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Abstract. Energy communities enable effective coordination among prosumers on 

pursuing collective targets. This paper focuses on isolated 100% renewable communities, 

involving individual (controllable appliances and small generators) and collective (wind 

generators and battery banks) assets. To effectively coordinate the agents involved in 

these structures, advanced energy management strategies are necessary. This work 

develops a three-stage day-ahead scheduling strategy for isolated 100% energy 

communities, involving peer-to-peer transactions among prosumers. The different 

uncertainties involved are incorporated through a novel stochastic-robust formulation, 

that results in a computationally tractable optimization framework. To validate the new 

model, a case study on a six-prosumer benchmark community is analysed. Results reveal 

the importance of collective assets and peer-to-peer exchanges among prosumers as well 

as the effectiveness of the developed formulation. The role of batteries is also discussed, 

helping to reduce the total unserved energy and operating cost by 20% and 19%, 

respectively, as well as enabling a more efficient use of wind energy. The impact of 

robustness is also studied, incrementing the expected importable energy by 28% 

compared to the deterministic case, while the exportable energy from prosumers is 

notably reduced by 40%. However, uncertainty-aware strategies have a direct impact on 

operational costs, incrementing the expenditures by 37% when uncertainties are 

considered. 

Keywords. Energy community; Energy storage; Peer-to-peer; Photovoltaic; Renewable 

energy; Robust optimization; Stochastic programming; Wind energy.  
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Nomenclature 

Indexes (Sets) 

 ,i j Q   Prosumer 

 t T    Time 

 /

i

NI Ia A  ith customer-owned controllable appliance (NI: non-interruptible, I: 

interruptible) 

 s S    Scenario 

 r R    Representative scenario 

    Allowable time window 

    Cluster of a representative scenario 

Superscripts 

/pur exp   Importable/exportable 

PV    Photovoltaic 

NC    Non-controllable 

, /air in out   Indoor/outdoor air 

build    Building or dwelling 

, /HVAC h c  Heating-ventilation-air conditioner system in heating/cooling 

mode 

, /W h c  Hot/cold water 

EWH  Electric water heater 

/sp db  Setpoint/deadband 

EC  It refers to collective assets owned by the community 

, /BES ch dch   Battery energy storage in charging/discharging mode 

WG  Wind generator 

NS  Non-served 

Functions 

 E  Expected value 

 size   Number of elements within a set or vector 

   /   Minimum/maximum value 

Parameters & constants 

  Solar irradiance (kW/m²) 

  Temperature (ºC or K) 

  Efficiency (%) 

  Time step (h) 

  Duty cycle (h) 

m  Mass (kg) 



C  Heat or thermal capacity (kJ⸱kg-1⸱ºC-1 or kWh⸱ºC-1) 

R    Equivalent thermal resistance (kW⸱ºC-1) 

COP    Coefficient of performance (p.u.) 

v    Volume (gal or m³) 

    Probability (%) 

    Maintenance cost ($/kWh or $/kWh²) 

    Robust parameter (-) 

e2P    Energy-to-power ratio (h) 

DOD    Depth of discharge (%) 

    Wind speed (m/s) 

 ,     Coefficients of wind turbine (kW⸱(m/s)-3, -) 

    Energy cost ($/kWh) 

Decision variables 

p    Power (kW) 

    Commitment status (binary) 

    Energy (kWh) 

on / off   ON/OFF status (binary) 

z , q , y   Auxiliary variables for robust representation (-) 

 

  



1 - Introduction 

1.1 - Context and motivation 

Nowadays, existing power networks are facing several problems concerned to their 

reliability and pollution [1-3], which are principally caused by an increasing demand 

observed during the last decade [4, 5], especially due to an increment in the use of air 

conditioner systems [6]. Higher penetration of renewable sources as well as deployment 

of distributed energy storage systems, may help to partially alleviate such issues [7-9]. 

However, several concerns arise regarding the coordination and management of such 

resources in isolated systems, where the weakness of existing infrastructures may suppose 

a critical problem [10]. 

Regarding the inclusion of new renewable sources and storage systems, this emerging 

framework motivates the development of new paradigms and businesses, which are 

evolving from traditional centralized systems to decentralized ones, which encourage the 

active participation of end users [11]. In such context, energy communities (ECs) have 

emerged as a valuable paradigm to locally coordinating the available resources on 

pursuing the maximization of collective welfare [12]. There is a variety of definitions for 

ECs; nevertheless, the most extended is that provided in [13], where an EC is defined as 

an aggregation of multiple users, traditionally consumers or prosumers. 

Therefore, it results clear that ECs may suppose a valuable contribution to increase 

the penetration of renewable generators and thus boosting up the efficiency of electricity 

systems, but also for enabling access to electricity supply in remote and rural areas, where 

difficulties in extending existing networks make almost impossible energy supply. This 

is a critical issue since, even nowadays, more than 770 million live without access to 

electricity, mostly in Africa and Asia [14]. In such context, ECs may help to coordinate 



prosumers, who can share resources as well as take advantage of collective assets, such 

as large generators or storage systems, which are difficult to install individually [15]. 

For the effective coordination of the agents involved in community operation, energy 

management tools are essential, especially under uncertain environments caused by 

intermittent renewable generation and unpredictable demand [16]. The importance of ECs 

in future energy systems motivate to develop specific tools suitable for such systems, 

which must account for peer-to-peer (P2P) energy transactions among prosumers and 

other particularities [17, 18]. This work focuses on this topic. 

1.2 - Related works 

This paper focuses on energy management in ECs. The state-of-the-art about this topic 

is still quite narrow, especially if compared with other similar topics. A multi-energy 

community encompassing electrical, gas and heat sub-systems was investigated in [19]. 

The mixed-integer nonlinear programming (MINLP) formulation accounts for optimal 

planning and operation of photovoltaic (PV) systems, concluding that combined heat and 

power units notably contribute to reduce carbon emissions. Ref. [20] deals with optimal 

day-ahead scheduling of cooperative ECs. In such framework, prosumers interact by 

sharing surplus PV generation. To this end, the authors proposed a formulation based on 

alternating direction of multipliers. 

Yan et al [21], presented a mixed-integer linear programming (MILP) formulation of 

optimal day ahead-scheduling of ECs, involving electrical and thermal demands. In that 

problem, various renewable generators and their corresponding uncertainties are 

modelled using stochastic programming. A heuristic two-phase (operation-planning) 

framework was developed in [22], being focused on multi-energy ECs encompassing 

hybrid storage systems formed by electrical, heat and cool storage systems. The proposed 



system includes electric vehicle (EV) loads, which help to reduce energy consumption by 

53% when they are provided by the new system. 

In net zero ECs, renewable generators play a vital role, but also storage systems, 

especially battery energy storage (BES) banks. In this regard, Ref. [23] proposes a market 

mechanism by which prosumers can partake by bidding storage capacity blocks provided 

by customer-owned BESs. Rao et al [24], developed a grid-friendly energy management 

strategy for ECs with advanced flexible loads. The aim of this operational strategy is 

maintaining the stability of the upscale grid, for which the admissible capacity is 

transferred to local users that run a local market within the considered margins. Despite 

involving a large variety of unpredictable loads and generators, this model does not 

contemplate explicit uncertainties modelling. 

In [25], the optimal planning of ECs is addressed via MILP formulation. A real case 

study is concerned for a municipality in Austria, involving six domestic participants. The 

results reached in this reference demonstrate that energy costs might be reduced by 15% 

when adopting a community structure in the city. Liu et al [26], designed a deterministic 

heuristic strategy for ECs involving thermal, ice and electrical storage units, showing that 

carbon emissions can be reduced by 53% utilizing different storage technologies, when 

comparing with a benchmark layout with limited storage capacity. In [27], a coordinated 

day-ahead and intraday scheduling strategy for ECs is developed. The problem 

formulation is a mixed-integer quadratic programming (MIQP), based on alternating 

direction of multipliers. 

Mustika et al [28], proposed a two-stage approach for optimal operation of ECs. The 

developed framework decouples the operational phase, from the energy allocation among 

participants. The authors considered rule-based and MILP optimization-based 

approaches, in order to evaluate the adequacy of each methodology. The authors of [29] 



employed evolutionary algorithms for energy management of ECs. This reference 

presents a novel community layout, encompassing thermal, cooling and electrical sub-

systems, which are co-optimized on a whole. The results presented reveal a clear 

advantage in jointly considering the different sub-systems, reaching notably cost 

reductions.  

1.3 - Contributions 

Literature regarding energy management in ECs has grown notably during the last 

years; however, this topic is not mature yet and presents various research opportunities. 

As deduced from Table 1, the related literature is still grey regarding uncertainties 

modelling in ECs. Moreover, off-grid ECs involving collective assets have been very few 

studied. This paper aims at filling these gaps, more precisely, the main contributions of 

this work are as follows: 

 Developing a MILP-based day ahead scheduling tool for isolated 100% renewable 

ECs. The developed mathematical formulation involves individual (rooftop PV 

units and controllable appliances (CAs)) and collective (BES and wind 

generators). 

 Proposing a three-stage methodology for solution of the contemplated 

mathematical formulation, by which individual home energy management (HEM) 

problems are firstly treated, P2P exchanging among prosumers is decided at 

second stage and collective assets scheduling is solved at third stage. 

 Developing a hybrid uncertainties modelling by which stochastic approach is used 

for considering a variety of wind scenarios, while net demand (to-be-purchased 

and exportable energy) from prosumers is treated using robust optimization (RO) 

[30]. 



As seen in Table 1, this research supposes the first attempt to apply RO in ECs. The 

novelty and contributions are further incremented by hybridizing this formulation with 

the conventional stochastic programming. Other merits of the present paper are the 

consideration of ECs in isolated systems as well as the tractable MILP formulation, which 

is normally preferred to nonlinear or metaheuristic-based formulations because its low 

computational burden, global optimum reachability and versatility [20, 25]. A case study 

is conducted on a variety of scenarios in order to validate the novel proposal as well as 

analyse the performance of the studied community layout, highlighting the role of 

individual and collective assets.  

Table 1 - A summary of the related literature 

Reference 
Mathematical 

modelling 
Solver 

Uncertainties 

modelling 
Community layout 

[19] MINLP Analytic No 

 Grid-connected 

 Multi-energy conversion 

devices 

 Multi-energy storage 

[20] MILP Analytic No 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[21] MILP Analytic Stochastic 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[22, 26] MINLP Heuristic No 

 Grid-connected 

 Multi-energy storage 

 PV units 

[23, 25] MILP Analytic No 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[24] MINLP Metaheuristic No 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[27] MIQP Analytic Stochastic 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[28] 
MILP 

Rule-based 
Analytic No 

 Grid-connected 

 Customer-owned BES 

 Rooftop PV 

[29] MINLP Metaheuristic No 

 Grid connected 

 Rooftop PV 

 Hybrid storage system 

This paper MILP Analytic Stochastic-RO 

 Off-grid 

 Rooftop PV 

 Collective BES 

 Collective wind generators 

In the rest of this paper, Section 2 describes the necessary background. Section 3 

presents the mathematical formulation of the different stages involved in the new proposal 



under deterministic conditions. Section 4 modifies the mathematical notation introduced 

in Section 3 to contemplate uncertainties via the new stochastic-RO modelling. Section 5 

presents a case study with results. The paper is concluded with Section 6.  

2 - Background 

2.1 - EC layout 

This paper focuses on isolated communities, i.e. those that are not connected to an 

upstream network and, therefore, it must be supplied through its own assets. In 

consonance with the current legislative framework and available resources in most of 

rural areas [31, 32], we consider a 100% renewable system for electrical supplying of the 

community under study. Thereby, renewable generation is responsibility of PV and wind 

generation units. However, while the former are small-scale customer-owned 

installations, the wind turbines are collective. This solution is considered more adequate 

since, while PV panels are currently available at small sizes widely used in domestic 

installations [33], small-scale wind turbines have not been widely deployed at residential 

level because their high visual and sound impact [34]. In this regard, we consider that 

deploying a mid or large-scale wind generation system at collective level is the most 

viable solution. Likewise, a BES is collectively available. 

The community is assumed to be formed by prosumers, which partake in a 

cooperative way, i.e. without expecting any monetary revenue from their activities [20]. 

In this way, each prosumer provides generation capacity (through rooftop PV panels) 

together with demand flexibility enabled by a set of owned CAs (e.g. washing machines, 

dryers, dishwashers and EVs) [35]. Each prosumer is connected to the community 

through the proper metering infrastructure, which enables active communication and 

control from the EC operator, who has the capacity of planning the energy exchanging 

among prosumers as well as the scheduling plan for the collective assets, as detailed in 



the following subsection. For the sake of simplicity, Fig. 1 shows a pictorial 

representation of the EC under study.  

 
Fig. 1 - Graphical representation of the off-grid EC under study 

2.2 - The proposed three-stage scheduling strategy 

The operation of the EC described above requires the participation of prosumers and 

the EC operator, who should interact on pursuing the collective welfare. In this sense, it 

seems few reasonable trying to operate all the available assets through a conventional 

single-stage methodology, which may pose intractability and privacy concerns being so 

few practical [36]. To circumvent this issue, we divide the scheduling mechanism into 

different sub-problems, from which a three-stage methodology arises as sketched in Fig. 

2. The different stages involved are described below: 

 Stage 1: involves the individual HEM problems for each prosumer in particular, 

by which the customer-owned assets (i.e. rooftop PV units and CAs) are scheduled 

with the aim of reducing the energy that must be acquired from the community. 

In other words, this stage pursues the maximization of the self-consumption of 

each prosumer individually. This way, the prosumer does not need to interact with 

any other agent thus avoiding possible privacy issues. 

Prosumer 2 Prosumer n

…
Prosumer 1

Collective

assetsEC

operator
Community

InformationEnergy

Metering 
infrastructure

BES

Wind turbines

Rooftop PV

Controllable appliances



 Stage 2: seeks for further maximizing the collective self-consumption through 

P2P energy exchanging among prosumers. This mechanism enables further 

exploitation of surplus PV generation that may eventually appear in some 

prosumers. This excess of energy can be exploited by other prosumers thus 

reducing the amount of energy that must be acquired from collective assets. This 

stage is assumed to be performed by the operator, who receives the expected net 

demand from each prosumer and schedule the energy exchanges. 

 Stage 3: lastly, the operator decides the scheduling plan for collective assets in 

order to reduce the non-served energy, thus maximizing the collective welfare. To 

this end, the community can still take benefit of the non-accommodated 

exportable energy at stage 2. In this regard, storage facilities play a vital role, 

allowing a more effective use of the available energy. 

 
Fig. 2 - Schematic representation of the three-stage scheduling strategy 

It is worth noting that Fig. 2 shows that the operator should provide wind scenarios 

and confidence intervals at stage 3. This information is necessary for hybrid stochastic-

RO modelling of uncertainties from wind generation and prosumers’ net demand, as 

detailed in Section 4. 
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3 - Deterministic mathematical formulation 

This section presents the deterministic mathematical formulation of the different 

stages described in Section 2.2. This formulation is valid for stages 1 and 2, where 

uncertainties are not contemplated, while Stage 3 is pertinently modified in Section 4 in 

order to account for uncertainties brought by wind generation and prosumers’ net demand. 

3.1 - 1st stage: individual HEM problems 

At stage 1 the individual HEM problems for each prosumer are performed, which 

schedule the customer-owned assets with the objective of maximizing the individual self-

consumption. The formulation of this sub-problem for the ith prosumer is formulated 

below. Despite there exist multiple approaches for HEM problems [37, 38], a centralized 

MILP-based formulation has been used here, which has been widely studied and presents 

multiple advantages (e.g. see [39, 40]). 

Since each peer aims at maximizing the collective welfare, the objective of each 

prosumer will be minimizing his importable energy, as follows: 

      exp, min ;
HEM

pur pur

i t i t i t
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where HEM  is the vector of decision variables of the 1st stage, which is given by 
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The 1st stage of the developed optimization framework is subjected to multiple 

constraints, which are detailed in subsequent sections. 

Home balance 

The home power balance is established in (3), while (4) and (5) avoid simultaneous 

imports and exports [20]. 
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p p i Q t T k pur exp           (4) 
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i Q t T         (5) 

PV modelling 

The PV potential as a function of solar irradiance and ambient temperature is 

calculated by (6) [41], which is complemented by (7), thus avoiding unrealistic PV 

generation [42]. 

 , 20.25 0.03 1.01 1.13 ;
100
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Controllable appliances 

CAs are divided into interruptible and non-interruptible. The formers can interrupt 

their operation in contrast to the latter [42]. The constraint (8) ensures that each 

controllable appliance completes its duty cycle within predefined time windows, while 

(9) and (10) impose continuity in the operation of non-interruptible appliances [42]. 
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Heating-ventilation-air conditioner (HVAC) modelling 

The linear variation of indoor temperature as a function of outdoor temperature and 

the action of the HVAC system is established in (11) [43]. It is realistic to assume that 



HVAC systems cannot be operated in heating and cooling modes simultaneously, as said 

(12), whereas (13) limits the consumption of HVAC devices to rated values. The 

constraint (14) ensures that indoor temperature is kept within comfortable bounds, while 

(15) equals the initial and final indoor temperatures to set-point settings, as customary 

[42]. 
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Electric water heater (EWH) modelling 

The model established by (16) and (17) yields the hot water temperature depending 

on the instantaneous water consumption [43], while (18)-(20) are analogue to (13)-(15) 

but particularized to EWHs. 
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It is worth noting that the model above does not contemplate individual BES. This is 

due to the considered EC counts with a collective BES from which all the prosumers can 

be benefited. In this regard, it is assumed that individual BESs are not attractive or even 

can be conflictive with the interests of the community. For example, a prosumer could 

store energy in order to speculate and send it back to the grid against the collective 

welfare. In this sense, we consider that a collective storage system is more practical and 

fairer in cooperative communities. Nevertheless, this kind of systems can be easily 

incorporated into the model as well as electric vehicles following the formulations in [39, 

40], or even these devices can be considered collective assets as in [23]. 

3.2 - 2nd stage: energy exchanges among prosumers 

This stage enables energy exchanges among prosumers, with the objective of further 

reducing the net demand from residential users. To this end, some users who present low 

self-generation or high demand can exploit surplus PV generation from others. Therefore, 

the objective of this stage is reducing the energy that must be purchased from collective 

assets. This parameter can be easily calculated by accumulating the importable power of 

all the prosumers involved as in (21), which allows to formulate the objective function of 

the 2nd stage (22). 
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where 2P P  is the vector of decision variables of the 2nd stage given by 
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As expressed in (22), this stage calculates the expected energy that must be acquired 

from collective assets at stage 3. Likewise, eventual exportable power is also calculated, 

which is sent to the 3rd stage to be leveraged by collective BESs. Different constraints 

must be imposed at this stage in order to properly model the energy exchanges among 

prosumers. Firstly, (24) indicates that a prosumer cannot exchange more power than the 

expected surplus PV generation. 
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In (24), the left-hand side indicate the power exported by the ith prosumer and 

imported by the jth prosumer. The power balance (25) stands for the generation-

consumption balance accounting for energy exchanges among prosumers. 
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In contrast to (3), the balance (25) only includes transactions among prosumers and  

collective assets, neglecting the scheduling of prosumer-owned devices such as PV panels 

or CAs. Finally, the constraint (26) establishes individual balance for each ijth pair of 

prosumers [20]. 
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3.3 - 3rd stage: collective assets scheduling 

 Finally, the operator decides the scheduling plan for the collective assets (wind 

generator and BES) in order to satisfy as much demand as possible. To this end, the 

operator receives the resulting net demand from the second stage and, on the basis of this 

information, establishes the power allocation among collective units. The objective of this 

stage is minimizing the operational cost including compensatory payments for non-served 

energy, as follows 
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where EC  is the vector of decision variables of the 3rd stage given by 
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The objective function (27) stands for the operational cost, which includes the cost of 

non-served energy together with operational and maintenance expenditures of wind 

turbines and batteries. In this case, operational and maintenance costs of BESs have been 

considered a quadratic function of the energy exchanged with the grid [44]. To preserve 

the MILP structure of the formulation, the quadratic terms in (27) are linearized using 

piecewise representations [45]. 

Together with the objective function (27), this stage includes a series of constraints as 

explained below. Firstly, (29) is the power balance of the community accounting for wind 

generators and collective storage assets. 
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The model (30) represents the wind power potential according to the well-known 

wind-power curve of wind turbines [46, 47]. In this expression, ,*WG  is the rated speed 

of wind turbines, which stands for that speed value for which the turbine yields its rated 

power 
WG

p . 
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It is assumed that the community counts with a collective storage system formed by 

batteries since this technology is, by far, the most widely used in isolated microgrids [48, 

49]. In this case, the maximum power that can be exchanged by BES is given by its 



nominal capacity and the energy-to-power ratio [50], as said (31), whereas (32) avoids 

simultaneous charging-discharging of the battery bank. The model (33) expresses the 

dynamics of the batteries [51] and (34) limits the energy stored to the nominal capacity 

and depth-of-discharge settings. Finally, the model is completed with (35), which 

establishes coherency in the battery cycle over the considered time horizon [52]. 

 
, , ;

e 2P

BES

BES k BES k

t tp t T k ch dch


         (31) 

 , , 1;BES ch BES dch

t t t T       (32) 

 

, ,

1

100
; \ 1

100

BES BES ch BES dch
BES BES t t
t t BES

p p
t T t


  




  
        

 
  (33) 

 
DOD

1 ;
100

BES BES
BES

t t T  
 
      

 
  (34) 

    1 end

BESBES BES

T T
      (35) 

It is worth commenting that network modelling has not been included in the model 

above. This is due to ECs are normally small-scale networks where prosumers are located 

close to each other. Under these assumptions, the effect of grid parameters is negligible 

[53], and phenomena like dynamic thermal rating [54, 55] can be ignored. 

4 - The developed stochastic-RO for uncertainties modelling 

4.1 - Foundations 

For optimal day-ahead scheduling of the EC described in Section 2, the operator 

should be aware of various uncertainties. In this case, prosumers’ net demand and wind 

speed are essentially uncertain parameters. However, these both uncertainties may present 

different character and features. Thus, while net demand can be predicted with certain 

accuracy due to it is subjected to foreseeable weather parameters and human routines, 

wind speed may randomly vary over the considered time horizon [56]. By these reasons, 



we develop a hybrid stochastic-RO approach for uncertainties modelling, by which wind 

speed is modelled via scenarios while net demand is treated using RO subjected to 

confidence intervals imposed by the operator. It is worth mentioning that similar 

approaches have been used in other optimization problems [57], showing good results. 

4.2 - Stochastic programming 

Stochastic programming is statistical-based methodology that has been widely 

employed for modelling of uncertainties, which can be represented by probability 

distributions or historical data [58, 59]. Basically, this approach consists on generating a 

large number of scenarios (normally ~1000 [60]) for the concerned unknown. Then, the 

problem is solved as many times as scenarios are considered, obtaining statistical 

information of the outputs following the distribution of inputs. 

Frequently, the number of scenarios to be generated entails intractability problems. 

To solve this issue, data reduction techniques have been extensively employed [61]. 

These techniques reduce a set of data to a minimum group of representative profiles. 

Among the different data reduction approaches available, clustering methods are 

frequently employed because their simplicity and easy codification [62]. In this paper, the 

k-medoids method is considered due to its good overall features [63]. This technique 

collects the original data into clusters, which are represented by only a member called 

medoid. Thereby, the original scenario-space can be reduced to a reduced set of 

representative profiles. To determine the optimal number of clusters (i.e. representative 

scenarios), heuristic indexes are normally considered [16]. These indexes look for the 

minimum number of scenarios for which acceptable accuracy is achieved, thus resulting 

in an optimal trade-off between reliability and efficiency. Once the representative set has 

been constructed, the probability of each representative scenario can be calculated by 
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4.3 - Robust reformulation of optimization problems 

Unlike stochastic programming, RO is a non-statistical methodology for uncertainties 

modelling, which is based on representing an unknown by its expected profile and its 

associated confidence intervals (represented by the  ’s), as sketched Fig. 3. This way, 

the generic uncertain 𝑤 can be represented as an interval number [64], as follows: 
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Fig. 3 - Sketch of the interval representation considered in this paper for RO 

where 𝐽𝑚 is the subset of uncertain parameters. According to (37), RO reformulates a 

generic minimization problem including a max sub-problem that aims at maximizing the 

deviation of uncertainties, as follows (see [65] for further details): 
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where c  is the vector of costs, 
m Ξ  are the decision variables of the deterministic 

model, 
mb b  is the vector of inequality constraints and   is the so-called robust 

parameter, which sets the degree in which the confidence intervals are considered (the 

whole interval is considered for 1   while the problem becomes deterministic if 0 

). The optimization problem above cannot be solved by conventional methods because 

the nested min-max problem in (39). To circumvent this barrier, an alternative 

formulation was proposed in [66], which is based on the strong duality theorem. Thereby, 

the problem (38)-(40) can be reduced to a simpler minimization framework, as follows: 
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where z , q and y  are the vectors which collect the set of variables z ’s, q ’s and y ’s, 

respectively. These variables are introduced to linearize the original problem (38)-(40), 

and enlarge the decision space as seen in (41). It is worth noting that, unlike to the 

formulation proposed in [66], we assume that the vector 𝒄 is perfectly known. 

4.4 - The modified 3rd stage considering Stochastic-RO formulation 

To accommodate the hybrid stochastic-RO model described in previous sections, 

problem (25)-(32) has to be rewritten following the framework (41) and (42). Moreover, 

the wind speed scenarios have to be considered according their probability of occurrence. 

Thus, the original objective function (27) is replaced by (43). 
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where EC RO is the vector of decision variables for the modified 3rd stage, as follows 
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As seen, the vector (44) is basically an extended version of (27) to incorporate the z

’s, q ’s and y ’s. These dummy variables will appear wherever the prosumers’ net demand 

is included since, as discussed previously, this uncertainty is modelled using RO. On the 

other hand, wind speed is modelled using scenarios, which leads to extend the variable 

space including the number of representative scenarios (i.e. the space R). This is the 

reason why some variables incorporate the index r together with the time. The probability 

of each scenario is also taken into account in (43). 

Therefore, the constraints (29)-(35) must be modified according the novel framework. 

Firstly, the power balance (29) is replaced by 
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As observed, the equation (45) is basically equal to (29) but according to the robust 

formulation depicted in (42). In (45), the variables present two indexes. One for the time, 

and another for the representative scenario. In this way, the expression (29) is modified 

to incorporate the proposed stochastic-RO formulation. According to (42), the expression 

(45) needs to impose the additional constraints (46)-(48), to properly model the 

confidence intervals associated to the prosumers’ net demand. 
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The remainder constraints can be easily modified by extending the variable-space to 

accommodate the representative scenarios, since they are not influenced by the 

prosumers’ net demand, (30)-(35) are replaced by (49)-(54), respectively. 

 3 ,*

,*

0,if or

, if ;
100

,if

WGWG

r t r t

WG
WG WGWG WG

r t r t r t

WG WG
WG

r t

p p r R t T

p

   


     

  

  



          

  


  (49) 

 
, , ;

e 2P

BES

BES k BES k

tr t
p r R t T k ch dch


           (50) 

 , , 1;BES ch BES dch

t t t T       (51) 

 

, ,

1

100
; \ 1

100

BES BES ch BES dch

r t r tBES BES

r t r t BES

p p
r R t T t


  



  
          
 
 

  (52) 

 
DOD

1 ;
100

BES BES
BES

r t
r R t T  

 
        

 
  (53) 

 
   1 end

;
BESBES BES

r T r T
r R        (54) 

5 - Case study 

This section presents a case study with results. The developed mathematical 

formulation was coded under Matlab R2020a and the resulting optimization problems 

were solved using Gurobi [67]. All the simulations were run on an Intel® Core™ i5-9400 

F, 2.90 GHz, 8.00 GB RAM, over a 24-h horizon. The time step is fixed equal to 30-min, 

although its influence on the computational performance of the developed framework is 

studied specifically. 

5.1 - Data 



A six-prosumer EC is considered for illustrative purposes. Each prosumer can 

exchange up to 10 kW with others. Fig. 4 plots the expected solar irradiance and ambient 

temperature together with the representative scenarios for wind speed, which correspond 

to real data observed at Virgin Islands in 2019 [68]. The wind speed scenarios have been 

generated following the procedure described in Section 4.2. To determine the optimal 

number of scenarios to be considered, we compared the total sum of distances and the 

Davies Bouldin index, which are two widely used indicators [16], thus reducing the yearly 

data in [68] to only 15 representative profiles that can be managed by average computers. 

All the prosumers are assumed to be geographically close each other, so that the weather 

parameters plotted in Fig. 4 affects to the whole community. On the other hand, Fig. 5 

shows the expected non-controllable demand and hot water consumption of each 

prosumer. While, the non-controllable demand has been constructed on the basis of the 

data in [33, 69], the expected hot water consumption has been taken from [70]. 

 
Fig. 4 - Expected solar irradiance, temperature and wind speed scenarios used in 

simulations 



 
Fig. 5 - Expected prosumers’ demand 

The ambient parameters reported in Fig. 4 allow to calculate the expected PV potential 

of each prosumer. Individual rooftop panels are installed in each household with peak 

power and efficiency reported in Table 2 [70]. Each prosumer installs a set of CAs 

together with thermostatically controlled devices (HVAC and EWH), whose relevant data 

is reported in Tables 3-5 based on the parameters described in [33]. A collective Li-ion 

battery pack has been considered with 98% charging-discharging efficiency and 2 hours 

energy-to-power ratio [50]. The storage capacity has been fixed in 50 kWh according to 

the characteristics of prosumers, setting the depth-of-discharge in 60%, as recommended 

some references to avoid a fast degradation of batteries [16]. A group of wind turbines 

with 25 kW total installed capacity has been considered, assuming 2, 11 and 21 m/s as 

cut-on, nominal and cut-off nominal speeds. The efficiency of turbine machinery and 

electronic devices is considered equal to 85%, while the other parameters related to the 

wind-power curve are taken equal to [16]. Finally, a degradation cost of 10-6 $/kWh² and 

0.24 $/kWh has been considered for batteries and wind turbines, respectively [16, 44]. 

Finally, 20% confidence intervals are considered for RO modelling. 

  



Table 2 - PV data 

Prosumer # 𝒑
𝒊

𝑷𝑽
 𝜼𝒊

𝑷𝑽 

1 2 kW 

16.7% 

2 1.5 kW 

3 2 kW 

4 1.2 kW 

5 2 kW 

6 1.5 kW 

Table 3 - CAs data 

Prosumer # 𝜹𝒂 𝒑𝒂 Time window Type 

1 3 h 3 kW 8:00-12:00 h Interruptible 

2 
2.5 h 2.75 kW 7:00-16:00 h Interruptible 

1 h 2.5 kW 16:30-21:00 h Non-interruptible 

3 2 h 2.5 kW 18:00-21:00 h Non-interruptible 

4 
3 h 3 kW 3:00-7:30 h Interruptible 

2 h 2 kW 11:00-17:00 h Non-interruptible 

5 3 h 3 kW 10:00-20:00 h Interruptible 

6 
3 h 3 kW 0:00-9:00 h Interruptible 

1.5 h 2.5 kW 10:00-13:00 h Non-interruptible 

Table 4 - HVAC data 

Prosumer # 𝒎𝒊
𝒂𝒊𝒓,𝒊𝒏

 𝑪𝒂𝒊𝒓 𝑹𝒊
𝒃𝒖𝒊𝒍𝒅 𝐂𝐎𝐏𝒊

𝑯𝑽𝑨𝑪 𝒑
𝒊

𝑯𝑽𝑨𝑪
 𝜽𝒊

𝑯𝑽𝑨𝑪,𝒔𝒑
 𝜽𝒊

𝑯𝑽𝑨𝑪,𝒅𝒃
 

1 1,778 kg 

1.01 

kJ/(kg⸱ºC) 

3.2x10-6 

kW/ºC 
1.20 

2 kW 23 ºC 0.5 ºC 

2 2,223 kg 2 kW 23 ºC 0.5 ºC 

3 2,667 kg 2.2 kW 25 ºC 1 ºC 

4 1,185 kg 1.8 kW 22 ºC 0.3 ºC 

5 2,371 kg 2.1 kW 23 ºC 0.5 ºC 

6 2,276 kg 2 kW 24 ºC 0.5 ºC 

Table 5 - EWH data 

Prosumer # 𝜼𝒊
𝑬𝑾𝑯 𝑪𝑾,𝒉 𝑹𝑾,𝒉 𝜽𝒊|𝒕

𝑾,𝒄
 𝒑

𝒊

𝑬𝑾𝑯
 𝜽𝒊

𝑬𝑾𝑯,𝒔𝒑
 𝜽𝒊

𝑬𝑾𝑯
 𝒗𝒊

𝑬𝑾𝑯
 

1 

90% 
1.52 

ºC/kW 

863.4 

ºC/kWh 
10 ºC 

2 kW 45 ºC 

60 ºC 

50 gal 

2 2.1 kW 40 ºC 45 gal 

3 1.8 kW 40 ºC 55 gal 

4 2 kW 45 ºC 60 gal 

5 2.1 kW 40 ºC 40 gal 

6 1.5 kW 45 ºC 50 gal 

5.2 - Validation and results analysis 

Firstly, we aim at validating the new proposal. To this end, the original settings are 

preserved as described at the beginning of Section 5. During stages 1 and 2 of the 

developed methodology deterministic conditions are assumed. The first stage is 

performed individually by each user, optimally scheduling its own assets in order to 

reduce the energy that must be purchased from the community. Fig. 6 plots the result 



example for the prosumer 6. This household installation accounts for two CAs. One of 

them must be scheduled during noon before 9:00 h (e.g. an EV). Under these 

circumstances, the HEM module decided to schedule this appliance at early morning, 

when the PV generation starts to increase. For the other CA, it is scheduled during time 

slots with the highest PV generation. Following this principle, a considerable portion of 

the home demand can be covered by on-site PV generation, without recurring to other 

collective assets.   

 
Fig. 6 - HEM result for the prosumer 6 

After running each HEM problem individually, the resulting to-be-purchased and 

exportable energies are calculated. These values are sent to the operator, who performs 

the stage 2 of the developed procedure when P2P energy exchanges are enabled. At this 

step, prosumers can exchange energy in order to further reduce their demand, thus 

reducing the necessity of acquiring energy from collective assets. Fig. 7 plots the 

importable power profile before and after running the P2P process. As observed, stage 2 

allows to reduce the energy that must be purchased from collective storage and generation 

assets. In fact, total energy is reduced by 1.2 kWh. P2P process is especially notable 

during the central hours of the day, when PV penetration is still high. During those time 

slots, eventual surplus PV generation from some prosumers can be exploited by others, 

thus further reducing the amount of energy that must be accommodated at stage 3. 



 
Fig. 7 - To-be-purchased power before and after running the P2P process 

At stage 3, uncertainty from wind speed and prosumers’ net demand is considered 

using the models described throughout this paper. For further analysing the role of 

collective assets in isolated ECs, two scenarios are studied namely ‘wind’ and ‘wind + 

BES’. In the first case, only wind turbines are deployed without storage capacity. In the 

face of this situation, wind energy can be only exploited when it is actual generated. In 

contrast, a battery bank is deployed in the second case, allowing a more efficient use of 

renewable energy. Fig. 8 analyses the impact of the robust parameter (Γ) on the objective 

function (operating cost). This parameter sets the degree of robustness of the problem, so 

that the higher value of Γ, the more uncertainty aware the scheduling mechanism is. It is 

clearly observed in Fig. 8, where the objective function increases with the value of the 

robust parameter. As expected, the operating cost was always higher in case of only 

deploying wind generators without batteries (+13-19%). The objective function is 

approximately incremented by 37% as the robust parameter grows, from which one can 

deduce that the cost of robustness is equal to 68 $ in this case. It means that the operator 

can increment the level of robustness of the scheduling plan but only at expenses of his 

monetary incomes. 



 
Fig. 8 - Total operating cost for various values of the robust parameter 

The increment on the operating cost observed in Fig. 8 is due to the expected 

prosumers’ net demand is incremented with the value of the robust parameter, in order to 

account for the inherent uncertainty of this parameter. Consequently, the operator 

assumes unfavourable profiles for the exportable and to-be-purchased energies drawn 

from stage 2, as seen in Fig. 9. This figure is complemented with Fig. 10, where the 

evolution of uncertainties with Γ is plotted, observing variations of 28% and 40% in the 

importable and exportable total energies, respectively. As seen, these two parameters 

follow different trends, which is logic since their impact is different on the objective 

function. Thus, while the exportable energy is expected to impact positively, the energy 

that must be supplied from collective assets will force to more profusely exploit the 

collective generators and storage assets, eventually incurring in more costs.   

 
Fig. 9 - To-be-purchased (top) and exportable (bottom) powers drawn for stage 2 



 
Fig. 10 - Total to-be-purchased and exportable energy for various values of the robust 

parameter (blue dots in this figure are often not visible due to the results obtained in 

such cases match with the value represented by red dots) 

The results reported in Fig. 10 may suppose stressful conditions for collective assets, 

that may eventually hit their operability limits. Indeed, if the peak power that must be 

supplied surpasses the rated power of wind turbines, this energy could be supplied by 

batteries. This circumstance is clearly observed in Fig. 11. As observed, in case of only 

deploying wind turbines, the system is only fully supplied during the central hours 

through PV generation since the wind generators are not able to cover the demand. The 

situation is expected to be more critical as the robust parameter grows since, as seen in 

Fig. 11, the peak power is incremented by approximately 10 kW. This situation is partially 

solved by deploying batteries. These devices can exploit exportable and surplus wind 

energies, especially during evening, to be charged. The stored energy can be exploited 

throughout the day (e.g. at noon) to reduce the amount of unserved energy. These results 

are better appreciable in Fig. 12, where the total unserved energy is plotted for various 

values of Γ. As expected, this parameter grows with the robust parameter, being 

incremented by 39%. The non-served energy is also higher in case of only deploying wind 

turbines without storage capacity (+20%). In Fig. 12, the wind potential exploitation is 

also reported. This parameter follows the same trend, observing an increment of 25%. 

This is due to, as the energy required from prosumers grows, wind turbines have to be 



operated at higher powers, eventually close or beyond their limits. It is also interesting to 

see that wind potential exploitation is considerably higher in case of deploying storage 

capacity (+12%). This is due to, as explained, BESs allow a more efficient use of wind 

energy, allowing to store eventual surplus generation which, otherwise, should be 

dissipated and therefore wasted. 

 
Fig. 11 - Scheduling result at stage 3 with deterministic conditions (top) or Γ = 2 

(bottom) for the cases ‘Wind’ (left) or ‘Wind+BES’ (right) 

 
Fig. 12 - Wind potential exploitation and non-served energy for various values of the 

robust parameter 

5.3 - Impact of the number of prosumers 

The original case study encompasses six prosumers within a so-considered small-

scale EC. However, the casuistry in this sense is wide and this section aims at providing 

an overview on the impact of the number of prosumers. To this end, the size of the original 



community is enlarged by adding new peers, whose characteristics were randomly 

mimetic from the original prosumers described in Section 5.1. In order to keep provide a 

fair comparison, the installed wind power and storage capacity are incremented by 5% 

for each new prosumer. Intuitively, if more prosumers partake in the community, the 

surplus PV energy should increase, facilitating the energy saving through P2P processes. 

This aspect is studied in Fig. 13, where the total energy saving is compared for different 

number of prosumers. As seen, the total energy saved increases with the number of 

prosumers, however, this growth is not homogeneous and depends on the characteristics 

of each new prosumer incorporated to the community. This result strengthens the idea of 

optimally incorporating prosumers within existing communities, which will be studied in 

future works. 

 
Fig. 13 - Total energy saved through P2P mechanism depending on the number of 

prosumers 

Other critical aspect is the total time consumption depending on the total number of 

prosumers. Experiments performed by the authors showed an exponential increment of 

the computational time from 5-7 minutes in the original case to more than 45 minutes 

with 20 prosumers. This computational explosion is due to the cost of the first stage, 

which must be solved as many times as prosumers partake in the community. However, 

this does not suppose a critical issue for the practical implementation of the developed 

framework due to the following reasons: 

 In real cases, the 1st stage is not solved sequentially. Instead, each prosumer solves 

his own HEM problem and only the stages 2 and 3 are performed by the 



community operator. In this regard, the computational time is independent on the 

number of prosumers, just marginally varying with the community size. 

 In the particular case in which the operator manages the individual resources, the 

1st stage of the developed framework presents a highly parallelizable structure, 

which would help to reduce the computational effort notably. Moreover, the MILP 

structure of the developed framework ensures its good scalability to larger 

problems [71]. 

5.4 - Influence of the time step 

 In previous experiments, the time step has been taken equal to 30-min, which is 

considered reasonable for day-ahead scheduling problems [72]. However, some particular 

cases may require higher time resolution (e.g. in the presence of fast response units). 

Although this case is not usual, we provide in Fig. 14 a comparison of the total 

computation time for various time resolutions. As expected, the total computational time 

grows exponentially to the point to become unsolvable when taking time intervals shorter 

than 3-min. This is due to the variable-space size inversely grow with the time step, 

resulting in very large problems involving a large number of variables. As commented, 

this aspect is not considered critical as time slots shorter than 15-min are rarely used in 

this kind of applications. Nevertheless, high level computational languages like C or C++ 

could be used to speed up the computational time. 

 
Fig. 14 - Total CPU time depending on the value of the time step 

5.5 - Comparison with fully stochastic approach 



There is a wide variety of uncertainty models available in the literature. However, 

maybe the simplest and most widely used is the stochastic programming and its variants. 

This modelling was already explained and has been used in this paper to represent the 

uncertain character of the wind speed. However, this same approach can be used to model 

the prosumers’ net demand. To provide a fair comparison, we modelled the prosumers’ 

net demand using the yearly data collected in [69]. These data allow us to represent the 

prosumers’ demand via scenarios, being applied to the benchmark six-prosumer 

community studied in Section 5.2. Fig. 15 plots a comparison of the final objective 

function using fully-stochastic approach and the proposed hybrid framework for two 

values of the robust parameter. As observed, the objective function calculated with the 

stochastic model differs to those obtained with the proposed approach. This is due to, 

while the stochastic programming calculates a balanced result among all the scenarios 

considered, the RO seeks for extreme cases, as noted in [16]. Nevertheless, the level of 

robustness considered in RO is strongly influenced by the value of the robust parameter, 

as discussed previously. 

 
Fig. 15 - Total operational cost comparison between the proposed model and fully 

stochastic approach 

Thus, maybe the major limitation of the developed approach is the necessity of 

estimating the prosumers’ net demand with day-ahead accuracy. Nevertheless, within the 

proposed framework, each consumer is responsible of this task, being possible to impose 

penalty terms if a peer overestimates his surplus energy. Moreover, it is worth mentioning 



that the developed hybrid proposal presents various advantages with respect fully 

stochastic models: 

 The lack of historical data or proper models may difficult the treatment of the 

prosumers’ net demand as a stochastic parameter. 

 Privacy concerns limit the information exchanged between the peers and EC 

operator, for whom may be difficult infer proper stochastic models for the 

individual consumption of each prosumer. 

 The prosumers’ net demand can critically vary each day and is subjected to 

seasonal and daily cycles which might hinder the possibility of treating them as 

stochastic phenomena. 

 The proposed hybrid framework is able to calculate extreme values and their 

corresponding scheduling plan, whose information may be very valuable for the 

community operator. In contrast, this information is missed when using stochastic 

approaches. 

6 - Conclusions and future works 

A new uncertainty modelling for isolated energy communities involving collective 

assets has been developed. The new proposal is based on hybridizing the conventional 

stochastic programming with robust optimization in a novel way, by which prosumers’ 

net demand is treated using robust optimization while wind speed is handled via 

scenarios. The resulting optimization problem is arranged in a three-stage methodology, 

being each step responsible of individual home energy management problems, energy 

exchanges among prosumers and collective assets scheduling. 

Results revealed the effectiveness of the developed formulation, obtaining coherent 

results in an acceptable computational time. A profuse comparison has been performed 

for different number of prosumers and time steps, revealing the scalability of the new 



proposal thanks to its MILP character. In addition, a comparison with fully stochastic 

approaches has been also conducted, concluding that the developed hybrid method is 

more practical and replicable than fully stochastic approaches. 

A case study on a six-prosumer benchmark community has been analysed. Results 

revealed the importance of collective assets and P2P process in collective supplying the 

prosumers’ demand. In this sense, batteries played a vital role, helping to reduce the total 

unserved energy and operating cost by 20% and 19%, respectively, as well as enabling a 

more efficient use of wind energy. The impact of robustness has been also studied. In this 

case, the degree of robustness allows to consider unfavourable profiles, incrementing the 

expected importable energy by 28% compared to the deterministic case, while the 

exportable energy from prosumers is notably reduced by 40%. However, this 

consideration is achieved at expenses of expecting more monetary expenditures, in 

particular, the operating cost was incremented by 37%. 

Future works will be focused on developing planning tools for isolated energy 

communities as well as new models for optimal integration of prosumers in collective 

structures such as communities or virtual power plants. 
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