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Abstract - Residential sector is being promoted to evolve towards nearly-Zero Energy 

Buildings (nZEBs), which draw a yearly net energy consumption near to zero. This target 

can be attained through on-site renewable generation with achieving a high degree of 

efficiency in the consumption. In this context, Home Energy Management (HEM) 

systems become an indispensable tool for obtaining optimally coordinating smart 

appliances, renewable generation and on-site storage facilities. Due to the high 

unpredictability of renewable generation and some emerging appliances like electric 

vehicles, these tools must be able to properly deal with different uncertainties while a 

variety of objectives are jointly considered. The existing approaches normally fail to 

jointly deal with these two premises. This paper aims at filling in this gap by developing 

a novel solution procedure for HEM systems in nZEBs. The proposed procedure is based 

on lexicographic optimization to find a compromise solution among objectives, while the 

variety of uncertainties caused by unpredictable weather, demand, energy pricing and 

electric vehicle behaviour are properly modelled using a hybrid stochastic-Information 

Gap Decision Theory (IGDT) approach. The mathematical modelling is sufficiently 

comprehensive (comprising various energy sources and vehicle-to-home capability) as 

well as it is tractable due to its integer-linear structure. A case study on a benchmark 

nearly zero energy home is considered to validate the developed approach which its 

results reveal its effectiveness in term of minimizing various objective functions, while 

the degree of robustness is preserved and the whole procedure is efficient yet. 

Keywords: home energy management; multi-objective optimization; Nearly zero energy 

buildings; uncertainties; vehicle-to-home. 
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Nomenclature 

 

Indices (Sets) 

 

𝑠(𝒮)  scenario 

𝑟(ℛ)  representative scenario 

𝑡(𝒯)  time 

𝑘(𝒦NI/𝒦I) non-interruptible/interruptible controllable appliance 

Θ  electric vehicle plugging window 

Ψ  controllable appliance time window 

Ω  cluster of a representative scenario 

 

Superscripts 

 

𝐺𝑟𝑖𝑑  utility grid 

𝑃𝑉  photovoltaic pannels 

𝐴𝑖𝑟, 𝑜𝑢𝑡/𝑖𝑛 outdoor/indoor air 

𝑊𝑇  wind turbine 

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

𝑃𝐸𝑉, 𝑐ℎ/𝑑𝑐ℎ plug-in electric vehicle in charging/discharging mode 

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

𝑠𝑝/𝑑𝑏  set-point/deadband 

𝑤, ℎ/𝑐  hot/cold water 

𝐸𝑊𝐻  electric water heater 

𝑁𝐶  non-controllable appliances 

(∗)/(∗)  minimum/maximum value of a variable/parameter 

(∗)̂  uncertain parameter 

 

Parameters 

 

𝜋  probability (pu) 

∆𝜏  time step (h) 

𝜗  solar irradiance (kW/m²) 

𝜃  temperature (ºC) 

𝜂  efficiency (pu) 

𝛾  wind speed (m/s) 

𝑎, 𝑏  coefficients of the wind turbine power curve (kW/(m/s)³, -) 

𝜀0
𝑃𝐸𝑉  initial state-of-charge of the electric vehicle (kWh) 

𝛿  duty cycle of a controllable appliance (-) 

𝑚  mass (kg) 

𝑄  heat or thermal capacity (kJ/(kg ⋅ °C) or kWh/ºC) 

𝑅  equivalent thermal resistance of the building (kW/ºC) 

𝐶  coefficient of performance (pu) 

𝜆  energy price ($/kWh) 

 

Functions 

 

E(∗)  estimated value of an uncertain parameter 

size(∗) number of elements within a cluster or set 



 

Decision variables 

 

𝑝  power (kW) 

𝑢  commitment status (binary) 

𝜀  energy stored (kWh) 

𝑜𝑛/𝑜𝑓𝑓 ON/OFF status of appliances (binary) 

 

1 - Introduction 

1.1 - Context & motivation 

Electricity demand is expected to grow continuously during the following years [1]. 

This trend supposes a barrier to the decarbonisation of the system due to the massive 

dependency on fossil fuels [2]. In this context, there is a high interest on reducing energy 

consumption. The residential sector represents an important percentage of the total 

electricity consumption and greenhouse gases emissions worldwide [3]. In consequence, 

many organizations have put their focus on reducing domestic energy consumption. For 

instance, the Directive 2018/844/EU refers that by 2050 all residential and commercial 

existing buildings must be renovated in order to increase their energy efficiency [4]. The 

measures to increase energy performance in buildings are normally divided into two 

categories, namely energy savings and renewable energy sources (RESs) utilization [5]. 

 The nearly-Zero Energy Buildings (nZEBs) are defined in the 2010/31/EU Directive 

as buildings with nearly zero primary energy consumption, meanwhile utilizing building-

integrated RESs as much as possible. Particularly, photovoltaic (PV) or wind-generation 

(WG) units are the most frequently deployed system either on-site or near the nZEBs [3]. 

These assets are usually combined with storage facilities to manage the intermittent 

behaviour of RESs; thus increasing energy utilization and optimizing self-consumption. 

The emergence of smart appliances enables opportunities for further energy savings, but 

also increases the complexity of home installations. In this sense, the use of home energy 

management (HEM) systems becomes essential to effectively coordinate the operation of 



RESs, on-site storage facilities and smart appliances [6]. Indeed, a recent study points out 

that nearly 15-40% of domestic demand can be reduced using HEM systems [7]. Besides, 

plug-in electric vehicles (PEVs)  through vehicle-to-home (V2H) features could offer the 

benefit of optimizing the use of locally generated renewable energy while also providing 

revenue opportunities [8]. 

A HEM system allows to schedule of the different domestic appliances and storage 

assets to maximize building efficiency or economy [9]. Therefore, it must adequately 

handle the uncertainties raised from renewable sources or dynamic pricing tariffs such as 

real-time pricing (RTP) schemes [10]. In this regard, uncertainties modelling becomes a 

vital pillar in HEM programs, being so necessary to model not only the stochastic 

character of energy price and renewable generation but also the unpredictable behaviour 

of some emerging appliances like PEVs [11].  

This paper aims to tackle the challenges described above. To this end, a new 

Lexicographic-based stochastic-IGDT approach for multi-objective HEM systems in n-

ZEB under uncertainties with V2H operation is developed. 

 

1.2 - Literature review 

In recent years, many studies have developed different HEM approaches for nZEBs. 

Paterakis, et al, developed in [10] an appliance scheduling model under RTP and load-

shaping strategies. The developed scheduler was formulated as a single-objective Mixed-

Integer Linear Programming (MILP), considering RTP pricing and vehicle-to-home 

(V2H) capability. Kazmi, et al. [12] presented a data-driven scheduling approach to 

improve energy performance in nZEBs through the reduction in hot water consumption. 

In this reference, extensive simulations were performed in 46 real nZEBs, reducing the 

energy consumption in district hot water up to 27%. Kang [13] proposed a design 



algorithm for high-efficient buildings. To this end, a statistical analysis was proposed, 

taking data for real cases. With the use of these data, the developed algorithm determines 

the best practice and calculates the lifecycle cost of the project. In [14], various 

metaheuristics optimizers were tested for getting the optimal appliances scheduling 

problem, concluding that the developed enhanced differential teaching-learning 

algorithm offered the best trade-off between the optimum solution and computational 

efficiency. 

In [15], a novel HEM model was developed, which incorporates various indicators to 

measure the comfort and degree of acceptance of inhabitants. The proposed model 

considers the minimization of energy cost and users’ disturbance as objectives, using a 

metaheuristic algorithm for solving the optimization problem. Shafie-Khah and Siano 

developed in [16] a stochastic-based HEM system, considering V2H and response 

fatigue. In this model, uncertainties from renewable generation and PEV are considered 

via scenarios, using a reduction technique to alleviate the computational cost of the 

solution procedure. Zhao, et al. [17] proposed a robust HEM system, in which the worst-

case of uncertainties is extracted analytically and incorporated to obtain a robust solution 

of the optimization problem, which jointly considers energy cost and weariness. The 

genetic algorithms and cross-entropy operators are used for solving the HEM problems 

in [18]. In this reference, a conventional formulation of the problem is considered to 

minimize the energy cost. 

Moreover, Heim, et al. [19] showed how the structure of the building can be exploited 

as thermal storage, leading to nZEB capacity by the optimal interaction of individual 

buildings and the main grid in energy markets. In [20], the authors explored the role of 

natural ventilation for energy savings in nZEBs. To this end, a sophisticated model is 

developed to predict air temperature while the importance of the building model is 



highlighted. A self-scheduling HEM model was developed in [21] for smart homes with 

high PV penetration. A discomfort index is proposed to consider the disturbance of the 

scheduling results in users’ daily routines. In [22] a comprehensive multi-objective 

control was developed for nZEBs for which metaheuristic algorithms were employed. 

The objective function was formulated to encompass energy cost, users’ satisfaction and 

maximum exploitation of the renewable system by an optimal operation of a battery 

energy storage (BES) system. The authors of [23] proposed a hybrid neural network 

combined with genetic algorithms to optimally schedule the operation of a residential 

system. A similar model was built in [24], but linear optimization was executed instead 

of heuristic approaches. 

A multi-objective MILP-based HEM system model was presented in [25] and solved 

using the epsilon-constraint algorithm. In [6], an advanced HEM model was developed 

incorporating inverter-based air conditioner devices. An optimal electrification tool for 

isolated homes was developed in [11] incorporating the uncertainties from renewable 

generation and PEV using representative days and stochastic models, using clustering 

techniques to reduce the scenario-space to make the optimization problem easily 

manageable. Mancò, et al, developed in [26] a nonlinear design-operation strategy for 

nZEBs, including cold and thermal loads with a wide variety of generation units and 

storage facilities.  

Most recently, a sizing methodology for RESs and BES in nZEBs was developed in 

[27], which allows considering the impact of the depth-of-discharge (DOD), depreciation, 

ageing and fed-in rate in the total project cost. The model was comprehensively 

formulated taking historical data of renewable generation, which leads to a nonlinear 

optimization problem that is solved using metaheuristic algorithms. Ahmadiahangar, et 

al, proposed in [28] a heuristic algorithm to maximize self-consumption in nZEBs. The 



developed approach maximizes the use of PV generation by properly scheduling a BES. 

The model was validated in a real case placed in the Baltic Region. In [29], a many-

objective optimization procedure for HEM systems was developed to efficiently manage 

a six-objective optimization problem combining lexicographic optimization and 

scalarizing functions. The resulting problem incorporates the uncertainties from demand 

and renewable generation using stochastic programming and clustering techniques. 

In order to provide a broad survey of the literature, a descriptive and statistical co-

occurrence-based bibliometric analysis on the author’s keywords is performed using 

VOSviewer software1and relying on the Scopus database2 from 2010 and 2021. The 

search query was chosen to serve the primary goal of this study based on the first two 

keywords. The analysis results in 1270 journal articles concerning HEM or nZEBs studies 

and identified 94 keywords grouped in 4 clusters in different colours as visualized in Fig. 

1-a. The findings specify numerous remarkable tendencies presenting in the network, 

which comprises multiple keywords. Obviously, the most commonly cited terms, which 

articles are intensely focused on, with outstanding link strength with other terms are HEM 

(375 occurrences, 607 link strength), nZEBs (291, 330), demand response (160, 377), and 

smart grid [29] (141, 348). Moreover, the proposed co-occurrence timeline visualization 

map illustrated in Fig. 1-b enunciates the most recent emerging topics in the vibrant 

research community with red colour. This includes electric vehicles, internet of things, 

battery energy storage, multi-objective optimization, machine learning, appliance 

scheduling and grid interaction, all achieving an average publication year of nearly 2019. 

 

                                                           
1 https://www.vosviewer.com/ 

2 https://www.scopus.com/  



 

Figure 1 – Author’s keywords co-occurrence analysis in the context of the investigated subject (a) 

Network visualization by cluster (b) Overlay visualization by average publication date. (Note: circle size 

represents the number of co-occurrences of a keyword in articles, threshold number of occurrences were 

set to 6 times per keyword, circle color in (a) is cluster group, and color in (b) is the  average publication 

year of articles that used a keyword)  

 

1.3 - Contributions & paper organization 

Despite the notable importance of uncertainties modelling in HEM systems for 

nZEBs, there is still considerable space for further developments. Table 1 presents a 

summary of the studied references in terms of the solution method, objectives and 

uncertainties.  

  



Table 1 - A summary of the studied references and the present work 

Ref. Formulation Objective RTP PV WG V2H Uncertainties 

[10] MILP Single Yes Yes No Yes No 

[12, 18] Metaheuristic Single No Yes No No No 

[13] Heuristic Single No Yes No No No 

[14] Metaheuristic Weighted-sum Yes Yes No No No 

[15] Metaheuristic Weighted-sum Yes Yes No Yes No 

[16] MILP Single Yes Yes No Yes Stochastic 

[17] Nonlinear Weighted-sum No Yes No No Robust 

[19] MILP Single Yes Yes No No No 

[21, 6] MILP Weighted-sum Yes Yes No No Stochastic 

[22] Metaheuristic Weighted-sum Yes Yes Yes No No 

[23] Metaheuristic Weighted-sum No Yes No No No 

[24] MILP Weighted-sum No Yes No No No 

[25] MILP Epsilon-constraint Yes Yes No No Stochastic 

[11] MILP Single No Yes No Yes Stochastic 

[26] Nonlinear Single No Yes Yes No No 

[27] Metaheuristic Single No Yes Yes No No 

[29] Heuristic Single No Yes No No No 

[30] MILP Lexicographic-Scalarizing No Yes No No Stochastic 

Present MILP Lexicographic Yes Yes Yes Yes Hybrid 

 

In the light of the above bibliometric analysis and data summarized in Table 1, the 

following gaps have been detected. 

• Most of the literature ignores the effect of uncertainties in the energy 

management of nZEBs (see Fig. 1, the term uncertainties is repeated only 19 times 

and has weak link strength of 5 with nZEB terms). In such cases, it is frequently 

assumed that forecast profiles are deterministic [10]. In other cases, simple 

stochastic formulations are proposed [16]. This approach is simple and reliable; 

however, it may be unsuitable for certain parameters such as those related to 

PEVs. 

• The majority of the existing HEM models do not consider some important 

components and capabilities. This is the case of V2H and WG, which are usually 

ignored [12, 18]. In contrast, most of the researchers consider only PV units [14] 

(reveal Fig. 1, PV has 40 occurrences and 11 link strength of 12 with HEM and 

11 with nZEB). 

• In most cases, two or more objective functions are involved [30] while addressing 

the domestic energy management problems (see Fig. 1, the term multi-objective 



has relatively high occurrences (29), and a strong link strength with other terms 

(57)). In the literature, the weighted sum is typically considered for solving 

such multi-objective HEM problems. This approach, however, has two critical 

drawbacks: (i) the obtained solution is strongly impacted by the value of the 

weights, which are frequently heuristically fixed and (ii) it is difficult to handle 

the objective of different units and, moreover, the resulting Pareto fronts present 

a low density of solutions [31]. 

• Frequently, the formulation of the optimization problem is nonlinear, being so 

necessary to use heuristic or metaheuristic solvers, particularly PSO algorithm 

(refer Fig. 1). But these techniques may be trapped on local optimums as well as 

present a no-modular structure. In this sense, MILP formulations are by far 

preferred [10] (see Fig. 1, the terms MILP has been repeated 18 times and 

attained a value of 29 as a total link strength with other terms such as HEM 

system, nZEB smart home, and demand response). 

This paper aims at addressing the gaps exposed above. Consequently, a novel HEM 

system suitable for nZEBs is developed. The new proposal combines stochastic 

programming with Information Gap Decision Theory (IGDT). This approach is based on 

the different character of the uncertainties involved, as already proposed for other related 

problems [32, 33]. Indeed, whereas weather and demand uncertainties can be easily 

modelled via scenarios since their probabilities or predicted errors can be modelled by 

distribution functions [34], the unpredictable behaviour of PEVs should be handled 

differently. In this sense, the proposed model based on IGDT features the ability to predict 

the worst-case values of the uncertainties raised with PEV. The main contributions of this 

paper are enumerated as: 



• A novel HEM model for nZEBs is developed, which presents a modular MILP 

formulation which can be efficiently managed by conventional solvers and 

machines. 

• A novel hybrid scheme is proposed with the aim of managing the uncertainties. 

This scheme combines the conventional stochastic optimization to handle 

uncertainties from weather, energy price and demand, whereas IGDT is employed 

to model the unpredictable behaviour of PEVs. 

• In contrast to other works, RTP [10], V2H [11] and WG are properly modelled in 

the home system, in order to consider all the possibilities and capabilities of 

nZEBs. 

• A modular bi-objective structure is presented to optimize the energy consumption 

and cost. To this end, a novel lexicographic scheme is developed, which serves as 

a suitable framework to incorporate uncertainties using IGDT. Due to its modular 

structure, the multi-objective solution procedure presented in this paper can easily 

accommodate more uncertainties.  

Resulting from the contributions above, the present work circumvents the major 

issues encountered in the literature, as shown in Table 1. The developed HEM model is 

validated using a benchmark grid-connected nZEBs supplied by PV and WG units. The 

considered case study encompasses a BES and a variety of controllable loads along with 

a charging point for PEVs to illustrate how the uncertainties of the electric vehicle are 

modelled and treated. 

In the rest of this paper, Section 2 overviews the nZEB layout under study. Section 3 

presents the mathematical models of the different appliances and on-site assets. Section 

4 presents the developed HEM solution procedure. Section 5 presents a case study and 

the obtained results. Finally, the main conclusions are duly drawn in Section 6. 



 

 

Figure 2 - Pictorial representation of the nZEB under study 

2 - Overview of the nZEB under study 

Fig. 2 pictorially represents the home system under study. The different appliances 

and on-site assets are controlled in a centralized fashion by the HEM system, which 

performs the scheduling plan of the different controllable devices with day-ahead 

periodicity. To this end, it is assumed that the forecast information of various uncertain 

parameters is available with sufficient accurateness, which is a plausible assumption 

nowadays even when using conventional forecast techniques [35]. With this information, 

the HEM system can send scheduling and set-point signals to the different assets. 

 

Figure 3 - Illustrative description of the V2H capability of the PEV 
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The building can purchase energy from the utility grid and it is also supplied 

employing on-site renewable generators. The imported energy has a cost per kWh 

imposed by the local utility. In this paper, an RTP pricing mechanism is assumed for the 

energy bought from the grid, nevertheless, other well-known mechanisms like the time-

of-use tariffs could be considered. A storage facility formed by batteries allows to 

efficiently manage eventual surplus renewable energy. The storage assets can be also 

exploited to improve the economy of the system, thus buying energy during off-peak 

hours to be posteriorly consumed when the energy pricing is expected to be high (peak 

hours) [36]. The PEV can be also operated as a storage facility thus taking advantage of 

its V2H capability. To this end, it is assumed that the PEV is connected to the home 

through a bidirectional charger, as shown in Fig. 3, which allows bidirectional power 

flows (from and to the PEV). In contrast to the BES, the PEV can be only scheduled when 

it is plugged, bringing therefore additional uncertainties (initial state-of-charge (SOC) and 

departure time) [16]. 

Finally, domestic appliances are classified into controllable and non-controllable [21]. 

The non-controllable appliances are assumed to be scheduled under human decisions. 

This way, they are inhibited of the HEM operation. Nevertheless, since their consumption 

patterns usually respond to daily routines, their demand can be predicted with acceptable 

accurateness [21, 30]. In contrast, smart plugs enable active control of some appliances 

directly from the HEM system. This kind of controllable appliances may be scheduled 

within predefined time windows, which are assumed to be set by the users on the basis of 

their preferences [25]. The controllable appliances are in turn classified into interruptible 

and non-interruptible. In the former case, their operation can be interrupted without 

disturbing their functionality, whereas the non-interruptible appliances cannot be shut 

down until completing their duty cycle [30].  Lastly, the thermostatically controlled 



appliances are operated through smart thermostats, which continuously control the indoor 

and hot water temperatures, in the case of the heating-ventilation-air conditioner (HVAC) 

system and electric water heater (EWH), respectively. This way, the operation of the 

thermostatically controlled appliances can be scheduled and their consumption is 

continuously controlled in order to maintain the thermal comfort of the inhabitants within 

acceptable bounds [30].  

 

3 - Mathematical models 

In this section, the mathematical modelling of the different devices described in 

Section 2 is presented. The subsequent formulation is then incorporated into the 

optimization problem as operating constraints. The different mathematical models are 

developed over the representative scenario-space (ℛ), since some of the uncertainties are 

modelled using stochastic programming (see Section 4). 

 

3.1 - Connection to the utility grid 

The home system under study can purchase energy from a utility grid, which is owned 

by the local service entity [10]. It is realistic to assume that imported power is actually 

bounded by contractual conditions or physical limits [9, 30], as said the constraint (1). 

 𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑 ≤ 𝑢𝑟|𝑡

𝐺𝑟𝑖𝑑 ⋅ 𝑝̅𝐺𝑟𝑖𝑑;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (1) 

 

3.2 - PV modelling 

Potential PV generation is strongly influenced by weather parameters such as 

temperature and solar irradiation [37]. In this paper, the model developed in [38] is 

considered, which calculates the instantaneous PV potential, as follows 

 
ϕr|t
PV = p

PV
⋅ [0.25 ⋅ ϑ̂r|t + 0.03 ⋅ ϑ̂r|t ⋅ θ̂r|t

Air,out + (1.01 − 1.13 ⋅ ηPV)

⋅ ϑ̂r|t
2 ];  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 

(2) 



 

Figure 3 - A typical wind speed curve for a wind turbine 

As observed, the temperature and solar irradiance are considered uncertain parameters 

in (2), for which proper models are described in Section 4. As pointed out in [9, 30], 

additional constraints should be imposed to limit the power extracted from PV panels. 

This is because the expression (2) may eventually yield values higher than 𝑝
𝑃𝑉

, which is 

not a realistic assumption since typically inverters limit the power generated to avoid 

failure of components. To solve this issue, constraint (3) has to be imposed. 

 
𝑝𝑟|𝑡
𝑃𝑉 ≤ {

𝜙𝑟|𝑡
𝑃𝑉,   if 𝜙𝑟|𝑡

𝑃𝑉 ≤ 1.1 ⋅ 𝑝
𝑃𝑉

𝑝
𝑃𝑉
,                 otherwise

; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (3) 

In (3), it is assumed that 10% overloads are allowed, which is a plausible assumption 

in real cases [30]. 

 

3.3 - WG modelling 

In the case of wind turbines, the available wind generation is directly related to the 

wind speed and can be calculated by the well-known wind-power curve of a wind turbine 

[40]. Fig. 3 plots a typical wind power curve which is defined by maximum and minimum 

speed values and the parameter 𝛾𝑊𝑇,∗, which indicates the value of the wind speed beyond 

which the turbine produces its rated power. 

Mathematically, the curve plotted in Fig. 3 can be easily modelled by its piecewise 

representation [41], splitting it into four sections, as said (4) [42], while the constraint (5) 

Wind speed

Power

WT
 ,*WT

WT



0

WT

p



considers the efficiency of the turbine components. As seen, the expression (4) considers 

the wind speed an uncertain parameter. 

 
𝜙𝑟|𝑡
𝑊𝑇 =

{
 
 

 
 
0,                                                 𝑖𝑓 𝛾𝑟|𝑡 < 𝛾𝑊𝑇

𝑎 ⋅ 𝛾𝑟|𝑡
3 − 𝑏 ⋅ 𝑝̅𝑊𝑇 ,     if 𝛾𝑊𝑇 ≤ 𝛾𝑟|𝑡 < 𝛾𝑊𝑇,∗

𝑝̅𝑊𝑇 ,                             if 𝛾𝑊𝑇,∗ ≤ 𝛾𝑟|𝑡 < 𝛾̅
𝑊𝑇

0,                                                 𝑖𝑓 𝛾𝑟|𝑡 ≥ 𝛾̅𝑊𝑇

;  
∀𝑟 ∈ ℛ
∧ 𝑡 ∈ 𝒯

 (4) 

 
𝑝𝑟|𝑡
𝑊𝑇 ≤ 𝜂𝑊𝑇 ⋅ 𝜙𝑟|𝑡

𝑊𝑇;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (5) 

 

3.5 - BES modelling 

In the case of batteries, the maximum power that can exchange with the installation 

is limited by rated values [6, 10], as ensured by the constraint (6). On the other hand, (7) 

is applied to avoid the simultaneous charging and discharging of the BES. 

 
𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑖 ≤ 𝑢𝑟|𝑡

𝐵𝐸𝑆,𝑖 ⋅ 𝑝̅𝐵𝐸𝑆;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {𝑐ℎ, 𝑑𝑐ℎ} (6) 

 
𝑢𝑟|𝑡
𝐵𝐸𝑆,𝑐ℎ + 𝑢𝑟|𝑡

𝐵𝐸𝑆,𝑑𝑐ℎ ≤ 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (7) 

Further, equation (8) models the SOC of the batteries [30], which is limited by their 

nominal capacity and depth-of-discharge (DOD) settings, as expressed by (9). 

 
𝜀𝑟|𝑡
𝐵𝐸𝑆 = 𝜀𝑟|𝑡−1

𝐵𝐸𝑆 + ∆𝜏 ⋅ (𝜂𝐵𝐸𝑆 ⋅ 𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑐ℎ −

𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ

𝜂𝐵𝐸𝑆
⁄ ) ; ∀𝑟 ∈ ℛ ∧ 𝑡

∈ 𝒯\𝑡 > 1 

(8) 

 
𝜀𝐵𝐸𝑆 ≤ 𝜀𝑟|𝑡

𝐵𝐸𝑆 ≤ 𝜀̅𝐵𝐸𝑆;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (9) 

For adequate and accurate BES modelling, it is necessary to define the initial SOC of 

the batteries. Similar to other references [30, 39], it is assumed that the BES is fully 

charged at the beginning of the time horizon. To keep the model coherent, the constraint 

(10) ensures that the initial and final SOC are equal. 

 
𝜀𝑟|𝒯(1)
𝐵𝐸𝑆 = 𝜀𝑟|𝒯(end)

𝐵𝐸𝑆 = 𝜀̅𝐵𝐸𝑆;  ∀𝑟 ∈ ℛ (10) 

 

3.6 - PEV modelling 



Similar to stationary batteries, charging-discharging capabilities of the PEV are 

enabled through V2H capacbility. This way, equations (11)-(14) are equivalent to (6)-(9) 

but adapted to the PEV [11]. 

 
𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑖 ≤ 𝑢𝑟|𝑡

𝑃𝐸𝑉,𝑖 ⋅ 𝑝̅𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {𝑐ℎ, 𝑑𝑐ℎ} (11) 

 
𝑢𝑟|𝑡
𝑃𝐸𝑉,𝑐ℎ + 𝑢𝑟|𝑡

𝑃𝐸𝑉,𝑑𝑐ℎ ≤ 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (12) 

 
𝜀𝑟|𝑡
𝑃𝐸𝑉 = 𝜀𝑟|𝑡−1

𝑃𝐸𝑉 + ∆𝜏 ⋅ (𝜂𝑃𝐸𝑉 ⋅ 𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑐ℎ −

𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑑𝑐ℎ

𝜂𝑃𝐸𝑉
⁄ ) ; ∀𝑟 ∈ ℛ ∧ 𝑡

∈ 𝒯\𝑡 > 1 

(13) 

 
𝜀𝑃𝐸𝑉 ≤ 𝜀𝑟|𝑡

𝑃𝐸𝑉 ≤ 𝜀̅𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (14) 

In contrast to stationary batteries, the PEV cannot be scheduled when it is not plugged. 

To ensure proper scheduling of the vehicle, (15) forces its scheduling status to be zero 

when it is not plugged at home. 

 
𝑢𝑟|𝑡
𝑃𝐸𝑉,𝑐ℎ + 𝑢𝑟|𝑡

𝑃𝐸𝑉,𝑑𝑐ℎ = 0; ∀𝑟 ∈ ℛ ∧ 𝑡 ∉ Θ̂ (15) 

It is assumed that the PEV needs to be fully charged at its departure time, as declared 

in (16). On the other hand, (17) sets the initial SOC of the PEV. In this paper, it is assumed 

that the PEV can be scheduled at the beginning of the time horizon [30], which means, 

its arrival time occurs at 𝑡 = 1. 

 
𝜀𝑟|Θ̂(end)
𝑃𝐸𝑉 = 𝜀̅𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ (16) 

 
𝜀𝑟|Θ̂(1)
𝑃𝐸𝑉 = 𝜀0̂

𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ (17) 

It is noteworthy that the PEV scheduling involves two uncertain parameters. On the 

one hand, the initial SOC is considered unknown since it depends on the daily mileage 

[43]. On the other hand, its departure time is a priori unpredictable, being possible to 

leave the home at any time instant. In (15)-(17), the PEV time window (Θ) is modelled 

as an uncertain variable to take into account this particularity. 

 

3.7 - Controllable appliances modelling 



As customary, the controllable appliances are classified into interruptible or non-

interruptible [30]. In both cases, their duty cycles must be completed within the 

predefined time windows, as ensured (18), being not possible to schedule them out of 

their respective time windows, as forced by (19). 

 
∑{𝑢𝑟|𝑡

𝑘 }

𝑡∈Ψ𝑘

= 𝛿𝑘;  ∀𝑟 ∈ ℛ ∧ 𝑘 ∈ {𝒦NI ∪𝒦I} (18) 

 
∑{𝑢𝑟|𝑡

𝑘 }

𝑡∉Ψ𝑘

= 0; ∀𝑟 ∈ ℛ ∧ 𝑘 ∈ {𝒦NI ∪𝒦I} (19) 

The non-interruptible appliances cannot be shut down once their operating cycles 

have begun. To properly model this behaviour, (20) imposes continuity in their operation 

while (21) forces to schedule these appliances only once throughout the time horizon. 

 
𝑜𝑛𝑟|𝑡

𝑘 − 𝑜𝑓𝑓𝑟|𝑡
𝑘 = 𝑢𝑟|𝑡

𝑘 − 𝑢𝑟|𝑡−1
𝑘 ;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 ∧ 𝑘 ∈ 𝒦NI (20) 

 
∑{𝑜𝑛𝑟|𝑡

𝑘 }

𝑡∈Ψ𝑘

= 1; ∀𝑟 ∈ ℛ ∧ 𝑘 ∈ 𝒦NI (21) 

 

3.8 - HVAC modelling 

This paper adopts a resistance-based model of the building to determine the indoor 

temperature at any time instant. This model is based on differential equations which can 

be linearized [10]. In this way, the indoor temperature is calculated by (22) as a function 

of the outdoor temperature, the thermal resistance of the building and the action of the 

HVAC. 

 

𝜃𝑟|𝑡
𝐴𝑖𝑟,𝑖𝑛 = (1 −

∆𝜏

103 ⋅ 𝑚𝐴𝑖𝑟,𝑖𝑛 ⋅ 𝑄𝐴𝑖𝑟,𝑖𝑛 ⋅ 𝑅
) ⋅ 𝜃𝑟|𝑡−1

𝐴𝑖𝑟,𝑖𝑛

+
1

103 ⋅ 𝑚𝐴𝑖𝑟,𝑖𝑛 ⋅ 𝑄𝐴𝑖𝑟,𝑖𝑛 ⋅ 𝑅
⋅ 𝜃𝑟|𝑡−1

𝐴𝑖𝑟,𝑜𝑢𝑡

+      
(𝑝𝑟|𝑡−1

𝐻𝑉𝐴𝐶,ℎ − 𝑝𝑟|𝑡−1
𝐻𝑉𝐴𝐶,𝑐)

0.000277 ⋅ 𝑚𝐴𝑖𝑟,𝑖𝑛 ⋅ 𝑄𝐴𝑖𝑟,𝑖𝑛
⋅ 𝐶𝐻𝑉𝐴𝐶 ;  ∀𝑟

∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡 > 1 

(22) 



Similar to batteries, the initial and final temperatures must be fixed to keep the model 

tractable and coherent. In this work, it is assumed that the initial and final indoor 

temperatures are equal to the set-point settings of the HVAC system, as given by 

constraint (23). 

 
𝜃𝑟|𝒯(1)
𝐴𝑖𝑟,𝑖𝑛 = 𝜃𝑟|𝒯(end)

𝐴𝑖𝑟,𝑖𝑛 = 𝜃𝐻𝑉𝐴𝐶,𝑠𝑝; ∀𝑟 ∈ ℛ (23) 

To avoid the continuous operation of the HVAC unit, it is common to allow the indoor 

temperature to vary within acceptable dead-bands [30]. Thereby, the limits of the 

temperature are imposed by (24). 

 
𝜃𝐻𝑉𝐴𝐶,𝑠𝑝 − 𝜃𝐻𝑉𝐴𝐶,𝑑𝑏 ≤ 𝜃𝑟|𝑡

𝐴𝑖𝑟,𝑖𝑛 ≤ 𝜃𝐻𝑉𝐴𝐶,𝑠𝑝 + 𝜃𝐻𝑉𝐴𝐶,𝑑𝑏; ∀𝑟 ∈ ℛ ∧ 𝑡

∈ 𝒯 
(24) 

Lastly, (25) is adopted to define the upper bounds of the power which can be 

consumed by the HVAC set to rating values, whereas (26) imposes complementarity on 

the heating and cooling modes of the HVAC system. 

 
𝑝𝑟|𝑡
𝐻𝑉𝐴𝐶,𝑖 ≤ 𝑢𝑟|𝑡

𝐻𝑉𝐴𝐶,𝑖 ⋅ 𝑝
𝐻𝑉𝐴𝐶

;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {ℎ, 𝑐} (25) 

 
𝑢𝑟|𝑡
𝐻𝑉𝐴𝐶,ℎ + 𝑢𝑟|𝑡

𝐻𝑉𝐴𝐶,𝑐 ≤ 1; ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (26) 

 

3.9 - EWH modelling 

The EWH can be easily modelled by linearized differential equations. In contrast to 

the HVAC system [44]. It is assumed that when hot water is drawn from the EWH, then 

it is completely replenished with cold water. Also, it is considered that the heater is 

installed inside the building. Under these assumptions, the water temperature inside the 

tank can be calculated by (27) and (28), depending on if the instantaneous water 

consumption is zero or not. 



 

𝜃𝑟|𝑡+1
𝑤,ℎ = 𝜃𝑟|𝑡

𝑤,ℎ + 𝑝𝑟|𝑡
𝐸𝑊𝐻 ⋅ 𝜂𝐸𝑊𝐻 ⋅ 𝐶𝑤,ℎ

− (𝜃𝑟|𝑡
𝐴𝑖𝑟,𝑖𝑛 − 𝜃𝑟|𝑡

𝑤,ℎ)𝑒
(

−∆𝜏

𝑅𝑤,ℎ⋅𝐶𝑤,ℎ
)
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡

< 𝒯 ∧ 𝑣𝑟|𝑡
𝑤,ℎ = 0 

(27) 

 
𝜃𝑟|𝑡+1
𝑤,ℎ =

𝜃𝑟|𝑡
𝑤,ℎ ⋅ (𝑣

𝐸𝑊𝐻
− 𝑣𝑟|𝑡

𝑤,ℎ) + 𝜃𝑟|𝑡
𝑤,𝑐 ⋅ 𝑣𝑟|𝑡

𝑤,ℎ

𝑣
𝐸𝑊𝐻 ;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡

< 𝒯 ∧ 𝑣𝑟|𝑡
𝑤,ℎ > 0 

(28) 

It is worth noting that the hot water consumption is considered unknown in (27) and 

(28). The hot water temperature must be maintained within acceptable limits, as shown 

in (29). In this case, the upper limit is imposed for security reasons [10, 39] while the 

lower one is set by the users on the basis of comfort requirements. 

 𝜃𝐸𝑊𝐻 ≤ 𝜃𝑟|𝑡
𝑤,ℎ ≤ 𝜃

𝐸𝑊𝐻
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (29) 

As in the case of the indoor temperature, initial and final values for the hot water 

temperature must be given by the constraint (30). Lastly, the EWH modelling is 

completed by the constraint (31), which upper bounds the power consumption of the 

heater. 

 
𝜃𝑟|𝒯(1)
𝑤,ℎ = 𝜃𝑟|𝒯(end)

𝑤,ℎ = 𝜃𝐸𝑊𝐻,𝑠𝑝;  ∀𝑟 ∈ ℛ (30) 

 
𝑝𝑟|𝑡
𝐸𝑊𝐻 ≤ 𝑝

EWH
;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 (31) 

 

3.10 - Home power balance 

The mathematical modelling of the proposed nZEB is completed by the constraint 

(32), by which the generation-load balance is ensured. As seen in (32), the instantaneous 

consumption attributable to non-controllable loads is considered an uncertain parameter. 

 

𝑝𝑟|𝑡
𝐺𝑟𝑖𝑑 + 𝑝𝑟|𝑡

𝐵𝐸𝑆,𝑑𝑐ℎ + 𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑑𝑐ℎ + 𝑝𝑟|𝑡

𝑃𝑉 + 𝑝𝑟|𝑡
𝑊𝑇

= 𝑝̂𝑟|𝑡
𝑁𝐶 + 𝑝𝑟|𝑡

𝐵𝐸𝑆,𝑐ℎ + 𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑐ℎ + 𝑝𝑟|𝑡

𝐸𝑊𝐻 + ∑ {𝑝𝑟|𝑡
𝐻𝑉𝐴𝐶,𝑖}

𝑖∈{ℎ,𝑐}

+ ∑ {𝑢𝑟|𝑡
𝑘 ⋅ 𝑝

𝑘
}

𝑘∈{𝒦NI∪𝒦I}

;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 

(32) 



 

4 - The developed solution procedure 

In the operation of nZEBs, weather parameters (i.e. temperature, solar irradiation and 

wind speed), non-controllable appliances demand, hot water consumption, initial SOC of 

the PEV and its departure time are considered uncertain parameters. In addition, the 

energy pricing is also considered unknown since an RTP tariff mechanism has been 

adopted. To properly model the different uncertainties, a novel hybrid stochastic-IGDT 

solution procedure is developed. In addition, the novel proposal allows for the 

consideration of different objective functions within a lexicographic optimization 

scheme. 

The reason behind of this adoption is the heterogeneity of the uncertainties involved, 

which requires the use of different models. This way, weather parameters, demand and 

energy pricing can be easily forecasted and therefore their errors can be modelled using 

Gaussian distributions and stochastic programming [45]. Also, their probability models 

can be easily inferred from the literature or historical data. However, the behaviour of the 

PEV is hardly predictable [43] and therefore its distribution function is normally 

unknown. In this sense, it is more suitable to use IGDT for modelling the uncertainties 

referred to PEV rather than using scenarios. In this manner, the developed solution 

procedure yields a robust scheduling result with immunity against the PEV behaviour. 

Fig. 4 is a flowchart of the developed methodology. It is composed of various stages. 

The first stage is devoted on optimizing the different objective functions using 

lexicographic optimization [46]. By this technique, the different objectives are 

sequentially optimized, thus giving different importance to each one (see [25, 30] for 

further details). In this paper, the energy cost and net energy consumption are jointly 

optimized, giving them the same importance. However, the developed procedure presents 



a modular structure, being possible to incorporate other objectives. Therefore, stages 1.1 

and 1.2 are devoted to calculate the lowest values (utopia points [25]) of these objectives 

by optimizing them separately. The second stage performs similar but, in this case, the 

PEV-related uncertainties are minimized. Although these particular parameters are not 

actually optimized, their minimum feasible values are necessary for the third stage. These 

pessimistic points yield the worst-case scenario for the initial SOC and departure time by 

minimizing them separately. Finally, the third stage performs the robust optimization of 

the scheduling problem. To this end, information on the lowest and highest values of the 

different objectives and PEV uncertainties need to be given. These data can be calculated 

from the previous stages. Thereby, this stage is focused on maximizing the uncertain 

radiuses using IGDT [47], while the different objectives are minimized at once. Hence, 

the developed methodology attains the best compromise solution among objectives 

considering immunity against the PEV uncertainties. 



 
Figure 4 - Flowchart of the developed methodology 

 

4.1 - Stochastic modelling 

As commented, wind speed, energy pricing, non-controllable appliances and hot 

water demand, temperature and solar irradiation are modelled using stochastic 

programming. This approach is particularly suitable as the distribution functions of the 

considered uncertainties are normally well-described or their forecast errors can be 

modelled using Gaussian distributions [45]. In this case, the second option has been 

considered, which is depicted in Fig. 5. By this approach, it is assumed that the forecast 

profiles present precision errors which can be modelled using normal distributions [45]. 

Under this assumption, a large number of scenarios should be generated to effectively 

catch the stochastic behaviour of the concerned variable [34]. Because many scenarios 

have to be generated (~1,000), the resulting computational burden may be unaffordable. 

Forecast
profiles

Representative
scenarios

Expected values of
the PEV-related

uncertainties

Other dataI
n

p
u

ts

Stage 1.1
Solve the optimization
problem taking the energy
cost as objective function

Stage 1.2
Solve the optimization
problem taking the net energy
demand as objective function

Stage 1
The different
objectives involved in 
the problem are 
separately optimized, 
with the aim of
finding their
minimum values
(Utopia points)

Stage 2
The PEV-related
uncertainties are 
taken as objectives
of the optimization
problema, thus
finding their
mínimum feasible
values (worst-case)

Stage 2.1
Solve the optimization
problem taking the initial SOC 
of the PEV as objective
function

Stage 2.2
Solve the optimization
problem taking the departure
time as objective function

Stage 3
Solve the optimization problem considering all the
objectives and the PEV related uncertainties.
To this end, the uncertainties referred to PEV are 
treated via IGDT, maximizing their uncertainty
radiuses, while the objectives are also taken at 
once.

Minimum value of the
objective functions

(Utopia points)

Minimum value of
the PEV-related

uncertainties
(worst-case)

Other results

Calculate the maximum
value of the objective

functions (pseudo-
Nadir points)

Optimum scheduling result immune
against PEV-related uncertainties
with compromiso solution among

objectives



Thereby, some references recur to clustering techniques intending to reduce the original 

scenario-space to a representative group with a smaller size, in which only some 

representative members from the original set are considered. In this paper, the 

methodology described in [48], has been considered to this end, which uses the k-medoids 

method and some helpful indicators for determining the members and size of the 

representative scenario-space. As commented in this reference, one of the main 

advantages of using the k-medoids method is the possibility of calculating the probability 

of each scenario, as follows 

 
𝜋𝑟 =

size(Ω𝑟)

size(𝒮)
; ∀𝑟 ∈ ℛ (33) 

 

4.2 - Stage 1 

At the first stage, the different objectives involved are separately minimized 

considering stochastic modelling of the uncertainties explained in Section 4.1. In this 

regard, this stage aims at calculating the lowest values of the different objectives (utopia 

points). In this paper, without loss of generality, two objectives are considered, the energy 

cost and the net energy consumed, which can be respectively formulated as follows: 

 
𝑓1 =∑{𝜋𝑟 ⋅∑{∆𝜏 ⋅ 𝜆̂𝑟|𝑡 ⋅ 𝑝𝑟|𝑡

𝐺𝑟𝑖𝑑}

𝑡∈𝒯

}

𝑟∈ℛ

 (34) 

 

𝑓2 = ∑

{
 
 

 
 

𝜋𝑟 ⋅∑

{
 
 

 
 

∆𝜏

𝑡∈𝒯𝑟∈ℛ

⋅

(

  
 

𝑝̂𝑟|𝑡
𝑁𝐶 + 𝑝𝑟|𝑡

𝐵𝐸𝑆,𝑐ℎ + 𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑐ℎ

+𝑝𝑟|𝑡
𝐸𝑊𝐻 + ∑ {𝑝𝑟|𝑡

𝐻𝑉𝐴𝐶,𝑖}

𝑖∈{ℎ,𝑐}

+ ∑ {𝑢𝑟|𝑡
𝑘 ⋅ 𝑝

𝑘
}

𝑘∈{𝒦NI∪𝒦I}

−𝑝𝑟|𝑡
𝐵𝐸𝑆,𝑑𝑐ℎ − 𝑝𝑟|𝑡

𝑃𝐸𝑉,𝑑𝑐ℎ − 𝑝𝑟|𝑡
𝑃𝑉 − 𝑝𝑟|𝑡

𝑊𝑇
)

  
 

}
 
 

 
 

}
 
 

 
 

 

(35) 

 



For simplicity in the explanation, the Stage 1 is divided into the stages 1.1 and 1.2 

depending on if the minimization is performed on (34) and (35), respectively. Therefore, 

the optimization problems for the stages 1.1 and 1.2 is stated as: 

 
𝑓1 = 𝑓1

(1.1)
→ argmin

𝒙
𝑓1(E(Θ), E(𝜀0

𝑃𝐸𝑉)) (36) 

s.t. (1)-(32) 

 
𝑓2 = 𝑓2

(1.2)
→ argmin

𝒙
𝑓2(E(Θ), E(𝜀0

𝑃𝐸𝑉)) (37) 

s.t. (1)-(32) 

where, the superscripts (𝑥. 𝑥) indicate the value of the objective of this particular stage 

(e.g. 𝑓1
(1.1)

 is the value of 𝑓1 at the stage 1.1). It is important to note that expected values 

of the uncertainties related to PEV are taken on the problems (36) and (37). Therefore, 

the Stage 1 neglects the unpredictable behaviour of the vehicle, considering its variables 

as deterministic. It is also important to note that other objectives could be integrated into 

the developed framework without any problem. 

 

4.3 - Stage 2 

The Stage 2 performs similar to the previous stage, however, this step searches the 

minimum value of the uncertainties referred to the PEV, i.e. the initial SOC and the 

departure time. It is important to note that the minimum feasible value of these parameters 

supposes the worst-case scenario. Therefore, to find the limit cases for which the 

scheduling plan is still feasible, the initial SOC and the time window Θ. In the cases of 

the initial energy stored in the on-board batteries, its lowest value can be easily found by 

declaring it as a variable, leading to the following optimization problem. 

 
𝑓3 = 𝜀0

𝑃𝐸𝑉 (38) 

 
𝑓3 = 𝑓3

(2.1)
→ argmin

𝒙,𝜀0
𝑃𝐸𝑉

𝑓3(E(Θ)) (39) 



s.t. (1)-(32) and (38) 

 
𝜀𝑃𝐸𝑉 ≤ 𝜀0

𝑃𝐸𝑉 ≤ E(𝜀0
𝑃𝐸𝑉) (40) 

To minimize the PEV time window, additional constraints and variables must be 

declared. Firstly, the constraint (11) is replaced by (41), in which an additional binary 

variable 𝑧𝑡
𝑃𝐸𝑉 has been included. This variable will be equal to 1 when the PEV is parked 

at home and 0 otherwise, this way, it is used to indirectly model the time set Θ, as 

expressed by equation (42). 

 
𝑝𝑟|𝑡
𝑃𝐸𝑉,𝑖 ≤ 𝑧𝑡

𝑃𝐸𝑉 ⋅ 𝑢𝑟|𝑡
𝑃𝐸𝑉,𝑖 ⋅ 𝑝̅𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯 ∧ 𝑖 ∈ {𝑐ℎ, 𝑑𝑐ℎ} (41) 

 
Θ = {𝒛𝑃𝐸𝑉 ∈ 𝔹size(𝒯): 𝑧𝑡

𝑃𝐸𝑉 = 1}; 𝒛𝑃𝐸𝑉 = [𝑧1
𝑃𝐸𝑉, 𝑧2

𝑃𝐸𝑉, … , 𝑧𝒯(end)
𝑃𝐸𝑉 ] (42) 

It is important to note that the inclusion of 𝑧𝑡
𝑃𝐸𝑉 in (41) provokes nonlinearity, 

nevertheless, it can be easily linearized by imposing additional constraints and variables 

(see Appendix A). For simplicity, it is assumed that the PEV leaves and arrive in the home 

once over the time horizon, which implies continuity of the vector 𝒛𝑃𝐸𝑉. To properly 

model this behaviour, two binary variables namely 𝑎𝑟𝑟𝑖𝑣𝑒𝑡
𝑃𝐸𝑉 and 𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑡

𝑃𝐸𝑉 are 

declared, which are equal to 1 if the PEV arrives or leaves the home at the 𝑡𝑡ℎ time step, 

respectively, and 0 otherwise. These auxiliary variables allow to include the constraints 

(43) and (44), which impose continuity in 𝒛𝑃𝐸𝑉. 

 
𝑎𝑟𝑟𝑖𝑣𝑒𝑡

𝑃𝐸𝑉 − 𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑡
𝑃𝐸𝑉 = 𝑧𝑡

𝑃𝐸𝑉 − 𝑧𝑡−1
𝑃𝐸𝑉;  ∀𝑟 ∈ ℛ ∧ 𝑡 ∈ 𝒯\𝑡

> 1 
(43) 

 
∑{𝑎𝑟𝑟𝑖𝑣𝑒𝑡}

𝑡∈𝒯

= 1,∑{𝑑𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑡}

𝑡∈𝒯

= 1 (44) 

Thereby, it can be calculated the earliest hour at which the PEV could leave the home, 

which is equivalent to finding the minimum size of the window Θ, leading to the following 

optimization problem. 

 
𝑓4 =∑{𝒛𝑃𝐸𝑉}

𝑡∈𝒯

 (45) 



 
𝑓4 = 𝑓4

(2.2)
→ argmin

𝒙,𝒛𝑃𝐸𝑉
𝑓4(E(𝜀0

𝑃𝐸𝑉)) (46) 

s.t. (1)-(10), (12)-(32), (41)-(44)  

 

4.4 - Stage 3 

The Stage 3 is focused on finding a compromise solution among objectives, while 

immunity against the PEV-related uncertainties is kept. For that purpose, the IGDT has 

been considered. This approach allows finding robust solutions by taking into account 

worst-case values of uncertainties. This way, it is not necessary any knowledge of the 

probability functions of such uncertainties [47], which supposes an advantage in the case 

of electric vehicles, whose behaviour is highly unpredictable [43]. 

The IGDT procedure is therefore focused on finding the maximum value of the so-

called uncertain radiuses 𝛼’s. These parameters model the deviation of uncertainty 

concerning on its expected value. This way, the solution is more robust-oriented whether 

higher radiuses are obtained. To find the extreme values of the uncertainties related to the 

PEV, both the initial SOC and PEV time window have to be treated as variables, as 

explained in Section 4.3. On the other hand, their respective radiuses have to be also 

included as variables, allowing the uncertainties to vary from their minimum values 

calculated at the Stage 2, to their expected values, as follows 

 
𝑓3
(3)
≤ E(𝜀0

𝑃𝐸𝑉) − 𝛼3 ⋅ (E(𝜀0
𝑃𝐸𝑉) − 𝑓3) (47) 

 
𝑓4
(3)
≤ E(Θ) − 𝛼4 ⋅ (E(Θ) − 𝑓4) (48) 

Nevertheless, the objective of the Stage 3 is in fact twofold, since, along with the 

maximum value of the uncertain radiuses, the compromise solution among objectives 

have to be found. Accordingly, both concerned objectives are modelled as ‘artificial 

uncertainties’ being so possible including them within the IGDT procedure. This novel 



paradigm assumes that both the energy cost and consumed net energy can vary from 

minimum and maximum values, as mentioned in equation (49). 

 
𝑓𝑖
(3)
≤ 𝑓

𝑖
− 𝛼𝑖 ⋅ (𝑓𝑖 − 𝑓𝑖) ; 𝑖 = 1,2 (49) 

where the minimum values are already calculated at the Stage 1 and the maximum ones 

can be found as follows. 

 
𝑓
1
= max(𝑓1

(1.2)
, 𝑓1

(2.1)
, 𝑓1

(2.2)
) (50) 

 
𝑓
2
= max(𝑓2

(1.1)
, 𝑓2

(2.1)
, 𝑓2

(2.2)
) (51) 

It is worth observing that the higher value of the radiuses related to the objective 

functions implies the lower value of such functions. Thus, the objective of the Stage 3 is 

reduced to find the maximum values of all the radiuses 𝛼’s, which is equivalent to 

minimizing the value of the objective functions while the degree of robustness against the 

PEV-related uncertainties is increased at once, as stated in the following optimization 

problem. 

 
max

𝒙,𝜀0
𝑃𝐸𝑉,𝒛𝑃𝐸𝑉,𝛂

[
1

size(𝛂)
⋅∑{𝛂};  𝛂] = [𝛼1, 𝛼2, 𝛼3, 𝛼4] (52) 

s.t. (1)-(10), (12)-(32), (40)-(44), (47)-(49)  

It is noteworthy that the model developed in this paper forces the radiuses to vary 

from 0 to 1, thus allowing to consider all of them in the same objective function easily 

[31]. The developed formulation is a MILP (including the linearization techniques in 

Appendix A), being easily solvable by standard solvers. In addition, its computational 

complexity grows polynomial with the variable-space size [49]. 

5 - Case study 

In this section, the developed solution procedure is tested and validated, for which a 

benchmark home installation is profusely studied. The developed optimization problem 

is coded in Matlab R2019a and solved using Gurobi [50]. The scheduling problem has 



been solved over a 24-h time horizon, with 30-min resolution (∆𝜏 = 0.5 h). The 

experiments carried out by the authors on an Intel® Core™ i7-10700K (32 GB RAM) 

revealed good computational performance, consuming 5 minutes on average to complete 

the whole procedure, which is considered acceptable and competitive for HEM-related 

tools [25]. 

5.1 - Data 

It is assumed that the maximum power that can be purchased from the utility grid is 

10 kW. The nZEB system under study encompasses two renewable generators and a BES. 

As described in Section 2, a small-scale PV array and WG are deployed together with a 

Li-ion battery bank, whose relevant data are extracted from [11, 37] and collected in Table 

2. The thermal data is taken from [10], assuming rectangular geometry of the building, 

while the parameters of the HVAC system and EWH are extracted from [10, 44], and 

collected in Tables 3 and 4. 

Table 2 - Data of renewable generators and BES [11, 37] 

Parameter Value 

𝑝
𝑃𝑉

/𝑝
𝑊𝑇

/𝑝
𝐵𝐸𝑆

 1/1/1.25 kW 

𝜂𝑃𝑉/𝜂𝑊𝑇/𝜂𝐵𝐸𝑆 0.167/0.485/0.98 pu 

𝛾𝑊𝑇/𝛾𝑊𝑇,∗/𝛾
𝑊𝑇

 2, 11, 21 m/s 

𝑎/𝑏 0.0756 kW/(m/s)³/0.006 

𝜀̅𝐵𝐸𝑆/𝜀𝐵𝐸𝑆 5/2 kWh 

Table 3 - Data of the HVAC system [10] 

Parameter Value 

𝑝
𝐻𝑉𝐴𝐶

 2 kW 

𝐶𝐻𝑉𝐴𝐶  1.2 

𝜃𝐻𝑉𝐴𝐶,𝑠𝑝/𝑑𝑏 23/0.5 ºC 

Table 4 - Data of the EWH [44] 

Parameter Value 

𝑝
𝐸𝑊𝐻

 2.1 kW 

𝜂𝐸𝑊𝐻 0.9 pu 

𝑣
𝐸𝑊𝐻

 50 gal 

𝑅𝑤,ℎ 863.4 ºC/kWh 

𝐶𝑤,ℎ 1.52 ºC/kW 

𝜃𝐸𝑊𝐻/𝜃
𝐸𝑊𝐻

/𝜃𝑤,𝑐 45/60/10 ºC 



Table 5 - Characteristics of the controllable appliances [21] 

Appliance Power (kW) 𝝋 (hrs.) 𝚿 Type 

Dishwasher 2.5 2 1:00-18:00 Interruptible 

Washing machine 3 3 1:00-12:00 Non-interruptible 

Spin dryer 2.5 1 13:00-21:00 Interruptible 

 

 
Figure 5 - Expected profiles (discontinuous black line) and representative scenarios (grey solid lines) 

solar irradiance (a), outdoor temperature (b), wind speed (c), inflexible demand (d), hot water demand (e) 

and energy price (f) 

 

A Hyundai IONIQ is considered as a benchmark PEV. This vehicle has an on-board 

38.3 kWh Li-ion battery system, whose efficiency is taken equal to 0.98 pu [51]. It is 

assumed that the on-board batteries can be discharged up to 20% of their total capacity. 

The expected initial SOC for the PEV is 60% of its nominal capacity, while its departure 

is expected to take place at 9:30 h. The PEV is connected to the home through a 7 kW 

bidirectional charger. 

The HEM system can schedule the operation of the dishwasher, washing machine and 

spin dryer, whose characteristics are adapted from [21] and collected in Table 5. As seen, 

the predefined time windows contemplate priority in appliances operation. This way, the 

dryer cannot be scheduled until the washing machine has not completed its duty cycle. 

Various real profiles are considered for the stochastic parameters, which are plotted in 

Fig. 5. The solar irradiance, temperature and wind speed were measured at Virgin Islands 

on May 3, 2016 [52]. The instantaneous demand attributable to non-controllable 



appliances and hot water demand are taken from [11], while the energy pricing on the 

PJM FE Ohio on July 9, 2019 [53] is taken as RTP purchasing price for the home system 

under study. After performing the stochastic modelling described in Section 4.1, a total 

of thirteen representative scenarios are considered in simulations, which are also plotted 

in Fig. 5. 

5.2 - Results and discussion  

Herein, various results are provided with a twofold objective. On the one hand, we 

aim to validate the developed model while on the other hand the effect of PEV-related 

uncertainties is drawn. Firstly, various simulations are performed observing the effect of 

various parameters on the outputs of the problem. In this regard, some parameters are 

freely taken and parametric analyses are carried out. Fig. 6 shows the total energy cost 

for various capacities of the BES. In this figure, the energy cost is shown at two different 

stages, namely 1.1 and 3. In the former, the electricity bill is minimized while in the latter 

a compromise solution among objectives is found taken into account the effect of PEV 

uncertainties using IGDT. As observed, the economy of the system improves with the 

size of the batteries, which is logical and coherent since the BES allows a more efficient 

energy use. The energy cost is notably higher at Stage 3, since in this case the secondary 

objectives and immunity against PEV uncertainties are improved at expenses of the 

economy of the installation. 

 
Figure 6 - Total energy cost for various BES sizes 



 
Figure 7 - Total energy cost (upper) and net energy demand (lower) for various sizes of the renewable 

generators 

Table 6 - Results obtained with the developed methodology 

Function Stage 1.1 Stage 1.2 Stage 2.1 Stage 2.2 Stage 3 

𝑓1 ($) 0.729 1.136 1.937 1.704 0.985 

𝑓2 (kWh) 43.97 43.24 81.69 65.35 59.21 

𝑓3 (%) 60 60 20 60 20 

𝑓4 (time slots) 20 (9:30 h) 20 (9:30 h) 20 (9:30 h) 5 (2:30 h) 9 (4:30 h) 

A similar simulation is performed for various RES sizes, whose results are plotted in 

Fig. 7. Obviously, both the energy cost and net energy demand decreases with the rated 

renewable capacity. It is noteworthy that both indicators are more sensitive to the WG 

rated power than PV, which is reasonable because wind resource is more available 

throughout the day than solar irradiation. 

The developed procedure is then performed considering the maximum rated capacity 

of RESs and BES showed in Figs. 1 and 2. Our method calculates a compromise solution 

among objectives. In this way, the results yielded at Stage 3 should be between the Utopia 

(minimum) and pseudo-Nadir (maximum) values of each objective [25]. Table 6 reports 

the results obtained through the different stages involved in the developed procedure. As 

observed, the results obtained at Stage 3 meet the requirements of multi-objective 

optimization, since the different objectives (energy cost and net energy demand) are 

jointly optimized. Logically, the results obtained at this stage lie between the 

corresponding minimum and maximum values of each objective, since the solution 



calculated implies that one objective cannot be improved without further deteriorating the 

other. It is worth noting that stages 1.1 and 1.2 effectively optimize their corresponding 

objectives.  

Regarding the PEV-related uncertainties, the results at Stage 2 suppose the worst-case 

scenario for each uncertainty separately. Indeed, Stage 2 determines that the problem is 

not feasible whether the initial SOC is lower than 20% or the departure time is earlier 

than 2:30 h. These results are consistent and rational as the initial SOC cannot be lower 

than the maximum allowable discharge of the onboard batteries, while they require to be 

charged at least 2.5 hours at maximum power to be fully charged before leaving the home. 

At Stage 3, a compromise solution among objectives is found; thus, all the objectives 

along the uncertainties referred to electric vehicle take values among their extreme points. 

These last results can be better appreciated in Fig. 8, where the SOC of the PEV is 

plotted for different stages. As seen, Stage 1.1 considers expected values for the initial 

SOC and departure times. In contrast, the initial SOC is equal to 20% at Stage 2.1 while 

the departure takes place at 2:00 h in Stage 2.2. Lastly, Stage 3 finds a compromise 

solution among objectives, delaying the departure time to 2:30 h but considering the 

minimum initial SOC.  

 
Figure 8 - SOC of the PEV at Stage 1.1 (a), Stage 2.1 (b), Stage 2.2 (c) and Stage 3 (d) 



It is worth noting that the V2H capability of the PEV cannot be exploited when its 

uncertainties are considered. Also, the on-board batteries are only scheduled in 

discharging mode at Stage 1.1, thus complementing stationary batteries incrementing the 

storage capacity of the installation. Moreover, V2H can be used instead of stationary 

batteries in smart homes to avoid the investment necessary to purchase such devices. Fig. 

9 plots the scheduling result at different stages of the developed procedure. As illustrated 

in this figure, when PEV-related uncertainties are neglected, the V2H capability can be 

slightly exploited, especially during dawn when the PEV replaces the role of the BES. In 

contrast, considering the worst-case scenario of uncertainties hinders the possibility of 

exploiting V2H as the vehicle has to be rapidly charged before departure. 

 

 
Figure 9 - Scheduling result at Stage 1.1 (a), Stage 2.1 (b) and Stage 2.2 (c) 



 
Figure 10 - Instantaneous net demand at different stages 

Lastly, the effect of PEV-related uncertainties on the instantaneous net demand is 

analysed. As revealed in Fig 10, where the instantaneous net demand for different cases 

is plotted, when the uncertainties are considered, high peak power is shifted from early 

morning to dawn. This is because the PEV demands high power to be charged before 

leaving the house. At Stage 2.1, it is assumed that the initial SOC is equal to 20%, which 

supposes an extreme value (see Fig. 10). In such circumstances, the PEV demands much 

more energy from the grid (30.4 kWh in total), importing its rated power frequently. The 

same pattern is observed at Stage 3, since the initial SOC is also equal to 20%. However, 

at Stage 1.2 the peak power is notably reduced. At this stage, the net energy demand is 

minimized and expected values for the uncertainties referred to the vehicle take expected 

values, which supposes a much more favourable scenario. 

6 - Conclusions 

In this paper, a novel methodology for Home Energy Management in nearly-Zero 

Energy Buildings under various uncertainties circumstances has been developed. The 

proposed methodology tackles two main issues of this kind of problems. On the one hand, 

various objectives are jointly optimized employing a lexicographic-based optimization 

framework. On the other hand, a hybrid stochastic-IGDT approach has been developed 

to manage the conventional uncertainties (demand, energy price and weather parameters) 

as well as the uncertainties brought by V2H facilities. Other advantages referred to 



computational tractability and modularity of the proposed procedure have been 

highlighted, thus proving the usefulness of the developed tool. 

The proposed methodology has been tested on a benchmark nZEB system, 

encompassing solar and wind-based generators, controllable appliances, PEV, 

thermostatically-controlled loads and storage facilities. To validate the new methodology, 

energy cost and net energy demand have been taken as objectives. The obtained results 

prove the effectiveness of the developed methodology to deal with multi-objective 

optimization, attaining compromise solutions among different objectives. In addition, it 

has been illustrated how the developed procedure is able to find the worst-case scenario 

for the uncertainties referred to the PEV using IGDT. In this sense, these extreme cases 

have been identified at minimum initial SOC of 20% and only 2 h plugged hours. By 

translating these results into the multi-objective paradigm, the objectives can be treated 

as artificial uncertainties using the proposed novel IGDT-based approach. The result 

calculated at third stage considers an initial SOC of 20% (worst-case) while the total 

available hours for PEV scheduling were 4.5 hours (5 hours less than the expected).  In 

this way, the multi-objective result calculated is also immune against the PEV-related 

uncertainties. 

The developed paradigm could be adapted to other similar systems with high 

renewable penetration like microgrids. Moreover, the developed formulation could be 

easily adapted to design stages, thus developing novel planning tools. These issues will 

be studied in future works. 

Appendix A - Linearization of bi-integer terms 

Bi-linear terms introduce nonlinearities that may be problematic to solve using 

standard solvers. Nevertheless, they can be easily linearized by introducing additional 



variables and constraints. Let 𝑦1 and 𝑦2 be integer variables. So, their product can be 

replaced by the linear variable 𝜔 introducing the following constraints [42]. 

 
𝜔 ≤ 𝑦1, 𝜔 ≤ 𝑦2 (A1) 

 
𝜔 ≥ 𝑦1 + 𝑦2 − 1 (A2) 

 
𝜔 ≥ 0 (A3) 
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