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A B S T R A C T

In this paper, a new mixed integer linear programming (MILP) model for the day-ahead operation of energy 

aggregators (EA) is developed. Synergies between the different types of flexibility and energy trading options 

enable EAs in decentralized and renewable energy systems to provide economic benefits to participating house-

holds but require a detailed consideration of technological properties and constraints of the respective types of 

resources. Therefore, the main contribution of this work is the development of a new EA model (EAM), which 

combines a holistic perspective with a high level of technical detail to better address the complexity of the EA 

decision. Most importantly, power-to-heat systems are integrated with their inherent thermal relations between 

heat pumps, heater rods and heat storages. In combination with other energy resources such as photovoltaic 

systems, electric vehicles, household battery storages and time-shiftable loads, households are modeled as sys-

tems with interdependent electrical power and heat flows. Moreover, three different trading levels (wholesale, 

local markets and internal trading) are taken into account. The model application to a case study with up to 111 

individually modeled prosumer households in a summer and a winter scenario reveals high synergetic potential 

of EAs resulting from the flexibility of multiple trading options in combination with the flexibility of various 

energy resources. The results validate the efficacy of the model, as significant economic benefits for households 

are realized in comparison to a base case of non-aggregated households, showing that the three trading levels 

significantly contribute to these benefits. Further analyses give insights into the interdependent synergetic rela-

tions between different flexible resources, underlining the importance of a holistic optimization approach that 

explicitly takes these relations into account. For future research, the EAM is proposed as a base model to depict 

the behavior of EAs.

1. Introduction

The concept of Energy Aggregators (EAs) is a widely discussed re-

search topic as an approach for coping with the opportunities and 

challenges of future energy systems [1–3]. Efficiently coordinating the 

intermittency of renewable energy sources (RESs) with the flexibil-

ity provided by different types of distributed energy resources (DERs) 

among large numbers of prosumer households, constitutes a complex 

and multi-faceted decision problem. A newly developed holistic mixed-

integer linear programming (MILP) approach to this EA problem is 

presented in this work which, in addition to multiple types of flexible

DERs and trading options, integrates power-to-heat (P2H) systems at a 

high level of detail.

The proposed day-ahead Energy Aggregator Model (EAM) considers 

an EA that performs energy management for a large number of local pro-

sumer households, by scheduling their respective DERs such as electric 

vehicles (EVs), household battery storage systems (BSs), P2H systems 

or time-shiftable loads (TSLs) under consideration of residential photo-

voltaic (PV) energy generation and inflexible loads. Energy trading is 

conducted on behalf of the households and in correspondence with the 

scheduling decisions with the objective of maximizing the total trading 

profit for all households. Apart from two external trading options on 

wholesale market (WS) level and a local market (LM), the aggregated
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households are interconnected through internal trading, thereby form-

ing an energy community (EC). To account for the distinct technological 

properties, a high level of detail regarding the constraints for the opera-

tion of different types of DERs is considered in the model. An important 

contribution lies in the detailed modeling of P2H systems, consisting of 

a heat pump (HP), a heater rod (HR) and a heat storage (HS) with the 

respective thermal relations, whilst also modeling the household itself 

as a thermal system. This model is applied in a case study for a summer 

and a winter scenario with 62 days, respectively. The results show the 

economic benefit that EAs are able to provide to prosumer households as 

a consequence of holistically and interdependently exploiting multiple 

trading options and flexibly scheduling DERs. The respective potential 

of the different trading options and the different types of DERs is further 

analyzed, revealing interdependent effects between their specific char-

acteristics and, thus, supporting the holistic modeling approach to the 

EA problem.

The remainder of the paper is organized as follows. In Section 2, the 

basics of the EA concept and the resulting decision problem are intro-

duced in the course of a literature review regarding previous related 

works on EAs. Section 3 presents the model in detail, followed by an 

overview of the case study in Section 4. In Section 5, the results of the 

case study are presented, analyzed and discussed. The paper ends with 

a conclusion and an outlook on future research in Section 6.

2. Energy aggregators

This section first provides an overview of the general concept of EA, 

before presenting a literature review with a more detailed consideration 

of related modeling approaches on which this work builds up.

2.1. Concept of energy aggregators

The trend towards renewable, decentralized and digitized energy 

systems presents challenges as well as opportunities with regard to archi-

tecture and operation [1,2]. On the one hand, building on the potential 

of a sophisticated information and communication technology infras-

tructure, smart grids enable new operational concepts for energy systems 

by facilitating frequent communication and providing a high availability 

of information [4]. On the other hand, the volatility of RESs and the in-

creasing complexity due to a high number of DERs require efficient and 

resilient energy management strategies [5,6]. An adequate design of en-

ergy markets must allow the participation of residential prosumers and 

consumers to fully utilize their DERs in accordance with these opportu-

nities and challenges [1,7]. Transactive control describes a framework 

to exert influence of grid operators on energy trading by means of price 

signals that consider the system objectives of resilience and sustainabil-

ity [8–10]. Especially in LMs, energy trading can accordingly be done 

under consideration of local grid states [11]. Thus, line congestions or 

voltage violations can be mitigated through market processes [12,13]. 

LMs represent an additional trading platform next to WS trading with 

comparatively limited trading options due to their smaller size [14]. In 

addition to energy markets, ancillary services such as local flexibility 

procurement for system operators enable further possibilities to exploit 

DERs with regard to system objectives [15].

Operating a smart grid with the above characteristics requires a 

sophisticated energy management of the respective DERs. EAs can effi-

ciently perform this task on behalf of a large EC of residential prosumers 

in a way that is beneficial to all participants [1,16,17]. Not only in re-

search, but also in practice the notion of EC is becoming increasingly 

relevant, as the Energy Communities Repository and the Rural Energy 

Communities Advisory Hub by the European Commission show [18,19]. 

An overview of the roles and functions of EAs is given in Fig. 1 which 

shows that EAs are the interface between residential prosumers and en-

ergy markets [20,21]. Accordingly, they can deploy DERs in a way that 

takes advantage of energy price fluctuations, and also create synergies 

by aggregating the flexibility of different DERs, thus widening the range 

of interactive scheduling and trading options [22]. The synergies build

Fig. 1. EA concept.

on internal trading between prosumers within an EC which is centrally 

managed by the respective EA [23]. On household level, individual pro-

sumers profit by consuming energy cost-efficiently and monetizing their 

self-generated power and the flexibility of their DERs [16].

2.2. The energy aggregator problem – literature overview

The role of EAs comprises a variety of interdependent decision prob-

lems, mainly the scheduling of different types of DERs and the trading 

and balancing of energy [24]. Due to the broadness and complexity of 

the general problem, previous optimization approaches have focused on 

specific aspects, thus neglecting other major aspects, e.g. specific types 

of DERs such as HPs [1,14,24–30]. The scheduling of DERs is an as-

pect that is multi-faceted in itself, as there are different types of DERs 

with specific technical and practical restrictions. Previous works fea-

ture aggregators that integrate the basic types of DERs such as PV or 

solar thermal (ST) systems, EVs, BSs and TSLs on a limited level of tech-

nical detail [13,14,29,31–33]. With only slight variations, these works 

similarly consider basic aspects such as power and capacity restrictions 

and SOC-balancing for storages, driving demands of EVs or the temporal 

shifting of uninterruptible power profiles within fixed time windows for 

TSLs.

Due to the high complexity and partial non-linearity of the thermo-

dynamic relations, optimizing the operation of a P2H system with an HP, 

HS and HR under consideration of temperature preferences and warm 

water demands (WW) in a detailed and efficient way presents a challeng-

ing task. Accordingly, an overview of previous EA-related works reveals 

that the consideration of heat systems is sparsely represented [1]. Few 

previous comprehensive optimization approaches integrate P2H systems 

in a simplified way by assuming a constant coefficient of performance 

(COP) or energy efficiency ratio (EER) and by neglecting heat storages 

and thus, the inherent thermodynamic relations, as well as other heat 

transmissions and losses [31,34,35]. Since P2H systems have the poten-

tial to provide significant contributions by realizing synergies between 

the flexibility of different types of DERs, modeling them in a compre-

hensive and sophisticated manner constitutes an important research 

problem [36–38]. This research gap is addressed in this work by intro-

ducing a model which integrates P2H systems together with a variety of 

different DER types at a high level of technical detail.

Apart from the scheduling of different types of DERs, energy trading 

represents another major function of EAs [13]. Trading can generally 

be done on external or internal level. In order to deploy market mech-

anisms that exploit the DERs while considering local grid states, EAs 

may externally participate in LMs in addition to WS energy trading
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[14,37,39–42]. Integrating both external trading options with their re-

spective exogenous energy prices and trading fees, and also considering 

household-specific energy allocation in the form of internal trading, fur-

ther increases the complexity of the EA problem [16]. A common and 

valid assumption in previous works is that EAs act as price takers that 

submit purchasing or selling bids without exerting influence on the ex-

ogenous prices [1,24]. This restricts the bidding decisions to specifying 

the time and the offered or requested energy amounts.

3. The energy aggregator model

In the following section, the EAM is presented. For a better overview, 

the different constraint groups are split into separate categories that 

represent the different components of the EA problem. Whereas the 

technical constraints for the operation of P2H systems are newly de-

veloped in this work, the respective constraints regarding EVs, BSs and 

TSLs are in line with previous optimization approaches (see Section 2.2) 

and adapted accordingly to the EAM.

3.1. Model assumptions

A schematic overview of the different system components of the EA 

problem at the household (HH) level is presented in Fig. 2 and illus-

trates the interrelations between the various decision problems in the 

way they are addressed in this work. Two external trading options are 

considered at the WS and LM levels. A basic assumption is that EAs act 

as price takers at the external level. At the internal level, the assump-

tion is made that respective energy price equals the higher of the two 

external prices at a given time. Consequently, selling energy internally is 

equivalent to realizing the more profitable external selling option, thus 

ensuring that trading internally does not require selling households to 

miss out on more profitable external trading options (i.e. to make sure 

that rational households will actually engage in internal trading). A for-

mal description for ensuring that internal trade can only take place if 

it is also beneficial for the purchasing household follows in (2) below. 

Furthermore, trading fees, including grid access charges and taxes, are 

only considered for energy purchases as an approach to assign fees to 

consumers [43]. It is assumed that WS fees are higher than LM fees, 

which, in turn, are higher than internal trading fees, to represent a sub-

sidy for lower-level trading in order to reduce inter-regional power flow 

and hence ensure grid stability. The system perspective of EAs requires 

all scheduling and trading decisions to be made interdependently, as the 

power and heat flows of each household have to be balanced at all times 

(see Fig. 2).

Thus, the EA problem consists of efficiently scheduling all DERs in ac-

cordance with their respective technological constraints, and submitting 

market bids in compliance with the household power and heat balances. 

The inherent flexibility is used to efficiently trade energy, but the option

Fig. 2. EA Problem on household level.

of providing external flexibility services is not considered. Furthermore, 

the model builds on the assumption that households already possess 

DERs and are willing to enable an exterior system actor to manage the 

operation of these resources. This follows the assumption that, by re-

alizing synergies due to aggregation, such an entity is able to perform 

more efficient energy management than households would be able to do 

without an EA. An EA is not only able to efficiently schedule DERs, but 

also enables households to participate in the different energy markets 

and exploit the inherent price differences.

To enable a better understanding of the following model description, 

an overview of all sets, variables and parameters is provided in Tables 

2, 3 and 4 in the Appendix. In these tables, the frequently occurring 

indices ℎ and 𝑡 represent specific households and time steps. For reasons 

of clarity, explanations of these indices are excluded from the respective 

definitions.

3.2. Objective: total trading profit maximization

The behavior of EAs is driven by the economic objective of trading 

profit maximization for all households in the EC [1]. In line with pre-

vious works, this is represented in the objective function in (3), which 

maximizes the total trading profit of the EC [31,34]. The variables 𝑃 

constitute the electric power traded on behalf of prosumer households 

𝐻 on each of the three trading levels (WS, LMs and internal) at time step 

𝑡 in the planning horizon 𝑇 . The parameters 𝜆 and 𝑓 denote the market 

prices and fees, respectively. For internal trading, only the fees on the 

purchaser side are considered as the prices on purchaser and seller side 

cancel each other out. As prices and fees relate to energy and not to 

power, the term is multiplied with the time step width Δ𝑡. Due to sign 

convention in power flow, purchasing is represented by positive signs 

and selling by negative signs. Consequently, a positive objective function 

value indicates a loss and a negative one a profit, thus formally result-

ing in a minimization function. The binary parameters Λ contain the 

information if trading on LMs or internal level is enabled. Accordingly,

Λ 

𝐿𝑀 is only assigned a value of 1 if the structure of prices and fees is 

such that local trading is beneficial for the purchasing and selling side 

in comparison to WS trading. This is formally declared in (1).

Λ 

𝐿𝑀
𝑡 = 

{

1, if 𝜆 

𝑊 𝑆 

𝑡 ≤ 𝜆 

𝐿𝑀
𝑡 ≤ 𝜆 

𝑊 𝑆
𝑡 + 𝑓 

𝑊 𝑆 − 𝑓 

𝐿𝑀

0, else
(1) 

The binary parameter Λ 

𝑖𝑛𝑡 is determined in accordance with (2) to

ensure that internal trading can only take place if it is beneficial for the 

purchasing and the selling household.

Λ 

𝑖𝑛𝑡
𝑡 =

⎧

⎪

⎨

⎪

⎩ 

1, if max 

( 

𝜆𝑊 𝑆
𝑡 , 𝜆 

𝐿𝑀
𝑡

) 

+ 𝑓 

𝑖𝑛𝑡 ≤ 

min 

( 

𝜆𝑊 𝑆 

𝑡 + 𝑓 

𝑊 𝑆 , 𝜆 

𝐿𝑀
𝑡 + 𝑓 

𝐿𝑀 

)

0, else
(2)

Only in the cases when the Λ parameters have a value of 1, the re-

spective trading options are considered by the EA and hence become part 

of the optimization, i.e. it is decided by the model how much energy is 

traded on the respective market.

min 

∑

𝑡∈𝑇

∑

ℎ∈𝐻

[

𝑃𝑊 𝑆,𝑏𝑢𝑦 

ℎ,𝑡 ⋅ 

( 

𝜆𝑊 𝑆 

𝑡 + 𝑓 

𝑊 𝑆 

) 

− 𝑃 

𝑊 𝑆,𝑠𝑒𝑙𝑙
ℎ,𝑡 ⋅ 𝜆 

𝑊 𝑆
𝑡

+
(

𝑃𝐿𝑀,𝑏𝑢𝑦
ℎ,𝑡 ⋅ 

( 

𝜆𝐿𝑀𝑡 + 𝑓 

𝐿𝑀 

)

− 𝑃 

𝐿𝑀,𝑠𝑒𝑙𝑙
ℎ,𝑡 ⋅ 𝜆 

𝐿𝑀
𝑡

)

⋅ Λ 

𝐿𝑀
𝑡

+𝑃 

𝑖𝑛𝑡,𝑏𝑢𝑦
ℎ,𝑡 ⋅ 𝑓 

𝑖𝑛𝑡 ⋅ Λ 

𝑖𝑛𝑡
𝑡

] 

⋅ Δ𝑡 (3)

3.3. Power-to-heat systems

Modeling the operation of P2H systems constitutes a high level of 

complexity. The following sets of newly developed constraints, inte-

grated into the general day-ahead energy management of an EA, present 

the EAM’s main contribution. As a simplification, the operation is mod-

eled for two different cases in which an air–water–HP is in either
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heating or cooling mode for the whole planning period 𝑇 . Both op

erative modes result in a distinct variant of the EAM. The respective 

constraints for both cases are presented in this section. In order to reduce 

computational complexity and simultaneously avoiding the problem of 

short-term erratic behavior in the operation of HPs, all operative deci

sions are considered for 𝑡 ∈ 𝑇 

𝐻𝑃 ⊆ 𝑇 with the time step width Δ𝑡 

𝐻𝑃 

Π  = Δ𝑡𝐻𝑃
and the ratio of different time step widths 

𝐻
 

𝑃  

 

′.  representsΔ 𝐻𝑡   

the set of households with a P2H system.

-

-

3.3.1. Heating mode

The resulting heat flow ̇ 𝑄 from a HP is linearly related to the op-

erating power 𝑃 

𝐻𝑃 for a constant COP. However, the COP itself is 

non-linearly dependent on 𝑃 

𝐻𝑃 and the difference between the HP’s sup-

ply temperature and the ambient temperature 𝜗 

𝑎𝑚𝑏 . In order to model

this relation linearly, the heat flow is predetermined for defined lev-

els of the operating power and intervals of the temperature difference.

This results in the parameter matrix 

̇ 𝑄 

𝑓 𝑖𝑥 for all possible operational

modes Ω. The variable ̇ 𝑄 is assigned a value from this matrix in (4)

with the help of a binary variable 𝛾 

𝐻𝑃 which is limited to a single op-

erational mode of operating power level 𝑖 and temperature difference 

interval 𝑗 in (5). However, the supply temperature is not modeled ex-

plicitly. As a simplification, the calculations of 

̇ 𝑄 

𝑓 𝑖𝑥 assume a constant

temperature offset of 5 K between the supply temperature and the mod-

eled HS temperature 𝜗 

𝐻𝑆 . The binary parameter Γ 

𝐻𝑃 ensures that a HP

is only deployable if the ambient temperature is within the operational 

limits under consideration of the bivalence point. This is determined a 

priori.

𝑄̇ 

𝐻𝑃
ℎ,𝑡 = 

∑

𝑖,𝑗∈Ω ℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑄̇ 

𝑓 𝑖𝑥 

ℎ,𝑖,𝑗

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (4)

∑

𝑖,𝑗∈Ω ℎ

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ≤ 1 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (5)

Accordingly, the operating power is set to the respective level of 𝑃 

𝑓 𝑖𝑥 

in (6) and the HS temperature is limited to the respective interval with

the upper bound 𝜗 

𝐻𝑆 

in (7
∑

). The expression (1 −
 𝐻

 𝑖,𝑗∈Ωℎ
𝛾𝐻𝑃 )

𝑆
ℎ,𝑡  ⋅ 𝜗 

 ℎ,𝐽
ensures that the HS temperature is however not falsely limited if the

𝐻𝑆
HP is inactive and thus activates the

 

 upper bound of 𝜗ℎ,𝐽 which is the 

maximum temperature of the HS.

𝑃 

𝐻𝑃
ℎ,𝑡 = 

∑

𝑖,𝑗∈Ω ℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑃 

𝑓 𝑖𝑥
ℎ,𝑖

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (6)

𝜗 

𝐻𝑆
ℎ,𝑡 ⋅ Γ 

𝐻𝑃
ℎ,𝑡 ≤

(

∑

𝑖,𝑗∈Ωℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 

( 

𝜗
𝐻𝑆
ℎ,𝑗 + 𝜗 

𝑎𝑚𝑏
𝑡

))

+ 

(

1 − 

∑

𝑖,𝑗∈Ω ℎ

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗

)

⋅ 𝜗 

𝐻𝑆
ℎ,𝐽

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃

(7)

The heat flow 𝑄̇ 

𝐻 that is directed from a HS to the corresponding

household is limited with respect to the heat transfer coefficient 𝑘𝐴 in 

(8). However, the heating potential only increases up to a supply point 

maximum 𝜗 

𝐻𝑃 ,𝑠𝑢𝑝 (9). 𝜗 

𝐻 denotes a household’s temperature.

𝑄̇ 

𝐻
ℎ,𝑡 ≤ 

( 

𝜗𝐻𝑆
ℎ,𝑡 − 𝜗 

𝐻
ℎ,𝑡

) 

⋅ 𝑘𝐴 ℎ ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (8)

𝑄̇ 

𝐻
ℎ,𝑡 ≤ 

( 

𝜗𝐻𝑃 ,𝑠𝑢𝑝 

ℎ − 𝜗 

𝐻
ℎ,𝑡

) 

⋅ 𝑘𝐴 ℎ 

∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (9)

The warm water demand ̇ 𝑄 

𝑤 is considered in (10). This demand can 

only be met by heat that is generated at a sufficiently high temperature. 

Consequently, this demand must be met by either HPs at operational 

modes with 𝑖, 𝑗 ∈ Ω 

𝑤 that only contain the respective intervals 𝑗, or by

HRs with operating power 𝑃 

𝐻𝑅 which is limited in (11). The efficiency 

of HRs is given by 𝜂 

𝐻𝑅.

∑

𝑡∈𝑇 

𝐻𝑃

(

∑

𝑖,𝑗∈Ω𝑤
ℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑄̇ 

𝑓 𝑖𝑥 

ℎ,𝑖,𝑗

)

+ 𝑃 

𝐻𝑅
ℎ,𝑡 ⋅ 𝜂𝐻𝑅

ℎ

) 

⋅ Π 

𝐻𝑃

≥ 

∑

𝑡∈𝑇
𝑄̇ 

𝑤
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ (10)

𝑃 

𝐻𝑅
ℎ,𝑡 ≤ 𝑃

𝐻𝑅
ℎ ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (11)

The temperatures in the households and in the HS are dynamically 

balanced taking into consideration all in- and outgoing heat flows in (12) 

and (13), respectively. In addition to the directly induced heat transfer 

into a household, heat dissipation and transmittance between household 

and HS, household and ambience, and through ventilation are taken into 

account in dependence of the thermal transmittance coefficients 𝑈𝐴 

𝐻𝑆 

and 𝑈𝐴 

𝐻 and the ventilation loss coefficient 𝑘 

𝑣𝑒𝑛𝑡 . The heat loss of the

HRs’ and TSLs’ operating power and of the BSs’ (dis-)charging power 

contribute according to the efficiency 𝜂. Furthermore, the impact of the 

base loads 𝑃 

𝐿 and of solar irradiation 𝑄̇ 

𝑠𝑜𝑙 is considered. A household’s 

thermal mass 𝐶 

𝐻 determines the resulting thermal impact of the change 

in enthalpy. To take into account that the P2H systems are modeled 

in a broader time step width, the other components are summed over 

the intermediate time steps. Equations analogous to (12) and (13) are 

required for 𝑡 = 0 with respective initialization values.

𝜗 

𝐻
ℎ,𝑡 = 𝜗 

𝐻
ℎ,𝑡−Δ𝑡𝐻𝑃 

+

[

Δ𝑡𝐻𝑃 ⋅ 

(

𝑄̇ 

𝐻
ℎ,𝑡 + 𝑈𝐴 

𝐻𝑆
ℎ ⋅ 

(

𝜗𝐻𝑆
ℎ,𝑡 − 𝜗 

𝐻 

ℎ,𝑡

)

− (𝜗 

𝐻
ℎ,𝑡 − 𝜗 

𝑎𝑚𝑏
ℎ,𝑡 

) ⋅ 

(

𝑈𝐴 

𝐻 

ℎ + 𝑘 

𝑣𝑒𝑛𝑡
ℎ,𝑡

)

+ 𝑃 

𝐻𝑅
ℎ,𝑡 

⋅
(

1 − 𝜂𝐻𝑅
ℎ

)

)

+ Δ𝑡 ⋅
𝑡+Π 

𝐻𝑃 −1
∑

𝑡 

′ =𝑡

(

𝑃 

𝐿
ℎ,𝑡′ 

+ 

∑

𝑏∈𝐵 ℎ

(

𝑃 

𝐵𝑆,𝑐 

𝑏,𝑡 

′ + 𝑃 

𝐵𝑆,𝑑
𝑏,𝑡 

′

)

⋅ (1 − 𝜂𝐵𝑆𝑏 ) + 𝑄̇ 

𝑠𝑜𝑙 

ℎ,𝑡 

′

+ 

∑

𝑑∈𝐷 ℎ

𝑃 

𝑇𝑆𝐿
𝑑,𝑡 

′ ⋅ 

( 

1 − 𝜂𝑇𝑆𝐿𝑑
) 

)]

⋅
1

𝐶 

𝐻
ℎ

∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 ⧵ {0}

(12)

In addition to the heat flow from a P2H system, an HS receives 

heat from residential ST systems. An HS’s enthalpy is converted into 

temperature through division by its heat capacity 𝐶 

𝐻𝑆 .

𝜗 

𝐻𝑆
ℎ,𝑡 = 𝜗 

𝐻𝑆
ℎ,𝑡−Δ𝑡𝐻𝑃 

+ 

[ 

(

𝑄̇ 

𝐻𝑃
ℎ,𝑡 − 𝑄̇ 

𝐻
ℎ,𝑡 − 𝑈𝐴 

𝐻𝑆
ℎ ⋅ (𝜗𝐻𝑆

ℎ,𝑡 − 𝜗 

𝐻
ℎ,𝑡) 

+ 𝑃 

𝐻𝑅
ℎ,𝑡 ⋅ 𝜂𝐻𝑅

ℎ

) 

⋅ Δ𝑡 

𝐻𝑃 +
𝑡+Π 

𝐻𝑃 −1
∑ 

𝑡 

′ =𝑡

(

𝑄̇ 

𝑆𝑇 

ℎ,𝑡 

′ − 𝑄̇ 

𝑤
ℎ,𝑡′ 

) 

⋅ Δ𝑡 

]

⋅
1

𝐶 

𝐻𝑆
ℎ

∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 ⧵ {0} (13)

The household temperature must further stay within lower and upper 

bounds for comfort (14). To ensure a higher level of comfort at which 

the bounds are not just minimally maintained, tighter bounds are de-

fined in (15) that must be maintained on average over a comfort time

window 𝑇 

𝑐 .

𝜗 

𝐻
ℎ,𝑡 ≤ 𝜗 

𝐻 

ℎ,𝑡 ≤ 𝜗 

𝐻 

ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (14)

𝜗 

𝑐
ℎ ≤ 

∑

𝑡∈𝑇 

𝑐
𝜗 

𝐻
ℎ,𝑡 ⋅

1
|𝑇 

𝑐 

| 

≤ 𝜗
𝑐
ℎ ∀ ℎ ∈ 𝐻 

′ (15)

In order to prevent minimization of the HS’ state of charge (SOC) at 

the end of the planning period max(𝑇 

𝐻𝑃 ), a defined temperature thresh-

old 𝜗 

𝐻𝑆,𝑒𝑛𝑑 is set as a lower bound in (16). This threshold should be 

determined in accordance with forecasts for following planning periods.

𝜗 

𝐻𝑆
ℎ,max(𝑇𝐻𝑃 ) 

≥ 𝜗 

𝐻𝑆,𝑒𝑛𝑑
ℎ ∀ ℎ ∈ 𝐻 

′ (16)
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3.3.2. Cooling mode

The operation of P2H systems in cooling mode features fundamental 

differences compared to their operation in heating mode. A parameter 

matrix 𝑃 

𝑓 𝑖𝑥 is set up for intervals 𝑖 of the heat flow 𝑄̇ 

𝐻𝑃 that is extracted 

from a household, and for intervals 𝑗 of the difference between house-

hold temperature and a HP’s cooling supply temperature 𝜗 

𝑐𝑜𝑜𝑙 . Thus, the

corresponding operating power is determined in (17) under considera-

tion of the respective EER. Inequality (5) is required in the same way as 

in heating mode.

𝑃 

𝐻𝑃
ℎ,𝑡 = 

∑

𝑖,𝑗∈Ω ℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑃 

𝑓 𝑖𝑥
ℎ,𝑖,𝑗

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (17)

The bounds for the resulting heat flow and temperature difference 

are set in (18) and (19), and (20), respectively. A sufficiently large 

temperature 𝜗 

𝑀 relaxes the bounds in the case of HP inactivity (20).

𝑄̇ 

𝐻𝑃
ℎ,𝑡 ≤

∑

𝑖,𝑗∈Ω ℎ

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑄̇

𝐻𝑃

ℎ,𝑖

)

⋅ Γ 

𝐻𝑃 

ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (18)

𝑄̇ 

𝐻𝑃
ℎ,𝑡 ≥

∑

𝑖,𝑗∈Ω ℎ
𝑖≠0

(

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝑄̇

𝐻𝑃

ℎ,𝑖−1

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (19)

(𝜗𝑎𝑚𝑏𝑡 − 𝜗 

𝑐𝑜𝑜𝑙
ℎ,𝑡 ) ⋅ Γ 

𝐻𝑃
ℎ,𝑡 ≤ 

(

∑

𝑖,𝑗∈Ω ℎ

(

𝛾 

𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ⋅ 𝜗 

𝑐𝑜𝑜𝑙
𝑗,ℎ

)

+ 

( 

1 − 

∑

𝑖,𝑗∈Ω ℎ

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗

) 

⋅ 𝜗 

𝑀 

)

⋅ Γ 

𝐻𝑃
ℎ,𝑡

∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (20)

The heat flow 𝑄̇ 

𝐻𝑃 is determined by the difference between house-

hold temperature and cooling supply temperature and by the heat 

transfer coefficient 𝑘𝐴 

𝑐𝑜𝑜𝑙 in (21). The positive buffer variable 𝜗 

𝑏𝑢𝑓 𝑓 

prevents infeasibility in the case of household temperatures below the 

minimum cooling supply temperature. Since this is only relevant when 

a HP is not in operation, the buffer is only active in that instance. This 

is ensured in (22).

𝑄̇ 

𝐻𝑃
ℎ,𝑡 = 

(

𝜗 

𝐻
ℎ,𝑡 − 𝜗 

𝑐𝑜𝑜𝑙
ℎ,𝑡 + 𝜗 

𝑏𝑢𝑓 𝑓
ℎ,𝑡

)

⋅ 𝑘𝐴 

𝑐𝑜𝑜𝑙
ℎ ⋅ Γ 

𝐻𝑃
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (21)

𝜗 

𝑏𝑢𝑓 𝑓
ℎ,𝑡 ≤ 𝜗 

𝑀 ⋅ 

∑

𝑖,𝑗∈Ω ℎ

𝛾𝐻𝑃
ℎ,𝑡,𝑖,𝑗 ∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 (22)

Analogous to (12), the temporal temperature balance equation of 

households is considered in (23). For 𝑡 = 0, (23) is to be formulated 

again with respective initialization values.

𝜗 

𝐻
ℎ,𝑡 = 𝜗 

𝐻
ℎ,𝑡−Δ𝑡𝐻𝑃 

+

[

Δ𝑡𝐻𝑃 ⋅ 

( 

−𝑄̇𝐻𝑃
ℎ,𝑡 − (𝜗𝐻ℎ,𝑡 − 𝜗 

𝑎𝑚𝑏
𝑡 ) ⋅ 

(

𝑈𝐴𝐻
ℎ + 𝑘 

𝑣𝑒𝑛𝑡
ℎ,𝑡

))

+ Δ𝑡 ⋅
𝑡+Π 

𝐻𝑃 −1
∑ 

𝑡 

′ =𝑡

(

𝑃𝐿
ℎ,𝑡 

′ + 

∑

𝑏∈𝐵 ℎ

(

𝑃𝐵𝑆,𝑐
𝑏,𝑡 

′ + 𝑃 

𝐵𝑆,𝑑
𝑏,𝑡 

′

) 

⋅ 

(

1 − 𝜂𝐵𝑆𝑏
) 

+ 𝑄̇ 

𝑠𝑜𝑙 

ℎ,𝑡 

′

+ 

∑

𝑑∈𝐷 ℎ

𝑃 

𝑇𝑆𝐿
ℎ,𝑡 

′ ⋅
(

1 − 𝜂𝑇𝑆𝐿𝑑
)

)

] 

⋅
1

𝐶 

𝐻
ℎ

∀ ℎ ∈ 𝐻 

′ , 𝑡 ∈ 𝑇 

𝐻𝑃 ⧵ {0} (23)

Analogous to (10) and (11), the warm water demand is considered 

in (24). However, in cooling mode only HRs and the heat provided by 

ST systems are available for this purpose.

∑

𝑡∈𝑇 

𝐻𝑃

(

𝑃 

𝐻𝑅
ℎ,𝑡 ⋅ 𝜂 

𝐻𝑅
ℎ

) 

⋅ Π 

𝐻𝑃 ≥ 

∑ 

𝑡∈𝑇
𝑄̇ 

𝑤 

ℎ,𝑡 

− 𝑄̇ 

𝑆𝑇
ℎ,𝑡 ∀ ℎ ∈ 𝐻 

′ (24)

Constraint groups (14) and (15) are also required in cooling mode.

3.4. Electric vehicles and battery storage systems

The scheduling of the set of EVs 𝑁 considers individual driving 

profiles that specify the time windows and energy consumption for 

the driving demand of individual EVs, and which are assumed to be 

known. Accordingly, each EVs has a limited temporal availability 𝑇 

𝐸𝑉 

for (dis-)charging and for using it as a flexible energy storage only when 

it is not driven. Thus, in the case of unavailability, the (dis-)charging

power 𝑃 is limited to zero in (25). For 𝑡 ∈ 𝑇 

𝐸𝑉 , the upper bounds 𝑃 

𝐸𝑉 

are activated by binary variables 𝛾 that determine whether EVs are in 

charging or discharging mode (26 and 27), only one of which can be 

active at a time (28).

𝑃 

𝐸𝑉 ,𝑐
𝑛,𝑡 , 𝑃𝐸𝑉 ,𝑑 

𝑛,𝑡 ≤ 0 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 ⧵ 𝑇 

𝐸𝑉
𝑛 (25)

𝑃 

𝐸𝑉 ,𝑐
𝑛,𝑡 ≤ 𝑃 

𝐸𝑉
𝑛 ⋅ 𝛾𝐸𝑉 ,𝑐 

𝑛,𝑡 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 (26)

𝑃 

𝐸𝑉 ,𝑑
𝑛,𝑡 ≤ 𝑃 

𝐸𝑉
𝑛 ⋅ 𝛾𝐸𝑉 ,𝑑 

𝑛,𝑡 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 (27)

𝛾𝐸𝑉 ,𝑐 

𝑛,𝑡 + 𝛾𝐸𝑉 ,𝑑 

𝑛,𝑡 ≤ 1 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 (28)

The (absolute) SOC is modeled over time, taking into account 

(dis-)charging with efficiency 𝜂 and the required SOC according to the 

driving profiles in (29). The efficiency is only considered for charging, 

but not for discharging, as 𝑃 

𝐸𝑉 ,𝑐 and 𝑃 

𝐸𝑉 ,𝑑 are defined as the ideal, 

loss-free power. Due to losses, less than the ideal power contributes to 

the SOC of an EV when it is charged, whereas the efficiency losses only 

affect the power which is made available to a household by discharg-

ing an EV. The consideration of the discharging efficiency consequently 

occurs in the household power balance (38), and not in constraint (29). 

To account for a sufficiently high SOC at the beginning of a driving 

period and, simultaneously, for a reduced SOC after a driving period, 

the respective amount is considered as a consumption (represented by 

𝑆𝑂𝐶 

𝐸𝑉 ,𝑟𝑒𝑞 ) in the last time step before a driving period; this is a param-

eter resulting from the driving profile. An analogous equation for 𝑡 = 0 

is required with respective initialization values.

𝑆𝑂𝐶 

𝐸𝑉
𝑛,𝑡 = 𝑆𝑂𝐶 

𝐸𝑉
𝑛,𝑡−1 + 

(

𝑃 

𝐸𝑉 ,𝑐
𝑛,𝑡 ⋅ 𝜂 

𝐸𝑉 

𝑛 − 𝑃 

𝐸𝑉 ,𝑑
𝑛,𝑡

) 

⋅ Δ𝑡

− 𝑆𝑂𝐶 

𝐸𝑉 ,𝑟𝑒𝑞
𝑛,𝑡+1 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 ⧵ {0} (29)

Upper and lower bounds for the SOC (𝑆𝑂𝐶 

𝐸𝑉 

and 𝑆𝑂𝐶 

𝐸𝑉 ) are de-

fined in (30) and (31). The binary variable in (31) ensures that the lower 

bound may not be surpassed by discharging, which is only the case if the 

binary variable 𝛾 

𝐸𝑉 ,𝑑 is assigned a value of one.

𝑆𝑂𝐶 

𝐸𝑉
𝑛,𝑡 ≤ 𝑆𝑂𝐶 

𝐸𝑉
𝑛 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 (30)

𝑆𝑂𝐶 

𝐸𝑉
𝑛,𝑡 ≥ 𝑆𝑂𝐶 

𝐸𝑉
𝑛 ⋅ 𝛾𝐸𝑉 ,𝑑 

𝑛,𝑡 ∀ 𝑛 ∈ 𝑁, 𝑡 ∈ 𝑇 

𝐸𝑉
𝑛 (31)

Analogous to (16), a lower bound 𝑆𝑂𝐶 

𝑒𝑛𝑑 for the SOC at the end of 

the planning period 𝑇 is be defined in (32). This accounts for a fore-

sighted planning approach as it prevents storages from being emptied at 

the end of the planning period.

𝑆𝑂𝐶 

𝐸𝑉
𝑛,max(𝑇𝐸𝑉

𝑛 )
≥ 𝑆𝑂𝐶 

𝑒𝑛𝑑
𝑛 ∀ 𝑛 ∈ 𝑁 (32)

The set 𝐵 of BSs is modeled with constraints analagous to (25) to 

(30) and (32), but without limited temporal availability and without 

𝑆𝑂𝐶 

𝐵𝑆,𝑟𝑒𝑞 , as no own demand is to be considered.
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3.5. Time-shiftable loads

TSLs are represented by set 𝐷. Each TSL has an available time win-

dow 𝑇 

𝑇𝑆𝐿 in which a sequence of operational phases 𝑇 

𝜏 with respective 

power 𝑝 

𝑇𝑆𝐿 needs to be scheduled. The binary variable 𝛾 

𝑇𝑆𝐿 in (33) de-

termines which phase is active at which time. Thus, the power variable 

𝑃 

𝑇𝑆𝐿 is assigned the respective value of 𝑝 

𝑇𝑆𝐿 . For reasons of efficiency,

only operational phases 𝜏 that are not greater than the position of 𝑡 in 

𝑇 

𝑇𝑆𝐿 are considered (e.g. the second operational phase cannot be active 

in the first time step).

𝑃 

𝑇𝑆𝐿
𝑑,𝑡 = 

∑

𝜏∈𝑇 

𝜏 

𝑑
𝜏≤𝑝𝑜𝑠(𝑡,𝑇 𝑇𝑆𝐿

𝑑 )

𝑝𝑇𝑆𝐿𝑑,𝜏 ⋅ 𝛾𝑇𝑆𝐿𝑑,𝑡,𝜏 ∀ 𝑑 ∈ 𝐷, 𝑡 ∈ 𝑇 

𝑇𝑆𝐿
𝑑 (33)

The set 𝑇 

𝑠𝑡𝑎𝑟𝑡 

𝑑 ⊆ 𝑇 

𝑇𝑆𝐿 contains𝑑  the time steps in which the operation

of 𝑑 may be started. Eq. (34) ensures that the starting phases with 𝜏 = 0 

are activated exactly once. Starting the operation at any time after the 

starting time window is prevented by (35).

∑

𝑡∈𝑇 

𝑠𝑡𝑎𝑟𝑡
𝑑

𝛾𝑇𝑆𝐿𝑑,𝑡,0 = 1 ∀ 𝑑 ∈ 𝐷 (34)

∑

𝑡∈𝑇 

𝑇𝑆𝐿
𝑑 ⧵𝑇 𝑠𝑡𝑎𝑟𝑡

𝑑

𝛾𝑇𝑆𝐿𝑑,𝑡,0 ≤ 0 ∀ 𝑑 ∈ 𝐷 (35)

Eq. (36) maintains the uninterrupted sequence of operational phases. 

The sets 𝑇 

′ 𝑇𝑆𝐿 and 𝑇 

′ 𝜏 represent 𝑇 

𝑇𝑆𝐿 and 𝑇 

𝜏 without the respective 

first value of the set, as there are no predecessors defined for the first 

time step and first operational phase.

𝛾𝑇𝑆𝐿𝑑,𝑡,𝜏 = 𝛾𝑇𝑆𝐿𝑑,𝑡−1,𝜏−1 ∀ 𝑑 ∈ 𝐷, 𝑡 ∈ 𝑇 

′ 𝑇𝑆𝐿
𝑑 , 𝜏 ∈ 𝑇 

′ 𝜏
𝑑 (36)

To prevent the operation of TSLs outside of the time window 𝑇 

𝑇𝑆𝐿 , (37) 

is required.

𝑃 

𝑇𝑆𝐿
𝑑,𝑡 ≤ 0 ∀ 𝑑 ∈ 𝐷, 𝑡 ∈ 𝑇 ⧵ 𝑇 

𝑇𝑆𝐿
𝑑 (37)

3.6. Balance and trading constraints

The scheduling of DERs has to take into account that each house-

hold’s energy supply and demand must be balanced at all times. The 

balance equation with the power of all DERs and trading variables is 

modeled in (38). Regarding EVs and BSs, the efficiency 𝜂 is only consid-

ered in the case of discharging, as the charging losses do not contribute 

to the household power balance.

∑

𝑏∈𝐵 ℎ

(

𝑃𝐵𝑆,𝑐
𝑏,𝑡 − 𝑃 

𝐵𝑆,𝑑
𝑏,𝑡 ⋅ 𝜂𝐵𝑆𝑏

) 

+ 

∑ 

𝑛∈𝑁 ℎ

(

𝑃𝐸𝑉 ,𝑐 

𝑛,𝑡 − 𝑃 

𝐸𝑉 ,𝑑 

𝑛,𝑡 ⋅ 𝜂 

𝐸𝑉
𝑛

)

+ 

∑

𝑑∈𝐷 ℎ

𝑃 

𝑇𝑆𝐿
𝑑,𝑡 + 𝑃 

𝐿
ℎ,𝑡 + 𝑃 

𝐻𝑃
ℎ,𝑡 + 𝑃 

𝐻𝑅
ℎ,𝑡 = 𝑃 

𝑃𝑉
ℎ,𝑡

+ 𝑃 

𝑊 𝑆,𝑏𝑢𝑦
ℎ,𝑡 − 𝑃 

𝑊 𝑆,𝑠𝑒𝑙𝑙
ℎ,𝑡 +

(

𝑃𝐿𝑀,𝑏𝑢𝑦
ℎ,𝑡 − 𝑃 

𝐿𝑀,𝑠𝑒𝑙𝑙
ℎ,𝑡

)

⋅ Λ 

𝐿𝑀
𝑡

+ 

(

𝑃 

𝑖𝑛𝑡,𝑏𝑢𝑦
ℎ,𝑡 − 𝑃 

𝑖𝑛𝑡,𝑠𝑒𝑙𝑙
ℎ,𝑡

)

⋅ Λ 

𝑖𝑛𝑡
𝑡 ∀ ℎ ∈ 𝐻, 𝑡 ∈ 𝑇 (38)

Furthermore, each household is limited to either purchasing or sell-

ing at a specific time step (39). A sufficiently large 𝑃 

𝑀 is activated as

an upper bound for trading if the respective binary variable 𝛾 

𝑏𝑢𝑦 or 𝛾 

𝑠𝑒𝑙𝑙

assumes a value of 1 in (40) and (41).

𝛾𝑏𝑢𝑦ℎ,𝑡 + 𝛾𝑠𝑒𝑙𝑙ℎ,𝑡 ≤ 1 ∀ ℎ ∈ 𝐻, 𝑡 ∈ 𝑇 (39)

𝑃 

𝑊 𝑆,𝑏𝑢𝑦
ℎ,𝑡 + 𝑃 

𝐿𝑀,𝑏𝑢𝑦
ℎ,𝑡 ⋅ Λ 

𝐿𝑀
𝑡 + 𝑃 

𝑖𝑛𝑡,𝑏𝑢𝑦
ℎ,𝑡 ⋅ Λ 

𝑖𝑛𝑡
𝑡 ≤ 𝛾𝑏𝑢𝑦ℎ,𝑡 ⋅ 𝑃 

𝑀

∀ ℎ ∈ 𝐻, 𝑡 ∈ 𝑇 (40)

𝑃 

𝑊 𝑆,𝑠𝑒𝑙𝑙
ℎ,𝑡 + 𝑃 

𝐿𝑀,𝑠𝑒𝑙𝑙
ℎ,𝑡 ⋅ Λ 

𝐿𝑀
𝑡 + 𝑃 

𝑖𝑛𝑡,𝑠𝑒𝑙𝑙
ℎ,𝑡 ⋅ Λ 

𝑖𝑛𝑡
𝑡 ≤ 𝛾𝑠𝑒𝑙𝑙ℎ,𝑡 ⋅ 𝑃 

𝑀

∀ ℎ ∈ 𝐻, 𝑡 ∈ 𝑇 (41)

For internal trading, the balance condition in (42) has to be fulfilled 

as internal trading is only possible if a purchaser and seller are matched.

∑

ℎ∈𝐻
𝑃 

𝑖𝑛𝑡,𝑏𝑢𝑦
ℎ,𝑡 ⋅ Λ 

𝑖𝑛𝑡
𝑡 = 

∑

ℎ∈𝐻
𝑃 

𝑖𝑛𝑡,𝑠𝑒𝑙𝑙
ℎ,𝑡 ⋅ Λ 

𝑖𝑛𝑡
𝑡 ∀ 𝑡 ∈ 𝑇 (42)

4. Case study

The EAM is applied in a case study of a network on distribution 

grid level with 111 prosumer households, the data for which originates 

from the SimBench data sets [44]. Each household has unique char-

acteristics regarding the relevant parameters for the thermodynamic 

relations, and unique sets of DERs with individual characteristics. All 

parameters are configured in line with existing norms and regulations 

[45,46]. Each household is modeled with an HP. 94 of the 111 house-

holds are equipped with a PV system with peak powers in the range of 

5.7 to 31.6 kW. 44 households have ST systems with maximum heat 

flow rates of 0.8–4.7 kW. Furthermore, 76 BSs are included. The respec-

tive capacities range from 2.4 to 14.4 kWh with a maximum power of 

6 kW. The 111 households own a total of 140 EVs. Of the 94 house-

holds owning EVs, 54 own exactly one, 34 own two and 6 own 3 EVs. 

Technical data for the four types of considered models is presented in 

Table 1. Standardized load profiles from WPuQ data sets are applied to 

the households with individual scaling factors in accordance with the 

household area sizes [51]. Household sizes range from 96 to 533 square 

meters of living area.

Further parameters regarding environmental aspects such as solar 

radiation, ambient temperatures, WS energy prices and fees, as well as 

the load profiles are based on real data from the year 2019. Weather 

data is acquired from the German city of Hamelin [52]. The WS prices 

for the respective dates and times are taken from the European Energy 

Exchange (EEX) in Germany [53]. The LM prices are determined on the 

basis of WS prices as well as local demand and supply of energy in a 

way that incentives for local trading are created, both on purchaser and 

seller sides. Consumer fees are set in accordance with German regula-

tions [54]. To account for the different operational modes of HPs, the 

case study is considered in two scenarios: a summer scenario, consisting 

of 62 individual summer days (cooling mode), and 62 individual winter 

days (heating mode) as a winter scenario. Each day represents a model 

instance as a single day-ahead optimization. The EAM is applied with a 

time step width of 30 min, overall, and 60 min for the operation of HPs.

In order to perform differentiated analyses, four different configura-

tions of EAs are considered in the case study, in which the availability of 

trading levels is varied. In configuration C1, all three trading options are 

fully available, thus representing fully operational EAs in the way intro-

duced above. In C2–C4, the availability of trading options is gradually 

decreased. In C2, internal trading is disabled, leaving only the options of 

trading on LM and WS level. In C3, only WS trading remains. The base 

case C4 represents an approximation of unaggregated and self-managing 

households that can only trade at prices that are fixed over the course of 

the whole day, thereby leaving no temporal price fluctuations to exploit. 

C4 can thus be viewed as a baseline for assessing the potential of EA, as 

it reflects the situation of single households without EAs.

Table 1 

EV data [47–50].

Model name Battery capacity (Dis-)charging power limit

Tesla Model S Performance 100 kWh 16.5 kW

Volkswagen ID.4 Pro 4MOTION 82 kWh 11 kW

Volkswagen e-Up! 36.8 kWh 7.2 kW

Renault Zoe ZE40 R110 54.7 kWh 22 kW
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The model instances resulting from the case study application are 

solved using Gurobi version 11 on a standard office workstation.

5. Results and discussion

In this section, the results from the two case study scenarios are 

presented and discussed. In order to validate the EAM’s efficacy, the 

economic efficiency of EAs is analyzed, which is then further examined 

with respect to the different DER types.

5.1. EA efficiency

To analyze the economic efficiency of EA, the results regarding con-

figurations C1 to C4 are presented and discussed in this subsection for 

both scenarios.

5.1.1. Summer scenario - cooling mode

One major characteristic of the summer scenario is that house-

holds with PV systems are at times provided with abundant energy. 

Accordingly, the amount of solar radiation on a specific day significantly 

influences the decisions and the economic potential of a local EA. This 

is illustrated in the graphs for all four configurations in Fig. 3 which 

show that the daily household average trading profit for the 111 aggre-

gated households significantly increases with increasing solar radiation 

(𝑅 

2 = 0.810 for C1).

Although all four configurations are subject to the aforementioned 

positive relationship between solar radiation and profit, the regression 

lines reveal a clear hierarchy regarding profitability. Whereas house-

holds in the baseline configuration C4 make average daily profits of only 

1.54 €, enabling the exploitation of WS price fluctuations in C3 provides 

them with a profit increase of 2.04 € or 132.24 % on average in compar-

ison to C4. The LM further adds 1.14 € in C2, and in C1 the average daily 

household profit is again increased by 0.22 €. In relation to C4 this adds 

up to a difference of 3.4 € or 220.15 %. In the C4 graph, a nearly linear 

relationship between profit and solar radiation is observed. This indi-

cates that with more solar radiation, there is more energy available to 

be sold for a fixed price and thus, the marginal profit is nearly constant. 

In the absence of variable prices and other trading options, there are no 

notable opportunities to utilize abundant energy more efficiently. Since 

households are not interconnected by internal trade, the only alternative 

for using abundant energy is by the resident households themselves. The 

profit differences between the configurations increase with increasing 

solar radiation. A higher degree of flexibility thus enables synergy po-

tentials to be exploited. Even without internal and local trading, flexible 

WS prices (C3) provide large benefits by enabling abundant energy to be

Fig. 3. Summer scenario results.

Fig. 4. Summer scenario relative trading volumes (C1).

sold at times of high prices. The resident households’ flexibility allows 

them to store energy until the most beneficial times. In C2, enabling the 

EA to also trade on LM level gives further options for profitably selling 

abundant energy, increasing the gap between C2 and C3 even more with 

increasing solar radiation. Additionally, profits can be slightly increased 

even more with internal trading, as direct synergies between households 

are realized. The largest gap can, however, be observed between C3 and 

C4, i.e. flexible WS prices comprise the highest potential for optimiza-

tion. This relates to the limited trading opportunities on LM and internal 

levels due to small numbers of market participants, especially under in-

fluence of locally homogeneous phenomena such as solar radiation and 

their impact on local prices. As a consequence, the majority of trading 

is done on WS level. An illustration is provided in Fig. 4, which shows 

the proportions of trading volumes on the three different trading levels 

in dependence on the daily total solar radiation for each of the 62 days 

from the case study, respectively.

A notable difference is also visible between the potential of local com-

pared to internal trading, as the gap between C2 and C3 is significantly 

larger than the gap between C1 and C2. This is partly due to the overall 

higher trading volume on LM level. Furthermore, the inherent nature of 

internal trading limits it to relatively small profit margins compared to 

external trading options. Internal trading between two households can 

only be initiated if both participants have a monetary incentive and this 

is only the case if the respective WS and LM prices are sufficiently close 

to each other. Otherwise, for either the purchaser or the seller an ex-

ternal trading option would be more profitable and an internal trade 

would not take place. Larger differences between the external prices not 

only disable internal trading, but also enable more profitable options for 

exploiting extreme prices. Specifically, internal trading is only enabled 

if the sum of the higher external price and the internal trading fee is 

lower than the sum of the lower external price and the respective ex-

ternal fee. The degree to which internal trading is subsidized with low 

fees, is therefore a factor that can improve availability and profitability 

of internal trading.

The above results validate the efficacy of the EAM, as the economic 

potential of multiple trading options and locally abundant energy is 

exploited. The advantage of a holistic approach considering multiple 

trading options is thus shown as the opportunities to monetize these op-

tions result from the interdependence of trading and flexibly scheduling 

various DERs. Before assessing the contribution of different flexibility 

types to these profit gains, analogous analyses are performed for the 

winter scenario.
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Fig. 5. Winter scenario results (bubble size indicates solar radiation).

5.1.2. Winter scenario – heating mode

The characteristics of the winter scenario have two major differences 

in regard to the summer scenario. The households’ loads, especially heat-

ing loads, are higher, and there is only little PV-generated energy. Both 

aspects negatively influence the trading profit. Contrary to summer days, 

the households on average record losses on the vast majority of days 

due to the necessity of purchasing and little potential for selling energy. 

Although the profit is more strongly correlated with the daily average 

temperature (𝑅 

2 = 0.465 for C1) than with the amount of solar radi-

ation (𝑅 

2 = 0.331 for C1), the impact of both factors is visible in Fig. 

5. Due to increased computation times for the more complex heating 

mode, the results in this scenario are based on an EAs with only 10 

households.

Low temperatures lead to increasing costs due to additional heat-

ing loads, whereas higher amounts of solar radiation reduce the losses, 

or even enable slight profits on warmer days. The hierarchy of con-

figurations C1 to C4 is equivalent to the summer scenario. Whereas 

self-managing households in C4 have daily trading deficits of 5.70 € on 

average to cover their loads, this is reduced by 1.99 € (34.93 %) in C3. 

Enabling further trading options in C2 and C1 additionally reduces the 

average daily trading losses by 0.49 € (13.19 %) and 0.27 € (8.33 %), 

respectively. In relation to the baseline C4, an EA in C1 reduces the 

overall household energy cost by 2.75 € or 48.22 % on average per day. 

These findings show that the highest potential for optimization lies in 

minimizing the purchasing costs on WS level which is the overall domi-

nant trading option. A more differentiated analysis in Fig. 6 reveals that 

the proportion of internal trading increases with increasing temperature 

and eventually exceeds the proportion of WS trading. On cold days a 

lot of energy is bought externally to cover high heating demands. The 

low internal trading volumes at the same time indicate that due to high 

resident loads, few flexibility options are left to be exploited. Despite 

the overall trading volume on LM level being lower than the internal 

trading volume, the profit gap between C3 and C2 is relatively larger 

than the one between C2 and C1, i.e. local trading contributes more to 

profit gains than internal trading due to higher profit margins on this 

level. The gap between C1 and C2 converges towards zero for cold days 

which is evident considering that nearly no internal trading occurs on 

these days (see Fig. 6).

In line with the summer scenario results, the efficacy of the EAM is 

also validated for the winter scenario, as the different trading options 

are exploited to the benefit of participating households, thereby sup-

porting the holistic approach. All three trading options provide benefits 

that, however, strongly differ within the days analyzed in the case study.

Fig. 6. Winter scenario relative trading volumes (C1).

Only due to the explicit modeling of the interdependence between en-

ergy trading and DER scheduling, the analyzed effects can be taken into 

account and the potential of EAs can be exploited.

5.2. Flexibility type analysis

To gain deeper insights into the above results, a closer look at the 

interrelations between the scheduling of DERs and economic efficiency 

is taken in this section with the aim of assessing whether the integration 

and detailed consideration of the respective DER types into the EAM are 

beneficial.

5.2.1. Power-to-heat systems

The impact of the P2H operation differs significantly between sea-

sonal scenarios. In the summer scenario, the heating load constantly 

constitutes about 12 % of the daily total load for all four EA configura-

tions. The impact of cooling is negligibly small, as the HPs are barely 

in operation on most days under the moderate conditions of a German 

summer with daily average temperatures in the range of 13 

◦ C–25 

◦ C. 

On the hottest days in the case study with average temperatures of up 

to 28 

◦ C, the average household cooling load reaches at most 0.34 kWh 

of electrical power. This is still very low in comparison to the warm 

water (WW) demand, which requires between 3 and 5 kWh for HR op-

eration. Two conclusions regarding the modeling of P2H systems can 

be drawn: a detailed consideration of a HP’s cooling mode might only 

be useful under more extreme weather conditions that require more 

cooling; and since the WW demand also has to be covered on warm 

days, this heating load could be provided by HPs rather than HRs 

more efficiently by also integrating the heating mode in the summer 

scenario.

A major cause of the massive increase in losses on cold winter days, 

observed in Fig. 5, can be found within the operation of P2H systems. 

As can be seen in Fig. 7, the heating load covered by HPs increases 

with decreasing temperature, i.e. with increasing heating demand. This 

plausible relation is only disrupted on the coldest days in the case 

study with average temperatures of less than −3 

◦ C which show a 

reduction in the operation of HPs. Since they cannot be operated at 

ambient temperatures below the bivalence point of −5 

◦ C, at these 

times HPs are replaced by HRs as heat sources. Due to the low effi-

ciency of HRs, they require comparatively higher operational power to 

substitute HPs, resulting in overall higher heating loads. On days that 

are not affected by the bivalence point, the operation of HR is limited to 

negligibly small loads. The strong impact of overall heating load on trad-

ing profit in the winter scenario is underlined by an 𝑅 

2 value of 0.792 

for C1.
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Fig. 7. Winter scenario P2H operation (C1).

In order to provide an adequate basis for the operational deci-

sions of P2H systems and considering the inherent complex efficiency 

factors that have significant impact on economic efficiency, it is nec-

essary to model these systems with a high level of detail. Without 

adequately modeling such thermal aspects, optimization results are 

prone to stronger efficiency deviations compared to the real-world op-

eration of P2H systems. Accordingly, the operational times of HPs are 

non-trivially scattered over the course of days, dependent not only on 

energy prices but also on the availability of abundant or stored en-

ergy at the respective households. The different operating modes come 

into play and significantly influence the overall efficiency as the cor-

responding COPs assume values in the range of 2.3018 to 4.0208, 

depending on the respective ambient temperatures and heat storage 

temperatures over the course of a day. Assuming a constant COP and 

not accounting for the specific heat flows in the households would 

have a strong impact on the heating loads depicted in Fig. 7 and pro-

vide unrealistic results, as significant fluctuations in efficiency would be 

neglected.

The above findings furthermore suggest that it might provide ad-

ditional optimization potential to take weather forecasts for following 

days into account so that HSs can be efficiently filled by HPs on moder-

ately cold days that are followed by colder days with restricted operation 

of HPs. Whereas this has the drawback of increased computational 

effort, the observed effects of efficiently deploying HPs can be ex-

pected to have even higher potential over a time horizon of more than 

one day.

5.2.2. Energy storages

It can be expected that the shown results are intertwined with the 

utility of energy storage in BSs and EVs. An overview of the respective 

charging loads is presented in Fig. 8 for C1–C4 in the summer sce-

nario. Significant qualitative differences can be observed between the 

four EA configurations. In C4, the storage capacities are used only to a 

marginal extent of less than 1 kWh per household. This indicates that 

these resources are only charged when the respective household can 

use abundant energy at a later time of day. If the prices are constant 

over time, there is no potential for strategically deploying storage at 

convenient times. Whereas the charging load of EVs is nearly constant 

for all instances in the case study, there is a slightly negative relation 

between solar radiation and BSs usage. Although more solar radiation 

provides more energy overall, simultaneously the demand for purchas-

ing energy decreases as many households have an abundance of energy 

themselves, thereby also decreasing the overall need for storing energy

Fig. 8. EVs and BSs charging in the summer scenario.

for later use. Days with less solar radiation and, thus, shorter time pe-

riods of energy abundance consequently exhibit more opportunities for 

using stored energy at a later time.

For both storage types, the usage is nearly identical in C3 and C2. 

This indicates that nearly no synergies are realized between storage flex-

ibility and LM trading. However, with increasing solar radiation there 

is an increase in storage loads. By exploiting flexible WS prices, abun-

dant energy can be stored beneficially to be sold at times of high prices. 

A qualitative difference is observable between EVs and BSs: whereas 

BSs are the dominant storage type on days with low solar radiation, the 

usage of EVs increases more strongly with increasing abundance of en-

ergy. Contrarily, on sunny days significantly more energy is stored in 

EVs than in BSs. When energy is scarce, the unlimited temporal flexibil-

ity of BSs provides an advantage for more efficient use. With increasing 

abundance of energy, constraints of lower capacities and charging power 

limits become more restrictive. In C1, there is only a marginal differ-

ence in the usage of BSs in comparison to C2 and C3. The amount 

of energy stored in EVs increases with increasing solar radiation, but 

to a lesser extent than in C2 and C3. This shows that occasionally it 

is more beneficial to trade abundant energy internally instead of stor-

ing it for own use or for externally selling at a later time. Although in 

these instances the overall amount of internal trading is low (see Fig. 

4), exactly these internal trades substitute the usage of storages. This 

shows that demands of households without PV systems and without res-

ident abundant energy can be covered more efficiently through internal 

trading.

Contrary to the summer scenario, in the winter scenario (see Fig. 

9) BSs are the dominant storage type, whereas the flexibility of EVs is 

only used to a small extent of one to three kWh of stored energy as 

the household average per day. The differences between C1, C2 and 

C3 in regard to EVs usage are marginal, only in C4 a slight decrease is 

observable. This shows that the impact of EVs storage flexibility is mi-

nor due to the temporal restrictions of use. In contrast to summer days, 

during which energy storage systems are used to store vast amounts of 

abundant solar energy at once, on winter days the flexibility of pur-

chasing energy at times of low prices and consuming it at times of high 

demand is more important than high capacities and (dis-)charging pow-

ers of storages. The usage of BSs is subject to a strong increase on the 

coldest winter days as there are higher heating demands to be covered 

(see Fig. 7). The above findings underline the significant impact of the 

storage parameters temporal availability, (dis-)charging power and ca-

pacity. The limited deployment of EVs flexibility in the winter scenario 

leads to the conclusion that frequent communication between house-

holds and EAs regarding the planned or estimated usage of EVs is a
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Fig. 9. EVs and BSs charging in the winter scenario.

critical aspect for realizing the inherent potential because high avail-

ability is an important factor for efficiently utilizing the flexibility of 

EVs. On the other hand, the efficiency potential of BSs is limited by the 

maximum charging power of 6 kW and could be increased with more 

powerful energy storages. The complexity within the above findings sup-

ports the necessity of holistically considering different energy storages 

in combination with the unique properties of other DERs in order to 

take the inherent interrelations into account. As different properties of 

storages result in different usage patterns, the economic potential of en-

ergy storages can be seen to strongly depend on various other factors. 

This includes external factors such as solar radiation or ambient temper-

ature, as well as other sources of flexibility to generate synergies within 

interdependent scheduling decisions. Thus, an adequate consideration 

of these interrelations in the model by holistically integrating different 

types of flexible DERs and multiple trading options is necessary to exploit 

the inherent potential. This work contributes to research by developing 

a respective EAM that takes these interdependencies into account in a 

differentiated way.

6. Conclusion

In this work, a MILP model for the day-ahead EA problem is in-

troduced as a base model that holistically integrates all major aspects 

of the operation of such a system. Decisions regarding multiple differ-

ent trading options, including internal trading between households of 

the same EA and thereby forming an EC, are integrated into the op-

erational decision making regarding the deployment of different types 

of DERs with their respective technological properties. A special con-

tribution to existing work on EA optimization lies in the high level of 

detail in the modeling of P2H systems with HPs to enable coupling of 

the electrical and thermal systems. The model is applied to a case study 

consisting of a summer and a winter scenario with 62 days, respectively, 

and real weather and energy price data for these days. In the summer 

scenario, an EA with 111 individually modeled prosumer households is 

considered, whereas the study is limited to 10 households in the winter 

scenario due to high computation times. The results reveal high poten-

tial for realizing trading profits on behalf of the aggregated households 

that can be attributed to the different system components and synergies 

between them. Thus, the efficacy of the model is validated, underlin-

ing the importance of a holistic approach with a high level of detail 

that enables an explicit consideration of these synergies. In both sce-

narios, each of the three trading options (WS, LM and internal trading) 

significantly contributes to increasing profits. The inherent flexibility of

DERs such as P2H systems, EVs, BSs and TSLs in combination with res-

ident PV systems enables the exploitation of temporal fluctuations in 

energy prices. Although the overall impact of internal trading is lower 

in comparison to the other trading levels, it can be shown to provide 

profit increases of up to 10 % daily as the household average. Since this 

result is likely to be sensitive to the degree to which internal trading is 

monetarily incentivised in the form of reduced trading fees, future re-

search regarding the impact of the structure of energy prices and fees 

on the economic efficiency of EAs could provide deeper insights into the 

potential of internal and local trading. A high level of detail regarding 

technological properties of different types of DERs has been shown to 

be useful in the context of EA operational decisions, as the potential of 

EAs is built on interdependent, synergistic effects between the different 

system components, and because these effects are not properly taken 

into consideration if the underlying technological details are neglected. 

In the winter scenario, efficiently covering the required heating loads is 

the major influencing factor of trading profit. The EAM provides a differ-

entiated consideration of the thermal relations that allows an adequately 

realistic integration of P2H systems and, thus, additional synergetic po-

tential. More potential in this regard could be raised by extending the 

planning horizon to consider subsequent days in the day-ahead opti-

mization. In the summer scenario, profit is predominantly influenced 

by efficiently using abundant PV energy, which is fostered by usage of 

storage flexibility. An interesting finding is the trade-off between the 

temporal flexibility of storage systems and their charging power and ca-

pacity. Whereas in the summer scenario, EVs are dominantly used to 

store large amounts of abundant PV energy at high charging rates, the 

temporally unlimited flexibility of BSs is more beneficial in the winter 

scenario and on the less sunny summer days to exploit the full synergetic 

potential of energy price fluctuations, heating flexibility and internal 

trading.

The limitations of high computation times due to the high level of 

detail in modeling the EA problem provide future research opportuni-

ties for more efficient solution methods. As the concept of flexibility 

procurement for system operators is not considered in this work, a 

point of interest for future research on EAs could be an assessment 

of the potential for providing such ancillary services to grid opera-

tors by integrating this aspect into the EAM. Furthermore, performing 

in-depth analyses regarding the potential of a more foresighted de-

ployment of energy storages and the influence of different energy 

price structures could diminish the limitations of this work resulting 

from simplified assumptions in regard to these aspects. Moreover, vari-

able bidding prices on the energy markets could also be considered 

as a subject of optimization to account for a more realistic trading 

behavior.
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Appendix 

See Tables 2–4. 

Table 2 
Definition of sets. 
Symbol Definition 

� Set of BSs 
�ℎ Set of BSs of a household ℎ 
� Set of TSLs 
�ℎ Set of TSLs of a household ℎ 
� Set of households 

′ � Set of households with a P2H system 
� Set of EVs 
�ℎ Set of EVs of a household ℎ 
� Set of time steps 
� � Set of time steps of comfort time window 
� �� 
� Set of time steps in which EV � is available 

� �� Set of time steps for P2H system operational decisions 
� ����� � Set of time steps in which TSL � can be started 
� � �� 
� 
′ � �� � � 

Set of time steps in which TSL � is available 
Set of time steps in which TSL � is available, excluding the first one 

� � 
� 
′ � � � 

Set of operational phases of TSL � 
Set of operational phases of TSL �, excluding the first one 

Ωℎ Set of operational modes of HPs 
Ω� 

ℎ Set of operational modes of HPs capable of covering warm water demand 

Table 3 
Definition of variables. 
Symbol Definition 

�  ��,� �,�  Charging power of a BS � 
�  

  ��,� 
�,�  Discharging power of a BS � 

�  

  �� ,� 
�,�  

�   

 

�� ,� 
�,�  

Charging power of a EV � 
Discharging power of a EV � 

�  

 

�� 
ℎ,�  Operational power of a HP

�  �� 
ℎ,� Operational power of a HR
���,���

 

�   
ℎ,�  Power purchased on internal level 

�  ���,���� ℎ,�  Power sold on internal level 
�  �� ,��� 
ℎ,� Power purchased on LM level 

�  �� ,���� 
ℎ,� Power sold on LM level 

�  

  ��� 
�,� Operational power of a TSL � 

�  

  � �,��� 
ℎ,� Power purchased on WS level

�  

  � �,���� 
ℎ,� Power sold on WS level 

�̇ � 
ℎ,� Heat flow directed into a household

�̇ �� 
ℎ,� Heat flow generated by a HP

��� 

�� 
�,� SOC of BS � 

��� 

�� 
�,� SOC of EV � 

���,� �,� Binary variable to (de-)activate charging of BS � 
���,� 
�,� Binary variable to (de-)activate discharging of BS � 
���� 
ℎ,� Binary variable to (de-)activate purchasing of energy
���  ,�  
�,� Binary variable to (de-)activate charging of EV � 
���  ,�  
�,� Binary variable to (de-)activate discharging of EV � 
���  
ℎ,�,�,� Binary variable to (de-)activate operational mode �, � of a HP
�����  ℎ,� Binary variable to (de-)activate selling of energy
�� ��  
�,�,�  Binary variable to (de-)activate operational phase � of TSL � 
����   

 

� 
ℎ,�  Buffer variable for the cooling supply temperature of a HP

�� ��� ℎ,� Cooling supply temperature of a HP
�� 
ℎ,�   Household temperature

�� � 
ℎ,� HS temperature 

Table 4 
Definition of parameters. 

Symbol Definition 

� 

� 
ℎ  

� 

�� 
ℎ 

Thermal mass of a household
Heat capacity of a HS 

�  

 

��� Internal energy trading fee 
�  �� LM energy trading fee 
�  

 

� � WS energy trading fee 
����� ℎ  Ventilation loss coefficient 
��ℎ  Heat transfer coefficient 
���

 

��� 
ℎ Cooling heat transfer coefficient 

�  

 

� �� 
ℎ,� Operational power of a HP in power level � 

�  

 

� �� 
ℎ,�,� Operational power of a HP in operational mode �, � 
�� 

� � Maximum (dis-)charging power of EV � 
�� 

�  ℎ Maximum operational power of a HR 
�  

 

� 
ℎ,�  

�  � 
Base load
Sufficiently large power 

�  �� 
ℎ,� Power generated by PV system

�� �� 
�,� Operational power of TSL � in operational phase � 
�̇ �   

 

�� 
ℎ,�,� Heat flow of a HP in operational mode �, � 
�� 

�̇ 
ℎ,� Upper bound for HP heat flow at power level � 

�̇ ��� 
ℎ,� Solar irradation

�̇ �� 
ℎ,� Heat flow from ST system

�̇  � 
ℎ,�  Warm water demand

��� 

��� 
� Lower bound for SOC of EV � at the end of the planning 

period 
�� 

��� � Upper bound for SOC of EV � 
��� 

�� 
�  Lower bound for SOC of EV � 

���  

 

�� ,��� 
�,� Energy requirement for driving demand of EV � 

� ��
ℎ  Thermal transmittance coefficient between a household and 

its ambience 
� ��

 

� 
ℎ Thermal transmittance coefficient between a household and 

its HS 
Γ�

 

� 
ℎ,� Binary parameter to (de-)activate the possibility of HP 

operation 
Δ� Time step width 
Δ�  

 

�� Time step width for P2H system operational decisions 
��� 
�  
� 

�� 
� 

BS (dis-)charging efficiency 
EV (dis-)charging efficiency 

��� 
ℎ HR efficiency 
�� �� 
�  
���� 

TSL efficiency 

�  � 
�ℎ  

Ambient temperature 
Upper bound for household temperature within comfort time 
window 

�� ℎ  Lower bound for household temperature within comfort time 
window 

���� 
� � ,ℎ Upper bound for HP cooling supply temperature in 

termperature difference interval � 
� 

� ℎ,�  Upper bound for household temperature 
�� 
ℎ,�   Lower bound for household temperature 

��  

 

� ,��� 
ℎ Supply point maximum temperature of a HP 
�� 

� ℎ,�  Upper bound for HS temperature in temperature difference 
interval � 

�� �,��� 
ℎ HS temperature threshold at the end of the planning period 

�� 
 Sufficiently high temperature 

Λ��� 
�  Binary parameter to (de-)activate the possibility of internal 

trading 
Λ�� 

�  Binary parameter to (de-)activate the possibility of LM 
trading 

���  
�  LM energy price 

��  
 

� 
� WS energy price 

Π
 

�
 

� Ratio of P2H system time step width and standard time step 
width 

Data availability 

Data will be made available on request. 
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