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Abstract

The storage of different forms of energy is becoming increasingly important in the energy
system sector, due to the significant fluctuations that renewable energy sources influence
on urban energy systems. Nowadays, these sources have been promoted for the transition
towards modern energy systems at different scales, due to their reduced emissions of
greenhouse gases. Yet, many doubts remain about their efficacy in urban settlements
worldwide. For this reason, to promote the fast implementation of renewable energy
technologies around the world, it is of great importance to design and develop free-access
and user-friendly tools to help stakeholders in the planning and management of urban
energy districts. The present study has proposed an evaluation tool to model decentralised
energy storage systems using Urban Building Energy Models, including an optimisation
method to size the best capacity in each building of a district. The developed models
simulate two storage technologies: battery power banks and heated water tanks. To present
the outcomes of the tool, these models have been tested in two scenarios of Portugal, located
in a densely populated area and the most isolated region of the country. Among the most
important findings of the results are their ability to evaluate the performance of individual
buildings by group archetype and total district metrics, using different temporal periods
in a single model to identify the buildings taking most advantage of storage technologies.
In addition, the optimisation algorithm efficiently estimated the ideal size of each storage
technology, reducing the need of unnecessary capacity.

Keywords: urban building energy models; solar energy; battery power banks; heated
water tanks

1. Introduction
Even though renewable energy sources have increased their share in the energy sys-

tems around the world, fossil fuels remain as the most used resource to satisfy the demand
in populated settlements, showing the limitations to achieve the proposed worldwide goal
of reducing greenhouse gas emissions in the short and medium term. Although the use
of decentralised renewable energy systems is rapidly growing among inhabited regions,
motivated by international initiatives such as the Paris Agreement [1], there are still many
concerns and doubts about their potential to reduce the total energy demand in these
areas. The path to carbon neutrality in the building stock requires actions like the use of
renewable energy sources at the site, energy efficiency measures, and the implementation
of new mitigation strategies to achieve this goal on various scales [2]. Given that urban
settlements are among the primary energy consumers and producers of carbon dioxide in
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society, the use of software simulating applications plays an essential role in reducing the
flow of energy resources to these regions efficiently [3]. Unfortunately, there is still a lack of
free-access energy modelling tools focusing on evaluating the individual performance of
each element in a district and the interaction between network neighbours. For this reason,
new complex and reliable tools are needed to help decision makers and energy planners
during the design and renovation process of neighbourhoods. These threats stimulate the
immediate development of technologies to support the design and transition to new energy
systems in cities and populated areas.

New approaches, such as Urban Building Energy Models (UBEM), have already been
identified as possible instruments to achieve these goals. Still, one of the most critical
gaps of UBEMs, and a potential opportunity, is their use for the development of Urban
Systems Energy Models [4]. Although the literature shows considerable interest among
researchers and policymakers in evaluating and analysing energy storage systems in
urban districts, the development of UBEM tools for this purpose is lagging, particularly
in the case of electric storage. To date, most UBEM tools have focused on simulating the
electric and thermal demand and the potential local RE generation of buildings, leaving
out relevant technologies, such as distributed energy storage systems (DESS) and electric
microgrids. Additionally, although building-to-grid integration has been identified as a
possible application of UBEMs [5], the growth of analysis tools for this purpose is still
considered a big gap that could help accelerate the evolution of these methodologies in
urban planning and promote the goal of sustainable and clean energy around the world.

In the related literature, several studies were identified evaluating the optimal size
of energy storage systems, proposing different methods and algorithms. However, most
of them focused on sizing an individual central energy storage system [6]. Yet, few stud-
ies have been identified using UBEM approaches to model the potential of distributed
photovoltaic (PV) production and battery storage at a district level [7], find the optimal
interaction between short- and long-term storage technologies [8], and assess the perfor-
mance of energy communities [9]. All these studies recognise the importance of storage
technologies to increase the autonomy of the district and improve the resiliency of the grid.
Additionally, these studies demonstrate the increasing interest of researchers in modelling
urban energy systems to understand better and improve the performance of districts with
different scales and features. However, most of them have presented their models, using
various methodologies and frameworks, leaving future research with similar objectives to
carry out the same process manually, causing complications in terms of effort and time.

Among all the software identified as an UBEM tool, only the URBANopt framework,
with its module REopt, demonstrates the ability to evaluate potential economic savings of
electric energy systems through demand reduction, time-of-use shifting, demand response,
and other measures [10]. REopt is a techno-economic module that employs mixed-integer
linear programming to determine the optimal design of distributed renewable energy
sources (RES) and storage [11]. When thermal energy storage is observed, tools like
CityBES allow for evaluating opportunities for thermal storage for heating and cooling,
considering energy conservation measures for hot water storage [12]. Additionally, the
OpenIDEAS framework implements a water tank model for energy storage in each build-
ing and simulates the integrated thermal performance of the district energy system [13].
Unfortunately, they do not estimate the potential thermal harness of solar collectors, such
as tools like City Energy Analyst (CEA) [14] and CitySIM [3]. Although tools like CEA,
SimStadt [15], and OpenIDEAS do not consider specific energy storage technologies, they
can generate historic profiles of electricity and heat demand, considering particular char-
acteristics of each structure (such as building geometry, architectural features, and user
occupancy behaviour), and estimate the potential supply of RES such as solar and wind,
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data that can be used to design and develop future energy storage system models. A
detailed analysis of the capabilities of UBEM tools and present limitations and gaps have
been performed and presented in detail in previous recent publication studies [16].

Due to the poor availability of software applications allowing for the integral sim-
ulation of distributed electric and heat storage systems in a UBEM model justifies the
development of the software proposed in the present investigation. The primary contri-
bution of this study is the development of a computational tool to support during the
planning of DESS in urban settings. For this, the open-source tool City Energy Analyst was
chosen due to its ability to easily create scenarios of districts around the world and extend
its functionalities with a plugin framework using the coding language Python (version 3).
The present document will describe the structure and variables considered during the
development process of a plugin that simulates various storage technologies and evaluates
their performance in a UBEM environment.

The structure of this article is described as follows: Section 2 describes the methodology
applied during the development each technology selected for the simulation, and tests them
in two case studies selected in the region of Portugal. Next, Section 3 presents the results
obtained in each case study, while Section 4 subsequently discusses the most significant
findings. Finally, Section 5 concludes the document, highlighting its implications and
recommendations for future research.

2. Materials and Methods
To allow researchers and decision makers to evaluate the potential benefits of including

storage technologies in urban settings, two different technologies were modelled using the
plugin framework of the open-source UBEM tool City Energy Analyst. This framework
is a computational tool for the analysis of energy systems in neighbourhoods and city
districts [14], able to generate demand profiles from a case study considering different
characteristics of the buildings and a set of diverse technologies available in local markets.
One of the main advantages of this tool is its ability to create scenarios worldwide easily
using the OpenStreetMap platform. Additionally, it can estimate the potential generation
of electricity from PV panels and heat from solar collectors, among other RES. Furthermore,
it includes a plugin framework that allows for enhancing the capacity of its model using
Python and other programming languages. For its capacity to produce demand and
potential supply profiles of electricity and heat, and its ability to boost its evaluation
functions using the plugin framework, this tool was selected to implement the modules of
this research, which are described in Figure 1.

 

Figure 1. Simplified structure of the models developed in the plugin.
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The two technologies modelled in the study were 1. electric battery power banks
and 2. solar heated water tanks. Each technology was modelled using a different set of
considerations according to the energy carrier stored and the processes involved. The
capacity and behaviour of each technology are set by different parameters provided by
the user, aiming to represent a specific storage model. When each model is executed, each
algorithm computes the balance between energy harnessed, stored, and demanded during
a selected time unit available in the input variables, which generally corresponds to each
hour of a typical year (i.e., 8760 records). Additionally, these models collect variables
from specific output files of each building, previously generated by other CEA modules
(e.g., demand of electricity and heated water, potential generation of PV panels, and solar
collectors), as input variables to feed the algorithms and equations designed in this research
to simulate the performance of each technology, producing additional outcomes. These
outcomes are finally printed individually and collectively in Comma-Separated Values
(CSV) files for further analysis of CEA users. The detailed description of each storage
model will be explained as follows.

2.1. Battery Power Bank

This module considers the features of a modern hybrid inverter, where solar PV panels
can provide electricity directly to the building demand and store the excess energy in the
power bank. Moreover, if the power bank is full, the remaining energy is then released into
the public power grid, with or without economic returns. The module was built considering
a State of Charge (SoC) estimation model, which is commonly used to provide onboard
reading of the present remaining capacity of the battery [17]. The accurate estimation
of battery SoC is crucial to extend its life cycle, optimise energy management, reduce
costs, and safeguard the entire PV system [18]. This value is calculated considering the RE
harnessed by the PV panels, the actual demand, and the SoC during the previous hour,
similarly to the model proposed by Hady et al. [19].

The input parameters provided by the user calibrate the model to consider a common
battery type among the buildings of the district. These parameters include 1. the rated
voltage of the power bank, 2. battery C-Rate, 3. depth of discharge (DoD), and 4. the overall
conversion efficiency of the system. Additionally, two optimisation parameters identify
the optimal size capacity of the power bank in each building, allowing a certain degree of
storage losses (described in Section 2.4). While parameters 1 and 3 are used to calculate
the amount of energy that can be stored, parameters 2 and 4 allow users to calculate the
flow of energy that can be stored in the system and the losses caused by inefficiencies of
the system.

Unlike previous studies [20,21], this model has not considered the degradation of the
storage system and the self-discharge of electrical batteries due to the typical length of CEA
case study scenarios. Since the CEA tool uses Typical Meteorological Year (TMY) data, it
only produces profiles of demand and supply of one year, given that the life expectancy of
modern chemical battery technologies, such as lead–acid and lithium, greatly surpasses
the annual limit of the models built by this tool [22]. Therefore, the authors believe that
avoiding battery degradation in this model will not affect the accuracy of the results in
these and future simulations.

As seen in Figure 2, the algorithm simulating the energy system of each building
uses the demand and potential PV supply during each hour to simulate the charging and
discharging phases of the battery and calculate the remaining energy needs, energy excess,
and energy losses. This model considers a dynamic flow of power during the charge and
discharge of the battery, like the work performed by Simou et al. [23], but with a different set
of variables and optimisation method (described in Section 2.4). Considering the variables
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of demand and potential supply, the algorithm calculates if there is power still required by
the building (PRqd) or if there is power available to store energy in the battery bank (PAv),
using Equations (1) and (2), respectively:

PRqd · i = PDem · i −
(

PPV · i ∗ ηSys
)

(1)

PAv · i =
(

PPV · i ∗ ηSys
)
− PDem · i (2)

where PDem represents the electric power demand of the building, PPV is the electricity
supplied by the PV panels, and ηSys is the overall efficiency of the photovoltaic system.
Next, the optimisation algorithm estimates the ideal capacity of the battery bank, which
is focused on minimising the final energy needs. Once the optimal size capacity has been
assessed, the model calculates the amount of energy stored in the power bank, net energy
exchange with the public network, and energy losses generated by the components of the
photovoltaic system during each hour of the model. First, the State of Charge of the power
bank (SoCPB) is calculated using Equation (3):

SoCPB · i =


SoCMax , SoCPB·i > SoCMax

SoCPB · i−1 + PPV − PDem , 0 < SoCPB·i ≤ SoCMax

0 , SoCPB·i < 0
(3)

where SoCMax correspond to the maximum storage capacity of the power bank, which
is measured in kWh, and calculated using the input parameters bank capacity (CPB) and
maximum bank depth of discharge (DoDMax) using Equation (4). While the first parameter
is calculated in the model, the second parameter is provided by the user, according to the
type of battery technology selected in each scenario.

SoCMax = CPB ∗ DoDMax (4)

 

Figure 2. Model of the electric energy storage system.

Next, the net energy exchange between the public grid and the PV system of the
building is calculated considering two variables: the remaining final energy requested
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from the grid (PReq) and unusable energy released to the grid (PRel). The first variable is
calculated when there is a failure of the PV system to satisfy the electric demand of the
building Equation (5) and the second variable appears due to the excess of energy that
cannot be stored due to lack of space and, therefore, causing the release of electricity into
the grid Equation (6).

PReq · i =

{
0 , PPV·i + SoCPB·i ≥ PDem·i

PRqd·i − (PAv·i + SoCPB·i) , PPV·i + SoCPB·i < PDem·i
(5)

PRel · i =

{
0 , SoCPB·i < SoCMax

PAv·i − PRqd·i − (SoCMax − SoCPB·i) , SoCPB·i ≥ SoCMax
(6)

Finally, the losses of the system (PLoss) are computed whenever electricity is generated
by the PV panels or charged and discharged from the battery bank, using Equation (7).

PLoss · i =

{
0 , PPV + |∆SoCPB| = 0

(PPV · i + |∆SoCPB|) ∗
(
1 − ηSys

)
, PPV + |∆SoCPB| ≥ 0

(7)

2.2. Solar-Heated Water Tank

This module has considered the insulated water tank as a heat reservoir capable of
storing the energy captured by the solar collectors to increase the temperature of water
inside the tank and supply heated water to the building when needed. The input parameters
provided by the user include the type of panel (which is previously chosen in the CEA solar
collector module), water heat capacity, the desired water temperature to supply the building,
maximum storage temperature, and the ambient loss coefficient of the tank. Additionally,
the algorithm collects the annual demand of heated water, energy production from solar
collectors, and temperature of the environment, which were generated in previous modules
of the CEA app.

The model starts by considering that the initial temperature of water in the tank is
equal to the temperature of the environment at the beginning of the year. Every time the
solar collector captures heat from the sun it is delivered to the tank, triggering an increment
of temperature inside it. If the temperature of water inside the tank exceeds the desired
minimum supply temperature, the tank will supply heated water to the demand; otherwise,
it will be satisfied using conventional heating technologies. Additionally, in the case that
the tank reaches the maximum storage temperature, the excess of energy captured by the
collectors is dumped into the environment, simulating a temperature security valve. Finally,
the thermal conductivity in the materials of the tank causes a leak of energy between the
interior of the reservoir and the environment, a flow that might happen in both directions.

Although stratified water tanks are commonly considered in this type of simula-
tion [24,25], this model has considered a homogeneous water tank, where the volume
inside has a unique temperature. This simplification was made to reduce computational
complexity and processing time during the analysis of large-scale scenarios with a great
number of buildings [26].

The algorithm in Figure 3 describes the flow of processes of the model, which, similarly
to the previous model, starts by estimating the optimal tank size capacity, focusing on
reducing the use of conventional heating technologies to its minimum. Unlike in the battery
power bank module, the optimisation of the heated water tank takes into consideration the
number of inhabitants of the building to increase the capacity of the tank. Additionally,
it calculates the total area of the tank to estimate the heat exchange losses or gains with
the environment. In the first step of the model, two constants are calculated to set the
constraints of the system; these are the minimum energy stored in the tank required to
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supply heated water to the building (QMin) and the maximum energy that can be stored in
the tank due to temperature limitations (QMax), using Equations (8) and (9).

QMin = mTk ∗ Cp · H2O ∗
(
TSup − TMin

)
/ 3600 (8)

QMax = mTk ∗ Cp · H2O ∗ (TMax − TMin) / 3600 (9)

where mTk represents the total mass inside the tank and Cp · H2O the heat capacity of water.
Here, user input parameters help to determine the capacity of the tank by considering
the temperatures interacting in the model, considering the required for supply (TSup) and
maximum storable (TMax) water temperatures. Additionally, the external environmental
temperature (TExt) is set as the initial temperature of the reservoir at the beginning of the
simulation and the inlet temperature whenever the tank supplies water to the building.
Next, the algorithm evaluates the performance of the water tank during each hour of the
year by calculating the heat balance using Equation (10):

QTk · i = QTk · i−1 + QSC · i − QDm · i − QHEL · i (10)

where QTk refers to the heat stored inside the tank, QSC is the heat captured by the solar
collectors, QDem is the demand of heat from the building, and QHeL is the heat exchange
between the interior of the tank and the exterior environment, during hours i and i − 1.
Once the actual QTk has been calculated, the actual temperature of water (Ti) inside the
tank is calculated using Equation (12), which is obtained by clearing Ti from Equation (11):

∆QTk = mTk ∗ Cp · H2O ∗ ∆Ti = mTk ∗ Cp · H2O ∗ (Ti − Ti−1) (11)

TTk · i = TTk · i−1 +
(QTk · i − QTk · i−1)

mTk ∗ Cp · H2O
(12)

where ∆QTk stands for the variation in heat between present hour (i) and previous hour
(i − 1). When the energy stored and temperature of water inside the tank has been
estimated, the amount of energy that can be supplied by the tank (QSup) and the de-
mand of conventional water heating needs (QCon) are calculated using Equation (13) and
Equation (14), respectively.

QSup·i =

{
0, QTk·i−1 + QSC·i − QDm·i < QMin

QDm·i, QTk·i−1 + QSC·i − QDm·i ≥ QMin
(13)

QCon·i =

{
QDm·i, QTk·i−1 + QSC·i − QDm·i < QMin

0, QTk·i−1 + QSC·i − QDm·i ≥ QMin
(14)

Finally, two types of losses are calculated in the model: storage and environmental
losses. The storage losses (QStL) are considered when some energy of the collectors cannot
be stored due to the lack of space in the tank, since it has reached the maximum storable
limit (QMax), using Equation (15):

QStL · i =

{
0 , QTk·i < QMax

QSC·i − QDm·i − (QMax − QTk·i−1) , QTk·i ≥ QMax
(15)
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Figure 3. Model algorithm of the heated water storage system.

The environmental losses ( QEnvL · i) are calculated considering inefficiencies of the
system caused by leaks in the walls, valves, and pipes, causing a flow of energy between
the interior of the reservoir and exterior environment, which might occur in both directions.
This variable is calculated using Equation (16):

QEnvL · i = UTk ∗ ATk ∗ (TTk · i−1 − TExt · i) (16)

where UTk refers to the heat exchange coefficient in the cover of the tank, ATk is the total
area of the tank, TTk and TExt correspond to the temperature of the tank and the outdoor
temperature during hour i, respectively. This model does not consider energy losses during
the transfer of heat between the solar collectors and the tank.

To calculate the total area of the tank, its shape has been simplified to a cube (Figure 4)
capable of holding the volume of water calculated previously by the optimal size tank
function, which is measured in kilograms. Although most modern commercial insulated
heated water tanks have cylindrical shapes, the area of this technology is not possible
to estimate only with the volume of the water capacity determined by the optimisation
algorithm. The reason why this shape has been considered to avoid increasing more
parameters by the user provides an approximate area to calculate the heat exchange
between the interior of the tank and its surrounding environment.

 

Figure 4. Shape and dimensions of the water tank.
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In a cube, the edges have the same size; therefore, the length of the base (BTk),
height (HTk), and depth (DTk) are the same and equal to x, which can be cleared
using Equation (17) as the cubic root of the volume of the tank (VTk). Similarly, the to-
tal area of the tank (ATk) can be computed by summing the area of the six faces of the cube,
where each one is equal to the multiplication of the base and height of each face, which
are also equal to x, obtaining Equation (18) that is applied after the optimal tank capacity
is estimated.

VTk = BTk ∗ HTk ∗ DTk = x3

x = 3

√
VTk
/
1000

(17)

ATk = 6 ∗ (BTk ∗ HTk) = 6 ∗ x2

ATk = 6 ∗
(

3

√
VTk
/
1000

)2 (18)

2.3. Bank and Tank Size Optimisation

Since the energy system of each building demonstrates almost unique behaviour, the
process of finding the optimal storage capacity for each technology in the system becomes
of great importance. During the development of this procedure, different approaches
were considered, starting with a fixed capacity for each structure, moving to a variable
capacity according to the number of people occupying each unit, and finally applying an
optimisation algorithm considering the demand and potential energy supply previously
estimated by the tool. Although each model required the code of a specific function, the
models execute a similar incremental method for convex optimisation, aiming to minimise
the use of conventional energy sources (i.e., electric power network or natural gas water
heaters). This optimisation method follows the goals of previous studies, focusing on
minimising the net energy exchanged with the grid [23], controlling the import and export
of energy, focusing on sizing the storage technology [27].

Figure 5 shows the typical total annual energy demand curve obtained when the
storage capacity is increased in the simulation, where the amount of energy required
from conventional sources decreases as the battery bank size increases. At the beginning
of the model, when there is no storage capacity yet, the maximum energy demand (B0)
equals the total electricity required by the building after harnessing energy from the PV
panels. The algorithm focused on sizing the storage device, evaluating the slope of this
curve in each building, as it allows for minimising the need for unnecessary storage
capacity by accepting a minimum of losses. For this purpose, the user must provide two
parameters: the incremental step and the slope limit of the curve. The first allows the user
to choose the increase in capacity during each iteration of the simulation, and the second
determines the moment to terminate the optimisation function. With these two parameters,
the user can adjust the accuracy of the results by varying the search engine’s speed and the
desired position on the results curve (a, b, or c), which, in turn, can increase the model’s
processing time.
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Figure 5. Final energy demand curve of the building using energy storage.

Observing the battery power bank model, the objective function sums up the results of
Equation (5), aiming to minimise the amount of energy still required from a conventional
source using a specific storage capacity, as seen in Equation (19).

minimize EBgt = ∑8760
i=1

[
PReq · i − PAv · i − SoCPB · i(c)

]
(19)

Here, EBgt represents the total annual demand of conventional energy still required
to satisfy the needs of the building, and “c” stands for the size of the storage capacity of
the battery bank, where the results produce a weakly convex curve. As c increases, the
final demand decreases until it reaches a minimum at C f . However, the magnitude of total
energy harnessed per unit of storage space added in the bank decreases throughout the
curve as the capacity increases (i.e., the increase in initial capacity ∆C1 demonstrates the
ability to reduce the most significant energy demand from conventional sources ∆B1). Once
the slope of the curve drops below −1 (b), increasing the capacity ∆C2 shows insignificant
benefits (∆B2). Still, this model allows the user to select a higher level of tolerance (c)
regarding the maximum energy that can be captured in the device.

Slope =
∆EBgt

∆C
=

EBgt ·j − EBgt ·j−1

Cj − Cj−1
(20)

where ∆EBgt represents the difference in the results between the actual and previous
iteration. In each iteration, the slope of the curve is calculated using Equation (20) and
compared with the limit value set by the user. For this study, different values of slope
limits will be analysed to locate the limit at positions a, b, and c of the curve and evaluate
their results.
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2.4. Case Studies

Two case studies in Portugal were selected to test the performance of the plugin: one in
a densely urbanised area and the other in the most isolated part of the country, Guimarães
and Vila do Corvo. Each case study evaluated a single baseline scenario, considering the
same group of technologies assigned to each building archetype to produce the initial
profiles of demand and supply. The parameters selected for each storage technology
in the plugin are presented in Table 1. Using the same parameters in both locations,
different cover areas of rooftops were evaluated to measure the effectiveness of panels and
collectors. In the case of battery power banks, the range of PV rooftop area has been chosen
between 50 and 80 percent, while for heated water tanks it has been selected between
10 and 50 percent. Likewise, a sensitivity analysis was performed on the input parameters
of each model to observe how they affect the results in each location. Additionally, during
its development, the plugin was tested by two master’s students from the Instituto Superior
Técnico of Lisbon, which helped fine-tune the algorithms described in Section 2.

Table 1. Parameters selected for case studies 1 and 2.

Battery Power Bank Heater Water Tanks

Parameter Value Parameter Value

Voltage 48 V Technology Flat Plate

C-Rate 0.6 Heat capacity 4.18 kJ/Kg

DoD 90% Supply temp. 45 ◦C

Efficiency 95% Max temp. 70 ◦C

Loss coefficient 1.5

Optimisation parameters

Increment 1 kWh/it. Increment 1 kWh/it.

Slope value −1 Slope value −1

2.4.1. Guimarães

Guimarães is one of the oldest cities in Portugal and is considered the birthplace and
first capital of this country, being listed as a UNESCO World Heritage site due to its many
medieval buildings and castles [28]. The city, located in the northwestern region of the
continental territory, started its path to sustainability almost a decade ago and has since
been recognised as a leading municipality in the country in this area [29]. Since 2018, one
of the municipality’s primary commitments has been to reduce carbon dioxide emissions
by at least 40% by 2030, through promoting efficient energy use [30]. In 2016, the baseline
emissions inventory revealed that the most used energy carriers in the city were electricity
(34%), natural gas (26%), diesel oil (24%), and gasoline (9%). Additionally, the residential
and services sectors require 25% and 21% of the total energy demand. Hence, implementing
renewable energy systems in these two areas of the city could help the municipality achieve
its goals.

This study selected a neighbourhood with 80 buildings situated in a central location of
the city, which has been grouped into three main categories: single- and multi-residential
buildings, commercial use, and public services. As seen in Figure 6, most buildings in the
area are used for residential purposes (67.5%), while the remaining stock is destined for
commercial and public use. The selected area spans approximately 88,000 square metres
and comprises small- and medium-sized constructions with an average height of less than
10 m, including buildings with up to 10 floors for residential purposes. The architectural
features and technologies selected for the model follow the typical patterns of Portuguese
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households, which are described in detail in previous studies [31]. Table 2 presents a
disaggregation of the structures by group, use, and their annual consumption, where most
of the neighbourhood’s consumption is requested by multi-residential buildings.

 
Figure 6. The neighbourhood in Guimarães chosen for case study 1.

Table 2. Number of buildings and energy demand in Scenario 1.

Group Use
Buildings Consumption

# MWh/yr %

Residential Single residential 16 393.4 9.5
Multi-residential 38 2305.1 55.9

Commercial Clinic 1 35.1 0.9
Gym 1 43.8 1.1
Office 3 339.4 8.2
Retail 2 216.1 5.2
Restaurant 1 17.1 0.4
Supermarket 1 134.8 3.3
Shopping 1 215.8 5.2
Storage 2 92.0 2.2

Public services Museum 2 0.0 0.0
School 2 103.8 2.5
Parking 5 104.3 2.5
Abandoned 4 119.6 2.9

TOTAL 80 4120.3

2.4.2. Vila Do Corvo

The island of Corvo is part of the western group of the Azores archipelago and has
been a UNESCO Biosphere Reserve since 2007. The inhabited community of Vila do Corvo
is in the south of the island, with a population of only 432 people as of 2023 [32]. Since 2020,
electricity production has consistently met a demand of 1.7 MWh, primarily generated
using thermal diesel generators [33]. However, in 2023, the commissioning of a solar PV
plant and a wind farm on the island aims to produce up to 60 per cent of the electricity
using renewable sources by 2026, with an estimated investment of €11 million [34]. In
the same year, the Municipality of Corvo published a regulation to provide PV panels for
households of residents, ensuring the supply of equipment and installation of technol-
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ogy [35]. Therefore, the use of distributed generation systems dispersed throughout the
urban settlement could help achieve a fully renewable scenario in Corvo Island.

The populated area of the village is primarily composed of two-story single-family
residential buildings with an average height of 6 m, according to the latest report from
the Azores Regional Statistical Service [36]. A detailed evaluation of this area followed
the exact characteristics of Portuguese buildings that were also presented in previous
publications [37]. As described in Table 3, the CEA model of the zone generated a total of
416 buildings, where almost 61% are used for residential purposes, 27% are unoccupied,
and only 11.5% are used for commercial reasons (Figure 7). Despite this, only 294 buildings
are reported to be connected to the microgrid on the island, given that a large portion of
the structures are unoccupied or used for storage purposes [33].

Table 3. Number of buildings and energy demand in Scenario 2.

Group Use
Buildings Consumption

# MWh/yr %

Residential Single residential 254 616.5 46.4

Commercial Hospital 3 107.0 8.0
Church 3 78.4 7.9
Food store 4 59.7 4.5
Hotel 8 31.3 2.4
Industry 1 36.7 2.8
Museum/Library 3 15.7 1.2
Office 19 200.5 15.1
Restaurant 5 26.0 2.0
School 1 43.5 3.3
Supermarket 1 31.1 2.3

Unoccupied Abandoned 79 0.0 0.0
Parking 35 83.2 6.3

TOTAL 416 1329.4

 

Figure 7. Vila do Corvo chosen for the case study 2.
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3. Results
This section presents the most significant outcomes that occurred when the software

application developed in this research was implemented in the two selected case studies.
More than providing significant results from the locations modelled, the main goal of
these outcomes is to demonstrate how these results can provide CEA users with a greater
understanding of the areas in study when DESS are implemented. Since the profiles of
electricity and domestic hot water demand and the potential harvest from solar PV panels
and heat collectors have been previously modelled and validated in previous studies, the
results of this study focused on showing users how the produced variables can help the
implementation of these technologies and can help improving the energy system of each
location. Like the typical outputs generated by the CEA tool, the results of this analysis
are presented in hourly temporal values that can be grouped into several timeframes
(daily, weekly, monthly) depending on the specific goals of each CEA user. The evaluation
presented in this section examined daily, monthly, and total timeframes to verify the
accurate simulation of each algorithm and assess the performance of each technology in
these scenarios. Additionally, as PV panels and solar collectors differ in efficiency, different
ranges of rooftop coverages were considered for each technology.

3.1. Electric End-Use and Storage

The results of the simulation in both locations demonstrated different performances of
the DESS throughout the year, due to the apparent differences between these environments—
e.g., the electric demand in Guimarães (Cs1) is considerably higher than in Vila do Corvo
(Cs2). The initial profiles generated by the framework calculated an electricity demand
of 4.12 and 1.33 GWh/yr in Cs1 and Cs2, respectively. Figure 8 shows the results of the
power bank module in each location, displaying the monthly electricity demand and the
share that solar PV (yellow) and battery banks (green) can supply throughout the year.
While in Cs1, PV panels demonstrate a higher penetration of solar energy, reducing district
electric demand without the need for storage systems. In Cs2, electric storage systems
improve the entire efficiency of the system, doubling the amount of renewable energy used
by the district.

 

Figure 8. Monthly electric demand in Guimarães (a) and Vila do Corvo (b).

Similarly to the electric demand, Figure 9 shows the potential monthly electric genera-
tion of rooftop solar PV systems and the amount of energy that can be used directly by the
demand (yellow), stored in the battery banks (green), and released to the grid or wasted
(orange). Unlike the demand side, rooftop PV in both scenarios can harvest comparable
amounts of electricity, but not in the same proportion throughout the year. Considering
a maximum roof coverage of 50%, the basic CEA model of Cs1 estimates a feasible area



Urban Sci. 2025, 9, 468 15 of 27

of 13.34 thousand square metres to harvest 1.7 gigawatt-hours per year. While in Cs2, the
model considers an area of 13.7 thousand square metres to collect 2.12 gigawatt-hours per
year. Comparing both scenarios, Cs2 showed larger electricity production during months
of cold weather (Nov–Feb), allowing us to take advantage of these resources for storage.
On the contrary, in Cs1, the system can utilise resources more efficiently, thereby reducing
the amount of energy required for storage and disposal.

 

Figure 9. Monthly harvest of solar photovoltaic and end-use energy in Guimarães (a) and Corvo (b).

The overall results showed that both scenarios reduced their energy demand from
the public grid using solar PV systems coupled with storage by at least 33% and up to
48% in Cs1, and from 82% to 92% in Cs2 (Figure 10). However, the effectiveness of the
storage systems varied accordingly with clear differences in each scenario. While in Cs1,
the use of storage technologies did not show a significant reduction in energy demand;
Cs2 demonstrated considerably higher battery performance, especially when large rooftop
coverages were considered. The difference in the results of each location can be explained
by the relation between total energy demand and electricity supplied, as in both locations
this ratio varied considerably, because in Cs1 the supply of electricity from PV panels was
less than the demand by more than half, while in Cs2, the supply exceeded the demand by
almost twice as much, providing enough energy for storage. Moreover, Cs1 is composed
of a few large-consuming buildings with different building uses. At the same time, Cs2 is
formed of many similar small-consuming structures, making it easier for the DESS in the
second location to manage the individual demand of each building.

 

Figure 10. Final electric demand considering different rooftop coverages in Cs1 (a) and Cs2 (b).
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The optimisation algorithm sizing the ideal power bank capacity for each building
calculated estimated that in Cs1 the ideal capacity of the district will require a total of
26,269 Ah (PV50) and 44,182 Ah (PV80). In this location, the smallest building required
only 23 Ah, while the largest one required between 3634 Ah (PV50) and 4398 Ah (PV80). In
this location, the groups of buildings able to take most advantage of this storage technology
were the MULTI RESIDENTIAL and SINGLE RESIDENTIAL archetypes when the rooftop
PV coverage increased. In the case of Cs2, this algorithm estimated an ideal capacity of
42,707 Ah (PV50) and 47,663 Ah (PV80). In this location, the smallest construction needed
the capacity of 23 Ah (PV50) and 46 Ah (PV80), while the largest required was between
764 Ah (PV50) and 1366 Ah (PV). Unlike in the previous scenario, any building group in
this place showed considerable improvements when the rooftop coverage of the panels
increased in size.

When the performance of each individual energy system in the model was evaluated,
it was possible to observe that many buildings of Cs1 achieved a reduction in their electric
demand, as the number of constructions with consumptions below 25 MWh/yr increased
by 22.5% (Table 4). Moreover, four buildings in this location were able to cut out their
demand almost completely by reducing their consumptions below 99 kWh/yr, becoming
near zero energy buildings. Additionally, when the buildings with larger energy demands
are observed, those with demands exceeding 100 MWh/yr were able to reduce their
electricity demand by almost half.

Table 4. Building population groups by electricity consumption in Case scenario 1.

Consumption Group Scenario

(MWh/yr) BAU PV50 PV60 PV70 PV80

<25 32 50 50 51 55
25–50 24 12 12 12 12
50–75 8 6 10 10 6

75–100 5 5 1 0 0
>100 11 7 7 7 7

As shown in Table 5, the second location (Cs2) demonstrated even higher impact when
PV + DESS were implemented, as the use of PV systems coupled with storage allowed
318 households to become energy-independent from the grid, leaving only between 39
(with 50% rooftop coverage) and 31 (with 80% coverage) constructions still requiring addi-
tional energy to satisfy their needs. Additionally, even the buildings with the highest energy
demands were able to reduce their consumption, leaving most of them with consumption
below 10 MWh/yr. Therefore, the use of PV systems coupled with battery banks in the Cs2
environment looks highly effective, reducing electricity consumption by up to 92% when a
large rooftop coverage is considered.

Table 5. Building population groups by electricity consumption in Case scenario 2.

Consumption Group Scenario

(MWh/yr) BAU PV50 PV60 PV70 PV80

=0 77 385 387 390 393
0–10 322 34 32 30 27
10–20 17 2 4 3 3
20–30 3 2 0 0 1
>30 5 1 1 1 0
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The results of Cs1 showed that the most efficient BPB (seven buildings) were able to
supply power above half of the time (between 4465 and 5070 h of the year). In this location,
these systems operated on average for 2262 h (26%), demonstrating greater performances
in SINGLE RESIDENTIAL, PARKING lots, and STORAGE building archetypes. MULTI
RESIDENTIAL buildings demonstrated various performances, where the system with
minimum performance operated for only 132 h and the maximum 5070 h (57.9% of the
time). In addition, in this location, the ESS of commercial buildings operated on average for
1640 h (18.7% of the time), where the RESTAURANT was able to take the most advantage,
achieving to operate during 54.6% of the year.

In the case of Cs2, the BPB operated in average for 4502 h of the year (51.4%). Here,
SINGLE RESIDENTIAL buildings operated for an average of 4819 h (55% of the year),
followed by PARKING lots (50.4%). In the case of commercial buildings, HOTELS demon-
strated the highest performance of the island, with an average operation time of 5889 h
(58.1%), followed by RESTAURANTS operating for 4434 h (50.6%) and OFFICES with
2844 h (32.5%). In this location, the building archetypes showing poor performances were
FOODSTORES (3.5%), SHOPPINGS (4.3%), and the only SCHOOL of the island (4.8%).

3.2. Heat End-Use and Storage

The thermal storage module simulating heated water tanks considered the CEA
profiles of water demand and heat capture from solar collectors in both scenarios, estimating
a total annual energy demand for heated water of 1.25 and 1.17 GWh/yr in Cs1 and Cs2,
respectively. Due to the larger efficiency of solar collectors, these scenarios required less
rooftop coverage to achieve an efficient performance of heated water tanks. As shown in
Figure 11, the evaluation of this module considered maximum rooftop coverages ranging
from 10% (SC10) to 50% (SC50). When the rooftop coverage of solar collectors was set at
30%, Cs1 calculated an area of 6672 m2 capable of capturing 2.66 GWh/yr of heat, while
model Cs2 computed an area of 8223 m2 to harvest 1.62 GWh/yr. Unlike the previous
energy carrier, the results demonstrated that the demand for heated water can be better
satisfied in Cs1 than in Cs2, given that heated water tanks supplied 50% and 36% of the
total demand in these locations. Although the demand for heated water is similar in both
scenarios, the simulation results showed the opposite behaviour of battery power banks,
due to a lower harness of heat from solar collectors in Cs2.

 

Figure 11. Final demand of heated water considering different rooftop coverages in Cs1 (a) and
Cs2 (b).

Figure 12 presents the monthly demand of heated water (a, b) and the energy supply
of solar collectors (c, d) in each location. Additionally, it displays the results of the module
calculations, showing the share that can be satisfied using water tanks (yellow) and the
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remaining conventional heating source (orange) throughout the year. Moreover, it shows
how much of the energy harnessed can be captured (green) and the share of energy wasted
back into the environment through the tank’s protection valve.

 

Figure 12. Building demand (a,b) and supply (c,d) from solar collectors with 30% rooftop coverage.

The optimisation algorithm used to size the storage capacity of water tanks calculated
that Cs1 required 134,000 litres of water, with an average capacity of 1687 litres per building,
while Cs2 needed 68,400 litres, with an average capacity of 272 litres per building. Still,
a large portion of the heat captured was lost due to the lack of storage space, releasing
78.4% (2.08 GWh) in Cs1 and 87.6% (1.42 GWh) in Cs2 back into the environment. Despite
this, solar collectors coupled with heated water tanks were able to satisfy almost half of the
energy requirement of the district in Cs1 and a third of Cs2.

In this case, the optimisation algorithm estimated that in Cs1 the ideal capacity of the
tanks will require between 172,030 litres (SC10) and 214,600 litres (SC50) of stored water. In
this location, the smallest building required only 20 litres of water, while the largest building
24,320 litres (SC10) and 20,250 litres (SC50) of stored water. Additionally, results showed
that MULTI RESIDENTIAL building group was the one taking most advantage of this
storage technology when the rooftop coverage of solar collectors increased. In the second
model (Cs2), this algorithm calculated an ideal tank capacity of 42,530 litres (SC10) and
81,540 litres (SC50) of stored water. In this location, some SINGLE RESIDENTIAL buildings
did not require water storage, while the largest building required between 6000 litres
(SC10) and 12,000 litres (SC50) of stored water. Moreover, results showed that the building
archetypes that took most advantage of this technology in Cs2 were RESTAURANTS,
SINGLE RESIDENTIAL, and CLINICs.

When the individual performance of the heated water systems in each building
is observed, the results showed that both districts were able to reduce the number of
constructions with greater demands. As seen in Tables 6 and 7, the number of groups
with zero or minimum energy demands increased, even with low rooftop coverages.
Additionally, the number of buildings that achieved self-sufficiency, avoiding the use
of conventional water heating sources, increased by 10 in Sc1 and by 25 in Sc2 in both
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scenarios. In these models, both scenarios successfully removed all buildings with higher
consumption from the group, but only with the highest rooftop coverage of solar collectors.
Moreover, while in Sc1 the buildings with consumptions higher than the group with
minimum demands (<25 MWh/yr) reduced from 12 (Business as Usual) to 10 (SC10)
and 3 (SC50), the buildings in Cs2 in groups with demands over 10 MWh/yr reduced
from 13 (Business as Usual) to 10 (SC10) and 6 (SC50) constructions. Hence, the use
of solar collectors combined with isolated water tanks helped reduce the demand for
conventional heating sources, but not with the same efficiency as the PV systems coupled
with storage technologies.

Table 6. Building population groups by heated water consumption in Case scenario 1.

Consumption Group Scenario

(MWh/yr) BAU SC10 SC20 SC30 SC40 SC50

=0 8 15 18 18 18 18
0–25 60 55 53 55 57 59

25–50 4 7 7 6 4 2
50–75 5 1 1 0 0 1
>75 3 2 1 1 1 0

Table 7. Building population groups by heated water consumption in Case scenario 2.

Consumption Group Scenario

(MWh/yr) BAU SC10 SC20 SC30 SC40 SC50

=0 175 176 195 197 200 200
0–10 236 238 219 219 217 218

10–20 9 7 7 5 4 3
20–30 1 0 0 1 1 3
>30 4 4 3 2 2 0

The results of Cs1 demonstrated that the isolated water tanks (IWT) provided heated
water on average for only 1453 h (16.7% of the year). Similarly to the battery banks, in this
location, SINGLE RESIDENTIAL buildings were the structures able to take most advantage
of this heat supply technology, where they supplied energy for an average of 1863 h (21.3%),
followed by MULTI RESIDENTIAL buildings (1517 h or 17.3% of the year). On the contrary,
commercial buildings did not demonstrate better performance as this technology only
supplied 11.9% of the needs of this building sector, similarly to public buildings with a
performance of only 9.8% of the year.

In the case of Cs2, the storage IWT supplied heated water for 1671 h on average
(19.2% of the year). As the biggest group of building archetypes of the island, SINGLE
RESIDENTIAL buildings were able to use this technology for an average of 1841 h (21%
of the year), demonstrating the highest performance of all building archetypes. Similarly
to Cs1, commercial buildings in Vila do Corvo did not show promising results, with an
average supply of 936 h (10.7%). In this group of buildings, the highest performance was
achieved by HOSPITALS with a performance of 17.6%.

3.3. Sensitivity Analysis

A sensitivity analysis evaluated the parameters selected in Guimarães’ model (Cs1),
changing the value one parameter in each module at a time, while keeping the rest of the
values unchanged. The most significant results of the analysis are highlighted in Figure 13,
focusing on the parameters that impacted the most on one or more output variables.
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Figure 13. Sensitivity analysis results of the parameters in the battery power bank module: battery
voltage (a), DoD (b), C-Rate (d–f), system’s efficiency (g–j), optimisation slope (c,k–n).

The module of the battery power bank showed that the battery voltage, DoD, and
the incremental slope of the optimisation curve influenced mainly the battery capacity of
the bank. When the first two parameters increased in value, less capacity is required to
capture the desired amount of power in each building, achieving best performance with
voltages higher than 24 volts and DoDs higher than 40%. Unlike these parameters, when
the slope of the curve increased, the capacity grew, allowing for the capture of more energy
and reducing the amount of electricity required from the grid.

Additionally, as the system’s efficiency increased, more energy was stored in the bank,
reducing the amount of electricity requested from the grid and increasing the discharge of
electricity. As it was expected, the losses in the system decreased considerably when the
system’s efficiency increased.

Finally, when the slope of the optimisation curve increased, a larger storage capacity
allowed us to capture more energy, thereby decreasing demand and reducing the need for
electricity to be dumped from the grid. However, in this parameter, the conversion losses
in the system did not show considerable changes. As predicted, the highest results of the
optimisation algorithm occurred when the selected slope of the curve was equal to one.

The sensitivity analysis of the isolated water tank module revealed that the supply
and maximum temperatures, along with the heat exchange coefficient, can significantly
impact the model’s performance. The most significant results of this analysis are presented
in Figure 14. First, as the desired supply temperature increased, a larger storage capacity
was required to meet the demand of the building, resulting in a greater amount of heat
stored and a larger tank surface area. However, as this temperature increased, the tank’s
ability to supply heated water diminished, requiring more of conventional heating sources
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to satisfy the buildings’ needs. Similarly, as the storage capacity of the tanks grew, more
heat was stored, reducing the losses caused by a lack of storage space. Yet, larger tanks
have greater surface areas, which increased the exchange of heat between the interior and
the environment, and thus increased the losses to the environment.

 

Figure 14. Sensitivity analysis results of the parameters in the isolated water tank module: sup-
ply temperature (a,e,i,m), maximum temperature (b,f,j,n), heat exchange coefficient (c,g,k,o), and
optimisation slope (d,h,l,p).

Next, the maximum storage temperature showed the opposite behaviour, as greater
temperatures allowed for the capture of more heat, reducing the size and area of the tanks.
When this parameter increased in value, the performance of this technology improved,
requiring less energy from conventional sources. Additionally, higher storage temperatures
allowed us to capture more energy, reducing the losses due to space limitations and the
environmental losses associated with smaller exchange areas.

Moreover, lower tank isolation (exhibited by higher heat exchange coefficients) signif-
icantly affected the performance of water tanks, increasing the reliance on conventional
heating sources due to the larger amounts of heat lost into the environment. However,
higher heat exchange coefficient (U-value) reduced the heat losses caused by a lack of
storage space. Finally, the change in value in the incremental step of the optimisation curve
did not show significant changes in the performance of this module. Although higher slope
values increased the storage capacity, area, and amount of heat stored in the tanks, their
energy supply did not grow in large quantities, even with higher slope values.
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4. Discussion
The results of each study case have demonstrated that the implementation of decen-

tralised energy storage systems will have different outcomes depending on the structure
of the energy system in the district where they are applied. While in some regions these
systems can considerably help improve the penetration of solar renewable energy, in other
areas, they will not show noticeable improvement in the system. Furthermore, different
technologies exhibited opposite performances when the two study cases were evaluated,
suggesting that the implementation of these technologies should be evaluated indepen-
dently in each model.

Although the modules developed have been programmed to consider hourly profiles
of demand and potential supply, limiting the accuracy of the models developed in the
CEA tool, the plugin, and its results, they can provide a detailed overview of the energy
systems in a neighbourhood or city. Despite this, the algorithms proposed in this study
can be applied in future models using different timeframes to improve their reliability.
Additionally, the modules utilise TMY data, which can be incorporated in the future
versions of the tool with actual historical data from district buildings to enhance the
accuracy of the results. Among the main limitation of the battery power bank module
is the exclusion of the system’s self-discharge factor. This feature will be included in
the plugin and its impact on the proposed model will be evaluated in future studies. In
addition, another limitation of the isolated water tank module includes the simplification
of a rectangular non-stratified water tank; future development will evaluate the inclusion
of cylindrical stratified tanks (commonly used in urban settings). Although the use of this
plugin considerably simplifies the calculation time of these models, the results generated
by both modules still lack visual friendliness. Future versions of this plugin can focus on
the development of a graphical user interface including geographical information systems
to visualise results and help users during the process of data analysis.

Results have shown that small buildings can meet most of their energy needs using
solar renewable energy coupled with storage systems, whereas larger constructions do
not have sufficient renewable resources to reduce their demand significantly. Despite this,
results have shown that much of the energy harnessed by solar technologies cannot be
stored in the short run during seasons with large solar radiation, which is why it must
be released into the grid, in the case of electricity, or into the environment, in the case of
heat. Therefore, these results justify further development of Energy Community models,
considering an energy-sharing structure using multi-energy microgrids, which will allow
evaluating the distribution of energy between the model’s elements and taking advantage
of this unused energy.

Finally, these modules only considered one variable for optimisation, the optimal
storage capacity of each technology, due to the structure of the plugin framework of CEA.
Since the potential of solar renewable energy (electricity and heat) has been previously
calculated by other modules within the framework, the new components developed in
this research depend on these generated profiles to function, thereby eliminating the
possibility of automatically optimising the size of solar generation. Still, the present study
has proposed a method for evaluating how different rooftop coverages can be utilised to
determine the optimal placement of panels and collectors.

5. Conclusions
Present research aimed to propose and develop technological tools to help researchers

and decision makers during the process of energy planning in urban settlements. This
study focused on simulating decentralised energy storage systems for electricity and heat
in district buildings, which served as a backup to enhance the performance and penetra-
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tion of solar energy technologies. In addition, this research has proposed an optimisation
methodology to automatically calculate the best size of each storage technology, according
to the unique characteristics of the energy system in each building. This optimisation
method focused on minimising the amount of energy required from external (conventional)
sources, subject to the demand of the building and the potential supply from solar tech-
nologies. With this method, CEA users can identify the ideal storage capacity of each
element in the model and evaluate if DESS will display effective results in a multi-energy
supply environment.

In this tool, new procedures and algorithms were developed, following existing
proposed models from the existing literature, to avoid the necessity of and reduce the
installation of external libraries in the framework, thereby reducing simulation time. This
is particularly important in cases where districts have a large number of buildings, as the
simulation time can become considerably high. Fortunately, the modules developed in
this research demonstrated lower or equal processing times than the existing modules of
CEA, helping users to maximise evaluation efforts. However, rather than replacing existing
complex and more reliable models, the main goal of this tool is to provide CEA users a
first glance of the potential DESS in the areas being studied, to justify further research and
development in these zones.

This tool is an example of how UBEMs can provide extensive detailed analysis data
that can be used to help making better decisions during the energy planning in urban areas,
with the goal of accelerating the transition of existing energy systems toward sustainable
sources. This research has demonstrated the ability to deep analysis that UBEM tools can
provide, considering two scenarios with similar latitudes in Portugal, yet with different
structural and behavioural compositions (one with a dense population in a rural zone of
the continent and another in the most isolated region of the country). However, to confirm
the effectiveness of the proposed modules, future studies should continue investigating
their performance in other regions of the globe that exhibit different demands and varying
solar resources, to help improve this type of evaluation tools. Additionally, the veracity of
the results will have to be verified, comparing them with the performance of real-life PV
systems coupled with storage capacity.

Although the present study has focused on the technical performance of DESS, it
paves the way for the development of more complex urban building energy systems. To
increase the effectiveness of the models, future development could consider implementing
DESS according to the building archetypes in the districts, and include other areas of
energy systems, such as economic feasibility and environmental impact. However, since
the CEA tool and the produced results mainly focus on the technical aspect of the urban
energy environment, this research has not included an economical and environmental
analysis of the locations in study. Despite this, the results generated by the tool can easily
be used to extend the analysis to the economic and environmental aspects. In addition, one
of the most important findings of this research is the necessity to develop future models
considering energy sharing configurations between the buildings in the district under study,
as a significant amount energy is wasted from the solar energy technologies. Finally, the
development of a graphical interface for the results is recommended to better understand
the results of each model developed by future users of the tool.

The results obtained from applying the modules in the selected case studies confirmed
the various uses of the plugin developed in this study, which can be used to build models
of districts worldwide and help decision makers make better choices during the upgrade
of existing building stocks and the design of new districts. The plugin developed in
this study can be freely downloaded from the CEA official website and GitHub, (version
2.35.1) using the following link (https://www.cityenergyanalyst.com/plug-ins (accessed

https://www.cityenergyanalyst.com/plug-ins
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on 1 November 2025), Supplementary Materials). The implementation and evaluation of
the models was applied in the version 3.35.2 dashboard and tested up to version 3.9. This
plugin can be installed in the framework using the CEA console, following the procedure
described in the user manual, which is located at the same link.

Supplementary Materials: All supporting information and material can be downloaded from the City
Energy Analyst Plug-in website at: https://www.cityenergyanalyst.com/plug-ins or from GitHub at:
https://github.com/jmsx13/Storage_Capacity_Plugin/ (accessed on 1 November 2025).
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Abbreviations
The following abbreviations are used in this manuscript:

BAU Business As Usual
CEA City Energy Analyst
CSV Comma-Separated Values
DESS Decentralised Energy Storage Systems
PV Photovoltaic
RE Renewable Energy
RES Renewable Energy Sources
UBEM Urban Building Energy Models
UNESCO United Nations Educational, Scientific and Cultural Organization
Nomenclature
ATk Total surface area of the insulated water tank
BTk Length of the water tank
Bx Final energy bought from the power grid at point x
Cx Storage capacity at point x
CPB Storage capacity of the power bank
Cp · H2O Heat capacity of water
Cs1 Case study 1—Guimarães
Cs2 Case study 2—Vila do Corvo
DTk Depth of the water tank
DoDMax Maximum depth of discharge of the battery bank
HTk Height of the water tank
ηSys Overall efficiency of the PV system
mTk Total mass inside the tank
PReq Energy power required from the grid
PRel Energy power released to the grid
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PLoss Energy power losses of the PV + ESS system
PRqd Final energy power required from the grid
PAv Energy power available for storage
PDem Energy power demand after PV supply
PPV Electric power supply by PV panels
QTk Heat stored in the water tank
QSC Heat harnessed by solar collectors
QDem Heat demand from the building
QEnvL Heat environmental losses
QMin Minimum heat stored in the water tank required to supply the buildings
QMax Maximum heat that can be stored in the water tank
QSup Heat supplied from the water tank to the building demand
QCon Heat supplied from conventional sources to the building demand
QStL Heat storage losses due to lack of space of the water tank
SoCPB State of charge of the battery power bank
SoCMax Maximum stored energy in the battery power bank
TSup User’s desired supply water temperature
TMax User’s maximum storable water temperature
TExt Environmental temperature
TTk Interior water temperature of the water tank
UTk Heat exchange coefficient of the water tank surface area
VTk Total volume of the water tank
∆Bx Variation in final energy bought from the grid during transition x
∆Cx Variation in final energy bought from the grid during transition x
∆EBgt Variation in final energy bought from the grid
∆QTk Variation in heat stored inside the tank
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