r, Flexpoint reward per kWh at slot ¢
By, Available aggregator budget Ryq Expected rewards
. Remaining budget for household A R@ttocated Allocated flexpoints
B, Budget on day d U, Budget utilization rate
): Total flexpoint budget up, Rising edge binary variable
C,{ ’;’f Flexible consumption (kW) Wy Willingness factor
E,{ fex Total flexible energy (kWh) Vit Binary activation variable
Ig Participation indicator (binary) pAG) Optimal activation decision
An Duration constraint dual variable Zp, Complementarity binary variable
Mt Upper bound dual variable
Subscripts and Superscripts
agg Aggregator max Maximum bound
base Baseline profile min Minimum bound
flex Flexible component total Total (portfolio-level)
Abbreviations
DR Demand Response KKT Karush-Kuhn-Tucker
EV Electric Vehicle MILP Mixed-Integer Linear Program
HEMS Home Energy Management System NILM Non-Intrusive Load Monitoring

IoT Internet of Things

Typical Electricity Consumption Profile

while period-specific consumption reveals temporal availability pat-
terns. Standard deviation by time period measures natural consump-
tion volatility, peak-valley ratio indicates load shifting potential, and
maximum and minimum flexibility bounds define response capacity
limits.

The implementation in this study extends the methodology to de-
compose household load profiles into flexible and inflexible compo-
nents based on the estimated flexibility indicators. The decomposition
algorithm operates at 15-minute time slot resolution, utilizing the 25th
and 75th percentile bounds (QZZ;’E and QZ’;’S’; ) and standard deviation
(o,) to establish confidence-weighted baselines for each time slot. The
confidence weighting adjusts the median baseline using the standard
deviation indicator. The total daily flexible load is calculated as:

96 96
Y Ol =Y max(0, Chay = By — v 0, By — Ot )

t=1 t=1

where C’ff’t‘ is the flexible consumption for household 4 on day d
at time slot ¢, C,,, is actual consumption, f,, is the baseline con-
sumption profile, o, is the standard deviation at time slot 7, Q%;’e;
is the lower percentile bound, y is the confidence adjustment factor
(0.20), and the confidence-weighted baseline represents the essential
non-flexible load. The algorithm applies a minimum threshold filter
of 0.2 kW to remove trivial flexible loads, as threshold-based filtering
improves estimation accuracy by excluding small fluctuations that may
represent disturbances rather than genuine schedulable events [37].
Finally, only the largest continuous flexible load period per day is
retained for aggregation. This conservative modeling choice reflects
practical DR program design where single coordinated events simplify
both aggregator scheduling and household participation, though it
may underestimate total flexibility potential for households capable

of multiple daily response events. Because the decomposition operates
on aggregate consumption, it does not distinguish between load types,
and these filtering steps naturally retain sustained flexible loads over
short consumption events. In practice, the flexible components are most
likely to correspond to deferrable loads such as washing machines,
dishwashers, or EV charging, as these produce sustained consumption
periods consistent with the continuous block retained by the method.
Fig. 2 illustrates this process for a representative household.

This methodology is applied to smart meter data from 12 house-
holds in Germany, spanning the entire year of 2023. The decomposition
is illustrated using data from one of these households during the
first week of January 2023. Panel (a) shows raw 15-minute smart
meter data. Panel (b) demonstrates decomposition into flexible (green)
and non-flexible (blue) components based on TECP analysis. Panel (c)
shows the refined approach where only the largest continuous flexible
load period per day is retained for aggregation.

This element is implemented in the optimization through constraint
(7), which ensures at most one rising edge transition (from inactive to
active flexibility provision), thereby guaranteeing that each household
can contribute only a single continuous flexibility period per day. In
this work, households are categorized into two distinct participation
types. The first category comprises households equipped with a Home
Energy Management System (HEMS), which can automatically respond
to aggregator signals with ideal reliability. The second category rep-
resents manual participation households, where enthusiastic residents
receive demand response signals through mobile app notifications and
make discretionary participation decisions.

To ensure unbiased comparison between participation types, house-
holds were sorted by descending annual consumption and alternately
assigned to HEMS (H1-H6) and manual (H7-H12) categories. This
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Framework Overview

Input data feeds into a flexibility estimation model that decomposes household
loads into flexible and non-flexible components, which then enter an ex-post bilevel
optimization-based simulation evaluating the DR value capturable across the portfolio.

7

~

« Aggregated consumption

« Min. 3 months history needed

Inputs

Household Smart Meter Data

* 15-min resolution (96 slots/day)

Historical Day-ahead Prices

» Spot prices in EUR/kWh
* 15-min resolution (96 slots/day)
« Matching smart meter data period

v

v

Flexible Load
Decomposition

1. Statistical baseline
estimation per household
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decomposition

3.Threshold filtering and single
continuous block retention

Flexibility
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Bilevel Flexibility Aggregation
« Upper-level reward optimization

& Cost minimization under budget

« Lower-level load scheduling
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realizeable flexibility

Cost Savings
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costs per household
« Impact on bill through
DR participation

Flexpoints
« Rewards allocated per
household
* Redeemable for bill
credits or other perks

Fig. 1. Framework overview.

systematic assignment prevents consumption-based bias while main-
taining comparable household sizes across both participation types.
Fig. 3 presents the annual flexibility analysis results.

The stacked bar chart in Fig. 3 illustrates three distinct load com-
ponents: non-flexible baseline load (blue), fragmented flexible load
(light blue), and single continuous flexible load that can potentially
be effectively aggregated (green). Households with diagonal hatch-
ing patterns represent manual participation, while solid patterns in-
dicate HEMS-enabled households. With this flexibility decomposition
complete (numerical results in Appendix A), the critical challenge
becomes translating individual household patterns into reliable de-
mand response program estimates. This requires modeling the strate-
gic interactions between aggregators seeking profit maximization and
households optimizing their utility under different participation modes.

3.2. Problem overview

This work models strategic interactions between a profit-maximizing
aggregator and utility-maximizing households, where optimal reward
allocations incentivize demand response participation while household
consumption schedules respond to these incentives. Rewards are struc-
tured as flexpoints, a points-based system separate from electricity
billing that enables aggregators to compensate households for flexi-
bility provision through bill credits, vouchers, or charity donations.
Flexpoints serve as an intermediary unit between the aggregator and
households: the aggregator allocates flexpoints per kWh of shifted
consumption (r,), and their monetary value is determined by the
aggregator based on revenue captured from flexibility market partic-
ipation. The complexity stems from three key factors. First, limited
budgets must be allocated across households with varying flexibility

and participation modes. Second, HEMS households provide deter-
ministic responses while manual households demonstrate probabilistic
participation. Third, sequential processing requires committing budget
allocations before observing aggregate portfolio outcomes. The physical
realization of flexibility differs by household type: HEMS households
automatically adjust the scheduling of IoT-enabled loads in response
to aggregator signals, while manual households shift consumption
themselves following app notifications. The Algorithm summarizes the
complete framework.

This coordination challenge is formulated as a series of intercon-
nected bilevel optimization problems, where each household’s op-
timization constitutes an individual bilevel problem solved sequen-
tially within the aggregator’s budget allocation framework. The upper
level represents the aggregator’s strategic reward allocation decisions,
while the lower level captures each household’s optimal consumption
scheduling response to the proposed rewards. The mathematical formu-
lation addresses both deterministic HEMS households and stochastic
manual households through differentiated modeling approaches. For
HEMS households, the lower level problem represents a determin-
istic optimization where consumption scheduling follows predictable
patterns based on technical constraints and reward signals. For man-
ual households, the framework incorporates probabilistic participation
decisions influenced by willingness factors, social dynamics, and fair-
ness considerations, reflecting the behavioral uncertainties inherent in
human-mediated demand response participation.

3.3. Bilevel optimization framework
3.3.1. Upper level problem

The aggregator’s optimization problem represents the strategic
decision-making layer where reward allocations are determined to
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Fig. 2. Household Load Profile Decomposition into Flexible and Non-flexible Components Using Smart Meter Data Analysis. Blue: estimated non-flexible
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minimize total electricity costs while incentivizing optimal household subject to:
participation. For each individual household » € H, the aggregator z FeYE() e < By 2)
solves the following upper level optimization problem: 1€T
ry 20, VieT 3)
min Zp.y*(t).e +a2r2 6} R . R .. .
" 1"V h [ The objective function minimizes electricity costs for the flexible
eT teT

load placement, where P, represents dynamic 15-minute day-ahead
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Algorithm Flexibility estimation framework.

Require: Smart meter data Cy,,, for households h € H.
Require: Day-ahead electricity prices P, for D days.
Require: Initial daily budget B, and behavioral parameters 6, oy, 8.
1: Estimate flexibility E}{ lex "1, for each household via TECP
decomposition.
2: Categorize households into HEMS (H1-H6) and manual (H7-H12).
3: ford =1to D do
4: Set daily budget B, via adaptive adjustment (Eq. (16)).
5: for each HEMS household 4 in randomized order do
6 Solve bilevel optimization (Egs. (1)-(9)).
7: Deduct allocated rewards from B,.
8
9

if B, < B,,, then terminate sequential processing.
: end if
10: end for
11: for each manual household # in randomized order do
12: Evaluate participation probability I, ; (Eq. (10)).
13: if household participates then
14: Solve bilevel optimization (Egs. (1)—(9)).
15: Deduct allocated rewards from B,.
16: if B; < B,,, then terminate sequential processing.
17: end if
18: end if
19: Update willingness factor wy, 4, (Eq. (11)).
20: end for
21: end for

22: Output: Shifted energy, cost savings, and flexpoints per household.

electricity prices, y; () denotes the household’s optimal activation de-
cision from the lower level, ¢, is the energy per slot, r, are flexpoints
offered per kWh, and « is a regularization coefficient preventing ex-
cessive reward concentration in single time slots. Constraint (2) limits
total reward expenditure to available allocation B,,,, representing re-
maining flexpoints after previous households’ optimization. Constraint
(3) ensures non-negative rewards.

3.3.2. Lower level problem

The household responds to the aggregator’s reward signals by
solving an optimization problem that maximizes utility from demand
response participation while respecting operational constraints. For
household 4, the lower level problem is formulated as:

Building on the flexibility decomposition from Section 3.1, the
household’s optimization determines where to place the identified flex-
ible energy chunk E’{ fex (total flexible energy in kWh) with duration
L, (number of time slots). The energy per slot when active is e, =
E ; lex / Lh~

r’;)lax Z Tt Yht*€h 4
bt teT
subject to:
2 Yne =1Ly (5)
teT
Ung 2 Yhy = Yii-1> vie{2,....T} (6)
T
2 e <1 @
1=2
yns € {0,1}, VieT (8)
up, € {0, 1}, vie {2,...,T} 9)

The objective function maximizes rewards earned from flexibility
activation, where y,, = 1 indicates the flexible load is active at time
slot ¢ and e, is the constant energy consumption per slot. Constraint
(5) ensures the flexible chunk occupies exactly L, time slots, where L,
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is the duration of the largest continuous flexible period identified in
Section 3.1; since e, = E'; fex /1.,,, this implicitly enforces energy conser-
vation. Constraints (6)-(7) enforce contiguity through linearized rising
edge detection: auxiliary binary variables u,, capture transitions from
inactive to active states, and limiting their sum to one ensures at most
one contiguous activation period per day. This formulation determines
the optimal temporal placement of the flexible energy chunk, shifting

it from its baseline position to periods with higher rewards.

3.3.3. Behavioral modeling for manual households

While HEMS households provide deterministic responses to aggre-
gator signals, manual households introduce stochastic participation
patterns that require explicit behavioral modeling. Manual households
receive demand response notifications but make discretionary partici-
pation decisions influenced by individual willingness. Although partici-
pation probability could be modeled using simple threshold-based rules
or linear functions, a sigmoid function is utilized in this model to enable
smooth probabilistic transitions and capture the diminishing sensitivity
to reward differences that characterizes human decision-making:

Ry, —0
Lhg=whg-o <_ ) 10)
ORrR
where w), ; represents the willingness factor, ¢ is the sigmoid function,
R, ; denotes expected rewards for household 4 on day d, 6 is the par-
ticipation threshold parameter representing the minimum reward level
where participation becomes attractive, and oy controls the sensitivity
around the threshold.
The willingness factor evolves dynamically based on participation
decisions through a decay mechanism:

Whpay1 = Wpg (1 =6-1p ) an

where 6 is the decay rate parameter and I, , is a binary indicator equal
to 1 if household & participated on day d. This decay reflects partic-
ipation fatigue and the diminishing enthusiasm for repeated demand
response events.

3.3.4. Single-level MILP formulation

The bilevel structure is addressed through a hybrid MILP formula-
tion. Karush-Kuhn-Tucker (KKT) stationarity conditions for the house-
hold’s reward-maximization problem create a threshold mechanism
that identifies optimal activation slots, while contiguity constraints are
enforced directly in the MILP rather than through dual variables, as this
is computationally more efficient.

For the reward-maximization aspect, the Lagrangian introduces dual
variable A, for the duration constraint and u,, > O for the implicit
upper bound y,, < 1. The KKT stationarity condition yields:

rerept+ Ay —up, =0, VteT 12)

This creates a threshold mechanism where —4,, acts as the activation
threshold: slots with r, - e, > —4, satisfy u,,, > 0, which by complemen-
tary slackness implies y;,, = 1. The dual variable A, adjusts such that
exactly L, slots exceed the threshold.

Complementary slackness for the upper bound constraint y,, <1 is
enforced using Big-M formulations:

vieT 13)
VieT 14)

Hpg S M - zp,
L=yp, M-(1-2zp,),

where z,,, are auxiliary binary variables and M is set sufficiently large
to not constrain feasible solutions (10x the maximum reward rate in
this implementation). These constraints enforce y;, ,-(1—y;,) = 0: either
up; = 0 (when z,, = 0) or y,, = 1 (when z,, = 1). The contiguity
constraints (6)—(7) are included directly, and the aggregator’s control
over reward signals r, shapes household responses toward contiguous
activation windows. The complete formulation is solved as a single
MILP using Gurobi.
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Table 2
Model input parameters.

Parameter Value

Initial daily budget (B,) 10,000 flexpoints

Utilization threshold (¢) 90%
Adjustment rate (n) +10%
Lower budget bound 0.5 % B,
Upper budget bound 10 x B,

Participation threshold (6) 25-145 flexpoints
Participation sensitivity (cg) 10 flexpoints
Willingness decay rate (5) 1%

Confidence adjustment factor (y) 0.20

Minimum flexibility threshold 0.2 kW

3.3.5. Sequential processing

The bilevel optimization framework is solved sequentially for each
household following a structured processing order. HEMS households
are prioritized and processed first, followed by manual households. This
prioritization reflects practical aggregator preferences for guaranteed
participation while creating incentives for manual households to adopt
an HEMS in the future. Within each category, household order is
randomized to ensure equitable access to budget allocation. For each
household A, the available budget is updated as:
ngg = B — Z R?Ilocated (15)

i<h
where R#°c@ied represents rewards allocated to previously processed
households. HEMS households solve the deterministic bilevel opti-
mization directly, while manual households first evaluate participation
probability using Eq. (10) before proceeding with optimization.

Two operational mechanisms govern total reward budget allocation.
First, the sequential processing terminates when available budget falls
below the minimum viable allocation threshold. Second, daily bud-
get allocation adapts dynamically based on previous day interactions
through the following adjustment logic:

By-(1+mn), ifU;>¢
By =1B;-(1—-n), ifU;<(1-¢) (16)
B,, otherwise

where B, is the budget for day d +1, U, represents budget utilization
rate on day d, ¢ = 0.90 is the utilization threshold parameter, and
n = 0.10 is the adjustment rate. This adaptive mechanism increases
budget by 10% following high utilization days (> 90%), decreases
budget by 10% following low utilization days (< 10%), and maintains
stable allocation for moderate utilization levels. This enables budget
self-calibration based on observed household response patterns over
time.

4. Results

The initial daily budget B, of 10,000 flexpoints was determined
through calibration via iterative simulation runs: the model was exe-
cuted with varying B, values, and 10,000 was selected as the lowest
value that consistently enabled full portfolio participation without
systematic budget exhaustion. The exact starting value is less critical,
as the adaptive budget mechanism (Eq. (16)) self-corrects based on
realized utilization. Budget bounds were set at 0.5x B, (lower) and 10X
B, (upper) to enable adaptive mechanism convergence while prevent-
ing excessive budget growth. Behavioral parameters follow household-
specific thresholds ranging from 25 flexpoints (H7) to 145 flexpoints
(H12), with participation sensitivity calibrated to capture realistic man-
ual household response patterns. Table 2 summarizes the model input
parameters.

The simulation was executed for 364 consecutive days spanning
January through December 2023, using real 15-minute resolution smart

Energy Conversion and Management 358 (2026) 121481

meter data and historical day-ahead electricity prices from the ENTSO-
E Transparency Platform [34]. Each daily optimization cycle processes
up to 12 households sequentially through bilevel optimization prob-
lems solved using Gurobi 11.0.0 with a MILP formulation. Individual
household optimizations converged within 1 to 5 s on average, with
total daily computation time ranging from 15 to 45 s depending on
household participation patterns. All computations were executed on a
workstation equipped with an AMD Ryzen Threadripper PRO 5975WX
processor (32 cores, 64 threads) and 512 GB RAM.

The sequential allocation mechanism processes households in hi-
erarchical order, with HEMS households (H1-H6) prioritized before
manual households (H7-H12) to ensure deterministic participation is
allocated first. Within each category, household processing order is
randomized daily as described in Section 3.3.5 to prevent systematic
bias in budget access. Fig. 4 illustrates the sequential budget depletion
pattern across the first two simulation days.

Day 1 begins with the initial budget of 10,000 flexpoints. HEMS
households demonstrate consistent participation, with H5 consuming
the largest allocation (1681 flexpoints) and H1 s (1129 flexpoints).
Manual households exhibit heterogeneous participation patterns, with
several households recording zero flexpoints due to non-participation.
The day concludes with 2587 flexpoints remaining, representing 25.9%
budget underutilization. Day 2 reflects the first adaptive budget ad-
justment, decreasing the starting allocation to 9000 flexpoints (10%
reduction) in response to the previous day’s low utilization rate. Partic-
ipation patterns shift substantially: H1 earns 1017 flexpoints while H7
participates for the first time with an identical allocation. Despite this
adjustment, 4480 flexpoints remain unutilized (49.8%), indicating that
manual household participation uncertainty creates persistent budget
inefficiency that the adaptive mechanism attempts to correct through
iterative calibration.

Fig. 5 extends the analysis through Days 3-5, demonstrating the
bidirectional adaptive mechanism response to varying utilization rates.

Budget adjustment continues downward through Day 3 (8100 flex-
points) and Day 4 (7290 flexpoints) as the mechanism responds to sus-
tained underutilization. Day 4 represents a critical transition point: de-
spite the reduced budget, household participation converges to achieve
near-complete utilization with only 1 flexpoint remaining. This triggers
the first upward adjustment, increasing Day 5 budget to 8019 flexpoints
(10% increase), validating the bidirectional nature of the adaptive
mechanism. The observed pattern demonstrates that the framework
successfully calibrates budget allocation in response to realized partic-
ipation dynamics. This adaptive behavior persists throughout the full
364-day simulation period, with daily budgets continuously adjusting
based on household response patterns.

While budget allocation dynamics demonstrate the framework’s
adaptive coordination capabilities, the fundamental objective of the DR
program is to shift consumption from high-price to low-price periods.
Fig. 6 illustrates aggregate household consumption patterns across
the same five-day period, overlaying baseline consumption, optimized
consumption, and electricity prices.

The aggregated load profile demonstrates consistent price-responsive
behavior throughout the observation period. During price peaks, house-
hold consumption systematically falls below baseline levels as flexible
loads are deferred. Conversely, during low-price periods and negative
pricing events, household consumption increases substantially above
baseline as deferred flexible loads execute during economically favor-
able windows. This validates that the bilevel optimization framework
successfully translates reward signals into tangible load shifting behav-
ior, achieving the core DR program objective of aligning consumption
patterns with price signals.

Having established the operational mechanics through short-term
dynamics, the annual performance metrics reveal substantial hetero-
geneity in household-level outcomes across the full 364-day simulation.
Fig. 7 presents three key metrics aggregated over the complete simula-
tion period: total cost savings, total flexpoints earned, and total energy
shifted.
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Fig. 7 reveals substantial performance heterogeneity across the manual performer (H7). However, performance rankings differ dra-

household portfolio. HEMS households (H1-H6) generally outperform matically across the three metrics. In cost savings, H5 leads (228.5
manual households (H7-H12), with the best HEMS performer (H5) EUR), followed by H2, H4, and H1. For energy shifted, Hl dominates
generating approximately three times the cost savings of the best (4539.9 kWh), with H2, H4, and H5 following. Flexpoints earned
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Fig. 8. Daily household participation patterns across 364 simulation days. Colored cells indicate days with flexpoint allocations; white cells represent non-
participation. HEMS households (H1-H6) demonstrate dense, consistent participation throughout the year, with H2, H4, and H5 showing near-continuous
engagement. Manual households (H7-H12) exhibit sparse, sporadic participation with visibly declining density as the year progresses, validating the willingness

decay mechanism.

mirrors cost savings rankings closely. Among manual households, H7
substantially outperforms peers across all metrics, while H9 records
the weakest performance. Notably, H7 achieves higher cost savings
than H3 (HEMS) despite earning fewer flexpoints, demonstrating that
performance depends on factors beyond simple participation frequency.

The underlying behavioral mechanisms driving these performance
paradoxes become apparent when examining daily participation pat-
terns. Fig. 8 presents a temporal heatmap showing participation status
for all 12 households across 364 days, with colored cells indicating
days when households received flexpoint allocations and white cells
representing non-participation.

The participation matrix reveals participation patterns that directly
explain the performance paradoxes from Fig. 7. H5 outperforms all
households through near-continuous dense participation throughout
the year, reflecting both consistent availability of flexible loads and reli-
able automation. This enables H5 to accumulate value across numerous
participation days. In contrast, H1 demonstrates substantial sporadic
participation with extended gaps, particularly during summer months.
Despite H1 shifting the most total energy when flexibility is available
and engaged, these participation gaps limit cumulative opportunity
capture, explaining its fourth-place ranking in cost savings. The H7
versus H3 paradox emerges from an unexpected pattern: H3 (HEMS)

10

exhibits surprisingly sparse participation with frequent gaps despite
automation, while H7 (manual) maintains more consistent behavioral
engagement. H7’s higher participation frequency relative to other man-
ual households, combined with H3’s unexpectedly low participation
rate, enables the manual household to outperform the automated one.
This occurs despite H7 earning fewer total flexpoints. These patterns
validate that consistent participation frequency, driven by both flexi-
bility availability and engagement mechanisms, determines economic
performance more than individual event magnitude.

Having examined individual household dynamics and participation
patterns, the critical question for DR program viability is the aggre-
gate flexibility potential extracted from the portfolio. Table 3 presents
the system-level performance across the complete 364-day simulation,
quantifying the total economic value and energy flexibility mobilized
through the bilevel optimization framework.

The 12-household portfolio mobilizes 20,694.7 kWh of annual en-
ergy flexibility, generating 1028.5 EUR in cost savings through strategic
load shifting. These savings represent the difference between optimized
and baseline scheduling, quantifying the value added by bilevel co-
ordination relative to uncoordinated consumption. This demonstrates
substantial flexibility potential exists within residential portfolios when
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Table 3
Annual system performance summary.
Household Savings Flexpoints Shifted
(EUR) (kWh)
H1 80.8 142,824 4539.9
H2 192.2 277,694 4320.0
H3 45.6 72,623 1170.5
H4 1339 184,541 2354.0
H5 228.5 371,023 1768.9
H6 80.2 126,469 1750.4
HEMS Subtotal 761.1 1,175,174 15,903.6
H7 72.8 39,463 1210.5
H8 34.2 39,024 537.3
H9 19.5 32,345 371.5
H10 45.4 46,785 1055.4
H11 38.8 41,577 587.1
H12 56.7 43,093 1029.3
Manual Subtotal 267.4 242,287 4791.1
System Total 1028.5 1,417,461 20,694.7

appropriate coordination mechanisms are deployed. However, the con-
tribution distribution reveals critical insights for portfolio composition
strategy: HEMS households provide 74% of total cost savings (761.1
EUR) and 77% of energy shifted (15,903.6 kWh) despite representing
only half the portfolio. This disproportionate contribution from au-
tomated households validates that automation substantially amplifies
flexibility extraction beyond simple participation encouragement. For
aggregators designing residential DR programs, these results suggest
that portfolio composition significantly impacts economic viability,
with technology adoption rates directly determining achievable flexi-
bility volumes and program revenue potential. Monthly disaggregated
results are provided in Appendix B.

5. Discussion

The value of flexibility and participation economics - The partic-
ipation frequency insight reveals important considerations for DR pro-
gram design and household compensation. For aggregators designing
incentive mechanisms, rewarding consistent participation frequency
yields greater portfolio value than incentivizing large individual load
shifts.

This has direct implications for engagement mechanism design,
where small but frequent rewards for regular participation outper-
form larger bonuses tied to energy volume shifted. Frequency-based
compensation structures include: base payments for participation fre-
quency (regardless of magnitude), tiered reward systems that increase
with consecutive participation days, or reliability bonuses that re-
ward households maintaining consistent engagement across weekly
or monthly periods. The effectiveness of these mechanisms depends
critically on the valuations of flexpoints, which aggregators deter-
mine based on revenue captured from flexibility market participation.
Aggregators must balance flexpoint allocation to incentivize participa-
tion with the demonstrated portfolio performance providing concrete
benchmarks for viable compensation levels. The adaptive budget mech-
anism parameters (+10% adjustment rate, 90% utilization threshold)
were assumed here, but operational deployment requires calibrating
these values to actual flexpoint costs and market revenue opportunities.

Flexible household portfolio composition strategy - The dispropor-
tionate contribution from HEMS households validates that automation
substantially increases flexibility provision, compared to manual house-
holds. However, performance varies dramatically even within HEMS:
H5 and H3 both are automated, yet H5 sees five times the cost savings.
Aggregators recruiting households must assess characteristics beyond
automation status, though identifying predictive screening criteria re-
mains an open question for future research. The 50/50 HEMS/man-
ual split demonstrated here represents a methodological assumption.
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Real portfolios vary widely in automation rates depending on mar-
ket conditions and policy incentives. Aggregators should calibrate the
HEMS/manual ratio to match actual automation penetration in their
target group of households before applying the framework. Economic
viability favors HEMS-heavy portfolios, as automation’s reliable par-
ticipation justifies higher recruitment costs given the 74% value con-
tribution demonstrated. Modeling dynamic portfolio evolution where
high-performing manual households graduate to HEMS status would
capture realistic adoption pathways. DR program success often mo-
tivates households to invest in automation, creating feedback loops
between engagement and technology adoption that static models miss.
The framework thus enables aggregators to identify households with
the highest flexibility potential from smart meter data alone, providing
an evidence base for targeted HEMS deployment before any hardware
investment.

Scalability of the proposed framework - The 12-household portfo-
lio was selected to enable granular analysis of individual participation
patterns while maintaining consumption diversity across the sample.
This scale permitted identification of household-level dynamics that
would be obscured in larger aggregations. Since each household is pro-
cessed through an independent bilevel optimization, the framework is
directly applicable to operational portfolios of thousands of households,
enabling multi-year historical simulations for validation and behavioral
parameter calibration.

Advantages and disadvantages of the proposed method - The
framework operates on widely available 15-minute smart meter data
without requiring submetering, appliance-level monitoring, or house-
hold preference data. It captures behavioral heterogeneity between
automated and manual households, validated on real consumption data
rather than synthetic profiles, and computation scales linearly with
household count. However, the method is not suited for all contexts.
When appliance-level control is required, submetering or NILM-based
approaches are more appropriate, as the framework does not identify
which specific devices are flexible. The baseline estimation requires
a minimum of three months of smart meter history, making it in-
applicable to new customers or recently relocated households. When
higher-resolution data is available, disaggregation methods will yield
more precise flexibility estimates than the aggregate approach proposed
here.

Limitations and future framework extensions - The German house-
hold dataset provides smart meter data, but applying the framework
across diverse electricity markets, climate zones, and building typolo-
gies would establish more generalizable findings. The minimum thresh-
old filter removes small flexible loads to ensure practical DR activation,
but discards potentially aggregatable flexibility. Additionally, the single
continuous flexible period assumption excludes households that could
provide multiple shorter flexibility events throughout the day. Be-
havioral parameters (participation thresholds, sensitivity, decay rates)
and decomposition parameters (confidence adjustment factor, mini-
mum flexibility threshold) represent assumed values requiring empiri-
cal calibration for operational deployment in specific market contexts.
Field pilots with operational DR programs where real user engage-
ment data can be collected would enable validation and refinement of
these parameters. More comprehensive modeling of willingness decay
mechanisms beyond the sigmoid-based participation probability im-
plemented here would improve behavioral realism. Future validation
efforts should compare the estimated flexibility against submetered
data or NILM-based load disaggregation to assess whether identified
flexible chunks align with truly shiftable loads. Field deployment with
real DR activation would further enable comparison between estimated
and realized flexibility.
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6. Conclusion

Existing bilevel frameworks for residential demand response assume
known flexibility characteristics, limiting their applicability to real-
world portfolios where household flexibility must be estimated from
available data. This work developed an appliance-agnostic, data-driven
bilevel optimization framework that estimates flexibility directly from
smart meter data and determines optimal reward allocations while
accounting for behavioral heterogeneity across households.

For this portfolio, participation frequency determined economic per-
formance more strongly than individual event magnitude, though fur-
ther replications across diverse contexts are needed to confirm general-
izability. Households with consistent participation accumulate greater
value than those shifting larger energy volumes sporadically. HEMS
households contributed the majority of total cost savings despite com-
prising half the portfolio, demonstrating that automation substantially
amplifies flexibility extraction. These results support the economic case
for HEMS adoption, as the demonstrated savings recur annually and the
framework enables aggregators to quantify expected returns before any
hardware investment. Within-category performance variance shows
that technology type alone does not guarantee outcomes, requiring ag-
gregators to assess household characteristics beyond automation status
when recruiting portfolios.

For practitioners designing operational DR programs, these findings
indicate that program value depends not only on the amount of flexibil-
ity households provide, but also on sustained participation over time,
underscoring user retention as a critical design consideration. Future
work should validate the flexibility extraction methodology against
NILM-based approaches using field data from operational DR programs,
and extend the framework to model dynamic portfolio evolution where
manual households transition to automated participation over time.
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Appendix A. Flexibility decomposition results

Table A.4 presents the numerical results of the appliance-agnostic
flexibility decomposition for all 12 households. Total consumption is
decomposed into non-flexible baseline and two flexible components:
the single largest continuous flexible period per day retained for ag-
gregation (Flex. cont.), and the remaining fragmented flexible load
discarded by the single-period filter (Flex. frag.). Flexibility ranges from
16.2% (H1) to 47.4% (H4), with a portfolio average of 30.4%.

Table A.4
Annual flexibility decomposition per household.
HH Total Non-flex. Flex. (cont.) Flex. (frag.) Total flex. Flex.
(kWh) (kWh) (kWh) (kWh) (kWh) (%)
H1 5602 4692 546 364 909 16.2
H2 7860 5636 1334 889 2223 28.3
H3 2143 1502 385 256 641 29.9
H4 2585 1359 736 490 1226 47.4
H5 7008 4405 1562 1041 2603 37.1
H6 2852 1809 626 417 1044 36.6
H7 7031 4757 1364 909 2274 32.3
H8 2482 1737 447 298 745 30.0
H9 2096 1633 278 185 463 22.1
H10 3713 2312 841 561 1402 37.7
H11 2827 2018 486 324 810 28.6
H12 6500 4845 993 662 1655 25.5
Total 52,699 36,705 9597 6397 15,995 30.4

Appendix B. Numerical simulation results

Table B.5 shows the results of the simulation for the year 2023 for
each month.

Table B.5
Monthly aggregated simulation results (2023).

Month Savings (EUR) kWh shifted Flexpoints
January 140.9 2907.5 172,912
February 103.8 2159.1 137,867
March 112.2 2314.2 126,456
April 92.8 2005.4 129,945
May 85.5 1869.5 101,474
June 67.4 1287.3 97,160
July 64.7 1202.2 97,745
August 67.3 1224.9 104,610
September 64.0 1164.1 79,548
October 77.1 1379.5 102,988
November 73.0 1418.9 121,888
December 79.7 1762.2 144,868
Total 1028.5 20,694.7 1,417,461

Data availability

The data that has been used is confidential.
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