
 

 
 

PhD-FSTM-2024-079 
The Faculty of Science, Technology and Medicine 

 

 
DISSERTATION 

 
Defence held on 30/09/2024 in Luxembourg  

 
to obtain the degree of 

  
 

DOCTEUR DE L’UNIVERSITÉ DU LUXEMBOURG 
 

EN INFORMATIQUE 
 

by 
 

Ramin Bahmani 
Born on 20th December 1992 in Dashti, (Iran) 

 
MODELING AND DATA ANALYSIS FOR FLEXIBILITY 

OPTIMIZATION AND  FORECASTING IN ENERGY 
SYSTEMS   

 
Dissertation defence committee 
 
Dr Gilbert Fridgen, dissertation supervisor 
Professor, Université du Luxembourg 
 
Dr Mohammad Ansarin 
Consultant at Trinomics Consulting, Netherlands 
 
Dr Raphaël Frank, Chairman 
Professor, Université du Luxembourg 
 
Dr Jens Strüker 
Professor, University of Bayreuth, Germany 
 
 
 



“As you start to walk on the way, the way appears.”

Rumi (1207 – 1273)



Acknowledgements

I would like to extend my sincere thanks to Prof. Gilbert Fridgen for his continuous

support and guidance throughout my doctoral journey. His knowledge and encourage-

ment have been crucial in shaping this thesis.

I am very grateful to Dr. Michael Schöpf, Dr. Ivan Pavić, and Dr. Mohammad Ansarin
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Abstract

The energy system is undergoing a significant transformation with the increasing

penetration of renewable energy sources into the grid. This shift towards renew-

ables introduces volatility due to the intermittent nature of sources like wind and

solar power. To maintain power system stability and avoid unnecessary invest-

ments in new power generation or transmission infrastructure, stakeholders pro-

pose increasing flexibility within the energy system. Multiple energy sectors can

contribute to this flexibility by optimizing their operations to balance supply and

demand effectively. Enhanced coordination between these sectors can help mitigate

the risks associated with the volatility of renewable energy sources. Additionally,

data inputs such as time series of electrical load and renewable generation are es-

sential for optimization, making data analytics crucial for enabling this integrated

approach to energy management.

This doctoral thesis comprises six publications that investigate two primary research

directions: flexibility optimization and time series analysis. The first four publica-

tions focus on developing flexibility optimization algorithms tailored for various

energy sectors and market participants, including industrial companies, residential

consumers, and electric vehicle (EV) aggregators. Specifically, two papers address

industrial demand flexibility optimization, utilizing a generic data model to facili-

tate seamless data transfer. Another paper proposes a model for EV aggregator flexi-

bility optimization that account for data uncertainty, ensuring reliable operation un-

der uncertain conditions. The forth paper examines flexibility optimization within

an energy hub, integrating electricity, gas, and heat as interconnected energy carri-

ers. In addition to optimization strategies, the thesis delves into time series analysis,

essential for effective flexibility optimization. Two publications in this domain in-

vestigate methods to enhance data quality and forecasting. One publication focuses

on real-time spatiotemporal time series missing data imputation, offering solutions

to manage and recover incomplete datasets crucial for real-time decision-making.

The other publication reviews and evaluates various load forecasting methods, pro-

viding insights into their applicability and performance in forecasting future energy

demands. Together, these studies contribute to a comprehensive understanding of

how to optimize flexibility across different sectors and how time series analysis can

support this optimization.
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I Introduction

1 Motivation

The climate crisis poses a significant threat to the world, affecting every aspect of life

on earth (Leahy et al., 2010). The continuous rise in global temperatures influences

natural ecosystems, weather patterns, and human societies in profound ways (Kerr,

2007). This will affect agricultural productivity, leading to food shortages and increased

prices, which could exacerbate hunger and malnutrition globally. Additionally, the cli-

mate crisis will cause more frequent and severe natural disasters, such as hurricanes,

floods, and droughts, disrupting communities, displacing populations, and straining

economies (Klinenberg et al., 2020). In response to this urgent issue, the Paris Agree-

ment was established in 2015, bringing nations together in a shared commitment to

combat climate change (Meinshausen et al., 2022). The primary goal of the Paris Agree-

ment is to keep the global temperature rise well below 2°C. Furthermore, it aims to pur-

sue efforts to limit the temperature increase even further to 1.5°C (Rogelj et al., 2016).

This ambitious target is crucial for reducing the risks and impacts of climate change,

preserving biodiversity, and ensuring a sustainable future for all.

To uphold the Paris Agreement, decisive action is essential. This includes significantly

reducing carbon emissions and minimizing reliance on fossil fuels (Jackson et al., 2019).

One major area of focus is electricity, a primary energy demand driver, playing a cru-

cial role in decarbonization efforts (Arbabzadeh et al., 2019). Transitioning to renew-

able energy Sourcess (RESs) is vital in this process. RESs, such as solar, wind, and hy-

dropower, offer sustainable alternatives to traditional fossil fuels, helping to cut carbon

emissions (Jin and Kim, 2018). These interconnected sectors highlight the importance of
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a holistic approach to energy transition (Fridgen et al., 2020). By leveraging the potential

of renewable energy, we can drive significant progress across multiple areas, ensuring a

more sustainable and resilient energy system (Lund, 2007).

Traditional power systems are centralized with a unidirectional electric flow from bulk

power plants to consumers. However, the shift to a modern power system, facilitated

by information and communication technology (ICT) and driven by policies to mitigate

global warming, has led to an increase in RESs, which are often distributed. These RESs

rely on weather conditions for optimal performance, thereby heightening the challenge

of maintaining power system stability. To overcome this challenge, energy systems re-

quire energy flexibility. (Union of the Electricity Industry - EURELECTRIC aisbl, 2014)

defines flexibility as the “[. . . ] modification of generation injection and/or consumption pat-

terns in reaction to an external signal (price signal or activation) to provide a service within

the energy system “. Energy flexibility provision can thus stem from various sources.

While options such as upgrading transmission lines, constructing new electrical storage

facilities, or building new power plants involve significant investment costs (Heffron

et al., 2020b; Palensky and Dietrich, 2011), dadjusting electricity demand leverages ex-

isting assets and is therefore less capital intensive (Heffron et al., 2020b). The concept

of demand response (DR), a component of demand side management (DSM), pertains

to short-term modifications on the electricity consumption side (Palensky and Dietrich,

2011).

Flexibility in the power system spans various end-users, including industrial, res-

idential, and commercial, each offering unique contributions to energy manage-

ment (Dranka and Ferreira, 2020). In the industrial sector, flexibility is achieved through

DR, where energy-intensive companies adjust their energy consumption based on grid

needs, thereby enhancing stability and efficiency (Xu et al., 2020). Residential end-users

contribute to flexibility through smart appliances and home energy management sys-

tems that optimize usage during peak and off-peak hours. The integration of RESs

and battery storage in homes further aids in balancing supply and demand (Gottwalt

et al., 2016). In the commercial sector, buildings equipped with advanced energy man-

agement systems can adjust heating, cooling, and lighting in response to grid signals,

significantly reducing energy consumption during peak periods (Huang et al., 2021).

Certain players can operate across multiple sectors of the power system. For instance,
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electric vehicle (EV) aggregators play a vital role in this ecosystem by managing fleets of

EVs that serve as mobile energy storage units, benefiting both residential and commer-

cial sectors (Deng et al., 2020). EV aggregators can coordinate charging and discharging

times, providing valuable grid services and enhancing overall system flexibility. This

coordination ensures a more resilient and adaptive power system (Lu et al., 2020).

In addition to providing flexibility in the electricity sector, multi-energy systems (MES)

also offer flexibility across thermal and gas networks. Flexibility in MES is also vital

for enhancing efficiency, reliability, and economic performance across interconnected

energy networks (Corsetti et al., 2021). MES involves the integration of various energy

carriers, such as electricity, heat, and gas. This approach allows for coordinated energy

conversion and storage, optimizing resource utilization and enabling dynamic response

to demand fluctuations and market conditions (Mancarella, 2014). MES flexibility sup-

ports participation in ancillary services, including frequency control, which improves

grid stability. Technologies like combined heat and power (CHP) units and energy stor-

ages, such as thermal storage and batteries, are key components that facilitate MES’s

ability to adjust operations efficiently, ensuring technical and economic benefits across

multiple energy sectors (Mancarella et al., 2018).

To integrate flexibility in electricity markets, decision-making systems are neces-

sary (Abdin et al., 2019). Effective decision-making in flexibility provision programs

depends on advanced optimization models, which maximize revenue for the participat-

ing parties and provide strong financial incentives to engage in flexibility activities. By

using generic data formats, the decision-making process can seamlessly accommodate

diverse stakeholders and technologies. These processes require a generic data model

for inputs and outputs of the flexibility provision program to ensure interoperability

and avoid user-specific constraints (Schott et al., 2019). Market-based flexibility mecha-

nisms allow for the dynamic balancing of supply and demand, responding in real-time

to fluctuating conditions (Wang et al., 2020).

In flexibility optimization, input data plays a critical role, particularly through the use

of various time series data such as loads, electricity prices, and power system mea-

surements (Khatami et al., 2019). Power system analysis necessitates high-quality time

series data, making the use of imputation techniques to handle missing or incomplete

data essential (Alamoodi et al., 2021). Additionally, predicting future values of these
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time series is vital for effective flexibility optimization, requiring robust time series fore-

casting methods to generate accurate and reliable future data points (Pinto et al., 2017).

By incorporating advanced forecasting techniques, we can anticipate future load de-

mands, price fluctuations, and system measurements, which serve as vital inputs for

optimization models. These models then utilize the predicted data to optimize resource

allocation, enhance grid stability, and maximize economic benefits (Zavala et al., 2009).

Therefore, the integration of high-quality time series data, imputation, and forecasting

is fundamental to the success of flexibility optimization in modern power systems.

2 Research aim

To successfully integrate flexibility into the power system, we need flexibility optimiza-

tion models to optimize the profit derived from flexibility scheduling. Different en-

ergy consumers, such as commercial, industrial, and residential entities, each have their

own requirements for flexibility optimization (Dranka and Ferreira, 2020). Therefore,

there is no one-size-fits-all solution (Lind et al., 2024). However, there is a general

flow of the optimization process demonstrated in Figure I.1. This flowchart illustrates

the input-output process for flexibility optimization. It begins with potential flexibil-

ity quantification and time series analysis. In the potential flexibility quantification,

we assess elements capable of participating in flexibility provision to determine their

potential contributions. These elements include flexible loads, generation units, and

storage systems. Additionally, various time series data, such as wind speed, solar ra-

diation, and consumer load, require preprocessing steps like missing data imputation

and time series forecasting before use in flexibility optimization. These inputs are for-

matted generically and fed into the flexibility optimization modeling stage. This stage

considers factors such as electricity markets, uncertainty modeling, and optimization

methods. Finally, the outputs include a schedule of flexible loads and storage, along

with the profit derived from flexibility scheduling.

The main focus of this doctoral thesis is on flexibility optimization modeling for differ-

ent energy consumers considering different electricity markets and uncertainty model-

ing approaches. Each energy system involves unique components, requiring different

flexibility optimization models (Lund et al., 2015). Industrial processes include ma-
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chines, energy and material storages, and interdependencies between machines within

a plant, necessitating specific optimization strategies (Heffron et al., 2020b). This doc-

toral thesis also aims to deepen the insights presented by (Schott et al., 2019) by inves-

tigating the design of a industrial flexibility optimization model based on their generic

data model applicable to various industrial companies. In contrast to the industrial

flexibility which focuses on the large industrial machines, residential flexibility focuses

on household appliances and their usage patterns, considering peak times and demand

response programs (Yin et al., 2016). Additionally, there is a special attention to EV

charging, as home EV charging is becoming increasingly popular. A further focus of

this doctoral thesis is to design optimization algorithms for EV aggregators and incor-

porating uncertainty into the model. In a broader perspective, this thesis investigates

how flexibility can be utilized in a multi-energy system. Therefore, this thesis also ex-

plores the availability and optimization of different types of energy, specifically focusing

on heat electricity, and gas for enhancing system flexibility.

Figure I.1: Flexibility optimization input output flowchart (source: own demonstration)

Energy systems feature various flexibility sources, such as flexible loads and storages.

Additionally, different time series, including weather data, electricity price signals, and

measurement data, play crucial roles in the optimization process as inputs (Liu and

Heiselberg, 2019). Consequently, an additional focus of this doctoral thesis is on fore-

casting and imputing the time series necessary for effective optimization.

The overall purpose of this thesis is to design and optimize flexibility models for various

energy consumers, considering unique sector-specific requirements, uncertainties, and

market influences. The research particularly focuses on integrating heat, electricity, and

gas in multi-energy systems and improving time series forecasting and imputation.
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3 Structure of the thesis

This doctoral thesis consists of a collection of six publications, each contributing to the

overall research aim. Table I.1 lists these six publications and highlights their specific

roles in achieving the thesis aims. The table outlines various aspects, such as load types,

missing data imputation, forecasting, generic input format, electricity markets, and un-

certainty modeling. Each publication is detailed based on these attributes, highlighting

their specific focus and methods. Four of the publications focus on modeling and op-

timizing flexibility in different sectors and use cases, including multi-energy systems,

industrial loads, and EV aggregators. The other two publications focus on time series

analysis needed for the input data in flexibility optimization. Together, these publica-

tions provide a thorough exploration of the research topic, covering both theoretical and

practical aspects.

After this introduction (Section I), Section II considers flexibility providers across vari-

ous end users, including industrial, residential, and commercial sectors, detailing their

specific characteristics. Additionally, it introduces flexibility in different energy sectors,

such as heat and electricity.

Section III addresses the preparation of inputs for flexibility optimization. This pro-

cess involves quantifying potential flexibility for electricity consumers and generators,

conducting time series analysis, and converting input data into a standardized format.

Section IV discusses several key methods and approaches for enhancing the adaptabil-

ity of energy systems. It emphasizes the importance of time series analysis for forecast-

ing and understanding patterns in energy consumption and generation. Additionally, it

highlights the need for generic data formats to ensure interoperability and efficient data

integration across various systems. The chapter also explores different markets for flex-

ibility optimization and the role of uncertainty modeling using stochastic optimization

technique. Economic and mathematical models, including cost minimization and profit

maximization approaches, are detailed to achieve optimal flexibility in energy systems.

Section V concludes this thesis by summarizing the key findings from the previous sec-

tions, identifying limitations, and providing an outlook on future research.
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Papers
Load
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Energy
Sectors

Missing
Data

Imputation
Forecasting

Generic
Input

Format

Fl
ex

ib
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ty
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iz
at

io
n

pa
pe

rs

RP1: Cooperative energy
management of multi-energy hub
systems considering demand
response programs and ice storage

Residential,
industrial,

and commercial

Electricity,
heat,

and gas
- - -

RP2: Optimal industrial flexibility
scheduling based on generic
data format

Industrial
load

Electricity - - Yes

RP3: Energy flexibility scheduling
optimization considering
aggregated and non- aggregated
industrial electrical loads

Industrial
load

Electricity - - Yes

RP4: Impact of minimum energy
requirement on electric vehicle
charging costs on spot markets

EV
aggregator

Electricity - - -

Ti
m

e
se

ri
es

an
al

ys
is

pa
pe

rs

RP5: Noisy PMU data recovery
in transient conditions through
self-attention neural networks

- -
Real-time
time series
imputation

- -

RP6: Federated learning
for Energy Systems

- - -
Load

forecasting
-

Table I.1: Research focus of the papers in this thesis
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II Flexibility Providers in Energy

Systems

Power systems require flexibility to maintain balance between supply and demand, es-

pecially as renewable energy sources become more prevalent. In the sections, we first

describe flexibility provision by the electrical demand and generation side. These are

loads and generations that are adjustable or shift-able to different times. Second, we

discuss flexibility provision by multi-energy systems. These systems integrate different

forms of energy such as electricity, heat, and gas, allowing us to convert and use one

form of energy based on availability and demand. These strategies collectively enhance

overall system resilience and efficiency, providing a stable and reliable energy system

in the face of fluctuating supply and demand dynamics.

1 Flexibility provision in electrical demand and

generation side

Flexible electrical loads and generation play a vital role in modern energy systems by

allowing us to adjust power consumption based on real-time grid conditions. By in-

tegrating both flexible loads and generation, we create a more robust and adaptable

energy system (Heggarty et al., 2020). As demonstrated in Figure II.1, both load and

generation can participate in flexibility provision. Flexible loads comprise three pri-

mary types: load increase, load decrease, and load shifting. Load increase involves

temporarily increasing the power consumption of certain loads to balance excess gener-

ation or stabilize the grid. For example, we can schedule EVs to charge during periods

with cheaper electricity price (Alyami et al., 2022). On the other hand, load decrease

8



involves reducing power consumption to prevent grid overloads or during periods of

high demand. We can for instance turn off devices like electric water heaters, HVAC sys-

tems, and other non-essential loads or operate them at reduced capacity, contributing to

downward flexibility in the grid (Tian et al., 2021). Load shifting aims to move energy

consumption from peak periods to off-peak times. We can achieve this through dynamic

pricing schemes like time-of-use (TOU) tariffs, which incentivize users to consume elec-

tricity during off-peak hours (Pallonetto et al., 2016). Appliances such as dishwashers

and washing machines are often used in load-shifting strategies to align energy use

with periods of lower demand or higher renewable generation (Sadeghianpourhamami

et al., 2016).

Zeit

Load/Generation shifting Load/Generation increase

ZeitZeit

Load/Generation decrease

Figure II.1: Load/Generation flexibility types (source: own representation)

On the generation side, we also implement flexibility provision. For instance, we can ad-

just the output of flexible power plants, such as natural gas turbines, which can ramp up

or down quickly in response to grid demands. Additionally, renewable energy sources

like wind and solar farms can participate by curtailing production during periods of

low demand or excess supply.

We can categorize these flexibility providers into several types, including industrial,

residential, commercial, and agricultural providers (Yin et al., 2016). Each type uniquely

enhances grid flexibility and stability. Notably, the industrial and residential sectors

consume the most energy, which gives them significant potential to contribute to grid

flexibility and stability (Dranka and Ferreira, 2020).

Industries are major consumers of electricity, making them critical players in demand-

side flexibility RP3. The flexibility in industrial processes can significantly contribute

to grid stability and efficiency. Several industrial processes possess substantial flex-

ibility potential, particularly in energy intensive industries such as cement manufac-

turing, metal smelting, and oil refineries (Golmohamadi, 2022). These industries can
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adjust their energy consumption patterns to provide substantial grid support (Lee et

al., 2020). For example, in cement manufacturing, we can operate crushers and mills

during off-peak hours to reduce peak demand on the grid. Crushers, considered inter-

ruptible processes, can be switched off on short notice. Additionally, we can run raw

and cement mills to provide power flexibility without interrupting production (Gol-

mohamadi, 2022). To ensure that these adjustments are economically viable for the

industries involved, we often suggest financial incentives to encourage participation in

demand response programs (Marton et al., 2021).

Metal smelting plants, such as those involved in aluminum and steel production, also

offer significant flexibility potential (Molina-Garcia et al., 2010). Although the smelt-

ing process itself is generally uninterruptible, the power consumption of smelting pots

is adjustable to provide flexibility (Golmohamadi, 2022). For instance, we can adjust

transformers’ taps to modulate the power consumption of electric arc furnaces, allow-

ing these plants to participate in demand response programs (Zhang et al., 2016). In the

oil refinery industry, which consumes substantial amounts of power, heat, and steam,

we can offer considerable flexibility. These refineries often have self-generation facili-

ties such as gas turbines and boilers that we can adjust to provide grid support. For

example, during periods of high electricity prices or grid stress, refineries can increase

their on-site power generation or reduce consumption (Golmohamadi and Asadi, 2020).

Other industrial sectors also contribute to demand-side flexibility. Pulp and paper, tex-

tile, food and drink, ceramics, chemical, and glass manufacturers can adjust various

processes to provide grid support. By participating in demand response programs,

these industries can optimize their energy consumption, reduce emissions, and improve

operational costs.

In addition to the industrial flexibility, residential flexibility can play an important role

in demand side flexibility. Buildings are significant energy consumers, heavily burden-

ing the modern power grid. In many developed countries, they account for 30%–40%

of the total primary energy consumption (Jensen et al., 2017). Buildings are not only

significant energy consumers but also major contributors to causing peak demands. For

instance, buildings contribute to nearly 80% of peak demand in the United States (Cen-

ter, 2020). Residential buildings alone represent 55% of this energy consumption in the

U.S. Therefore, they have a crucial role in developing an efficient and reliable power
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grid (Administration, 2015). Residential EV charging significantly impacts residential

load, often increasing peak demand and causing potential grid instability. According

to (Golmohamadi, 2022), uncoordinated EV charging can increase the residential load

by up to 25%, stressing the distribution system and leading to voltage and frequency

imbalances, power losses, and reduced grid reliability (Das et al., 2020). EV aggregators

can mitigate these issues by optimizing charging schedules and enhancing grid flexi-

bility. They act as intermediaries between EV owners and grid operators, coordinating

charging times to avoid peak load periods and integrating EVs as distributed energy

resources RP4. This coordinated approach allows for load leveling and the provision

of ancillary services such as frequency control and reactive power support, enhancing

overall grid stability and efficiency (Torre et al., 2023). By leveraging advanced com-

munication and control infrastructures, aggregators can facilitate real-time adjustments

to charging patterns, thereby providing a crucial tool for grid management and energy

optimization in residential areas RP4.

2 Flexibility in multi-energy systems

In addition to the flexibility lied in the electrical system, the flexibility in the heating

demand is vital for optimizing multi-energy systems and enhancing their sustainabil-

ity. This flexibility is achievable through the integration of various heat sources and

aims to a more efficient energy use in the system (Corsetti et al., 2021). Figure II.2 illus-

trates an integrated multi-energy system that optimizes electrical, heating, and cooling

operations by managing various energy flows. We use and store electricity from re-

newable sources and the grid, directing excess power to electric chillers for cooling.

Natural gas powers CHP units and boilers, generating both electricity and heat. We

store heat and supply it to absorption chillers for additional cooling. By adjusting loads

based on grid conditions through electrical and thermal demand response units, we

enhance the system’s reliability, efficiency, and flexibility. By adapting to fluctuating

demand and supply conditions, heating systems can optimize energy consumption and

contribute significantly to a flexible energy system. This collaborative effort ensures

that the heating sector can meet its efficiency and sustainability goals, providing a more

reliable and efficient energy supply (Golmohamadi et al., 2021). The dynamic adapta-

tion of heating systems to real-time conditions enhances their overall performance and
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supports broader environmental and economic objectives, making energy flexibility a

cornerstone of modern energy management strategies.

Figure II.2: The architecture of exemplary multi-energy system (RP1)

District heating (DH) exemplifies multi-energy systems by incorporating various en-

ergy sources and technologies, such as CHP plants, renewable energy, and electric boil-

ers. District heating systems exhibit a high degree of flexibility by incorporating various

heat sources and thermal units, ranging from traditional fossil fuels to modern renew-

able energy installations (Vandermeulen et al., 2018). In Nordic and Baltic countries,

DH systems account for approximately 52%–62% of the heat supply, highlighting their

critical role in these regions (Sneum et al., 2016). Renewable energy is used in DH to

produce heat, such as solar thermal plants and biomass (Brand and Svendsen, 2013).

The integration of renewable energy into DH systems enhances climate balance, with

Denmark and Finland exemplifying this through their use of biomass and solar thermal

plants, which are also economically supported by tax exemptions (Skytte and Olsen,

2016). Key thermal units in DH systems include CHP plants and boilers (Sayegh et

al., 2017). CHP plants are pivotal as they cogenerate both heat and electricity, thereby

enhancing energy efficiency and reducing greenhouse gas emissions. Common CHP

technologies include steam turbines and fuel cells, which are often located near con-

sumers to facilitate the recycling of waste heat RP1. The deployment of CHP in DH

systems can reduce energy consumption by 20%–30% (Wu and Wu, 2013).
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III Input Data Preparation for

Flexibility Optimization

In this chapter, we discuss the input data preparation required for flexibility optimiza-

tion. As illustrated in Figure I.1, the process of flexibility optimization begins with input

data preparation, involving several critical elements. First, we quantify the potential

flexibility within the system by identifying flexible loads and storage capacities. Next,

we analyze the system inputs, which are in the form of time series data. Finally, we

reform the input data into a generic data model suitable for optimization.

1 Potential flexibility quantification for electricity

consumers and generations

We quantify potential flexibility for electricity consumers and generations by assess-

ing unique load/generation characteristics and adjusting usage patterns in residential,

commercial, and industrial sectors. In this sub-chapter, we first describe the flexibil-

ity quantification in the industrial sector. Second, we outline flexibility quantification

of the EV aggregators. Finally, we discuss flexibility quantification for residential and

commercial consumers.

1.1. Industrial flexibility quantification

By participating in demand response programs, industrial companies can adjust their

energy consumption patterns in response to grid signals. Flexibility in industrial set-

tings often involves complex dependencies between different processes and machines,
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which we must consider in any optimization model. To manage these dependencies,

it’s crucial to consider the interrelations between various loads. For example, the oper-

ation of one machine might depend on the completion of another task, or certain loads

might need to be activated in a specific sequence. This approach involves scheduling

and managing these inter-dependencies to ensure that the industrial processes remain

efficient while providing the necessary flexibility to the grid. For instance, Figure III.1

illustrates the need for activating or deactivating one flexible load before or after an-

other. In this figure, there can be a dependency between the activation and deactivation

times of Load1 and Load2. On the left, Load1’s activation necessitates the subsequent

activation of Load2, with lower and upper dependency boundaries provided. Using

these boundaries, rather than a specific time, extends flexibility options and increases

the chances of capturing all possible flexibilities. On the right, the deactivation of Load1

requires the activation of Load2 afterward, within the allowed boundaries (RP2) .

t

Power 

Load1

Load2

Lower dependency boundary

Upper dependency boundary

(a) Dependency type start-start

t

Power 

Load1

Load2

Lower dependency boundary

Upper dependency boundary

(b) Dependency type end-start

Figure III.1: Dependencies between different industrial loads (RP2)

1.2. EV Aggregators flexibility quantification

EV aggregators play a crucial role in managing the charging behaviors of multiple EVs

to provide grid services. By aggregating the charging demands and flexibilities of a

fleet of EVs, aggregators can respond effectively to electricity market signals, such as

price variations in day-ahead and intraday markets. The flexibility offered by EVs is

highly variable and depends on factors like the minimum state of charge (SOCmin)

requirements, arrival and departure times, and user driving patterns RP4.
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We can quantify the flexibility of EVs in terms of energy and power metrics over time.

This quantification helps in optimizing the charging schedules to balance grid demands

and user requirements. For instance, in RP4, a novel algorithm quantifies EV flexibility

by evaluating both energy and power as functions of time, taking into account user

needs and market conditions. This approach allows for an optimized charging strategy

that minimizes costs while ensuring that EV users have sufficient charge when needed.

In Figure III.2, we illustrate a typical EV battery with different energy levels at the time

of arrival. Emax represents the total battery capacity, Earr is the energy level at the arrival

time, ESOCmin is the energy required to meet the desired state of charge, and Edep is the

energy level at the departure time. Based on these energy values, the summation of

Earr and ESOCmin should be at least Edep. Using this energy values, we quantify the EV

aggregator flexibility in RP4.
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Figure III.2: Typical EV battery and different energy values derived from RP4

1.3. Residential and commercial consumers flexibility quantification

Other flexible loads, including residential and commercial consumers, significantly con-

tribute to grid flexibility. We quantify this flexibility by understanding typical usage
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patterns and identifying opportunities to shift energy consumption. We start with de-

tailed data collection, monitoring appliances, heating and cooling systems, and other

devices over time. In residential settings, we analyze historical energy consumption

data to identify peak usage times and potential for load shifting. We track the use of

dishwashers, washing machines, and electric vehicles, estimating how much energy

we can defer to off-peak hours (Sadeghianpourhamami et al., 2016). Smart meters and

home energy management systems also provide valuable insights into daily and sea-

sonal usage patterns.

In commercial buildings, the flexibility quantification process includes conducting en-

ergy audits and using advanced energy management systems to collect real-time data

on HVAC operations and lighting. We model different load adjustment scenarios,

such as reducing HVAC usage during peak hours or dimming lights in unoccupied

areas (Tian et al., 2021). By doing so, we can quantify where and when in the building

the energy consumption and change.

For both consumers, we employ statistical and machine learning techniques to predict

future energy usage and determine flexibility potential (Pallonetto et al., 2022). We also

consider consumer behavior and willingness to participate in demand response pro-

grams.

2 Time series analysis

Time series analysis is a critical component in the optimization and management of

modern power systems. It involves statistical techniques that analyze time-ordered

data points to extract meaningful statistics and characteristics. In the context of energy

systems, time series data often include electricity consumption, renewable energy pro-

duction levels, and various grid parameters, all recorded at consistent intervals (Teich-

graeber and Brandt, 2022). The primary goals of time series analysis in energy systems

are to forecast future values and to understand underlying patterns, trends, and season-

alities that can impact grid stability and efficiency (Severiano et al., 2021). Additionally,

imputation plays a vital role in time series analysis by addressing missing or incomplete

data points, ensuring the continuity and accuracy of the data used for analysis. Proper

imputation techniques are essential for maintaining the integrity of the data, which is
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crucial for producing reliable forecasts and for making informed decisions in the man-

agement of power systems (Bülte et al., 2023). In this subchapter, we first discuss the

concept of missing data imputation and its applications in power systems. Next, we

describe the applications of time series forecasting in the power systems.

2.1. Missing Data Imputation

In contemporary systems, the utilization of measurement tools and sensors has become

increasingly prevalent. These sensors gather data from various components within the

system, resulting in a diverse array of data types and shapes (Liu et al., 2020). Ensuring

the effective communication and transfer of this data is crucial for maintaining the in-

tegrity of the system’s operations. Reliable and complete historical data are essential for

performing accurate forecasts, which are integral for predictive maintenance and strate-

gic planning (Saad et al., 2020). Moreover, incomplete data can severely impair decision-

making processes, as accurate data is foundational for informed and effective decisions

(Alamoodi et al., 2021). However, the reliability of this data can be compromised due

to failures in sensors, equipment malfunctions, or disruptions in data transfer. These

failures lead to gaps in the data, which must be addressed to maintain the utility of the

dataset (Figure III.3). Imputation techniques play a vital role in mitigating the impact

of these incomplete datasets, enabling the reconstruction of missing information and

ensuring that the historical data remains robust and usable. By addressing these data

gaps, systems can maintain their forecasting capabilities and continue to make well-

informed decisions. Therefore, the implementation of effective imputation strategies is

essential for sustaining the functionality and accuracy of systems that depend on sensor

data.

Data imputation techniques are essential across various sectors to maintain the com-

pleteness and reliability of datasets, which is crucial for informed decision-making and

operational efficiency. In healthcare, imputation addresses missing patient data in elec-

tronic health records, ensuring accurate diagnoses and effective treatments. Financial

institutions use imputation to fill gaps in historical data, critical for risk assessment,

fraud detection, and investment analysis. In manufacturing, imputation helps manage

sensor data from machinery, facilitating predictive maintenance and quality control de-

spite sensor failures (Fortuin et al., 2020). Retail businesses rely on imputation to main-
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tain complete customer datasets, improving inventory management, sales forecasting,

and personalized marketing strategies. Environmental science also benefits from impu-

tation by ensuring continuous and accurate monitoring of air quality, water levels, and

climate conditions, which is vital for analyzing environmental trends and developing

policies (Erhan et al., 2021). Overall, imputation enhances the accuracy and reliability

of data across these diverse fields, supporting better decision-making and operational

effectiveness.

Figure III.3: Different common missing data patterns (RP5)

In power system applications, data imputation is crucial due to the reliance on pre-

cise and continuous data from various measurement tools such as Phasor Measurement

Units (PMUs), smart meters, and other sensors. These tools collect vital data used for

making both short-term and long-term decisions. In the short term, accurate data is

essential for voltage control and power system stability assessment (Zhang et al., 2018).

For long-term planning, data supports decisions regarding infrastructure development

and maintenance strategies. Failures in sensors or data transfer can lead to incomplete

datasets, which can compromise the reliability of these decisions (Sim et al., 2022).

Imputation techniques help fill these gaps, ensuring that the data remains robust and

reliable. This continuous and accurate flow of information is vital for maintaining the

stability and efficiency of power systems, ultimately supporting the safe and efficient

operation of the electrical grid.

Real-time imputation is essential in power systems, particularly for ensuring the in-

tegrity of high volumes of streaming data from sensors such as PMUs, smart meters,
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and other monitoring devices. These sensors generate extensive time-series data crucial

for operators and controllers managing grid stability. Missing values due to malfunc-

tioning devices, sensor failures, or data transfer errors can significantly impact real-time

grid monitoring, leading to potential inaccuracies. Additionally, unexpected events like

equipment failures or natural disasters can cause data loss at critical moments (Tan et

al., 2020). Real-time imputation addresses these challenges by promptly filling in miss-

ing data, thereby maintaining a continuous and accurate data stream RP5. This process

is vital for real-time security assessments, where complete data is necessary to identify

and mitigate threats to the power grid quickly (Mostafanezhad et al., 2024). Another

critical application is state estimation, which depends on accurate and complete data to

provide a reliable snapshot of the grid’s current state. By ensuring data completeness in

real-time, imputation techniques enhance the reliability of grid monitoring and control,

enabling better decision-making and improving the overall resilience and efficiency of

power systems (Dahale and Natarajan, 2021).

Real-time imputation is essential for flexibility products with high resolutions due to

the increasing variability and uncertainty in balancing generation and load (Wang et

al., 2021). Flexible units often lack sufficient ramping capability, necessitating the use of

real-time automatic reserves like spinning reserves and frequency containment reserves

(FCR). Products such as automatic frequency restoration reserve (aFRR), frequency con-

tainment reserve (FCR), and manual frequency restoration reserve (mFRR) are critical

for maintaining grid stability. These products rely on precise, real-time data to function

effectively (Khodadadi et al., 2020). Huge amounts of data are transferred in real-time

for these products, making accurate and immediate imputation crucial. Without real-

time imputation, any missing or erroneous data could lead to inefficiencies and insta-

bility in the market.

In RP5, we proposed a real-time imputation algorithm where we impute spatiotemporal

power system data. Since the real-time imputation is essential in power systems, the

focus of this paper is on the real-time application of an imputation method based on

neural network for having multivariant data recovery in case of missing data for various

missing rates and different missing patterns (Figure III.3). The data used in this paper is

the voltage magnitude and angle of IEEE 39 bus power system. However, this method
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is applicable for various real-time use cases such as fast load changes in power system

that causes transient conditions and is vulnerable to missing data.

2.2. Time series forecasting

Forecasting plays multiple crucial roles in power systems. Accurate demand forecasting

helps utilities forecast electricity consumption. Renewable energy forecasting, particu-

larly for solar and wind, is vital for integrating variable energy sources into the grid,

reducing reliance on fossil fuels. Load forecasting assists in grid planning and main-

tenance, minimizing the risk of blackouts and ensuring a steady supply (Ahmed and

Khalid, 2019). Additionally, price forecasting informs market participants, optimizing

trading strategies and economic dispatch. Overall, robust forecasting supports oper-

ational decisions, strategic planning, and the transition to a more sustainable energy

landscape. Moreover, accurate forecasting allows grid operators to plan and balance

supply and demand effectively, minimizing the risk of blackouts and optimizing the

use of energy resources.

Forecasting is essential for decision-making processes such as energy management, sys-

tem cost minimization, and grid reliability. Accurate renewable energy forecasts, in-

cluding solar and wind, are critical for integrating variable generation sources into the

grid, ensuring stability and reducing reliance on fossil fuels. Load forecasting enables

precise demand predictions, facilitating optimal resource allocation and preventing out-

ages. It also aids in system cost minimization by allowing utilities to schedule gen-

eration efficiently and reduce operational expenses. Furthermore, accurate forecasts

support market operations by informing trading strategies and economic dispatch, ul-

timately enhancing the overall efficiency and sustainability of power systems (Wang

et al., 2018).

In RP6, we investigated various applications of Federated learning for time series anal-

ysis in power systems, including time series forecasting. FL is a decentralized ma-

chine learning approach where multiple participants train a model locally on their

data and share only model updates, not the raw data, with a central server. This

method preserves data privacy and security while enabling collaborative model train-

ing (Gholizadeh and Musilek, 2022).
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This decentralized approach allows for real-time integration of data from various re-

gions to improve operational efficiency. Additionally, FL ensures compliance with data

privacy regulations and maintains data security and fosters innovation in load forecast-

ing and overall power system management (Wei et al., 2020).

3 Reforming the inputs into a generic data model

In the context of power systems, generic data models for optimization inputs play a cru-

cial role, even though they are not strictly required. The optimization models in RP2 and

RP3 employ a generic data model known as the energy flexibility data model (EFDM),

originally developed by (Schott et al., 2019). The EFDM is essential for outlining (1)

the flexibility potential and (2) the specific power profile that flexible loads must adhere

to, referred to as the flexible load measure. Moreover, the EFDM provides industrial

companies with a comprehensive framework in javaScript object Notation (JSON) for

managing flexibility descriptions. This data model provides a general way to repre-

sent various forms of data, enabling seamless communication, interoperability, and in-

tegration across different systems and platforms. The data model enables transferability

across various sectors, offering a pathway to standardization. Consequently, it serves as

a foundation for incorporating flexibility into information systems, thereby enhancing

information exchange, increasing automation, and facilitating the automated utilization

of flexibility.
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IV Techniques and Models for

Optimizing Flexibility in Energy

Systems

After preparing the input data in a generic data format (Section III), we integrate it into

the flexibility optimization modeling process. In the next sections, we describe the key

components involved in flexibility optimization. The first section addresses the selec-

tion of various electricity markets for optimizing energy flexibility. The subsequent sec-

tion examines the impact of uncertainty on energy flexibility. The third section explores

economic and mathematical modeling within the context of flexibility optimization. Fi-

nally, we consider the outputs of flexibility optimization and interpret the results.

1 Selecting target electricity markets for flexibility

optimization

Selecting target electricity markets for flexibility optimization is crucial for flexibility op-

timization. The main markets include spot markets, ancillary services markets, system

balancing markets, and network congestion management markets (Jin et al., 2020).

Spot Markets involve immediate electricity delivery, requiring rapid response to price

changes and demand fluctuations. Ancillary Services Markets support transmission

reliability with services like frequency regulation and voltage support, demanding on-

demand flexibility (Villanueva-Rosario et al., 2022). System Balancing Markets ensure

real-time supply-demand matching, crucial for grid stability, involving adjustments in
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generation or consumption to address imbalances. Network Congestion Management

Markets deal with insufficient transmission capacity, requiring quick responses to pre-

vent overloads through demand response or distributed generation (Attar et al., 2022).

We can broadly categorize optimization approaches in for electricity markets into multi-

stage optimization and single-stage optimization. Multi-stage optimization involves

optimizing participation across multiple markets in a step-by-step manner, considering

the interdependencies and cumulative effects of decisions made in each market. This

approach can maximize overall benefits but requires sophisticated modeling to handle

the complexities (Puglia et al., 2011). Single-stage Optimization, on the other hand,

focuses on optimizing flexibility within a single market, simplifying the process but

potentially missing out on synergistic benefits from other markets (Kraft et al., 2023).

Selecting appropriate markets involves analyzing market signals, resource character-

istics, regulatory environments, and utilizing advanced forecasting and optimization

models. Market signals and incentives guide economic advantages, while understand-

ing resource capabilities ensures technical feasibility (Al-Lawati et al., 2021). Navigat-

ing regulatory frameworks ensures compliance, and forecasting models help predict

market conditions and inform resource allocation.

In this thesis, we proposed methods for flexibility optimization by flexibility providers

in single markets, namely day-ahead and intraday markets, or in two-stage optimiza-

tion models. In RP4, we proposed flexibility methods to provide flexibility for EV ag-

gregators in sequential spot markets, including day-ahead and intraday markets. As

bidding decisions occur sequentially and price information gradually reveals itself, we

formulate decision models as multi-stage programs and generate scenarios for realiza-

tion of electricity price in RP4. On the other hand, in RP1, RP2, and RP3, we proposed

methods for flexibility provision in a single electricity market, specifically the day-ahead

spot market.

2 Uncertainty modeling for flexibility optimization

Uncertainty modeling in flexibility optimization involves quantifying and describing

the volatility in load demand and renewable generation forecasts. We use stochastic

optimization to optimize the dispatch of flexible resources. This method ensures grid
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stability and cost-efficiency under uncertain conditions (Najafi et al., 2021). Key sources

of uncertainty include renewable energy variability, market price fluctuations and their

impact on economic viability, and user behavior such as driving patterns, charging pref-

erences, and the frequency of EV connections (Ye, 2018). We will describe this technique

in the next section.

2.1. Scenario-Based Stochastic Optimization Models

Scenario-based stochastic optimization leverages generated scenarios to encapsulate

various possible outcomes and uncertainties inherent in complex systems. This method

is particularly useful in energy systems, where uncertainties arise from sources such

as RESs variability, demand fluctuations, and market price volatilities (Leterme et al.,

2014). By creating a diverse set of scenarios that reflect different possible future events,

this approach allows for the optimization process to account for a wide range of poten-

tial conditions, enhancing the robustness of the solutions.

In practice, scenario-based stochastic optimization involves generating a large number

of potential future states, each represented by a scenario. Analysts typically generate

these scenarios using probability density functions (PDFs) derived from historical data

and expert forecasts (Bahmani et al., 2020). For instance, in the context of electricity

pricing, we analyze historical price data to produce a range of possible future price

trajectories. These price scenarios then serve as inputs into the optimization model,

ensuring that the model’s solutions suit well for various market conditions.

This approach offers a key advantage by providing decision-makers with insights into

the probability and impact of different risks. By evaluating the performance of differ-

ent strategies across a broad set of scenarios, stakeholders can identify solutions that

perform well under a wide array of conditions, thereby mitigating the risk of adverse

outcomes (Al-Lawati et al., 2021). Furthermore, scenario-based stochastic optimiza-

tion supports dynamic and adaptive decision-making processes. As new data becomes

available, we can update the probability distributions and generate new scenarios, al-

lowing the optimization model to remain relevant and accurate over time (Niknam et

al., 2012). This adaptability is crucial for managing the evolving uncertainties in energy

systems and markets. However, the effectiveness of stochastic optimization models is

highly dependent on the accuracy of the probability distributions used. Despite this

24



limitation, they remain a powerful tool for managing the inherent uncertainties in mod-

ern energy systems, supporting optimal operational strategies and enhancing overall

system performance (Khatami et al., 2019).

In the context of EV charging, stochastic optimization helps schedule charging sessions

by predicting market prices and user behaviors. In RP4, we developed a two-stage

scenario-based stochastic optimization model to account for the price uncertainty in the

intraday market. To address this uncertainty, we first generate scenarios for intraday

electricity prices, which are then used as inputs for the optimization process. We capture

the uncertainty of intraday prices by employing PDFs to generate scenarios based on

historical data, thereby modeling the probabilistic behavior of the intraday market.

3 Economic modeling of flexibility provision

Economic models aim to simplify and abstract complex real-world economic phenom-

ena, enabling a better understanding of the relationships between different economic

variables. They help predict future economic conditions and outcomes of policy de-

cisions (Gibbard and Varian, 1978). By testing economic theories, models provide a

framework for hypothesis validation and guide policy analysis. These models are cru-

cial for informed decision-making by businesses and governments and serve educa-

tional purposes by elucidating economic concepts. Economic models in energy flex-

ibility provision aim to optimize the integration and operation of energy systems to

enhance responsiveness to volatile supply and demand. These models simulate the

behavior of various energy assets and evaluate the economic viability of different flexi-

bility options like demand response and energy storage (Wang et al., 2020).

Economic modeling of flexibility optimization involves various approaches to achieve

objectives such as cost minimization and profit maximization. Economically, flexibil-

ity optimization can focus on reducing operational costs or increasing financial re-

turns (Forero-Quintero et al., 2022). We can achieve cost minimization using con-

ventional methods that do not consider fairness among participants in the model, or

through more complex approaches like Game-Theoretic Cooperative Cost Minimiza-

tion, which ensures fair cost distribution among market participants RP1.
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In RP4, we modeled the cost minimization for an EV aggregator, focusing on participat-

ing in both the day-ahead and intraday markets. Energy providers can motivate users

to be flexible by offering incentives, which they can finance with the revenues generated

from the users’ flexibility.

Although RP4 primarily focuses on cost minimization without necessarily considering

fairness, RP1 aims to minimize costs while ensuring a fair distribution of costs among

market participants using cooperative cost minimization approach. This approach en-

sures that all participants share costs fairly and benefit from joint strategies. Key strate-

gies include developing coalitions for joint investments and implementing shared in-

frastructure to achieve significant cost savings. The Shapley value, a concept used in

this context, allocates the overall gain of the coalition among participants based on their

contribution, efficacy, and bargaining power (Wu et al., 2017). This ensures that each

participant’s role is fairly assessed and rewarded, fostering a cooperative environment

that maximizes overall efficiency and cost-effectiveness. By leveraging these principles,

participants can achieve better outcomes than they would individually, promoting a

more collaborative and financially sustainable energy market.

RP1 presents a cooperative flexibility optimization framework for multi-energy hub sys-

tems, where hubs collaborate to minimize costs and enhance system flexibility. Unlike

traditional approaches, this cooperative model ensures optimal solutions for fair re-

source allocation based on hub contributions. Energy hubs integrate various sources

such as CHP, boilers, renewables, and chillers, alongside energy storages to increase

system flexibility. By sharing resources and forming coalitions, energy hubs achieve

substantial cost savings and operational enhancements. The cooperative strategy not

only guarantees optimal solutions but also provides a rational and fair profit allocation

mechanism among the energy hubs. This comprehensive approach is well-suited for

multi-owner systems, offering a structured method for enhancing system performance

and reducing operational costs through collaborative optimization.

In addition to the previously mentioned papers in this thesis, we formulated industrial

flexibility in RP2 and RP3. In RP2, we proposed a model aimed at maximizing profit

through participation in flexibility provision. The evaluation of the optimization model

indicates that it can effectively achieve its objectives across various scenarios. In RP3,

we developed a model that addresses both aggregated and non-aggregated industrial
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flexible loads, taking into account the constraints inherent in industrial processes, which

we modeled as economic factors.

4 Mathematical techniques for modeling flexibility

optimization

After economic modeling (Section 3), we have a detailed understanding of the economic

factors and constraints that influence flexibility optimization. This foundation enables

us to perform mathematical modeling to optimize objective function effectively. Opti-

mization techniques are crucial for achieving objectives in flexibility optimization. Var-

ious techniques cater to different aspects of the problem, providing solutions for both

operational and strategic needs. Linear Programming (LP used in RP4) is a mathemat-

ical method for optimizing linear objective functions. It is highly efficient in handling

large-scale problems, making it suitable for cost minimization and short-term opera-

tional planning in flexibility optimization. LP ensures optimal resource allocation while

adhering to system constraints. Integer Linear Programming (ILP employed in RP3)

extends LP by incorporating integer decision variables, making it apt for discrete de-

cisions such as power plant operations and investment project selection. ILP is essen-

tial for scheduling and resource allocation, ensuring precise and practical solutions in

flexibility contexts. Mixed-Integer Linear Programming (MILP modeled in RP1 and

RP2) combines continuous and integer variables, offering flexibility for complex opti-

mization problems. This method is suitable for both operational and investment deci-

sions, making it ideal for strategic planning. MILP allows for more comprehensive and

nuanced solutions, addressing the multifaceted nature of flexibility optimization chal-

lenges. These optimization methods are integral to maximizing efficiency and economic

performance in modern energy systems.
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V Conclusion

1 Contribution

My research significantly contributes to the field of energy system flexibility and opti-

mization. Firstly, I developed specialized flexibility optimization algorithms tailored to

various energy sectors, such as industrial companies (see RP2 and RP3), residential con-

sumers (see RP1), and EV aggregators (see RP4). These algorithms enhance the ability

of different stakeholders to adapt their energy consumption and generation in response

to fluctuating market signals and grid conditions.

One of the major contributions is the enhancement of data models for seamless data

transfer and integration across systems (see RP2 and RP3). This generic data model fa-

cilitates interoperability, ensuring that diverse energy stakeholders can effectively com-

municate and coordinate their flexibility efforts. This model is particularly beneficial

for industrial companies, enabling them to standardize their data management and op-

timize their energy use more efficiently.

We also proposed a model for EV aggregator flexibility optimization that accounts for

data uncertainty proposed in RP4. This innovation ensures reliable operation under

uncertain conditions, enhancing the stability and efficiency of the energy system. By

considering various uncertainties for market price fluctuations, this model provides a

resilient framework for managing EV charging and discharging schedules.

Our research further integrates multi-energy systems, combining electricity, gas, and

heat to optimize overall flexibility presented in RP1. This integration allows for coor-

dinated energy conversion and storage, optimizing resource utilization and enabling
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dynamic responses to demand fluctuations and market conditions. The proposed mod-

els demonstrate significant potential in enhancing system flexibility and efficiency.

Another key contribution is the advancement of real-time spatiotemporal data impu-

tation techniques developed in RP5. These techniques address the challenges of in-

complete datasets, ensuring high-quality data for real-time decision-making. This de-

velopment is crucial for maintaining the integrity of time series data used in flexibility

optimization, thereby improving the reliability of forecasting and operational strategies.

We also evaluated and improved various load forecasting methods, providing insights

into their applicability and performance in predicting future energy demands in RP6.

These enhancements in forecasting methods are vital for effective flexibility optimiza-

tion, as accurate predictions are essential for balancing supply and demand.

Furthermore, our research provided comprehensive methods for participating in day-

ahead and intraday markets. These methods guide energy stakeholders on how to op-

timize their bids and schedules, ensuring maximum profitability and system stability.

By addressing the specific requirements of different energy consumers and market con-

ditions, these strategies offer practical solutions for real-world applications.

2 Limitations

Despite the significant contributions, our research has several limitations. Firstly, the

limited access to real-world data constrained our validation efforts. While the models

and algorithms developed show promising results in simulations, their performance in

real-world scenarios remains partially untested. This limitation highlights the need for

more extensive data collection and collaboration with industry partners.

Scalability of the proposed models in larger, more complex systems also remains

untested. While the algorithms perform well in controlled environments, their appli-

cability in larger-scale systems with higher complexity and variability needs further

exploration. This aspect is critical for ensuring that the models can handle the demands

of extensive energy networks.

The high computational requirements for real-time data imputation and optimization

present another limitation. The advanced techniques developed require significant pro-
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cessing power, which may not be readily available in all practical applications. This

limitation underscores the need for ongoing research into more efficient computational

methods.

Our research also did not fully explore the economic impacts on small-scale energy

consumers. While the focus was on larger industrial and aggregated systems, under-

standing the implications for smaller consumers is equally important for comprehen-

sive energy system management.

Dependence on accurate forecasting models is another limitation. The effectiveness of

flexibility optimization heavily relies on the precision of load and generation forecasts.

Any inaccuracies in these forecasts can significantly impact the optimization outcomes.

Therefore, continuous improvement of forecasting methods is necessary to enhance re-

liability.

Potential bias in the dataset used for model training and validation is also a concern. The

data collected may not fully represent the diversity of real-world conditions, leading

to skewed results. Ensuring a more representative dataset is crucial for developing

universally applicable models.

Finally, the need for more extensive validation of the proposed algorithms in live en-

ergy markets remains. While theoretical and simulation-based validations are essential,

practical validation through partnerships with industry players is necessary to confirm

the effectiveness and robustness of the models.

3 Outlook

Looking ahead, there are several avenues for further research and development. Firstly,

exploring the scalability of the algorithms in larger, more complex energy systems is es-

sential. This exploration will ensure that the models can handle the increasing demands

and complexities of modern energy networks.

Incorporating more diverse and extensive real-world datasets for validation will also

be a priority. Collaborating with industry partners to access comprehensive data will

enhance the robustness and applicability of the models. This collaboration will bridge

the gap between theoretical research and practical implementation.
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Improving the computational efficiency of real-time data imputation methods is an-

other key area for future work. Developing more efficient algorithms and leveraging

advanced computing technologies will make these techniques more accessible and prac-

tical for real-world applications.

Extending the research to include the economic impacts on small-scale energy con-

sumers is also crucial. By understanding the specific needs and challenges of smaller

consumers, we can develop more inclusive and equitable energy management strate-

gies.

Developing enhanced forecasting models to reduce dependency on current ones is es-

sential. Incorporating advanced techniques such as machine learning and artificial in-

telligence can improve the accuracy and reliability of forecasts, thereby enhancing the

effectiveness of flexibility optimization.

Investigating geographic diversity in case studies will provide a broader understanding

of different regional conditions and their impacts on energy system flexibility. This in-

vestigation will improve the generalizability of the findings and ensure that the models

are applicable in diverse contexts.

Validating the proposed algorithms through partnerships with live energy markets will

be a crucial step. Collaborating with industry players to implement and test the models

in real-world scenarios will confirm their practicality and effectiveness.

Finally, integrating advancements in AI and machine learning into flexibility optimiza-

tion will open new possibilities. These technologies can enhance the adaptability and

efficiency of energy systems, providing innovative solutions to emerging challenges. By

staying at the forefront of technological advancements, future research can continue to

drive progress in energy system flexibility and optimization.

4 Recognition of previous and related work

The research presented in this thesis is the culmination of my collaborations with col-

leagues within the Digital Financial Services and Cross-Organisational Digital Trans-

formations (FINATRAX) research group at the University of Luxembourg’s Interdisci-
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plinary Centre for Security, Reliability, and Trust (SnT), as well as with partners from

other international institutes.

RP1 is the outcome of my collaboration with researchers from Center of Excellence for

Power System Automation and Operation at Iran University of Science and Technol-

ogy (IUST) on the multi-energy systems flexibility optimization( Esmaeili et al., 2019,

Karimi and Jadid, 2020, and Amir et al., 2017).

The previous works of my professor and his network inspired us in the FINATRAX

research group to develop industrial flexibility optimization models, as detailed in RP2

and RP3 (see Lindner et al., 2021, Heffron et al., 2020a, Bank et al., 2021, Roth et al.,

2019, Fridgen et al., 2016, Heffron et al., 2021, Bhuiyan et al., 2022, Fridgen et al., 2017,

Roesch et al., 2019, Bertsch et al., 2017, Schott et al., 2018, Fridgen et al., 2018, Jäckle

et al., 2019, Bauer et al., 2017, Fridgen et al., 2014a, and Wederhake et al., 2022).

The collaboration between the FINATRAX research group and Enovos, Luxembourg’s

main energy supplier, resulted in RP4, which investigates the participation of EV ag-

gregators in the spot market to share flexibility (see Fridgen et al., 2021, Fridgen et al.,

2014b, Baumgarte et al., 2022, Keller et al., 2021, Baumgarte et al., 2021, Chen et al.,

2024, Heffron et al., 2022, and Halbrügge et al., 2021).

Through the collaboration between the FINATRAX research group and the School of

Energy Systems at Lappeenranta-Lahti University of Technology (LUT), we conducted

RP5. This research paper leverages the expertise of both groups and focuses on the

field of time series analysis, particularly on power systems time series imputation (see

Mostafanezhad et al., 2023, Afrasiabi et al., 2022, Afrasiabi et al., 2020, and Afrasiabi

et al., 2021).

Lastly, our collaboration within the FINATRAX group resulted RP6, building on the

extensive knowledge we have developed over the past years in forecasting (see Fer-

nández et al., 2022, Hornek et al., 2024 , Delgado Fernandez et al., 2023, and Amard

et al., 2023).

32



VI References

Abdin, A., Y.-P. Fang, and E. Zio (2019). “A modeling and optimization framework for

power systems design with operational flexibility and resilience against extreme

heat waves and drought events”. In: Renewable and Sustainable Energy Reviews 112,

pp. 706–719.

Administration, E. I. (2015). Residential energy consumption survey.

Afrasiabi, M., J. Aghaei, S. Afrasiabi, and M. Mohammadi (2022). “Probability density

function forecasting of electricity price: Deep gabor convolutional mixture network”.

In: Electric Power Systems Research 213, p. 108325.

Afrasiabi, M., M. Mohammadi, M. Rastegar, and S. Afrasiabi (2020). “Advanced deep

learning approach for probabilistic wind speed forecasting”. In: IEEE Transactions on

Industrial Informatics 17.1, pp. 720–727.

Afrasiabi, S., M. Afrasiabi, M. A. Jarrahi, M. Mohammadi, J. Aghaei, M. S. Javadi, M.

Shafie-Khah, and J. P. Catalão (2021). “Wide-area composite load parameter identifi-

cation based on multi-residual deep neural network”. In: IEEE Transactions on Neural

Networks and Learning Systems 34.9, pp. 6121–6131.

Ahmed, A. and M. Khalid (2019). “A review on the selected applications of forecasting

models in renewable power systems”. In: Renewable and Sustainable Energy Reviews

100, pp. 9–21.

Al-Lawati, R. A., J. L. Crespo-Vazquez, T. I. Faiz, X. Fang, and M. Noor-E-Alam (2021).

“Two-stage stochastic optimization frameworks to aid in decision-making under un-

certainty for variable resource generators participating in a sequential energy mar-

ket”. In: Applied Energy 292, p. 116882.

Alamoodi, A., B. Zaidan, A. Zaidan, O. Albahri, J. Chen, M. Chyad, S. Garfan, and

A. Aleesa (2021). “Machine learning-based imputation soft computing approach for

33



large missing scale and non-reference data imputation”. In: Chaos, Solitons & Fractals

151, p. 111236.

Alyami, S., A. Almutairi, and O. Alrumayh (2022). “Novel flexibility indices of con-

trollable loads in relation to EV and rooftop PV”. In: IEEE Transactions on Intelligent

Transportation Systems 24.1, pp. 923–931.

Amard, A., J. Delgado Fernandez, T. J. BARBEREAU, and G. Fridgen (2023). “Federated

Learning in Migration Forecasting”. In: ICIS 2023.

Amir, V., S. Jadid, and M. Ehsan (2017). “Probabilistic optimal power dispatch in multi-

carrier networked microgrids under uncertainties”. In: Energies 10.11, p. 1770.

Arbabzadeh, M., R. Sioshansi, J. X. Johnson, and G. A. Keoleian (2019). “The role of

energy storage in deep decarbonization of electricity production”. In: Nature commu-

nications 10.1, p. 3413.

Attar, M., S. Repo, and P. Mann (2022). “Congestion management market design-

Approach for the Nordics and Central Europe”. In: Applied Energy 313, p. 118905.

Bahmani, R. and M. Afrasiabi (2024). “Noisy PMU Data Recovery in Transient Condi-

tions through Self-Attention Neural Networks”. In: 2024 IEEE PES Innovative Smart

Grid Technologies Europe (ISGT EUROPE). IEEE.

Bahmani, R., H. Karimi, and S. Jadid (2020). “Stochastic electricity market model in net-

worked microgrids considering demand response programs and renewable energy

sources”. In: International Journal of Electrical Power & Energy Systems 117, p. 105606.

Bahmani, R., H. Karimi, and S. Jadid (2021). “Cooperative energy management of multi-

energy hub systems considering demand response programs and ice storage”. In:

International Journal of Electrical Power & Energy Systems 130, p. 106904.

Bahmani, R., C. van Stiphoudt, M. Ansarin, and G. Fridgen (2022a). “Energy flexibil-

ity scheduling optimization considering aggregated and non-aggregated industrial

electrical loads”. In: Energy Proceedings 29.

Bahmani, R., C. van Stiphoudt, S. P. Menci, M. SchÖpf, and G. Fridgen (2022b). “Optimal

industrial flexibility scheduling based on generic data format”. In: Energy Informatics

5.1, p. 26.

Bank, L., S. Wenninger, J. Köberlein, M. Lindner, C. Kaymakci, M. Weigold, A. Sauer,

and J. Schilp (2021). “Integrating Energy Flexibility in Production Planning and

Control-An Energy Flexibility Data Model-Based Approach”. In: ESSN: 2701-6277.

34



Bauer, D., E. Abele, R. Ahrens, T. Bauernhansl, G. Fridgen, M. Jarke, F. Keller, R. Keller,

J. Pullmann, R. Reiners, et al. (2017). “Flexible IT-platform to synchronize energy

demands with volatile markets”. In: Procedia CIRP 63, pp. 318–323.

Baumgarte, F., N. Eiser, M. Kaiser, K. Langer, and R. Keller (2022). “Smart Electric Vehi-

cle Charging considering Discounts for Customer Flexibility”. In: AMCIS 2022 Pro-

ceedings. Atlanta: AIS, pp. 1–11.

Baumgarte, F., M. Kaiser, and R. Keller (2021). “Policy support measures for widespread

expansion of fast charging infrastructure for electric vehicles”. In: Energy Policy 156,

p. 112372.

Bertsch, J., G. Fridgen, T. Sachs, M. Schöpf, H. Schweter, and A. Sitzmann (2017). “Initial

conditions for the marketing of flexibility in demand: status quo analysis and meta-

study”. In: Bayreuth working papers on business informatics.

Bhuiyan, R., J. Weissflog, M. Schoepf, and G. Fridgen (2022). “Indicators for assessing

the necessity of power system flexibility: a systematic review and literature meta-

analysis”. In: 2022 18th International Conference on the European Energy Market (EEM).

IEEE, pp. 1–7.

Brand, M. and S. Svendsen (2013). “Renewable-based low-temperature district heating

for existing buildings in various stages of refurbishment”. In: Energy 62, pp. 311–319.

Bülte, C., M. Kleinebrahm, H. Ü. Yilmaz, and J. Gómez-Romero (2023). “Multivariate

time series imputation for energy data using neural networks”. In: Energy and AI 13,

p. 100239.

Center, B. P. (2020). “Annual energy outlook 2020”. In: Energy Information Administration,

Washington, DC 12, pp. 1672–1679.

Chemudupaty, R., M. Ansarin, R. Bahmani, G. Fridgen, H. Marxen, and I. Pavić (2023).
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Abstract 

Energy hub systems integrate various energy sources and interconnect different energy 

carriers in order to enhance the flexibility of the system. In this paper, a cooperative 

framework is proposed in which a network of energy hubs collaborate together and share 

their resources in order to reduce their costs. Each hub has several sources including CHP, 

boiler, renewable sources, electrical chiller, and absorption chiller. Moreover, energy 

storages are considered for electrical, heating, and cooling systems in order to increase the 

flexibility of energy hubs. Unlike the methods based on Nash-equilibrium points, which find 

the equilibrium point and have no guarantee for optimality of the solution, the employed 

cooperative method finds the optimal solution for the problem. We utilize the Shapley value 

to allocate the overall gain of the hub’s coalition based on the contribution and efficiency of 

the energy hubs. The proposed method is modeled as a mixed integer linear programming 

problem, and the cost of network energy hubs are decreased in the cooperative operation, 

which shows the efficiency of this model. The results show 18.89, 10.23, and 8.72% 

improvement for hub1, hub2, and hub3, respectively, by using the fair revenue mechanism.  

Keywords: Integrated energy hubs, Demand response, Cooperative methods, Multi-carrier 

systems, Shapley value. 
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NOMENCLATURE  
Indices 𝑃!",$%& Imported power from upstream network limit 
𝑖 Index of energy hub 𝑃'$%& Heat pipe transmission limit 
𝑡 Index of time 𝑂𝑀()* Maintenance cost coefficient of CHP units 
Abbreviations 𝑂𝑀+ Maintenance cost coefficient of Boilers 
CHP Combined heat and power 𝑀𝑅,-. /𝑀𝑅/012.  Maximum coefficient for up/down of electrical load 
Boiler Heat only boiler 𝜆34 Natural gas price 
AC Absorption chiller 𝐿𝐻𝑉 Low calorific value of natural gas 
EC Electrical Chiller 𝜂()*. /𝜂()*'  CHP gas to electricity/heat coefficients 
CS Ice storage 𝜂! Boiler gas to coefficient 

ES Electrical storage 
𝐶𝑂𝑃.5 , 𝐶𝑂𝑃"5. , 
𝐶𝑂𝑃%5 

Performance coefficients of EC, CS, and AC 

HS Heat storage 𝐶𝑂5,63 Coefficient of  maximum curtailed load 
DR Demand response 𝑃𝐸𝑁5,63 Penalty of load curtailment 
Parameters Variables  
𝜋! Price of purchasing power from the main grid  𝑃!",3 Purchased power from the upstream network 

𝜆34  Price of purchasing gas from the gas network 𝐺"#$
%,'  Consumed gas in CHP unit 

𝐸.7$%&,"/𝐸.7$"2," Minimum/maximum capacities of ES 𝑃𝐸"#$
%,' /𝑃𝐻"#$

%,'  Output power/heat from CHP units 

𝑃.7,5$%&,"/𝑃.7,/
$%&," Maximum charging/discharging rate of ES 𝐺!

%,' Consumed gas in boiler 

𝜂.7,5" / 𝜂.7,/"  Charging/discharging efficiency of ES 𝑃𝐻!
%,' Output heat from boiler 

𝐸'7
$%&,"/𝐸'7

$"2," Minimum/maximum capacities of HS 𝑃5,63
.,",3 Curtailed load 

𝑃'7,5
$%&,"/𝑃'7,/

$%&," Maximum charging/discharging rate of HS 𝑃,-.,",3/𝑃/012
.,",3  Shift up/down of electrical load by DR  

𝜂'7,5" /𝜂'7,/"  Charging/discharging efficiency of HS 𝑃,-',",3/𝑃/012
',",3  Shift up/down of heat load by DR 

𝐸57$%&,"/𝐸57$"2," Minimum/maximum capacities of CS 𝐼,-.,",3/𝐼/012
.,",3  

Binary variable for shift up/down of electrical load 
by DR 

𝑃57,5$%&,"/𝑃57,/
$%&," Maximum charging/discharging rate of CS 𝐼,-',",3/𝐼/012

',",3  Binary variable for shift up/down of heat load by DR 

𝜂57,5" /𝜂57,/"  Charging/discharging efficiency of CS 𝐸.7",3 , 𝐸'7
",3 , 𝐸57",3 Stored power in ES,HS,CS 

𝛿57"  Energy loss constant of CS 𝑃.7,5",3 /𝑃.7,/
",3  Power charging/discharging rate of ES 

𝐺()*
$%&," Maximum purchasable natural gas of CHP units 𝑃'7,5

",3 /𝑃'7,/
",3  Heat charging/discharging rate of HS 

𝐺+
$%&," Maximum purchasable natural gas of Boiler 𝑃57,5",3 /𝑃57,/

",3  Cooling charging/discharging rate of CS 

𝑃𝐻%5$%&," Maximum heat input of AC 𝑘5.,",3/𝑘/
.,",3 

Binary variable for ES charging/discharging 
constraint 

𝑃"55
$%&,"/𝑃.5$%&," Maximum electricity input of CS/ES 𝑘5',",3/𝑘/

',",3 
Binary variable for HS charging/discharging 
constraint 

𝑃.8,",3 Electrical load  𝑘557,",3/𝑘/
57,",3 

Binary variable for CS charging/discharging 
constraint 

𝑃'8,",3 Heat load 𝑃"5."
",3/𝑃.5",3 Input power of CS/EC 

𝐶𝐿",3 Cooling load 𝑃𝐻%5",3 Input heat of AC 

𝑃-9",3 Generated power from Photovoltaic 
𝐶.5",3 , 𝐶%5",3 , 𝑃57,/

",3  Cooling output from EC, AC, and CS 
𝑝13
",3  Generated power from wind turbines 
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I. INTRODUCTION 

Today, energy consumption is increasing rapidly around the world, which encourages 

researchers to find novel ways to solve this issue. There are various energy sources to supply 

energy for the consumption sector such as electricity, gas, and renewable energy sources 

(RES).  In recent years, electricity and gas are employed simultaneously in scheduling and 

operating energy systems which are investigated as multi-carrier energy systems. Using gas 

and electricity for energy optimization enhances the reliability and efficiency of the system, 

since they can increase the flexibility of the system in both the normal and critical conditions. 

One of the frameworks that are used to integrated energy management in multi-carrier energy 

systems is the energy hub. Energy hub consists of different energy sources and demands such 

as electrical, heating, and cooling, which are interconnected by several units. Energy hubs 

have various units, namely power generation, RES, and storage units, which cooperate to 

serve the demands and achieve the optimal operation scheduling [1]. Nowadays, energy hubs 

are investigated vastly and are modeled for distinct systems such as residential, commercial, 

and industrial sector.  

By interconnecting energy hubs, the concept of networked energy hubs (NEH) is formed, 

from which the system gains many benefits. In this context, NEH includes several energy 

hubs that increase the flexibility of the system significantly by having access to different units 

and sources [2]. Moreover, NEH can use the strength of each hub to overcome the weakness 

of other hubs, resulting in more appropriate energy management in the system. Also, NEH 

employs local energy sources more effectively, enhancing the reliability of the system and 

reducing the required power from the main grid. Therefore, NEH not only provides the whole 

system considerable benefits but also improves the performance of each energy hub 

individually.  

In order to increase flexibility, energy storage systems play a crucial role in the system. 

These facilities store the energy so that the overall performance of the system enhances. For 
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instance, the electrical storage saves energy at low price intervals and discharge it in peak 

hours [3]. A stochastic day-ahead bidding strategy for energy hub is proposed in [4], 

considering the presence of various energy storages including battery energy storage, heating 

storage, and ice storage while neglecting the cooperation of various hubs and demand 

response programs. A networked energy hub system is proposed in [5], which aims to 

maximize the profit of the system by using the alternating direction method of multipliers 

(ADMM) method. However, the demand response programs and cooling system modeling 

are not considered. In [6], a cooperative framework is proposed in the multi-energy systems 

that integrate the renewable energy resources and energy storage systems in the energy hubs. 

However, the impacts of ice storage systems and the electrical and thermal demand response 

programs were not studied. The operation scheduling of energy hub is considered in [7] and 

uncertainty of the inputs and various storage systems such as electrical, heat, and ice storage 

are taken into account. However, the cooperation of different energy hubs and heat demand 

response are not investigated. 

The authors in [8] presented a stochastic model for a multi-carrier energy hub in which 

the demand response program, electricity market, and thermal energy market are taken into 

account. In contrast, the network of energy hubs and cooling system are not considered. In 

[9], optimal day-ahead scheduling of an active distribution system including multiple energy 

hubs is investigated wherein the transacted energy between the participants is calculated 

using their bids and offers. However, the fair cost allocation for participants and maintenance 

cost are ignored. Economic optimization of a multi-carrier system using the coupling matrix 

and virtual nodes insertion is proposed in [10]. Although this study considers several energy 

sources for energy carriers and the effect of demand response programs is taken into account, 

the cooling system and the cooperation of different energy hubs in a fair condition are not 

studied.  In [11], multi-carrier networked microgrids are investigated which can exchange 

energy with each other, but the fair cost allocation and demand response programs are not 

discussed. 
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From the cooperation perspective, networked systems are separated into cooperative and 

non-cooperative systems. In the cooperative methods, the objective is to find the Pareto 

optimal solution of the problem, but finding the equilibrium point is the objective in the non-

cooperative models. The authors in [12] proposed a cooperative model including power to 

gas (P2G) devices for integrated power and gas networks and considered the demand 

smoothness and cost reduction in the network. Nevertheless, the effect of cooling system, 

demand response program, and fair allocation of costs are not investigated. A multi-objective 

model is proposed in [13] to optimize cost savings and carbon emissions in NEH using ε -

constraint technique and max-min fuzzy decision making. This paper considers the 

cooperation of energy hubs while neglecting the fair cost allocation and cooling system.  In 

[14], a congestion game is modeled, guaranteeing the existence of the Nash equilibrium. 

However, demand response and cooling system are not modeled in this paper. An optimal 

planning framework is presented in [15], which explores the effect of allocation and sizing 

of the hubs in optimal design of networked energy hubs.  

The authors in [16] and [17] proposed a non-cooperative game in which gas and electricity 

demand response are employed in order to maximize the profit of the utility companies. 

However, the fair cost-sharing and the cooling system are ignored in this study. An exact 

potential game is proposed in [18] to design an online distribution algorithm and explore the 

existence of the Nash equilibrium while ignoring the demand response programs and heat 

energy storage. A non-cooperative framework is presented in [19] for networked energy hubs 

in which the interaction among energy hubs is studied. However, the fair cost allocation and 

cooling system are not taken into account. Li et al. [20] proposed a decentralized optimization 

framework for the energy scheduling of multiple energy hubs. The proposed model integrates 

the electric distribution and natural gas systems to improve the performance of multi-carrier 

systems. Although the role of electrical and gas storage systems had been studied, the impact 

of the ice storage system was ignored. However, the impact of the electrical and thermal DR 

programs on the operation scheduling of the energy hubs was not investigated. Authors in 

[21, 22] suggest the bi-level game theory to model the energy scheduling of the energy hubs. 
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The impact of energy storage systems on the market mechanism was investigated in [21]. 

Although the uncertainty of demand loads had been applied to the model, the role of the DR 

programs and ice storage on the control of uncertainty was not studied. In [22], the interaction 

among distribution company and energy hubs had been formulated as the leader multi-

follower optimization. At the upper-level, the distribution company tries to minimize its total 

cost, while the cost of the energy hubs had been considered at the lower-levels. Although the 

impacts of the renewable resources on the operation of energy hubs had been investigated, 

the role of storage systems and demand response programs were not studied. Also, the 

cooperation among the energy hubs at the lower-level was not investigated. 

In the non-cooperative games, the Nash equilibrium points (NEPs) are the solution to the 

problem. The NEPs provide stable solutions, while there is no guarantee of optimality. In 

other words, in the NEPs, no player has anything to gain by changing only his own strategy. 

If the optimization problem has a better unstable solution, it cannot be chosen by the non-

cooperative games. The bi-level approaches are non-cooperative games (Stackelberg games) 

that find the NEPs by iteration. Therefore, they cannot ensure the best plan from an economic 

point of view. Also, in the non-cooperative games, each actor only considers its objectives. 

Unlike non-cooperative games, the total cost/profit of the system had been optimized in the 

cooperative games. The cooperative games focus on the predicting that forming coalitions 

will form, the joint actions that players take and the resulting collective payoffs. When energy 

hubs cooperate, they can share their electrical, thermal, and cooling resources. Compared to 

the non-cooperative games, cooperation enhances the flexibility of the system because the 

energy hubs can use the surplus capacity of the other resources. Therefore, the cooperative 

games ensure the optimal solution for the system. Also, the emission of greenhouse gasses 

and power losses in the cooperative model is less than the non-cooperative model.  

According to the above, we propose a cooperative framework for the energy scheduling of 

multiple energy hubs, which considers fair energy sharing between energy hubs by using 

Shapley value. Furthermore, energy hubs contain electrical, heating, and cooling load, and 

they can employ both the electrical and heating demand response programs. In this regard, a 
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Mixed Integer Linear Programming (MILP) model is used in order to achieve the global 

optimum solution for the problem. Various energy sources and generation units such as PV, 

WT, CHP, heat only boiler, electrical chiller, and absorption chiller are also employed. In the 

proposed model, the energy hubs form a coalition and share their resources to optimize the 

cost of the system. The overall gain of the coalition should be divided among the hubs trough 

a fair mechanism. We utilize the Shapley value and consider the contribution of each energy 

hub for cost minimization to allocate the benefit of coalition among each hub. A summary of 

the recently published paper on the energy hubs is provided in Table 1.  

Table 1. Summary of literature in energy hub systems 

Ref. Proposed model Pros Cons 

[7] • Stochastic optimization  

• The role of ice storage has been studied 
• The impact of the electrical demand response 
program was investigated 
• A comprehensive structure of energy hub consists 
of heating, and cooling system is introduced 

• The connection among energy hubs was not 
investigated 
• The role of thermal DR programs has not 
studied 

[13] • Cooperative approach 

• The energy scheduling of the multi-energy hubs 
had been studied 
• The role of electrical and thermal DR programs 
was deliberated 

• The fair cost allocation was not investigated 
• The cooling system was not considered 
• The impact of ice storage was not studied 

[15] • Cooperative approach 

• The role of electrical and heat storage systems was 
studied  
• The absorption chiller was considered in the hub 
structure 
• The optimal planning of the multi-energy hubs 
had been studied 

• The impact of ice storage was not studied 
• The effect of renewable resources was not 
investigated 
• The electrical and thermal DR programs were 
not considered 
• The fair cost allocation for the cooperator 
energy hubs was not investigated 

[18] • Non-cooperative approach 

• The energy scheduling of multiple energy systems 
had been modeled 
• The uncertain nature of market prices and demand 
loads had been applied to the model 

• The electric chiller and absorption chiller were 
not considered 
• The impacts of renewable resources were 
ignored 
• The efficiency of the thermal and ice storage 
systems had not been studied 

[20] • Non-cooperative approach 

• Considering the electrical and natural gas 
networks for the optimal energy scheduling of 
integrated energy hub 
• The role of electrical and heat storage was 
investigated 

• The role of ice storage was not deliberated 
• The cooling systems were not applied to the 
proposed structure 
• The cooperation among energy hubs was not 
studied 

[21] • Non-cooperative approach 

• The impact of the energy storage systems had 
been investigated 
• The natural gas network had been modeled 
• The interaction among the distribution company 
and energy hubs had been modeled as the bi-level 
optimization framework 

• The role of electrical and thermal DR programs 
was not studied 
• The cooling systems were not integrated into the 
hub structure 
• The performance of ice storage was not 
deliberated 
• The cooperation and fair cost-allocation among 
energy hubs had not studied 

[22] • Non-cooperative approach 
• The role of static VAR compensator had been 
studied 
• The renewable resources had been considered 

• The energy storage systems were not considered 
• The impacts of electrical and thermal DR 
programs were not investigated 
• The cooperation among energy hubs at the 
lower-level of optimization had not been studied  
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[23] • Deterministic optimization 

• The renewable energy resources had been 
integrated to the energy management of the energy 
hub 
• The role of the electrical, thermal, and cooling 
storage systems was considered 

• The connection among energy hubs was not 
studied 
• The effects of thermal DR programs were 
ignored 
• The uncertainty of demand loads, market prices, 
and renewable resources had been ignored 

[24] • Probabilistic optimization 

• The efficiency of the cooling storage had been 
investigated 
• The electrical DR program was considered 
• The absorption chiller and electric chiller had 
been applied to the model 

• The energy scheduling of a single energy hub is 
investigated 
• The role of thermal DR had been ignored 
• The natural gas network was not considered 

This 
paper • Cooperative approach 

• Presenting a comprehensive structure of the 
energy hub considering cooling systems such as 
absorption and electric chiller, and ice storage 
• Modeling of the interconnected energy hubs by 
the cooperative approach  
• The impacts of electrical and thermal DR 
programs had been investigated 
• The overall gain of the coalition has been divided 
as a fair solution 

• The natural gas network will be studied in future 
work 

The main advantage of the proposed model is that it guarantees the optimal solution for the 

system and can be easily used for multi-owner systems. 

The main contributions of this paper are summarized as follows: 

• We model the interaction among multi-carrier microgrids as a comprehensive energy 

hub that considers various electrical, heating, and cooling resources. Unlike [11], [15], 

[18], [19] and [25], we integrate the ice storage into the energy hub to improve the 

performance of the energy hubs. 

• Presenting a cooperative model to ensure the best plan for the operation of multi-

energy hubs. Unlike [7], [18], [19], [25], and [26] in the proposed model, the energy 

hubs are able to share their resources to use the surplus capacity of other hubs as the 

back-up. Therefore, the amount of shortage of power will be decreased which enhances 

the social welfare of the customers.   

• The overall gain of the coalition is divided among cooperator energy hubs based on 

their contribution, efficiency, and bargaining power. Unlike, [7], [11], [13], [18], [19], 

and [25-29], the proposed model proposes a rational and fair solution to allocate the 

profit of the coalition among the energy hubs. Therefore, this comprehensive structure 

can be applied for multi-owner systems, where each operator tries to increase their 

efficiency. 



 

 9 

• The proposed scheme enhances the flexibility of the studied system because the energy 

hubs can utilize the dispatchable resources of other hubs with different ramp-rates.  

The rest of this paper is organized as follows: The mathematical formulation of the model is 

presented in section II. Section III describes the cooperative strategy and cost allocation of 

the proposed model. Simulation and results are presented in section IV. Finally, the 

conclusion is provided in section V. 

II. MATHEMATICAL FORMULATION OF THE MODEL 

Several energy sources including WT, PV, CHP, boiler, electrical chiller, absorption 

chiller in addition to DR programs and energy storage systems are employed in this paper. 

Each energy hub can import natural gas and electricity from the main grid. The energy hub 

model is illustrated in Fig.1. 

The objective function and constraints of the problem are as follow:  

1. Objective Function 

The objective function of the presented model is the cost minimization of energy hubs as 

follows: 

𝑚𝑖𝑛 $%&%𝑃!
",$𝜋!$ + 𝐺%&'

",$ 𝜆$( + (𝑃𝐸%&'
",$ +

"

𝑃𝐻%&'
",$ )𝑂𝑀%&' + 𝐺)

",$𝜆$( + 𝑃𝐻)
",$𝑂𝑀)

$

+ 𝑃*+,$
-,",$𝑃𝐸𝑁*+,$34 

(1)  

In the objective function, the cost of imported electricity from the power grid, consumed 

natural gas for CHP units, operation and maintenance of the CHP units, consumed natural 

gas for boilers, operation as well as maintenance cost of the boilers, and the penalty for the 

curtailed load are included, respectively. 
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Fig. 1. The architecture of energy hubs 

2. Constraints of the DR programs 

In the DR programs, the loads are shifted or curtailed to decrease the costs. In the price-

based DR programs, consumers shift their loads from peak hours so as to decrease their 

dependency on the power grid to buy energy. Also, consumers can use incentive-based 

demand response programs which curtails the loads in peak hours. 

In this paper, price-based and incentive-based demand response programs are employed for 

electrical and thermal loads. The formulation of electrical DR is presented as follows: 

%𝑃+.
-,",$

$

=%𝑃/012
-,",$

$

										∀	𝑖 (2)  

0 ≤ 𝑃+.
-,",$ ≤ 𝑀𝑅+.- 𝑃-3,",$𝐼+.

-,",$								∀	𝑖, 𝑡 (3)  

0 ≤ 𝑃/012
-,",$ ≤ 𝑀𝑅/012- 𝑃-3,",$𝐼/012

-,",$ 					∀	𝑖, 𝑡 (4)  

0 ≤ 𝐼+.
-,",$ + 𝐼/012

-,",$ ≤ 1									∀	𝑖, 𝑡 (5)  

Eqs. (2)-(5) represent the price-based DR program, in which the total decreases in loads in 

the operation interval is equal to the total increased load. Eqs. (3) and (4) demonstrate the 

maximum allowed load shifting, and Eq. (5) prevents a simultaneous change in load. 

Similarly, Eq. (6) is used for modeling the load curtailment, which imposes a penalty to the 

energy hub.  
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0 ≤ 𝑃*+,$
",$ ≤ 𝑃-3,",$𝐶𝑂*+,$			∀	𝑖, 𝑡 (6)  

In addition to electrical DR, heat DR is also used in this paper as follows: 

%𝑃+.
4,",$

$

=%𝑃/012
4,",$

$

										∀	𝑖 (7)  

0 ≤ 𝑃+.
4,",$ ≤ 𝑀𝑅+.4 𝑃43,",$𝐼+.

4,",$								∀	𝑖, 𝑡 (8)  

0 ≤ 𝑃/012
4,",$ ≤ 𝑀𝑅/0124 𝑃43,",$𝐼/012

4,",$ 					∀	𝑖, 𝑡 (9)  

0 ≤ 𝐼+.
4,",$ + 𝐼/012

4,",$ ≤ 1									∀	𝑖, 𝑡 (10)  

 Eq. (7) represents the equality of decrement and growth in the price-based DR program for 

heat load. Eqs. (8)-(9) show the highest quantities for heat load shifting, and the Eq. (10) is 

employed for simultaneous load shifting prevention.  

3. Energy storage systems 

Energy storages effectively enhance the performance of the system by storing the energy 

in the low load hours and discharging it when required. In this paper, the storage is used for 

electrical, heat, and cooling systems, which will be discussed more precisely. The following 

relations illustrate the operation of the electrical energy storage system: 

𝐸-5
",$67 = 𝐸-5

",$ + 𝑃-5,*
",$ 𝜂-5,* −

𝑃-5,/
",$

𝜂-5,/
												∀	𝑖, 𝑡 

(11)  

𝐸-5
8"2," ≤ 𝐸-5

",$ ≤ 𝐸-5
89:," 									∀	𝑖, 𝑡 (12)  

0 ≤ 𝑃-5,*
",$ ≤ 𝑃-5,*89:𝑘*

-,",$				∀	𝑖, 𝑡 (13)  

0 ≤ 𝑃-5,/
",$ ≤ 𝑃-5,/89:𝑘/

-,",$				∀	𝑖, 𝑡 (14)  

0 ≤ 𝑘*
-,",$ + 𝑘/

-,",$ 	≤ 1					∀	𝑖, 𝑡			 (15)  

𝐸-5
",; = 𝐸-5

",<=			∀	𝑖 (16)  

The electrical energy balance for the energy storage system is described in the Eq. (11). Eqs. 

(12) - (14) restrict the value of 𝐸-5",$, 𝑃-5,*",$  , and 𝑃-5,/",$  because of technical issues. Eq. (15) 

guarantees that the storage will not be charged and discharged at the same time. As given in 

the Eq. (16), the stored energy in the first and final hours of operation should be equal. The 

model for the heat storage system is described as follows: 
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𝐸45
",$67 = 𝐸45

",$ + 𝑃45,*
",$ 𝜂45,* −

𝑃45,/
",$

𝜂45,/
												∀	𝑖, 𝑡 (17)  

𝐸45
8"2," ≤ 𝐸45

",$ ≤ 𝐸45
89:," 									∀	𝑖, 𝑡 (18)  

0 ≤ 𝑃45,*
",$ ≤ 𝑃45,*

89:,"𝑘*
4,",$				∀	𝑖, 𝑡 (19)  

0 ≤ 𝑃45,/
",$ ≤ 𝑃45,/89:𝑘/

4,",$				∀	𝑖, 𝑡 (20)  

0 ≤ 𝑘*
4,",$ + 𝑘/

4,",$ 	≤ 1					∀	𝑖, 𝑡			 (21)  

𝐸45
",; = 𝐸45

",<=			∀	𝑖 (22)  

According to Eq. (17), the stored heat depends on the charging rate, discharging rate, and 

efficiency parameters. The limits of stored energy, charging power, and discharging power 

are represented in (18) – (20). Eq. (21) is used for prohibiting simultaneous charge and 

discharge. Eq. (22) is employed to have equal quantity for the accessible heat in the heat 

storage in the first and the last hour of the operation planning. 

Using ice storage systems will have significant impacts on the operation of the cooling system 

and the costs, since they will be charged when the electricity price is low and discharge when 

the cooling load in the peak. Ice storage cooling systems use electric power to make ice during 

the low price hours, and melt the ice when required. They consist of an ice storage tank and 

an ice storage conditioner. The following relations illustrate the ice storage modeling: 

𝐸*5
",$67 = 𝐸*5

",$(1 − 𝛿*5) + 𝑃*5,*
",$ 𝜂*5,* −

𝑃*5,/
",$

𝜂*5,/
												∀	𝑖, 𝑡 (23)  

𝐸*58"2 ≤ 𝐸*5
",$ ≤ 𝐸*589:									∀	𝑖, 𝑡 (24)  

0 ≤ 𝑃*5,*
",$ ≤ 𝑃*5,*89:𝑘*

*5,",$				∀	𝑖, 𝑡 (25)  

0 ≤ 𝑃*5,/
",$ ≤ 𝑃*5,/89:𝑘/

*5,",$				∀	𝑖, 𝑡 (26)  

0 ≤ 𝑘*
*5,",$ + 𝑘/

*5,",$ 	≤ 1					∀	𝑖, 𝑡			 (27)  

𝐸*5
",; = 𝐸*5

",<=			∀	𝑖 (28)  

Eq. (23) shows the energy balance for the ice storage system. Eqs. (24) – (26) demonstrate 

the technical constraints of ice storage. Eq. (27) is imposed to have either charging or 

discharging mode for the ice storage in each time. Eq. (28) is employed so as to have equal 

cooling energy stored in the storage in the first and last hour of the operation. 
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4. Energy balance of the system 

The energy balance in the proposed model in the electrical and heat section is as follows: 

𝑃!
",$ + 𝑃.>

",$ + 𝑝1$
",$ + 𝑃𝐸%&'

",$ + 𝑃-5,/
",$ + 𝑃/012

-,",$ + 𝑃*+,$
",$ = 𝑃-3,",$ + 𝑃-5,*

",$ + 𝑃+.
-,",$ + 𝑃"*-"

",$ + 𝑃-*
",$ (29)  

𝑃𝐻%&'
",$ + 𝑃𝐻)

",$ + 𝑃45,/
",$ + 𝑃/012

4,",$ = 𝑃43,",$ + 𝑃45,*
",$ + 𝑃+.

4,",$ + 𝑃𝐻9*
",$ (30)  

𝑃𝐻)
",$ = 𝐺)

",$𝐿𝐻𝑉𝜂) (31)  

𝑃𝐸%&'
",$ = 𝐺%&'

",$ 𝐿𝐻𝑉𝜂)-  (32)  

𝑃𝐻%&'
",$ = 𝐺%&'

",$ 𝐿𝐻𝑉𝜂)4  (33)  

0 ≤ 𝐺%&'
",$ ≤ 𝐺%&'

89:,"  (34)  

0 ≤ 𝐺)
",$ ≤ 𝐺)

89:,"  (35)  

−𝑃!
",89: ≤ 𝑃!

",$ ≤ 𝑃!
",89: (36)  

0 ≤ 𝑃𝐻%&'
",$ + 𝑃𝐻)

",$ + 𝑃45,/
",$ − 𝑃45,*

",$ ≤ 𝑃489: (37)  

The balance between supply and demand in the electrical as well as heat section of the hubs 

are demonstrated by Eq. (29) and (30), respectively. The produced heat from the boiler is 

described in Eq. (31). The output of electricity and heat of the CHP units are respectively 

shown in Eq. (32) and (33). The constraints of the purchasable natural gas for CHP units, and 

boilers are represented in Eq. (34) and (35), respectively. The constraints of the imported 

power from the main grid and the heat pipes are respectively demonstrated in Eq. (36) and 

(37). In order to meet the energy balance in the cooling section, the following relations are 

proposed: 

𝐶-*
",$ + 𝐶9*

",$ + 𝑃*5,/
",$ = 𝐶𝐿",$ (38)  

𝑃*5,*
",$ = 𝑃"*-

",$𝐶𝑂𝑃"*-  (39)  

0 ≤ 𝑃"*-
",$ ≤ 𝑃"*-

89:,"  (40)  

𝐶9*
",$ = 𝑃𝐻9*

",$𝐶𝑂𝑃9*  (41)  

0 ≤ 𝑃𝐻9*
",$ ≤ 𝑃𝐻9*

89:,"  (42)  

𝐶-*
",$ = 𝑃-*

",$𝐶𝑂𝑃-*  (43)  

0 ≤ 𝑃-*
",$ ≤ 𝑃-*

89:,"  (44)  

Eq. (38) shows the cooling system balance between supply and demand for each hub. 

According to Eq. (39), the charging energy for the ice storage depends on the 𝐶𝑂𝑃"*- and the 
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amount of input electricity which makes the ice. The power input limit for the ice storage is 

described in Eq. (40). Another cooling production unit in this paper is the absorption chiller, 

which receives heat and produces cooling energy for the system, and is illustrated in Eqs. 

(41) and (42). The last cooling supply unit is the electrical chiller in which the input electricity 

provides cooling energy for the system, which is demonstrated in Eqs. (43) and (44). 

III. Cooperative strategy and fairly cost allocation 

In this paper, we propose cooperative energy management for integrated energy hubs. 

Unlike non-cooperative games, cooperative strategies guarantee the optimal solution for the 

system. A coalition is formed when a group cooperates together. The overall gain of the 

coalition should be divided fairly among participants. Shapley value is a classic cooperative 

solution concept that allocates a unique distribution to the participants. The Shapley value 

allocates the overall gain of the coalition between participants based on their contribution, 

efficacy, and bargaining power of participants [30], and [31]. The amount that hub i gets 

given in a coalitional game is achieved as (45): 

𝜑%(𝑣) =
1
𝑁!

/ |𝑆|! (𝑁 − |𝑆| − 1)! (𝑣(𝑆 ∪ {𝑖}) − 𝑣(𝑆))
( )/{%}

 (45) 

Where N is the total number of hubs and the function v maps subsets of hubs to the real 

numbers. The S shows a coalition of hubs and v(S) called the worth of coalition S. The Eq. 

(45) can be replaced by (46) and (47): 

𝜑𝑖(𝑣) =
1
𝑁!/7𝑣8𝑃𝑖𝑅 ∪ {𝑖}9− 𝑣(𝑃𝑖𝑅):

-

 (46) 

𝜑𝑖(𝑣) =
1
𝑁! /

(𝑣(𝑆 ∪ {𝑖})− 𝑣(𝑆))

;𝑁 − 1|𝑆| <𝑆 𝑁/{𝑖}
 (47) 

Where 𝑃78 is the set of hubs in N, which precede i in order R. It should be noted that for a 

single-owner system, we can utilize the proposed cooperative model, but we do not need the 

cost allocation.  

IV. Simulations and results 
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In this section, the simulation parameters and input power data are represented. Afterward, 

the results are analyzed and discussed. The proposed model includes several energy hubs, 

which have various generation units and demands. The parameters of the electrical, heat, and 

ice storage systems are shown in Table 2 [25, 26]. The parameters of the ice storage system 

and CCHP are described in Table 3 [25, 26]. The other simulation parameters are described 

in Table 4 [25, 26]. The input power from the PV and WT units are taken from [25]. The 

hourly electricity price is illustrated in Fig.2 .The electrical, heat, and cooling loads of the 

hubs are depicted in Figs. 3-5, respectively [25, 26] and [7]. 

Table 2. Parameters of electrical and heat storage system  
Electrical storage parameters Heat storage parameters 

Parameter  Hub1 Hub2 Hub3 Parameter  Hub1 Hub2 Hub3 

𝐸-5
89:," (𝑘𝑊ℎ) 90 130 100 𝐸45

89:," (𝑘𝑊h) 160 100 - 

𝐸-5
8"2," (𝑘𝑊ℎ) 9 15 10 𝐸45

8"2," (𝑘𝑊ℎ) 30 20 - 

𝑃-5,*
89:," (𝑘𝑊) 15 30 20 𝑃45,*

89:," (𝑘𝑊) 40 25 - 

𝑃-5,/
89:," (𝑘𝑊) 15 30 20 𝑃45,/

89:," (𝑘𝑊) 40 25 - 

𝜂-5,*"  0.9 0.9 0.9 𝜂45,*"  0.9 0.9 - 

𝜂-5,/"  0.9 0.9 0.9 𝜂45,/"  0.9 0.9 - 

Table 3. Parameters of ice storage and CCHP units  
Ice storage parameters CCHP parameters 

Parameter Hub1 Hub2 Hub3 Parameter Hub1 Hub2 Hub3 

𝐸*5
89:," (kWh) 320 - 300 

𝐺%&'
89:," (m3/h) 60 75 50 

𝐸*5
8"2,"(kWh) 60 - 60 

𝑃*5,*
89:,"(kWh) 120 - 120 𝐺)

89:,"(m3/h) 30 35 30 

𝑃*5,/
89:,"(kWh) 140 - 140 𝑃𝐻9*

89:," (kW) - - 180 

𝜂*5,*"  0.97 - 0.97 𝑃"**
89:,"(kW) 50 - 50 

𝜂*5,/"  0.95 - 0.95 
𝑃-*
89:,"(kW) 100 - 80 

𝛿*5"  0.02 - 0.02 

Table 4. Simulation Parameters 
Parameter Value Parameter Value 

𝑂𝑀%&' (𝑐𝑒𝑛𝑡/𝑘𝑊ℎ) 2 𝜂%&'-  0.35 
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𝑂𝑀) (𝑐𝑒𝑛𝑡/𝑘𝑊ℎ) 2.7 𝜂%&'4  0.45 
𝑀𝑅+.-   0.5 𝜂) 0.8 
𝑀𝑅/012-   0.2 𝐶𝑂𝑃-* 4 
𝑀𝑅+.4   0.5 𝐶𝑂𝑃"*- 3.5 
𝑀𝑅/0124   0.2 𝐶𝑂𝑃9* 1.2 
𝜆$(  (𝑐𝑒𝑛𝑡/𝑚D) 22 𝐶𝑂*+,$ 0.25 
𝐿𝐻𝑉 (𝑘𝑊ℎ/𝑚D) 9.7 𝑃𝐸𝑁*+,$(𝑐𝑒𝑛𝑡/𝑘𝑊ℎ) 20 

 
Fig. 2. Wholesale electricity market prices 

 
Fig. 3. The electrical demand of energy hubs 

 
Fig. 4. The thermal demand of energy hubs 
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Fig. 5. The cooling demand of energy hubs 

In order to show the efficiency of the proposed cooperative approach, two following case 

studies have been studied: 

• Case I: In this case study, the energy hubs perform an autonomous operation scheduling 

to minimize their operation costs. Similar to this case study had been presented in [7], 

[23], [24], [25], and [26]. This case study is a base case and the energy hubs cannot 

cooperate to share their resources.  

• Case II: The proposed cooperative approach has been investigated in this case study. The 

energy hubs cooperate together to form a coalition. In this case, the energy hubs can share 

their local resources to provide a back-up for other energy hubs. The overall profit of the 

coalition is divided among the energy hubs based on their efficiency, bargaining power, 

and contribution. The Simulation results of case studies are presented in Table 5.   

Table 5. The optimal results of case studies 

Case study 
Cost (cents) Energy not supply 

(kWh)  

Interrupt 

(times) Hub1 Hub2 Hub3 

Case I 73103.24 33574.75 50323.25 1205.37 24 

Case II 59290.7 30140.68 45934.82 0 0 

Improvement (%) +18.89 +10.23 +8.72 +100 +100 

The results of Table 5 show that the operating costs of the energy hubs have been improved 

by the proposed cooperative model. Compared to the case I, the operation cost of energy 

hub1 has been improved from 73103.24 cents to 59290.7 cents. Also, the operation costs of 

the energy hubs2 and 3 reach from 33574.75 cents and 50323.25 cents to 30140.68 cents and 

45934.82 cents, respectively. Actually, the proposed model improves the operation costs of 
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the energy hubs 1, 2, and 3 by 18.89%, 10.23%, and 8.72%, respectively. When energy hubs 

cooperate and share their resources, the total cost of the energy hubs had been reduced by 

21635.04 cents. Based on the contribution and the efficiency of each energy hub, the profit 

of the coalition is divided among them that most of the overall gain goes to hub 1. In the 

proposed model, the energy hubs are able to use the local resources of the other energy hubs 

as the back-up. Therefore, the amount of curtailed load and the number of interrupts 

significantly have been improved by the proposed cooperative model. In the autonomous 

operation scheduling, the amount of the curtailed load is 1205.37 kWh, while in the proposed 

model all of the required loads have been supplied by the local resources. The analysis of 

each case study is presented as follows: 

1. The electrical, heating, and cooling results of case I 

In this section, the results of case I are analyzed in details.  

i) The electrical results of energy hubs in case I 

In Fig. 6-8, the amount of each electric production and demand including power resources, 

energy storages, DR programs, and electricity consumers such as ice storage and electrical 

chiller is demonstrated. As illustrated, hub1 faces a serious electrical energy shortage, since 

it has restrictions to import energy from the main grid. Thus, hub1 employs its own resources 

as much as possible to provide the required power for the demands, and it uses CHP unit to 

produce most of the required power in most of the operation time.  Furthermore, this hub 

uses DR programs to shift and curtail the loads, resulting in enhancing its ability to serve the 

demands. Hub1 also possesses electrical chiller and ice storage, which consume a large part 

of the accessible electricity.  
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Fig. 6. The electrical balance of energy hub 1 

As shown in Fig. 7, hub2 can import more power from the main grid, and it has not cooling 

loads to serve. With this in mind, it imports power in the low price hours and sells the extra 

power in the high price moments, which reduces its dependency on the CHP unit, and use 

CHP unit mostly to make profit during the high price hours and sell the power to the grid. 

Moreover, hub2 has shifted its loads from the peak load hours to low load hours using demand 

response programs to reduce the required energy in peak hours. 

Hub3 contains various production units and demands, which has increased its flexibility in 

serving the demands. As depicted in Fig. 8, hub3 has shifted the loads from peak hours to 

low load periods, which results in a reduction in its operation cost. Also, it has injected power 

to the main grid during hours 11-18, since it has a large amount of renewable energy, enabling 

hub 3 to produce a large amount of energy. 
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Fig. 7. The electrical balance of energy hub 2 

 
Fig. 8. The electrical balance of energy hub 3 

ii) The heating results of energy hubs in case I 

Figs. 9-11, shows an overview of the heat energy in hubs, in which the production and 

demands of each are described. Since hub1 should utilize its CHP to provide the required 

electrical power, its CHP is employed all over the operation period, and the boiler unit is 

not used in case I. Moreover, using the heat storage and DR programs, hub1 provides the 

required heat for the demands and shifts the heat load in order to decrease the operation 

costs. Furthermore, because of the limited flexibility in this case, hub1 is unable to use its 

absorption chiller and boiler. 
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Fig. 9. The heating balance of energy hub 1 

According to Fig. 10, regarding the smaller quantity of the required electric power in 

hub2, less heat is produced by CHP, and boiler as well as DR program have provided the 

required heat for the hub. As mentioned earlier, hub2 uses its CHP to produce electrical 

power in the high price hours and sell the power to the main grid. Therefore, the only heat 

provider in the high price hours is the CHP unit. Also, the CHP unit supplies the required 

heat for charging the heat storage and the shifted heat loads from other intervals.   

 
Fig. 10. The heating balance of energy hub 2 

The main heat source of hub3 is the boiler, since it has less amount of electrical load and 

it can import more power from the main grid; thus it needs less electricity from the CHP 

units and most of the required heat is generated using boiler (see Fig. 11). Boiler and CHP 

provide heat together between hours 8-20, because the absorption chiller is employed 

during this period. During hours 9-21, CHP unit provides heat for hub3, since the 

generated power in these hours will reduce the imported power in the high price hours. 
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Fig. 11. The heating balance of energy hub 3 

iii) The cooling results of energy hubs in case I 

The main supplier of cooling energy in hub1 is the electrical chiller as illustrated in Fig. 

12. Moreover, the ice storage system has provided more cooling energy between 11-13 

when is the peak period of the cooling load.  

According to Fig 13, hub3 owns absorption chiller, enabling it to have more options for 

cooling energy provision, although the main cooling energy provider is the electrical 

chiller. During the peak cooling load period, the absorption chiller and ice storage system 

support the electrical chiller to supply the required cooling energy for hub3. Furthermore, 

the ice storage supplies cooling energy in hours 19, 21, and 23 in which more cooling load 

is required.  

 
Fig. 12. The heating balance of energy hub 1 
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Fig. 13. The heating balance of energy hub 3 

2. The electrical, heating, and cooling results of case II 

The results of the electrical, thermal, and cooling energy of case II have been investigated in 

this section. 

i) The electrical results of energy hubs in case II 

The cooperative operation of energy hubs is investigated in case II. In the cooperative 

operation, the total imported power from the main grid for energy hubs is restricted to 600 

kW instead of restricting purchasing power from the main grid for each of the energy hubs.   

According to Fig. 14, hub1 imports more amount of energy from the main grid in the 

cooperated operation in comparison with case I, since it has more loads to serve. Moreover, 

hub1 has decreased the output of CHP to increase the flexibility of the electrical and heat 

section. Furthermore, load curtailment is not required for hub1 in case II, because it can 

import sufficient power from the main grid. Unlike case I, the demand response program has 

been used more frequently in case II, because of the ability to import more power from the 

main grid.  



 

 24 

 
Fig.14. The electrical balance of energy hub 1 

As we can observe from Fig. 15, hub2 is also able to import more power from the main grid 

in case II, resulting in decreasing the use of CHP during the operation period. However, 

during the high price hours, the CHP is still employed, because the obtained revenue from 

selling power to the grid overcomes the CHP shut down.  

 
Fig.15. The electrical balance of energy hub 2 

Hub3 has decreased the imported power from the main grid in the first hours of the operation 

and has used CHP units to produce the rest of required power, since energy hubs have shared 

the capacity of imported power from the main grid, and more capacity for importing power 

from the main grid is dedicated to hub1 in case II (Fig. 16).  
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Fig. 16. The electrical balance of energy hub 3 

ii) The heating results of energy hubs in case II 

The output power of heat resources and heating load of energy hubs are presented in Figs. 

17-19. The generated heat from the CHP in hub1 is decreased in case II, since hub1 needs 

less electricity from the CHP. Accordingly, less heat is generated from CHP, resulting in the 

growth in heat production from the boiler in case II. Moreover, using less amount of heat 

from the CHP has enabled hub1 to use more DR programs and shift the loads more 

appropriately. During the high price hours, CHP produces power and heat, and the boiler is 

not used in this interval. 

 Likewise, hub2 is also able to produce more heat from the boiler, because it has diminished 

the output of CHP during the first period of the operation. Nevertheless, the CHP heat output 

is the same as case I in the high price hours, as hub3 prefers to sell the generated power from 

the CHP to the grid. Hub3 has reduced the output of the boiler and increased the output of 

CHP, since it has to decline the imported power from the main grid by using its own CHP 

more frequently. The absorption chiller generates as same cooling energy as case I, but the 

heat DR program has changed in order to match with the power transmission restrictions. 
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Fig. 17. The heating balance of energy hub 1 

 
Fig. 18. The heating balance of energy hub 2 

 
Fig. 19. The heating balance of energy hub 3 

iii) The cooling results of energy hubs in case II 

The cooling system results of case II are illustrated in Figs. 20-21 , in which the role of ice 

storage systems have increased in some hours, which is the result of more flexibility in the 

system by working in the cooperative condition. As previously mentioned, the main cooling 
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supplier in hub1 is the electrical chiller, and ice storage collaborates in the cooling peak hours. 

The absorption chiller in addition to the electrical chiller is the main cooling energy supplier 

in hub3. 

 
Fig. 20. The cooling balance of energy hub 1 

 
Fig. 21. The cooling balance of energy hub 3 

V. Conclusion 

In this paper, a cooperative model for networked energy hubs is proposed based on the fair 

cost allocation using the Shapley value. Several energy sources for different energy sections 

are used so that the optimal solution for the problem can be calculated. Energy storage 

systems as well as heat and electrical demand response for energy sectors are exerted in order 

to increase the flexibility of the system. The cooperation between energy hubs adds more 

flexibility to the problem, and they share their strength to reduce their weakness. The 

simulation results show when the energy hubs form a coalition, the total cost of the system 

improves by 13.78 percent. Considering the contribution of each energy hub and fairly cost 

allocation, the mechanism introduced in case II reduces the cost of hub1, hub2, and hub3 
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18.89, 10.23, and 8.72 percent, respectively. Moreover, the energy not supplied and interrupt 

times have improved significantly. A bi-level model considering demand response programs 

as well as storage systems and the ability to participate in the heat and gas market in addition 

to the electricity market will be investigated for networked energy hubs in our future works. 
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Introduction
Traditional power systems are centralized since the electric flow is unidirectional, 
from bulk power plants to consumers. However, the transition into a modern power 
system enabled by Information and communication technology (ICT) and enacted 
policies to combat global warming increase Renewable Energy Sources (RES), distrib-
uted in many cases. These RES depend on weather conditions for their optimal opera-
tion and thus increase the challenge of sustaining power system stability. To meet this 
challenge, the energy system needs energy flexibility. Union of the Electricity Indus-
try—EURELECTRIC aisbl (2014) defines the term flexibility as the “[...] modification 
of generation injection and/or consumption patterns in reaction to an external sig-
nal (price signal or activation) to provide a service within the energy system”. Energy 

Abstract 

The energy transition into a modern power system requires energy flexibility. Demand 
Response (DR) is one promising option for providing this flexibility. With the highest 
share of final energy consumption, the industry has the potential to offer DR and con-
tribute to the energy transition by adjusting its energy demand. This paper proposes 
a mathematical optimization model that uses a generic data model for flexibility 
description. The optimization model supports industrial companies to select when (i.e., 
at which time), where (i.e., in which market), and how (i.e., the schedule) they should 
market their flexibility potential to optimize profit. We evaluate the optimization model 
under several synthetic use cases developed upon the learnings over several work-
shops and bilateral discussions with industrial partners from the paper and aluminum 
industry. The results of the optimization model evaluation suggest the model can fulfill 
its purpose under different use cases even with complex use cases such as various 
loads and storages. However, the optimization model computation time grows as the 
complexity of use cases grows.
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flexibility provision thus can have many different sources. Whereas options such as 
the enhancement of transmission lines or the building of new electrical storages or 
power plants are cost-intensive to implement (Palensky and Dietrich 2011; Heffron 
et  al. 2020) (i.e., high investment costs), the adjustment of electricity demand has 
the advantage that the energy flexibility providing assets already exist (Heffron et al. 
2020). The so-called DR, as one part of Demand Side Management (DSM), describes 
short-term changes at the electricity consumption side (Palensky and Dietrich 2011).

In Germany, the industrial sector has the highest share of final electricity consump-
tion at 41% (Energiebilanzen 2021). Thus, it offers a high potential to impact a change 
of demand using DR. However, the identification and application of industrial energy 
flexibility are challenging tasks. Industrial companies have complex and a variety of 
industrial processes where industrial energy flexibility is not a core business for most 
of them. Hence, most industrial companies use tailored decision support systems to 
help them determine their optimal adjustment of electricity demand in terms of time 
and characteristics that require customized scheduling models. Thus, these tailored 
solutions pose a threefold challenge. First, they might require a relatively high invest-
ment, especially hurdling small and medium-sized companies (Bauernhansl et  al. 
2019). Second, they tend to lack interoperability features, notably in using a single, 
specific model to describe their energy flexibilities (Bauernhansl et al. 2019). This spe-
cific model instantly creates vendor lock-in problems (unable to switch between ser-
vice providers easily) (Potenciano Menci et al. 2021; van Stiphoudt et al. 2021). Third, 
tailored models and existing literature tend to be use-case-specific, resulting in case-
dependent models (Helin et al. 2017; Zhou et al. 2017; Xu et al. 2020) and the consid-
eration of single processes (Howard et al. 2021). Therefore, industrial companies find 
several barriers to realizing their energy flexibility potential. To address these chal-
lenges, there is a need for a holistic, interoperable, and generic use-case-independent 
model, which industrial companies can use to support their decision of where (i.e., 
which market) and when (i.e., which times) they can market their industrial energy 
flexibility.

We propose an optimization model for calculating an optimal adjustment of electric-
ity demand for industries that is generic, holistic, and interoperable for a given horizon. 
We achieve generality by building upon a generic data model that describes energy flex-
ibility, introduced by Schott et al. (2019). This generic data model allows us to decouple 
model generation (flexibility description) and optimization, letting industrial companies 
specify their level of detail in their model’s description. In addition, it enables us to con-
sider in the optimization model the inclusion of connected systems, including a wide 
range of storage types (e.g., energy, heat, compressed air, electric) and dependencies 
between different processes and/or machines. We consider the model holistic because 
it allows industrial companies to run the optimization for various scenarios consider-
ing different optimization horizons, energy markets, or flexibility descriptions to com-
pare potential benefits. Thus, it can assist industrial companies in selecting where and 
when to market their flexibility using the optimal schedule. By using defined and generic 
inputs and outputs to describe flexibilities, the model becomes interoperable: Compa-
nies that describe their energy flexibilities with the data model introduced in Schott 
et al. (2019) can apply this optimization model. Furthermore, industrial companies could 
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combine the optimization model we propose with other solutions which already use the 
same generic data model (Lindner et al. 2022; Bank 2021).

The paper is structured as follows. The “Related Work” section provides a brief over-
view of related work in energy flexibility optimization and scheduling. The “Model” 
section introduces the optimization and scheduling model formulation based on a 
mixed-integer linear programming approach. The “Use cases and results” section 
focuses on implementing the model under different use cases to evaluate its output. The 
“Discussion” section focuses on the discussion about the features of the proposed model 
based on the simulation results from the previous section. Finally, the “Conclusions” 
section summarizes the results but also acknowledges the limitations of the proposed 
model in addition to the research outlook.

Related work
Energy flexibility optimization focused on demand (household, industrial, etc.) or in 
combination with supply is a widely investigated topic within literature. In this context, 
DR applied to industrial energy flexibility refers to the deviation in the consumption 
patterns of an industrial consumer to take part in energy flexibility markets (any mar-
ket trading power and capacity) (Fridgen et  al. 2017; Commission et  al. 2022; Shoreh 
et al. 2016). In this regard, a production plant can shift its production plan to make a 
monetary profit by taking part in current electricity markets (e.g., wholesale) and in new 
potential markets (e.g., local flexibility markets) with its energy flexibility (Bauernhansl 
et al. 2019).

Industrial companies mostly optimize their industrial processes focusing on efficiency 
regarding other production inputs than energy, which often prevents their industrial 
processes from being energy flexible. Additionally, industrial processes have different 
characteristics, limiting the availability of complete generic models (i.e., any model that 
can accept any process) (Schott et al. 2019).

One characteristic of industrial processes and their energy flexibility is the connec-
tion between industrial processes and/or machines (Shoreh et al. 2016). Each link cre-
ates a dependency. There is a need to consider these dependencies between processes 
and/or machines to create generic models for industrial energy flexibility. Nevertheless, 
for simplification purposes, many authors do not consider dependencies in their models 
and thus limit their models’ general application. For instance, in Angizeh et al. (2019), 
authors propose an energy flexibility scheduling method for industrial consumers con-
sidering on-site generation. However, they do not consider the dependency between 
loads. Likewise, the models proposed in Shrouf et al. (2014) and Varelmann et al. (2022) 
focus on optimizing the production scheduling and participating in different markets 
considering a single industrial machine, respectively. Therefore, they contribute to con-
sidering aspects such as different power states, load shifting, and participating in differ-
ent markets but do not consider the dependencies within the industrial process.

Other authors employ material flow models to tackle such dependency problems 
in their optimization. Material flow models are one possible way to model dependen-
cies. For example, using a material flow model, authors in Mitra et  al. (2012) investi-
gate an optimal production planning method for energy-intensive industrial plants (e.g., 
air separation plant and cement plant). Similarly, authors in Wanapinit et  al. (2021) 
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present a modular energy flexibility model for industrial end-users using a material flow 
model. Their model covers energy flexibility features such as ramp rates and time lim-
its for energy flexibility activation. Authors in Ashok and Banerjee (2001) proposed a 
method to minimize the electricity costs considering the process, storage, and manu-
facturing constraints. In Ruohonen et al. (2011), the authors present a model for cost-
effective scheduling of paper pulp mill. The authors in Ramin et  al. (2018) investigate 
the DSM of industrial processes considering production constraints. Authors in Khatri 
et al. (2021) propose a coupled generic modeling library and optimal control to react and 
control based on fixed or variable price signals. Their generic modeling library enables 
industrial companies to model down to individual machines and how to control them. 
Their optimization provides a schedule allowing the control model to act accordingly. 
Similarly, authors in Castro et al. (2009) proposed a resource-task-network approach to 
schedule continuous production plants based on electricity price. Nevertheless, their 
optimizations in many cases using material flow models could hurdle the generality of 
their model. This is because material flow modeling needs a detailed description of each 
industry. Thus, it might result in case-specific models.

Further improvement of generic industrial energy flexibility modeling has to do with 
the inherent features of the industrial energy flexibility such as ramping of the machines, 
energy storage modeling, and limited run-time of the machines, which the authors in 
Moon and Park (2014) and Barth et al. (2018) considered in their proposed model.

Moreover, there are contributions in the optimization domain that employ heuristic 
approaches (Gong et al. 2019). Heuristics’ ability to calculate fast solutions has increased 
their application mostly in large-scale problems (Küster et al. 2021). Although heuristics 
might be a fast solution, they cannot guarantee the global (optimal) solution and might 
result in a locally optimal solution.

Nevertheless, demand modeling requires data transfer regardless of the feature selec-
tion and optimization model. To enable the data transfer between various sectors and 
provide standardization, having a data model is highly important but imposes a chal-
lenge. For instance, authors in Huber (2018) briefly explored the necessary parameters to 
describe a flexible data model for DSM. More extensively, authors in Schott et al. (2019) 
propose a generic data model which can describe various energy flexibility aspects, 
improve the information exchange, and enhance energy flexibility automation. This 
generic data model enables cross-sectoral usage (i.e., residential and industrial), facilitat-
ing targeted cross-sectoral optimizations. They challenged their proposed data model 
against the feature-checklist developed by Barth et al. (2018) and were able to include all 
features in the proposed data model. Authors in Lindner et al. (2022) for instance, lever-
age the potential of the generic data model to propose a possible merging service that 
could combine various descriptions into one. Authors in Bank (2021) propose a con-
ceptual step step-wise approach to integrating the generic data model for production 
planning.

In summary, many authors solve their optimizations in a simplified yet efficient 
and fast manner, considering specific use cases. Within these specific use cases, many 
authors select a limited number of relevant features for their models to solve their opti-
mization problems and thus, develop tailored solutions. These specific use cases face a 
threefold problem (Bauernhansl et al. 2019). First, they limit the holism of their model 
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due to their selection of relevant features for simplification and fast optimization solu-
tions. Second, their models tend to lack interoperability across different demand types. 
Since their models usually only focus on one demand-type, it delimits the feature selec-
tion and optimization method. Third, they hurdle their model’s replicability since it is a 
tailored solution across the same industry. This tailored model would require, in some 
cases, extensive modifications to adjust to other boundary conditions. Therefore, many 
demand models, even those focused on industrial demand flexibility, face holistic, inter-
operable, and replicable (transferable) limitations. According to Helin et al. (2017), such 
attributes are necessary for industrial flexibility modeling.

Model
The proposed optimization model (artifact) takes three different inputs and produces 
two different outputs, depicted in Fig.  1. The optimization uses a generic data model, 
the Energy Flexibility Data Model (EFDM) from van Stiphoudt et  al. (2021); Schott 
et al. (2019). The EFDM is the core for describing (1) the flexibility potential and (2) the 
specific power profile the flexible loads have to follow, known as flexible load measure. 
Therefore, the EFDM offers companies an entire framework in JavaScript Object Nota-
tion (JSON) to work with flexibilities descriptions (Schott et  al. 2019). We considered 
the guidelines proposed in Hevner et al. (2004) to design the optimization model. More-
over, we followed the iterative methodology for developing and evaluating the model 
proposed by Peffers et al. (2007). However, we only describe in this manuscript the final 
optimization model and not the multiple iterations needed for the model development. 
Hereafter, each subsection covers the inputs the optimization model uses, the mathe-
matical description of the optimization model, and the optimization output. We coded 
the model in Python using the Gurobi solver (Gurobi Optimization 2022) and tested it 
on a computer with a Core i7 CPU @ 2.6 GHz processor and 32 GB RAM.

Inputs

Energy market prices

The first input to our optimization model is the energy market prices (i.e., electricity 
markets). Notably, the optimization can use the power exchange prices (i.e., European 
Power Exchange (EPEX)) from the spot market contained in the wholesale market as 
well as price forecasts expressed as time series. It supports data intake from the day-
ahead and intraday (auction and continuous) since it allows for different time resolutions 

Optimization Model

Electricity Market Prices

E
FD

M

Dependencies

Storages

Flexible Loads

OutputsInputs

E
FD

M

Flexible Load Measure

Profit from Flexibility Scheduling

Futher Input

Fig. 1  Input and outputs of the optimization model
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(i.e., 15-min and 1-h values). The data input enables the analysis of price volatility in the 
electricity markets and the identification of the best possible marketing time, which may 
include times with negative prices.

EFDM: flexible loads, storages and dependencies

The second input of the optimization model is the flexibility description. Industrial com-
panies can and are responsible to describe their flexibility using the EFDM developed 
in Schott et al. (2019) through its three main categories with any any level of detail they 
chose. These categories are the flexible loads, storages, and dependencies.

The flexible load category is the main flexibility description. It contains several key fig-
ures for the description, provided in Table 1.

Industrial companies might use a wide range of storage systems in their processes, 
such as heat, cold, compressed air, and electrical energy storage (EES). They can describe 
these storages using the storage category within the EFDM, utilizing several key figures, 
as described in Table 2.

Industrial companies can have complex processes. Their industrial processes involve 
machines that depend on one another. To capture industrial processes’ complexity, 
industrial companies can describe these dependencies in the EFDM using the category 

Table 1  Key figures of the EFDM as used by the optimization model

Key Value (type) Description

Validity Integer ≥ 0 The interval where using the flexible load is allowed for flexibility 
purposes

Power states Continuous ≥ 0 The deviation offlexible load from the normal operating point. The 
deviation ispositive in the load increase type,and it is negative in the 
loaddecrease type

Holding duration Integer ≥ 0 The time length that flexible loads operate per usage

Usage numbers Integer ≥ 0 The allowed number of usages in the optimization period

Modulation number Integer ≥ 0 The number of permitted changes in the power state value per usage 
(without counting the power state change related to activation and 
deactivation)

Activation gradient Continuous ≥ 0 The power change rate during the activation

Deactivation gradient Continuous ≥ 0 The power change rate during the deactivation

Regeneration duration Integer ≥ 0 The time limitation to activate a load after deactivation

Costs Continuous ≥ 0 The cost of using flexible load, excluding the electric costs

Table 2  Storage key figures of the EFDM as used by the optimization model

Key Value (type) Description

Maximum capacity Continuous ≥ 0 Maximum capacity of the storage

Initial energy 
content, including 
the timestamp

Continuous ≥ 0 Value of energy content stored at specified timestamp

Target energy 
content, including 
the timestamp

Continuous ≥ 0 Value of energy content that storage should reach at a specified times-
tamp

Energy loss Continuous ≥ 0 Lost energy from storage because of exchange with the environment

Suppliers String Flexible loads that are filling the storage. Suppliers and stored value in the 
storages are linked using conversion efficiency

Drain String Loads that storage must serve in the specified time interval
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dependencies between flexible loads. However, using the EFDM as inputs to describe 
the flexibility restricts the use of a material flow for our model. The EFDM can cover 
a dependency between two flexible loads. Dependencies internally in the EFDM have 
different types. This constitutes the necessity of activation/deactivation of one flexible 
load before/after another. There can be a dependency between the activation/deacti-
vation time of Load1 and Load2, as we depict in Fig.  2 in two examples. On the left, 
Load1 imposes the activation of Load2 after activation of Load1. It additionally provides 
lower and upper dependency boundaries. Using lower and upper boundaries and not 
one specific time for the dependencies can extend the flexibility options and result in 
more chances to capture all possible flexibilities. On the right, the deactivation of Load1 
requires the activation of Load2 after and within the allowed boundaries.

Further input

The third input to our optimization model includes additional information required for 
the optimization. The first additional input required is an optimization period. In addi-
tion to the validity time of the flexible loads passed with the EFDM, the optimization 
model requires an optimization period for which the optimization should perform the 
calculation. The second additional input is a selection of the electricity markets that the 
optimization model should consider. If no further input is selected, the optimization 
model considers all electricity markets for which electricity prices are available in the 
Electricity Market Prices input. The third additional input is the physical limitation of 
the grid connection point. The consideration restricts the power exchange to fulfill this 
grid constraint.

Mathematical model

Objective function

The core of the mathematical model is the objective function, which aims to maximize 
the profit by exploiting the market price differences and marketing industrial flexibility by 
either increasing or decreasing loads (i.e., modifying their power state). Equation (1) pro-
vides the objective function. LNeg , LPos , L, and T are sets for load decrease flexibilities, load 
increase flexibilities, all the loads (union of LNeg and LPos ), and optimization horizon. The 
first term in the objective function (in the left) represents the profit obtained by decreasing 
the flexible loads. The second term (in the middle) represents the influence of increasing 

t

Power

Load1

Load2

Lower dependency boundary

Upper dependency boundary

(a) Dependency type start-start

t

Power

Load1

Load2

Lower dependency boundary

Upper dependency boundary

(b) Dependency type end-start

Fig. 2  Dependencies between different loads
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the flexible loads. The third term (in the right) represents the costs associated with using 
the flexibilities ( acl ). In this objective function, pl,t is the variable expressing the magnitude 
of the power deviation, and yl,t is the binary variable which is equal to 1 in case flexible load 
l is activated at time t and is 0 otherwise. The parameters �t and acl express the electricity 
price at time t and the activation cost of flexible load l for flexibility purposes, respectively. 
Therefore, the objective function is as follows:

Power state constraints

The power state constraint forces the optimization to operate under a lower and an upper 
power deviation ( pl,t ) is as follows:

where Il,t is the current status binary variable of the flexible load l. In case the flexible 
load l is active at time t, the binary variable Il,t is 1 and Il,t is 0 otherwise.

Nevertheless, some flexible loads might require to only operate at specific power states. 
In such an event requiring discrete power states, Eqs. (3) and (4) are necessary. The term 
statesl equals the number of permissible power states of load l between pl,min and pl,max . 
Intl,t is the integer variable controlling the power state value in case the power state is dis-
crete, and pl,min and pl,max are minimum and maximum power deviation of flexible load l. 
Figure 3a provides an example of one flexible load l with 5 possible power states. Therefore, 
we have:

(1)max

l ∈ LNeg t ∈ T

pl,t�t

load decrease profit

−

l ∈ LPos t ∈ T

pl,t�t

load increase profit

−

l ∈ L t ∈ T

yl,t acl

load activation cost

.

(2)pl,minIl,t ≤ pl,t ≤ pl,maxIl,t ∀ l ∈ L, t ∈ T

(3)pl,t = pl,minIl,t +
pl,max − pl,min

statesl + 1
Intl,t ∀ l ∈ L, t ∈ T

(4)0 ≤ Intl,t ≤ (statesl + 1) Il,t ∀ l ∈ L, t ∈ T .

Power

Pmin

P1
P2
P3
Pmax

t

(a) Representation of 5 discrete power states
of a flexible load.

Power

Pmin

Pmax

t

(b) Case without discrete power states and re-
striction on modulation number.

Fig. 3  Representation of power states
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Some flexible loads might only be able to operate in one unique power state. For these 
type of flexible loads, we propose two equations as follows:

They impose only one value for the power state during the activation period and model 
loads with 0 modulation numbers—the number of changes of the power state value dur-
ing the holding duration. In this regard, only one increase and one decrease in the power 
are allowed in the flexibility’s start-up and shut-down time, resulting in only one power 
state during the flexibility activation. The binary variable sl,t is equal to 1 if flexible load l 
shuts down at time t, and it will be 0 otherwise.

For those flexibility loads, which can freely operate under any power state, for example, as 
Fig. 3b depicts, only require the constraint given by Eq. (2).

Activation and deactivation constraints

Another set of constraints we subject the optimization function to are the activation and 
deactivation of the flexibilities which additionally cover other aspects. For instance, Eq. 
(7) provides the holding duration constraint for a given load l between the step limits 
ITmin,l to ITmax,l as follows:

Moreover, each flexible load can have a regeneration time ( DTl ) impeding the reactiva-
tion of the flexibility during that time, expressed as the following:

Furthermore, flexibilities might be constrained to a specific time for their activation rep-
resenting its validity for operation as follows:

where the validityl,t is a binary parameter equal to 1 if load l is allowed to be in active 
status and is 0 otherwise. We limit the number of usages a flexible load can have through 
Eq. (10). In it, Usagel,min and Usagel,max control the minimum and maximum number 
of times that flexible load l can be used during the optimization horizon respectively. 
Moreover, we impede the flexible load activation and deactivation at the same time using 
Eq. (11). Thus, these equations are:

(5)pl,t − pl,t−1 ≤ pl,max yl,t ∀ l ∈ L, t ∈ T

(6)pl,t−1 − pl,t ≤ pl,max sl,t ∀ l ∈ L, t ∈ T .

(7)yl,t ≤

ITmax,l∑

h=ITmin,l

sl, t+h ∀ l ∈ L, t ∈ T .

(8)
t+DTl−1
∑

h=t

(1− Il,h) ≥ DTlsl,t ∀ l ∈ L, t ∈ T .

(9)Il,t ≤ validityl,t∀ l ∈ L, t ∈ T

(10)Usagel,min ≤

∑

t ∈ T

yl,t ≤ Usagel,max∀ l ∈ L

(11)yl,t + sl,t ≤ 1∀ l ∈ L, t ∈ T .
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The last constraint we consider for the activation and deactivation of flexible loads is to 
define the relationship between the binary variables and is as follows:

where yl,t , sl,t , and Il,t are binary variables used for starting time, ending time, and the 
status of the flexible load, respectively.

Storage model

We include storages into the optimization model using the following constraints. The 
first constraint is the energy storage balance given by Eq. (13). In this equation, ST is the 
set of the storages. It considers the stored energy in the storage at a given time t. Notably, 
Ee,t , pe,t,ch , and pe,t,dis are variables for stored energy, charging rate, and discharging rate 
of the storage, respectively. Ee,loss indicates the energy loss due to the energy exchange 
with the environment. Therefore, we have:

Equation (14) represents the storage charging balance. In this equation, pe,t,ch represents 
the storage charging using the flexible loads connected to storage e, demonstrated as 
l ∈ γe . The loads connected to each storage charge them considering the conversion effi-
ciency effl . Therefore, we have:

The third storage related constraint defines the drain times given by Eq. (15). In order 
to model the “drain”, which is described in the EFDM, pe,t,dis should be equal to fixed 
parameter pe,t,drain at certain time slots. Moreover, the storage requires at certain times 
to charge up to the “target energy content” described in the EFDM. To do so, Ee,t (energy 
content) should be equal to predefined values ( Ee,t,target ) at that certain time slots, as Eq. 
(16) collects. In Eqs. (15) and (16) the sets Tdrain,e and Ttarget,e are the two constraints the 
optimization aims to satisfy. The former is the time to drain and the latter is the target 
energy content constraint. Therefore, these equations are:

Dependency

The inclusion of dependencies into the optimization model is not a trivial endeavour. 
Therefore we consider a set of five equations to introduce dependencies into the optimi-
zation model. These five equations (17), (18), (19), (20) (21) consider the effect of activat-
ing or deactivating one flexible load based on another flexible load creating based on the 
possible combinations of how they can interact. The following sets of load dependencies 
used in this model are:

(12)yl,t − sl,t = Il,t − Il,t−1∀ l ∈ L, t ∈ T

(13)Ee,t = Ee,t−1 + pe,t,ch − pe,t,dis − Ee,loss ∀ e ∈ ST , t ∈ T .

(14)pe,t,ch =

∑

l∈γe

effl pl,t∀ e ∈ ST , t ∈ T .

(15)pe,t,dis = pe,t,drain∀ e ∈ ST , t ∈ Tdrain,e

(16)Ee,t = Ee,t,target∀ e ∈ ST , t ∈ Ttarget,e .
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•	 Dstart−start−after : Activation of one load after activation of another.
•	 Dstart−start−before : Activation of one load before activation of another.
•	 Dend−start−after : Activation of one load after deactivation of another.
•	 Dend−start−before : Activation of one load before deactivating another.
•	 Dexclusion : Restricts the activation of a load based on the activation of another load.

Pointedly, the first combination is as follows:

 where it considers for the time steps from a to b that the optimization should activate 
the flexible load lj after the activation of li . Differently, the second combination is Eq. 
(18). It is different from the previous equation as lj must be now activated before the 
activation of the load li , formulated as follows:

Another combination is to activate the load (lj) after or before the deactivation of 
another load (li) , represented as follows:

The last combination for a dependency we consider is as follows:

where a flexible load (li) prevents another flexible load’s (lj) activation. Thence, with these 
5 equations creating a set of dependencies between two loads the model can consider 
interdependencies—two or more loads depend on each other and other loads—by creat-
ing a chain of loads which interdepend.

Grid constraint

The last constraint for our model can deal with the physical limitation of the grid con-
nection point from industrial flexibilities. Therefore, we consider the physical grid con-
straint in the model through Eq. (22) to restrict the power exchange with the grid at the 
grid connection point. In the current version of the EFDM (Schott et al. 2019) the grid 
constraint is not included. Nevertheless, we consider this addition meaningful and pro-
pose to consider this adjustment in a future version of the EFDM. Thus, we have:

(17)yli ,t ≤

b∑

h=a

ylj ,t+h ∀ li and lj ∈ Dstart−start−after

(
i �= j

)
, t ∈ T

(18)yli ,t ≤

b∑

h=a

ylj ,t−h ∀ li and lj ∈ Dstart−start−before

(
i �= j

)
, t ∈ T .

(19)sli ,t ≤

b∑

h=a

ylj ,t+h ∀ li and lj ∈ Dend−start−after

(
i �= j

)
, t ∈ T

(20)sli ,t ≤

b∑

h=a

ylj ,t−h ∀ li and lj ∈ Dend−start−before

(
i �= j

)
, t ∈ T .

(21)
b∑

h=a

ylj ,t+h ≤ (1− yli ,t)(b− a+ 1) ∀ li and lj ∈ Dexclusion

(
i �= j

)
, t ∈ T
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Outputs

The optimization model with its objective function (Eq. 1) and the subjected constraints 
(Eqs. 2–22) calculates the optimal solution and provides two main outputs.

EFDM: flexible load measure

One output of the optimization model is describing a specific flexibility measure. In 
other words, it provides the optimal schedule for an industrial flexibility. A flexibility 
measure describes therefore no longer a flexibility potential. A flexibility measure con-
tains a fixed load deviation (fixed power state for the intervals) with fixed periods (hold-
ing duration, modulation duration, activation/deactivation duration). The EFDM (Schott 
et al. 2019) enables in an standard manner to describe the flexibility measure using the 
so-called “flexible load measure” category, with its defined JSON Schema (van Stiphoudt 
et al. 2021).

Calculated profit

The second output of the optimization model is the maximized profit that industries 
could potentially achieve by marketing their flexibility load measures. For the calcula-
tion, the optimization in Eq. (1) considers the electricity prices passed as time series 
from the wholesale spot market (Day-Ahead, Intraday) or forecasted values in a speci-
fied validity time, Eq. (9), as well as the activation costs ( acl ) of a flexibility load measure. 
The calculated profit is the potential total amount given in Euros achievable by executing 
the calculated flexibility schedule. The optimization model calculates the profit per flex-
ibility schedule.

Use cases and results
To demonstrate the capabilities of the proposed model, we investigate and evaluate the 
model under three different use cases. In the first use case, we evaluate the model using 
four simple, flexible loads in a simple context (i.e., without dependencies and storages). 
In the second use case, we evaluate the model using four flexible loads within an interde-
pendent context (i.e., with dependencies and without storages). In the last use case, the 
complexity rises, and we evaluate the model using eight flexible loads in an interdepend-
ent and connected context, including storages (i.e., with dependencies and storages) to 
assess the full potential of the proposed model. However, our primary inputs, the EFDM 
is not a digital twin of a specific process. Still, we built them upon the learnings from 
several workshops and bilateral discussions with industrial partners from the paper and 
aluminum industry. We discussed several industrial processes they currently have, their 
structural features, the technical parameters, and the values they might include when 
describing their flexibility using the EFDM. However, our model contains synthetic data 
generated when describing the flexible loads since our industrial partners were unwilling 
to reveal actual production data and specific processes for publication.

(22)−Pmax
grid,t ≤

∑

l ∈ LPos

pl,t −
∑

l ∈ LNeg

pl,t ≤ Pmax
grid,t∀ t ∈ T .
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Use case I—simple flexible loads

This first use case explores the capabilities of the optimization model when dealing 
with simple, flexible loads. We consider in this use case four different loads with nei-
ther dependencies among them nor a connection to a storage system. Therefore, the 
optimization model implements:

•	 Optimization function: given by Eq. (1).
•	 Main constraints: subject to Eqs. (2)–(12).

We collect in Table 3 an overview of the four flexible loads and their characteristics 
included in their EFDM description. The electricity prices considered, input for the 
optimization (24 h horizon), corresponds to the EPEX Day-ahead auction DE-LU on 
the 08/08/2020 (Bundesnetzagentur 2022).

All considered flexible loads have the same type, ’decrease.’ In other words, the flex-
ibility they offer is to decrease their power consumption. For example, load L1 can 
operate in between two power states ( Pmax and Pmin ). Three out of four loads do not 
face any restrictions concerning their validity (when the optimization cannot activate 
them). However, the optimization model can only activate load L3 between 18:00 and 
24:00. Similarly, almost all loads have no activation costs, except L4, which in this 
case it costs 130 € every time it gets activated. Each load has a different holding dura-
tion. For instance, load L2 can remain activated for a minimum of 1 h and a maximum 
of 2 h. Only L2 needs a period of 3h between activations regarding their regeneration 
time. Finally, the optimization can decide not to activate any of the loads. Contrary, if 
the optimization uses the loads, it is restricted by the usage number. For instance, the 
optimization can use L1 up to three times or L4 one time.

We collect the optimization results in Fig. 4. In it, the flexible load L1 is a ’decrease’ 
type; it should decrease its power consumption when the prices are high. Indeed, 
Fig.  4 corroborates this operation as L1 decreases its power between 01:00–04:00, 
17:00–20:00, and 21:00–24:00, also within the limits of the validity time and the usage 
number to achieve a higher profit (reduction of power when the electricity price is 
high).

Similarly, the optimization activates flexible load L2 twice, in the beginning, 
between 01:00 and 03:00, and almost at the end, between 19:00 and 21:00. Although 
the activation between hours 18 and 24 could result in a higher profit (price is higher 
than hours 1–3), the 3-h regeneration time prevents it.

Table 3  Load’s characteristics considered in use case I

key figure Units L1 L2 L3 L4

Load deviation type – Decrease Decrease Decrease Decrease

Power state MW [0, 1] [2, 2] [3, 4] [0.5,1.5]

Validity restriction Time None None 18–24 None

Activation cost € 0 0 0 130

Holding duration h [1, 3] [1, 2] [1, 1] [2, 2]

Regeneration time h 0 3 0 0

Usage Number – [0, 3] [0, 2] [0, 1] [0, 1]
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The optimization reduces the power of flexible load L3 by 4  MW only once during the 
entire optimization horizon. It makes the maximum profit based on the electricity mar-
ket prices and the validity of this load, restricting its usage between 18:00 and 24:00. This 
restriction prevents the optimization from decreasing the power consumption when the 
electricity prices are the highest (19:00–23:00).

Concerning the last flexible load, the optimization does not activate (reduce the power 
of ) L4 since it has an activation cost, and it will decrease the total profit.

Finally, the model needed 0.180 s to converge in this use case to optimize these four 
flexible loads.

Use case II—flexible loads with dependencies

This second use case explores the capabilities of the optimization model when dealing 
more complex definition of flexible loads, as we consider dependencies between loads. 
In this use case, we consider a new four different loads without including a connection 
into a storage system. For this use case, the optimization model considers and imple-
ments the following:

•	 Optimization function: given by Eq. (1).
•	 Main constraints: subject to Eqs. (2)–(12).
•	 Dependencies constraints : subject to Eq.  (17) for the Dstart−start−after dependency 

and Eq. (19) for the Dend−start−after dependency.

Similar to the previous use case, we offer in Table 4 an overview of the four flexible loads 
and their characteristics included in their EFDM description. Additionally, we describe 
the dependency between loads in Table 5. As in the previous use case, we consider the 
same date, simulation horizon (24 h), and source for the electricity prices, the EPEX 
Day-ahead auction in the area of DE-LU on the 08/08/2020 (Bundesnetzagentur 2022).

In this second use case, there is a mix of load types. Three loads (L2, L3, L4) are 
decrease type, while L1 is increase type. In other words, the flexible load L1 can increase 

Fig. 4  Optimal scheduling for flexible loads in case I
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its power consumption contrary to the other loads. All loads in this use case have con-
tinuous power states, meaning they can only decrease or increase their power consump-
tion by the values collected in Table 4. None of the loads have any activation costs or 
regeneration time. However, all loads face limitations imposed by the holding duration 
and the usage number. The former requires L1 to remain a minimum of one and a maxi-
mum of 3 h in each activation period. The latter limits the optimization to use a maxi-
mum of three times L1.

We collect the results of the optimization in Fig. 5.
The results provided by the optimization follow the imposed restrictions. On the one 

hand, the first dependency ( Dstart−start−after ) in Table 5 forces L1 activation between 1 
and 3 h after the activation of L2. In other case the optimization activates L2 between 
01:00 and 03:00 while L1 between 05:00 and 06:00. However, the L1 and L2 dependency 
prevents L1 from increasing its power consumption during the lowest electricity price 

Table 4  Load’s characteristics considered in use case II

key figure Units L1 L2 L3 L4

Load deviation type – Increase Decrease Decrease Decrease

Power state MW [0.5, 1] [2, 2] [3, 4] [0.5, 1.5]

Validity restrictions Time None None None None

Activation costs € 0 0 0 0

Holding duration h [1, 3] [1, 2] [1, 1] [2, 2]

Regeneration time h 0 0 0 0

Usage Number – [0, 3] [0, 2] [0, 1] [0, 2]

Table 5  Characteristics of dependencies in use case II

Trigger load Dependent load Dependency type

L2 L1 L1 must start 1–3 h after the activation of L2

L3 L4 L4 must start 2 h after deactivation of L3

Fig. 5  Optimal scheduling for flexible loads in use case II
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period (13:00–15:00). The optimization considers the same logic for the second activa-
tion of L2 at 20:00 given the constraint of L2; the optimization can only activate it twice. 
On the other hand, the second dependency forces the optimization to use L4 after 2 h 
of deactivating L3. The optimization activates L3 by decreasing 4 MW the power and 
decreasing, 2 h later, by 1.5 MW the power consumption of L3. However, since L4 can 
have two activations, the optimization between 19:00 and 21:00 decreases by 1.5 MW 
the power of L4. For this use case, the optimization model needed 0.112 s.

Use case III—flexible loads with dependencies and storages

This last use case explores an even more complex case than the previous ones. In this 
use case, the optimization faces eight flexible loads with several dependencies. Addition-
ally, this use case includes two storages systems. We depict this complex relationship in 
Fig. 6.

For this complex use case, the optimization implements:

•	 Optimization function: given by Eq. (1).
•	 Main constraints: subject to Eqs. (2)–(12).
•	 Dependencies constraints: subject to Eq.  (17) for the Dstart−start−after dependency 

and Eq. (19) for the Dend−start−after dependency.
•	 Storage constraints: subject to Eqs. (13)–(16).

As previous use cases, we collect in Table 6 all flexible loads’ characteristics contained in 
the EFDM description. Additionally, we collect in Table 7 the description of the depend-
encies constraints the loads have, whereas in Table 8 we collect the description of the 
two storages present in the use case. Both storages have 10 MWh capacity, modeled with 
0 energy loss and specified drain time and quantity. Storage 1 should be drained between 

L1

Storage 1

L2

Storage 2

L7L3 L4 L5 L6 L8

Flexible load of type load increase / decrease Storages/
Fig. 6  Relationship between flexible loads and storages in use case III

Table 6  Characteristics of the loads’ key figures of use case III based on the description of the EFDM

key figure Units L1 L2 L3 L4 L5 L6 L7 L8

Load deviation 
type

– Increase Increase Decrease Decrease Decrease Decrease Increase Decrease

Power state MW [1,2] [2,2] [1,2] [0.5,1.5] [2.2,2.7] [1.8,3.2] [1.2,2.2] [1.3,1.7]

Validity restrictions Time None None None None None None None None

Activation costs € 0 0 0 0 0 0 0 0

Holding duration h [1,3] [1,2] [1,3] [2,3] [1,2] [1,1] [1,1] [1,2]

Regeneration time h 0 0 0 0 0 0 0 0

Usage Number – [0,5] [0,4] [0,2] [0,3] [0,1] [0,2] [0,2] [0,3]
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hours 19–21 and 36–38 with the power equal to 1 and 1.2 MW, respectively. Likewise, 
Storage 2 should be drained between hours 15 and 17 with 1.5 MW and during hours 
43–45 with the amount of 1.1 MW. Both flexible loads, L1 and L2 connect to each stor-
age system and have conversion efficiency ( effl ) equal to 1. Following the previous two 
use cases, the electricity prices input for the optimization considered corresponding to 
the EPEX Day-ahead auction DE-LU. In this case, the simulation horizon considers 48 h, 
therefore, the prices are for 08/08/2020, and 09/08/2020 (Bundesnetzagentur 2022).

We depict the optimization results in Figs. 7 and 8. The former presents the optimal 
load schedule for all loads. The latter presents the scheduling for the storage systems. 
The loads L1 and L2 must charge the storage systems to provide the energy demand 
required by the industrial process during the drain times. Therefore, it uses L1 and L2 

Table 7  Characteristics of dependencies in use case III

Trigger load Dependent load Dependency type

L1 L3 L3 must start 2 h after the activation of L1

L3 L4 L4 must start 3 h after the deactivation of L3

L5 L6 L6 must start 3 h after the activation of L5

L6 L7 L7 must start 3 h after the activation of L6

L8 L6 L6 must start 3 h after the deactivation of L8

Table 8  Characteristics of storages in use case III

Storage Max capacity 
[MWh]

Energy loss 
[MW/h] Ee,loss

Drain time 
[hour] Tdrain,e

Drain quantity 
[MW] pe,t ,drain

Connected to

Storage 1 10 0 [19,21] 1 L1, L2

[36,38] 1.2

Storage 2 10 0 [15,17] 1.5 L1, L2

[43,45] 1.1

Fig. 7  Optimal scheduling for flexible loads in use case III
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several times during the optimization horizon (48 h) in the low-price hours accordingly 
between hours 12:00–26:00 and 32:00–40:00 (see Fig. 8). From our results (see Fig. 7), 
we can observe that optimization can deal with difficult constraints. For instance, L1, 
L2, and L7 increase their power consumption when prices are low without exciding the 
number of times the optimization can activate them. Nevertheless, these complex con-
straints provoke the activation of some flexible loads when the electricity price is not 
at its highest. For instance, the optimization activates L6 at hour 06:00, not the highest 
price hour, because it depends on L8.

Overall, all these complexities impact the optimization model, which requires a total 
of 3.3 s to converge.

Discussion
We tested the model in three synthetic use cases developed from discussions with alu-
minum and paper industries, where we exposed the optimization model against an 
increasing complexity in the industrial process description. We acknowledge the limita-
tions of our evaluation, especially by not considering an existing industrial process due 
to the unavailability of data and not comparing our results to the benchmark of an exact 
process modeling.

Nevertheless, the model we propose performs as intended. We demonstrate the mod-
el’s capability to offer a solution when facing complex EFDM descriptions. Examples of 
complex EFDM description are continuous power states, regeneration time, energy and 
material storage modeling, activation/deactivation ramping, different modulation num-
bers, holding durations, dependencies between flexible loads, and even connections to 
storage systems. The model’s ability to handle EFDM descriptions has implications.

First, the optimization model does not require information on material flow nor infor-
mation about the baseline power consumption of the industry, which industrial compa-
nies are not usually willing to share due to competitiveness. Thus, industrial companies 
can describe their processes without disclosing sensitive data and minimizing the neces-
sary information. However, certain information still is required for the description using 
the EFDM, but not intrusive. On the one hand, the optimization using the EFDM might 

Fig. 8  Optimal scheduling for storages in use case III
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yield a worse result than the exact modeling of a specific industrial process. However, 
it might depend on the level of detail expressed in the flexibility description using the 
EFDM. On the other hand, the model is generic and serves its purpose for any indus-
trial process described using the EFDM. Consequently, the model is replicable. In other 
words, different companies can use the model for their industrial processes and would 
require only one model instead of many multiple specific models for each industrial 
process.

Second, the optimization model can handle different time steps (e.g., 1 h and 15 min) 
and horizons such as day-ahead and intraday markets, opening a potential marketing 
opportunity for industrial companies. However, the model might face constraints (i.e., 
computation time and resources needed) when calculating the optimal solution with 
many loads, dependencies, and storage systems.

Third, even though this paper concentrated on testing the model for industrial flex-
ibility, the applications of the proposed optimization model can go beyond the indus-
trial sector. For instance, if electric vehicles and residential buildings use the EFDM to 
describe their flexibility, they could use the model.

Conclusions
We presented an optimization model to generate an optimal load schedule based on 
electricity prices and a generic data model for flexibility description, the EFDM. The 
model provides the schedule also using the EFDM description, simplifying the commu-
nication, technical, and economic issues specific use-case-oriented optimization mod-
els face. We evaluated the model under several use cases to demonstrate its capabilities 
when facing simple or complex industrial flexibility descriptions considering electricity 
prices from a day-ahead market. The model handled all the complexities, although the 
computation time and complexity grow as the optimization needs to consider more flex-
ible loads and dependencies between loads and storage systems. Therefore, the model 
might face some limitations against a significant number of variables or when misused 
(i.e., used for whole industrial process scheduling). Future research could tackle some 
inefficiencies (computation time) and other limitations we acknowledge (comparison 
of the results with an exact optimization model). Nevertheless, the proposed optimiza-
tion model could help industries market their flexibility. The model could enable any 
demand-user, such as residential or electric vehicle charging management operators, to 
use the generic optimization model if they describe their flexibility using the EFDM.
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ABSTRACT 
 In the modern energy sector, energy flexibility is 
highly essential. Participation in demand response 
programs is open to different power customers, with the 
greatest potential for some high-consumption industrial 
firms. This paper proposes a novel optimization model to 
maximize the profit obtained by marketing energy 
flexibility in a generic manner which is applicable for 
different industries. Two particular strengths of this 
model are its inclusion of dependencies between loads 
and load aggregation. We investigate the model’s 
performance in two use cases: one with dependent loads 
and another with aggregated loads. Results demonstrate 
that the proposed model can achieve its objectives in 
different use cases, giving exceptional usage for 
industrial flexibility cases.  
Keywords: industrial flexibility optimization, aggregated 
loads flexibility, generic flexibility data format 

NONMENCLATURE 

1. INTRODUCTION
The rising electrification of the industrial sector

impacts the electricity grid [1]. A common issue is grid 
congestion, which is solvable via network and 
infrastructure expansion. We can also mitigate 
congestion and other challenges by using energy 
flexibility on the demand side and active consumer 
engagement in balancing and wholesale markets [2]. 
Industries utilize a substantial quantity of energy in 
general and electricity in particular [3]. As a result, the 
industrial sector offers enormous potential for capturing 
existing energy flexibility and using it to solve such issues. 
Industries who desire to offer their energy flexibility face 
obstacles due to the complexity of energy markets. The 
difficulty results from the variety of options and 
substantial price fluctuation in markets. These hinder the 
evaluation of revenue potentials and the decision to 
invest in energy flexibility. Decision making tools are 
significantly important for tackling this issue [4].  

Indices and Sets 
𝐹 Set for Load 
𝑀𝑓 Set for measures of load f  

𝑇 Set for time 
𝑓 Index for loads 
𝑚 Index for measures 
𝑡 Index for time 

𝐷𝑠𝑡𝑎𝑟𝑡−𝑠𝑡𝑎𝑟𝑡−𝑎𝑓𝑡𝑒𝑟/ 

𝐷𝑠𝑡𝑎𝑟𝑡−𝑠𝑡𝑎𝑟𝑡−𝑏𝑒𝑓𝑜𝑟𝑒  

Set for dependencies that one 
load should start after/before 
the start of another one 

𝐷𝑒𝑥𝑐𝑙𝑢𝑠𝑖𝑜𝑛_𝑎𝑓𝑡𝑒𝑟/ 

𝐷𝑒𝑥𝑐𝑙𝑢𝑠𝑖𝑜𝑛_𝑏𝑒𝑓𝑜𝑟𝑒 

Set for dependencies that one 
load should not start 
after/before the start of 
another one 

Parameters 
𝑒𝑓,𝑚,𝑖 Power for measure m of load f 

at step i 

|𝑒𝑓,𝑚| Time length of measure m of 
load f 

𝐷𝑇𝑓  Regeneration time of load f 

𝑝𝑡 Electricity price at time t 
𝑐𝑓 Load activation constant cost 

𝑣𝑎𝑙𝑖𝑑𝑖𝑡𝑦𝑓,𝑡 Times that load f can start 

𝑈𝑠𝑎𝑔𝑒𝑓,𝑚𝑖𝑛 Minimum permissible number 
of usages for load f 

𝑈𝑠𝑎𝑔𝑒𝑓,𝑚𝑎𝑥 Maximum permissible number 
of usages for load f 

Variables 
𝑥𝑓,𝑡 Load activation binary variable 

equal two 1 if load f is activated 
at t and 0 otherwise 

𝑦𝑓,𝑚,𝑡 Measure activation binary 
variable equal two 1 if measure 
m of load f is activated at t and 
0 otherwise 

Abbreviations 
EFDM Energy Flexibility Data Model 

inf Infinity 

Vol 29, 2022 



  2 

This study proposes a novel optimization model that 
determines when and in what quantity industry can offer 
flexibility in electricity markets and maximize profit. The 
decision-making process for energy flexibility marketing 
can employ the optimization model. For the description 
of energy flexibilities and associated parameters, the 
optimization model employs a generic data model [5].  

Compared to other optimization models in this 
domain, our model is novel in its allowance for 
dependencies between flexible loads. In many industries, 
there is a link between different machines which creates 
dependency between the operation of machines. Prior 
research, for example [6] and [7], often do not consider 
machine dependencies. Others, such as [8] and [9], use 
the material flow of an industrial process (e.g. in 
chemical plants) to create dependencies. However, this 
approach limits the model’s generalizability. The 
proposed model in this paper directly takes machine 
dependencies into account and creates a generic model. 

A second contribution of this model is the use of 
complex aggregated loads for flexibility. There are many 
opportunities for aggregators with industrial loads to 
combine different loads into complex aggregated loads 
and optimize flexibility [10]. The novel mathematical 
formulation here can optimize flexibility for both 
aggregated and non-aggregated loads. 

 
2. OPTIMISATION MODEL 

2.1 Inputs and Outputs 

The optimization model requires two inputs. The first 
input is the electricity market price. The second input is 
information about the industrial company's prospective 
energy flexibility. We used the energy flexibility data 
model (EFDM) [5] to describe the energy flexibility. The 
EFDM defines three classes to describe energy flexibility 
potential: flexible loads, storages, and dependencies.  

Following this data model’s specification allows for a 
more generic modeling of energy flexibility. As indicated 
in Fig. 1, we consider flexible loads and dependencies as 
possible inputs of the EFDM in this paper. 

The output of the optimization model consists also of 
two parts. The first output indicates the calculated 
schedule and the flexible load measures with their 
parameters, such as power deviation amount or 
activation time. The second output is the potential profit 
from offering and selling the energy flexibility based on 
the results of the optimization model and the calculated 
schedule. 

Industrial companies can describe their flexibilities 
based on the EFDM [5]. The EFDM uses key figures 
(represented in Table 1) to describe key characteristics of 
loads. Moreover, it can describe the relationships 

between different loads using the dependency concept, 
which demonstrates the necessity of activation (or 
deactivation) of one load after (before) another load.  

To use the inputs from the EFDM for the 
optimization model, we transform the inputs such that 
they can be used in the model.  Key figures such as 
validity, usage number, and holding duration can be 
imported directly from the EFDM for the optimization. 
One of the important concepts in the optimization model 
is the measure. The measure describes specific 
characteristics that one load can have based on the key 
figures of the EFDM for that specific load. The next 

 

Fig. 1 - Inputs and outputs of the optimization model 
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Table 1 - Key figures of the EFDM used for optimization 

Key figures  Description 

Power state Load deviations from normal 
operation point  

Holding 
duration 

The length of the operation for 
load per usage 

Usage number The total permissible number of 
usages for each load during 
optimization period 

Validity The interval that using flexible 
load is allowed for energy 
flexibility purposes 

Activation 
gradient 

The rate power changes during 
activation 

Deactivation 
gradient 

The rate power changes during 
deactivation 

Regeneration 
duration 

The time length that a load should 
not be activated after its 
deactivation 

Costs The cost of using flexible load, 
excluding the costs of electricity 
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example clarifies how to transform information in the 
EFDM for one load in a format that the optimization 
model can use. 

Based on the information in Table 2, there are two 
options for L1 to participate in the market. L1 can be 
activated, and then remains active for 2 hours (measure 
1) or 3 hours (measure 2), and then be deactivated as 
presented in Table 3. 

2.2 Mathematical Model 

The objective function of this paper is to maximize 
the profit gained by offering energy flexibility to the 
market:  

𝑚𝑎𝑥∑ ∑ ∑𝑦𝑓,𝑚,𝑡
𝑡∈𝑇𝑚∈𝑀𝑓𝑓∈𝐹

(

 −𝑐𝑓 + ∑ 𝑒𝑓,𝑚,𝑖 ∗ 𝑝𝑡+𝑖−1

|𝑒𝑓,𝑚|

𝑖=1
)

 . 

 

 

(1) 

In the objective function, the binary variable 𝑦𝑓,𝑚,𝑡 

indicates if the optimization activates measure m of load 
f at time t. If so, we multiply this binary variable by the 
net profit gained by market participation. Equation (2) 
restricts the number of activations of each load. Equation 
(3) relates the activation time of each measure and each 
load. Each load can have several measures. Regarding 
equation (3), the optimization allows the activation of at 
most one measure of each load at each time. To restrict 
the periods that we can use each load for energy 
flexibility, we have proposed equation (4). Therefore, 
these equations are 
𝑈𝑠𝑎𝑔𝑒𝑓,𝑚𝑖𝑛 ≤ ∑ 𝑥𝑓,𝑡𝑡∈𝑇 ≤  𝑈𝑠𝑎𝑔𝑒𝑓,𝑚𝑎𝑥   ∀  𝑓 ∈ 𝐹 ,                                                 (2) 

𝑥𝑓,𝑡 = ∑ 𝑦𝑓,𝑚,𝑡𝑚∈𝑀𝑓
          ∀  𝑓 ∈ 𝐹 , ∀  𝑡 ∈ 𝑇  , 

and                                                     

(3) 

𝑥𝑓,𝑡  ≤ 𝑣𝑎𝑙𝑖𝑑𝑖𝑡𝑦𝑓,𝑡              ∀  𝑓 ∈ 𝐹 , 𝑡 ∈ 𝑇.                                      (4) 

After activation of each measure, the optimization 
forces the deactivation of the flexible load before the 
end of optimization period (T) considering regeneration 

time (𝐷𝑇𝑓) and the length of that measure (|𝑒𝑓,𝑚|): 

𝑦𝑓,𝑚,𝑡  ×  (𝑡 + |𝑒𝑓,𝑚| + 𝐷𝑇𝑓 − 1  ) ≤ 𝑇         ∀  𝑓

∈ 𝐹 , ∀  𝑚 ∈ 𝑀𝑓 , ∀  𝑡 ∈ 𝑇 .  

(5) 

After its deactivation and during the regeneration 
time, the optimization does not allow the activation of 
flexible load. Therefore, after the activation of one 
measure ( 𝑦𝑓,𝑚,𝑡 ) of flexible load f, the optimization 

cannot activate that flexible load again until |𝑒𝑓,𝑚| time 

steps and regeneration time 𝐷𝑇𝑓  have passed. As 

presented in equation (6), if measure m of load f 
activates at t, load f cannot start until this measure is 
deactivated after |𝑒𝑓,𝑚|  time steps and regeneration 

time (𝐷𝑇𝑓) of load f has passed: 

∑ 𝑥𝑓,𝑡+ℎ−1
|𝑒𝑓,𝑚|+𝐷𝑇𝑓
ℎ=2

≤ (1 − 𝑦𝑓,𝑚,𝑡) × (|𝑒𝑓,𝑚| +

𝐷𝑇𝑓 − 1)      ∀  𝑓 ∈ 𝐹 , ∀  𝑚 ∈ 𝑀𝑓 , ∀  𝑡 ∈ 𝑇.        

(6) 

We consider dependencies between different loads 
using 4 equations. First, the activation of one load may 
force the activation of another load; we formulate this 
dependency in equations (7) and (8). Equation (7) 
describes that load j should start a to b time steps after 
the activation of load i. If load 𝑓𝑖 is activated at t, 𝑥𝑓𝑖,𝑡 

will be equal to 1. Therefore, 𝑥𝑓𝑗,𝑡 must be equal to 1 

from a to b time steps after t. The same approach can 
describe equation (8), where the activation of load i 
necessitates the activation of load j in the previous time 
steps. These equations are  
𝑥𝑓𝑖,𝑡  ≤ ∑ 𝑥𝑓𝑗,𝑡+ℎ

𝑏
ℎ=𝑎        ∀ 𝑓𝑖  𝑎𝑛𝑑 𝑓𝑗 ∈

𝐷𝑠𝑡𝑎𝑟𝑡−𝑠𝑡𝑎𝑟𝑡−𝑎𝑓𝑡𝑒𝑟    (𝑖 ≠ 𝑗), 𝑡 ∈ 𝑇 

and  

(7) 

𝑥𝑓𝑖,𝑡  ≤  ∑ 𝑥𝑓𝑗,𝑡−ℎ
𝑏
ℎ=𝑎       ∀ 𝑓𝑖  𝑎𝑛𝑑 𝑓𝑗 ∈

𝐷𝑠𝑡𝑎𝑟𝑡−𝑠𝑡𝑎𝑟𝑡−𝑏𝑒𝑓𝑜𝑟𝑒    (𝑖 ≠ 𝑗), 𝑡 ∈ 𝑇 . 

(8) 

Second, we formulate the exclusion of one load due 
to the activation of another load in equations (9) and 
(10). These equations formulate the exclusion of load i 
from a to b steps after or before the activation of load j , 
respectively. Here, if load 𝑓𝑖 is activated at t, 𝑥𝑓𝑖,𝑡 will 

be equal to 1, and all 𝑥𝑓𝑗,𝑡 must be zero from a to b time 

steps after t. Likewise, equation (10) excludes one load 
before the activation of another. Thus, these equations 
are  
∑ 𝑥𝑓𝑗,𝑡+ℎ
𝑏
ℎ=𝑎  ≤ (1 − 𝑥𝑓𝑖,𝑡) × (𝑏 − 𝑎 +

1)   ∀ 𝑓𝑖 𝑎𝑛𝑑 𝑓𝑗 ∈ 𝐷𝑒𝑥𝑐𝑙𝑢𝑠𝑖𝑜𝑛_𝑎𝑓𝑡𝑒𝑟   (𝑖 ≠ 𝑗), 𝑡 ∈ 𝑇 

and 

(9) 

 ∑ 𝑥𝑓𝑗,𝑡−ℎ
𝑏
ℎ=𝑎  ≤ (1 −  𝑥𝑓𝑖,𝑡) × (𝑏 − 𝑎 +

1) ∀ 𝑓𝑖  𝑎𝑛𝑑 𝑓𝑗 ∈ 𝐷𝑒𝑥𝑐𝑙𝑢𝑠𝑖𝑜𝑛_𝑏𝑒𝑓𝑜𝑟𝑒   (𝑖 ≠ 𝑗), 𝑡 ∈ 𝑇 . 

 
 
 

(10) 

Table 2 - Example for one load 

Load Power 
state 

Holding 
duration 

Activation 
gradient 

Deactivation 
gradient  

L1 1 MW [2,3] 
hours 

inf inf 

 

Table 3 - Possible measures of flexible load L1 
prepared for optimization model 

Measures of 
L1 

|𝑒𝑓,𝑚| 𝑒𝑓,𝑚,𝑖 

Measure1 2 𝑒1,1,1 = 1, 𝑒1,1,2 = 1 

Measure2 3 𝑒1,2,1 = 1 , 𝑒1,2,2 = 1 , 

𝑒1,2,3 = 1 
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3. CASE STUDY AND RESULTS 

We demonstrate the capabilities of the proposed 
model in two cases. In the first case, we consider several 
flexible loads and dependencies. In the second case, we 
use aggregated loads and assess the model’s ability to 
optimally schedule them. For all cases, we use synthetic 
data of flexible loads as input. For electricity prices, we 
use EPEX Day-ahead auction results from the market 
region Germany-Luxembourg.  

The first case uses data from 1 day (07/10/2020) and 
the second case uses data from 1 week (05/10/2020 – 
11/10/2020) [11]. We used Gurobi solver [11] with a Intel 
i7-9750H processor and 32 GB RAM for the simulations 
using the Python programming language. The simulation 
time was less than one second for all cases. 

3.1 Case I 

In Case I, we consider four different flexible loads 
with different characteristics such as holding duration, 
power state, activation/deactivation gradient, number of 
usages, validity period, and activation cost (Table 4). The 
load deviation type indicates if the flexible load will 
decrease (load decrease type) or increase (load increase 
type) during the energy flexibility provision. Moreover, 
the loads have dependencies between each other as 
presented in Table 5.  

   Fig. 2 illustrates the results of Case I. The first flexible 
load L1 decreases its power consumption between 
17:00-22:00. Although this period is not the highest price 
period, it gets activated because the model considers the 
validity restriction of L1 which prevents its activation 
between 8:00-13:00 during the highest price period. 
Moreover, the optimization selects the 3-hours period as 
holding duration for L1 to obtain the highest possible 
profit. The second flexible load of the decrease type 
reduces its power consumption three times, as per its 

maximum usage number. The optimization does not use 
L2 during the period between 10:00-12:00. Rather, the 
optimization selects 11:00-13:00 for activating L2 to 
satisfy a 1-hour regeneration period of L2. Due to the 
dependency between L1 and L3, the optimization 
activates L3 three hours after the activation of L1 to 
satisfy the dependency between them.  

L3 uses another activation during the peak price hours to 
gain more profit. Furthermore, the optimization 
activates L4 of load type increase twice although 

 

Fig. 2 - Results of Case I 

 

 

Table 4 - Characteristics of flexible loads considered in 
Cases I 

Key Figure Units L1 L2 L3 L4 

Load deviation 
type 

- 

d
ecrease

 

d
ecrease

 

d
ecrease

 

in
crease

 

Power state MW [3,3] [2,2] [1.7, 

1.7] 

[1,1] 

Activation 
gradient 

MW/
h 

3 inf inf inf 

Deactivation- 
gradient 

MW/
h 

3 inf inf inf 

Validity 
restriction 

time 1-12 - - - 

Activation cost Euro 0 0 0 0 

Holding 
duration 

h [1,3] [1,2] [2,3] [1,3] 

Regeneration 
time 

h 0 1 2 0 

Usage Number - [0,1] [0,3] [0,2] [0,2] 

 

Table 5 - Dependencies between loads in Case I 

Trigger 
load 

Dependent 
load 

Dependency type 

L1 L3 L3 must start 3 hours after 
the activation of L1 

L3 L4 L4 must start 1 to 2 hours 
after the activation of L3 
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increasing power reduces the profit while the electricity 
price is positive. The existing dependency between L3 
and L4 necessitates the activation of L4 1-2 hours after 
L3. Thus, the optimization requires the consideration of 
high-price periods for L3 and low-price periods of L4. 
Thus, L4 is active 2 hours after L3 to match low-price 
periods. 

 

3.2 Case II 

 In this case, we evaluate the functionality of our 
model for aggregated loads. We assume here that L1 and 
L2 result from the aggregation of other flexible loads, and 
both are the load decrease type. The proposed model 
can use these aggregated loads for energy flexibility 
optimization purposes. L1 and L2 are aggregated 
flexibilities used as inputs to the model, as depicted in 
Fig. 3. The minimum usage number of both flexible loads 
is 0. The maximum usage number of the flexible loads L1 
and L2 are 6 and 10, respectively.  

 Fig. 4 illustrates the results of Case II. The activation 
of both aggregated loads L1 and L2 are  coinciding with 
the high price hours, in order to maximize the profit 
gained. In each activation of L1, aggregated load L1 
decreases by 1 MW. After one hour, it decreases by 2.5 
MW and remains unchanged for 1 hour. Then it 
decreases by 2 MW for an hour and deactivates 
afterwards. The same logic explains the power changes 
for L2 in each activation. The optimization activates L1 
and L2 respectively 10 and 6 times, which are the highest 
possible usage numbers for these aggregated loads.  

4. DISCUSSIONS 

We tested our model for two different cases to 
demonstrate the capabilities of the model in calculating 
a schedule for energy flexibilities. The proposed model 
had the intended performance. The evaluations 
indicated the ability of the model to capture the 
potential flexibilities for simple and complex EFDMs. The 
proposed model can consider different power states for 
loads, regeneration time, activation/deactivation 
gradients, various holding durations, and between-load 

dependencies for both aggregated and non-aggregated 
electrical loads, which is neglected in other models. 
Using aggregated loads can reduce the computational 
burden significantly, since the number of binary variables 
in the problem decreases when using aggregated loads.  

The concept of measure used here adds potential to 
this model. Since only one measure of each load is 
allowed for activation at each time, we can define 
various measures for aggregated loads, and the 
optimization will choose the most profitable one based 
on electricity prices. For instance, L1 in Fig. 5 has three 
different measures (red, blue, and grey lines) and L1 can 
follow only one of the measures in each activation 
period. 

 

The proposed model also does not require the 
information about baseline power consumption or 
material flow in industrial processes for the optimization. 
This is particularly valuable since some industries avoid 
sharing this information. 

 

Fig. 4 - Results of Case II 

 

 

 

  

 

 

 

 

 

Fig. 3 - Aggregated flexibilities used as input for Case II 

 

 

 

 

 

 

 
Fig. 5 - Different measures of aggregated load L1 
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Although we proposed the model for the industrial 
sector in this paper, it is applicable for other energy 
sector users such as electric vehicles and residential 
buildings, due to the generic format of the required data 
as input.  

This model and the evaluated cases have some 
limitations. We acknowledge especially that due to the 
unavailability of real data, our cases relied on synthetic 
data instead. Moreover, the calculation time of the 
problem increases as the optimization periods and 
number of loads increase.  

5. CONCLUSIONS 

In this study, we proposed an optimization model 
based on a generic data format to calculate the optimal 
energy flexibility scheduling for industrial loads. We 
evaluated the model in different simple and complex use 
cases including aggregated and non-aggregated loads, 
and results indicated the model’s capability to handle 
different cases and maximize profit from energy 
flexibility provision. In future research, we will consider 
adding energy storage systems to the model for flexibility 
purposes. We will also consider using heuristic methods 
to reduce the calculation time. 
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Abstract—Simultaneous charging of electric vehicles (EVs)
increases the peak demand and might lead to higher electricity
prices. This could increase EV charging costs and make EVs
unattractive. Smart charging utilizes the flexibility provided by
EVs and adapts charging behavior in response to the electricity
market price signals. However, some studies indicate users’
reluctance to participate in smart charging programs, as they
perceive the risk of their vehicle not being charged sufficiently at
required times. As a countermeasure, several researchers use the
concept of minimum state of charge (SOCmin). It is the percentage
of the battery up to which the EV is charged uncontrollably at
full power right after it is connected to the charger. Depending on
the users’ SOCmin requirement, there might be an impact on EV
flexibility and subsequently on EV charging costs. We developed a
novel flexibility algorithm which quantifies EV flexibility in terms
of both energy and power as a function of time. To calculate
the EV charging costs, we developed a two-stage scenario-based
stochastic optimization model. Optimization utilizes flexibility
input and minimizes charging costs while participating in both
day-ahead and intraday markets. We found that in most cases
where EVs provide some flexibility, there was no significant
increase in charging costs. However, we observed a 50% increase
in costs when EVs do not provide flexibility. Therefore, EVs
possess high flexibility potential. This flexibility can be provided
almost without any loss of user comfort for high monetary gains.

Index Terms—Electric vehicles, Flexibility, Electricity markets

I. INTRODUCTION

During the last couple of years due to its environmentally
positive effects, we have seen a rapid increase in electric
vehicle (EV) penetration. This trend is expected to continue
in the coming years [1]. However, the introduction of EVs
brings new challenges to the existing power system. When
EVs charge simultaneously, it could lead to an increase in peak
power demand. This could subsequently lead to significant
increase in wholesale market prices [2]. Furthermore, existing
power grid capacities should be increased to prevent the grid
from overloading and voltage issues [3]. All these factors
would increase the costs of electricity procurement, which is
reflected in the user’s bill, making EVs unattractive.

This caveat could be addressed by using demand response
(DR) programs [4]. DR refers to the alteration of user demand
in response to signals coming from the power system. In that
notion, the charging behavior of EVs can be used as flexibility
service where charging adapts to the power system conditions

and to the user mobility requirements. This is commonly
termed as smart charging. The electricity prices are usually
lower during the off-peak periods. Therefore, charging EVs
at lower prices would simultaneously reduce the procurement
costs of energy suppliers and reduce the peak demand.

Several studies have developed optimization models for
smart charging of EVs with the objective to maximize the
revenue of EV aggregator while participating in electricity
markets [5], [6]. To consider uncertainties of electricity market
prices and vehicle availability, [7]–[9] proposed two-stage
stochastic optimization models with objective to maximize the
revenue of EV aggregators. These studies optimally scheduled
EV charging while considering price uncertainty in electricity
markets and different travel patterns for EVs. However, all the
above studies assumed that users would participate in smart
charging programs and thus provide full flexibility throughout
the charging session.

There are some studies that indicate users’ reluctance to
participate in smart charging programs [10], [11]. This is
because users perceive certain risks in smart charging pro-
grams, including fear of losing control and not being charged
sufficiently at the required times. As a countermeasure, several
researchers and practitioners use the concept of SOCmin [12]–
[14]. SOCmin is the percentage of the battery up to which the
EV will be charged in an uncontrolled manner at full power
right after it is connected to the charger. SOCmin plays a large
role in the acceptance of smart charging and counteracting
range anxiety [15]. [15] evaluated the charging costs incurred
for smart charging with this additional user requirement,
i.e. SOCmin, while participating in the German day-ahead
electricity market. We extend their work by considering several
cases with different possible SOCmin values and we evaluate
EV flexibility for each of the cases. Additionally, we evaluate
monetary value of EV flexibility when participating in both
day-ahead and intraday markets. In our paper, we strive to
answer the following research questions:

• RQ1: How does the SOCmin requirement impact the EVs
flexibility potential?

• RQ2: What is the monetary value of EV flexibility
depending on SOCmin when participating in wholesale
electricity spot markets?

To answer RQ 1, we propose a novel flexibility algorithm



to quantify flexibility. We quantify EV flexibility in terms of
both energy and power as a function of time. This will tell
us the amount of power that can be varied in each timestep
whilst maintaining the required energy level to satisfy user
requirements. To evaluate the flexibility algorithm, we use
synthetic mobility dataset based on German mobility behavior.
We then use this flexibility as an input to our optimization
model to simulate EV charging.

To answer RQ 2, we developed a two-stage scenario-based
stochastic optimization model with the objective to minimize
the charging costs while participating in both day-ahead and
intraday markets. To consider the uncertainty in the intraday
market, we modelled different prices scenarios. We used
German day-ahead and intraday electricity market data to
evaluate our optimization model.

II. MATHEMATICAL FRAMEWORK

In this section, we present the mathematical formulation
used for flexibility algorithm and optimization model used to
optimize the EV charging behavior.

A. Flexibility algorithm

The flexibility provided by an EV varies for each charg-
ing session based on the user charging requirements. These
requirements include Earrival, the energy level of the EV
battery at the time of arrival (tarrival). Edeparture, the energy
that should be transferred to EV by the time of departure
(tdeparture). Eminimum, the energy that should be transferred
to satisfy the SOCmin requirement. The maximum charging
power of EV is PEV,max. As we only consider unidirectional
charging, we can only use Edeparture for flexibility provision.

We only consider the part of EV battery capacity which
offers flexibility, Edeparture, and model the flexibility metrics
- energy and power metrics accordingly. The energy metrics
are minimum energy level (Emin

t ) and maximum energy level
(Emax

t ). The minimum energy level represents the minimum
cumulative energy that must be transferred to the EV at time
t to satisfy the user’s energy requirements. As we assume
a linear charging of the EV, we calculate Emin

t by using
Equation (1), where charging power at time t is Pt. The
charging process to determine Emin

t is divided into three
phases within its plugin duration (Equation (2)). The first
phase is between tarrival and time taken for the minimum
energy transfer, which is tmin. The second phase is between
tmin and tcritical, where tcritical is the time after which the Pt

should be maximum to satisfy the user’s energy requirement.
The third phase is the time between tcritical and tdeparture.
Hence, the Pt in the first phase, second phase, and third phase
are PEV,max, 0, and PEV,max respectively.

Emin
t = Emin

t−1 + Pt ×∆t (1)

Pt =





PEV,max tarrival < t ≤ tmin

0 tmin < t ≤ tcritical

PEV,max tcritical < t ≤ tdeparture
(2)

The maximum energy level (Emax
t ) represents the maximum

cumulative energy that can be transferred to the EV at time
t. As we assume a linear charging of EV, the maximum
energy level at time t , Emax

t is calculated by Equation (3).
The charging process to determine Emin

t is divided into two
phases (Equation (4)). The first phase is between tarrival and
tinstant. tinstant is the time it takes to transfer Edeparture

when charged at full power. The second phase is between
tinstant and tdeparture where there is no energy transfer.
Hence, the charging power in first phase and second phase
is PEV,max and 0 respectively.

Emax
t = Emax

t−1 + Pt ×∆t (3)

Pt =

{
PEV,max tarrival < t ≤ tinst

0 tinst < t ≤ tdeparture
(4)

Fig. 1. Representing EV flexibility in energy vs. time graph.

The minimum and maximum energy levels can be repre-
sented in the energy vs. time graph as illustrated in Figure 1
above. From the Figure 1 it is quite evident that EV does not
provide any flexibility until tmin. The power flexibility metrics
are minimum power (Pmin

t ) and maximum power (Pmax
t ) at

time t. The (Pmin
t ) when there is no flexibility, that is until

tmin, is equal to PEV,max. When EV offers flexibility, from
tmin to tdeparture, (Pmin

t ) is equal to 0. The maximum power
(Pmax

t ) during the whole plugin duration is equal to PEV,max.
The flexibility provided by an EV during its plugin duration

is quantified by using energy (Emin
t , Emax

t ) and power param-
eters (Pmin

t , Pmax
t ). These parameters will convey the amount

of power with which EV can be charged while maintaining
upper and lower limits of cumulative energy transfer.

In our study, we calculate the individual flexibilities of each
EV separately and then aggregate them (i.e, summation of
the flexibility metrics of individual EV) to obtain the aggre-
gated flexibility of all EVs. We represent the corresponding
aggregated energy and power flexibility metrics as Emin,agg

t ,
Emax,agg

t and Pmin,agg
t , Pmax,agg

t . Thus, it represents a
virtual battery with minimum and maximum power and energy
levels.

B. Optimization model
This section presents the mathematical model to minimze

the energy provider’s costs incurred for EV charging. We



developed a two-stage scenario-based stochastic optimization
model considering the price uncertainty of the intraday market.
To consider intraday price uncertainty, we generate scenarios
for intraday electricity prices first and employ them as opti-
mization input afterwards.

We consider the uncertainty of intraday prices by utilizing
probability density function (PDF) to create scenarios based
on historical data and to model probabilistic nature of intraday
market behavior. We employ normal PDF to generate scenarios
for intraday prices as illustrated in Equation (5) below [16].

PDF (x) = 1/(δ
√
2π) exp(−(x− µ)2/(2δ2 )). (5)

using normal PDF, we generate different scenarios for intraday
price. The value for each scenario and its corresponding prob-
ability are calculated using Equations (6) and (7) respectively:

χx, nx
=

1

ρx, nx

×
(∫ xend, nx

xstart, nx

x.PDF (x) dx

)
,

nx = 1, 2, . . . , Nx

(6)

ρx, nx
=

∫ xend, nx

xstart, nx

PDF (x) dx , nx = 1, 2, . . . , Nx.

(7)
where χx, nx , ρx, nx , and nx are value, probability, and
number of intervals for the scenario x,respectively. In this
paper, we consider 7 intervals illustrating 7 scenarios for
intraday prices of each time period.

The objective function in this paper is to minimize the
costs of energy provider using our two-stage scenario-based
stochastic optimization method. One prominent feature of two-
stage stochastic optimization is the division of decisions in two
stages. The energy provider takes some decisions in the first
stage, and compensates any unfulfilled resource allocation in
the second stage of the optimization. The objective function
used in our paper is illustrated in Equation (8):
∑

t∈T

(PDA
t × cDA

t )∆t+
∑

w∈W

∑

t∈T

ρw × (PRT
t,w × cRT

t,w )∆t.

(8)
The objective function is divided into two parts. The first part
is the total cost of energy provider in day-ahead market in the
optimization period T , and the second part is expected cost of
the energy provider in intraday market under various scenarios,
W . The energy provider purchases the required power from
the day-ahead market in the first stage, and compensates the
rest of the required power based on the occurring scenario
in the second stage. We use the generated scenarios from
the previous section as input for the stochastic optimization.
PDA
t and cDA

t are power purchased from the day-ahead and
day-ahead price, respectively at time t. ρw is the probability
of occurrence of each scenario w. Moreover, PRT

t,w and cRT
t,w

are variable and parameter illustrating the purchased power
from intraday market and intraday market prices at time t for
scenario w.

In the scenario-based stochastic optimization used in this
paper, PDA

t is the same for all the scenarios. Therefore, the

power balance between day-ahead and intraday is attained by
using the Equation (9) below:

PDA
t + PRT

t,w = P agg
t,w ∀ t ∈ T,w ∈ W. (9)

P agg
t,w is the variable for aggregated charging power of EVs,

which is restricted by the connected vehicles to the grid,
illustrated in the Equation (10):

Pmin,agg
t ≤ P

agg

t,w ≤ Pmax,agg
t ∀ t ∈ T ,w ∈ W. (10)

Pmin,agg
t and Pmax,agg

t are inputs from the flexibility algo-
rithm from previous section and are restricting the allowed
charging power for EVs.

In this paper, we assume that all the EVs connected to the
grid create a large virtual battery. This virtual battery can
describe the characteristics of the connected vehicles while
giving a proper understanding for mathematical modeling of
EVs. By aggregating the effect of all connected EVs in Eagg

t,w

variable, Equation (11) can depict the virtual battery energy
balance:

Eagg
t,w = Eagg

t−1,w + P agg
t,w ×∆t− Ecars,disconnected

t

∀ t ∈ T,w ∈ W.
(11)

In this regard, Eagg
t,w is the variable illustrating the energy

capacity of virtual battery which is affected by Eagg
t−1,w, P agg

t,w ,
and Ecars,disconnected

t which are energy capacity of virtual
battery in prior time step, aggregated charging power of EVs
at current time step t for scenario w, and the energy capacity
related to EVs which left their chargers at current time step
t, respectively. Ecars,disconnected

t resulted from the flexibility
calculations and is the same for all scenarios. Moreover, Eagg

t,w

is restricted by the aggregated energy metrics of connected
EVs as illustrated in the following Equation (12):

Emin,agg
t ≤ Eagg

t,w ≤ Emax,agg
t ∀ t ∈ T ,w ∈ W (12)

where Emin,agg
t and Emax,agg

t are minimum and maximum
energy levels of connected EVs, respectively.

III. TESTING AND VALIDATION

A. Datasets

We use existing synthetic mobility data to derive the re-
quired inputs for calculating the EV flexibilities [17]. We
consider mobility data of 1000 EVs with battery capacity
of 75 kWh and max charging power of 7.4 kW. For the
SOCmin values, we generate different cases where all the EV
users chose a specific SOCmin value in each case. The cases
are illustrated in Table I below. We analyze only the home
charging case, with following assumptions 1. all vehicles will
predominantly charge at home, and 2. all vehicles are always
plugged in while parked at home. 3. all vehicles are charged
until 100% SOC is reached or max SOC that can be reached
within parking duration.

Please note that our model results hold, even if users decide
to charge their battery only up to, e.g., 80% of their capacity
to avoid battery degradation. In that case, 100% SOC would
just correspond to 80% of the battery capacity. However, for



reasons of simplicity, we will not make this distinction in the
following.

TABLE I
EV CASES BASED ON SOCMIN REQUIREMENT

Case Description
0% SOCmin All vehicles offer full flexibility
x% SOCmin All vehicles have SOC minimum requirement of x%

100% SOCmin All vehicles offer zero flexibility (uncontrolled charging)

We used German wholesale electricity market price data
to calculate procurement costs. For day-ahead prices, we use
historical data for January 2020 [18]. We generate scenarios
individually for one day and compile intraday price scenarios
for the whole month. In Figure 2, we illustrate the average
electricity prices of German day-ahead and intraday market of
a typical representative day of January.
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Fig. 2. Average day-ahead and intraday scnearios electricity prices.

B. Results

We calculate EV flexibilities for all the SOCmin cases for
one month using the flexibility algorithm described in Section
II-A. EV flexibilities are timeseries of energy (Emin,agg

t and
Emax,agg

t ) and power (Pmin,agg
t and Pmax,agg

t ) flexibility
metrics. Used timeseries data are for the range of one month
and resolution of 15 minutes.

We model the EV as virtual battery, albeit only with
the possibility of charging. Therefore, the energy metrics -
Emin,agg

t and Emax,agg
t , can be interpreted as minimum and

maximum energy level of the virtual battery at time t. The
power metrics - Pmin,agg

t and Pmax,agg
t , can be interpreted

as minimum and maximum charging capacity of the virtual
battery.

Figure 3 illustrates the average power metrics for a typ-
ical day in month of January. As depicted in Figure 3, the
maximum power curve for all the cases is the same. This
is because maximum power is simply the sum of maximum
charging power of all EVs connected to the charger. The value
of Pmax,agg

t is maximum between midnight and 06:00, which
is basically when the most EVs are connected to the charger.
The Pmin,agg

t is zero when all EVs offer full flexibility at
time t. Therefore, in the 0% SOCmin case the minimum power
curve is always zero. In other SOCmin cases, EVs do not

offer full flexibility until their SOCmin requirement is satisfied.
Therefore, there are very few instances where Pmin,agg

t value
is little over zero. This is because for most EVs, the SOCarrival
is already greater than or equal to the SOCmin values. For
EVs, whose SOCarrival value is already less than their SOCmin
values; the power required to satisfy their SOCmin requirement
is not significant. Therefore, the variation in minimum power
curves for all SOCmin cases is not very significant.
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Fig. 3. Power metrics.
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Fig. 4. Energy metrics.

Figure 4 illustrates the average energy metrics of a typical
day in January. The maximum energy curve is the same for all
cases as it just gives the sum of maximum allowable energy
level of the EVs connected to the charger. The minimum
energy level gives the cumulative energy that must be trans-
ferred at each time interval to satisfy the user requirements.
Therefore, as the value of SOCmin increases, the value of the
minimum energy level curve also increases. The difference
between minimum and maximum energy gives the operational
energy capacity of the virtual battery. As power metrics
are almost similar for all cases, a higher operational energy
capacity represents greater flexibility. Therefore, we can see a
reduction in flexibility as the value of SOCmin increases.

We will illustrate how we optimally scheduled the electric
vehicle charging using the modelled flexibilities. In Figures 5
and 6, we can observe the power procured from day-ahead
and intraday market for EV charging on a random day (y axis



scales are different in two figures, values in y-axis of Figure 5
are lower). The objective of energy provider is to minimize the
overall costs. Therefore, the energy provider prefers to procure
the power when the prices are low. Due to lower prices in the
intraday market, most of the power is purchased from intraday
market. In this regard, as illustrated in figure 6, most of the
power for charging EVs is procured at 00:45, 04:00, 20:45,
and 21:45, when the prices are lowest. Moreover, at times
such as 02:00 and 04:00 some part of the required power can
be provided from the day-ahead market, where the prices are
lower in the day-ahead market.
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Fig. 5. Aggregated power procured for EV charging on a random day from
day-ahead market
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Fig. 6. Aggregated power procured for EV charging on a random day from
intraday market

The total energy consumed to charge the EVs is 200 MWh
for one month. From Figure 7, we can observe that the
majority of the energy is procured from the intraday market
for all SOCmin cases. However, as the flexibility decreases,
the share of energy procured from the day-ahead market
increases. It is evident that the intraday market prices are
quite volatile as depicted in Figure 2. Prices can be extremely
high or extremely low compared to the day-ahead market. As
flexibility decreases, the probability of purchasing energy at
lower prices decreases. This results in a slight increase in share
of energy procured from the day-ahead market.

We illustrate the corresponding costs incurred to procure the
required energy from the electricity markets for all SOCmin
cases in Figure 8. We can observe that as the flexibility
decreases, the costs increase. The charging costs until 80%
SOCmin are almost similar. The charging costs starts to in-
crease from 85% SOCmin case. However, the difference in
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Fig. 7. Energy procured for EV charging

costs between the cases where the EVs offer flexibility and
no flexibility is quite considerable. Costs increased by almost
50% for the 100% SOCmin case even when compared to the
95% SOCmin case.
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Fig. 8. EV charging costs

IV. DISCUSSION

We found that as the SOCmin value increases, the flexibility
decreases. However, the reduction in flexibility was consid-
erable only for the cases where SOCmin value was greater
than 80% compared to 0% SOCmin case. This is because for
most EVs, the battery percentage rarely drops below 80% due
to their mobility patterns, given available charging options.
The same holds true for charging costs where the costs were
almost similar until the 80% SOCmin case and increased only
for the cases where the SOCmin was above 85%. However, even
compared to the case of 95% SOCmin, the charging costs for
the case where EVs do not offer flexibility were 50% higher.
This further ascertains the importance of flexibility for the
energy providers.

For EV users, it makes little difference whether their EV
is charged instantaneously every day to a SOCmin of 80% or
100%. Even for an emergency at night (e.g., to the nearby
hospital), a SOCmin of 80% would be sufficient for most.
However, people are used to fill the tank of conventional cars
immediately to their full capacity; thus, full charging of EVs
is rather standard [19]. This standard needs to be changed as



it is quite evident that it might not affect user comfort to a
relevant amount.

There are some limitations in our paper that we would
like to address in our future research. We assumed that all
vehicles have the same specifications and undergo the linear
charging process without efficiency losses. In reality, vehicle
specifications will be different and the charging process is not
linear. In principle, all EVs do not charge every day, but only
a couple of times a week, depending on the user. We assumed
that we know the user mobility patterns and corresponding
requirements. However, these limitations will not have a major
influence on the final outcome, i.e., high monetary value for
the flexibility of EVs. In future research, we will consider
more stochastic user scenarios and evaluate their impact on
EV flexibility and charging costs.

V. CONCLUSION

In our paper, we evaluate the impact of the minimum SOC
requirement on EV flexibility potential and charging costs. We
developed a flexibility algorithm to quantify flexibility using
energy and power metrics as a function of time. We then
calculated the flexibility for each case and use it as input to
the optimization model to simulate EV charging. To evaluate
the monetary value of flexibility, we developed scenario-based
stochastic optimization model with the objective of minimizing
EV charging costs while participating in both the day-ahead
and intraday markets. We modelled 7 different intraday prices
scenarios to consider the uncertainty in the intraday market.

In summary, EVs possess high flexibility that can be pro-
vided without almost any loss of comfort (80% of the SOC is
sufficient for almost all daily driving needs) for high monetary
gains (160% reduction in charging costs). Therefore, it is vital
that EV users provide this kind of flexibility. Energy providers
could motivate users to provide flexibility by incentivizing
them. These incentives can be financed by revenues generated
from the flexibility of EV users.
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Abstract—This paper utilizes the self-attention-based Impu-
tation method to effectively manage missing data in Phasor
Measurement Units (PMUs) during transient power system
disturbances. By employing self-attention neural networks, this
method adeptly processes multivariate noisy datasets. This
method significantly enhances the accuracy and operational
reliability of the grid performance during disturbances under
three different missing data patterns and various missing data
ratios. We conducted a comprehensive comparative analysis with
other imputation methods using the IEEE 39-bus New England
system. As inputs for the imputation, we employed voltage
magnitudes and angles. Results demonstrate the superiority of
this method in maintaining data integrity and ensuring system
stability. In comparative testing, this method reduced Mean
Absolute Error (MAE) by approximately 5% to 50% across
different cases compared to the best result from other methods
in most scenarios, although it underperformed slightly in highly
sparse data conditions with a missing ratio of 0.9. The method
demonstrated robustness through its high imputation accuracy
and fast performance, confirming that it is well-suited for real-
time applications in smart grid monitoring, thanks to its ability
to process data in parallel.

Index Terms—PMU, self-attention, data imputation, real-time
monitoring, missing data, deep neural networks

I. INTRODUCTION

Phasor measurement units (PMUs) are instrumental in
modern power systems, providing high-resolution, time-
synchronized measurements of electrical quantities like volt-
age and current phasors [1]. These devices enhance the oper-
ational integrity and situational awareness within power grids
by capturing real-time data essential for system monitoring,
control, and decision-making. However, PMUs frequently en-
counter data loss issues during critical transient events—such
as faults or system disturbances—due to hardware malfunc-
tions, communication failures, and synchronization errors.

Missing data in PMUs during transient power system events
presents significant challenges for grid reliability and oper-
ational safety [2]. Transient events, such as faults or rapid
load changes, require immediate and accurate data to ensure
effective response strategies. However, PMUs can fail to
capture critical data due to hardware malfunctions, GPS-time
synchronization issues, and data transmission delays [3]. Such
data losses degrade the performance of synchrophasor-based
applications, especially those involving real-time feedback

control, where even minimal latency can lead to erroneous
decision-making and potentially severe consequences like
blackouts or brownouts [4].

Data imputation in power systems has two main method
classes; the first includes conventional state estimation (SE)-
based approaches and the second is data-driven approaches [5].
SE methods heavily depend on accurate network parameters
and topology, where errors in power network models can influ-
ence their effectiveness [6]. The second method utilizes data-
driven techniques that do not require power system parameters
for data imputation. Data-driven approaches primarily utilize
matrix completion and conventional machine learning methods
for imputation purposes. A significant limitation of these
methods is their inability to handle high-order spatiotemporal
data [7]. Other machine learning techniques like multiple
imputation by chained equations (MICE) [8] are mostly em-
ployed for complex scenarios. The integration of singular value
decomposition (SVD) [9] and matrix factorization methods
address missing data by capturing underlying temporal and
spatial dependencies in PMU data, crucial for maintaining grid
stability.

Within the literature, different authors proposed various
innovative data-driven approaches to address the challenge of
missing PMU data correction in smart grids under noisy and
complex conditions. Different methods such as convolutional
neural networks (CNNs) [5], generative adversarial networks
(GANs) [1], gated recurrent unit (GRU) [10], and Graph Con-
volutional Networks (GCNs) [2] are proposed to refine PMU
data correction and noise filtration. However, they have several
shortcomings. The application of GANs, while promising,
might face challenges in practical noisy settings as it fails
to explicitly model and mitigate inherent measurement noise
during the correction process [11]. The GRU-based approach’s
exclusion of spatial correlation metrics can impede its abil-
ity to effectively utilize hidden spatiotemporal relationships,
crucial for accurate PMU data recovery [12]. Lastly, the use
of unweighted graph models in deep learning integration may
restrict the full capture of intricate spatial correlations between
network nodes, limiting the effectiveness of the data recovery
and system state prediction processes [13].

The primary objective of this paper is to introduce an
imputation method to address missing data in PMUs during



transient power system events based on the self-attention (SA)
mechanism, which is extensively utilized in other domains
such as large language models (LLMs) and image generation
[14]. This approach leverages the capabilities of SA models to
process high-dimensional, noisy data swiftly and accurately,
making it ideal for real-time applications in spatiotemporal
multivariant datasets. SA mechanisms facilitate parallel com-
putation, allowing for simultaneous processing of all elements
in the input sequence, significantly enhancing speed and effi-
ciency [15]. Our contributions include demonstrating superior
speed and accuracy over existing methods on simulated PMU
datasets, validating robustness in real-world noisy conditions,
investigating the effectiveness under different missing data
ratios and patterns, and ensuring easy integration with cur-
rent power system infrastructures. Therefore, this approach
enhances operational reliability and situational awareness in
modern power grids.

The paper is structured as follows. Section II outlines the
proposed approach. Section III explains the dataset, evaluation
metrics, missing patterns, benchmark models, and results.
Finally, section IV concludes the paper.

II. METHODOLOGY

Our approach consists of two key components: (1) a joint-
optimization training strategy for imputation and reconstruc-
tion; (2) the SA-based imputation for time series model. In
this paper, we detail the joint-optimization training approach.
Additionally, the authors in [16] discussed the SA-based
imputation model for the time series extensively. We employed
a joint-optimization training strategy designed to effectively
impute and reconstruct multivariate time series data with
missing entries illustrated in Fig. 1. This methodology inte-
grates two principal tasks: Masked Imputation Task (MIT) and
Observed Reconstruction Task (ORT). These tasks leverage a
SA mechanism, facilitating robust learning from datasets that
contain incomplete observations.

We define a multivariate time series as a dataset X
with T time steps and D dimensions formalized as X =
{x1, x2, . . . , xT } ∈ RT×D, where each time step xt =
{x1

t , x
2
t , . . . , x

D
t } ∈ R1×D. Not all dimensions are fully

observed, leading to potential missing values. Thus, xd
t denotes

the variable of the d-th dimension at the t-th step in X .
The presence of data in each dimension at each time step
is indicated by a missing mask vector M , defined as

Md
t =

{
1 if xd

t is observed,
0 if xd

t is missing.
(1)

The MIT is designed to enable the model to predict missing
values effectively. During training, a fraction of the observed
values are randomly masked—simulating missing data. These
artificially masked points are known only during training to
guide the learning process. Following the artificial masking
process, the modified input time series is represented as X̂
accompanied by its corresponding missing mask vector M̂ .
The vector X̂ and missing mask vector M̂ are then concate-
nated and used as imputation model input. The resulting time

Fig. 1. Joint-optimization training approach.

series, which includes both reconstructions and imputations,
is represented as X̃ . To differentiate between values that are
artificially missing and those originally missing, we introduce
an indicating mask vector I . The mathematical definitions for
M̂ and I are provided to clarify these distinctions illustrated
in (2) and (3), respectively.

M̂d
t =

{
1 if X̂d

t is observed,
0 if X̂d

t is missing.
(2)

Idt =

{
1 if X̂d

t is artificially masked,
0 otherwise.

(3)

The imputation loss is quantified using the Mean Absolute
Error (MAE) between the predicted and actual values:

ℓMAE(estimation, target,mask) =
1

∑D
d=1

∑T
t=1 maskdt

×

D∑

d=1

T∑

t=1

(∣∣∣estimationdt − targetdt
∣∣∣⊙ maskdt

)
(4)

Where ⊙ is the element-wise product. The MIT loss calcula-
tion is as follows:

LMIT = ℓMAE(X̃,X, I). (5)

The ORT focuses on reconstructing the observed components
of the time series as accurately as possible. This task ensures
that the model’s output aligns closely with the actual observed
data. The reconstruction error is calculated as:

LORT = ℓMAE(X̃,X, M̂). (6)



The training process involves minimizing a combined loss
function that incorporates both MIT and ORT, ensuring com-
prehensive learning:

L = LORT + λLMIT (7)

Here, λ is a tuning parameter that balances the contributions
of the imputation and reconstruction tasks to the total model
training loss. We fixed it at 1. The model iteratively learns to
impute missing values while refining its ability to reconstruct
observed data accurately.

III. EXPERIMENTAL EVALUATIONS

In this section, we first describe the data generation process.
Then, we explain the evaluation metrics used for validation.
Next, we discuss the missing patterns used in this paper.
Following this, we describe the benchmark models used for
comparing the capabilities of the proposed method. Finally, we
present the results, detailing the performance of our method
in various scenarios. We executed the simulations on a high-
performance computing environment that comprises two Intel
Xeon Gold processors, each featuring 14 cores operating at
2.60 GHz. The system is further augmented by dual NVIDIA
Tesla V100-SXM2 GPUs, each equipped with 32 GB of
dedicated memory.

A. Dataset

In this paper, we evaluate the model using the New England
39-bus network, a benchmark also referred to as the IEEE 39-
bus or the 10-machine New England power system, which
is prevalently cited in dynamic systems literature. To address
a variety of typical operating conditions and contingencies,
we generated 4800 transient samples through time-domain
simulations. We simulated three-phase faults at inter-area
corridors using both Python and MATLAB, with a resollution
of a 1/120-second sampling rate. Based on the methodology
outlined in [17], 15 PMU locations were strategically selected.
We incorporated the voltage and phase data from each PMU,
crucial for the model’s inputs, along with artificially introduced
noise while maintaining a signal-to-noise ratio (SNR) of 40
dB. The fault initiation occurs at the first second into the
simulation and extends randomly for a duration ranging from
0.1 to 0.3 seconds. We split data randomly into train, test,
and validation sets in proportions of 70%, 15%, and 15% ,
respectively. This division ensures that the model is trained
extensively, validated accurately, and tested comprehensively
to evaluate its performance across various unseen scenarios.

B. Evaluation Metrics

For the evaluation of our imputation methods, we use three
key metrics: Mean Absolute Error (MAE), , Mean Squared
Error (MSE), and Root Mean Square Error (RMSE). These
metrics are essential for assessing the accuracy of the imputa-
tion, providing a comprehensive view of performance across
different scenarios.

The definitions and calculations for these metrics are as
follows:

MAE(estimation, target,mask) =
1

∑D
d=1

∑T
t=1 maskdt

×

D∑

d=1

T∑

t=1

(∣∣∣estimationdt − targetdt
∣∣∣⊙ maskdt

)
(8)

MSE(estimation, target,mask) =
1

∑D
d=1

∑T
t=1 maskd

t

×

D∑

d=1

T∑

t=1

((
estimationdt − targetdt

)
⊙ maskd

t

)2
(9)

RMSE(estimation, target,mask) =√
MSE(estimation, target,mask)

(10)

These metrics compare the imputed values (estimation)
against the true data values (target), factoring in the areas of
missing data through the use of a mask (mask). The mask
ensures that the evaluation focuses only on the imputed por-
tions of the data, allowing for a fair assessment of imputation
accuracy.

C. Modeling Missing Data Patterns

We investigate three distinct patterns of data loss to model
real-world missing data scenarios in power grids, as illustrated
in Fig. 2. Each pattern reflects different common issues that
can occur in data capture:

• Pattern 1: Data loss occurs randomly across all buses and
at all times, suggesting anomalies in data capture like
sensor malfunctions or transmission disruptions.

• Pattern 2: Data points are missing for extended periods
at randomly chosen buses, similar to power grid issues,
often due to maintenance or equipment failures.

• Pattern 3: At random moments, data from all buses
are absent, typically because of GPS signal failures or
network congestion, affecting the entire data collection
system simultaneously.

D. Benchmark Methods

Benchmarking different imputation methods is crucial in as-
sessing their effectiveness and adaptability to various missing
data patterns encountered in real-world datasets. By comparing
a range of approaches, we can identify the most appropriate
techniques based on the specific characteristics and challenges
of the data, as follows:

• LOCF (Last Observation Carried Forward): This method
quickly fills missing entries with the last available value,
suitable for minimal change scenarios but potentially
biased.

• MICE: MICE iteratively uses regression models to es-
timate multiple plausible values for each missing point,
enhancing robustness in statistical analysis.



Fig. 2. Illustration of three missing data patterns used in the analysis.

• SoftImpute: This approach leverages soft thresholding
of SVD to fill in missing data, optimizing for matrices
presumed to be low-rank, ideal for structured sparse data.

• Iterative SVD: It employs truncated SVD in a repetitive
manner to approximate missing entries, capturing under-
lying data structure well in nearly low-rank matrices.

Each method offers unique advantages depending on the data’s
characteristics and the nature of the missingness.

E. Results

In this section, we naluze the results to demonstrate the
effectiveness of the SA-based method across various missing
data scenarios within PMU datasets. Table I highlights the
superior accuracy of the proposed method in imputing missing
PMU data, where it consistently achieves the lowest MAE
across all tested ratios. Notably, at a missing ratio of 0.1, this
method records an MAE of 0.0171, significantly outperform-
ing the next best method, SoftImpute, which shows an MAE of
0.058. This trend of dominance persists as the missing ratios
increase, though the margin of superiority narrows at higher
ratios.

Reflecting on accuracy in terms of average squared differ-
ences, the SA-based method’s superiority is further evidenced
by a MSE of 0.0022 at a 0.1 missing ratio, which is sub-
stantially lower than that of other methods. This suggests that
this method not only provides more accurate predictions but
also exhibits less variance in its predictions. Additionally, with
a RMSE of 0.0467 at the same missing ratio, this method
significantly outperforms competing methods, showcasing its
effectiveness in minimizing the average squared differences
between predicted and actual values. However, the superiority
reduces by increasing the missing ratio rate.

Fig. 3 offers a visual demonstration of the SA-based
method’s accuracy by comparing the imputed voltage mag-
nitudes to the actual values from PMUs during simulations
with a 0.7 missing ratio for pattern 1. It clearly illustrates
the close alignment between the imputed and actual values,
indicating that the this method effectively captures the true
dynamics of the system, even with significant data missing.
This visual representation further highlights the precision of
the proposed method in reconstructing accurate and reliable
voltage profiles, crucial for maintaining grid stability.

TABLE I
EVALUATION OF IMPUTATION METHODS FOR PATTERN 1

Missing 0.1 0.3 0.5 0.7 0.9
ratio

MAE
LOCF 0.0969 0.1399 0.1849 0.275 0.5249
MICE 0.114 0.138 0.147 0.164 0.2208

SoftImpute 0.058 0.0717 0.0760 0.088 0.3856
Iterative SVD 0.1618 0.1703 0.1712 0.176 0.2255
Self-attention 0.0171 0.0349 0.0428 0.0808 0.2933

RMSE
LOCF 0.3024 0.3861 0.4499 0.568 0.8589
MICE 0.273 0.289 0.3131 0.335 0.4383

SoftImpute 0.156 0.1627 0.1800 0.220 0.6459
Iterative SVD 0.313 0.313 0.3212 0.334 0.4297
Self-attention 0.0467 0.0746 0.0931 0.2041 0.5747

MSE
LOCF 0.0914 0.1491 0.2024 0.323 0.7377
MICE 0.074 0.0835 0.0980 0.112 0.1921

SoftImpute 0.0244 0.0265 0.0324 0.048 0.4172
Iterative SVD 0.0985 0.0983 0.1031 0.111 0.1846
Self-attention 0.0022 0.0056 0.0087 0.0416 0.3303
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Fig. 3. Voltage magnitude of selected PMUs in 0.7 missing ratio and missing
pattern 1 for SA method.

Fig. 4 provides a series of plots comparing the performance
(MAE, RMSE, MSE) of different imputation methods across
three different missing data patterns. The plots reveal that the
SA-based method consistently results in lower error metrics
across all patterns, emphasizing its robustness and adaptability
to different types of data missingness. Moreover, different
imputation methods exhibit varying performances based on
the missing data pattern. For instance, while the error rates for
MICE remain relatively stable across different missing ratios
in Pattern 1, they increase as the missing rate rises in Pattern
2. This variation underscores the impact of missing ratio and
patterns on the effectiveness of each method.

Table II emphasizes the computational efficiency of the SA-
based method, crucial for real-time applications. This method
processes data at a remarkably fast rate of 0.00001968 seconds
per sample, faster than more traditional methods like MICE
and SoftImpute, underscoring its suitability for high-speed data
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Fig. 4. Evaluation of method under various missing ratios and patterns.

TABLE II
IMPUTATION TIME PER SAMPLE

Method SA LOCF MICE Soft Iterative
Impute SVD

Time(s) 0.000019 0.000016 0.036360 0.0356 0.0085

processing in dynamic environments.
Overall, the SA-based Imputation Technique outperforms

other methods in most cases across different patterns, ac-
cording to the detailed performance metrics and comparisons
shown in the figures. This robust performance, combined with
swift computation times, significantly enhances the accuracy
and efficiency of PMU data recovery, reinforcing its potential
for integration into power grid operations to improve reliability
and responsiveness.

IV. CONCLUSIONS

In this paper, we introduced a self-attention-based imputa-
tion technique that significantly enhances the accuracy of PMU
data across different missing data patterns and rates during
power system disturbances. Our comprehensive testing on the
IEEE 39-bus system demonstrates the technique’s superiority
in handling various scenarios—ranging from sparse to dense
missing data conditions—with consistently lower Mean Abso-
lute Error rates. Particularly effective in noisy environments,
our approach adeptly navigates the challenges posed by three
distinct missing data patterns, showcasing its robustness and
adaptability. This method’s rapid processing and seamless
integration with existing power system infrastructures mark
it as a transformative solution for maintaining grid stability
and operational reliability in modern power grids.
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Abstract: This chapter, Federated Learning for Energy Systems, addresses the role of

emerging smart technologies in modern power systems, which have resulted in the gen-

eration of substantial data by stakeholders such as system operators, energy suppliers,

and end-users. This data surge presents both opportunities and challenges, particularly in

terms of privacy and data accessibility. Federated Learning (FL), an innovative approach

in Artificial Intelligence, is highlighted as a key solution. FL enables the collaborative

training of models across distributed datasets without sharing raw data, thereby address-

ing privacy concerns while complying with regulatory frameworks.

The chapter explores the fundamentals of Federated Learning, originally introduced

to mitigate data silos and privacy issues associated with centralized machine learning

architectures. It elaborates on the two main FL architectures—centralized and decentral-

ized—highlighting the trade-offs between privacy, scalability, and reliability. Applications

of FL within the energy sector are also discussed, including renewable generation forecast-

ing, load prediction, and anomaly detection in smart grids. Each application demonstrates

how FL can improve efficiency and security while enabling stakeholders to use data col-

laboratively.

1



Additionally, the chapter focuses on the application of FL for short-term load fore-

casting (STLF), which is crucial for operational efficiency in energy systems. By utilizing

distributed smart meter data, FL enhances forecasting capabilities while addressing pri-

vacy concerns. Various neural network architectures, such as LSTM and transformer-based

models, are also reviewed in the context of FL-based STLF, demonstrating improvements

in accuracy and privacy preservation.

Moreover, the full text of this publication is accessible in the book titled AI for Energy

by IEEE/Wiley.

Keywords: Applications, Energy System, Federated Learning, Load Forecasting
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