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Abstract: Urban building energy models present a valuable tool for promoting energy efficiency
in building design and control, as well as for managing urban energy systems. However, the
current models often overlook the importance of site-specific characteristics, as well as the spatial
attributes and variations within a specific area of a city. This methodological paper moves beyond
state-of-the-art urban building energy modeling and urban-scale energy models by incorporating
an improved place-based approach to address this research gap. This approach allows for a more
in-depth understanding of the interactions behind spatial patterns and an increase in the number and
quality of energy-related variables. The paper outlines a detailed description of the steps required
to create urban energy models and presents sample application results for each model. The pre-
modeling phase is highlighted as a critical step in which the geo-database used to create the models
is collected, corrected, and integrated. We also discuss the use of spatial auto-correlation within
the geo-database, which introduces new spatial-temporal relationships that describe the territorial
clusters of complex urban environment systems. This study identifies and redefines three primary
types of urban energy modeling, including process-driven, data-driven, and hybrid models, in the
context of place-based approaches. The challenges associated with each type are highlighted, with
emphasis on data requirements and availability concerns. The study concludes that a place-based
approach is crucial to achieving energy self-sufficiency in districts or cities in urban-scale building
energy-modeling studies.

Keywords: Urban Building Energy Modeling UBEM; Urban Scale Energy Models USEM; place-based
approach; geo-database; geographic information system; QGIS; sustainable cities and communities

1. Introduction

In European urban contexts, where 74.5% of the EU-27 population live [1], buildings
account for 36% of greenhouse gas (GHG) emissions [2] and the residential sector for 28% of
final energy use [3]. The current issues of climate change, pandemics, wars, and energy price
crises highlight the centrality of the energy sector at a territorial level. One of the crucial
future challenges that European policies face is achieving energy self-sufficiency in high-
density urban contexts, meeting lower energy demand by producing energy by boosting
the available renewable energy sources (RESs) [4]. High-energy intensity, combined with
the numerous constraints, limited availability, and the associated uncertainties of RESs,
shifts the spatial scale of the analysis from a local scale (i.e., building or block of building
scale) to an urban or regional scale [5]. In order to ensure a clean energy transition and
carbon neutrality by 2050 [6], integrated models and methods that incorporate fine spatial
and temporal resolution data from different sources at an urban scale are crucial [7]. Urban
building energy modeling (UBEM) is one such method that can be used to simulate and
analyze the energy performance of buildings at the neighborhood scale. However, the
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potential of UBEM to facilitate sustainable development in terms of built environments is
limited by its dependence on conventional physics-based inputs [8]. This issue becomes
even more critical for district- or city-scale studies, in which data availability is also a
concern. To this end, this study investigates a set of methodologies and models to improve
the effectiveness of UBEM to enhance the sustainability of built environments using a place-
based approach. In particular, this study presents a methodological paper that describes
a new energy modeling technique with a place-based approach to provide an effective
means of simulating and analyzing energy use in urban built environments, considering
fine spatiotemporal resolution data. The energy modeling presented also explains the
importance of managing large databases, identifying other variables or surrogate variables,
and representing the results. The pre-modeling part is of fundamental importance because
it influences the choice and accuracy of the model, and the representation of the data allows
for the dissemination of the results.

This paper is organized as follows. The ‘Literature review’ section reports on the
current state of the art and is followed by the ‘Knowledge gap and objectives’ of this
study; ‘Place-based Urban Building Energy Modeling’ describes the proposed energy
modeling; the last section, ‘Conclusion and Remarks’, presents the main strengths and
opportunities of USBEMs using a place-based approach via typology, with a description of
future developments.

2. Literature Review

There are several examples of building energy modeling (BEM) discussed in the litera-
ture [9]. These models are implemented at the individual building level, and their outcomes
are extrapolated to the urban level [10], mostly based on predefined archetypes [11]. In
order to consider the geometrical interplay between buildings and their surroundings,
urban building energy modeling (UBEM) and urban-scale energy model (USEM) gradually
took hold to access large-scale static and dynamic simulations of different building types
and urban morphologies [12,13].

By extending the UBEM and USEM to the district or territorial scale, a new place-
based energy model can be introduced, namely urban-scale building energy modeling
(USBEM) [14]. Similar to UBEM, USBEM is based on two main approaches: top-down
models, in which aggregated historical energy data are provided (e.g., municipal data), and
bottom-up models, in which energy consumption is provided for many buildings and for
several years (e.g., building data) [15]. Several scientific reviews (e.g., [16,17]) agree upon
classifying energy scale modeling into three main groups: data-driven (black box), which
relies on statistical models [18] and AI models (e.g., [19,20]); process-driven (white-box),
which is based on process-driven models [21]; hybrid (grey-box) models, which use a
combination of data-driven and process-driven models [22,23] and are mainly used by
environmental and urban planners, public entities, and policymakers.

Literature reviews provide an overview of the existing tools and platforms, considering
the type of energy model [24–26]:

- Data-driven tools: rely on statistical models [18] for energy analysis (e.g., EnergyPro-
forma and CRECM) and AI models (e.g., [19,20]) for energy analysis and benchmark-
ing (e.g., DUE-S and DUE-B);

- Process-driven tools: based on process-driven models [21] with EnergyPlus as a simu-
lation engine (e.g., CityBES, UMI, and UrbanOPT) or using other dynamic simulation
engines (e.g., CitySim and SEMANCO);

- Hybrid tools use a combination of data-driven and process-driven models [22,23]
and are mainly used by environmental and urban planners and policymakers
(e.g., SimStadt, TEASER, and CEA);

- Integrated platforms optimize energy consumption models with RES simulation
tools [27] (e.g., SynCity, Epic-hub, EnerGIS, and LEAP).
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Currently, USBEM is a promising field of research, but no integrated modeling plat-
form that can encompass various urban environments, climates, types of populations,
and data availability can be found in the literature. In addition to the USBEM tools and
methods mentioned above, it is important to note that conducting geospatial analysis poses
a significant challenge in urban building energy modeling, as highlighted in [17]. The
use of a place-based approach enables the description of spatial interrelationships among
various urban components and variables across different layers [28]. This approach also
allows for the analysis of spatial-autocorrelations and the dynamic behavior of physical
phenomena that impact energy consumption.

A place-based approach is a promising approach for better understanding the natural,
built, and anthropogenic urban environment by analyzing the spatial interrelationships
between various elements. This approach is crucial in addressing the complexities of urban
energy systems and can serve as a powerful tool for various energy applications [29,30].
Particularly, the three significant advantages of the implementation of the different typolo-
gies of USBEM using a place-based approach are as follows: the increase in the number,
typology, and accuracy of the energy-related variables, the possibility of expanding the
range of energy models to choose from, and, lastly, the opportunity to identify the most
effective energy model for each specific application. Additionally, by considering techni-
cal, environmental, and socio-economic variables that can affect actual and future energy
scenarios, it is possible to identify proper site-specific energy policies and plans [31,32].
Place-based USBEM can help redistribute sustainability targets across the territories, adapt-
ing them to the peculiarities of each context, exploiting opportunities, and compensating
the measures for local constraints. The place-based approach is functional in reducing and
translating global strategies into effective local actions [33].

3. Knowledge Gap and Objectives

Research into building physics and geomatics lacks an integrated approach, which hin-
ders the creation of place-based urban-scale building energy modeling (USBEM). Building
physics focuses on the physical phenomena that regulate building energy consumption at a
building or block scale. Geomatics deals with databases at the urban and territorial scale
and uses open-source geographic information systems such as QGIS to extract and calcu-
late geo-referenced information (e.g., raster or vector data), which can be used for energy
modeling at the urban scale. Combining these two fields can create a more comprehensive
and effective approach to USBEM.

In order to accurately calculate the energy consumption of a building or block, exten-
sive information on the building envelope, technological systems, and surrounding context
must be incorporated into the energy balance equation. However, this level of detailed
information is not always available for entire cities. In these cases, QGIS can be utilized
to calculate the missing variables and incorporate them into the balance equations. This
process ensures a more comprehensive and accurate calculation of energy consumption
at the urban scale. This work provides insight into place-based USBEM by explaining
the different types of USBEM models, from pre-modeling to energy modeling, result rep-
resentation, and application fields. The pre-modeling stage is enriched by considering
spatial autocorrelation, which identifies clusters or areas with similar characteristics that
influence energy consumption. This is a novel improvement, as spatial autocorrelation has
not been investigated in energy modeling, even in place-based USBEM. Incorporating this
improvement into urban-scale models can be significant, as some information may not be
available, and it enables accounting for different energy-use types.
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According to the literature, USBEM using a place-based approach offers numerous
advantages, such as performing site-specific analyses and considering each building’s
characteristics that influence its energy consumption. These models can work on various
layers and scales, use all the available data, and understand the spatial variations within
different areas of a city. They can easily shift from the building to the urban scale and
compare different scenarios and analyze them from various perspectives with an interactive
interpretation of the results. Place-based USBEM can evaluate the impact of localized inter-
ventions on a larger scale. However, it has limitations, including limited data availability
on a large scale, language barriers, and privacy concerns. Nevertheless, with expertise in
buildings physics and geomatics and experience in locating and managing vast datasets, it
is possible to process data or surrogate data to create models for predicting building energy
consumption at the urban scale.

The aim of this paper is to assess the effectiveness of the place-based approach in
urban building energy modeling (UBEM). Specifically, this study will explore the challenges
associated with the scarcity of data on a large scale, language barriers, and privacy concerns
and propose methods to overcome these limitations. The goal is to provide insights into
how place-based UBEM can be improved to better predict the spatial distribution of energy
consumption and compare different scenarios at the urban scale.

4. Place-Based Urban Building Energy Modeling

In this section, the implementation of the place-based approach in USBEM is described
in detail. In order to treat all of the energy models found in the literature, the place-based
approach is implemented into data-driven, process-driven, and hybrid energy models.

The methodology presented here is illustrated in Figure 1 and described in the
steps below:

1. Pre-modeling with:

- Data collection: the collection of input data/geo-databases and geo-localization
of urban environment data.

- Pre-processing phase: correction, integration, and spatialization of databases and
evaluation of spatial correlations and local climate conditions.

- Geo-database creation: the creation of a complete and accurate geo-database for
energy modeling;

2. Energy modeling with: USBEM using a place-based approach: application of the
place-based approach to data-driven, process-driven, and hybrid modeling;

3. Calibration: error evaluation and adjustments to input data to minimize errors be-
tween the data measured and calculated by the model, making the model more robust.

The geographic information system QGIS is used in all phases of the place-based
process because it allows the user to upload geo-referenced data, yet it also has various
plugins that manage the databases, calculate other data, operate with information at
different scales, and helps create data-driven models through specific tools and algorithms.

After collecting the available data and processing the missing data, the geo-database is
created, and it provides the information to build USBEM. Then, the geo-database splits into
two datasets to train and then test the model. The calibration allows for the minimization
of errors and to improve the robustness of the model.

For USBEM using a place-based approach, some of the useful QGIS plugins and tools
are “Smart maps”, “R” and “Orfeo Toolbox provider” for statistical analyses and machine
learning algorithms.

Figure 1 is explained in more detail in the following paragraphs with some examples
of the results to explain the different types of outcomes, such as the numerical values,
tables, graphs, and maps.
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4.1. Pre-modeling

This is one of the most important phases of urban buildings energy modeling because
it will influence the type of energy modeling and its accuracy.

4.1.1. Data Collection

Having a comprehensive and precise database with all information about a territory is
a crucial phase in urban energy modeling, yet it remains a challenge [34]. Ensuring data
availability is a crucial factor to consider when developing effective urban energy models.
However, accessing data, especially disaggregated data, can be challenging due to privacy
concerns [35]. Despite these challenges, there is a current political trend towards sharing
databases and geo-databases containing comprehensive information about territories to
facilitate knowledge dissemination, analysis, and problem-solving by various stakeholders
such as citizens, companies, government, and public bodies. These datasets cover various
fields of applications, including the orography of the territory, the characteristics and
morphology of the built environment, and the population distribution by type.
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Each geo-database allows for the integration of data with their corresponding geo-
graphic positions. These data comprise geometric and non-geometric datasets. Geometric
data are mainly acquired from cartographic databases, websites, and remote sensors, such
as technical maps (e.g., shapefiles), terrain orography using digital terrain models DTMs,
digital surface models (DSMs) (e.g., Lidar flight), and land use, among others. Additionally,
non-geometric data are also included, such as climate data, the typological features of
buildings, the registry of thermal plants, building archetypes, energy performance certifi-
cates (EPCs), socioeconomic data of the population (from statistical census databases), and
measured energy consumption data (annual, monthly, daily, and hourly data).

In order to apply the place-based approach to energy performance evaluations, the free
and open-source Geographic Information System, QGIS 3.28 (Quantum GIS), can be used.
QGIS is among the most extensively used software that enables geographical observations
of the real world within digital systems, making it possible to formalize places with their
mathematical and physical features using GIS MODELING [36,37]. The collection of input
data and the categorization of existing databases are carried out in relation to the spatial and
temporal scale of the information, the level of ownership, and integrations with other data.

Some examples of typical Italian databases useful for USBEM are

• National Geoportal [38];
• ISPRA (Institute for Environmental Protection and Research, Department for the

Geological Service of Italy) [39];
• National Territorial Data: [40].

In general, all countries have these geo-databases, but the language of the country
itself is used.

For Europe, the most known databases for USBEM (in English) are

• The official portal for European data [41];
• INfrastructure for SPatial Information (INSPIRE) Geoportal [42];
• European Centre for Disease Prevention and Control [43].

In the world, some data for USBEM (in English) can be found via

• International Energy Agency (IEA) [44];
• National Aeronautics and Space Administration (NASA) POWER Project [45];
• Group on Earth Observation (GEOS) [46].

4.1.2. Preprocessing Phase

QGIS enables the visualization and management of large geo-databases while pro-
viding a wide range of tools to add new input data. The preprocessing phase is critical
in drafting the most accurate and comprehensive input geo-dataset, as the outcome of
the model depends on the quality of the initial information. The preprocessing phase
encompasses the following steps:

- acquisition of additional information by utilizing the QGIS tool and plugins; for
input data, the geo-localization consents to enrich the set of information even if it
uses different scales and accuracies. Moreover, the spatial representation of the data
consents to visualizing the superimposition of the data, investigating more aspects;

- allowing a qualitative assessment of the spatial relationships between nearby geome-
tries and features through the calculation of the statistics and indicators that describe
spatial autocorrelations (e.g., global and local Moran’s I index). The use of an adja-
cency matrix and spatial-temporal weights can help calibrate the model by adjusting
the energy-related variables, leading to a better explanation of the spatialized results.
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This work introduces spatial autocorrelation, which allows for the association of
the numerical values of a variable with their spatial position. This technique has been
used, above all, for research on flora and fauna [47] at the territorial scale, but also for
assessments on the risk of flooding [48] or COVID-19 contagion [49]. As far as energy
models are concerned, it would be very important to introduce this when some of the data
related to energy use are not known, yet the spatial correlations can be identified.

4.1.3. Creation of Geo-Database for Energy Modeling

In order to prepare for energy modeling, it is necessary to create a final geo-database
that combines and validates the previous two phases based on the specific investigation
and case study application. In QGIS, the spatial analyst tools consent to the combination of
databases while considering the location of the variables. The validation of the databases
on a territorial scale is fundamental to identifying and eliminating missing data and
avoiding anomalous data [18]. Statistical tools can be used to check the validity of the
databases by detecting null values, completing databases (if possible), and identifying and
correcting/removing anomalous data, such as outliers or missing values.

The process of creating the final geo-database information takes place through

- Data description: an exploratory study of the dataset using basic statistical calculations
(e.g., count, null values, mean, standard deviation, etc.) to describe data distribution
(e.g., normal or gamma distribution) and data type (e.g., integer, categorical, etc.);

- Data cleaning: detecting and handling missing and outlier values using different
methods based on the nature of the dataset (i.e., averaging or nearby techniques);

- Data splitting for cross-validation: the database is split into two datasets, namely train-
ing and testing data, to train and test the models. This allows for the generalization
and strengthening of the energy modeling [50].

The dimension of a geo-database depends on the quality of the selected energy-related
variables, which are closely linked to the available measured energy consumption data.
Depending on the aggregation level at which the energy consumption data is provided,
either a top-down or bottom-up approach [51] will be used in the subsequent phase of
energy modeling for different buildings. The literature suggests that the bottom-up model
is more accurate, especially with a place-based approach [15,52]; thus, this work focuses
mainly on bottom-up models.

4.2. Energy Modeling

In this section, three types of USBEMs that are associated with the place-based ap-
proach are described: data-driven, process-driven, and hybrid models.

4.2.1. Data-Driven Models

Data-driven modeling comprises statistical and AI approaches, with the latter primar-
ily relying on machine learning (ML) techniques. In order to achieve accurate outputs, both
approaches require a large amount of data on buildings and urban environments. They
imply the use of regression algorithms of an increasing level of complexity to find a more
accurate association between the influential parameters and energy consumption.

Statistical approaches are widely used, but fast processing and user-friendly methods
collide with the inability to include complex energy patterns and detailed descriptions of
real urban peculiarities [37].

ML algorithms have proven their capability in handling complex and non-linear
datasets, especially those that are multivariate and prone to noise, which can often occur
when dealing with urban energy models. The computational power of ML techniques
enables the consideration of stochastic variables, the identification of new patterns, and the
creation of clusters, leading to improved accuracy for energy predictions.
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However, when it comes to black-box models, the intricate nature of urban systems
can sometimes make it challenging to interpret the outputs and establish connections
with the inputs [53]. Thus, the outcome model can be strictly site-specific, requiring
detailed and hard-to-access spatiotemporal data, leading to crucial challenges in dealing
with their scalability and generalizability in urban-scale studies [54]. It is worth noting
that the interpretation of model outcomes is crucial for decision-making frameworks
and policymakers [55]. Despite the challenges posed by black-box models, significant
efforts have been made to improve their interpretability, and data-driven models remain
at the forefront of urban studies. ML algorithms have restricted application fields when
implemented at the urban scale because sometimes they become too complicated and
non-interpretable.

Data-driven models (in Figure 2) are concerned with the following:

- Sensitivity analysis: this helps to identify the most influential variables on energy
consumption. Univariate and multivariate analyses are the most common techniques
to investigate the relationship between one or more variables with the outcome; they
can be performed by using Pearson’s coefficient, correlation matrices, or heat maps
(principal component analysis). For large geo-databases, principal component analysis
(PCA) is widely used [18];

- Data scaling: this includes normalization and standardization techniques. The nor-
malization process measures the similarity of two datasets (e.g., Kernel function) and
consists of scaling individual samples from 0 to 1; the standardization of datasets is
required mainly by ML estimators and when variables have a normal distribution;

- Classic solutions: these include linear regression (LR), multiple linear regression
(MLR), or logarithmic regression models. More accurate models can be implemented:
polynomial regression (PR), support vector machine (SVM), random forest (RF), deci-
sion tree (DT), artificial neural network (ANN), Gaussian process (GP), and gradient-
boosted regression trees (GBRT). For the general regression problems in the energy
sector, RF, GBRT, ANN, SVM, and GP are the most used models [56,57];

- Multicollinearity detection: this enables the user to test the independence between
energy-related variables; the most common technique is VIF (variable inflation factors);

- Residual analysis or homoscedasticity: this concerns the homogeneous variance
of the residuals; the variance in the errors should not depend on the variables
(e.g., White test).

Figure 2 presents an example of the results of a typical statistical bottom-up energy
model applied in the city of Turin (Italy) for residential and non-residential building
archetypes [37]. The mean energy consumption of some archetypes have been applied to
the buildings of the city of Turin, considering the main energy-related variables, such as
volume, building use, and period of construction. The spatial distribution of the results
provides a clearer and more immediate picture of the energy consumption of the city, thus
making information accessible to non-technical personnel as well. These results were used
to evaluate the spatial distribution of natural gas consumption and the emissions due to
building use and to highlight critical neighborhoods.
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4.2.2. Process-Driven Models

Process-driven models rely on physical laws to calculate the energy performance of
buildings. They require a complete set of data for a detailed description of the physi-
cal phenomena. Usually, these models are based on energy balance equations between
buildings and outdoor environments, considering the geometry and characteristics of the
buildings, human behavior, the urban environment, and climate data. Simulation engines
are used to describe the energy and heat transfer mechanisms of buildings, providing great
flexibility regarding the application fields; once the model is validated, the energy balance
equations can be adapted to any context and spatial-temporal scales [52]. Limitations
occur when considering uncertainties and stochastic variables that do not follow physical
phenomena [20].

Process-driven models (Figure 3) are concerned with the following:

- Spatial-temporal scale definition: this enables the definition of an energy balance
system. It is necessary to describe the thermodynamic system and the spatial-temporal
scale on which the energy balance equations will be applied (e.g., spatial boundary
and temporal period); the spatial boundary of the thermodynamic system could occur
at various scales; generally, it is applied at the building scale, and then the results are
aggregated at the district and urban scales;

- Sensitivity analysis and data selection: these include the choice of variables and typical
data useful for describing the energy balances between heated/cooled built spaces
and the outside environment. These data describe the whole characteristics of urban
environments considering the operational indoor conditions according to thermal
comfort, air quality, and lighting requirements.

- Three-dimensional local climate conditions evaluation: this concerns the definition of
a detailed climate database considering the measured data survey. For models using
a place-based approach, the evaluation of local climate conditions is required for a
three-dimensional environment for an accurate description of the main climate-driven
variables in the energy balance equations; research is in progress to develop QGIS
plugin tools [56];

- Classic solution: this is represented by an energy balance system that has the aim of
evaluating the energy consumption of buildings for different services [52,58]. The
energy balance system takes into account various equations for each energy service
and their interplay, which is in line with the prevailing standards for assessing build-
ing energy performance. Usually, to calculate the energy demand for space heating
and cooling, three equations based on an iterative procedure between three ther-
modynamic systems (TSs) are used (in Figure 3): the opaque envelope, the glazing
components, and the indoor building spaces, which include internal partitions, hor-
izontal structures, air, the occupants, and the furniture [56]. Typically, the energy
demand for hot water production and electrical use is also incorporated into the
energy balance system.

Figure 3 presents some results of a typical process-driven energy model for residential
buildings [52,58]. The hourly energy demand of a building for space heating was calculated
by mainly considering the construction period, according to the materials and technologies
used, and the solar exposition and the geometry characteristics calculated with QGIS. For
a winter day, the graph of the results shows the heat flows that are considered in the
balance equations, with the power supplied by the heating system in red. The pick power
in the early morning was used to evaluate the built volumes that can be connected to
the district heating network [36], taking into account all the existing technical, economic,
environmental, and social constraints. On the right, the different components of the heat
fluxes are presented for the average monthly day to describe consumption variation during
the year.
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4.2.3. Hybrid Models

Hybrid modeling is an approach that combines the strengths of both data-driven
and process-driven modeling to achieve the best possible outcome. By leveraging the
computational efficiency of the former and the ability to elucidate the physical relationships
between the variables of the latter, hybrid modeling represents a powerful synthesis of
these two approaches [57]. Recent works demonstrate that hybrid models have better
performance, handling complex situations and unexpected trends with high accuracy [59].
For USBEM, the evaluation of geometrical data and the identification of typological features
can sometimes be imprecise (e.g., user profiles cannot be estimated with average data).
However, by using a process-driven model in conjunction with a supportive ML technique,
it is possible to select a range of variability for certain energy-related variables, thus allowing
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for better model calibration [56]. Alternatively, a data-driven model can be employed with
physical-based correlations introduced. For USBEM using a place-based approach, physical-
based modeling has more advantages in describing energy consumption due to its spatial
morphology dependence and its site-specific applications.

The proposed Hybrid model (Figure 4) is concerned with the following:

- Selection of process-driven model;
- The use of an ML algorithm can improve the accuracy of the results with the opti-

mized use of the energy-related variables and constant data in the energy balance.
Some of the most used ML algorithms are RF, GBRT, ANN, SVM, and GP [56,57].
The identification of their hyperparameters entails an overall good balance between
modeling performance and accuracy and simulation time.
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Figure 4 describes some of the results of hybrid modeling based on a process-driven
model and with a machine learning optimization algorithm that improves the accuracy of
the modeling [36,59,60]. The process-driven model is an hourly balance that considers all
thermal fluxes between the buildings and the external environment. The random forest
machine learning algorithm was used to train the model using an initial dataset of the
more energy-related variables and constants that could be improved to reduce the error of
the modeling [58]. The resulting graph compares the monthly energy consumption with
two different hypotheses using the datasets and considering two retrofit scenarios. The
representation map describes the characteristics of the heritage of the building in the city of
Fribourg, with its spatial distribution used for many purposes, such as identifying the en-
ergy efficiency level of the building and selecting the more convenient retrofit interventions
or energy-saving policies in each specific city.

4.2.4. Calibration

In order to ensure that the model accurately predicts energy consumption, it undergoes
a calibration process aimed at minimizing the differences between the predictions and the
measured data. This process can be manual or automatic, with the objective being to adjust
or modify the input data to reduce errors [59]. Manual calibration is very time-consuming
but can be driven by knowing the physical process, allowing the user to search, create, and
add other variables to the model. Automatic calibration uses an algorithm that is more or
less complex, using an iterative process that selects the more energy-related data, identifies
the range of variation of each variable, and mixes the order of the iterative process to obtain
the best results.

In order to evaluate the accuracy of the model, various error metrics are considered,
which may include but are not limited to the following:

- Mean absolute error (MAE) and mean absolute percentage error (MAPE): these
are calculated by the mean value of absolute error or the mean percentage of the
absolute error;

- Mean square error (MSE) and root mean square error (RMSE): mean square error is
the ratio between the sum of the square error and the number of data (the deviation
between the predicted result and the actual value, i.e., the variance). Its square root
allows for the evaluation of the standard deviation;

- R square and adjusted R square: R square is calculated via the ratio between the
mean square error and the total mean square error (it varies between 0 and 1, a bigger
value indicates a better fit); adjusted R square considers the number of independent
variables used.

ML techniques are also used to refine and improve the accuracy of energy models
through the adjustment of the input data in regard to the continuous output. It also allows
for the management of key energy-related physical and stochastic variables, assigning
confidence intervals and testing ranges to address the uncertainties of the model [61].
Some ML methods can also check the training–testing databases: k-fold cross-validation
(k-Fold CV), leave-one-out cross-validation (LOOCV), leave-one-group-out cross-validation
(LOGOCV), or nested cross-validation [62].

5. Conclusions and Remarks

Urban building energy modeling is strongly influenced by the availability of data. A
large amount of data is needed, and the completeness of any database is fundamental for
the accuracy of the model. At the territorial level, this means working on thousands of
buildings, with each of them having many data on different scales and levels of precision.
The data collection and preprocessing phases are often long, difficult, onerous, and some-
times impossible. As an example, data on energy consumption are often not open data due
to privacy problems and, therefore, are provided in an aggregated way and cannot be used
with a bottom-up model.
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The place-based approach can describe and represent energy-related parameters con-
sidering spatial specificities (e.g., climate and socio-economic conditions, urban forms, and
solar exposition) with high flexibility, adaptability, and scalability. The use of a Geographic
Information System (GIS) consents to identify the real use of energy due to the technical,
economic, environmental, and social aspects of a territory. The spatial component is funda-
mental in evaluating the energy use, energy-saving potential, and energy production of a
specific neighborhood to reach energy self-sufficiency. The flexibility of place-based model-
ing can be used to evaluate how retrofit interventions and low-carbon technological systems
can reduce local or global benefits by using an energy-economic-environmental-social point
of view.

There are various energy modeling approaches, each with its advantages and dis-
advantages that can affect the selection process. Process-driven models are dependable,
need less data, and have short simulation times. However, as they rely on heat bal-
ance equations, they necessitate a complete dataset to describe the physical phenomenon,
and they may not take into account stochastic aspects, such as human behavior or cli-
mate/technological anomalies.

Data-driven statistical models are widely used because they are user-friendly and
have fast processing times. Nonetheless, they are often limited to specific applications,
usually consider a limited number of building archetypes, and fail to capture complex
patterns. Machine Learning models can learn and identify the aspects that affect energy
consumption during the training phase, resulting in precise and fast predictions. However,
they may lack the ability to generalize and have limited adaptability and replicability.

Data-driven energy modeling has a point of weakness because it works by using a
provided geo-database and does not drive the researcher to look for other data, as is the
case when using process-driven models, where all the components of the energy balance
have to be accessed. Besides, they can explain stochastic phenomena better.

Hybrid models, which combine the advantages of process-driven and data-driven
models, are the most interesting ones and are widely used. These models utilize the robust
energy balance system of process-driven models and the data selection of variables and
constants through a machine learning optimization algorithm.

The results of these models, together with a place-based approach, make it possible to
create spatial representations and maps that can better explain how energy is used through
the superimposition of variables. The place-based approach consents to also consider
technical, environmental, and socio-economic constraints that can limit retrofit interven-
tions, the installation of clean technologies, and the adoption of policies in a territory; still,
policies can force sustainable development in some areas with fewer criticalities to achieve
an overall sustainability target in the territory.

The research on place-based USBEMs is still under development. The models have
already been applied to small, large, and medium-sized cities. These models have potential
applications of great interest, especially in the current energy, economic, and environ-
mental crisis. The place-based approach used in conjunction with the models discussed
in this paper enables researchers to create spatial representations and maps that consider
site-specific building characteristics, spatial variations within a specific area of a city, and
different scales. By utilizing all the available data, researchers can easily shift between
scales and compare different scenarios, enabling them to evaluate the impact of localized
interventions on a larger scale.
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