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Abstract 

In current building design, the integration of local 

renewable energy sources (RES) rarely regards the mutual 

influences among building functions, components and 

related performances, neither interaction with electric or 

thermal grids. Furthermore, the building is usually 

conceived as a stand-alone entity, without considering the 

potential interaction with the surroundings except the one 

directional connection with sources infrastructure. 

The modelling approach of this paper scales the design 

from single building to cluster level, promoting an 

innovative optimization method applicable in the early 

design stage, in order to help in the choice of effective 

design strategies for maximizing the matching between 

local energy production and consumption at cluster scale. 

Introduction 

In current sustainable energy transition, the shift from 

building to cluster and district domain is strengthened by 

the European Commission, which in the  “Clean Energy 

for all Europeans” legislative proposals (EC, 2016a) 

introduces the concept of Local Energy Communities 

(EC, 2016b) intended as new market players able to 

generate, consume, store and sell renewable energy.   

New generation of buildings are gradually moving from 

stand-alone consumers to interconnected prosumers 

(D’Angiolella, De Groote, & Fabbri, 2016) and the 

increasing interaction between buildings and grids 

requires an energy performance assessment at cluster 

scale, since neither the buildings nor the energy 

infrastructures can be fully analysed without considering 

their mutual connections.  

Building clusters are an intermediate level which scale up 

to district and can be defined as “groups of buildings 

interconnected to the same energy infrastructure, such 

that the energy behaviour of each building affects the 

energy performance of the whole system” (Vigna et al.,  

2018). At this scale, on the one hand, it is possible to detail 

the most important technological features of the buildings 

and, on the other hand, to consider the interactions within 

the energy grid. 

This research proposes a building simulation and 

optimization approach to assess the influence of cluster 

characteristics (composition and use) on energy demand 

and matching potential with local PV production. Starting 

from a review of existing modelling strategies for cluster 

scale, this study envisions a modelling approach to 

emulate the interaction between buildings and energy 

systems while preserving some physical aspects typical of 

the building scale.   

State of the art 

The focus on cluster scale for optimizing energy matching 

requires a modelling environment able to simulate the 

interaction between buildings and energy grid.                               

A detailed physical model of a building cluster requires 

consistent computational resources to perform both the 

simulation and the optimization (Lauster, Teichmann, 

Fuchs, Streblow, & Mueller, 2014). To overcome this 

issue, model simplification techniques, such as resistance-

capacitance (RC) networks, seem promising since they 

represent a good compromise between reasonable 

accuracy, parameters requirement and computational 

effort (Kämpf & Robinson, 2007). The electric analogy of 

RC networks has been extensively used in literature, 

representing the conductivity of materials as electric 

resistance and the thermal mass as electrical capacity 

(Achterbosch, de Jong, Krist-Spit, van der Meulen, & 

Verberne, 1985; Fraisse, Viardot, Lafabrie, & Achard, 

2002; Kämpf & Robinson, 2007; Nielsen, 2005; Ramallo-

González, Eames, & Coley, 2013).  

On the other hand, the complex nature of the building 

cluster imposes the need for multi-domains modelling 

tools. In the review of Allegrini (Allegrini et al., 2015), 

Modelica has been identified as one of the proper holistic 

modelling language to address district-level energy 

system (Allegrini et al., 2015) for evaluating the whole 

potential of sharing/exchange energy between 

interconnected buildings. Modelica is an equation-based 

object-oriented modelling language able to decompose 

complex physical systems into structured hierarchies of 

elementary components (Fritzson, 2004). Modelica 

adopts an acausal modelling approach (Elmqvist & 

Mattsson, 1997) and the physical construction of the 

model is enhanced by a graphical interface (Elsheikh, 

Widl, & Palensky, 2012). The advantages that the 

employment of Modelica brings are the multidisciplinary 

modelling using standardized libraries (http://www.iea-

annex60.org/) and the support of fast prototyping of 

physical models by encouraging the implementation of 

reusable, independent and extensible components. 

Moreover, many authors have made use of the electric 

analogy in Modelica language to represent heat transfer in 
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a building cluster. Lauster (Lauster et al., 2015) describes 

a low order thermal network model for multiple buildings 

using Modelica AixLib (Müller, Lauster, Constantin, 

Fuchs, & Remmen, 2016). The number of RC elements 

for wall has been varied in order to test dynamic 

behaviour of components and related calculation times. 

The building envelope model proposed by Burhenne 

(Burhenne et al., 2013) is also based on equivalent circuit 

model made of resistors and capacitors using components 

of Modelica Standard Library (MSL) 

(https://github.com/modelica/Modelica). The Buildings 

Library develop at LBNL (Wetter, 2009) has been used to 

predict HVAC load dynamic of building districts by He 

(He, Chen, Lv, & Kim, 2015). The Integrated District 

Energy Assessment by Simulation (IDEAS) library 

(Baetens et al., 2015; Van Roy, Verbruggen, & Driesen, 

2013) has been applied by Reynders (Reynders, Diriken, 

& Saelens, 2014) with the aim to identify suitable RC 

models for whole set of dwellings. According to this brief 

review, in this paper a simplified model for building 

clusters has been adopted, based on RC-elements and 

Modelica libraries’ components, in order to properly 

describe the features and the energy performance of the 

cluster and the building interactions with the grid.  

Innovative features 

In current building design approach, the exploitation of 

local RES by integrating related technology in building 

energy system rarely takes into account the mutual 

influences between building components (that influence 

the energy demand), renewable energy production and 

building interaction with electric or thermal grid. On the 

one hand, the grid perceives the building as a non-flexible 

object with specific features and fixed energy demand 

profile. On the other hand, the building is usually 

designed without considering the potential renewable 

energy profile production and the energy demand is a 

fixed input for sizing a posteriori (that is without an 

optimization) the technology exploiting RES. 

Furthermore, the building is usually conceived as a stand-

alone entity, and it is not considered the potential 

interaction with the surroundings. 

The approach of this paper scales the design from the 

single building level to the cluster level, by promoting an 

innovative simulation method applicable in the early 

design phase, in order to support the definition of 

effective strategies for maximizing the matching between 

locally produced energy and building energy 

consumption. The developed approach is based on a 

structured optimization technique, and it aims to suggest 

optimized building features (in the current development 

by comparing different building use and geometry) and 

energy systems operation at cluster scale in order to 

maximise the energy matching between the energy 

demand and the PV production. 

Modelling approach 

As a first step, the work defines a modelling strategy for 

building clusters. Since the model aims at analysing 

energy demand and PV generation at cluster scale, it has 

been designed to balance accuracy and number of inputs 

needed. We defined a simplified thermodynamic model of 

a cluster in Dymola environment (Dassault Systemes), 

described through resistors-capacitors and Modelica 

libraries’ components (Figure 1).  

The simulation of different cluster configurations 

(composition: single family house/building block; use: 

residential/office/mixed) provides different energy 

demand profiles as input for the sizing and configuration 

of PV field, designed by means of energy-matching-based 

optimization. 

Moreover, as a general hypothesis for the calculations, the 

overall energy demand is considered as fully supplied by 

electricity from the grid, and the RES production is 

provided by PV. The next sections describe the cluster 

configurations that were analysed and give an overview 

of the simulation model structured in Modelica language 

and of the optimization strategy adopted for PV system 

integration. 

 
Figure 1: Structure of each building forming a cluster in 

Dymola environment. 

Building cluster configurations 

The buildings used for the cluster composition are based 

on Italian building stock typologies presented in 

TABULA project (webtool.building-typology.eu).  

In this phase of the research activity, the shape of 

buildings has been oversimplified because the focus is on 

the methodological approach for numerical modelling and 

optimization. 

The building typologies selected for this work are the 

typical Italian Single Family House (SFH) and Building 

Block (BB) defined for the construction period after 2006. 

According to descriptions reported in TABULA 

(Corrado, Ballarini, Corgnati, & Talà, 2011), the main 

geometrical and thermal properties of these typologies are 

summarized in Table 1.  

Four different cluster configurations were defined, in 

order to analyse the influence of building characteristics 
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and use on the overall energy demand profile. Four 

buildings form each building cluster and the definition of 

the configurations relies on the variation of two 

parameters: the building typology (SFH and BB) and the 

building use (Residential, Office, Mixed). Table 2 reports 

the list of the four cluster configurations. 
 

Table 1: Geometrical and thermal properties of building 

typologies used in simulations 
 

Single Family House SFH 

Volume 607 m3 

Gross heated area 174 m2 

Component A [m2] U [W/m2K] 

Exterior wall 223.3 0.34 

Ground slab 96.4 0.33 

Roof 96.4 0.28 

Window area 21.7 2.2 

Building Block BB 

Volume 8199 m3 

Gross heated area 2124 m2 

Component A [m2] U [W/m2K] 

Exterior wall 1696.9 0.34 

Ground slab 371 0.33 

Roof 371 0.28 

Window 270 2.2 
 

Table 2: List of building cluster configurations analysed 

in simulations 
 

Configuration 1 

 

Building 

typology 

SFH 

Use Residential 

Configuration 2 

 

 

 

 

Building 

typology 

BB 

Use Residential 

Configuration 3 

Building 

typology 

BB 

Use Office 

 

Configuration 4 

Building 

typology 

BB 

Use Mixed  

75% Residential 

 

Numerical model description 

The model was deployed using components of Modelica 

Standard Library and IDEAS package. The following 

sections report a description of the main items included in 

the model.   

Boundary conditions 

The weather data are referred to the climate of Bolzano, 

Italy, and have been obtained from Meteonorm 

(www.meteonorm.com). 

 

Building envelope 

The materials and the properties used for building 

envelope components are based on the Italian standard 

UNI/TS 11300-1 (UNI/TS 11300-1, 2014) and were 

selected to match the U-values given in the TABULA 

specification. The thermal behaviour of each building 

envelope was simplified as an equivalent electrical circuit 

of resistances and capacities, in order to reduce 

computational resources used and parameters required. 

As thermal network model, the One Element Model has 

been adopted (Lauster et al., 2015): all the thermal masses 

were merged into one substitutional capacitance 

connected via resistances to the ambient and indoor air. 

The thermal capacity C represents the thermal mass of 

walls and it is expressed as in (1): 

𝐶 = 𝐴 ·  𝑠 ·  𝑐𝑝 ·  𝜌 ·  𝜆 [J/K]   (1) 

where A indicating the surface area of the envelope in m2, 

s the thickness of the walls in m, λ the thermal 

conductivity in W/mK, ρ is the density of the walls and cp 

the specific heat capacity in J/kgK.   

The thermal resistors R1 was used to represent the 

convective heat transfer between the envelope surface and 

the inner air of the zone and it is expressed as in (2): 

𝑅1 =
1

ℎ·𝐴
 [K/W]   (2) 

where h indicating the convective heat transfer coefficient 

in W/m2K and A is the heat transfer area of the envelope.  

The thermal resistors R2-4 represent the resistances of 

envelope walls, ceilings and windows, respectively, with 

the outdoor air of the building and they are formulated as 

in (3) and connected to the exterior temperature boundary 

condition: 

𝑅2−4 =
𝑠

𝐴·𝜆 
 [K/W]   (3) 

where s indicating the thickness of each envelope 

component in m, A the surface area of the components and 

λ the thermal conductivity of the envelope components in 

W/mK. 

Building windows 

The solar gains as well as the daylighting was determined 

by means of DAYSIM coupled with Modelica through a 

Python interface. The irradiation on the building surfaces 

was defined for every hour of the year as an external 

parameter considering the effect of external shadings and 

obstacles. The internal gains were calculated according to 

the area and solar heat gain coefficient of the windows.  

Soil 

The soil was represented as a single layer heat conductive 

component.  

Air model 

The air component was connected to the thermal resistor 

for convective heat transfer between the capacitor and the 

inner air of the building zone. The Medium parameter 
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contains information about the type of fluid and its 

properties.  

Ventilation 

The ventilation system was simplified as a resistance 

component and the airflow rates assumed are based on 

Italian national standard (UNI EN 15251, 2008).  

Heating and cooling model 

Heating and cooling is provided by electrically drive heat 

pumps described with power parameters and their 

behaviours were considered as ideal: in fact, they can 

remove or add energy to the heat capacity component of 

the zone. Two simplified controllers enable the heater and 

the cooling system in order to keep the air temperature in 

the comfort range. The coefficient of performance (COP) 

was assumed as constant on an average value of 3. 

Occupancy, appliances and lighting 

Reference residential occupancy schedules have been 

defined and imported according to prEN16798-1 and 

ISO/FDIS 17772-1 standards (Ahmed, Akhondzada, 

Kurnitski, & Olesen, 2017) as a matrix into the model, in 

order to define heat flow from occupants, appliances and 

lighting. 

District heating 

A simplified district heating system was introduced in 

order to allow energy exchange between buildings in the 

cluster. The consumptions were assumed as fully electric 

and the district heating system was represented as a 

thermal capacitor connected from one side to a heat 

exchanger and on the other side to the heating system of 

each building of the cluster.  

PV system modelling and optimization 

For the PV system optimization, the open source 

Photovoltaic Optimization Ware (POW) tool 

(https://github.com/mlovati) was used. Unlike most 

photovoltaic design software, this tool does not require 

the capacity and positions of the PV system as an input 

for the simulation (Lovati & Moser, 2017). This might 

integrate usefully in the architectural design workflow 

where the PV position and capacity can become a creative 

constraint alongside other building components such as 

structures, windows and HVAC systems.  

Inputs for the POW tool 
The tool requires a cloud of points describing the 

building geometry and an irradiation matrix in order to 

express the irradiation in W/m2 for every hour of the 

year, and for each building unit surface. Every point 

represents a solar collector with a given area and is 

associated with an hourly irradiation.  

Aside from these inputs, Table 3 reports the set of 

techno-economic parameters required for the building 

clusters simulation. Following the purpose of matching 

energy demand and production with the optimization, 

as a general hypothesis, no electricity revenues from 

the grid were assumed and, consequently, the 

electricity that is not instantaneously consumed was 

given to the grid for free. 

PV modelling 

The PV systems were modelled in a simple way to ensure 

computing speed and reducing the effort for collecting 

model inputs in the early design stage. The power profile 

of the PV system depends on the irradiation falling on the 

module and on the operating cell temperature (Maturi, 

Belluardo, Moser, & Del Buono, 2014; Whitaker et al., 

1991), while aspects such as soiling or AC-DC losses 

were assumed as part of a static performance ratio 

coefficient of 0.8. The performance ratio (PR) is defined 

as the ratio between the system yield (energy produced in 

time period over the nominal power) and a reference yield 

(the incident solar energy in time period t over the 

reference irradiance 1000 W/m2). 

Optimization algorithm and fitness functions 

The optimization algorithm used by the POW tool for this 

study is the One-By-One (OBO), characterised by an 

additional (incremental) behaviour: the optimization 

algorithm starts with an empty system (no PV is present) 

and adds the most profitable PV collectors one by one 

until it reaches the maximum value of the fitness function. 

The fitness functions that the algorithm can maximize are 

the following: Net Present Value (NPV) function and 

Lifetime Cumulative Electricity Production (LCEP) 

function of the system at the 25th year after installation.  

The formula of NPV calculation is expressed as in (4): 

 

𝑁𝑃𝑉 = ∑ (
𝑐∙𝑃𝑐+𝑠∙𝑃𝑠−𝜔𝑃𝑉∙𝐶𝑡

(1+𝑖)𝑡 ) − 𝜔𝑃𝑉 ∙ 𝐶0
𝑁
𝑡=0    (4) 

where N is the time horizon for the simulation (i.e. 25 

year), t is the year of operation and c is the annual 

cumulative energy produced and instantaneously 

consumed. Pc and Ps are the cost of electricity and the 

revenues from the grid (i.e. 0.2 and 0 €/kWh respectively), 

S is the annual cumulative energy produced and sold to 

the grid, i is the discount rate, ωPV is the capacity of the 

PV system and Ct is the cost for maintenance [€/kWp]. 

Outside of the sum, there is the initial cost for the 

component, where C0 expresses the unitary costs for PV. 

In this study, was not considered to integrated batteries for 

electric storage, to keep the focus on the hourly interaction 

between the local production system and the cluster 

energy demand. 

The formula of LCEP calculation is expressed as in (5): 

 

𝐿𝐶𝐸𝑃 = ∑ (𝑐)𝑁
𝑡=0 − 𝜔𝑃𝑉 ∙ 𝐶𝐸0   (5) 

where the embedded energy ωPV∙CE0 (CE0 represents the 

initial unitary energy cost of construction of the PV 

system in mWh/kWp) is subtracted from the lifetime 

cumulative sum of the energy instantaneously consumed 

c. 

As it is evident from Equations (4) and (5), both NPV and 

LCEP are influenced by the capacity and positioning of 

the PV system; for that reason these variables can be 

manipulated by the optimization algorithm for searching 

the maximum economical value or best energy balance in 

the lifetime. 
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Table 3: Input used for the different cases of 

optimizations shown in the paper: the semi-column sign 

“;” represents different values of a stochastic variable 
 

Efficiency Electricity  

price Pc 

Electricity 

revenues Ps 

16,5% 0.2 €/kWh 0 €/kWh 

Cost of PV  

C0 

Unitary Embodied 

energy of PVCE0 

PV 

degradation 

1800 €/kWp 5.56 MWh/kWp 0.3;0.8 % year 

Load growth Electricity price 

growth 

Electricity 

revenues 

growth 

0;2 % year -2;2 % year 0 % year 

Discount rate i Maintenance costs 

Ct 

0 18;36 €/kWp year 

 

Output 

The output consists in a cloud of selected points, 

representing the building unit surface. The POW tool will 

in fact suggest how many PV modules should be installed 

and in which positions (as a sub-system of the cloud of 

points given as input), according to an energy 

optimization (maximization of the LCEP function) or 

economic optimization (maximization of the NPV 

function). 

Results and discussion  

Heating and cooling demand  

The monthly heating and cooling demand of the four 

cluster configurations are reported in Figure 2. 

For all the configurations, heating and cooling seasons are 

clearly divided and without significant overlapping. It is 

evident the diversity of scale and time of energy demand 

for the different clusters, due to the variation of both 

building typologies (volume, surface area of envelope 

components, number of floors) and use (occupancy 

schedules and heating and cooling systems operation).   

Considering the climatic boundary conditions of the city 

of Bolzano, Italy, it is possible to observe that for 

residential use, both SFH and BB typology show a higher 

monthly energy demand for heating than for cooling. 

Particularly the highest values of heating demand 

occurred for the SFH configuration (almost 30 kWh/m2 

during the month of January).   

Between the configurations with BB typology, 

configuration 3 with office use reports the highest values 

of cooling demand (almost 11 kWh/m2 during the month 

of July).  

The resulting energy demand profiles are used as inputs 

for the energy and economic optimization, in order to 

compare the different configurations and figure out which 

cluster typologies favour the energy matching.    

  

 

 

 

SFH Residential 

 

BB Residential 

 

BB Office 

 
BB Mixed 

 

Figure 2: Monthly heating and cooling demand of the 

simulated cluster configurations. 
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Energy and economic optimization 

The results of energy and economic optimization for the 

PV integration are reported in Table 4:  

- the self production represents the percentage of electric 

demand that is instantaneously covered by the PV 

production over a period t;  

- the peak capacity  refers to the size of the PV system,  

expressed in kW of power output at standard test 

conditions (cell temperature of 25°C, irradiance of 1000 

W/m2 and air mass 1.5 “AM1.5” spectrum).  

Table 4: Self production and peak capacity resulting 

from energy optimization and economic optimization 
 

 Energy  

optimization 

Economic  

optimization 

Self 

production 

[%] 

PV 

peak 

capacity 

[kWp] 

Self 

production 

[%] 

PV 

peak 

capacity 

[kWp] 

SFH 

Residential 
33.2 5.70 10.7 1.19 

BB 

Residential 
28.9 40.39 14 13.78 

BB 

Office 
39.2 59.88 9.7 9.7 

BB 

Mixed 
32.7 45.86 16.9 16.63 

 

Looking at the results obtained by optimizing LCEP 

(energy optimization), it is possible to notice that all the 

configurations allow a load coverage of around 30%, due 

to the use of PV-produced energy, while the configuration 

with office use registers the best performance with a 

coverage of 39.2%. Considering the optimization of NPV 

(economic optimization), the BB Residential and BB 

Mixed configurations reach the highest energy matching 

and yearly load coverage, respectively of 14 and 16.9%. 

Therefore, the BB Office configuration results are the best 

from the point of view of energy optimization and the 

worst considering the economic optimization. We need to 

highlight again that in both economic and energy 

optimization there is no valorisation of the energy fed into 

the grid. 

The monthly cumulative charts of electric demand 

covered by PV production and residual demand (both in 

MWh) for BB Residential and Office are reported in 

Figure 3 and Figure 4. The monthly values were 

extrapolated from hourly values and the coverage of the 

electric demand refers to a contemporary match with the 

production.  

The results of the LCEP optimization (Figure 3), show 

that the capacity of the optimal PV system is not limited 

by the over-production but by the availability of the 

electric demand. In other words, the system can afford to 

put large amounts of electricity into the grid (which 

accounts as energy lost in the algorithm) as long as there 

are hours with residual electric demand. The cumulative 

electric demand of the BB Office cluster is higher 

compared to the BB Residential cluster – especially due 

to the significant cooling demand required by the office 

function– and this determines an increase of peak capacity 

and consequently a higher load reduction potential.  

Energy optimization 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Energy optimization for BB Residential and 

BB Office cluster: monthly cumulative charts of electric 

demand covered by PV production and residual demand. 

 
Economic optimization 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Economic optimization for BB Residential and 

BB Office cluster: monthly cumulative charts of electric 

demand covered by PV production and residual demand.  

057



The economic optimization (Figure 4), on the other hand, 

selects a significantly smaller system because the 

economic cost of PV (€/kWp) is high relatively to its 

embedded energy cost (mWh/kWp). This relative 

expensiveness makes the system un-economical when 

some energy is sent to the grid, forcing the algorithm to 

select a smaller system even if there are large reservoirs 

of unmet demand. For both BB Residential and Office 

configurations, it is evident that the demand covered by 

PV is low during the winter season. To overcome this 

limit some strategies can be considered: accurate control 

strategies, building envelope capacity or the use of 

electric storage technologies.   

The daily results of the BB Mixed cluster optimization, 

referred to energy optimization and economic 

optimization are respectively reported in Figure 5 and 

Figure 6. During the winter day, for both the economic 

and the energy optimization, the PV starts producing 

when most of the load turns off, with a coverage of 10.9% 

and 17.8% respectively. The energy-optimized system is 

affected by a strong overproduction. On the contrary, 

during the summer day, the PV production covers the 

electric demand of 35.4% in the economic optimization 

and of 92.3% in the energy optimization. 

Conclusions 

This paper provides the results of the optimization of the 

Economic optimization 

Winter day 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Summer day 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Economic optimization for BB Mixed cluster – 

Results for a winter day (above) and a summer day 

(below). 

PV installation in four diverse cluster configurations, 

which present different building use and geometry. 

Comparing the energy demand and the production of the 

optimized PV system, it is visible that a percentage 

comprised between 10% (for the economic optimization) 

and 40% (for the energy optimization) can be covered by 

PV without electric storage. 

There is a strong variation of the optimization results if 

economic (NPV) or lifetime cumulative energy fitness 

function (LCEP) are considered, this is especially evident 

for the case of the BB Office cluster. These two functions 

are equally focused on maximizing the electricity self-

consumed, but they lead to a dramatically different 

behaviour due to the constraints that they exert on the 

system. The economic optimization has a much smaller 

margin of earnings compared to the energy one and thus 

its main limit seems to be the over-production. In fact, the 

system cannot afford to over produce too often along the 

year (also due to the lack of revenue from the grid) and its 

size (9.7 to 16.63 kWp for all the BB clusters) is therefore 

limited despite the presence of significant reservoirs of 

electricity demand. The energy optimization, on the other 

hand, has a huge margin of earnings and can afford to 

over-produce for a significant time along the year. This 

flexibility leads it to introduce larger systems (40.39 to 

59.88 kWp for all the BB clusters) to cover the potential  

Figure 6: Energy optimization for BB Mixed cluster – 

Results for a winter day (above) and a summer day 

(below). 

Energy optimization 
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electricity demand until it is over, despite an important 

over-production. Additional analysis will be performed to 

reduce the mismatch between these two functions, such as 

the test of different building design approaches aimed at 

increasing the match between the demand and production 

and a more detailed analysis of electric demand 

management strategies. In this study the electric load due 

to lighting equipment and appliances was neglected as the 

focus was on electric heating and cooling; this is also an 

important aspect that will be investigated.  

To conclude, this paper introduced a preliminary 

approach for modelling buildings cluster and related 

energy infrastructure, enabling to assess the influence of 

cluster characteristics (composition and use) both on 

energy demand and energy matching with local PV 

production. In future developments, further cluster 

features (e.g. thermal transmittance, control strategies, 

etc.) will be taken into account, in order to evaluate the 

impact of building envelope characteristics and stochastic 

occupant behaviour on the energy matching optimization 

at cluster scale. Furthermore, the impact of the electric 

storage on the PV optimization will be evaluated. 
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