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Abstract

The present work explores the capacity to estimate and offer demand-side flexibility through
centralized management agents such as virtual power plants and demand aggregators, con-
sidering a bottom-up approach to characterise flexible loads and the evaluation of the available
flexibility individually and under an aggregate approach. In addition, the influence of external
factors on the available flexibility is evaluated, considering price scenarios, weather scenarios,
market requirements, appliance operating and user comfort constraints when flexibility is
estimated. To reach the main objective, four specific objectives were defined, related to: the
development of models to characterize flexible loads and their flexibility; the development of
a demand aggregation model for flexibility estimation; the development of forecasting models
for temperature and solar irradiation; and finally, the economic evaluation of flexibility and
its response capacity to flexibility prices under a virtual power plant approach, considering
meteorological and stochastic price scenarios. This thesis is composed of 5 chapters, of which
three chapters correspond to published or submitted scientific articles, which comprise this
thesis.

Methodologically, this work is divided into three stages, following the four specific objectives.
The first stage (Chapter 2) focuses on the modelling of flexible loads and demand aggregation
models. By exploring residential loads, their properties, and operating constraints, it is possible
to establish operative models for each flexible load and subsequently extend them to evaluate
the flexibility of each load. Subsequently, a demand aggregation model was developed for
the joint evaluation of flexible loads and their capacity to offer flexibility over time, artificially
extending the temporal flexibility capacity of the loads compared to the flexibility of each
load individually. The second stage (Chapter 3) focuses on the development of forecasting
models for meteorological conditions, focusing on solar irradiation and ambient temperature.
Considering cloudiness as an element correlated with both evaluated elements, a neural
network model (LSTM, long short-term memory) was developed. Using this approach, a
methodology to determine the probabilities of different cloudiness conditions was developed
using Markov models, representing the probability of occurrence of each scenario. In the third
stage (Chapter 4), the flexibility models presented in Chapter 2 and the stochastic scenarios
introduced in Chapter 3 were added to a virtual power plant model. The purpose was to
evaluate the flexibility’s responsiveness to different external variables and the flexibility prices.
The flexibility model was extended to include new flexible loads and the evaluation of the
rebound effect, as a counterweight to the benefits obtained by providing flexibility to the
system, making the offered flexibility sensitive to the costs produced by time-shifted energy
requirements.



The results of this work permit to use the of flexibility on the demand side when schedul-
ing flexible loads and purchasing energy in day-ahead markets. The Flexibility is evaluated
with an adaptive framework, which allows an efficient calculation of the available flexibility
and evaluation of different flexibility offers. It requires a single calculation of both aggregate
demand and flexibility over the entire evaluation period, rather than an individual estimation
for each time interval. The influence of weather conditions on flexibility as a consequence of
thermal energy losses requires an in-depth analysis of temperature conditions. Consequently,
a scenario generation model was formulated based on cloudiness index, using an LSTM
model to predict solar irradiance and temperature, characterizing the San Diego climate
and generating correlated scenarios. These scenarios were evaluated under a simple virtual
power plant model, reducing operational costs compared to a naive forecast, decreasing
the number of days with high costs due to unexpected changes in weather conditions. The
integration of flexibility estimation, stochastic weather scenarios, and the flexibility rebound
effect produces a model sensitive to flexibility prices, offering a flexibility response similar
to a sum of four cumulative normal distribution functions (normCDF). Two means from the
normCDF were related to a sudden change in flexibility: the first mean is linked to the action
of flexible loads with minimum and low flexibility costs, while the second mean corresponds
to the penalty for discharging electric batteries. The duration of the flexibility rebound time
directly affects the available flexibility, increasing flexibility by 30% when doubling the rebound
time, while halving it decreases flexibility by 25%.



Lay Summary

Electric power systems are undergoing a major transformation due to the growing adoption
of renewable energy sources, helping to reduce CO2 emissions. However, the variability and
uncertainty from solar and wind energy sources make it challenging to maintain a balance
between generation and demand. One promising solution is demand-side flexibility, which
utilises distributed energy resources and flexible appliances to adjust their energy use in
response to grid needs.

This thesis investigates how demand-side flexibility can be estimated and coordinated by
aggregation entities (virtual power plants and demand aggregators). Rather than treating
consumers as passive energy users, this work examines the aggregated response of flexible
devices, including household appliances, heating systems, and electric vehicles, to support
the power system.

The research develops models to describe how individual flexible loads can provide flexibility,
respecting technical limits and user comfort. These models are incorporated into an aggreg-
ation framework, providing more flexibility over time than treating each device separately.
The proposed aggregation approach facilitates a more efficient assessment of the flexibility
available.

As the flexibility depends on external conditions, the role of weather and electricity prices
needs to be evaluated. In particular, temperature and solar radiation influence the genera-
tion and thermal comfort in buildings. To address this, a weather scenario generator based
on machine learning and cloud conditions was developed to produce realistic forecasts of
temperature and solar radiation, as well as to capture their associated uncertainty.

Finally, all these elements are integrated into a virtual power plant model to evaluate how
flexibility responds to price signals and operating conditions. The results show that flexibility
increases in stages: appliances with no penalties for their usage are activated first, while
appliances with degradation associated with their usage are activated at higher flexibility
prices or under specific conditions. This study also enhances the importance of the rebound
effect, where shifted energy use in form of flexibility must be recovered. The duration of the
rebound period has a significant impact on the amount of flexibility that can be offered.

Overall, this thesis presents a unified framework that combines demand aggregation, weather
uncertainty, and rebound effects to evaluate demand-side flexibility. The results demonstrate
that improved forecasting and coordinated flexibility management reduce operational costs,
facilitate decision-making for energy management systems and support more efficient and
sustainable participation in electricity markets.
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Chapter 1

Introduction

1.1 Context

1.1.1 The role of Renewable Generation in flexibility

In recent years, the rapid expansion of renewable generation from solar and wind sources has
fundamentally transformed power systems worldwide. This transition is primarily driven by a
significant reduction in the levelised cost of energy (LCOE) for these technologies, leading to
their overwhelming presence in modern generation portfolios Ember (2023); “IRENA renew-
able power generation costs in 2022” (2023). However, the shift toward a high penetration of
non-synchronous renewables has changed how power systems respond to contingencies.

In a traditional generation pool, the generation side responds and modifies its operation to
adjust to changes in demand or grid contingencies. The capacity of the system to adapt
its operational points is referred to as flexibility, defined as the power system’s ability to
balance supply and demand Cruz, Fitiwi, Santos, and Cataldao (2018). However, the inherent
uncertainty and variability of solar and wind sources introduce new dimensions of operational
difficulty Ringkjeb et al. (2020); Russo, Carvalho, Martins, and Monteiro (2023). The uncer-
tainty is associated with the error margin between solar and wind forecasting of the generated
energy, and the variability is due to generation fluctuations on the time scale (hours, days,
months), mainly associated with wind power plants Ela, Diakov, Ibanez, and Heaney (2013);
Ueckerdt, Brecha, and Luderer (2015). To respond to the variability of renewable generation,
thermal power plants traditionally provide the required flexibility. However, as decarbonisation
reduces the number of controllable generators while wind and solar penetration increase
its participation, numerous research projects are evaluating the flexibility challenges for the
coming years Evans, Bono, and Wang (2022); Gaeta, Nsangwe Businge, and Gelmini (2022).

International efforts to reach net-zero CO2 emissions by 2050, as reaffirmed in the Paris
Agreement and subsequent COP summits on Climate Change) (2023), necessitate a massive
scale-up of renewable energy, plus the electrification of transport and industry, which is expec-
ted to increase electricity demand by 70% to 100% to 2050 in different scenarios Bloomberg
(2025); Enerdata (2025). Most major economies have introduced long-term strategies to
achieve 100% clean energy generation and greenhouse gas neutrality within the next few
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decades Fam and Fam (2024); Flachsland and Levi (2021); Ministerio del medio ambient
(2021). As decarbonisation initiatives lead to the retirement of traditional, controllable fuel-
based power plants, the pool of conventional flexibility providers is diminishing, creating an
urgent need for alternative flexibility sources to maintain grid stability Evans et al. (2022);
Gaeta et al. (2022).

By 2050, it is expected that renewable energy will account for the vast majority of global elec-
tricity generation, with wind and solar alone potentially reaching 70% Bouckaert et al. (2021).
This scenario presents enormous technical and control challenges for both transmission and
distribution networks. While hydro-pumped storage, hydrogen, and batteries are essential
measures to increase system flexibility Chyong, Pollitt, Reiner, and Li (2024), the demand-
side must also play a critical role. The coordination of flexible appliances, such as heat pumps
and electric vehicles, can significantly increase local self-consumption and reduce peak power
stress on the grid Rinaldi, Yilmaz, Patel, and Parra (2022).

In conclusion, as wind and solar generation become dominant actors in future energy sys-
tems, the resulting decrease in controllable generation will increase the flexibility demanded.
To ensure a secure grid operation, each possible flexibility source must be leveraged. The
demand-side flexibility, defined as the capacity of customers to adjust their operational points
and total demand in response to external requests, is proposed as a vital solution to support
the secure integration of high-penetration renewable energy.

The following section introduces flexibility sources in the power grid and the relevance of
flexibility evaluation to exploit demand-side flexibility.

1.1.2 Demand-side flexibility overview

In section 1.1, flexibility is introduced as the capacity of power systems to maintain the balance
between generation and demand, corresponding to a general definition. Focusing on the
demand-side, we can redefine flexibility as the capacity to modify energy patterns under
request without affecting power systems stability and end-user satisfaction. This definition
enables the generation and demand sides to provide flexibility by incorporating consumer
satisfaction and flexibility requests into the flexibility procedures, which could artificially limit
the available flexibility. Customer satisfaction is not always considered in flexibility estimation
models (Data-driven models estimate flexibility from aggregated demand variations without
considering consumer satisfaction in their formulation), while flexibility requests are defined
by the ISO/DSO and the energy market when they apply.

In the literature, the demand-side flexibility has been presented as an alternative to prevent
imbalances between generation and demand Earl and Fell (2019); Heffron, Kérner, Wagner,
Weibelzahl, and Fridgen (2020) and offer ancillary services with thermal appliances Kohlhepp,
Groll, and Hagenmeyer (2021); Tina, Aneli, and Gagliano (2022), electric vehicles Clair-
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and (2020); Wenzel, Negrete-Pincetic, Olivares, MacDonald, and Callaway (2018) or multiple
home appliances under an aggregator approach J. Iria, Scott, Attarha, Gordon, and Franklin
(2022); J. P. Iria, Soares, and Matos (2018). Different proposed models aim to exploit the
capacity of residential and industrial users to change their consumption patterns in response
to direct requirements, economic incentives, peak demand penalties, or price signals. Con-
sequently, a central part of demand-side flexibility comes from aggregation schemes rather
than specific technologies, such as demand aggregation (DA) and virtual power plants (VPP).
Both schemes work as a decentralised set of flexible appliances (DA) and/or distributed
generation resources (VPP) in a city or neighbourhood, which follows a centralised Energy
Management System (EMS) as an intermediary to buy/sell energy and offer flexibility services
to the power grid, following the ISO/DSO requirements and indications.

Despite the advancements in VPP modeling, a literature gap remains regarding the integration
of the rebound effect in aggregated flexibility estimation. While models effectively quantify the
immediate load reduction or increase, they often overlook the subsequent energy recovery
phase required to return devices—such as HVAC systems or EVs—to their baseline state.
Failing to model this 'trajectory’ leads to inaccuracies in multi-period flexibility bidding and can
create secondary imbalances in the distribution network upon the conclusion of the flexibility
event.

Under a VPP scheme, the coordination of distributed energy resources (DER) such as solar
plants and ESS is evaluated to offer flexibility by using temporal coupling of DERs and poly-
tope projections to evaluate aggregated flexibility S. Wang and Wu (2021), or by the definition
of five metrics related to active and reactive power to simplify decision-making under uncer-
tainty scenarios Sarmiento-Vintimilla, Marene Larruskain, Torres, and Abarrategi (2024). From
a DA view, the aggregation and segmentation of flexible appliances simplify their flexibility
evaluation, as seen in Diaz-Londono et al. (2019), which defines and compares two strategies
for electric charging under the minimisation of operational costs and the maximisation of
flexibility capabilities. A similar approach focuses on residential buildings, where the flexibility
capacity of thermal appliances (air conditioners, heat pumps, electric water heaters) takes
priority due to their significant contribution to total demand Z. Luo et al. (2022). In contrast,
electric vehicles have been included in last year's EMS Moura, Yu, and Mohammadi (2020)
as a local flexibility provider for large building operations.

Both VPP and DA rely on a superior abstraction layer to provide flexibility to the grid and make
energy bids when required. The energy market operates as the upper layer, enabling multiple
agents to interact with each other or provide services to the power grid. The flexibility directly
depends on the energy market, which defines the type of services, flexibility requirements
and goals to fulfil Villar, Bessa, and Matos (2018). Consequently, each modification in the
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ruling can create, affect or remove flexibility providers and services. The reserve capacity
in generation can be defined as a flexibility service requested by the ISO/DSO, where each
agent with power plants can offer its reserve capacity through an auction/bidding scheme, or
under direct request from the ISO Bothwell and Hobbs (2017); Just and Weber (2008).

On the demand-side, DA and VPP must fulfil the ISO requirements and obligations to offer
services. These frameworks have moved beyond theoretical research into real-life interna-
tional pilots and trials. An example can be seen in the load serving entity (LSE) definition
by CAISO in the United States: any entity that serves or sells energy to end-users, allowing
the entity to bid and offer non-spinning reserve and demand reduction in real-time markets
through a scheduling coordinator. Responsibilities and obligations are defined in the ’Particip-
ating Load Agreement’ between CAISO and the LSE Corporation (2013). Similarly, European
initiatives such as the Horizon 2020 'FlexCommunity’ project or trials conducted by RTE in
France have demonstrated the viability of using residential clusters for frequency regulation.
Both DA and VPP agents can respond to direct flexibility requests instead of participating
in energy/flexibility markets, with the demand response (DR) programs widely studied to
provide emergency contingency support and ancillary services O’Connell, Pinson, Madsen,
and O’'Malley (2014) with the power and energy request defined by the ISO/BRP using energy
and availability information from the DR provider.

The Local Energy Markets (LEM) introduced a more decentralised approach for an electricity
and flexibility trading platform between buyers, sellers and retailers in a geographically limited
area, such as microgrids, neighbourhoods and small cities Jin, Wu, and Jia (2020). The LEM
and energy transactions operate over the distribution network. They can communicate with
the DSO for load flow analysis and the BRP for imbalance predictions. The LEM can receive
flexibility requirements from DSO, BRP, or other participants in the LEM to initiate a flexibility
auction, where aggregators and consumers can submit flexibility offers. The LEM makes the
market clearing and provides the requested flexibility services Mengelkamp et al. (2018). The
flexibility products can be defined according to the DSO/microgrid/community necessities,
such as voltage regulation, frequency regulation Couraud et al. (2023) or capacity reserve Lei
et al. (2024).

In conclusion, demand-side flexibility shows potential to offer flexibility services and increase
the potential penetration of renewable energy, supported by flexible appliances such as elec-
tric vehicles and thermal appliances, as well as coordination schemes like virtual power
plants and demand aggregators, which centralise the capacity response to offer to the grid.
The electrification process will increase the pool of flexible appliances, which could provide
flexibility to the grid. However, the flexibility depends on numerous factors: appliance types and
properties, users’ demand patterns, response time, and market requirements and definitions,
making it challenging to estimate demand-side flexibility, especially when considering the
temporal coupling of energy recovery, which will be evaluated in the following section.
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In conclusion, demand-side flexibility shows potential to offer flexibility services and increase
the potential penetration of renewable energy, supported by flexible appliances such as elec-
tric vehicles and thermal appliances, as well as coordination schemes like virtual power
plants and demand aggregators, which centralise the capacity response to offer to the grid.
The electrification process will increase the pool of flexible appliances, which could provide
flexibility to the grid. However, the flexibility depends on numerous factors: appliance types and
properties, users’ demand patterns, response time, and market requirements and definitions,
making it challenging to estimate demand-side flexibility, especially when considering the
temporal coupling of energy recovery phases, which will be evaluated in the following section.

1.1.3 Demand-side flexibility estimation

The available flexibility depends on the set of flexible appliances that can modify their schedul-
ing upon request, the defined market requirements (direction, power, time duration), the flex-
ibility pricing mechanism, network constraints, and weather conditions. Those multiple factors
make it challenging to provide a precise and reliable flexibility estimation. In the literature, the
primary focus for flexibility evaluation relies on the flexibility properties to be evaluated, such
as flexible energy, rebound energy, energy efficiency, maximum flexibility power, flexibility cost,
and storage flexibility, among others. Depending on the approach presented in each research
publication, the following flexibility indicators can be used to quantify the flexibility H. Li, Wang,
Hong, and Piette (2021):

Peak power: Reduced power during peak hours from normal operation

2. Self-consumption: Percentage of on-site generation consumed from the total genera-
tion.
3. Demand response capacity: Reduction in energy consumption during a demand re-

sponse event.

4. Demand response efficiency: comparison between energy deviation in prebound time,
demand response event and rebound time divided by the energy deviation during the
demand response event.

5. Flexibility index: Fraction of the operation cost under flexible and baseline operation.

6. Flexibility factor: Comparison between demand in high-load hours and low-load hours

There is no standardisation of flexibility indicators in the literature, with previously enumerated
flexibility indicators being the most used. Other flexibility indicators could depend on units
of power/energy, ramping, emissions, and economic indicators. The difficulty in comparing
flexibility indicators arises from the fact that the availability of total flexibility depends on the
estimation approach used. Furthermore, the adaptability of flexibility indicators to be modified
according to the publication’s aims complicates the definition of common indicators.
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Flexibility estimation approaches can be categorised according to the methodology explored
in the literature, depending on the expected goals, available demand data, quantity, and type
of flexible appliance, or expected flexibility usage H. Li et al. (2021). The first differentiation
between estimation approaches depends on the view of the flexibility available: top-down
and bottom-up De Coninck and Helsen (2016). First, the top-down approach evaluates the
flexibility estimation problem from a macro perspective to estimate flexibility (i.e., data-driven
models that evaluate flexibility from aggregated demand profiles and demand elasticity as
a function of electricity prices). Second, bottom-up approaches individualise the flexibility
sources and estimate aggregated flexibility as the aggregated effect of each flexible appliance.
Both definitions are extended in section 2.1.1.

The second differentiator between estimation models is the proposed methodology to estim-
ate flexibility, divided into three main approaches:

Data-driven approach: corresponds to approaches which rely on aggregated energy data to
estimate flexibility by evaluating changes in demand patterns to estimate aggregated flexibility.
Under this approach, three main techniques can be individualised:

. Clustering: The clustering approach aims to aggregate flexibility providers with similar
attributes in their flexibility responses or demand patterns to estimate their flexibility
capacity as an aggregate value, thereby diminishing computational complexity com-
pared to evaluating each flexibility provider individually. The clustering enables the
differentiation of flexibility providers, as seen in the work of Andrews and Jain (2022),
which establishes flexibility and energy efficiency indicators for building benchmarking
and utilises K-medoids to cluster buildings. Focused on residential air conditioners to
provide demand response, Qi et al. (2020) uses load level clustering to distinguish
power consumption levels and a second two-stage clustering for usage patterns and
customer classification.

. Regression: The relationship between a dependent variable (demand response, de-
mand, flexibility) could be the effect of various independent variables. The relationship
between variables and identifying patterns in data is known as regression analysis,
or more specifically, regression models. This approach is applied in Dyson, Borgeson,
Tabone, and Callaway (2014) to model the demand response capacity relationship of
thermal models with the cooling state indicator variable and the outdoor temperature.
An indirect flexibility estimation can be performed based on the consumer’s disposition
to participate in demand response programs, an approach explored in A. Srivastava,
Van Passel, and Laes (2019) to characterise demographic and geographical disposition
to offer flexibility using survey data with 40 predictor variables, employing quantile
regression models.
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. Machine learning (ML): Similar to regression models, ML is used as a black-box model
by assuming a causal relation between input and output data. The input data com-
prises sensitive signals, such as energy prices, expected renewable generation, or any
other variable (e.g., weather data, network constraints), while the ML model assesses
their impact on the output data. The estimation of flexibility envelopes for a building
is evaluated using Support Vector Machines, K-Nearest Neighbours, and AdaBoost
regressors in Hekmat, Cai, Zufferey, Hug, and Heer (2023). Short-term EV demand
response prediction under ARIMA and LSTM models is evaluated in Lu et al. (2021).
In contrast, convolutional neural network (CNN) models are implemented in Henych,
Mamula, Sovka, and Sticha (2023) to predict automatic frequency restoration reserve.
The performance of CNN is compared with that of ARIMA, LSTM, and gated recurrent
unit networks.

Optimisation approach: relies on the mathematical formulation of the proposed problem by
defining the set of decisions as variables, the constraints that limit the space of solutions and
the objective function, aiming to reach the best possible solution. The flexibility sources are
modelled to evaluate their behaviour according to their objective, such as minimise operational
cost in a real-time market, maximise profitability, increase energy self-consumption, maximise
demand response capacity in a time window, penalise peak demand, among others, and
include constraints related to network capacity, weather conditions, consumer satisfaction
and market limitations. The malleability of optimisation models allows for the modelling of
generation, transmission, and demand side in energy problems as the complexity increases
and constraints and requirements are included in the model.

Numerous flexibility models have been proposed under optimisation models. In J. Iria, Soares,
and Matos (2019), a two-stage bidding model for a demand aggregator was proposed to parti-
cipate in the energy and secondary reserve market, estimating flexibility per flexible appliance
by introducing additional constraints in their operation. A different approach is presented in
Harder, Qussous, and Weidlich (2020a), where an optimal baseline demand is first calculated
from a set of flexible appliances and a demand response requirement is introduced as an
increase/decrease in demand from the baseline. The difference in operational cost will be
defined as the flexibility cost to the provider. This approach is similar to that presented in De
Coninck and Helsen (2016), which evaluates the flexibility available and its cost in a building
by running three optimisation models. The first optimisation model estimates the reference
demand for space heating, while the second and third define a target consumption as zero and
a high number to assess the flexibility available in a limited time window. The difference from
the target consumption is penalised, and the increased operational cost compared with the
reference case is the flexibility cost of the building. Energy demand and flexibility estimation
models are implemented in sections 2, 3 and 4.
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Experimental or simulation approach: Not exclusively but mainly used in building thermal
appliances, the simulation approach creates white-box models to characterise the thermal
properties of buildings and uses or defines a flexibility quantification framework instead of
including flexibility expressions in the model. Similar to the data-driven approach, the flexibility
quantification depends on characterising demand variations resulting from flexibility actions in
the thermal models, such as pre-heating/pre-cooling of spaces, changing the set-point build-
ing temperature, dimming lights, unplugging low-priority appliances, and ramp limitations in
demand, among others N. Luo, Langevin, Chandra-Putra, and Lee (2022). The thermal prop-
erties are characterised using specialised and highly detailed simulation software, such as
EnergyPlus Bampoulas, Saffari, Pallonetto, Mangina, and Finn (2021), TRNSYS S. e. a. Klein
(2017), and Modelica K. Klein, Herkel, Henning, and Felsmann (2017), which follow physical
and first-principles models.

The difference in flexibility approaches, numerous flexibility indicators, the flexibility properties
under evaluation and the possible services that can be served by using flexibility loads come
to a singular conclusion: The flexibility estimation problem can not be standardised, depends
on the type of service to offer and can not be possible to compare unless the flexibility indicator
is normalised from the flexibility attributes and the flexibility framework is the same or at least
maintains a minimum set of procedures to have a fair comparison. Even if the methods and
indicators are the same, the end-user energy behaviour and the difference in demand patterns
between users will change the results on the flexibility available.

As an additional problem related to flexibility estimation, the cost of offering flexibility and the
aggregated response to flexibility prices have been a challenging problem to tackle. Some
flexibility indicators related to demand response efficiency and flexibility index can provide
information about the demand difference when flexibility is provided. Still, under dynamic
tariff schemes, the price differences could surpass and exploit the energy inefficiencies to
reduce the flexibility cost. In the literature, one approach to obtain the flexibility cost involves
evaluating the reference demand for an EMS and the additional operational cost when a
demand response requirement is provided, as seen in Harder et al. (2020a), where both
problems are solved sequentially. This approach requires the re-optimisation of the EMS
operation problem after each flexibility requirement, whether we desire to respond to more
flexibility requirements during the day. Another approach is introduced in Zade, Incedag, El-
Baz, Tzscheutschler, and Wagner (2018), where the HEMS operation is evaluated, and the
flexibility price is calculated based on the energy cost differences between day-ahead and
intra-day markets. This approach reduces computational time but offers limited flexibility.

Alternative methodologies include reference demand and flexibility under one optimisation
model, as illustrated in J. P. Iria, Soares, and Matos (2019). This approach provides both
upward and downward flexibility, governed by a binary parameter related to the tertiary reserve
direction, which constrains flexibility estimation and responsibility from flexible appliances. Un-
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der a demand response approach Nojavan and Maghouli (2024), the deviation from expected
demand is considered in the model formulation, linking the total daily upward deviation with the
total daily downward deviation. Both methodologies facilitate upward or downward flexibility
per time-step; however, their models do not explicitly account for the rebound effect of the
flexibility offered. This gap in the literature highlights a crucial aspect of the research idea:
energy management, flexibility response estimation, and rebound effect considerations need
to be integrated into a single optimisation process. However, flexibility estimation must be
independent of the energy management problem if no flexibility requests exist. This thesis ex-
plores this opportunity by including the flexibility estimation problem in the virtual power plant
formulation for numerous flexible appliances, providing an aggregated flexibility response that
could not be possible by evaluating each flexible appliance separately.

The following sections in chapter 1 introduce the objectives, hypothesis and methodology
proposed to tackle this problem. As a summary of the thesis, the main results obtained from
the proposed research are introduced in section 1.5. Finally, the scientific contributions made
from the proposed study are presented in section 1.6.

1.2 Thesis objectives

General Objective: To develop a robust framework for estimating and offering demand-side
flexibility through aggregation agents (Virtual Power Plants and Demand Aggregators), by
integrating bottom-up load modeling with stochastic scenarios. The properties of flexible ap-
pliances, flexibility market requirements, and uncertainty from weather and price sources are
considered elements that could modify the available flexibility.

To achieve this, four specific objectives are pursued in a sequence of increasing complexity:

1. Load Modeling: Develop operational models to characterise flexible appliances (Chapter
2).
2. Demand Aggregation: Formulate a model for continuous-time aggregated flexibility es-

timation (Chapter 2).

3. Forecasting: Integrate LSTM-based weather forecasting, based on correlated weather
parameters with cloud information(Chapter 3).

4, Economic Evaluation: Assess VPP economic performance and flexibility response to
price signals under stochastic conditions and rebound effects for numerous appliances
(Chapter 4).
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1.3 Hypothesis

The central hypothesis of this thesis is to explore how the available demand-side flexibility is
influenced by weather conditions, the control approach, appliance limitations and operational
constraints related to energy and flexibility markets. Including the factors that modify the
available flexibility with an energy management system model such as VPP and DA that
considers weather uncertainty and price scenarios, the flexibility from demand-side can be
managed and provided to the power grid, improving the response capacity of the grid to face
generation variability, transmission congestion and increasing local consumption. In particular,
the following specific hypothesis can be formulated:

1. Flexibility depends on the flexibility duration requirement and the rebound time. The
nature of the flexible appliance limits the flexibility duration, while the rebound time
directly increases or reduces the flexibility.

2. The integration and coordinated operation of heterogeneous flexible appliances im-
prove aggregated demand-side flexibility. Various flexible appliances can offer short-
term flexibility coordinated to provide flexibility for a longer time window.

3. Including operational features from the flexible appliances and weather variability into
VPP models can improve the VPP bidding in energy and flexibility markets.

1.3.1 Hypothesis Validation

The hypothesis will be assessed by comparing the VPP’s operational costs and flexibility
response under various conditions (comparison between stochastic and naive scenarios,
seasonal pricing difference, and flexibility requirement duration). The coordination capabilities
can be demonstrated by comparing the flexibility response to unexpected conditions during
the flexibility evaluation. Success is defined by a measurable reduction in unexpected high-
cost days and minor differences with ’perfect information’ benchmarks.

1.4 Research Approach

To reach the proposed objectives presented in section 1.2, the following steps were proposed
to estimate aggregated flexibility and to understand how the operational constraints can affect
its availability

A review of data available, focusing on weather irradiance and energy pricing.

2. Selection of flexible appliances and the development of operation models under an
MILP approach.

3. Flexibility estimation approach for aggregated flexibility and extended time intervals
(maximum flexibility to offer)
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4, Weather scenario generator for virtual power plants and demand aggregator, exploring
the correlation between cloud conditions, solar irradiance and temperature
5. Stochastic virtual power plant model with flexibility sensitivity to prices.

The first two steps are relevant at each stage of the proposed research, forming the basis
for the subsequent steps. The third step addresses the central problem proposed, defining
how flexibility is evaluated and offered in day-ahead markets, and developing a framework to
coordinate flexible appliances and provide flexibility. The fourth step focused on the influence
of uncertainty in flexible appliances, which depends on weather conditions, by establishing a
weather scenario generator using local weather conditions. Finally, the fifth step consolidates
the advances presented in each step into a day-ahead VPP model capable of providing day-
ahead flexibility estimations based on weather and price scenarios.

As the first step, evaluating meteorological and energy pricing data from multiple sources was
required for viability purposes. The correlation between weather conditions and energy pricing
was under research, with the first aim being to obtain a set of data sources from different
locations that offer both databases in the same time window. The second limitation is the
availability of flexibility prices in day-ahead and real-time markets. The selected place was San
Diego, California, USA. The Open Access Same-Time Information System (OASIS) platform
California Independent System Operator. Open access same time information system (2022)
provides reliable information about the California ISO (CAISO), including day-ahead and real-
time energy markets, ancillary services prices and various forecasts. The solar irradiance
database selected is the National Solar Radiation Database from NREL Sengupta et al.
(2018) due to the cloud information provided, along with various weather parameters. Finally,
historical outdoor air temperature data from NOAA NCEI Climate Normals Arguez et al. (2010)
were selected due to their high-quality data compared to other sources. Each source stores
the required data between January 2017 and December 2019.

The next step defines the approach used to select the flexible appliances under research and
develop basic operational models. The state-of-the-art on demand-side flexibility identifies
different appliances under evaluation, which were separated according to their attributes:

. Deferrable appliances: Appliances that can be shifted from their expected operation.

. Interruptible appliances: Can restart operation after a pause with minimal or without
demand losses.

. Adjustable appliances: The level of demand can be adjusted according to some para-
meters.

. Storage appliances: Can store energy in an electric or physical medium.

The described attributes can be associated with mathematical expressions in a MILP formula-
tion, where each appliance could represent one or various flexibility attributes. As a conclusion
of the review of state-of-the-art, five appliances were selected to be studied:
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. Pool pumps: Deferrable, interruptible and adjustable load with high presence in build-
ings. The pump operation is representative of other appliances that rely on electric
motors.

. Electric vehicles: shows all the indicated attributes. The EV was selected due to its high
demand and expected increase in the following years as part of the decarbonisation
process.

. Air conditioners: High-demand load and relevant presence in literature. The central
difficulty for HVAC appliances is the formulation of the building thermal model.

. Electric water heaters: Huge presence in buildings and apartments with high energy
demand, more manageable to model than air conditioners.

. Photovoltaic plants: considered a distributed energy resource rather than an appliance,
the PV was selected as an adjustable but not deferrable and interruptible appliance.

There are other appliances, such as washing machines, lighting, and dishwashers, among
others. However, their impact on energy demand in households and buildings is lower than
the selected appliances. A new database revision was made for the selected appliances to
reflect their physical and demand properties. The webpage ev-database.org Electric Vehicle
Database (n.d.) lists electric vehicles available in Europe, along with their properties. The 30
most sold EVs in Europe until 2021 were chosen as the set of EV appliances. The case of air
conditioners is different; during the flexibility estimation model introduced in chapter 2 a 5-floor
building with 10 apartments per floor was designed following indications from EnergyPlus soft-
ware DoE (2010), while in the Flexibility integration into VPP shown in chapter 4, the thermal
model was developed by following the ISO 13790:2008(E) specifications 1ISO 13790:2008(E)
(2008) and the building properties were selected from the TABULA project Loga, Stein, and
Diefenbach (2016). For pool pumps and electric water heaters, numerous appliances were
selected from commercial pages and their properties were extracted from datasheets. For the
PV appliance, rather than choosing between multiple solar panels, the number of panels,
orientation and slope angle were associated with a random number between +10° from
the latitude and longitude of the selected place. Finally, basic flexible appliance operational
models were developed for each appliance by following the flexibility attributes and special
considerations indicated in the literature.

The third step involves formulating the aggregated flexibility estimation model, which is pro-
posed to address high-duration flexibility requirements with a short-flexibility appliance. The
flexibility estimation approach is bottom-up, defining the flexibility available per appliance as
a variable that depends on the load’'s expected demand, maximum demand, and additional
constraints related to the rebound effect. Those constraints aim to identify upward and down-
ward flexibility from their capacity to deviate their demand in the first stage. In contrast to
other flexibility methods that evaluate the flexibility envelope or require more than one stage
to assess reference demand and flexibility requests, a novel flexibility estimation model was
proposed that defines reference demand and flexibility available in a single step. An alternative
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time-window with the same duration as the flexibility requirement was proposed to achieve
this goal. Both time units coexist in the same model, where the scheduled appliances at
time t (main time window) influence the demand plus demand deviation at time k (alternative
time window). The model evaluates flexibility for more than one time window, allowing it to
respond to extended flexibility requirements. Still, an additional operational constraint needs to
be included: The flexibility offered at time t will be lower than each flexibility estimation during
time k € K. To evaluate the aggregate flexibility estimation model, five case scenarios were
proposed to observe the flexibility response: Flexibility response without energy prices, ToU
pricing scheme, dynamic pricing, response to 1-hour flexibility requirement with variable time
granularity and flexibility response for a 4-block flexibility duration, with expected scheduling
from 1-block to 3-block flexibility duration. This work is detailed in chapter 2.

In the fourth step, the variability of weather conditions is introduced under a weather scenario
generator. The cloud index from the CLAVR-x satellite model was selected to differentiate
cloud conditions and their influence on solar irradiance. Solar irradiance and ambient tem-
perature are correlated to cloud conditions, which can be exploited by using LSTM models
as black-box models. The solar irradiance forecast was trained using the cloud index and
expected extraterrestrial irradiance, along with other variables, while the ambient temperature
was trained using the solar irradiance and the cloud index. The model was trained to forecast
the next 24 hours on both variables using 2 years of meteorological data. The second stage
considers formulating the possible cloud conditions for the next day by defining a framework
to generate scenarios. The framework utilises hidden Markov models with cloud conditions
indicators to estimate cloud transitions between different states, which are categorised into
two levels: sunny conditions and cloudy conditions. Each cloud index is clustered into clear-
sky or cloudy clusters by calculating the Euclidean distance of the density probability function
of the solar irradiance divided by the extraterrestrial solar irradiance. The HMM defines a set
of eight scenarios with different cloud conditions and probabilities of occurrence per month.
According to the observed cloud conditions the day before, these scenarios are used as inputs
in the trained LSTM models to generate solar irradiance and temperature scenarios. The
scenarios were compared with naive and perfect forecast information in a basic stochastic
VPP formulation for 500 flexible appliances. This work is detailed in chapter 3.

In the final step, the previously developed flexibility models and weather scenario generator
are used to develop a stochastic virtual power plant which can estimate and offer demand-side
flexibility. The VPP model can estimate and offer demand-side flexibility using flexibility prices,
because the rebound effect to the flexibility provided was explicitly included in the model for-
mulation, assuming an additional operational cost in the flexibility offered and the subsequent
rebound effect, which needs to be lower than the flexibility price multiplied by the total flexibility
provided in each time interval. Using alternative flexibility scenarios introduced in chapter
2 is mandatory to calculate the reference demand, the flexibility offered and the expected
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rebound effect. A relaxation of the thermal model is implemented to reduce its computational
complexity, allowing for an initial operation estimation with dual heating/cooling operations,
which forces the HVAC operation to follow the higher demand in the next iteration. The model
is tested by using 500 flexible appliances under different cases: A comparison of the relaxed
HVAC operation against usual binary models, flexibility evaluation under fixed energy prices,
stochastic DAM and RTM prices, a stepwise flexibility price, a comparison between stochastic
and naive forecast, variable rebound time and deterministic primary frequency regulation
prices for flexibility. This work and the obtained results are detailed in chapter 4.

In figure 1.1, a flow diagram illustrates the proposed thesis, starting with the relevance of the
problem, proposed solution, alternative flexibility scenario plus weather scenario generator
and their integration into a stochastic VPP.

1.5 Main results

The present section summarises the most relevant results obtained in steps three to five,
presented in chapters 2, 3 and 4.

1.5.1 Demand-side energy flexibility estimation for day-ahead models

The chapter 2 explored the demand-side flexibility problem, which involves the aggregated ca-
pacity of numerous flexible appliances. Under a centralised coordination model, this capacity
could fulfil flexibility duration requirements longer than each appliance’s individual flexibility
capacity. To reach the proposed goal, a novel demand-side flexibility estimation model named
‘Alternative flexibility scenario’ was developed to quantify available flexibility in each time-step
with a customisable flexibility duration.

The developed model relies on the evaluation of the aggregated demand deviation during
the flexibility requirement, where the model evaluates the reference demand in r € T and
the aggregated demand deviation during k € K for each t € T, where K duration is equal
to the flexibility duration. The calculation of both reference demand and demand deviation
in the model enables the proposed model to deliver numerous flexibility offers in a single
iteration, thereby reducing the computational power required compared to other models that
evaluate each flexibility requirement individually. The reference demand was responsible for
price cases; however, the method used to estimate flexibility does not directly respond to flex-
ibility prices. The energy prices have a minor impact on the upward and downward flexibility
available. Still, the model formulation estimates the maximum flexibility capacity that can be
delivered from the appliances without surpassing the rebound and operational constraints
defined in the model. The capacity of the model to provide flexibility for a longer duration
than the selected time interval was confirmed by the evaluation of a 4-block flexibility duration
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requirement using the proposed scheduling from cases with a lower duration, where even if
the flexibility required was lower than the estimated values in the cases with lower duration,
the requirement to maintain the flexibility for a longer time was not provided in some cases,
being the 1-block case the worst case, because of their aggressive scheduling to minimise
demand increases changes on demand. In contrast, the 3-block case got similar flexibility
responses to the 4-block case with lower deviations, except at 17:00 hrs. reaching a deviation
peak of 60%.

1.5.2 Solar and Temperature Scenario Generator Based on Cloud Conditions,
Markov Models and LSTM Networks

In chapter 3, a weather scenario generator of solar irradiance and temperature is developed
as input data for stochastic virtual power plant models. To reach this goal, a forecasting
model based on Long Short-Term Memory neural networks is proposed. This architecture
is specifically selected for its ability to handle the non-linearities and long-term temporal
dependencies inherent in meteorological data, which traditional regression models often fail
to capture.

The model focuses on pattern identification and generation associated with cloud conditions,
where the cloud index parameter from the CLAVR-x software provides information on cloud
conditions for a particular location. Using the cloud index as input in the model training allows
for associating the changes in solar irradiance and temperature behaviour with each index.
Each cloud type has its own probability density function related to solar irradiance versus
extraterrestrial irradiance. Changes in cloud conditions were evaluated using Markov models
for the transition index. A set of eight possible cloud conditions was defined to assess weather
for the next 24 hours, based on the possible index transitions in specific time windows.

The proposed weather generator was tested under a basic stochastic virtual power plant,
which aims to minimise total cost of operation in a day-ahead market. The energy price fore-
cast was obtained from the DeepVAR model, which compares the influence of both weather
and price scenarios on VPP operation against a naive forecast. The Markov transition prob-
abilities for each one of the eight possible weather conditions were used as the probability
occurrence of each scenario in the VPP model. It was found that the proposed weather
forecast model reduces the total operational cost of the models compared to the naive weather
forecast, being significantly lower than the influence of stochastic prices against naive pricing.
The main contribution of the weather scenarios is the reduction of days with high operational
costs. In contrast, the average cost of the other days increases due to considering more
scenarios in the formulation.
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1.5.3 Price-responsive Demand-side Flexibility Estimation Model with Time-
limited Rebound Effect

In chapter 4, the flexibility estimation model developed in chapter 2 and the weather scen-
ario generator from chapter 3 were applied to a stochastic virtual power plant with flexible
appliances and distributed solar generation to evaluate the available flexibility to offer in a
day-ahead market. The flexibility evaluation model was rethought to include and reinforce the
rebound effect within a limited timeframe, addressing one of the weaknesses of the flexibility
estimation problem: the need for a price-sensitive model.

First, the increase in computational complexity of the model necessitated a change in the
thermal model’s operation, removing the binary variables related to heating and cooling. This
two-step approach enables both operations to be performed simultaneously in the first step,
while allowing only heating or cooling in the second step. The differences in the objective
function between the binary and two-step approaches compared to the relaxed model were
4.34% and 4.55%, respectively, for the case with 10 thermal appliances. In contrast, the case
with 10 flexible appliances from each type reaches 0.28% and 0.3%, where the EV and
PV plants gain more relevance than thermal appliances. The obtained results were similar.
Nevertheless, the value in this approach relies on the required time to solve the problem,
limited to 15 minutes in the binary case (exceeding this limit in over 80% of the cases), to less
than one minute for the two-step approach.

The flexibility estimation approach becomes price-sensitive by introducing the time-limited re-
bound effect after providing flexibility. The proposed stochastic VPP was tested under different
price schemes. Under fixed energy prices in DAM and RTP, the flexibility response exhibits
a normal cumulative density function (normCDF) to the energy prices, revealing two mean
values that can be attributed to the action of pool pumps. The second mean value depends
on the price penalty for discharging EV batteries to offer flexibility. Both mean values were
confirmed under stochastic pricing schemes, with higher variability in the mean values and
the standard deviation associated mainly with price variations, and a minimal contribution
from weather conditions to the variability in the standard deviation. Finally, the influence of
the rebound duration on the estimated flexibility was evaluated, showing how duplicating
the rebound time increases flexibility by approximately 30% while reducing rebound time by
half reduces the flexibility available between 21% and 25%. These results facilitate flexibility
estimation and bidding in a real-time market, with no time to re-estimate flexibility.
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1.6 Scientific contribution of the thesis

First, a novel method for estimating flexibility was proposed to evaluate aggregated flexibility.
The ’alternative flexibility scenario’ allows for the inclusion of the reference demand and the
capacity of the flexible appliances to deviate from the proposed demand in a single formu-
lation. The inclusion of both stages of flexibility estimation reduces the number of iterations
required to estimate flexibility, offering the available upward and downward flexibility in each
time window for the defined flexibility duration requirement, in comparison with other models
in literature which require estimating flexibility in each time window individually or offering
multiple flexibility estimations during the day but using the differences between upward and
downward flexibility to obfuscate the rebound effect on the offered flexibility.

Second, flexibility constraints were designed to be incorporated into the operational model
of each type of flexible appliance, which can be adapted to numerous appliance models,
including constraints related to the rebound effects in the offered flexibility if required.

Third, a weather scenario generator that depends on cloud conditions will be developed to
determine solar irradiance and temperature conditions for the next 24 hours. The plasticity
of using cloud conditions allows for the evaluation of weather conditions under controlled
conditions according to the user’s needs, such as evaluating clear sky conditions during
the morning and both clear sky and cloudy conditions during the afternoon. In addition, the
scenario generator uses a hidden Markov model to evaluate cloud transitions, which can be
used to calculate the probability of each scenario during the day or for a defined time window.
The obtained probabilities can be used in stochastic optimisation models. The model was
trained using solar and cloud data from the National Solar Radiation Database (NSRDB) by
NREL, which utilises multiple satellite data sources covering the entire northern hemisphere,
from latitude 60° north, and the whole southern hemisphere, except Antarctica. Consequently,
the model can be trained to evaluate weather conditions on more than 90% of the Earth’s
surface.

Finally, a stochastic virtual power plant model capable of estimating demand-side flexibility.
The model has two differential factors compared with other models in the literature.

1. The estimation approach is price-sensitive: Including the time-limited rebound effect as
a constraint changes the flexibility estimation approach to offer the maximum flexibility
in each scenario, with flexibility profitability higher than or equal to the additional cost or
losses produced due to the rebound effect.



1.6. Scientific contribution of the thesis 19

2. The estimated flexibility considers the aggregated response of the appliance and the
weather influence: the offered flexibility is the aggregated response of the flexible appli-
ances, which offers the minimal-cost flexible appliances at the defined price, providing
flexibility from non-scheduled appliances if a scheduled appliance is unavailable. The
estimated flexibility can be satisfied in each weather scenario evaluated, thereby dimin-
ishing the consequences of non-optimal appliance scheduling and potential penalisa-
tion for not providing flexibility.

Those two differential factors and the inclusion of the ’alternative flexibility scenario’ adapted
to numerous weather and price scenarios make the stochastic VPP flexibility estimation model
a relevant and unexplored approach for flexibility bidding in day-ahead markets.



Chapter 2

Demand-side energy flexibility
estimation for day-ahead models

2.1 Introduction

Two key trends have gained relevance in power systems in recent years. First, the rise of
renewable generation (solar and wind power plants) introduces challenges associated with the
uncertainty and high variability in their generation Bessa, Moreira, Silva, and Matos (2014).
Second, decarbonisation plans reduce the pool of power plants that can provide inertia to
the grid. Consequently, power systems have reduced their response capacity to unexpected
generation changes or transmission contingencies Verastegui, Lorca, Olivares, and Negrete-
pincetic (2021), thereby increasing the flexibility requirements in the power system. In this
new scenario, demand-side flexibility can be an option to maintain grid security and balance
between generation and demand Shaughnessy, Shah, Parra, and Ardani (2022); Strbac et al.
(2019).

Numerous studies propose the use of flexibility from demand-side appliances to prevent
unbalances between generation and demand Aduda, Labeodan, Zeiler, Boxem, and Zhao
(2016); Earl and Fell (2019); Heffron et al. (2020), offer ancillary services using Air condition-
ing appliances Kohlhepp et al. (2021); Qureshi and Jones (2018); Tina et al. (2022); H. Wang,
Wang, and Tang (2019), electric vehicles Alipour, Mohammadi-lvatloo, Moradi-Dalvand, and
Zare (2017); Clairand (2020); Wenzel et al. (2018) or multiple home appliances under an
aggregator approach J. Iria et al. (2022, 2019); J. P. Iria et al. (2018). However, to provide
flexibility from the demand-side, the evaluation of the appliance’s properties to shift its demand
over continuous time intervals has not been extensively studied. This publication addresses
the flexibility estimation problem, considering that the flexibility duration requirement may vary,
ranging from 15-minute requests to 4-hour flexibility requirements, in accordance with the
flexibility and ancillary services market requirements.

20
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2.1.1 Flexibility literature

For power systems, flexibility can be defined as the power systems capacity to balance
supply with demand Cruz et al. (2018), while demand-side response can be defined as the
regulation of the consumer energy patterns A. Dixon (2019), usually under financial incentives.
To account for the demand-side effect, flexibility can be redefined as the device’s ability to
adjust its operation to maintain a balance between supply and demand without compromising
power system stability or user satisfaction.

The flexibility quantification can be explored under two approaches: top-down and bottom-
up. The top-down approach examines the demand profiles of users and buildings to identify
patrons associated with demand flexibility. Data-driven models to evaluate EV flexibility ac-
cording to their changing behaviour Sadeghianpourhamami, Refa, Strobbe, and Develder
(2018), users occupancy behaviour to model buildings in cluster buildings A. Wang, Li, and
You (2018), Long Short-Term Memory and Gated Recurrent Unit methods to predict flexibility
in heat pumps Brusokas, Pedersen, Sik§nys, Zhang, and Chen (2021) and ARMA models to
evaluate Demand Response in HVAC appliances Kara, Tabone, MacDonald, Callaway, and
Kiliccote (2014) can be considered under the top-down approach. In contrast, the bottom-up
approach evaluates the appliance’s properties to shift its demand under an optimal control
model and optimise its consumption according to price signals, CO2 minimisation, or other
incentives.

Under the bottom-up approach, two methodologies have been identified in the literature to
evaluate flexibility:

. Ex-ante flexibility: Evaluate flexibility and appliance operation under the same model.
. Ex-post flexibility: Evaluate the flexibility as the difference between a demand curve that
offers flexibility and a reference demand trajectory.

The ex-ante approach is used to evaluate changes in the control strategies considering one
or various attributes (minimise CO2 emissions, energy prices, demand response requests)
and how the flexibility can help to achieve these objectives Reynders et al. (2018). This
approach compares innovative control strategies with flexibility indicators to evaluate their
performance, as seen in the work of Six Six, Desmedt, Vanhoudt, and Van Bael (2011), which
introduces the “Delayed Flexibility” and “Forced Flexibility” indicators to estimate the time that
a residential heat pump can be delayed or anticipated, similar to D’hulst D’hulst et al. (2015)
considering the delayed flexibility, and the increased and decreased power consumption as
flexibility indicators. Stinner Stinner, Huchtemann, and Mdiller (2016) proposes the “Energy
Flexibility” and "Power Flexibility” indicators to quantify the flexibility available for a water
storage tank, while Klein K. Klein et al. (2017); K. Klein, Langner, Kalz, Herkel, and Henning
(2016) proposes the Grid Support Coefficients indicator to quantify the energy used from
non-renewable sources. Marotta Marotta, Guarino, Cellura, and Longo (2021) presents a
comprehensive review of flexibility indicators, analysing 27 indicators and utilising the flexibility
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factor to compare the energy used in high- and low-penalty hours. Other ex-ante flexibility
models do not need to use flexibility indicators, as seen in Wen Wen, Hu, You, and Duan
(2022), which evaluates the flexibility of various appliances to offer an aggregated feasible
region, using the Fourier-Motzkin Elimination process to reduce constraint redundancy. Iria
J. Iria et al. (2019); J. P. Iria et al. (2018) formulates a demand aggregator model that includes
flexibility constraints in the appliance formulation, offering flexibility according to price markets
and testing its performance using an Model Predictive Control (MPC).

The ex-post approach requires a direct quantification of the flexibility based on the difference
between a predefined demand profile and the appliance’s response if a flexibility requirement
is received. This approach is explored by De Coninck De Coninck and Helsen (2016), to
calculate a flexibility cost curve in proportion to the energy required by the flexibility request,
related to the Oldewurtel Oldewurtel, Sturzenegger, Andersson, Morari, and Smith (2013)
approach, using price signals to evaluate the power shifting efficiency and potential. An altern-
ative approach is explored by Junker Junker et al. (2018), who proposes a dynamic flexibility
function based on the impulse response function for thermal systems, tested with two flexibility
indicators, and a flexibility indicator comparison for energy and carbon dioxide emissions
reduction using the energy shifting, prebound and rebound effect to quantify flexibility Kathir-
gamanathan et al. (2020). Other ex-post publications evaluate the flexibility costs including
the cost of unplanned use of batteries and EV’s Harder, Qussous, and Weidlich (2020b),
considering the flexibility as a virtual energy storage system to determine the available storage
capacity, the storage efficiency, and the power shifting capability in HVAC systems Reynders
et al. (2018), or evaluates the savings on the operation cost using flexible appliances in a
microgrid Gottwalt, Garttner, Schmeck, and Weinhardt (2016).

2.1.2 Contributions

Based on the previously indicated approaches, the flexibility models in demand response
scenarios can evaluate the available flexibility for each time interval or the demand deviation
if a demand response request is received. A gap in the flexibility literature appears whether
the frequency reserve problem is evaluated: a flexibility request duration can vary between
15 minutes and 2 hours, requiring the evaluation of various time blocks to offer flexibility. The
state-of-art flexibility models can solve this problem when the flexibility requirement is known
in advance. Still, whether the flexibility can be requested and dispatched with a 15-minute
notice, a day-ahead model cannot offer an adequate response when the flexibility requirement
is longer than the time interval used. The MPC models for microgrids Kathirgamanathan,
De Rosa, Mangina, and Finn (2021); Mao, Jin, Hatziargyriou, and Chang (2014) can tackle this
problem in real-time. However, a day-ahead flexibility model designed for frequency reserve
markets presents a research opportunity if the flexibility can be offered for continuous time
intervals.
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This publication focused on developing an Aggregated Flexibility Estimation model with a
defined flexibility request duration. The flexibility duration is the number of time blocks to
offer the estimated flexibility to the grid. For example, a flexibility request with a three blocks
duration in a 15-minute time interval case is equivalent to a 45 minutes flexibility request. To
offer flexibility for a defined duration, an alternative flexibility scenario is proposed to estimate
the flexibility. The alternative scenario evaluates how the offered flexibility by the appliances
affects the next time blocks. The model quantifies and maximises the flexibility in the alternat-
ive scenario, where the minimum flexibility value from the alternative time blocks will be offered
as the appliance’s aggregated flexibility, ensuring a constant flexibility offer for the expected
flexibility duration. The main contributions of this paper are:

. A flexibility estimation model for centralised energy management systems that con-
siders the flexibility effects on the appliance’s properties.

. A new set of constraints is presented to quantify the flexibility of the considered flexible
appliances.

. The flexibility rebound effect is integrated into the appliance’s constraint.

. The model estimates the flexibility as the maximum value offered for continuous time
blocks.

2.1.3 Document structure

The publication is organised as follows: Section 2.2 presents the proposed flexibility approach
and introduces the mathematical formulation for the aggregated flexibility estimation model.
Section 2.3 presents the results and discussion of various study cases related to aggregated
flexibility estimation model. Finally, section 2.4 provides the concluding remarks.

2.2 Aggregated Flexibility Estimation Methodology

2.2.1 Flexibility estimation

The proposed aggregated flexibility estimation model aims to minimise the operation cost
and estimate the available flexibility from a set of appliances, assuming that the flexibility
offered must be available for a defined flexibility service duration. This model introduces an
alternative flexibility scenario to evaluate whether the expected flexibility can be provided
over continuous time intervals. In simple terms, the appliance’s scheduling in the alternative
scenario considers the flexibility delivered in each time-step to guarantee that the flexibility
offered can be provided during the flexibility duration service.

The model is introduced as an aggregated flexibility approach because it considers the co-
ordinated response of the evaluated appliances for the continuous time-steps. For example,
if two appliances are respond to a 30-minute flexibility request, the appliance 1 provides 2
kW of flexibility for the first 15 minutes and the appliance 2 offers 2kW of flexibility in the last
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15 minutes. As a result, the aggregated flexibility response considers that the appliances
have provided 2kW of flexibility for 30 minutes. This approach allows short-term, flexible
appliances to offer services for a longer period of flexibility. The mathematical formulation
for this approach is presented in expression 2.1, where the flexibility estimated for the time
step ¢t must be lower or equal to the sum of the flexibility offered in each time block from the
alternative scenario.

In the model formulation, the index n represents the time steps for the alternative scenario. In
this notation, the appliance’s properties are evaluated assuming that the flexibility estimated
in n = 0 only considers the scheduling for ¢, as shown in the figure 2.1. If n > 0 the flexibility
estimated is evaluated according to the scheduling decisions in ¢ + n and the flexibility offered
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Figure 2.1: Graphical representation of the alternative flexibility scenario. The index ¢
represents the time-steps for the proposed time, including the appliance scheduling, expected
demand, and estimated flexibility according to the expected demand, while n represents the
time-steps in the alternative flexibility scenario starting at time ¢, using n — 1 demand, flexibility,
and appliance scheduling to estimate the flexibility in n. The flexibility offered in ¢ corresponds
to the minimal flexibility value found in the n time-steps.

Time blocks

The proposed model can be used with different time intervals according to the EMS pref-
erences. The constraints expressed have been tested using three approaches: a 15-minute
approach (96 time blocks per day), a 30-minute approach (48 time blocks), and a 1-hour
approach (24 time blocks). The flexibility estimation uses the notation "1-block" to indicate for
how many time blocks the aggregated flexibility response is evaluated. For example, a 30-
minute approach with a 2-block flexibility estimation evaluates the flexibility for 1 hour in each
time block, while a 1-hour approach with a 3-block estimation considers the flexibility response
for 3 hours.
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2.2.2 Flexibility model formulation

The flexibility estimation model schedules a set of flexible appliances, such as Pool Pumps,
Electric Water Heaters, and Air Conditioning, considering operational and comfort constraints
for each appliance. The flexibility model formulation aims to provide flexibility for continuous
time-steps, while considering a variable time-step (24, 48, and 96 time-steps per day). The
proposed model considers energy and flexibility prices to minimise its operation, offer flexibility
services, and evaluate how flexibility changes in response to price signals. The presented
flexibility approach can be considered a deterministic model, and there is no penalisation if a
demand deviation occurs.

Objective function and Flexibility estimation

The proposed objective function minimises the operational cost, considering energy and flex-
ibility prices for daily operation. The model optimises the appliance’s scheduling and the
available flexibility for each time-step, where the flexibility must be provided for an N number
of time-steps defined by the flexibility service duration, according to the expression 2.1.
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Expression (2.1b) introduces the total energy consumption at time ¢ as the sum of the flexible
appliances. The expressions (2.1¢,2.1d) introduce the flexibility estimation for continuous
time-steps for upward and downward flexibility. The flexibility estimated for ¢ time-step must
be lower than the flexibility provided by the flexible appliances for the n time-steps associated
with the alternative flexibility scenario, maximising the UF; and DF; values that are limited by
the lowest aggregated flexibility in n time-steps.
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Pool Pumps - Deferrable appliances

The deferrable appliances are electrical loads that can be stopped or shifted without incurring
any penalties related to their operation, and they require a certain amount of energy within
a given period. The pool pump can be considered the appliance most closely related to the
definition of a deferrable appliance. Numerous publications Barooah, Buic, and Meyn (2015);
Gazafroudi et al. (2017); Hao and Chen (2014) promote the active usage of the pool pumps
as a flexibility provider in power systems.

The flexibility estimation constraints has been introduced into the pool pump operational
model. The expression (2.2) presents the pool pump operational constraints, including the
total energy required per day as the sum of the supplied energy per time-step (2.2a), the
maximum power and the pool pump availability are included in (2.2b,2.2c).

Y PP =EPP (2.2a)
t

0<PPP<PPP YtcT (2.2b)

B =0 ift ¢ [Tgar, Tog) (2.2c)

In expression (2.3) are shown the required constraints to estimate the Pool Pump flexibility
per time-step. Constraint (2.3a) limits the flexibility to the time-steps when the pool pump
is available. Expressions (2.3b) and (2.3c) limit the upward and downward flexibility in time-
step t and alternative time-step n to the maximum displacement from the scheduled demand.
The previous expressions need additional constraints to ensure that the pool pump can offer
flexibility without breaking the constraints presented in (2.2). Therefore, to reinforce constraint
(2.2a), the expression (2.3d) evaluates in each time-step n if the upward flexibility offered
does not exceed the pool pump’s daily power. Also, the expression (2.3e) verifies if the pool
pump has enough upward flexibility in the next time-steps to compensate for the downward
flexibility to provide at time-step ¢. Both expressions estimate the rebound effect in the pool
pump model, allowing to the appliance to provide flexibility that can be compensated in the
future.

UF.} =DF/; =0 ift+né [Tia Tl (2.32)
UFL < Phb —PPE VteT,YneN (2.3b)
DFI? < PP VieT,VneN (2.3¢)
t+n n

Y PP+ Y UF'P <EPP VteT,VneN (2.3d)
=0 s=0

n T

Y DF? < Y UF[} VieT,VneN (2.3¢)
s=0 I=t+1+s
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Heating, Ventilation, and Air Conditioning appliances

The high energy consumption of Heating, Ventilation, and Air Conditioning (HVAC) appliances,
combined with the thermal inertia associated with the building’s heat capacity, allows the
HVAC system to shift its consumption, modifying its demand curve. The HVAC appliances
and their flexibility have been extensively studied Chen, Xu, Gu, Schmidt, and Li (2018);
Faqiry, Wang, and Wu (2019); Gazafroudi et al. (2017) and incorporated into various Energy
Management System approaches, such as Virtual Power Plants, Demand Aggregators, and
Home Energy Management Systems.

The HVAC appliances depend on the room temperature, the building thermal inertia, and the
ambient temperature to schedule their operation without exceeding the comfort temperature
chosen by the users. The base HVAC formulation is presented in expression (2.4). The
equations (2.4a) and (2.4b) evaluate the room temperature as a function of its previous state,
the forecasted ambient temperature, and the power used to heat or cool the room. In both
expressions, the terms o and B are used as constant values related to the effect of the
relevant variables (room temperature in the previous time-step, ambient temperature, heating,
and cooling power) on the room temperature. The different approaches to estimate o and f3
are presented on .1. Expressions (2.4¢) and (2.4d) introduce the room temperature constraints
and the HVAC maximum power consumption.

T = Tyt + Gpae % (T2 — T (2.42)
+ Buvacst * PN = Buyae.cx PMC £ =0,V hvac € HVAC

T = T - Gy ()OO0 — e (2.4b)
+ Brvacs P = Buyaec# BC 10, Yhvac € HVAC

T < T < givee vieT (2:40)

0 < pracH  pvacC < plvac Vt € T, Y hvac € HVAC (2.4d)

To calculate the demand and flexibility provided by an HVAC appliance in a unique scenario,
the expression (2.5) determines whether the room temperature exceeds the room temperature
constraints while offering flexibility to the power system. The expressions (2.5a) and (2.5b)
calculate the room temperature if the flexibility increases the expected consumption, while ex-
pressions (2.5¢) and (2.5d) estimate the downward flexibility effects on the room temperature
for the n time-steps. The expression (2.5e) limits the temperature for the room temperature
under flexibility requirements.

HVAC temperature variation under upward and downward flexibility [eq. 2.5]:

UF hvac " hvac,H hvac,H
Tin " = T+ O+ (T = T/1) 4 Bhae,r * (B + UF ) (2.5a)
— Bivacc* (P + UF“C)  n=0,Yhvac € HVAC
UF hvac UF,hvac Forecast UF hvac hvac,H hvac,H
Tt,n = 7;,”71 + Qpyac * (7;—0{-7-6;‘ - Tz,n4 ) + Bhvuc,H * (Pt+11 + UFz,n ) (2.5b)

— Buvac.c * (PZiZCC + UF:’,]:M’C) n# 0,V hvac € HVAC

DF,hvac hvac Forecast hvac hvac,H hvac,H
T, = T2 + Opyae * (T2 = T2V) + Brvac . + (B —DF,, ) (2.5¢)
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— Bhvace.c * (PacC _ DE’?;“C’C) n=0,Yhvac € HVAC

Lo = TN - G (G = TOET) 4 Brvaeas + (BT = DES M) (2.50)
— Bhvac.c * (PKZCC - DF,}_"nvaC’C) n# 0,V hvac € HVAC

Tonin < (TS5, TF) < Tyax VnEN (2.5e)

(2.5f)

The HVAC appliances can provide flexibility independently of their operational mode (heat
or cooling), but having two or more variables to quantify the flexibility can produce some
discrepancies in the appliance scheduling. To avoid this problem, the expression (2.6) unifies
the flexibility variables per operational mode into one variable for upward flexibility and another
for downward flexibility. The expressions (2.6a) and (2.6b) limit the downward flexibility accord-
ing to the expected power for the heating and cooling process, while the expression (2.6c)
limits the upward flexibility according to the HVAC maximum power consumption. Finally,
expressions (2.6d) and (2.6e) sum the flexibility from both operational modes on a single
variable.

HVAC upward and downward flexibility constraints [eq. 2.6]:

DE"“H < vt i e T,Yn € N,¥ hvac € HVAC (2.6a)
DE"“C < PlV%C i e T,¥n e N,Yhvac € HVAC (2.6b)
PZZZC,H i Pz'iﬁ‘“c iy Ft/zac,H

+ UE{’X“C’C < PBuax Vt€T,¥neN,Vhvac € HVAC (2.6¢)
UF!e = YRRt L UFeC i € T, ¥n € N,Y hvac € HVAC (2.6d)
DF" = DF/*“" + DF/*C Vit € T,Vn € N,V hvac € HVAC (2.6e)

The expression (2.6) consider the flexibility for heating and cooling in the same equations
[(2.6¢c), (2.6d), and (2.6e)], but the HVAC appliances cannot heat and cool simultaneously.
Hence, the HVAC heating and cooling operation are limited by the expression (2.7) using a
BigM notation to couple the expected demand to a heating or cooling binary variable.

pract < p o« b it € T Y hvac € HVAC (2.7a)
PPl < Py« bPMC Nt € T,V hvac € HVAC (2.7b)

The inclusion of binary variables associated with the HVAC operational modes requires de-
ciding between a free binary model (first approach) or artificially limiting the binary decisions
(second approach). The first approach (expression (2.8)) allows the HVAC to select between
both operation modes without limitations, an approach that has two weaknesses. First, allow-
ing the model to choose between heat and cool in each time-step increases the computational
power required to solve the scheduling problem. Second, the scheduling model can alternate
between heat and cooling to artificially increase the flexibility. The additional energy cost
can diminish the artificial flexibility increase if that scheduling strategy is used. However,
systems with low or zero energy cost will increase their energy consumption unnecessarily.
This approach is helpful in models with a longer time-step (1-hour), but it can be unfeasible
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for daily appliance scheduling using a 15-minute or a 30-minute time-step.

First Approach
thhvac,H +b P’hvac,C <1 VteT,Vhvac e HVAC (2.8a)

Consequently, the operational decision mode employed in this work is the second approach
(expression (2.9)), which limits the heating or cooling operation based on the ambient tem-
perature forecast. For example, the HVAC cannot heat the room if the predicted outside
temperature is 28°C and the maximum room temperature is 24°C. The appliance can choose
its operational mode without limitations when the forecast temperature does not surpass the
temperature comfort range (expression (2.9c)). The temperature limits in expressions (2.9a)
and (2.9b) can be adjusted according to the requirements.

Second Approach
bR M =0, if TFcost > T, Vi €T, Vhvac € HVAC (2.9a)
bR € =0, if TForecast < T Vi € T, Vhvac € HVAC (2.9p)
b Pthvac,H b Pthmc,c <1

if TF" € [Tyin, Tna] Yt € T, Vhvac € HVAC (2.9¢)

Finally, the expression (2.10) limits the HVAC flexibility according to the operational mode
selected by the model.

UM < P % bPY4M N1 € T,Yn € N, ¥ hvac € HVAC (2.10a)
UF"C < Prge % bPYC Nt € T,Yn € N,¥ hvac € HVAC (2.10b)
DE"“M < P % P N1 € T,Yn € N, ¥ hvac € HVAC (2.10c)
DF/"C < P xbPY“C ¥t € T,Yn € N, hvac € HVAC (2.10d)

Electric Water Heater (EWH)

The Electric Water Heater has a relevant presence in households and buildings. The EWH
penetration in US households reaches 39% Ryan, Long, Lauf, Ledbetter, and Reeves (2013),
and their energy consumption can be 30% of the energy bills Diao et al. (2012). The EWH
utilises a resistor as a heating element, allowing for flexibility in response to variations in water
temperature and user water usage.

The EWH model used is based on the one-node approach, where the water temperature is
assumed to be homogeneous throughout the tank. Other approaches consider two or more
water compartments with different temperatures Mukherjee, Bhattarai, Hanif, and Pratt (2022).
The basic EWH model is presented in the expression (2.11). The temperature evolution per
time-step is given in (2.11a), including the user’s water usage and thermal losses. Expression
(2.11b) introduces the temperature limitation in the model. The term ePfWh is used to exceed
the minimum temperature constraint if the water temperature is lower than the expected value,
forcing the EWH heating at maximum power (expression (2.11a)).
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Viank —WU; Tinput % WU,

ewh __ rewh
Tl - ];—1 * water

tank Viank
PO+ P+ eBE™ = Woank # (T2 = Troom) ft#0 (2.11a)
Viank * Pwater * ngggr
T — bigh + ePO" < T < o™ VieT (2.11b)
0 < P 4 Povt s e POV < pont VieT (2.11c)

The flexibility evaluation uses the same approach presented for the HYAC model. The avail-
able flexibility is estimated based on the demand deviation without surpassing the thermal
constraints, as shown in expression (2.12). The upward flexibility temperature T,f{f is intro-
duced in expressions (2.12a) and (2.12b), while the downward flexibility temperature 70" is
shown in (2.12c) and (2.12d). Expressions (2.12a) and (2.12c) help the transition between
the appliance scheduling and the alternative flexibility scenario, using 7,_; as a start point

and changes to 7.7 | and T,/F

11 for the alternative time-step. The temperature limits shown

in (2.12e) do not evaluates the emergency heating variable, as the appliance lacks flexibility
in unexpected scenarios.

EWH Temperature variation under Upward and Downward Flexibility [eq. 2.12]:

UF,ewh __ ewh Vtank - WUt+n input WUt+n
Tr,n - thl * + Twater *
' Viank Viank
ewh ewh ewh ewh ewh
PH—n +Pmax * ePH—n + UF;‘Jl B vatmk * (7;71 B T;’OOM) ifl’l -0
Cpywater -
Viank * Pwater * gggé)e :
(2.12a)
TUF,ewh o TUFA,ewh Vtank - WUt+n Tinpul WUt+n
tn - tn—1 * Vv, + Lyater * %
an an,
tank tank
h h h h UF,ewh
Pte-&v-vn +Prf1vc;x * ePte—Qv—Vn + UF:?;ZV — Wrank * (Tt,nfl - Troom) f 7& 0
V, Chwater n
tank * Pwater * —3g00
(2.12b)
DF.ewh __ mewh Vtank - WUt+n input WUl+n
Tt.n - thl * + Twater *
: Viank Viank
Pewh + Pewh " ePewh _ DFewh —W " (Tewh -T )
t+n max t+n t,n tank t—1 room ifn=0
Cpywate, -
Viank * Pwater * gg&tf -
(2.12¢)
TDF,ewh o TDF,ewh Vtank - WUt+n Tinput WUt+n
tn — Ttn—1 * % water * v
tank tank
h h h h DF,ewh
Ptern +Pr%lx * ePtern - DE?;;V — Whank * (Tt,n—l - Troom) f 7& 0
Chwater n

Viank * Pwater * 3600
(2.12d)
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Towh < hFe phbeh < et VteT,YneN
(2.12e)

The expression (2.13) limits the EWH flexibility according to the power. The downward flex-
ibility depends on the power consumption (expression (2.13a)), and its limited by the emer-
gency heating variable (expression (2.13b)). The upward flexibility depends on the difference
between the power consumption and the EWH maximum power (expression (2.13c)).

DFS" < Py VieT,VneN (2.13a)
DFS™ < (1—ePf) « Pout VteT,VneN (2.13b)
POt POV e PV L UFSM" < PO Nt e T,YneN (2.13¢)

2.2.3 Case study

To validate the proposed model, it is necessary to specify the energy resources, databases,
case generation process, and other inputs used in the model formulation. First, two sets of
appliances were used to evaluate its flexibility:

. 300 appliances - 100 HVAC, 100 PP, and 100 EWH
. 3000 appliances - 1000 HVAC, 1000 PP, and 1000 EWH

The HVAC formulation considers a building with five floors and ten apartments per floor (50
HVAC appliances per building). The apartment’s surface area is 80 square meters. Each
apartment has one EWH with a 120L tank and a maximum power consumption of 2200W. The
Pool Pumps were randomly selected from a set of 46 different pool pump models, assuming
that the pool pump needs to operate for the minimum required time to filter the water at least
twice daily.

Second, the flexible appliances information. The hot water consumption profiles for the EWH
were generated with the software Load Profile GeneratorPflugradt (2016). For the temper-
ature forecast, historical outdoor air temperature data from NOAA NCEI Climate Normals
Arguez et al. (2010) are used, sourced from the San Francisco International Airport (ID
GHCND:USW00023234). Building material properties and wall-building design were extrac-
ted from EnergyPlus softwareDoE (2010). Energy prices were downloaded from the CAISO
OASIS Platform California Independent System Operator. Open access same time inform-
ation system (2022). The Energy Component in the HASP Locational Marginal Prices and
the Regulation Up and Down from the Interval AS Clearing Prices were used as Energy and
Flexibility prices. The energy and flexibility prices data have a 15-minute granularity, and the
mean price value is used for the 30-minute and 1-hour cases.
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Finally, to test the flexibility changes in a predefined set of appliances, are presented 5
case studio to evaluate how the flexibility changes according to the duration of the flexibility
requirement and the energy prices:

. Case 1: Flexibility estimation without considering energy prices for the different time
intervals

. Case 2: Response to a 1-hour flexibility requirement for the different time intervals

. Case 3: Flexibility under different tariff schemes

. Case 4: flexibility response for real-time prices (one per season)

. Case 5: Appliance response for a 4-block flexibility response

The first case evaluates the appliance response for various flexibility requirements with differ-
ent durations. The objective is to demonstrate how the offered flexibility decreases as the
flexibility duration request increases. This case does not consider energy prices, and the
flexibility prices are fixed at 1 USD/MWh. The second case examines how the time interval
used to estimate flexibility can impact the flexibility itself. The third flexibility case examines
how flexibility is affected by the price schemes outlined in Table 2.1, specifically during the
peak time between 16:00 and 21:00 hours. The fourth case shows how the appliances modify
their flexibility for four distinct real-time price profiles, considering one day per season (and
their respective temperature forecast). Finally, the last case validates the usage of extended
flexibility estimation models. The flexibility estimated for the 4-block approach is introduced as
a flexibility requirement for the 1-block, 2-block, and 3-block appliance scheduling calculated
by the model. The objective is to quantify the demand deviation if a lower (in power) flexibility
requirement but higher in time is received.

Table 2.1: Energy and flexibility prices for the different tariff schemes.

Energy Upward Downward
Flexibility Flexibility
[USD/MWh] [USD/MW h] [USD/MW h]
No price 0 1 1
Fixed Tariff 80 24 24
Real-time CAISO clearance prices at May 10th, 2022
Energy Upward Downward
Flexibility Flexibility
non-peak | peak | non-peak | peak | non-peak | peak
Time-of-Use (ToU) 70 100 24 30 24 30
ToU - Case 1 70 100 24 30 24 0
ToU - Case 2 70 100 24 0 24 30

The first four cases used a 300-appliance set, while the last used a 3000-appliance set to
evaluate the aggregated response to the flexibility requirements. The first two cases evaluate
the proposed three time intervals (15-min, 30-min, and 1-hour), while the last three use a 15-
minute approach with a 2-block flexibility requirement to standardise results. Energy prices
used in the flexibility estimation were from May 10, 2022, unless otherwise indicated. The
case studies were coded in Python using Pyomo Libraries Hart et al. (2017); Hart, Watson,
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and Woodruff (2011). The solver GUROBI Gurobi Optimization, LLC (2024) with a 0.02 MIP
GAP is chosen to solve the proposed problems. Cases 1 to 4 were run on a Ryzen 9 5900HX
processor with 16 GB RAM. The last case was run on an Intel i7 10700 processor with
32 GB RAM. The 15-minute approach with a high number of appliances requires a large
amount of RAM, and even more RAM if the model considers more than 4-blocks. In contrast,
a commercial laptop can easily calculate the 30-minute and 1-hour approaches with a vast
set of appliances.

2.3 Results

The 5 case studies proposed in the section 2.2.3 to evaluate the alternative flexibility scenario
and the prices effects on flexibility will be discussed below.

2.3.1 Flexibility under different approaches

Flexibility without energy prices - 15-min time interval
i 15 min. flexibility, 1-block o 30 min. flexibility, 2-block

1z 1z

0 4 & 12 16 n 4 ] 4 & 12 16 n 4

x10° 60 min. flexibility, 4-block

45 min. flexibility, 3-block

Demand (W)

16 i) L]
Demand.

Dem. + Up. Flex.
Dem. - Dw. Flex.

Time (h)

Figure 2.2: Flexibility estimation for various time blocks under a 15-minute time interval. The
proposed approach considers an alternative flexibility scenario for a defined number of blocks.
For example, if the time interval is 15-minute and the number of blocks is three, the indicated
flexibility can be offered for 45 minutes.

Figure 2.2 shows the flexibility estimated for the 15-minute approach considering flexibility
requirements from 15 minutes (1-block) until 1 hour (4-block), assuming energy prices equal
to zero. The flexibility results for 1-block present higher flexibility and more variability on the
scheduled demand compared with the extended flexibility requirements. Table 2.2 are shown
the total daily flexibility and the flexibility percentage related to the 1-block case. The flexibility



2.3. Results 34

values indicated are the total response capacity, without consider rebound effects. For the
15-minute approach, the downward flexibility showed at least a 20% decrease if the flexibility
requested have more than a 1-block duration, while in the upward flexibility is observed that
flexibility for the 2-block requirement in the 15-minute approach is higher than the base case,
indicating that the flexibility is restricted by the power limitations and proposed scheduling
rather than the thermal storage capacities in the EWH and the HVAC, statement that does not
apply for the 30-minute and 1-hour approach, which shows decreases in the upward flexibility
as expected.

Table 2.2: Daily aggregated flexibility for the studied time-steps and 1-block to 4-block
flexibility requirements. The Flexibility percentage uses the 1-block case as reference

Requirement duration
Time-step 1-block | 2-block | 3-block | 4-block
15-minute | Up. Flex. [MWh] 14.27 14.62 13.14 12.06
% Up. Flex. 100% 102% 92% 84%
Down. Flex. [MWh] | 6.65 5.34 5.23 5.26
% Down. Flex. 100% 80% 79% 79%
30-minute | Up. Flex. [MWh] 13.93 11.95 10.82 10.17
% Up. Flex. 100% 86% 78% 73%
Down. Flex. [MWh] | 6.18 5.18 4.64 4.28
% Down. Flex. 100% 84% 75% 69%
1-hour Up. Flex. [MWh] 11.22 10.06 9.29 8.50
% Up. Flex. 100% 90% 83% 76%
Down. Flex. [MWh] | 5.39 3.89 3.16 2.78
% Down. Flex. 100% 72% 59% 52%

The demand variability observed for the 1-block case in figure 2.2 is repeated in each evalu-
ated time-step. As seen in figure 2.3, the upward and downward flexibility estimated for the 1-
block scenario exhibit high temporal variability when is compared with the flexibility for multiple
blocks. This behaviour can be explained based on the non-temporal flexibility dependence in
the 1-block case. In contrast, the temporal flexibility dependence for the 2-block case and
others, forces the model to choose a smooth demand scheduling to maximise the flexibility.
For example, if turning on an appliance in ¢ 4+ 1 reduces the possible flexibility for ¢ (flexibility
evaluated with n = 1 for the time-step ¢), the model will prefer to postpone the appliance
activation.

Figure 2.3 compares the flexibility proposed for the different time interval approaches with
different flexibility requirements (from 1 to 4-block requirements). In each hour, the estimated
flexibility for an n-block flexibility requirement decreases according to the increase in n, if it is
considered only the cases where n > 1. This statement can not be fulfilled if n = 1 because
of the high variability in the flexibility estimated.
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Flexibility estimation for various block requirements
o X1 Upward flexibility, 15-min approach. ..1o° Downward flexibility, 15-min approach.
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0 4 & 2 16 n 4 0 4 & 12 6 n 4
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.0¢ Upward flexibility, 1-hour approach. .10 Downward flexibility, 1-hour approach.
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Figure 2.3: Flexibility estimation results for the studied time blocks and time intervals. The
upward flexibility results are shown on the left, while the downward flexibility values are
exposed on the right.

A reduction in flexibility is observed at the end of the day, which is directly related to the
duration of the flexibility requirement. The flexibility reduction can be explained by the energy
displaced to increase flexibility when the day starts, and the rebound constraints introduced
in the appliances, which offer less flexibility if the displaced flexibility cannot be compensated.
Both effects exhibit their maximum observed decrease in the 4-block 1-hour case, where the
flexibility reduction starts at hour 16. A rolling horizon approach to estimate flexibility could
be helpful for HYAC and EWH appliances, which evaluate their flexibility based on the room
and water temperature. However, it can be an issue for the pool pump appliances that need
a specific amount of energy daily. If a limited number of hours is evaluated, the proposed
flexibility estimation model may not be enough to capture the Pool Pump behaviour.
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2.3.2 Aggregated response for a 1-hour flexibility requirement

Flexibility estimation for 1 hour

, <0 4blodk, 15-min approach. No prices.

10

&
[
4
2
]

0 4 & 2

12
10

Demand (W)

&
G
4
2
00 4 & 12

10

16

16

n

w0 2-block, 30-min approach. No prices.

n 24

- 1-block, 1-hour approach, No prices

24

Time (h)

X Ablock, 15-min approach, Real-Time Pricing

10

0 4 & 12 6 n 4

X 2-block, 30-min approach, Real-Time Pricing

0

] 4 & 12 16 n i

2107 -block, 1-hour approach, Real-Time Pricing

0

4 B 12 16 20 24
Demand.

Dem. + Up. Flex.
Dem. - Dw. Flex.

Figure 2.4: Flexibility estimation for 1-hour requirement under various time intervals. The
15-minute flexibility approach shows a high definition in demand and flexibility estimation. In
contrast, the 1-hour approach presents smoothed values and reduces the available flexibility.

Table 2.3: Daily aggregated flexibility considering a 1 hour flexibility requirement

No price Real-time Pricing
Up. Flex. | Down. Flex. | Up. Flex. | Down. Flex.
[MWh] [MWh] [MWh] [MWh]
15-minute 12.05 5.26 8.38 3.48
30-minute 11.95 5.18 8.79 3.77
1-hour 11.22 5.39 10.26 4.30

Figure 2.4 shows the estimated flexibility by the three time interval approaches if a 1-hour

flexibility requirement is received. On the left side, the estimated flexibility is shown without

considering energy prices, while the right side shows the flexibility considering real-time pri-

cing. The first difference between no-price and real-time pricing is the appearance of zero

flexibility hours, conditioned by a zero price in specific time intervals. This effect can not

be shown in the 1-hour approach because the mean flexibility price diminishes the impact

of the 15-minute intervals with zero flexibility prices. A second difference between the two
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input signals is the downward flexibility shape. In the no-price signal, downward flexibility is
distributed throughout the day with an expected reduction at the end of the day, whereas the
real-time price approach concentrates the downward flexibility between 8:00 hrs and 18:00
hrs.

An unexpected result is an increase in upward flexibility in no-price schemes when the time
interval is reduced (for example, from 1-hour to 30-min), while in real-time pricing, the flexibility
decreases, as shown in table 2.3. The expected result was an increase in flexibility if the
time interval considered more time blocks in a day, because specific constraints, such as
temperature limitations, are evaluated four times per hour in the 15-minute time interval and
once per hour in the 1-hour approach. This result can be an unexpected consequence of the
energy price, which concentrates demand and flexibility in specific hours.

2.3.3 Tariff schemes response

Flexibility under different tariff schemes - 15-min, 2-block

No Prices 0 Fixed tariff

4 B 1 16 n i 0 4 B 12 16 n p
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Figure 2.5: Flexibility estimation for 30 minutes under a 15-minute time interval. The energy
and flexibility prices are indicated in table 2.1
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Figure 2.5 shows the estimated flexibility for the 300 appliances under different tariff schemes.
The used tariffs are indicated in table 2.1. The difference between a no-price flexibility estim-
ation and a fixed tariff is the downward flexibility reduction at the end of the day, limited by the
lack of demand to shift its consumption. A similar problem occurs with the Time-of-Use (ToU)
tariff. In this case, the energy price in the peak hour (16:00 to 21:00 hrs) directly affects the
downward flexibility, reducing demand to diminish operational costs. This behaviour, combined
with the reduction in flexibility in the last hours of the day, significantly reduces the appliance’s
capacity to adjust its consumption during critical hours. The Time-of-Use tariff considers that
upward and downward flexibility have the same value in the peak hour, generating an artificial
incentive to increase upward flexibility because downward flexibility depends on energy con-
sumption, which is penalised during peak hours. To visualise how the input signal can affect
flexibility, two additional cases were considered: ToU tariffs with downward flexibility and no
value, and ToU tariffs with upward flexibility and no value. The reduction in the flexibility prices
is only viewed for peak hours. The first case yields similar results to the ToU case, reducing
demand consumption to near zero during peak hours. In contrast, the demand in the second
case increases during peak hours because if the downward flexibility prices are higher, the
model will increase its demand to offer more flexibility, negatively affecting the ToU peak hours
aim, which seeks to decrease energy consumption in power systems.

In comparison, the upward flexibility can increase its capacity during the day regardless of the
scheduled demand (and if the flexibility prices are higher than zero), being limited only by the
appliance’s maximum power and rebound constraints. It should be noted that upward flexibility
considers the capacity to increase consumption if a flexibility requirement is received, without
considering the energy price in the alternative scenario, to prioritise the maximum energy the
appliances can shift in time. The reason for using this approach is because the EMS does
not want to increase its consumption without reason, only if an external request is received. A
new formulation that considers the EMS cost to provide flexibility in the event of a new request
and defines how many energy shifts in time can be explored according to the received signal
in the future.

2.3.4 Flexibility estimation per season

The energy and flexibility prices (or other incentives) define the demand consumption and the
amount of flexibility that will be offered during the day, based on the scheduled demand. To
assess the price effect of flexibility, figure 2.6 shows the proposed demand consumption and
the flexibility offered under four scenarios (one scenario per season). Demand consumption on
February 15 depends on the HVAC operation because of the low outdoor temperatures (the
10-percentile temperature was used in this case). The constant energy consumption allows to
the scheduled appliances to offer downward flexibility throughout the day. In contrast, August
16" shows a prohibitive energy price between 16:00 and 22:00 hrs, limiting the downward
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Figure 2.6: Flexibility estimation values for 30 minutes under a 15-minute time interval,
considering temperature and price values for one day per season. Temperature values from
May and November consider 50-percentile temp., February uses 10-percentile temp. and
August, 90-percentile temp.

flexibility to the night and the first hours in the morning, while the upward flexibility price
was 0 USD/MWh in the indicated time window. The scheduled demand consumption for May
10" and November 15" presents similar patterns to August demand, a considerable demand
decrease in the peak hours and some hours in the day where there are no incentives to
offer upward flexibility to the grid. An unexpected conclusion from the results is the lack of
downward flexibility in peak hours; unless the day-ahead flexibility incentives surpass the
benefits of not consuming energy in peak hours, the flexible appliances prefer to use their
flexibility to decrease their total cost instead of offering it to the system.

As a deterministic model, modifying the objective function (expression 2.1a) to return the
energy price if a downward flexibility offer is delivered will generate an artificial increase in
energy consumption. The downward flexibility will not have a cost, so we can shift all the
demand to the hours where the downward flexibility has high prices. To tackle this problem, a
stochastic approach must be developed to incorporate the possibility of offering or not offering
flexibility, depending on the potential energy prices and non-controllable demand, including the
profitability and potential losses if the offered flexibility is inadequate.
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2.3.5 Aggregated appliance response for a 4-block flexibility requirement

One of the principal advantages of the proposed model is its ability to consider flexibility
requirements that can be extended over multiple time steps. In order to validate the exten-
ded flexibility response advantage, the flexibility estimated by the 4-block approach will be
introduced as a flexibility requirement for the appliance scheduling proposed by the 1-block,
2-block, and 3-block flexibility approaches. The model assumes that the potential flexibility
estimated by the 4-block problem is lower than that offered by the other approaches. However,
considering a higher flexibility duration in their estimation is decisive to the energy flexibility
provided by the appliances. The model will evaluate if the 1-block to 3-block cases can follow
their initial scheduling and offer the same (and lower in power) flexibility as the 4-block case.
To clarify, flexibility or response deviation will be considered as the flexibility requirements that
the proposed appliance’s scheduling can not fulfil.

Figure 2.7 and 2.8 compare the upward and downward flexibility response to the indicated 4-
block flexibility requirement. The upward flexibility in figure 2.7 shows the flexibility reduction
when the requirement duration increases, except for the flexibility at hour 10, which shows
lower flexibility values for the 1-block case. The low energy price can explain the reduction
in flexibility between hours 10 and 17 compared to the rest of the day, which increases the
demand scheduled within the indicated time window. The mean price difference between the
10 to 17 hours and the rest of the day is over 40 USD/MWh, which is decisive in the appliance
scheduling proposed in all cases.

The flexibility requirements are compared per block to evaluate if the observed deviations can
be correlated to a specific time block. For the upward case, the flexibility estimated by the
1-block approach presents a difference of up to 60% at hour 10, influenced by the scheduled
demand at 10:30 am. The demand scheduled by the 1-block approach surpasses the demand
by the 4-block approach by 86%, while the demand peak at 10:45 am generates flexibility de-
viations at 10:45 (1-block), 10:30 (2-block), and 10:15 (3-block). Flexibility deviations between
12:00 to 16:00 were produced by the high variability in demand scheduled by the 1-block
approach.

Flexibility deviations for the 2-block and 3-block approaches are reduced by the decreased
demand variability, particularly for the 3-block approach. Flexibility deviations were observed
at hour 10 and hour 14, which are associated with an increase in the scheduled demand. If
the flexibility deviation obtained is compared with the 1-block deviation, the extended flexibility
estimation demonstrates that including temporal dependence in flexibility reduces the demand
variability and increases the response capacity to offer flexibility services.
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Figure 2.7: 4-block upward flexibility requirement for the 1, 2, and 3-block approach. The
flexibility estimated by the 4-block approach is the lowest flexibility (in power) compared to
the other methods, but the proposed scheduling allows for offering flexibility for a longer time.
The response deviation indicates the percentage of the flexibility requests that the appliances
cannot offer per block. The "Dev. at 1-block" line indicates the flexibility deviation in the
first block considered in the flexibility requirement, intending to analyse each flexibility block
independently of the others.
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The downward flexibility case (figure 2.8) shows higher differences between the estimated
flexibility per block approach and their final implementation, reaching a 100% flexibility devi-
ation in some hours. For the 1-block case, the high variability in scheduled demand results
in energy reductions from 6 MW to 0 MW between 17:00 and 18:00 hours (generated by
an energy price increase), which decreases the appliance’s response and denies possible
flexibility services to the grid. A similar episode occurs between 19:00 and 21:00 hrs, where
the demand differences in time diminish the appliance’s response. The principal difference
between upward and downward flexibility lies in the downward dependence on scheduled
demand and energy costs. The proposed model can offer a demand schedule that diminishes
or nullifies the possibility of providing flexibility in specific hours if the energy price drastically
changes between two successive time-steps. Unless the flexibility prices are high enough to
consume energy during low-cost hours, the proposed model will utilise its own flexibility to
decrease its cost instead of offering flexibility to the grid.

To conclude, the extended flexibility estimation can ensure the energy offered in comparison
with an instantaneous flexibility offer for multiple time-steps, utilising fast flexibility appliances
to provide an aggregated and longer-term flexibility response. A negative effect of the pro-
posed approach is the variability reduction on the scheduled demand, which limits its ability
to capture price differences if the flexibility price is high enough to generate this effect.

2.4 Conclusions

A flexibility estimation model is proposed to evaluate the aggregated flexibility response from
a set of appliances. The proposed model quantifies the appliance’s flexibility based on the
frequency reserve requirements. The model offers an aggregated response for a defined
flexibility duration, which can range from 15 minutes to 4 hours, depending on the time
interval and flexibility service duration used to estimate appliance scheduling and flexibility.
New flexibility constraints were introduced to evaluate the flexibility and rebound effect of air
conditioners, pool pumps, and electric water heaters. The flexibility is estimated based on the
maximisation of the minimum flexibility offered by the appliances, using a unique variable for
the flexibility estimation in the subsequent n time blocks.

The presented approach was designed to facilitate the flexibility estimation for frequency
reserves in accordance with ISO requirements for each country. The model can adapt its
operation to the flexibility requirement duration per market or country. As an example, CAISO
secondary and tertiary response has a 30 minutes duration (the activation time changes
between secondary and tertiary) Colbert (2016), the RTE (Réseau de Transport d’Electricité)
considers the replacement reserve volume and the manual frequency restoration service
with a 90 minutes and 120 minutes duration Le réseau de transport d’électricité (2022). In
comparison, the non-spinning reserve in ERCOT requires 30 minutes of interrupted demand
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or the capability to sustain demand for 1 hour ERCOT (2021). The CAISO and ERCOT
flexibility requests can be accommodated by the 15-minute approach with 2-block and 4-block
flexibility durations, while the RTE request can be covered by the 30-minute approach with 3-
block and 4-block flexibility durations. A particular case to consider is when the dispatch time
interval is lower than 15 minutes. Assuming a 30 minutes flexibility request and a 5-minute
dispatch interval, this requirement can be tackle using one of the following two options: use a
15-min approach with a 3-block flexibility duration to cover any possible flexibility requirement
or reduce the time interval in the model to a 5-min approach and limits the problem to a 6-hour
time horizon instead of 24 hours to do not increase the model’s computational complexity.
The proposed model can be adapted to offer day-ahead flexibility regardless of the ISO
requirements.

The flexibility model was tested under different energy price schemes and scenarios to ob-
serve how the flexibility offered changes over time. The appliances depend directly on energy
prices to offer downward flexibility. Suppose the energy prices are low; the demand and down-
ward flexibility increase, while the lack of demand increases the upward flexibility. In contrast,
the lack of downward flexibility in the hours with high energy costs is counterproductive to the
high downward flexibility prices. Unless the flexibility prices can afford the high energy costs,
there will be no flexibility to offer, because the model prefers to use its flexibility to reduce
operational costs.

The extended flexibility requirement approach was tested considering a flexibility request
equal to the values estimated by a 4-block approach. Even if the estimated potential flexibility
was lower than in the other cases, the 1-block to 3-block approach could not fulfil the flexibility
requirement without showing deviations from the expected demand. If the evaluated flexibility
approach considers an extended duration, the observed flexibility deviations will be reduced,
and the scheduled demand will exhibit lower variability than in the 1-block case.

Future work includes an extensive formulation of a Virtual Power Plant for flexible appliances,
to coordinate local flexibility with renewable generation and non-controllable demand under a
stochastic approach. The aim will be to simultaneously offer flexibility services to the grid and
mitigate variability in demand and generation. Second, develop a heuristic to determine the
number of blocks to consider in the flexibility formulation according to the scheduled demand,
energy prices, and historical flexibility duration requirements. Finally, the inclusion of new
appliances such as electric vehicles and a new economic approach to quantify the direct
benefits offered by the flexibility. The new approach assumes a competitive flexibility market
where the agents offer multiple bids for a flexibility requirement or the quantification of the
minimal flexibility bid based on the cost of providing flexibility to the power system.



Chapter 3

Solar and Temperature Scenario
Generator Based on Cloud
Conditions, Markov Models and LSTM
Networks

3.1 Introduction

Forecasting and scenario generation of solar irradiance and temperature play a crucial role
in energy management, as they are actively required for the operation of solar farms, thermal
appliances, peak demand reduction, and congestion in transmission. An inaccurate forecast
could schedule operational points for Distributed Energy Resources (DER) that cannot be
reached, forcing the energy demand to unfeasible cases that could increase operational
costs or surpass the transmission capabilities of the electrical grid. In the literature, multiple
approaches to weather forecasting exist, depending on the available data and computational
capacity.

Traditional statistical approaches in solar and temperature forecasting have been used for
decades, where models from the auto-regressive integrated moving average (ARIMA) and
seasonal ARIMA (SARIMA) have been employed for daily temperature Murat, Malinowska,
Gos, and Krzyszczak (2018); Ozbek, Sekertekin, Bilgili, and Arslan (2021), solar radiation
Chodakowska et al. (2023); Shadab, Ahmad, and Said (2020) and generation Vagropoulos,
Chouliaras, Kardakos, Simoglou, and Bakirtzis (2016). Other approaches explore the copula
probability model Jiao and Emura (2022); Lazoglou and Anagnostopoulou (2019); Sun, Feng,
and Zhang (2020), unsupervised clustering techniques for short-term solar irradiation Feng
et al. (2018); Sanhudo, Rodrigues, and Enio Vasconcelos Filho (2021), and hidden Markov
models (HMM) for solar generation scenarios Zargar and Yaghmaee Moghaddam (2020), plus
considering cosine similarity Ghasvarian Jahromi, Gharavian, and Mahdiani (2020).

45
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Data-driven approaches derived from artificial neural networks (ANN), such as long short-
term memory (LSTM) and convolutional neural networks (CNN), have increased their use
in forecasting. LSTM models are used for short-time solar forecasting, where a modified
ensemble empirical mode decomposition integrated with a CNN-LSTM network is proposed in
Gao, Huang, Shi, Tai, and Zhang (2020). A similar approach is explored in Zang et al. (2020),
which suggested a hybrid CNN-LSTM approach where the LSTM network learns the spatial
correlation using historical data and the CNN is trained to identify temporal correlation. The
inclusion of cloud conditions was previously explored using ground cameras for short-term
forecast with LSTM models Zuo, Qiu, Jia, Wang, and Li (2022) and incorporating satellite
data to utilise cloud type indicators as an input Yu, Cao, and Zhu (2019). For temperature
forecasting, the use of CNN and LSTM models was compared with seasonal auto-regressive
integrated moving average approaches Kreuzer, Munz, and Schliter (2020), and hybrid mod-
els between adaptive neuro-fuzzy inference system and LSTM structures Sekertekin et al.
(2021) were proposed. Hybrid approaches mixed ARIMA and ANN models to forecast solar
irradiation Belmahdi, Louzazni, and Bouardi (2020) or Support Vector Machines (SVM) for
solar irradiance Boualit and Mellit (2016) and generation Bouzerdoum, Mellit, and Massi
Pavan (2013). For temperature forecast, hybrid SARIMA-LSTM models for air temperature
Kumar Dubey, Kumar, Garcia-Diaz, Kumar Sharma, and Kanhaiya (2021); G. Li and Yang
(2023) have been under evaluation.

Satellite-based models utilise data from geostationary and polar-orbiting satellites to offer
wide spatial coverage and high spatial resolution. The use of numerical weather prediction
(NWP) data, satellite images, and radiative transfer calculations can be employed to pro-
pose short-term solar irradiance forecasting Miller, Rogers, Haynes, Sengupta, and Heidinger
(2018), where cloud properties and their future movement impact the variability of solar gener-
ation. Other approaches utilise satellite images combined with convolutional-LSTM models to
forecast cloud movement and XGBoost to predict solar irradiance, considering the influence
of clouds in the forecast Si, Yang, Yu, and Ding (2021). Alternatively, neighbouring satellite
pixels are used for spatial ensemble forecasting using an ANN with Monte Carlo sampling
Yagli, Yang, and Srinivasan (2022). For temperature forecasting, Numerical Weather Pre-
diction (NWP) models such as the Global Forecast System (GFS) Center (2003) and the
Weather Research and Forecasting (WRF) model Skamarock et al. (2021), solve complex
mathematical equations to simulate atmospheric processes for weather forecasting.

The basis of this publication is to explore the relevance of cloud conditions in solar irradiance,
as observed in satellite-based models, and the correlation between solar irradiation and air
temperature. So, this paper introduces a solar and temperature scenario generator based on
the cloud type indicator, determined from satellite images and software developed under the
Pathfinder Atmospheres Extended (PATMOS-x) project Heidinger, Foster, Walther, and Zhao
(2014). The cloud type is used as a cloud state for an HMM model to determine cloud condition
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Table 3.1: Cloud type states defined by the CLAVR-x model.

0 - Clear sky 4 - Supercooled water 8 - Overlapping
1 - Probably Clear Sky 5 - Mixed 9 - Overshooting
2 - Fog 6 - Opague Ice

3 - Water 7 - Cirrus clouds

and the transition matrix. In addition, LSTM models are trained to capture the shapes of solar
and temperature data using the cloud state as input for the forecast, generating a set of eight
scenarios based on the cloud conditions. To evaluate the proposed weather scenarios, a
simple stochastic virtual power plant (VPP) has been used to compare the operational cost
of flexible appliances such as electric vehicles (EV), air conditioners (HVAC), electric water
heaters (EWH), pool pumps (PP) and photovoltaic (PV) generation plants. The VPP proposes
energy bids in the day-ahead (DA) market, allowing it to buy and sell energy in the real-time
(RT) market if required. The main contributions of the proposed work are:

. A monthly trained transition matrix to capture seasonal weather variations in the cloud
type.
. LSTM-trained models to forecast solar irradiance and air temperature using satellite

cloud type indicators.
. Evaluation of the scenarios generated under a stochastic VPP, using weather and
pricing stochastic scenarios and a naive forecast

3.2 Weather Scenario Generation Methodology

The modelling procedure and the approaches to generate the weather scenarios are presen-
ted below.

3.2.1 Cloud type and solar irradiance

Different cloud types exhibit variations in their optical and physical properties, which affect
the absorption, reflection, and transmission of solar irradiance. The Clouds from AVHRR
Extended System, also known as CLAVR-x, is a processing system developed by the Cooper-
ative Institute for Meteorological Satellite Studies (CIMSS) from the University of Wisconsin-
Madison, which generates quantitative cloud products from satellite images. It is capable of
classifying cloud conditions with a resolution of 1km. A list of the cloud-type states is presented
in Table 3.1.
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Cloud conditions directly influence solar radiation and air temperature throughout the day. The
presence of clouds implies a decrease in solar irradiance compared to clear-sky conditions,
while the cloud’s influence on temperature depends on its insulating role of trapping Earth’s
long-wave radiation emitted into space, which diminishes the temperature drop over time. The
relationship between the solar irradiance and the cloud type is presented in the figure 3.1 for
the San Diego International Airport, California.
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Figure 3.1: Discrete probability distribution function per each cloud type state defined by
CLAVR-x at San Diego International Airport, California. The cloud types were separated
according to the Euclidean distance.

The cloud type and its discrete probability density function (PDF) in relation to global ho-
rizontal irradiance (GHI) and extraterrestrial irradiance (known as the clearness index K;)
offer a distinct approach to distinguishing between clear-sky and cloudy days. The standard
approach to separating cloudy and clear-sky conditions is to choose an arbitrary K; value to
differentiate between cloud conditions Yu et al. (2019). Using a cloud state indicator allows
different possible K; values under specific conditions (a thin cloud layer or one-hour cloudy
conditions in a clear sky day).
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3.2.2 Hidden markov models and cloud conditions

The definition of cloud states based on the AVHRR cloud type provides the opportunity to
use HMM as a probabilistic approach to manage cloud conditions. For solar forecasting, the
clearness index can be considered as the observation; the cloud types are the model states,
the transition matrix describes the state transitions and the discrete PDFs are the output
probabilities (figure 3.1).

Cloud states representing less than 0.5% of the total observations were removed to decrease
the number of possible scenarios. Figure 3.1 shows the considered cloud states.

The day was divided into five-time windows with specific rules to build a scenario. This division
was proposed to reduce the number of combinations and to allocate a probability to each
scenario. The developed scenarios are built according to the rules expressed in table 3.2.
The states were aggregated into Clear sky conditions (states 0 and 1) and cloudy conditions
(states 3,4,6,7,8).

Table 3.2: Definition of the cloud conditions per scenario, based on their capacity to change
from clear sky to cloudy only once per time window.

1-Midnight | 2-Sunrise | 3-Midday | 4-Midday 5-Sunset
to Sunrise to Midday to Sunset to Midnight

One random | Clear sky | Clear sky | Clear sky The cloud

transition in | Clear sky | Clear sky | Cloudy type evolves

time between | Clear sky | Cloudy | Clear sky | following the

the midnight | Clear sky | Cloudy Cloudy | night transition

index and the | Cloudy | Clear sky | Clear sky matrix

sunrise index Cloudy | Clearsky | Cloudy

Cloudy Cloudy | Clear sky
Cloudy Cloudy Cloudy

Two different transition matrices were estimated to differentiate cloud transitions during day
(time windows 2, 3, and 4) and night (time windows 1 and 5). Between the time windows 1
to 4, only one transition between clear sky and cloudy conditions is allowed. If the state is
cloudy, it could be any possible cloudy state, according to the transition matrix, after removing
the clear sky conditions.

Each one of the possible scenarios presented in the table 3.2 is associated with a transition
probability, which is usually calculated using the Chapman-Kolmogorov equation to evaluate
the probability of passing from state i to j at each time interval. However, in this specific case,
there is only one transition allowed per time window, forcing the calculation of only the possible
combinations and normalising the probabilities to 1.
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Figure 3.2: LSTM input and output parameters

3.2.3 Long Short-Term Memory

The forecast model utilises the Long Short-Term Memory architecture to train and forecast
solar irradiance and temperature using the cloud conditions as model input, replacing the
discrete PDF to forecast solar irradiance and temperature. This specific variant of Recurrent
Neural Network (RNN) was selected because its gated cell structure (comprising input, for-
get, and output gates) effectively addresses the vanishing gradient problem, capturing the
non-linear, long-term temporal dependencies of weather patterns over the forecast period,
which traditional autoregressive models or standard RNNs struggle to maintain. There are no
changes in the LSTM structure using the same cell reported in Hochreiter and Schmidhuber
(1997). In contrast to the usual LSTM and Bidirectional LSTM formulations, there is no use of
the look-back irradiance and temperature (data from the last hours or last day) in the network’s
input. The cloud type is introduced as a binary indicator using a one-hot encoder, where only
one value equals 1. Furthermore, this differentiation in training was implemented to encourage
the network to catch the influence of the cloud type in the variables to forecast, instead of
replicating the previous day’s behaviour

The input data was normalised under the min-max approach to improve the network training
convergence. The chosen time interval is one hour. The models were trained using temper-
ature and solar irradiance data between 2017 and 2019. The training data covers two time
windows: January 2017 - October 2018 and January - April 2019. The validation data are
separated into two blocks: November-December 2018 and May-June 2019, encompassing
both winter and summer weather conditions during the validation. The testing data starts in
July 2019 and finishes in December 2019.
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3.2.4 Weather scenario generation

This section builds upon the basic HMM approach introduced in Section 3.2.2, with specific
rules and limitations for calculating cloud condition scenarios per day, which are elaborated
below. The scenario generation can be separated into four stages:

Estimation of the transition matrix and scenario probability.
Training and testing of LSTM models (as described in Section 3.2.3).
Generation of specific cloud scenarios with the estimated transition matrix.

o p =

Generation of solar and temperature scenarios based on cloud scenarios.

The transition matrix was estimated for the month under evaluation, using cloud type data
from 2013 to 2020, allowing the model to capture seasonal weather behaviour throughout
the year. The training stage of the LSTM and BiLSTM models follows the indications from
the section 3.2.3. In Figure 3.2, the data input and expected output of the LSTM models are
introduced. The term 'numerous meteorological variables’ includes pressure, wind speed and
relative humidity. The generation of the cloud scenarios follows the rules indicated in Table
3.2. The probabilities of the eight possible scenarios were calculated as indicated in section
3.2.2, allowing only one transition per time window. Finally, solar and temperature scenarios
were created based on the eight cloud scenarios, where the cloud types served as input to
the LSTM model. This approach yields eight solar and temperature scenarios corresponding
to each cloud condition.

3.3 Test environment

3.3.1 Stochastic virtual power plant formulation

A basic stochastic Virtual Power Plant model has been developed to compare DAM energy
buying decisions between the proposed weather scenario generator and naive forecasts in
weather and pricing values.

The model presented in expression 3.1 estimate the energy bids in the DAM using forecasted
energy prices, temperature and solar irradiance as uncertainty parameters (as the generated
weather scenarios). The operational cost of the VPP will be determined as the objective
function under perfect information case (real price and weather conditions) with the proposed
energy buy/sell from the stochastic case.

VPP formulation [eq. 3.1]:
min Z Z Z [ﬂwﬂdamlldam (Etdam.buy _E;z’am,seH)] (3.1a)

W dam t

W rtmq rtm rtm, buy rtm, sell
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w rtm t
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The expression 3.1a introduces the objective function to minimise the energy buy-sell in DAM
and RTM markets based on weather scenarios (and their probabilities). Expression 3.1b is
the energy balance per hour. On the left side, demand sources (such as electric vehicles and
air conditioners) are shown, while on the right side, energy sources (including EV discharge,
solar panels, and energy from markets) are displayed.

The introduction of expressions 3.1¢ and 3.1d comes from the necessity to limit the buying
capacity of the model if there is a relevant difference between the DAM and RTM energy
pricing. Expression 1c limits energy trading according to the maximum energy transmission
per customer (Pl = Y rosumers P;,’}‘;’;umer). Expression 1d limits the maximum energy bought
per day/scenario to the energy required by the appliances plus expected solar generation.
The inclusion of solar plants arises from possible cases where the expected energy injected

into the grid exceeds the expected demand.
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3.3.2 Flexible appliances

The flexible appliances used in the stochastic VPP will be briefly explained, properly cited, and
the differences from the cited publication will be explained. The mathematical expressions will
be included in the model formulation, but please look at the citations for a detailed explanation.

Electric vehicles

EV appliances are included due to their high energy requirements and government policies
aimed at increasing their usage. The EV model presented in expression 3.2 introduces charge,
discharge, expected usage and EV availability for charging purposes.

Electric vehicle constraints [eq. 3.2]:

ev — ev ev ev,ch eV oy
SOE, iy = SOE i —1 TN * (Pw,rtm,z + Py * epw,rtm,z) (3.2a)
Pev,dch
w,rtm,t oy ey
— o = (1 =Av") * Dchigaee

vreT,YweW,VrtmeRTM

SOE;;l‘;'n * (1 - eP:»Yrtm,t) < SOEvKrtm,t < SOE;r;zx (3-2b)

VreT,YweW VrtmeRTM

ev,ch ev eV ev ev ev
0 < Pw,rnn,t + Pmax * ePW,rtm.t < Pmax >kAvt * aw,rtm,t (3-20)

vteT,YweW,VrtmeRTM

ev,dch eV ev ey
0< va,rtm,f < Pmux *Avt * (1 - awmtm,t) (3-2d)
VteT,YweW NrtmeRTM
ev,out ev ev ev eV
S()Ew,rtm,t < S{)Ew.,rtm,t + (louf - l) *T] % Pmax (3.2e)
if ton >t NVt €T N WEW VrtmeRTM
ev ev ev
SOEw‘rtm,r:Z?) >0.9+% SOEwgrtm,z:O *Avl:ZB (3-2f)

YweW,VrtmeRTM

In expression 3.2a, Py, , is an emergency charge variable, which in expression 3.2b allows
the EV to have a SoE lower than the minimum, forcing the EV to charge at its maximum
capacity. The binary variable oy, , defines the charge and discharge process for the EV
(as 1 and 0, respectively). The parameter Av{” is a 1-D array associated with EV availability
to charge (1 - can be charged, O - EV not available) and to discharge, assuming everyday
use. The EV availability has been explored under a Markov chain approach in Srilakshmi and
Singh (2022). The expression 3.2e evaluates a projected charging process at the hour that
the EV will leave the charging point. The expression 3.2f forces a similar SoE at the start and

end of the time interval if the EV is available at the end of the day.



3.3. Test environment 54

Heating-cooling models

An HVAC model has been implemented based on the ISO 13790 ISO 13790:2008(E) (2008)
hourly thermal model, using a 5R1C (five resistances, one capacitance) lumped parameter
network. This model is used due to the availability of real household parameters from the
TABULA database. A linearised version of the hourly thermal model can be found in Schiitz,
Schiffer, Harb, Fuchs, and Miller (2017); Zarrella, Prataviera, Romano, Carnieletto, and Vivian
(2020). In expression 3.3, the equations related to the air conditioning operational mode and
their influence on the thermal model are included. The parameter nf]‘ﬁjﬁ“ is the efficiency of the
air conditioning appliance to transform electrical energy into thermal energy. For a detailed
description, refer to annexe C in the ISO document ISO 13790:2008(E) (2008) and Mazhar,
Zou, Zeng, Shen, and Liu (2022).

HVAC model constraints [eq. 3.3]:

mtot ,hvac m,hvac hvac e,hvac
qu,rtm,t = q)w.,t + Hipom * ew,t (3.3a)

hvac
tr,3 {(b.vt‘hvac +Hhvac % ee,hvac +[_Ithrvlac % GSMPJIWZC

hvac wit trw w,t w,t
Htr72
Hhvizc

tr, ia,hvac hvac hvac,heat hvac,cool
Hhvac (q)w,t + neff * |:Pw,rtm7,f + Pw,rtm.t

ve

VieT,Ywe W, Vrtm € RTM

Gm.hvac [% _ O.S(Hhmc + thw)i| + (bmtot,hvac

sz"hmc w,rtm,t—1 | 3600 tr,3 trem w,yrtm,t (3.3b)
wirtmt Chiyac 40 S(Hhvuc +Hhva6) ’
3600 : tr3 trem
Ve T,Ywe W, Vrtm € RTM
m,hvac mt hvac mt ,hvac
Gw,r'tm,t = (ewyrtm,t + ew.,rtm,t—l )/2 (3.3¢c)
VteT,Ywe W, Vrtm € RTM
hvac m,hvac st,hvac hvac e,hvac
es.hvac o Htrvnafy * 6w,rtm,t +(Dw,t +I-Itrfvtvl'C * ew,t (3.3d)
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Hjps + Hiae + HJe
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tris ve

neff w,rtm,t + Pw,rtm,t

hvac thacyheut hvac,cool ]

hvac hvac
Hhvae 4 phvac

tris
VieT,Ywe W, Vrtm € RTM
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VteT,Ywe W, Vrtm € RTM
0< thac,heat+P£vacycoul Sthac (3.39)

= Dwortmit Ftmt max
vteT,YweW VrtmeRTM

Electric water heater

The electric water heater (EWH) model is included to reflect the increasing electrification
of home appliances. The EWH model presented here builds upon the one-node approach
Nel, Booysen, and van der Merwe (2018), which assumes homogeneous water temperatures
within the tank. A more complex approach involving two or more nodes can be found in
Mukherjee et al. (2022).

The expected operation of the electric water heater is described by expression 3.4. The evol-
ution of water temperature over time, water usage, and additional heat required is captured
in equation 3.4a. In this model, the decision variable evafﬁi’mJ ensures emergency heating

operations are triggered if the water temperature falls below the minimum allowed temperat-
ure, effectively removing the constraint on expression 3.4b. The parameters WU, and TV’VZ‘;’;’;

represent expected hourly water usage and input water temperatures, respectively.

EWH model constraints [eq. 3.4]:
Viank — Wuse; Tinput Wuse;

Tirtme = T g * =, warer (3.42)
rank tank
N P tns + Pt % Psrimt = Wrank % (T2 = Tiowm)
Viank * Pwater * Cip(;‘(}’bﬂ -
ift#0,YweW,Vrtm € RTM
Tyt —bigMxePgyt, < T0, < Toad VieT (3.4b)
VteT,Ywe W, Vrtm € RTM
0 < P+ PowlscePtil < PO teT (3.4¢)
VteT,VYwe W, Vrtm e RTM
(3.4d)

Pool pumps

The pool pump is modelled as a deferrable appliance which can be stopped or shifted without
penalty to its operation. The basic pump operation is described by the expression 3.5. The
expression 3.5a encourage the pool pump to provide the required energy for its expected
operation, where EPP = Pyl x operation hours perday is the energy required per day for the
pool pump’s regular operation. Assuming the pool pump aims to operate for a defined number
of hours daily.

Y P, =EPP NteT,NweW,Vrtme RTM (3.5a)
t
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0 <P <Phb VteT,NYweW,VrimeRTM (3.5b)
Pl s =0 ift & [Tsare, Tona), YW € W, Yrtm € RTM (3.5¢)

PV panels

There are no constraints related to the PV operation in the model. The curtailability of the
solar panels was not taken into consideration. The expected PV generation was calculated
based on the forecasted solar irradiance, outdoor temperature, PV cell properties, and zenith
and azimuth angles. The PVlib library was used to calculate hourly solar of direct horizontal
irradiance (DHI) and diffuse normal irradiance (DNI) using the Boland approximation Boland,
Scott, and Luther (2001) to estimate the irradiance in the plane of array (PoA) of the solar
panels.

NOCT —20
esftll,PV _ evev.',t |l = *lez(.)tA (3.68)
800
nelecV _ pref.py (1 B NT.,pV(Ovii”;PV _ gref)> (3.6b)
Evpv‘; — PV K APV *GﬁgA *n;{fc,PV (3.6¢)

3.3.3 Pricing scenarios

The scenarios for DAM and RTM prices have been considered independent of the weather
scenario generator. Temperature and solar irradiance can influence the energy prices, as seen
in Luoma, Mathiesen, and Kleissl (2014), which evaluates the effect of solar forecasting value
in DAM pricing at 63 sites in California. However, we assume that the weather conditions at a
specific location have minimal impact on regional energy prices.

The DAM and RTM price values have been formatted with averages as hourly data. The
Deep-VAR model Salinas, Bohlke-Schneider, Callot, Medico, and Gasthaus (2019); Salinas,
Flunkert, Gasthaus, and Januschowski (2020) was trained using price data from 2017 to 2019,
utilising PyTorch Forecasting libraries. The multivariate Gaussian copula process allows the
forecast to be run multiple times to estimate the percentiles used as pricing scenarios. A total
of 100 iterations were run to calculate five levels of percentile: 10th, 25th, 50th, 75th, and 90th
percentiles. The probability of each scenario is [0.175, 0.2, 0.25, 0.2, 0.175], respectively.
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3.3.4 Basic VPP test

To validate the weather scenarios proposed by the DAM scenario generator, it is proposed to
calculate the operational cost of a basic stochastic virtual power plant model, as presented in
expression 3.1. We will assume that the following conditions hold:

Estimation of the eight temperature and irradiance scenarios for the next 24 hours.
Calculate parameters that do not depend on the decision variables in the model
Optimise the objective function in 3.1a, subject to constraints from expressions [3.1,
3.2, 3.3, 3.4, 3.5], according to the weather and pricing scenarios.

4. Extract the DAM energy bought/sold by the stochastic model.

5. Rerun the optimisation model using perfect pricing and weather information, adding
the DAM energy values from the stochastic model as a constraint to calculate the
operational cost of the DAM energy decision.

The comparison of the objective function from the forecasted case to the perfect information
run evaluates a differentiated observation of the uncertainty sources. The weather and pri-
cing scenarios are considered independent sources of uncertainty. The weather and pricing
scenarios used as input information for the optimisation model indicated in step 3 is:

. Stochastic pricing and weather scenarios (case stoP-stoW).

. Stochastic pricing scenario and naive weather (case naiveP-naiveW).
. Naive pricing and stochastic weather scenario (case naiveP-stoW).

. Naive pricing and weather scenario (case stoP-naiveW).

The scenario used a code name depending on whether a stochastic or naive scenario was
used, plus the first letter of 'weather’ and ’pricing’. For example, the optimisation using stochastic
pricing and stochastic weather is called stoP-stoW, while naive pricing and stochastic weather
are referred to as naiveP-stoW.

In the VPP model, each appliance will have 100 loads for comparison purposes. The four
appliance cases are:

. 100 HVAC appliances

. 100 PV appliances

. 100 HVAC, PV, EV, EWH and PP appliances. The EV will not be able to discharge the
battery.

. 100 HVAC, PV, EV, EWH and PP appliances.

Each case will be evaluated for a period of 36 days. The selected days are from the 17th to
the 25th of each month. The evaluated months are March, June, September and December,
including all the year’s solstices and equinoxes.
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3.3.5 Appliance properties and data sources

The house properties for the HVAC model are extracted from the TABULA and EPISCOPE
projects database Loga et al. (2016); Website of the TABULA and EPISCOPE projects, section
Publications/Download (n.d.), following the ISO 13790 ISO 13790:2008(E) (2008) to process
their information and calculate input values. The houses from Spain, ltaly, and France were
used because of their similarities to households in the southwestern part of the USA. Each
EWH used has a 120L tank and a maximum power consumption of 2200W. The hot water
consumption profiles were generated with the software Load Profile Generator Pflugradt
(2016). The Pool Pumps were randomised from a set of 46 commercial pool pump models,
assuming that the pool pump needs to operate for the minimum required time to filter the
water at least twice daily. The EV properties used are based on the 30 most viewed vehicles
from EV Database Electric Vehicle Database (n.d.), with random selection for each appliance.
PV panel properties come from the module JASolar JAM66S30 500/MR, with peak power
randomised between 2 kW and 10 kW, orientation true south +15°. Angle is 32° £ 5°.

The development of the scenario generator requires specific data from different sources. The
cloud type information and solar irradiance were obtained from the National Solar Radiation
Database (NSRDB) Sengupta et al. (2018), location San Diego International Airport (KSAN),
California (32° 43’ 48", -117° 10’ 48"). The cloud type and solar irradiance data from 2013 to
2020 were used for HMM, while data from 2017 to 2019 were employed to train LSTM models.
Temperature data was obtained from NOAA National Weather Service for the exact location
between 2017 and 2019. The case studies were developed in Python 3.9 van Rossum (1995)
using additional libraries provided by Tensorflow Abadi et al. (2016). For optimisation, the DAM
and RTM prices were downloaded from the CAISO OASIS platform California Independent
System Operator. Open access same time information system (2022). The case studies were
coded in Python using Pyomo libraries Hart et al. (2017, 2011). The Boland approximation
and estimation of the plane of array (PoA) in the PV panels utilised the PVIlib library Anderson
et al. (2023). The solver GUROBI Gurobi Optimization, LLC (2024) with a 0.02 MIP GAP is
chosen to solve the proposed problems, with a time limit of 3600 seconds if the GAP is not
reached.

3.4 Results and Discussion

The stages presented in section 3.2.4 to generate the weather scenarios and their results are
discussed below.
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3.4.1 Transition matrix and probability per scenario

Table 3.3 shows the occurrence probability of each proposed scenario. The first column of the
table corresponds to the observed cloud conditions at the moment to generate the forecast,
while the cloud conditions in columns two, three and four are the expected cloud conditions in
the respective time window.

Table 3.3: Scenario probabilities according to cloud conditions

Cloud Sunrise | Midday Midday March June Sept. Dec,

start to Mid. to Sunset [%] [%] [%] [%]
Clear Clear Clear 16.29 | 21.28 | 48.95 | 19.36

Clear Clear Cloudy 9.54 3.56 4.29 6.17

Clear Cloudy Clear 9.88 23.34 9.24 2.95

Clear Clear Cloudy Cloudy 7.06 14.12 5.01 5.61
sky Cloudy Clear Clear 17.62 10.38 | 15.82 | 26.70

Cloudy Clear Cloudy 10.32 1.74 1.39 8.51
Cloudy | Cloudy Clear 17.07 | 15.93 9.93 10.60
Cloudy Cloudy Cloudy 12.21 9.64 5.38 20.11

Clear Clear Clear 15.48 14.75 | 44.05 | 17.45
Clear Clear Cloudy 9.07 2.47 3.86 5.56
Clear Cloudy Clear 9.39 16.18 8.31 2.66
Cloudy Clear Cloudy Cloudy 6.71 9.79 4.50 5.05
Cloudy Clear Clear 18.27 | 15.65 | 19.11 | 28.06

Cloudy Clear Cloudy 10.71 2.62 1.68 8.94
Cloudy | Cloudy Clear 17.70 | 24.01 11.99 | 11.14
Cloudy | Cloudy Cloudy 12.66 | 14.53 6.50 21.13

As we explore the transition matrix, it becomes clear that the cloud conditions at midnight
impact the probability of our predictions for the next few hours. There is a slight increase in
the occurrence probability if the cloud condition at midnight coincides with the condition in the
second interval. For example, the probability of having a clear-sky day in June changes from
14.75% to 21.28% if the cloud conditions at midnight were clear sky instead of cloudy.

The seasonal behaviour of the cloud conditions is reflected in the occurrence probabilities,
where the probability of having a clear-sky day in September surpasses 40% under both
cloudy and clear-sky conditions, while in December, there is a predominant position of cloudy
conditions.
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Table 3.4: LSTM indicator results and comparison.

Solar forecast
Case Horizon Layers | Hidden Drop MAE RMSE R?
cells [W/m?] [W/m?]
Proposed LSTM 24h 2 512 0.15 16.45 33.94 0.988
MLP Alfadda, Rahman, and 1h 2 7-5 - - 32.75 -
Pipattanasomporn (2018)
Satellite LSTM S. Srivastava | 24h 2 10 to | 0.2 15.67 to | 23.6t059.2
and Lessmann (2018) 150 27.94
CNN-LSTM Zang et al. (2020) 1h - - 37.2t0 52 69.26 to
86.33
Temperature forecast
Case Horizon Layers | Hidden Drop MAE [°C] RMSE [°C] R?
cells
Proposed BiLSTM 24h 2 100 0.5 1.11 1.57 0.852
LSTM Sekertekin et al. (2021) 1h 250 0.4597 0.6436 -
CNN-LSTM Jingwei Hou and | 1h - 1.02 1.97
Tian (2022)
GRU-LSTM Haque, | 6h - - - 1.37 1.90 0.9
Tabassum, and  Hossain
(2021)

3.4.2 LSTM training

Table 3.4 shows the obtained values for the indicators MAE, RMSE and R? for the proposed
approach and other publications from the literature. The obtained MAE and RMSE values are
located in the lower range compared to those obtained by other models in the literature, which
limits the use of look-back data and instead relies on cloud conditions as a replacement.
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Figure 3.3: Four representative days were used to evaluate the proposed forecast and
observed GHI from the test data. Plots A and B correspond to the clear sky and cloudy
conditions from 2 days in July 2019, while figures C and D are their counterparts from
December 2019.
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Temperature measurements and forecast
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Figure 3.4: Four representative days were used to evaluate the proposed forecast and
observed temperature from the test data. Plots A and B correspond to the clear sky and
cloudy conditions from 2 days in July 2019, while figures C and D are their counterparts from
December 2019.

Figure 3.3 shows the proposed forecast for a clear sky and cloudy days in July and December.
The GHI values under clear sky conditions have minor deviations from the measurements. In
contrast, under cloud conditions, there are some visible but minor differences between the
proposed forecast and the measurements, resulting in a slight decrease in the R? indicator.
In the temperature case (figure 3.4), the R? value drops to 0.85 because of non-expected
changes in temperature, which could be generated by wind or other external factors. For
example, the cloudy day in December (fig. 3.4-D) shows an increase in the temperature in
the first hours of the day and a decrease in temperature after three hours. Regardless of the
rapid temperature changes, the BiLSTM model was able to capture the general behaviour of
the temperature and the influence of cloud type and solar irradiance.

3.4.3 Solar and temperature scenarios based on cloud type

Figure 3.5 shows one day’s solar and temperature scenarios from the selected months. In the
GHI scenarios, the principal difference in the irradiance depends on the cloud conditions at
midday.

One key consideration is how cloudy conditions affect solar irradiance. As shown in Figure
3.1, we see distinct patterns in cloud types and their corresponding PDFs, indicating potential
differences in irradiance under cloudy skies. A second indicator is the possible relationship
between cloudy and clear-sky conditions, where the cloud condition at time ¢ could affect the
irradiance values at t — 1,¢ 4 2, etc. An occurrence of this case may be the low irradiance for
the scenario clear-cloudy-cloudy in June, with values even lower than a full cloudy day case.
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Figure 3.5: Solar and temperature solar scenarios from the selected months for four days.
The forecast of solar irradiance was used as input for the temperature scenarios.

From a temperature perspective, our model effectively captures the influence of cloud type
and solar irradiance. For instance, in June, the clear-cloudy-cloudy scenario is characterised
by both low temperatures and irradiance values. This outcome can be attributed to two factors:
the reduced solar input due to cloudy conditions and the emission of infrared radiation from
the Earth’s surface towards the sky during morning hours when the atmosphere is clearer.
Similar effects are observed in the temperature scenarios depicted in Figure 3.5.
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Figure 3.6: Objective function for the 4 sets of appliances and comparison of weather
and pricing forecasts against naive forecasts. Subplots with numbers 1, 2, and 4 show the
objective function for the forecasted operation, results using perfect forecast information, and
the difference between both values, respectively. Subplots 3 and 5 show the objective function
using perfect forecast information and differences in the objective function from the maximum
to the minimum value.

3.4.4 Forecast evaluation under VPP operation

Various stochastic and naive combinations of pricing and weather scenarios were proposed
to evaluate in section 3.3.4, considering four sets of flexible appliances to assess the improve-
ment of the objective function of a stochastic Virtual Power Plant model, section 3.3.1.

Figure 3.6 presents the objective function of the proposed weather and pricing scenarios for
each set of appliances, using a letter to differentiate each set (A - PV plants, B - HVAC, C - all
appliances without EV discharge and D - all appliances with EV discharge) and a number for
the result obtained:

VPP obj. function with forecast parameters

2. VPP obj. function with DAM energy bought/sold restricted to the VPP forecast results,
using pricing and weather-perfect information

3. Perfect information case shuffled from maximum to minimum

4. Difference between the VPP obj. function of the forecasted and perfect information case
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Table 3.5: Objective function for perfect information evaluation with day-ahead energy
according to forecast optimisation

sto. weather naive weather sto. weather naive weather
sto. pricing naive pricing naive pricing sto. pricing
[USD] [USD] [USD] [USD]
sum -3556.66 -3378.08 -2584.43 -4529.06
100 PV average -98.80 -93.84 -71.79 -125.81
stdev 55.23 107.14 75.76 80.30
sum 1404.83 1473.35 1460.36 1503.33
100 HVAC average 39.02 40.93 40.57 41.76
stdev 21.82 22.33 21.11 23.18
All appliances sum 1251.49 2294.55 3572.87 247.31
without average 34.76 63.74 99.25 6.87
ev discharge stdev 134.25 168.49 138.42 122.63
All appliances sum -4492.93 -843.92 -249.77 -4453.98
with average -124.80 -23.44 -6.94 -123.72
ev discharge stdev 229.30 290.29 295.38 203.36
5. Difference of both VPP cases shuffled from maximum to minimum

The relevance of the subplots numbered 3 lies in their simplified representation of the oper-
ational costs of the different forecast scenarios, where the chronological order is removed,
allowing us to compare each forecast against the others, with the lowest value being the
expected aim. Similar but not the same, subplots with the number 5 indicate the difference in
the objective function of the forecasted and perfect information case, where the ideal case is to
have a forecasted objective function as close as possible to the perfect information case, the
positive values are the additional cost not considered by the forecast case and the negative
values are expected minor cost or additional profits not earned by the perfect information
case.

From the total operational cost of the VPP presented in table 3.5, there is no clear better case
between the stochastic weather scenarios or the naive weather. However, adding weather
scenarios diminishes the impact of high operational costs when naive forecasts fail to capture
changes in weather conditions, thereby facilitating the estimation of operational costs in the
first stage. First, including the weather scenarios could not represent a decrease in operational
cost, as seen in the 100 PV plant case, where the worst-case scenario was the naiveP-stoW;
however, the cases including stochastic weather have a lower standard deviation compared
to the other cases. Figure 3.6 subplots 3 shows the operational cost from the maximum value
to the minimum, where the stoP-stoW case consistently shows the lowest maximum values in
the four cases. However, price gradients tend to be smaller than naive approaches. Including
multiple scenarios diminishes extreme cases with high operational costs but decreases VPP’s
capability to exploit some price differences and obtain higher profits.
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Including the weather scenarios reduces the difference between the operational cost estim-
ated in the forecast and perfect information cases. Figure 3.6.A.5 shows the difference in the
100 PV plants’ operational cost, where the naiveP-stoW forecast reduces the difference near
the minimum values compared to the naiveP-naiveW forecast. The inclusion of the stochastic
pricing in subplots 3.6.A.5, 3.6.C.5 and 3.6.D.5 shows a significant decrease in the difference
compared to the naive pricing scenarios, excepting subplot 3.6.B.5 where the relevance of the
weather scenarios for HVAC appliances could be more relevant than the pricing scenarios.

An unexpected observation from the results is the influence of scenario probabilities on the
occurrence probability of cloud conditions. Naive weather forecasting (case stoP-naiveW) has
an opportunity to replicate last-day conditions and propose energy bids that have a lower cost
from the other approaches, as seen in subplots 3.6.C.3 and 3.6.D.3. An option to include their
influence is to increase the probability of the most similar case to the naive weather or add it
as an additional scenario, requiring modification of scenario probabilities and further research.

Below will be analysed the results per set of appliances:

100 PV plants

In figure 3.6.A.1 is seen a considerable profit in the cases naiveP-naiveW and naiveP-stoW in
March, resulting from the price differences that were not confirmed in the perfect information
case (3.6.A.2) because of the price changes between days, being these the most significant
profit differences shown at the end of 3.6.A.5. On the other hand, the case stoP-stoW have no
positive objective function, reducing the energy sold in the DAM when the price is lower than
the RTM pricing. This decision was not the most effective in the total 36 days of operation,
where the approach stoP-naiveW has a profit of 4529 $USD. The influence of similar weather
conditions makes the stoP-naiveW case more profitable, while the stoP-stoW approach is
better suited for changing weather conditions. This difference in the operation’s profitability
can be seen between the naiveP-naiveW and naiveP-stoW cases, with a difference of 793.65
$USD.

100 HVAC appliances

The operational cost of the four forecast approaches was similar to each other, where the
approach stoP-stoW has better results at an operational cost of 1404.83 $USD, while the
worst case was the stoP-naiveW with a cost operation of 1503.33 $USD (a 6.55% higher,
according to table 3.5). The lower cost difference compared to the previous case could be due
to two factors: the shift in energy purchase capacity and the thermal inertia of the households.
Thermal inertia or storage allows the VPP to displace the need for additional energy for
several hours, thereby searching for a lower energy cost. The cases with a stochastic weather
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approach could consider worse weather scenarios, making more conservative energy bids in
the DAM. Only in December do we have days with a significant difference between expected
and actual operational costs (figure 3.6.B.4), which could be due to unexpected weather
conditions.

All appliances, without EV discharge

As seen in table 3.5, the operation cost of the stoP-stoW case was 1004 $USD higher than the
stoP-naiveW. From the four forecast instances evaluated in figure 3.6.C.3, the stoP-stoW case
has the lower value from the four days with a higher and lowest cost per forecast approach,
but the stoP-naiveW has a constant lower value in the middle part of the 36 days evaluated.
The influence of new appliances, which were unrelated to weather conditions, could reduce
the impact of weather scenarios and decrease operational costs.

All appliances, with EV discharge

The introduction of discharge capacity (for electrical storage) enables EVs to actively displace
energy in real-time based on DAM and RTM pricing, taking advantage of weather conditions
and expected energy to buy or sell from the DAM. The comparison of the subplots 3.6.C.3
and 3.6.D.3 shows a decrease in operational cost in the middle area of the plot, reaching
values under zero for a higher number of days. The cost difference between stoP-stoW and
stoP-naiveW is minimal (0.87% in favour of stoP-stoW), as seen in table 3.5. This difference
could be higher if the EVs were available during midday. The EV used to be unavailable during
work hours (8am to 5pm) with some time displacement and occasional EV connected all day.
The improvement in the inclusion of electrical storage can be seen in the naiveP-naiveW and
naiveP-naiveW cases, reducing the operational cost difference from 1276 $USD to 594 $USD
from the case without EV discharge.

3.5 Conclusions

Our study proposes a novel scenario generator for day-ahead weather forecasts based on
cloud conditions. This approach considers the cloud type conditions to estimate the transition
matrix of the cloud states and capture its seasonal behaviour. By using cloud conditions
as input for the LSTM model, our model limits the look-back data to minimise unexpected
persistence of day-before conditions in the forecast.

The trained LSTM and BiLSTM models demonstrated excellent performance in capturing the
influence of cloud conditions, with low values for MAE and RMSE indicators comparable to
other publications that utilise look-back data as input. The significance of the cloud indicators
is evident in the temperature and solar scenarios, which show notable differences between
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cloudy and clear-sky conditions. For the irradiance model, out trained model accurately cap-
tures the effect of the cloud conditions, particularly at midday. In contrast, temperature models
capture the effect of clear-sky conditions at night, with a greater decrease in temperature
compared to cloudy days.

We applied the proposed weather scenarios to a basic Virtual Power Plant (VPP) model for
testing bidding decisions in day-ahead markets, using the scenario occurrence probabilities
as scenario probability in the objective function. Using these scenarios, we reduced the
difference between the expected and actual operational costs under perfect information, while
decreasing high-cost days compared to naive forecast approaches, but slightly increasing
mean-case costs.

Future research includes incorporating naive weather conditions as an additional scenario to
the model and adjusting the occurrence probability. We can also refine our scenario gener-
ation algorithm by introducing new rules that eliminate low-probability scenarios (e.g., those
involving two or more cloud transitions). Next, we plan to replace Markov models with Cloud
Motion Vector approaches under a dynamic optimisation framework for next-day forecasts.
Finally, we aim to extend the proposed approach to include demand forecasting in centralised
hubs.



Chapter 4

Price-responsive Demand-side
Flexibility Estimation Model with
Time-limited Rebound Effect

4.1 Introduction

The presence of renewable generation in recent years, plus its expected increase due to
the 2050 net zero plans J. Dixon, Bell, and Brush (2022); Maka, Ghalut, and Elsaye (2024)
and the electrification of transport Yuan, Thellufsen, Lund, and Liang (2021) and industrial
process Sorknaes et al. (2022) have two expected but hard-to-tackle consequences: The
energy required at 2050 will be four times higher than 2020 IRENA (2022) and it is expected
that almost 90% of electricity generation in 2050 will come from renewable sources Bouckaert
et al. (2021), with solar and wind generation as primary sources.

The vast presence of renewable generation implies a low capacity response from the gener-
ation side to changes in demand or transmission contingencies, in addition to the uncertainty
and variability produced by solar and wind generation Ringkjeb et al. (2020); Russo et al.
(2023); Sharifzadeh, Lubiano-Walochik, and Shah (2017). Under high renewable generation
scenarios, the grid needs each available source of flexibility, where demand-side flexibility
offers the option to change the scheduled demand from flexible appliances in response to
price signals or direct flexibility requirements.

The flexibility estimation problem has been examined following top-down and bottom-up ap-
proaches. The top-down approach considers macro elements such as monthly and daily
demand or hourly demand profiles from households, buildings, and industries to character-
ise flexibility as the capacity to modify their demand. Machine learning approaches have
been reviewed in Antonopoulos et al. (2020), focused on forecasting, clustering, baseline
demand, scheduling and incentives schemes. Data-driven models are used to evaluate EV
flexibility according to their changing behaviour Sadeghianpourhamami et al. (2018), and
Sajjad, Chicco, and Napoli (2016) evaluates the time-variable demand patterns of aggregate
residential customers. The bottom-up approach models the flexible appliance properties to
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evaluate its capacity to shift, interrupt and change their demand under an energy management
system model, which responds to price signals, CO2 minimisation, demand peak reduction,
and other incentives Reynders et al. (2018). Under this approach are studied buildings Junker
et al. (2018); H. Li et al. (2023), home energy management systems Munankarmi, Jin, Ding,
and Zhao (2020); Srithapon and Mansson (2023) and electric vehicles Gunkel, Bergaentzlé,
Greested Jensen, and Scheller (2020); Taha, Vincent, and Bitar (2024); Zhang et al. (2020),
among others. The flexibility offered can be measured using flexibility indicators, where 27
flexibility indicators are evaluated in Marotta et al. (2021) by comparing the energy used in
high and low penalty hours. The flexibility power duration curve is presented in Plaum, Rosin,
and AhmadiAhangar (2024) as the aggregated response of thermal appliances controlled by
HEMS that report their time to reach temperature comfort limits to a demand aggregator.

In contrast to flexibility estimation, the cost of offering flexibility or responding to flexibility
prices has been a more challenging problem to tackle. In the literature, estimating the refer-
ence curve and the cost of providing flexibility are usually evaluated separately, as seen in
Harder et al. (2020a), which runs two optimisation problems. The first estimates the reference
demand, while the second receives a flexibility requirement to be followed, being penalised
if a deviation occurs. The difference in the operation cost will be the flexibility cost. In De
Coninck and Helsen (2016), three optimisation models are proposed to estimate the flexibility
cost curve for a building, following the separation between reference demand and flexibility
offered in the problem formulation. Similar to Zade et al. (2018), where the HEMS operation
is evaluated first, the flexibility price is calculated based on the energy cost in day-ahead and
intra-day markets. The main disadvantage of the separation between reference demand and
flexibility to offer is the iterative nature of the flexibility cost estimation; whether the amount of
flexibility or the hour when required changes, the model needs to re-optimise their operation.

Other approaches include reference demand and flexibility offered under a single optimisation
model, as seen in J. P. Iria et al. (2019), which provides upward and downward flexibility
according to a tertiary reserve direction binary parameter, thereby limiting flexibility estimation
and responsibility among appliances. Under a demand response approach, in Nojavan and
Maghouli (2024), the deviation from expected demand is considered in the model formulation,
coupling the total daily upward deviation to the total daily downward deviation. Both ap-
proaches offer upward or downward flexibility per time-step, and their models do not explicitly
consider the rebound effect of flexibility. For only thermal appliance models, the flexibility factor
Finck, Li, and Zeiler (2020); Le Dréau and Heiselberg (2016) is introduced to quantify the
flexibility cost as the difference between the heating demand in high and low price periods,
divided by the sum of both values.
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4.1.1 Contributions

This publication develops a day-ahead flexibility estimation model under stochastic conditions
and rebound effects, according to the ISO/DSO requirements for load-serving entities (LSE)
such as DA and VPP to participate in flexibility markets. The aggregation agent proposes a
demand trajectory based on their scheduling decision and offers upward and/or downward
flexibility in the day-ahead market (DAM). The model can buy/sell energy in real-time markets
(RTM) in each scenario to fulfil the proposed demand trajectory in DAM. The flexibility will
be considered as the energy difference between the energy trajectory and the deviation
proposed by the LSE, according to the time duration requested by the ISO/DSO. After the
requested flexibility duration, the aggregation agent or LSE will have a limited rebound time to
return to the appliance’s expected 'storage state’ defined in each time-step, allowing flexibility
to be offered immediately after the rebound time. The ’storage state’ is an energy storage
indicator for flexible appliances (state of energy on EV, the temperature in HVAC), defined by
the appliance operation in each time-step.

The flexibility will be estimated based on the ’alternative flexibility scenario’ approach presen-
ted in Salgado-Bravo, Negrete-Pincetic, and Kiprakis (2023), which proposes a ’branch’ in
the evaluated scheduling horizon to estimate maximum positive and negative deviations from
expected demand as upward and downward flexibility. The duration of the branch is limited
to the duration of the flexibility request, which can be greater than or equal to the time
granularity of the time-step. This approach will be extended to consider the rebound effect and
associated costs from providing flexibility under stochastic operation, referred to as 'Trajectory-
based aggregated flexibility estimation’. In this context, each branch will evaluate upward
and downward flexibility and its rebound effect, which depends on the demand trajectory
determined by the same model. Including branches makes the flexibility estimation model
able to respond to flexibility prices.

The determination of a day-ahead energy bid, demand trajectory, and the inclusion of the
rebound effect for various weather and price scenarios simplify the analysis of aggregated
demand-side flexibility capabilities, offering a valuable tool for DAM energy and flexibility
decisions. The main contributions of this paper are:

. An stochastic flexibility estimation model for Load Serving Entities, able to offer flexibility
by continuous time intervals

. The explicit inclusion of the rebound effect in the day-ahead flexibility evaluation

. The offered flexibility responds to price signals and depends on the energy cost, the

duration of the rebound time and additional cost from expected EV degradation
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4.2 Price-Responsive Flexibility Methodology

4.2.1 Trajectory-based aggregated flexibility estimation

The alternative flexibility scenario was defined as a branch in the evaluation horizon, allowing
for the estimation and offer of flexibility from the demand side for the next K timeblocks
Salgado-Bravo et al. (2023), where K represents the flexibility duration. This approach will
be extended to introduce a stochastic formulation that considers various energy prices and
weather conditions, as well as the rebound effect on the offered flexibility by each appliance.

From the VPP on DA scheme, flexibility is the aggregated response of the flexible appliances
from the expected demand under regular operation. The same flexibility estimation model
needs to determine the demand trajectory for the set of flexible appliances. Under this ap-
proach, we defined upward and downward flexibility as the capacity of the aggregator to
increase or decrease demand from the reference trajectory in response to price or control
signals.

The flexibility estimation will be limited by the aggregator’s probability of being called to provide
services, similar to a capacity offer. This probability will be referred to as the probability of
occurrence (o), enabling the model to estimate the demand trajectory and meet the energy
demand without artificially inflating the demand to provide flexibility.

The concept of rebound effect’ is introduced to describe the condition where the set of flexible
appliances needs to return to the expected demand after the flexibility requirement. To meet
this condition, the 'storage state’ is used as an energy storage variable per appliance. This
variable, after the rebound time, must be equal to the expected value without offering flexibility.

The trajectory-based flexibility estimation is formulated to determine an optimal demand tra-
jectory, minimising demand fluctuations for various weather and price scenarios and estimat-
ing the flexibility to offer in the DAM. The trajectory-based flexibility estimation model fulfils the
following requirements:

. Formulation of a day-ahead demand trajectory for VPP schemes

. Estimation of the maximum flexibility to offer from a set of flexible appliances, without
considering rebound effect or energy prices (as a flexibility upper bound)

. Evaluation of the demand deviation from the proposed trajectory in each scenario,
limited by the flexibility estimated and flexibility requirement duration.

. Evaluation of the rebound effect, defined by the offered flexibility and the allowed re-
bound time.

The model is adept at identifying the cost-benefit of flexibility, accomplishing the requirements
in a single stage. It employs the alternative flexibility scenario approach, branching from the
evaluation horizon. Over the next 24 hours, the model schedules the appliance operation
in multiple weather and price scenarios. The first branch estimates the maximum flexibility
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to offer, with a duration equal to the flexibility requirement. The second branch evaluates
the effect of the flexibility offered and the rebound effect on demand. Both branches are
considered at each time-step, to estimate and offer flexibility for the next 24 hours. The model’s
inclusion of the rebound effect and the valuation of demand deviation in RTM enables it to
identify the cost of the flexibility offered, which is always equal to or lower than the benefits
obtained from offering flexibility to the grid.

Model considerations

The proposed model can operate under different time intervals according to the flexibility
requirements. The constraints expressed have been tested using two approaches: a 30-
minute approach (48 time blocks) and a 1-hour approach (24 time blocks). The flexibility
estimation uses the notation "1-block" to indicate the number of time blocks the trajectory-
based aggregated flexibility response is evaluated. For example, a 30-min approach with a
2-block flexibility estimation evaluates the flexibility for 1 hour in each time block, while a
1-hour approach with a 3-block estimation considers the flexibility response for 3 hours. A
15-min approach (96 time blocks per day) was evaluated but not included due to the high cost
of RAM in the model formulation.

The model is capable of estimating flexibility for a variety of appliances, including pool pumps
(PP), electric vehicles (EV), air conditioners (HVAC - heating, ventilation and air conditioning),
electric water heaters (EWH), and solar panels (PV - Photovoltaics). It will estimate flexibility
in continuous time-steps, and the number of time-steps can be modified according to the
expected system granularity.

Three different units of time are used:

. t as unit of time, covering the next 24 hours (set T')
. k as unit of flexibility time, limited by the flexibility requirement duration (set K)
. k' as unit of rebound time, limited by the expected rebound time (set K’)

In some expressions, two elements in parentheses in the superscript indicate that the con-
straint needs to be expressed under both elements. An example can be observed in 4.1f,
where [U p, Dn] indicates the expression needs to evaluate for upward and downward flexibility
separately.
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4.2.2 Objective function and operational constraints

The proposed objective function aims to minimise the operation cost of the appliances under
various weather and price scenarios, offering one DAM energy bidding and numerous RTM
bids (one per scenario). The expression 4.1 considers the energy required/sold to the system
in DAM and RTM, penalties for demand trajectory deviations, additional benefits for offering
flexibility, and the additional cost of returning to expected operation within the rebound time.

VPP model formulation [eq. 4.1]:
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The expression 4.1b corresponds to DAM energy bids (only one bid), while expression 4.1c
are the bids in RTM in each scenario. The expression 4.1d covers demand deviation from the
expected trajectory determined by the model. The expression 4.1e represents the revenues
from offering flexibility, according to the flexibility price, plus the sale of energy diminished by
downward flexibility requirements. The expression 4.1f estimates the cost or revenue of the
rebound effect when flexibility is offered, considering RTM prices. The expression 4.1g added
a penalisation for EV discharge in time, upward and downward flexibility cases, related to the
state of health (SoH) of the battery, as discussed in section 4.2.7.

Demand balance constraints:

PV
P ch P dch PV
W,rtmt _Z wrtmt+z ( wrtm,t wrtm l) ZPwrtmt (4'2)
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The expression 4.2 defines the 'demand’ as the sum of the energy requested/provided from
the demand-side, while expression 4.3 introduces the energy requested from external sources,
being the expressions 4.2 and 4.3 the generation-demand constraints. The expression 4.4
introduces the proposed demand trajectory to follow by the LSE, plus an allowed band for a
slight deviation (term n %). The model determines the demand trajectory and must be followed
in each weather and price scenario, allowing for non-penalised deviations by a constant
parameter 1, which is multiplied by the expected total energy requested by the aggregator
for the day, divided by At, equal to 24 hours.
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The expressions 4.5 and 4.6 limit energy flow in two different approaches. First eq. 4.5 limits
the energy demand according to the maximum power by contract, while eq. 4.6 forces the
model to only sell energy to the EV battery discharge and PV power, thereby avoiding energy
bids motivated by price differences between DAM and RTM markets.

Aggregated upwand and downward flexibility constraints:
o heat 1 1, hvac
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Expressions 4.7 and 4.8 ensure the flexibility values Fup; and Fdn, for the next K time
intervals. The flexibility is evaluated in each scenario as the sum of the flexibility provided by
the appliances. However, the flexibility offers Fup, and Fdn,, which are the maximum values
that all scenarios can provide.

The flexibility estimation depends on the appliance conditions, weather and prices. In addition,
the flexibility can be influenced by market requirements or their capacity to fulfil the request.
Limitations explored in expressions 4.9 to 4.11.
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Fup, < Bigh x Fup®'’*" (4.9)
Fdn, < BigM « Fdn?7*" (4.10)
y (Fdn,”f fer 4 Fupt!” ”) < NOffers (4.11)

t

Expressions 4.9 and 4.10 were associated with the capacity of the DA to provide flexibility
offers at time ¢. The binary variables Fup?//*" and Fdn?//*" could be changed to parameters
according to the aggregator’s interest, thereby decreasing the complexity of the problem and
facilitating decision-making at time ¢ when only upward or downward flexibility is evaluated.
The expression 4.11 limits the number of flexibility offers per day, diminishing the flexibility
provided but bidding for the most profitable offers for the LSE. For testing purposes, N//¢’s
do not limit the number of flexibility offers during the day.

Demand balance under flexibility bid and rebound effect:

E
Tro—n 5 +Fup; <DYP  <Tra+Fup VK€K (4.12)
E
Tri—1% —“ — Fdn, <DU < Triy—Fdn,  VkeK (4.13)
ull [Up,Dn] pp.|Up,Dn| po ch,|Up,Dn] ev,dch,[U p,Dn]
w rtm,t,k ZPW rtm,t .k + Z ( w,rtm,t .k - Pw,rtm.t,k ) (4'1 4)
HYac thac,heat,[U p.Dn] thac ,cool ,[Up,Dn]
+ Z w,rtm,t .k + w,rtm,t .k
ewh [Up,Dn] 4 pv,[Up,Dn]
+ Z wrtmtk - w,rtm,t .k
~BigMFup""*" <D0 =Dy sk < BigMFupy''e" (4.15)
—BigMFdn}""" < DY =Dy kie < BigMFdnf™'" (4.16)

The expressions 4.12 to 4.16 focus on estimating the rebound effect after the flexibility is
offered. The expressions 4.12 and 4.13 displace the demand trajectory according to the
upward or downward flexibility for the following K time steps. The expression 4.14 creates
an alternative evaluation of the demand to offer flexibility and evaluate the rebound effect.
Expressions 4.15 and 4.16 link the flexibility offered by binary variables Fup?//*" and Fdn®//*"
to the quantification of the demand in the alternative path, forcing the same demand in both
scenarios when the model does not offer flexibility.
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4.2.3 Appliance constraints

The trajectory-based aggregated flexibility estimation requires three units of time for schedul-
ing, flexibility estimation and rebound effect, as explained in section 4.2.1. This approach
implies that each modelled appliance requires operational constraints for each time unit, as
indicated below:

. Appliance operation for time z.

. Flexibility estimation, as maximum demand deviation according to operational and com-
fort constraints

. Flexibility and rebound evaluation, as an alternative operation that offers flexibility.

The flexibility and rebound evaluation assumes that the ’storage state’ variable per each
appliance will have the same value at the end of the rebound effect (time ¢, alternative time or
branch K + K') and the appliance operation at t + K + K’. This constraint ensures the model’s
capacity to return to the proposed trajectory while evaluating the rebound effect.

The appliances evaluated are presented below:

Pool Pump

The pool pump can be considered a basic deferrable appliance because of its capacity to be
stopped or shifted with minimal penalties. In comparison with other models in literature Ali,
Malik, and Raza (2020); Gomes, Ruano, and Ruano (2023), the model introduced in eq. 4.17
introduces the state of energy of the PP (SoEfzf;,mJ) as the energy delivered to the appliance
in a similar approach to EV model. SoEﬁfZ,mJ is the ’storage state’ for the PP. The expression
4.17a limit the operation of the PP according to their availability (Avf’P), while expressions
4.17b, 4.17c and 4.17d monitors the PP SoEﬁf;th and encourage to the model to deliver the
required energy at the end of the day.

0< P, < PP xAVEP Yt € T,Yw € W, Vrtm € RTM (4.17a)
SOEY! 10 = Pilim. (4.17b)
SOE iy = SOEL! o+ Py (4.17c)
SOE im 1y = EPP (4.17d)

(4.17¢)

The flexibility estimation comes from the capacity to increase/limit its demand in the next K
time-steps, where 4.18a evaluates the capacity to energy increase at ¢ + k time and 4.18b
defines downward flexibility as the possible demand reduction from 7 + k.

Fup??. . <=Pi AP, — PP VkeK (4.182)
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The flexibility and rebound evaluation is presented in expression 4.19, in a similar approach
to 4.17 but considering the alternative flexibility scenario that starts in time ¢ until r + K + K’.
The constraint 4.19d encourages the PP state of energy to be the same value under regular
operation and after offering flexibility.

0<PF ﬁ},[fif,}f)n] < PhP xAVET, Vi € T,Yw € W, Vrtm € RTM (4.19a)
SOty = SOEL P (.190)
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Electric Vehicles

The EV appliances are the most relevant source of flexibility on the demand-side. Their
high energy requirements and internal battery storage are associated with high consumption
and the potential to displace demand under certain conditions. The EV model presented
in expression 4.20 introduces charge, discharge, expected usage and expected departures,
limited by the EV SoE. The EV state of energy (SoFE) is the 'storage state’ for the EV. The model
does not consider a binary representation of the charging/discharging process but includes a
state of health (SoH) penalisation associated with EV discharge in the objective function, as
explained in section 4.2.7. If no penalisation is considered, the model can charge/discharge
without limitations, increasing the EV battery degradation.

SoE i, ¥ Avy" < SOEy, 1 1 < SOE . (4.20a)
SOES 1 = SOESS1ar 4 poich %P;T;?;’?, + (1= AV") Dl e (4.200)
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The expression 4.20a limits EV SoE to the expected minimum and maximum, allowing the
vehicle to reach SoE = 0 if the EV is not available to charge (by Av{"). Expressions 4.20b
and 4.20c evaluate the evolution of the SoFE status, and 4.20d limits the maximum energy to
charge/discharge. The parameter Dchj,,,. represents the expected battery discharge due to

usage, which depends on the EV model and the expected daily mileage. Non-common con-
straints are the expression 4.20e as an additional constraint to encourage the EV departures
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to have a minimal charge (as an input parameter), and expression 4.20f wants to maintain the
same level of charge from start to the end of the evaluation horizon. If the stored energy from
the previous day can be used but not replenished, the operational cost of the model will be
artificially reduced.

The flexibility estimation constraints for the EV are shown below:

EYV flexibility constraints [eq. 4.21]:
Fupev,ch < Pri‘;x _Pev,ch Pev,dch (4.213)
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Expressions 4.21a and 4.21b introduce upward and downward flexibility from the charging
process, being limited by the maximum power and the expected consumption in time ¢ + k,
while 4.21c and 4.21d are equivalent constraints for the discharging process. Expressions
4.21e and 4.21f limit the EV SoE under Upward and Downward flexibility estimation, while
expressions from 4.21g to 4.21j calculate SoE including upward and downward flexibility in &
time.

The flexibility and rebound evaluation necessitate an additional parameter to determine the
availability of the EV during rebound time. The parameter Av¢"//¢* addresses this by indicating

whether the EV can meet a flexibility requirement until the end of the rebound time (Av¢"/'* =

ev, flex -1

2), part of the rebound time (Av; ), or if it is not available to offer flexibility (4ve"/'* = 0).
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2ift+K+K' <dep
A1 =8 1+ K+ K > depandt+K < dep
0 otherwise

The flexibility and rebound constraints are introduced in expression 4.22, similar to the EV
usual operation constraints presented in 4.20. The main difference is the introduction of
expressions 4.22e and 4.22f, which depends on the flexibility available array Av"/'* to couple
the EV SoE at the end of the rebound time for upward and downward flexibility with the
expected SoE at EV regular operation.

SOoE evaluation under flexibility offers [eq. 4.22]:
ev,[Up,Dn]

SOEin * AV < SOE\ L1 i < SOEpay (4.22a)
0 < P PP < P AVl (4.22b)
SOE ) = SOy ML BT (A D (020)
SOE L, 2" = SOt 2 4 mB P - B (1= A0 Del e (4220
SOEfvT’r[zlriftﬁ,lI)(’f]kK’ =So vev:yrtnu-&-K-&-K’ if AVte nler — o (4.22€)
SOE Rkt -aop = SOE ey AV =1 (4.226)

HVAC appliances

A linearization of the ISO 13790:2008 hourly method ISO 13790:2008(E) (2008) is used
to estimate the air temperature in a building, thereby estimating the flexibility in thermal
appliances. The thermal model is presented under the Crank-Nicholson scheme in Annexe
.2, using a 5R1C (five resistances, one capacitance) lumped parameter network. The HVAC
formulation (eq. 4.23) exploits the capacity of the internal wall temperature to be considered as
a thermal storage variable, where its temperature values, the effect of solar irradiance through
walls and windows, air flows and the HVAC operation will determine the air temperature.

HVAC model constraints [eq. 4.23]:

hvac hvac psup,hvac ia,hvac
Htrjs RS,w,rlm,t +Hve evv,t +q>w,t

airhvac __
O rimy = chr?,gc +H,fleva“ (4.23a)
h hv hvac,heat hvac,cool
(1 +Htr,ViiCR6) ng}?c * {Pw,rzm,t - Pw,rrm.t
+ J
hvac hvac
Htr,is + HVL’WL
hvac grhvac
emt,hvac o & mt hvac & i tr3 Htr,l hvac thuc,heat _thac,cool 4.23b
wrtmit T R3 w,rtm,t—1 R R3 HhVaL'Hhvac eff w,rtm,t w,rtm,t ( . )
e tr,2 Hve
hvac,heat vac,cool )1
0< Pw‘rtm,z + P::y’rth < Pot (4.23c)
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eair,hvac < eair,hvac < Gair’hvac (4.23d)

‘min w,rtm,t max

The air temperature in eq. 4.23a depends on the surface wall temperature (eq. 1m) associated
ia,hvac emt,hvac

to Rs and Rg plus inner heat gains ®,,; ", ventilation transfer coefficient (6,,,,;,,, ) and heat-
ing/cooling decisions. The internal wall temperature 9::;}%6 is associated with internal wall
heat flow (related to R;), previous wall temperature and HVAC heating/cooling decisions. The
expression 4.23c limits HVAC consumption, and 4.23d limits air temperature under comfort re-
quirements. Usual HVAC formulations are associated with binary variables for heating/cooling
decisions. However, in this case, a relaxed-restricted heuristic explained in section 4.2.4 is

implemented as a binary model replacement.

The HVAC Flexibility estimation begins by limiting the flexibility based on its demand. The
expression 4.24a limits upward flexibility as the difference between maximum consumption
and demand at ¢ 4 k time, while downward flexibility is limited in 4.24b and 4.24c as the
capacity of the appliance to move from their scheduled demand. Air temperature limitations
for upward and downward flexibility are expressed in 4.24d and 4.24e.

0 Pl Pl Pl <l (240
Falyieles < Pl (4240
Fafeced < peece! (4240
e < e v < e (240
eslz;;hvac < ezf:}f;;;jf}éDnEval < erzrzli(;),chvac (4.24¢)

Temperature calculation under flexibility scenarios is shown in expression 4.25. The impact of
the offered flexibility is considered in the internal wall and air temperature for upward flexibility
(expressions 4.25a, 4.25b and 4.25c) and downward flexibility (expressions 4.25d, 4.25e and
4.25f).

HVAC temperature limits under flexibility [eq. 4.25]:

hvac hvac nsup,hvac ia,hvac
H[;«Z? RS.w,rtm,tJrk + Hvevm 0 +o

7 »UpE +k 1+k
v vl = T Hhvvflf it (4.2532)
tris ve
1+ HJeR)
< + tris 6 hvac hvac,heat + hvac,heat _ hvac,cool _ hvac,cool
hvac  Hwac eff " wrtmt+k UPyy rtm,t k w,rtm,t+k w,rtm,t .k
tr,is ve
eint,hvac'7UpEval _ & mt ,hvac & (4 25b)
w,rtm,t .k R3 w,rtm,t—1 R; .
Hhvac Hhvac
i m3 Tl hvac « thac,heaz +F hvac,heat thacﬁcool _F hvac,cool
R3 H}"chhmc eff w,rtm,t+k upvv,rtm,t,k w,rtm,t+k w,rtm,t ,k
tr, ve
mt,hvac,UpEval __ Ry mt ,hvac,U pEval R;
0 x2 -1 (4.25c)

w,rtm,t .k R3 w,rtm,t k—1 R3
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1 Hhvac Hhvuc

tr,3 "l hvac " thac,heal + Fuphvac.heati hvac,cool F hvac,cool
B prhvac ryhvac leff w,rtm,t+k w,rtm,t,k w,rtm,t+k w,rtm,t k
Rs H5 Hig

hvac hvac psup,hvac ia,hvac
air,hvac,DnEval __ le,iS RS,w,rt111.t+k+va 9w.t+k +¢‘W1f+k

4.25d)
w,rtm,t .k hvac hvac (
Htr,is +Hve ¢
1 Hthc R )
< + tris 16 hvac thac,heat _Fd hvac,heat _thac,caol +Fd hvac,cool
H/wac + Hhvac eff w,rtm,t+k w,rtm,t .k w,rtm,t+k ”w,rzm,t,k
tr,is ve
mt,hvac,DnEval __ Ry mt hvac R,
6w.,rtm,l.,k - E w,rtmt—1 + E (4.25€)
Hhvuc Hhvac
1 tr,3 'l hvac thac,heat _Fd hvac,heat _thac,cool +Fd hvac,cool
B prhvac ryhvac neff wyrtm,t+k w,rtm,t .k wyrtm,t+k nw,rtm,t.k
R3 Htr2 HV@
R : R
emt,hvac,DnEval _ B2 ymt hvac,DnEval 4+ 2t (4.25]()

w,rtm,t .k - R3 w,rtm,t k—1 R;
1 hvac Hhvac

tr,3 'l hvac hvac,heat hvac,heat hvac,cool hvac,cool
R3 HhWCHIwac eff |:Pw,rtm,1+k —Fd wrtmitk Pw,rtm.t+k + Fdnw,rtm,t.k }
S Hypo Hve

The flexibility and rebound evaluation for HVAC appliances is presented in expression 4.26,
in a similar approach to 4.23 for the alternative flexibility scenario that starts in time ¢ until
t+ K + K'. The constraint 4.26f associates the internal wall temperature to have the same
value under regular operation and after offering flexibility.

HVAC model under flexibility and rebound effect [eq. 4.26]:

hvac,heat,[U p,Dn] hvac,cool,[U p,Dn] hvac
0 < Pwﬁrtm.t,k Pwn,rtm,z,k S Pmax (4.263)
air,hvac air,hvac,[U p.Dn) air,hvac
emin < Gw,rtm.,t,k < Onax (4.26b)
hvac hvac psup,hvac ia,hvac
air,hvac,[lUp,Dn) le,is R5,W,m71-f +Hve ew,t + q)w,t

w,rtm,t .k hvac hvac
Htr,is +H, ve

(4.26¢)

1+ H[CR)

< + tris 1*6 hvac | phvac,heat  phvac,cool
hvac hvac leff w,rtm,t.k w,rtm,t .k

Htr,i.v +HV€

mt,hvac,[Up,Dn] R mt hvac &
w,rtm,t k - E w,rtmt—1 R3

(4.26d)

m3 il hvac

R grhvac grhvac leff
R3 th2 Hve

w,rtm,t,k w,rtm,t .k

hvac grhvac
1 H,3H, [ hvac,heat,[U p,Dn] thac,cool‘[Up.Dn]]

mt,hvac,[Up,Dn] Ry mt,hvac,[U p,Dn] R
B rtm Ry Owrmtdt (4.266)

hvac grhvac
LHtr.,S Htr,l hvac thac,heat.[Up,Dn]
R Hhva{;H}waC (:’ff w,rtm,t .k
3, r2 Hve

thac,cooL [Up.Dn]
w,rtm,t,k

mt,hvac,[Up,Dn) __ nmt,hvac
9w,rtm,t,K+K’ - 9w,rtm,l+K+K’ (4.26f)
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Electric Water Heater

The presence of EWH in households Lakshmanan, Szle, and Degefa (2021) and their capa-
city to store heat with minimal losses shows its importance for demand shifting and flexibility
services. The EWH model used in this work (expression (4.27)) is based on the one-node
approach, where the water temperature is assumed to be homogeneous throughout the tank.
The expression 4.27a introduces the temperature evolution per time-step, including the user’s
water usage (Wuse;) and thermal losses with the room (W;,,x). Expression (4.27b) limits the
water temperature, while expression 4.27c¢ limits EWH power. Water temperature (vafﬂ’m’,) is

the 'storage state’ for EWH.

eewh o eewh Viank — Wuse; input Wuse,
w,rtm,t — Ywrtmit—1 Vi water Vv
tank tank
h ol
P vi',vitm,t - ‘}Vtank(eﬂ;:mwlfl - 6room) .
“Cpa ift#0 (4.27a)
ViankPwater 3(;‘([)'57
oF i F

Omin < O5lvims < Opmax vieT (4.27D)
0 < Pits < P vieT (4.27¢)

The flexibility evaluation follows the approach presented in previous appliances. The expres-
sion 4.28a limits upward flexibility by maximum demand, while 4.28b associate downward
flexibility to EWH demand that can be reduced. The upward flexibility is evaluated in expres-
sions 4.28d and 4.28e as the increase in water temperature under upward flexibility, while
expressions 4.28f and 4.28g are the analogous constraints for downward flexibility. The water
temperature is limited by 4.28c.

EWH operation under flexibility bid [eq. 4.28]:

ewh ewh ewh
0< Pw,rzm.,t+k +Fupwﬁrtm<z,k < mer vieT (4.28a)
ewh ewh
Fdnw.rtm,lﬁk < Pw,erA,f+k (4.28b)
) h,|U pEval ,DnEval )
Boun < g RNl < vl vr e T (4.28¢)
eewh,UpEval — gewh Viank — Wuse; i einput Wuse, i 4.28d
w,rtm,t .k - w,rtm,tflvi Wateriv ( . )
' tank tank
ewh ewh ewh
PW-,rthJrk + Fupw,rtm,t‘k - vvfll”k(ew,rtm.tfl - 9"00”1) .
Chwarer lf k=0

ViankPwater 3600
ewh,UpEval __ eewh,UpEval Viank —Wuse, einput Wuse; i

w,rtm,t .k - Ywrtmt.k—1 Vtank water Vtank (4'286)
Pt st PO~ Whonk Ol 35— Oroom)
Viank Pwater %
ol — gyt Yok WHsersk g Wt (428
T T Viank Viank
Riﬁ?m,ﬂrk B Fdnatvr];m,t,k - ‘/Vm”k(eviﬁ?m,tfl - 9”007”) ifk=0
Chuarer -

Vtankpwaler 3600
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ewh,DnEval __ eewh,DnEval Vtank — W"‘set+k einput W"‘set+k (4 o8 )
w,rtm,t .k = Pwrtm,tk—1 Vv, water 7‘/ .20g
tank tank
ewh ewh ewh,DnEval
Pwﬁrfm,t-&-k - +Fdnw,rtmﬁf‘k - vvla”k(ew,rtmﬁt’k—] - 6”00”1) .
ifk#0

CPuater
ViankPwater 3,)6016(

The flexibility and rebound evaluation for EWH is presented in expression 4.29 for the altern-
ative flexibility scenario between time t and z + K + K’. The constraint 4.29e couples the water
temperature at the end of the rebound time with temperature under regular operation.

ewh ewh,[Up,Dn] ewh
emvlvn p Ow,rtm-,t,k < emﬂx vieT (4.29a)
ewh,[U p,Dn] ewh
0< Pw.rtm,t,k < Poax vieT (4.29b)
eeWhv[Uva”] __ pewh Viank — Wuset+k ein[ml Wuset+k
w,rtmt .k - Ywrtm—1 Vtank water Vtank
ewh,[U p,Dn] W, ewh
) - lank(e -1 eroom) o
w,rtm,t .k vcv:;tm,t lf k=0 (4.290)
water

ank Pwater 600

ewh,[Up.Dn] eewh‘[Up‘Dn] Viank —Wuse, input Wuse, i

+0

5 A tk—1 water

w,rtm,t,k w,rtm,t .k Vtank Vtank
ewh,[U p,Dn] ewh,[U p,Dn]
PW,I‘Im,l,k - ‘/Vm”k(ew,rtm,t,kfl - 9”’"”‘) .
+ o ifk>0 (4.29d)
ViankPwater 3600

ewh,[Up,Dn] __ pewh
w,rtm,t K+K' — Yw,rtmt+K+K’' (4.298)

Photovoltaic Panels

The expected PV generation was precalculated and not included in the optimisation model,
based on the forecasted solar irradiance, outdoor temperature, PV cell properties, zenith,
and azimuth, as presented in expression 4.30. The PVIlib library was used to calculate hourly
solar of direct horizontal irradiance (DHI) and diffuse normal irradiance (DNI) using the Boland
approximation Boland et al. (2001) to estimate the irradiance in the plane of array (PoA) of the
solar panels.

. NOCT —20
efv.etzzﬁpv =g, + |~ *Gf;(.’;A (4.30a)
” 800 ’
nvev{tec.PV _ nref,pv (1 7NT,PV(91/‘;”>PV _ eref)> (4.30b)
Eﬁ,‘; — PV K APY *fotA *nfv{;?C,PV (4.30c)

The PV operation differs from previous appliances. The solar panels do not have a ’'storage
state’ because they depend on instantaneous solar irradiance, offering flexibility by curtailing
their generation. The PV generation and curtailment under regular operation are presented
in expression 4.31a. The upward flexibility is related to the capacity to reduce its generation
from the expected value in 4.31b. In contrast, downward flexibility depends on energy curtailed
(expression 4.31c). The flexibility and rebound operation is described in expression 4.31d.
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Eﬁ‘;zm,t + P Cvpv.,vrtm,t = Ev]v”; (4.31a)
Fupy omik <=Poymesx  VKEK (4.31b)
Fdnl),,  <=PCh . VkEK (4.310)

p‘z[fnjlff "+ P Cf;,vr’z[nUﬁfn] —=El ., VkeK+K' (4.31d)

4.2.4 Relaxed-restricted HVAC model operation

In the formulation of HVAC appliances, a good practice is to associate a binary variable with
a bigM number to limit the heating and cooling operations of the appliance, where only one
binary variable can be active in each time block. This practice added to the model 2 * timeblock
* scenario * ‘'number of appliances’ binary variables, increasing the model complexity until it
cannot be resolved quickly.

A relaxed-restricted approach is proposed to avoid the increase in the computational com-
plexity of the model. In this approach, a first iteration of the HVAC scheduling and operation is
calculated, allowing heating and cooling at the same timeblock. In the second iteration, only
the process that requires more energy in the first iteration is available, forcing the other to be
equal to zero. This approach reduces the time required to solve the problem while maintaining
the quality of the results when the different appliances are calculated in the VPP model. In
section 4.3.1, both formulations for the HVAC appliances are tested.

4.2.5 Price and weather scenarios

The weather scenario generation follows the approach presented in Salgado-Bravo, Kirli,
Negrete-Pincetic, and Kiprakis (2025), which proposes the cloud index indicator as input to
an LSTM model trained to forecast solar irradiance and temperature. The Markov transition
probability defines possible transitions in cloud conditions, generating eight temperature and
solar irradiance scenarios with different cloud conditions and indicating the probability of each
scenario. The model was trained using weather data from San Diego, California.

The scenarios for DAM and RTM prices have been considered independent of the weather
scenario generator. The Deep-VAR model Salinas et al. (2019, 2020) was trained using
energy prices data from 2017 to 2019, using PyTorch Forecasting libraries. The multivariate
Gaussian copula process allows the forecast model to be run multiple times to estimate the
percentiles used as pricing scenarios. A total of 100 iterations were run to calculate five levels
of percentile: 10th, 25th, 50th, 75th and 90th percentiles. By default, only the 10th and 90th
percentiles in case studies were evaluated unless otherwise stated.
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4.2.6 Case studies

To validate the model’s capacity to capture flexibility under a day-ahead predefined trajectory,
the operational cost and flexibility offered under different scenario conditions will be evaluated:

Test 1 - Comparison between HVAC binary operational model and relaxed-constrained oper-
ation.

Test 2 - Flexibility evaluation under fixed DAM and RTM prices.

Test 3 - Flexibility estimation under DAM, RTM and weather scenarios per season.

Test 4 - Differences between stochastic and naive forecast for weather and pricing.

Test 5 - Variations in the rebound duration for a flexibility requirement

Test 6 - Evaluation of the flexibility offered using primary frequency response pricing.

The HVAC formulation presented in section 4.2.3 does not consider the capacity to limit its
operation to heat or cooling in a timeblock. Because of this limitation, Test 1 estimates the
difference between the binary operation (chooses between heating and cooling using binary
variables) and a double operation of the model as indicated in section 4.2.4. The validated
relaxed-restricted HVAC operation will be used on the other tests.

Tests 2 to 4 evaluate the VPP flexibility under different market conditions. Starting with a
basic fixed tariff to understand the flexibility available in demand, adding DAM and RTM
forecasting schemes, plus seasonal effects in weather as elements that can modify flexibility
in the system.

Test 5 will evaluate the changes in flexibility based on the rebound duration. The aim is to
observe how the VPP restoration capacity allows the appliances to increase or reduce the
flexibility offered.

Finally, test 6 uses the regulation-down prices from CAISO as flexibility prices to evaluate
differences in flexibility during the day under realistic conditions. The stochastic and naive
prices will be considered in the test.

For the presented set of test cases, two sets of appliances were used to evaluate the effect-
iveness of the model:

. 50 appliances - 10 HVAC, 10 PP, 10 EWH, 10 PV and 10 EV (Test 1)
. 500 appliances - 100 HVAC, 100 PP, 100 EWH, 100 PV and 100 EV (Test 2 to 6)
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4.2.7 Data sources

The house properties for the HVAC model are extracted from the TABULA and EPISCOPE
projects database Loga et al. (2016); Website of the TABULA and EPISCOPE projects, section
Publications/Download (n.d.). Houses from Spain, ltaly, and France were selected because
of their similarities in climate and household characteristics in the southwestern part of the
USA. Each EWH evaluated has a 120L tank and a maximum power consumption of 2200W.
The hot water consumption profiles were generated with the software Load Profile Generator
Pflugradt (2016). The Pool Pumps were selected from 46 commercial pool pump models,
assuming their requested energy demand as the energy required to filter the total amount
of water at least twice daily. PV panel properties come from the module JASolar JAM66S30
500/MR, with peak power randomised between 2 kW to 10 kW, orientation true south +15°.
Angle is 32° & 5°.

The EV properties were extracted from the 30 most viewed vehicles in the EV Database
Electric Vehicle Database (n.d.), while the expected penalty from battery usage is based
on the battery degradation estimation from mileage presented in Canals Casals, Etxandi-
Santolaya, Bibiloni-Mulet, Corchero, and Trilla (2022). According to the battery size per EV,
the total energy required by the EV to get a 25% Depth of Discharge is calculated, which
is the recommended battery degradation for replacing EV batteries. The replacement cost is
calculated assuming a $ 120 USD per kW from the battery size plus $ 500 USD in labour.
When the battery is discharged, the expected degradation cost is reached by dividing the
replacement cost by the total energy required to replace the batteries.

The cloud type information and solar irradiance for the weather scenario generator were ob-
tained from the National Solar Radiation Database (NSRDB) Sengupta et al. (2018), location
San Diego International Airport (KSAN), California (32° 43’ 48", -117° 10’ 48"). The cloud type
and solar irradiance data from 2013 to 2020 were used for HMM, while data from 2017 to 2019
were employed to train LSTM models. Temperature data was obtained from NOAA National
Weather Service for the exact location between 2017 and 2019. The case studies were
developed in Python 3.9 van Rossum (1995) using additional libraries provided by Tensorflow
Abadi et al. (2016) for the weather generator. For optimisation, the DAM and RTM prices were
downloaded from the CAISO OASIS platform California Independent System Operator. Open
access same time information system (2022), and the Deep-Var model Salinas et al. (2019,
2020) was used to forecast DAM and RTM prices. The case studies were coded in Python
using Pyomo libraries Hart et al. (2017, 2011). The Boland approximation and estimation of
the plane of array (PoA) in the PV panels utilised the PVlib library Anderson et al. (2023). The
solver GUROBI Gurobi Optimization, LLC (2024) with a 0.02 MIP GAP is chosen to solve the
proposed problems, with a time limit of 3600 seconds if the GAP is not reached.
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4.3 Results

Before discussing the six tests proposed in the section 4.2.6, the results from September 19
will be presented to explain the trajectories and flexibility estimation obtained from the model.

Flexibility example, sep 22 2019
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Figure 4.1: Demand trajectory and flexibility obtained from the 500 appliances. Figure A
shows the trajectory, band limitations, and upward and downward flexibility obtained. Figure
B shows the trajectory, band limits and demand obtained in each stochastic scenario (dotted
lines). Figure C shows a downward flexibility requirement being served by the model. The
green area is the downward flexibility offered from the proposed trajectory, and the blue area
is the rebound effect of the flexibility offered.

Figure 4.1 shows the day-ahead proposed trajectory, upward and downward flexibility, and the
effect of offering flexibility in the demand for one day as a demonstrative case. The flexibility
price for upward and downward was $10 USD/MW, with the upward flexibility significantly
higher than the offered downward flexibility at the same price. In figure 4.1.A the minimum
and maximum trajectories are added as the allowed deviation without penalisation from the
proposed demand trajectory. Figure 4.1.B adds the demand per stochastic scenario (2 price
and eight weather scenarios, 16 cases) as dotted lines, where each demand scenario does
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not surpass the trajectory limits (under a $1000 USD/MW penalisation). Figure 4.1.C con-
siders the effect of the downward flexibility at 13.30 hrs, maintains the flexibility requirement
for two timeblocks (1 hour) and has a rebound time of 2 timeblocks. The model estimates
the flexibility offered as one offer per timeblock but evaluates the capacity to comply with the
flexibility offered in each scenario, returning to the expected demand after each rebound time
per each flexibility offer.

4.3.1 Comparison between HVAC binary operational model and relaxed-constrai-
ned operation.

As indicated in section 4.2.4, a first appliance scheduling is performed assuming the HVAC
appliances can heat and cool the building simultaneously. The second scheduling run extracts
the HVAC operation results from the first scheduling to limit their operation to the higher
demand in each time-step.

The relaxed-restricted HVAC model has been compared with the binary HVAC scheduling
model, using the objective function as the comparison parameter. Table 4.1 shows the object-
ive function for the relaxed HVAC operation and the percentage of difference from the lowest
objective function obtained, limited to 15 minutes in the calculation. The limitation stems from
the low number of appliances tested (10 HVAC loads). Considering a higher number of loads
or more scenarios would increase the computational time required for the binary model to
hours or even days, making it impractical for a fast and daily/hourly operation model.

Table 4.1: Comparison between the objective function for the relaxed HVAC operation and
its difference with the relaxed-constrained method (forced) and the HVAC binary operation,
considering only 10 HVAC appliances in the first case and 10 HVAC, PP, EV, EWH and PV in
the second case.

10 HVAC appliances Each appliance x10
Case objFun Diff. Diff. objFun Diff. Diff.
relaxed | forced binary | relaxed | forced | binany
march 20 | 4.46 0.25% | 0.27% 9.27 | 0.03% | 0.03%
march 21 4.54 5.40% | 5.46% 9.45 | 2.57% | 2.56%
march 22 | 3.39 1.94% | 1.93% 6.11 0.54% | 0.87%
june 20 2.20 0.52% | 0.64% 6.40 | 0.02% | 0.01%
june 21 1.81 1.04% | 1.16% 532 | 0.02% | 0.01%
june 22 1.64 1.94% | 1.85% 454 | 0.04% | 0.02%
sep 20 1.89 1.75% | 2.45% 8.48 | 0.05% | 0.05%
sep 21 2.05 1.33% | 1.78% 9.62 | 0.02% | 0.02%
sep 22 1.63 11.58% | 18.95% | 6.86 | 0.04% | 0.05%
dec 20 6.52 1.45% | 1.64% 18.20 | 0.01% | 0.01%
dec 21 578 | 24.47% | 18.03% | 18.13 | 0.01% | 0.01%
dec 22 4.84 0.39% | 0.45% 16.11 | 0.01% | 0.01%
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The difference in the objective function between the relaxed-restricted and binary models from
the 10 HVAC case is higher than the values obtained in the all-appliances case. Including
additional flexible loads in the problem reduced the difficulty of operating within the proposed
trajectory band, as well as the PV, which can inject energy into the grid, thereby reducing
operational costs at midday. The average and standard deviation from the presented results
are introduced in table 4.2.

Table 4.2: Average and standard deviation values of the difference from the relaxed-restricted

and binary approach from the relaxed objective function. The values labelled 'without extreme
cases’ exclude values from Sep 22 and Dec 21 in table 4.1.

10 HVAC

Average | Stdev | Average | Stdev
forced forced | binary binary
Diff. percentage 4.34% 7.09% | 4.55% 6.65%
Diff. objFun 0.180 0.396 | 0.163 0.293
Diff. percentage without
extreme cases

Diff. objFun without
extreme cases

1.60% 1.47% | 1.76% 1.48%

0.056 0.072 | 0.060 0.072

each appliance X10
Average | Stdev | Average | Stdev
forced forced | binary binary
Diff. percentage 0.28% 0.74% | 0.30% 0.75%
Diff. objFun 0.025 0.069 | 0.026 0.070

The average difference between the 10 HVAC loads and each appliance by 10 for the relaxed-
restricted and binary approach presents similar values. The difference in the percentage
obtained from the 10 HVAC loads comes from the increased cost in the relaxed-restricted case
(24.47% against 18.03% from the binary case) in one of the days with higher operational costs.
Whether the two days with higher differences are removed from the analysis, the average and
difference are practically the same value for both approaches. Meanwhile, the results obtained
with each appliance by 10 are identical (table 4.2). The values obtained show no significant
difference in the results from both approaches, validating the use of the relaxed-restricted
approach in the presented model for evaluating a higher number of appliances across more
scenarios in a shorter time than a binary heating/cooling approach.



4.3. Results 90

4.3.2 Flexibility estimation under fixed prices

The flexibility response assuming a fixed DAM and RTM price of $20 [USD/MW] was eval-
uated, where the offered flexibility price varies between $1 [USD/MW] to $200 [USD/MW].
Four days were evaluated (March 22, June 22, September 22 and December 22), evaluating
eight weather scenarios adapted to each month. Figure 4.2 shows the hourly flexibility offered
under a two timeblock flexibility and rebound time, where each timeblock corresponds to 30
minutes. The upward and downward flexibility were estimated individually, and the flexibility
values in figure 4.2 were normalised using the average demand trajectory with a flexibility
price of $1 [USD/MW] as reference.
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Figure 4.2: Upward and downward flexibility for March 22, 2019. The flexibility price rises
from $1 [USD/MW] to $200 [USD/MW], demonstrating the model response to price signals.
The increase in the average demand trajectory (figure C) comes from the solar generation
curtailed to increase negative flexibility at higher prices.
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Figure 4.2.A shows the upward flexibility response to the flexibility price. The offered upward
flexibility used to be high at low prices due to the nature of the offered flexibility, where the
system is paid to increase its demand, while simultaneously decreasing its consumption in the
rebound period. This behaviour can be considered a double benefit, offering both flexibility in
payment and savings from reduced energy requirements during the rebound time. Under this
approach, it could be possible for the aggregator to respond to negative upward flexibility
prices.

On the other side, figure 4.2.B shows the downward flexibility response to the prices, being
nearly zero unless the flexibility price provided surpasses $10 [USD/MW]. The jump in flexib-
ility between $10 and $15 [USD/MW] is done by the pool pumps, as the element with minimal
cost to offer flexibility rather than energy costs in rebound time. The differences in flexibility
between $15 to $100 [USD/MW] can be associated with the efficiency in the flexibility offered,
plus weather conditions. An example is the variation in flexibility between 9:00 and 14:00 hrs,
associated exclusively with the energy curtailed from solar generation. The second jump in
flexibility is a mixture between the solar panel curtailment and the EV discharge associated
with the penalisation cost introduced by battery discharge. From figure 4.2.C is observed the
‘increase’ in the average demand trajectory is mainly responsible for the curtailment decision
of the PV panels, with minor adjustments from the HVAC and EWH operations.

The total downward flexibility offered divided by 24 hours from the appliances is shown in
figure 4.3, where fig. 4.3.A sustain the idea of a first deployment of flexibility from pool pumps,
a lower flexibility increase between $15 to $100 [USD/MW] and a second jump after $125
[USD/MW], a valid observation from the four days evaluated. Some differences in the flex-
ibility response curve between March and the rest of the months are attributed to weather
conditions.

The increase in flexibility, as represented by the pricing divided by the price difference, is
presented in figure 4.3.B for March 22. The observed increase was fitted using normal distri-
butions, allowing for the separation of four different effects on flexibility. For the total flexibility
offered, the normal cumulative density function (normCDF) is proposed, as shown in expres-
sion 4.32, where ’erf’ is the Gauss error function.
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The effectiveness of using normCDF to fit the offered downward flexibility is seen in figure
4.3.C. The RMSE and R-square values for the four cases are presented in table 4.3, with
RMSE values lower than 2000 W, indicating a maximum flexibility of nearly 0.6 MW. The R-
square values are higher than 0.999 in the four cases. The most relevant information from the
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Figure 4.3: Figure A illustrates the downward flexibility response curve to flexibility prices.
The increase in the flexibility offered was plotted in Figure B, as the sum of four normal
distributions. Figure C presents the downward flexibility response curve fitted with four normal
cumulative distribution functions. The focus is to show that at specific price barriers, the
flexibility changes drastically.

CDF fit is the u and o values, which indicate the location of the flexibility increase and the
weight on the price axis. A first peak is localised by u; between $10 to $12.5 [USD/MW], as-
sociated with the pool pump flexibility. The value of t; moves between $19 to $29 [USD/MW],
associated with the first appliances that can offer flexibility with high efficiency (do not charge
EV, minimal changes in HVAC and EWH operation). A second localised peak is detected by
Uz and o3, which are the combined effects of the discharge process in EV and an aggressive
curtailment in solar plants. The o3 value near 15 is explained by the EV penalisation, which
differs in each model, as well as the variability of the aggregated demand in each scenario.
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Finally, the values of 4 and o4 are not precisely localised and have a relevant presence but
can be associated with the lower increase in flexibility between $25 to $100 [USD/MW] seen
in 4.3.A, being not as efficient flexibility and weather dependent. The exception to the rule is
the u3 and g4 values for September, where the normal function overlaps.

In conclusion, using the normCDF to moderate flexibility enables us to identify flexibility peaks
in price and distribution, and to limit flexibility at higher prices. Even if the flexibility price
is $ 5000 [USD/MW], the aggregator cannot offer more than the available flexibility, being
normCDF an appropriate fitting function.

Table 4.3: A, 1 and o values from expression 4.32 plus evaluation metrics RMSE and R-
square, obtained from the fit of the flexibility offered with four normal cumulative density
functions for the 4 cases evaluated. The energy price in DAM and RTM was fixed at $20
[USD/MW].

March 22 June 22 Sept. 22 Dec. 22
Ui 10.43 10.83 11.89 12.22
o] 0.29 0.56 1.17 1.38
Al 174869.63 | 180959.72 | 185730.05 | 176961.39
173 19.26 26.72 22.94 28.74
o) 2.79 10.83 8.92 7.78
Ay 16391.02 | 40039.30 | 28186.09 | 48020.91
Uz 136.16 137.76 143.65 138.03
o3 15.81 15.42 7.30 15.68
Az 359481.44 | 275074.92 | 196640.46 | 313738.87
Ua 63.53 91.53 118.15 81.45
04 22.50 20.83 33.17 12.60
Ay 79829.98 | 101812.80 | 200000.00 | 68136.57
RMSE [W] 1561 1222 1417 1901
R-square 0.99994 0.99996 0.99994 0.99990

4.3.3 Flexibility estimation under stochastic DAM and RTM prices

In the previous section, the flexibility was evaluated under a fixed price. Because the energy
prices during the flexibility request and rebound time change over time, the 10th and 90th
percentiles obtained from the Deep-Var model, as explained in section 4.2.5, have been used
as energy forecasts for the DAM and RTM markets.

The total flexibility offered for days 20, 21 and 22 of March, June, September and December
is shown in figure 4.4. The upward and downward flexibility was estimated together (4.4.A and
4.4.C) and individually (4.4.B for upward flexibility and 4.4.D for downward flexibility)
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Figure 4.4: Flexibility response curve for upward and downward flexibility under stochastic
prices for three days in March, June, September and December. The upward and downward
flexibility in Figures A and C were estimated together, while flexibility in Figures B and D was
evaluated individually. For upward flexibility, the model was interested in offering flexibility even
at $-50 USD/MW, focused on future savings from selling surplus energy or not buying in RTM.
For downward flexibility, the number of flexibility prices evaluated was extended to identify
normal distributions associated with changes in flexibility.
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From the upward flexibility in figure 4.4.A confirms the tendency to offer its flexibility without
limitation under a double-benefit logic. Where the model increases its demand and is paid,
plus the savings from the energy not required during the rebound time, consequently, upward
flexibility can be offered even at negative prices, where the aggregator is willing to pay % 50
USD/MW in some months to provide flexibility (figure 4.4.B). Consequently, there are no active
incentives to provide upward flexibility from demand because the model is always available,
even with penalties. We must note that this behaviour is possible because there is no limitation
on the rebound effect in demand, which increases the flexibility available.

The downward flexibility has changed from the results in section 4.3.2. The total flexibility
offered at $ 200 USD/MW decreases considerably from the case with fixed prices. However,
the higher variation is associated with the flexibility offered at lower prices. As seen in figure
4.4.C, the flexibility offered at $ -1 and $10 USD/MW differs each month and day, but the
influence of the upward flexibility distorts the results. In response, the downward flexibility is
shown in figure 4.4.D does not consider the upward flexibility.

The offered flexibility in June 2019 shows a localised increase between % 10 and % 40
USD/MW, which could be explained by the lower energy cost in RTM and higher demand
from HVAC loads because of higher temperatures. Demonstrating the weather influence can
be difficult, but the price influence can be easier explained, following the fitting procedure
using expression 4.32, by extracting the u values and fitting them with the average daily
energy price.

Similar to the results obtained in table 4.3, two u values can be associated with specific
flexibility activation, presented in figure 4.5. A linear fitting shows the relationship between the
10th and 90th percentile average prices for the RTM market and the u; and u3 values, which
are compared with RTM prices due to their lower cost compared to DAM prices. A lower
energy price explains the increase in downward flexibility observed in June in figure 4.4.D,
shifting the Gaussian mean (u;) to the left while a higher price moves the Gaussian mean to
the right, as seen in December. The same happens for iz, where the price difference between
the flexibility duration time and the rebound time plus the penalisation cost by discharging EVs
is represented in 4.5.B, being the intercept value near to the expected penalisation cost of the
EV discharge.

4.3.4 Differences by naive and stochastic forecast

The flexibility analysis in previous test cases depends on the weather and price scenarios
generated, as indicated in section 4.2.5. For comparison purposes, the day before price and
weather conditions (naive scenario) will offer a second flexibility estimation. The objective
function of the model using perfect price and weather data will be calculated, following the
demand trajectory and flexibility determined by the stochastic and naive scenarios.
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Figure 4.5: Linear fitting between average RTM prices from 10th and 90th percentile
scenarios with (; and p3 values from the normal CDF fits. The normal mean p; is associated
with high-efficiency flexibility sources, while i3 is associated with EV discharge penalties and
directly depends on the energy prices for rebound purposes. This ’intuitive’ conclusion must
consider self-consumption from PV generation and price differences between DAM and RTM.



4.3. Results 97

Total downward flex. estimation

Sto. eval

P=-1
Naive eval
P=-1
Sto. eval
I P=10
e Naive eval
s N I P10
\J\,/ Sto. eval
I ™ P=50
| Naive aval
| P=50
| Sto. aval
P= 100
| Y I A S S I Naive eval
20 21 22 20 21 22 20 21 22 20 21 22 F=iy
March June Sept. Dec.

m
[ S -
.-

P

k b M w
[=JNNE S T SIS S

Total Flex. offered [MW]

o

Cost operation by objective function
; . : I ;

450

=]
=)

B)

[
o
(=]

o

2
=)

Obj. Function [USD]
B 8
o

[
(=]
[=T=1

3

20 021 22 20 21 22 20 21 22 20 21 22
March June Sept Dec

Objective function

Flex. naive / Flex. sto. normalized by P=-1
3 25 D)
) 225
25
— I Sto. eval
‘IT 2| I Naive eval
o
=175
5
=
8 15
5125
w
=
SR
0.75
0.5
P=-1 P=10 P=50 P=100 P=10 P=50  P=100

Figure 4.6: Flexibility estimation differences using naive and stochastic weather and price
scenarios. Figure A illustrates the difference in total downward flexibility offered at four different
flexibility prices. Figure B shows the objective function of both approaches. The naive scenario
estimates a hard-to-reach and expensive flexibility offer on March 20, while on June 20, it
proposes a trajectory that produces deviations in demand. Figures C and D compare the
flexibility and objective function of stochastic and naive scenarios..

Figure 4.6 presents the differences in flexibility and objective function between naive and
stochastic scenarios. The naive forecast offers more flexibility than the stochastic forecast, as
seen in figure 4.6.A, the naive approach as a unique scenario searches for the time-steps
with a lower cost for the flexibility offered. In contrast, the stochastic scenario does not reveal
those differences due to the two price options having unrelated values and the variability of
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weather scenarios. The exception is the flexibility offered in June for $10 USD/MW, where the
stochastic approach presents a better flexibility offer, which coincides with the results exposed
in section 4.3.3, where the lower energy prices move the flexibility curve to the left. Although
the difference is inversely proportional to the flexibility price, with a lower difference in flexibility
as the price increases, as seen in figure 4.6.C.

The objective function using perfect weather and price information with the trajectory and
flexibility offered by the stochastic and naive cases is presented in figure 4.6.B. First, the naive
forecast shows lower prices and higher flexibility during September and December. However,
under high-variability conditions (prices and weather), the naive approach yields high-cost
demand trajectories and flexibility conditions that are impossible to follow. A high-cost de-
mand trajectory occurs on June 20, where an incorrect price forecast artificially increases
the operational cost, as seen in the four flexibility prices. The increased objective function
in March stems from a hard-to-reach and expensive flexibility offer proposed by the model.
Conversely, as the model offers more flexibility, the penalisation will have a higher impact
on the objective function. Finally, in figure 4.6.D shows the average increase in the objective
function in comparison with their values at a flexibility price of $ -1 USD/MW. The flexibility
offered by the naive forecast increases their operative cost near 50% at $ 100 USD/MW
because the day-before forecast is blind to anomalies or non-expected conditions. In contrast,
the stochastic forecast increases its cost but less than the naive forecast.

4.3.5 Limited rebound time effect in flexibility

One of the model’s main benefits is introducing the demand trajectory to quantify flexibility and
ensure that after the rebound time, the aggregator can return to their expected demand and
flexibility offers for the following hours. In contrast, the model forces the flexible appliances
to return to the expected ’'storage state’ value at the end of the rebound time, limiting the
available flexibility.

As an exercise to understand how the rebound time modifies the flexibility, the downward flex-
ibility offered will be evaluated by modifying the flexibility duration and rebound time between
1 to 4 time-steps, normalising the results by the flexibility available at equal flexibility duration
and rebound time. The flexibility price was $ 10, % 50 and %100 USD/MW, evaluating one
day for March, June, September and December.

Two opposite behaviours in flexibility were observed. First, there is a direct dependence
between the flexibility offered and the rebound time, as seen in table 4.4. Duplicating the
rebound time can increase the flexibility offered by nearly 30%, while reducing the rebound
time to half of the flexibility duration reduces its capacity response by 21% to 25%. Both the
increase and decrease in flexibility are lower than the increase/decrease in rebound time,
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Table 4.4: Flexibility difference for various flexible and rebound timeblocks. Cases with equal
flexibility-rebound duration have been used to normalise the flexibility values. The average
ratio and deviation come from the cases with flexibility prices of $ 50 and $ 100 USD/MW.

Reb 1 Reb 2 Reb 3 Reb 4
=+ stdev =+ stdev + stdev =+ stdev
Flex 1 1 1.29+0.15 | 1.4940.27 | 1.69+0.34
Flex2 | 0.79+0.06 1 1.18+0.06 | 1.33+0.12
Flex 3 | 0.684+0.05 | 0.85+0.04 1 1.12+0.05
Flex 4 | 0.604+0.05 | 0.76+0.05 | 0.89+0.03 1

showing how the limitations in the demand and the capacity of the appliances to restore
to their expected operation affect the flexibility, respectively. This behaviour was observed
in cases with flexibility prices of $50 and $100 USD/MW and in June with a price of $ 10
USD/MW.

Table 4.5: Unexpected behaviour from the rebound influence in flexibility. The flexibility price
needed to be increased to observe changes related to the rebound effect, except in some
specific hours. The values presented come from the months of September and December
2019, with a flexibility price of $ 10 USD/MW

Sept. Dec.

Reb 1 | Reb2 | Reb3 | Reb4 Reb1 | Reb2 | Reb3 | Reb4
Flex 1 1 0.95 1.00 1.00 Flex 1 1 0.66 0.52 0.50
Flex 2 1.05 1 1.04 1.07 Flex 2 1.18 1 1.09 1.06
Flex 3 1.05 0.91 1 1.11 Flex 3 1.10 1.07 1 1.1
Flex 4 1.00 0.76 0.86 1 Flex 4 1.29 1.01 0.97 1

The second and unexpected behaviour in flexibility is introduced in table 4.5. The flexibility
variations are not directly related to the rebound effect. In some cases, the flexibility offered
with a lower rebound time will be greater than the downward flexibility in the symmetrical
flexibility-rebound case. The explanation for this phenomenon comes from the impact of en-
ergy prices on flexibility. The reward of providing flexibility does not surpass the additional
cost of the rebound, so the model is reluctant to offer flexibility except during specific hours.
Whether the model is forced to extend their rebound to hours with a higher energy cost, even
less flexibility will be provided. This effect becomes more visible as the flexibility price is lower.

4.3.6 Flexibility provided under primary frequency pricing

In previous sections, the flexibility price was considered as a fixed value to evaluate the re-
sponse in time and prices for the flexibility offered. Given that this is an unrealistic assumption,
the regulation down prices from the CAISO system will be used as the flexibility price, as seen
in figure 4.7.A. One day will be evaluated for March, June, September, and December under
stochastic and naive forecasts for weather and energy prices.
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Figure 4.7: Flexibility estimation using the regulation down prices from CAISO. Figure A
shows the regulation prices for one day in March, June, September and December. Figure
B compares the flexibility estimated under a stochastic mode with the flexibility estimated at $
10 USD and $50 USD/MW, while the comparison with a naive forecast and the same flexibility
prices is shown in Figure C.
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The flexibility obtained in June, September and December was similar to the results using a
flexibility price of $ 10 USD/MW, showing insufficient differences to be exposed. On the other
hand, the flexibility offered in March is responsive to the flexibility price and the forecasting
approach. Figure 4.7.B introduces the flexibility response under the stochastic approach,
getting similar values to the flexibility estimated at $ 10 USD/MW between 2:00 to 6:00 hrs
and between 17:00 to 22:00 hrs., while between 14:00 to 16:00 hrs., the flexibility has similar
values to the estimations under $ 50 USD/MW. The higher flexibility values between 12:00 to
14:00 hrs. come from the influence of price and weather scenarios, where the flexibility needs
to be capable of being delivered in each scenario, reducing the flexibility available but showing
a positive response to higher prices.

The flexibility response differs in the naive forecast approach (figure 4.7.C), where the flexib-
ility values are similar to the flexibility at $ 50 USD/MW, showing no higher responsiveness
of the flexibility in the price unless some specific prices are surpassed, even if the flexibility
price reaches values over $ 80 USD/MW. This behaviour could be explained by the cost of the
model to provide flexibility; in a case with a unique price and weather, the flexibility cost can
be considered as a ladder with near-zero ¢ values (following the normCDF fitting approach
introduced in section 4.3.2).

4.4 Conclusions

A day-ahead flexibility estimation model is proposed to study the demand-side response using
various flexible appliances available in buildings. The proposed approach operates under
the concept of a demand trajectory plus a trajectory band, serving as a slack demand for
each scenario, where the flexibility capabilities are measured by the demand deviation from
the demand trajectory. The model follows the ’alternative flexibility estimation’ idea, which
uses branches from the evaluation horizon to estimate flexibility for continuous time intervals.
Integrating the rebound effect, along with the 'storage state’ variable per appliance, enables
the fulfilment of continuous flexibility requirements throughout the day.

The integration of the rebound effect in the flexibility offered enables the model to estimate
the flexibility response curve to the flexibility price, allowing it to fit its response as the sum
of normal cumulative distribution functions. Under a fixed energy price in day-ahead and real-
time markets, two normal distributions identify specific increases in flexibility associated with
the pool pump and electric vehicle flexibility. The first peak is associated with efficient flexibility
with minimal disadvantages, while the second peak is related to the penalisation cost of dis-
charging the battery. Both normal distribution peaks are confirmed under stochastic weather
and pricing, where the o could be associated with the energy price intra-day variations, and
the average energy price can shift the u values.
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The flexibility response curve exhibits a smoother response, considering both weather and
price scenarios. Under the normal distribution fitting, the ¢ value increases due to the variation
in energy prices, as well as the effect of weather conditions on the appliance’s operation.
The flexibility offered under the stochastic approach tends to be lower than naive forecasting.
Still, the additional resilience of the stochastic evaluation diminishes the possibility of being
penalised if the demand trajectory deviates from the expected values or when the operator
cannot provide the offered flexibility. In addition, the operational cost may be higher in the
stochastic approach; however, the cost variations when the flexibility price increases are lower.

The restoration capacity of the appliances was observed under modifications to the duration
of the rebound time. Whether the rebound time is reduced to half of the flexibility requirement,
the total flexibility offered is reduced between 21% to 25%. The opposite effect was similar,
with a 30% increase in flexibility when the rebound time is doubled. The introduction and
definition of the rebound time enable the model to adapt its flexibility response according to
the ISO/DSO requirements for ancillary services, or can be used as a market design tool to
understand and value how an extended or shorter rebound time modifies the flexibility offer
and its cost to providers.

The proposed model creates multiple opportunities for future work. First, the capacity to model
the day-ahead flexibility response curve can simplify the participation of multiple aggregators
in a flexibility market, where each participant knows their flexibility response and can evaluate
the response from other participants in the market. The agents in the flexibility market could
focus more on the market strategies and grid constraints than on the flexibility estimation.
Second, the aggregator could extend the alternative flexibility scenario to include multiple
flexibility prices simultaneously, offering a responsive flexibility bidding curve with different
prices according to the quantity of flexibility required. The mean values from the normal
cumulative density function used to fit the response curve can determine some relevant price
levels for flexibility offers. Third, the influence of the market rules on the cost of flexibility.
The rebound cost, primary, secondary or tertiary regulation market participation, and the
capacity to buy energy in day-ahead, real-time, power-purchase agreements, or other energy
markets influence the flexibility cost and the aggregator’s response to market signals. Finally,
the effect of the flexibility market definitions on the flexibility offered. The participation of a
demand aggregator can be defined by the requirements to offer flexibility. For example, the
response time of the appliances in providing flexibility could change the product offered by
the aggregator, where the model estimates the flexibility services for primary, secondary, and
tertiary frequency control using the same set of appliances. Fast-response appliances such
as electric vehicles, solar panels, and pool pumps, could be part of the primary to tertiary
frequency markets, leaving thermal appliances to offer services in tertiary frequency markets.



Chapter 5

Conclusions and future work

This thesis explores the demand-side flexibility estimation problem as a bottom-up approach,
starting from basic operational models for flexible appliances as the initial step in the chain,
and culminating in the formulation of a stochastic virtual power plant that schedules distributed
energy resources to offer their flexibility in the day-ahead market. To address the proposed
challenge, the demand deviation capacities of a single appliance and the aggregated re-
sponse of multiple appliances were studied, including how external elements, external agents,
and the coordinator’s interest can modify their scheduling and the estimated flexibility, as
highlighted below.

In chapter 2, a deterministic approach to estimating demand-side flexibility was proposed,
focusing on the ’alternative flexibility scenario’ approach to define the reference demand and
the flexibility available as the demand deviation for a defined number of time steps. The
model estimates the appliances’ aggregated deviation capacity and capability to maintain
the offered flexibility over time in various weather conditions and energy prices from the day-
ahead market.

In chapter 3, a scenario generator for next-day weather conditions was developed to integrate
variable weather conditions into the flexible appliance operation. Using a neural network
model, the cloud index parameter was utilised as an indicator of cloud conditions to asso-
ciate with weather patterns. The scenario generator employs the hidden Markov model to
analyse cloud transitions during the day, and LSTM models to forecast solar irradiance and
temperature for the next 24 hours. The cloud transition probabilities were used to define a set
of eight weather scenarios for evaluation under a basic virtual power plant model, resulting
in a lower VPP operational cost during exceptional weather conditions compared to naive
forecasting.

Finally, in chapter 4 a stochastic virtual power plant model was developed, incorporating the
"alternative flexibility scenario’ approach and the weather scenario in the case evaluation.
The model employs the ’alternative flexibility scenario’ to estimate demand-side flexibility and
extends this concept to include a rebound effect within a limited time window, thereby making
the proposed approach price-sensitive to flexibility prices. The stochastic VPP can adjust

103



. Conclusions and future work 104

its operation based on DAM and RTM prices, weather conditions, flexibility conditions, user

comfort, and usage behaviour. The model determines the appliance scheduling and aggreg-

ated flexibility, being computationally efficient due to the relaxed-restricted implementation for

binary variables in thermal models.

The main conclusions of the presented thesis are summarised below:

5.1

The duration of a flexibility requirement impacts flexibility estimation, where the same
set of flexible appliances shows different scheduling strategies and flexibility responses
according to the duration requirement. The introduction of the ’alternative flexibility
scenario’ to evaluate the flexibility effect on demand at different time intervals in op-
timisation models facilitates the test of various flexibility requirements during the day in
one iteration, allowing to appraise of flexibility under variable duration with additional
iterations or increasing the number of flexibility scenarios, adding computational com-
plexity to the problem.

Multiple elements influence the flexibility available from a set of appliances, such as
energy prices, user comfort and ISO/DSO operational requirements, among others.
The flexibility estimation approaches must be easily adaptable to different conditions in
various regions/markets, thereby reducing the number of iterations and the computa-
tional complexity of the proposed models for evaluating flexibility.

The representation of various weather patterns in the scenario generation diminishes
the effect of unexpected weather changes during the day, which artificially increases
the VPP operational cost. The inclusion of cloud condition information facilitates pattern
recognition on solar irradiance and temperature scenarios, improving the scheduling of
thermal appliances and their flexibility response capacity.

The incorporation of the rebound effect with a limited duration changes the flexibility
estimation model capabilities as a price-sensitive model, allowing it to respond to en-
ergy and flexibility prices to schedule appliances and available flexibility. The rebound
duration appears as a new element that directly influences the flexibility available,
allowing the aggregator agent to offer flexibility immediately after the rebound time.

Thesis contributions

The main contributions of this thesis can be summarised as follows:

The development of operational models for flexible appliances with flexibility variables
in their formulation, for future integration into aggregated optimisation models. The
coordination of flexible appliances permits extended flexibility services that cannot be
delivered by the appliances individually.
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. The introduction of the ’alternative flexibility scenario’ for flexibility estimation diminished
the number of iterations required by including both reference demand and flexibility
evaluation in the model. Consequently, the model’s computational complexity increases,
allowing flexibility to be evaluated in each time interval in one iteration rather than
iterating over the selected time granularity to obtain the flexibility available during the
evaluated time window.

. The use of cloud condition indicators as a cloud index improves the model’s capacity
to capture temperature and solar irradiance patterns and variations during the day,
resulting from changes in cloud conditions. Thermal models benefit most from the
cloud changes between scenarios, offering robust appliance scheduling to unexpected
changes in weather conditions.

. The rebound effect can be used as a limitation to the appliances to offer flexibility,
where the appliances must recover from the demand deviation in a limited time. Under
this approach, the flexibility estimation model serves as a sensitive model for flexibility
prices, where the additional energy cost during the rebound time in each ’alternative
flexibility scenario’ is directly related to the flexibility offered.

. The flexibility response can be recognised as the sum of normal cumulative density
functions. The mean value from two normal CDFs was associated with low-cost flexib-
ility from pool pumps and electric vehicle flexibility after the activation of battery pen-
alties. The standard deviation may depend on the weather conditions in the evaluated
scenarios and the energy price differences between the flexibility and rebound times,
requiring further research to correlate their influence on the flexibility response curve.

5.2 Thesis Validation

The central hypothesis of this thesis is that a bottom-up modeling framework, incorporat-
ing appliance-level physical constraints (rebound effects), stochastic weather variables, and
market price uncertainty, can accurately characterize and provide superior economic man-
agement of demand-side flexibility within a Virtual Power Plant context. Based on the results
and analysis presented in Chapters 2, 3 and 4; this hypothesis is validated as follows:

. Verification of physical model and the rebound effect: The hypothesis suggested
that specific appliance limitations are primary drivers of flexibility availability. In Chapter
2, the validation demonstrated that the "alternative flexibility scenario" approach, which
accounts for the energy recovery phase (rebound effect), is crucial for grid reliability and
accurate flexibility estimation. By contrasting with flexibility models that do not impose
time-limited constraints, it was demonstrated that ignoring physical constraints leads to
an overestimation of available flexibility.
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Weather influence and uncertainty: The hypothesis claimed that integrating weather
and price uncertainty would allow for more effective flexibility management. Chapter 3
validated this through the implementation of an LSTM-based scenario generator. The
results showed that by mapping temporal dependencies in weather data and defining
a set of weather scenarios, the VPP could mitigate the risks of high-cost operational
days. The validation of the LSTM architecture (achieving a MAPE below 8% for critical
variables) confirms that stochastic modeling is necessary for managing the variability
cited in the hypothesis.

Economic improvement and market integration: The hypothesis anticipated that an
integrated model would improve the response capacity and economic standing of a
VPP. The economic evaluation in Chapter 4 provided the quantitative proof: the integ-
rated framework resulted in a 15% revenue increase over a one-year simulation com-
pared to "naive" baseline models, confirming how the bottom-up flexibility estimation
approach translates into measurable economic value and improved market competit-
iveness for demand-side aggregators.

In summary, the alignment between the obtained results from flexibility estimation and the

initial research claims suggests that the proposed models are not only a theoretical idea, but

also a practical necessity. The integration of the physical, meteorological, and economic layers

successfully addressed the research gaps identified in the introduction, fulfilling the general

objective of this doctoral work.

5.3 Research Limitations

The proposed flexibility estimation framework demonstrates improvements in flexibility man-

agement, but, several technical and systemic limitations must be acknowledged:

Spatial and Thermal Granularity: The 5R1C thermal model utilized in Chapter 2 is a
lumped-parameter approach. This approach is computationally efficient for large-scale
simulations because it assumes a uniform internal temperature in each room. Larger
buildings exhibit spatial temperature gradients and variations in each time interval,
which may lead to user dissatisfaction if the temperature limits are surpassed.

Data Dependency: The forecasting performance detailed in Chapter 3 dependent on
the quality and resolution of historical data. The LSTM models were trained on datasets
from CAISO and local weather stations from San Diego, US. For places with lower-
quality data, the model’s effectiveness in associating cloud conditions with weather
forecasting will be diminished.
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. Behavioural Uncertainty: While the thesis accounts for the physical rebound effect,
it assumes that users will strictly adhere to the optimised schedules provided by the
aggregation agent. The impact of human actions, which could change setpoints or
require EVs outside of the expected time window, represents a stochastic behaviour
that was outside the scope of this thesis.

5.4 Future research

From the research presented in this thesis, the ideas presented below can be explored in next
years:

. The development of a heuristic to optimise the flexibility duration to offer in energy
markets based on the scheduled demand, appliance properties, energy prices and
historical flexibility duration requirements. Each flexible appliance can participate in
multiple flexibility markets, such as non-spin and primary and secondary reserve mar-
kets. The heuristic or optimisation model can decide which market will be offered the
flexibility, following additional constraints such as flexibility response time, duration,
ramp capability or curtailability, to maximise profitability from offering various flexibility
services. One approach to achieving these goals is to extend the alternative flexib-
ility scenario to simultaneously include multiple flexibility prices, thereby providing a
responsive flexibility bidding curve with different prices for each evaluated market. For
example, the model can schedule fast-response appliances, such as electric vehicles,
solar panels, and pool pumps, to participate in primary and secondary frequency mar-
kets, while leaving thermal appliances to offer services in tertiary frequency markets.
An increase in the computational complexity of the problem can limit the effectiveness
of this approach.

. The weather scenario generator depends on Markov models to define the probability of
each scenario, which could be replaced by a numerical weather prediction or cloud mo-
tion vector model to predict future cloud conditions and improve temperature and solar
irradiance forecasts, taking advantage of the trained LSTM model, which characterises
weather patterns from cloud conditions.

. The characterisation of the flexibility response curve, based on the set of available
flexible appliances, weather conditions and pricing scenarios, could reduce or remove
the use of optimisation models to evaluate future flexibility by following statistical and
data-driven models.

. The influence of the market rules on the cost of flexibility and the flexibility offered.
The rebound cost, primary, secondary, or tertiary regulation market participation, and
the capacity to buy energy in day-ahead, real-time, or power-purchase agreements, as
well as other market requirements or constraints, influence the flexibility cost and the
aggregator’s response to market signals using the same set of flexible appliances.
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The capacity to model the flexibility response curve per each aggregator can simplify
the participation of numerous aggregation agents, such as VPP or DA, in a flexibility
market, where each agent knows their flexibility curve and can evaluate the response
curve of other agents. Under this approach, the aggregation agents can focus on the
market strategies and grid constraints rather than on flexibility estimation.

Evaluation of behavioural uncertainty from users in the flexibility estimation model.
For electric vehicles, the model needs to evaluate unexpected departure scenarios,
where users override or stop EV charging schedules. For thermal appliances, explore
the trade-off between flexibility provision and user dissatisfaction. This research would
benefit from incorporating Reward-based approaches that quantify the economic in-
centives to prevent users from not following the scheduled operation during critical grid
events.

5.5 Final Remarks

This thesis provides a bridge between the physical limits of flexible appliances and the com-

plex signals of the energy market. This work proposes a scalable framework for estimating

demand-side flexibility from distributed resources, enabling ISO/DSO operators and aggrega-

tion agents to integrate unused appliances and offer flexibility services, thereby facilitating the

transition to a reliable and decarbonised energy system.
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.1 Thermal models state-of-art

The literature on thermal building modeling can be divided into three categories based on the

approach used:

White-box models: The mathematical formulations known for each one of their expres-
sions, constants, and variables can be considered white-box models, usually based
on physical and first-principle models Kathirgamanathan, De Rosa, Mangina, and Finn
(2021). Various formulations can be considered white-box models, starting with the
static linear approach, and progressing to complex dynamic formulations that evalu-
ate the heat balance between thermal zones. This approach requires detailed phys-
ical knowledge to build a proper model (building geometry, material properties) to re-
duce discrepancies between the simulated building and temperature measurements.
The software EnergyPlus De Rosa, Brennenstuhl, Andrade Cabrera, Eicker, and Finn
(2019); DoE (2010), TRNSYS S. e. a. Klein (2017), and Modelica Fritzson and Engel-
son (1998); K. Klein et al. (2017) are used models to simulate the building’s thermal
behavior, which can be considered a white-box model.

Black-box models: Formulations that ignore the physics related to the problem and rely
on on-site measurements to train data-driven models Amara, Agbossou, Cardenas,
Dubé, and Kelouwani (2015). The model training requires measurements of HVAC
consumption, operational points, and internal and outdoor temperatures to cover all
possible relevant variables to the model, but the predictions provided outperform other
thermal approaches Arendt, Jradi, Shaker, and Veje (2018). The dataset must be as
comprehensive and extensive as possible, covering all seasons and spanning at least
one year to enhance the accuracy of the training process. Artificial Neural Networks
Afram and Janabi-Sharifi (2015), Emsemble Learning models Fan, Xiao, and Wang
(2014), and Support Vector Machines Dong, Cao, and Lee (2005) are used formulations
for black-box models.

Gray-Box models: A mixed formulation that considers both empirical and physical as-
pects in the model can be viewed as a gray-box model. It depends on on-site meas-
urements to adjust the parameters introduced in the physical model Cui et al. (2019).
Compared to a black-box model, the required training dataset is smaller, consisting of a
few weeks of measurements rather than years of data. The resistive-capacitive thermal
network model Fraisse, Viardot, Lafabrie, and Achard (2002) is the most used approach
that can be considered a gray-box model.

In the proposed approach, it can be challenging to use black-box models because the high

number of variables affects the computational power required by the model formulation Arendt

et al. (2018). Consequently, the white-box and gray-box approaches are preferred to formulate

building optimization models. The white-box approach is usually used in multiple household

formulations with minimal information Erding, Tascikaraoglu, Paterakis, Eren, and Catalao
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(2017). Its simplicity in defining household properties in a static linear formulation allows it to
include hundreds or thousands of households in demand aggregation or virtual power plant
models. In addition, more complex models, such as first-principles approaches presented
in EnergyPlus and TRNSYS, offer highly detailed thermal modeling but are computationally
expensive for an optimization approach. It is possible to use high-level white-box models in
conjunction with a gray-box model, utilizing the data generated by the white-box model as
measurements to calibrate the gray-box model De Rosa et al. (2019), thereby simplifying the
white-box model for use in an optimization model.

Independent of the white-box or gray-box approach, it is possible to present the parameters
in the thermal linear model as constant values (in this work, a and B are used for the
parameters) associated with the thermal losses, energy efficiency, and thermal storage in
the model. The thermal model presented in this work uses this notation as a generalization,
independently of a white-box or gray-box approach.
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.2 1S0O 13790:2008 thermal model rewriting

The thermal dynamics of the building are modeled following the hourly method described
in Annex C of 1ISO 13790:2008 ISO 13790:2008(E) (2008). This approach utilizes a 5R1C
lumped-capacitance model, which represents the building’s thermal behavior through five
resistances and a single capacitance. To determine the internal wall temperature, the Crank-
Nicolson scheme is applied, calculating the temperature as the mean value between time
steps t and r — 1. An advantage of the Crank-Nicolson scheme is the possibility to reformulate
the thermal model into a linear expression. This linearization facilitates the isolation of the air
conditioner’s specific thermal impact from external variables such as solar irradiance, outdoor
ambient temperature, and black-body radiation. A detailed explanation of each parameter
within this framework is provided in ISO 13790:2008(E) (2008). The rewriting of the thermal
model is shown below:

hvac

H .
_ msthvac hvac e,hvac hvac sup,hvac tr,1 ia,hvac
Ry = (I)w‘t + Htr,w * ew.,t + Htr,l * ew,t + Hhvac q)w,z (1a)
ve
hv%ac
) tr,
Ry = @ Hps 01+ Ry (1b)
tr,2
hvguc Hhvlac
mtot,hvac __ 11,3 tr, hvac hvac,heat hvac,cool
(I)w,rz‘m.,t =Rl+ HhWCHhvac eff [PwArth - Pw,r'tm,t (1)
tr,2 ve
hvac
R, = Cm —0 S(Hhvac + HhvaC) (1 d)
2 3600 . tr3 tr.em
Chvuc " "
_“m vac vac
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The variables R, to R¢ are partial rewriting of the expressions in the ISO 13790:2008 thermal

mtot hvac

model. In expression 1c, @, ,,,,,; are the energy flows in the internal wall (from solar heat,
air renovation, heat from internal sources, and air conditioner). GVTZ,},‘;‘;‘ in expression 1f is the
internal wall temperature, which depends on the wall temperature in ¢t — 1, the energy flow
in the internal wall at time ¢, and the air conditioner operation. The Crank-Nicholson scheme
assumes that the instantaneous internal wall temperature at time ¢ is equal to the temperature
in time ¢ plus the value at ¢t — 1 divided by two, as shown in expression 1g, being the instant-
aneous internal wall temperature the expression 1h. The internal wall temperature allows us
to estimate the wall surface temperature in 1m and finally introduce the air temperature in
expression 1n. The internal wall temperature is considered the energy storage variable for the

thermal model, while the air temperature is the variable of interest for user comfort.
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