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ABSTRACT

Accurately assessing the energy consumption associated with public buildings and the services they provide is essential for
supporting sustainable infrastructure planning. This work presents an integrated modelling framework that combines machine
learning prediction of building energy use with a graph based representation of user mobility, allowing a comprehensive esti-
mation of total energy demand. The approach includes building operations, service related energy, travel by users and staff and
supply chain logistics. Building energy consumption is predicted through supervised models trained on a curated subset of com-
mercial facilities selected for their similarity to public service environments. Mobility is modelled using a synthetic geographical
network that encodes population distribution, available transportation modes, behavioural tendencies and relocation dynamics.
The framework is applied to a university reorganization scenario, exploring alternative facility configurations and varying de-
grees of remote activity. Results indicate that user travel is generally the dominant contributor to total energy demand, while the
importance of building energy increases as in person attendance decreases. Sensitivity analyses confirm the robustness of the
optimal configurations under different behavioural assumptions. We stress that this is not actually an optimization algorithm,
but a parameter sweep; in real situations, constraints may be applied, for instance for building availability, costs, opportunity
of sharing services or specific goals. The methodology is further demonstrated in a real healthcare application, where the pre-
dictive model enables reliable estimation of building energy use in the absence of direct measurements. Overall, the proposed
framework illustrates how data driven modelling and intelligent system techniques can support sustainable decision making for
complex public service infrastructures.

1 | Introduction

The transition towards sustainable and energy efficient infra-
structures increasingly relies on data driven methodologies
and intelligent decision support systems. Public buildings such
as universities, hospitals, schools, libraries and administrative
centers constitute complex socio technical environments where
energy consumption emerges from the interaction between

structural characteristics, operational dynamics, human be-
haviour and mobility patterns. As highlighted in recent stud-
ies, these components generate a multifaceted carbon footprint
whose assessment cannot be reduced to building level metrics
alone but must incorporate the broader ecosystem of activities
surrounding the delivery of services. This perspective aligns
with the current evolution of Expert Systems, where integrated
modelling, machine learning and knowledge based reasoning
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increasingly support evidence driven planning and sustainabil-
ity strategies.

Traditional approaches to energy assessment have often fo-
cused either on building simulation using physical, thermo-
dynamic or benchmark models or on mobility modelling,
typically through econometric or agent based frameworks.
While these strands of research have produced valuable in-
sights, they usually operate in isolation, failing to capture
the interdependencies between user behaviour, transporta-
tion networks and building operations. Recent data centric
techniques, particularly machine learning applied to large
repositories such as the CBECS dataset, have demonstrated
the feasibility of deriving predictive models capable of gener-
alizing across heterogeneous building categories. Similarly,
advances in intelligent mobility modelling, including probabi-
listic mode choice frameworks, graph based analyses and in-
creasingly AI driven behavioural models, have enhanced our
ability to estimate travel related energy consumption under
varying conditions.

However, despite these advancements, there remains a meth-
odological gap: few studies provide an integrated formalization
capable of jointly modelling building energy consumption, user
travel behaviour, relocation dynamics and operational factors.
Such integration is crucial for evaluating policy choices and
organizational decisions, such as opening satellite facilities, re-
structuring services or incorporating remote and hybrid modal-
ities. Decisions of this nature inherently alter both the spatial
distribution of users and the intensity of building usage leading
to nonlinear effects that cannot be captured by unidimensional
models. This represents a paradigmatic case in which intelligent
modelling frameworks can support strategic planning, scenario
analysis and sustainable system design.

In response to this gap, the present work introduces a unified
modelling framework designed to estimate total energy con-
sumption associated with service oriented public buildings. The
model formalizes the overall energy footprint as the combina-
tion of five components: building energy, operational energy,
user travel, worker travel and supply logistics. Building energy
consumption is estimated through supervised machine learning
models trained on a filtered subset of 1479 commercial buildings
from the CBECS survey Administration (2018), selected for their
similarity to public service environments. These models incor-
porate a rich set of structural, climatic and operational features,
enabling reliable prediction even in situations where direct me-
tering is unavailable or incomplete.

Complementing this, user mobility is modelled through a syn-
thetic geographical graph that captures town level population
distributions, availability of transportation means, probabilistic
behavioural parameters and relocation tendencies. This for-
mulation allows the system to represent complex behavioural
patterns including mode choice, travel frequency, seasonal vari-
ation and adaptive relocation and to couple them with changing
building demands. Such a combination embodies the principles
of an expert system: heterogeneous data sources are fused to
support inference, prediction and solution evaluation across
multiple interacting subsystems. Of course, we do not claim that
our system in its present form is an expert system, as it lacks

typical elements like a knowledge base, explicit rule reasoning
or explainable decision logic.

The proposed framework is applied to a hypothetical regional
university system, illustrating how different configurations sin-
gle site, dual site and various degrees of remote activity affect the
total energy footprint. Results show that user travel dominates
the energy balance in most scenarios, but that building energy
gains prominence as remote activity increases, demonstrating
the interdependence between behavioural and infrastructural
determinants. Furthermore, sensitivity analyses confirm the
robustness of the best configurations under variations of user
behavioural parameters, underscoring the model’s suitability as
a decision support tool for planning and policy design.

Finally, to demonstrate its applicability in real world conditions,
the methodology is contextualized through a pilot study assess-
ing the carbon footprint of prostate radiotherapy treatments at
a major oncological center. In this case, the predictive building
energy model allowed accurate estimation of departmental en-
ergy consumption despite the absence of direct metering, en-
abling a comprehensive evaluation of the environmental impact
of different radiotherapy schedules. The study highlights how
intelligent modelling frameworks can be embedded within en-
vironmental audits and operational decision processes, particu-
larly in domains where direct measurements are fragmented or
unavailable.

Overall, this work contributes to the field of AI technologies for
sustainability by proposing a modular, extensible and data driven
modelling architecture capable of integrating building analyt-
ics, mobility modelling, behavioural simulation and scenario
based inference. Such frameworks are essential for supporting
institutions and policymakers as they navigate the increasingly
complex landscape of sustainable infrastructure planning, car-
bon reduction strategies and service reorganization.

This paper is structured as follows: in Section 2, Related work,
we summarize methods and results in the field of evaluation
of energy consumption, including available data collections.
Moreover we discuss studies of mobility and organizational
changes that may have impacts on it and on CO, consumption.
In Section 3, Formalization, we formally describe our method. In
Section 4, Models, we describe models for building energy con-
sumption and user travels to exemplify our method; moreover in
Section 4.3 we discuss a real application. Finally, in the conclu-
sion we discuss our results and some future developments.

2 | Related Work

Recording and evaluation of energy consumption by public build-
ings have been considered from several different points of view.

We consider: open data collections, that can be used to build
models, descriptions of models and benchmark data for building
categories.

In Deru et al. (2014) data can be found about building construc-
tion, energy use, and other building energy attributes for a ref-
erence building of specific types with new (2004) construction
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in 16 climate zones throughout the United States. Among types,
we quote small offices, supermarkets, warehouses, apartments,
schools, hospitals, and so forth. In general, many features are
described in great detail, for instance for hospitals the build-
ing includes the whole structure, with beds, surgery, kitchens
and so on. Commercial Buildings Energy Consumption Survey
(CBECS) Administration (2018) contains data from surveys,
conducted in several years, about a large number of different
building types. For instance, the 2018 microdata file contains
6436 records. They represent commercial buildings from the 50
states and the District of Columbia. Each record corresponds to
a single response from an in scope building in the sample. The
sample represents an estimated 5.9 million total buildings in the
United States.

About models, we distinguish two main types: based on
collected data about existing buildings (like multilinear, re-
gressive, etc.) and based on mathematical models of specific
buildings, where the structures, rooms, materials used for
walls and roofs, heat dispersions, and so forth, are considered.
As an example of the first type, we quote Zaza et al. (2022),
that describes two regression models to predict energy costs
in public hospitals in Greece. One only contains hospital
structural data (number of beds, type of hospital, number of
employees and the non/use of alternative energy sources), the
second one also operational data from each hospital (num-
ber of the internal patients, number of surgeries and number
of medical imaging tests). Explicit models equations can be
found in the paper.

In Kapp et al. (2023) data from 45 different manufacturing
plants obtained from industrial energy audits is used to create
a supervised machine learning predictor of energy consumption
by industrial buildings. The model's feature to describe weather
include air enthalpy, solar radiation and wind speed; motor,
steam and compressed air system parameters for support equip-
ments contributions and operating schedule, production rate,
number of employees and floor area to determine production
dependency. Al-Shargabi et al. (2022) reviews buildings’ energy
consumption prediction models based on buildings’ characteris-
tics, considering the types of buildings, their characteristics, the
type of energy predicted, the dataset, the artificial intelligence
(AI) methods used for energy consumption prediction, and the
implemented performance measures. They show that most of
the studies use historical energy consumption data to predict
future buildings' energy consumption, and just a small num-
ber of studies consider buildings' characteristics as predictors.
As buildings' characteristics are considered values like the wall
area and thermal transmittance, the glazing area and orienta-
tion, the roof area and so on.

As an example of the second type, Grassi et al. (2009) describes
energy consumptions and building characteristics of two spe-
cific hospitals in Italy. Detailed models of both buildings and
their energy needs have been built, then theoretical results have
been compared to measures. In both cases all the hospitals' fa-
cilities have been included.

Several energy simulation tools commonly used to compute such
models have been compared in Del Ama Gonzalo et al. (2023),
showing that annual heating and cooling demands have a good

agreement among the programs, but more detailed data like
monthly and hourly demands are quite different from a tool to
the other. The models are very interesting, but complex; we do
not consider them in more details, as we are interested in more
generic analyses.

Coming to evaluations of energy consumptions, we quote
Hongting et al. (2017), that discusses and evaluates energy con-
sumption per unit area in public buildings, including hospitals,
in northern China. For instance, for hospitals average values are
86kWh /mq for power consumption (air conditioning, ventila-
tion, lighting, hot water, elevators, office equipment, etc.) and
194.64kwh / mq including natural gas or fuel for heating and
other uses. The paper reports also power consumption ranges
for China and other countries (US, UK and Japan). Energy
benchmarking indicators, using data of Italian private hospitals,
have been computed in Dadi et al. (2022) by ENEA. The aim of
the study is to compare energy use performances across hospi-
tals. The dependent variable is Energy Use Intensity = Energy
consumption/area; dependent variables are workers/mq, beds/
mq, cooling degree days, heating degree days. Two models are
described, for one of them there is a table with explicit regression
coefficients. Finally, some values of mean energy consumptions
for building categories can be found in statistical reports. For
instance the Piano Nazionale Integrato per I'Energia e il Clima
2029 Piano Nazionale Integrato per I'Energia e il Clima (2019)
states that on the averages power consumption for hospitals is
253kWh / mq, thermical consumption 385kWh (see p. 71), later
updated to 303 and 342, respectively. Similar values can be found
for other types of buildings.

Mobility is being extensively studied from several points of view.

Agent based models have been used in transportation mod-
elling to simulate activity and travel decisions at the level of
households and individuals also considering demographic
simulators to include a range of household and individual level
life cycle events (see Sun et al. (2025)). Urban networks have
been modelled to understand potential traffic issues, using for
instance macroscopic fundamental diagrams (MFD), a simple
yet powerful tool for modelling traffic dynamics with broad
application in traffic control and management; see for instance
Jin et al. (2024), where machine learning methods have been
applied to predict the MFD. Energy consumption and impacts
on environment have been considered in Long et al. (2013),
where special attention has been paid to the land use pattern.
In Wang et al. (2024) graph neural network techniques and
travel mode choice behaviour have been used to predict acces-
sibility time and road network distance of traffic travel mode.
Urban mobility is studied taking into account temporal and
spatial dynamics, considering that the travel mode choices
(e.g., private cars, buses and subways) have become increas-
ingly diverse. Xiong and Zhang (2017) studies how to model
travel mode choice in a more comprehensive way than just
relating it to static factors like vehicle ownership, availabil-
ity of public transit and transit fare. The authors argue that
mode choice behaviour has been traditionally modelled by the
econometric theory of random utility maximization, assuming
that an individual's travel mode choice is determined by the
indirect utilities of each alternative mode and the individual
can choose the one with the highest utility level. Accordingly,
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they propose a conceptual framework to model the travel
mode searching and switching dynamics and introduce em-
pirical evidences which can be employed to demonstrate the
proposed model. Departure time choice, in addition to mode
switch, has been considered by the agent based model of Zou
et al. (2016), based on imperfect information. Travellers accu-
mulate experiences and increase their knowledge through a
Bayesian learning process. Before making a trip, they decide
whether to search for alternative departure time and travel
mode according to their expected search gain and cost.

Another strand of research studies the use of alternative ener-
gies by the future transportation system. Tools used to repre-
sent and model future mobility systems and their interactions
with other energy systems have been described for instance in
Muratori et al. (2020).

As an example of application, we quote the evaluation of the
impact of changing radiotherapy protocols, from one imply-
ing a standard number of sessions to another using a reduced
number of sessions (with higher intensity). The resulting en-
ergy consumption changes have been considered for instance
in Lichter et al. (2024) and Exeli et al. (2025); a review can be
found in Volpe et al. (2024). More in general, the environmen-
tal impact of virtualization in medicine, or telemedicine, has
been considered in Sillcox, Gitonga, et al. (2023) and Sillcox,
Blaustein, et al. (2023) for preoperative evaluations, in Parker
et al. (2025) for orthopaedical care, in Patel et al. (2023) for
visits of patients with cancer and reviewed in van der Zee
et al. (2024).

Organizational changes in universities that may lead to re-
duce CO, emissions have been considered for a long time
(see e.g., Wolf et al. 2011) and the diffusion of remote classes
during the COVID-19 pandemic gave particular impetus
to these studies (Silva et al. 2021). Green business manage-
ment has been investigated in several sectors, for instance
banking (Beliajeva (2024), Kuosuwan et al. (2024), Zahid
et al. (2021)). Finally several papers evaluate the impact of re-
mote working on carbon emissions, for instance Modin and
Sjostrom (2022), that considered the habits of the employees
at the Royal Technical Institute in Stockholm, Sweden; and
Shi et al. (2023) that explores the building related emissions
from teleworking in England using data from the UK Energy
Performance Certificate (EPC) database over the period 2008
to 2022. A building energy model is used to estimate the ad-
ditional emissions associated with different patterns of tele-
working, including variations in heated area and internal
temperature. Results are combined with a separate set of es-
timates of the transport related emissions. It is interesting to
observe that, considering both transport and domestic build-
ing emissions, English teleworkers have significantly higher
emissions than non teleworkers. These findings show that
factors not commonly taken into consideration should be
included in the analyses, for instance teleworkers may take
more non commute trips on the days when they are working
from home and may use more energy within their home.

In general, the quoted studies consider all or part of the fol-
lowing sources for the carbon footprint: (a) travels of users, (b)
travels of staff, (c) energy used to deliver specific services, (d)

consumables and accessories, (e) building energy consump-
tion. The building energy is taken into account considering the
building configuration as fixed; for this reason in some cases
it is just neglected when comparing the impact of in presence
and remote working. For instance, Modin and Sjostrom (2022)
states that ‘energy may continue to be used for office heating,
lighting and ICT even when the teleworker is not there’. On the
contrary, our models study how a building reconfiguration may
lead to different energy consumptions, both because building
usage and occupied area may be reduced and because creating
branches may change the travel habits of users. About travels,
in our examples we consider only users, but a second model of
the same type may be added to take into account, with suitable
parameters, the staff travels too. We do not consider energy used
to deliver the services themselves, consumables and accessories
because we describe a general model, not having in mind any
specific application. We note that, once the services are defined,
the needs for consumables and raw material can be described.
At this point one can easily add the energy consumption for de-
livering them from the suppliers locations, using a third travel
model similar to the user travel model. Finally, we quote some
points that might be added to our model, and that we will con-
sider for future work. First, it would be interesting to study how
external factors may have an impact on energy consumptions.
For instance, adding public transport lines, lowering their cost
or making accommodation available close to universities and
hospitals for users may change their travel habits. Moreover, in
many cases the impact of alternatives should be studied more
in depth. For instance some of the cited studies considered the
extra consumption for communication and for home heating
and cooling related to teleworking; also travelling habits may be
different for remote workers and students, who can have more
time at disposal for leisure trips. The subject may heavily depend
on the specific kind of virtualization; for instance remote stu-
dents living in family houses may have less impact on buildings’
heating and cooling than young workers living by themselves.
Dedicated data should be collected to substantiate the analysis
of users’ behaviour and its impact on energy consumption. It is
worth noting, anyway, that the service buildings consumptions
that we analysed in the present study is just a piece of the whole
picture. Probably such considerations do not apply to users of
services requiring little time, like visits of patients that may be
done virtually, therapies whose number may be reduced or bank
services that may be delivered remotely.

3 | Formalization

We study the total energy consumption, that can be converted
to carbon footprint, related to buildings that have massive vis-
itors, typically because they offer some services. In general,
we have:

Eypt = Eyyi + Egpe + Eye + E

usr wkr + Esup (1)
where E,, is the total energy consumption; E,; is consumption
related to the building itself; E,,. is energy consumed by op-
eration of devices needed for the specific service provided, for
instance servers for a data center, machines for manufacturing
plants, and so on; E,, is energy consumed by users to travel
from their locations to the building and E,,,, is the analogous for
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workers; finally, Eg,, is energy needed to carry needed materials
to the building.

E,, must be estimated on a case by case basis and it is difficult
to define a priori on which variables may depend, apart from
the volume of the activity. For the other components we can de-

scribe some general features.

E,,; is due to heating, cooling, lighting, escalators and elevators,
and usual office appliance. We have:

E,,=FA,U,2Z2) @)

where A is a set of variables depending on the architectural
features of the building, like surface, number of floors, type of
heating and cooling systems, materials used and so on. U is a set
of variables related to the building usage, like days and hour of
operation, percentage of surface used, average number of work-
ers and users, and so forth. Z is a set of variables related to the
climate zone of the location, like heating degree days, cooling
degree days, daily hours of light and so on.

E\ygr Egie and Eg, all depend on the geographical distribution
of the involved category of entities, on the availability of trans-
portation means and on the likelihood of choosing one among
them. We describe the case of E,, as an example. We have:

E, = F(G,P,E) €)

where G is a graph representing the distribution of users and
the transportation means, P a set of probabilities describing the
users behaviour and E expected travel frequency. G has nodes N
and edges E:

G = {N,E} @

the set N represents the location of the users and of the
building(s):

N ={N,,N,} )

each node has as attributes its geographical coordinates and the
number of potential users of the services provided at the build-
ings. Other attributes depend on the nature of the situation, for
instance if it is likely that some users may relocate near to the
buildings to use the services, the life cost may be considered as
a node attribute.

Edges must link each node of type N, to all nodes of type N;;
virtual edges of each N, with itself must be considered as users
may reside in the same location as a building; edges between
nodes of type N, are in general not required. Each link has a
set of attributes, that should include: distance and travel dura-
tion using own means such as cars; distance, travel duration
and frequency using each other available public transporta-
tion mean. Travel cost for each transportation mean can be
also considered.

P, the set of probabilities describing the users expected be-
haviour, is the set:

P={PyP,} ©

where P,,, is the probability that users chooses transport mean tm
given the available means at their location, and travel cost and du-
ration; P, is the probability that users choose to relocate near to
the building's location, given time or cost of travelling in a suitable
period, for instance 1 month, and the life cost at the new location.

Finally, E is the expected users' travel frequency. It may be
constant and the same for all users or vary with time; in many
cases it depends on some features of users or of the applicable
services. For instance, for universities and schools it may vary
with months due to vacation and with the attended year of
the course; for hospitals may depend on the therapy type and
So on.

We note that, depending on the building's activity, some ad-
dends in 1 may be negligible; for instance in case of offices en-
ergy needed by devices for the specific service E,,, may be very
small. On the contrary, in a manufacturing plant no external
users are expected, so that E,, may be neglected.

Obviously, evaluation of potential users at the graph nodes,
probabilities P and travel frequencies E are not known with
certainty; they must be estimated based on statistical consider-
ations or submitting questionnaires to a sample of the popula-
tion. It may be advisable to run the models repeatedly with a
range of values of these parameters.

Another important point is time dependence, that can be two-
fold. On one side, we have periodic effects, that is seasonality:
on some seasons or months there can be more or less user af-
fluence, need of the provided services, need of heating, cooling,
lighting and so on. In some cases considering averages over pe-
riods gives an acceptable approximation, in other situations one
has to explicit compute:

E(year) = =N E,(period;) (7)
assuming that the main reference period is 1year, as usual.

Energy consumption can also vary with time in a non periodic
way, for instance because the volume of provided services in-
creases or decreases, or else because some changes happens in
the buildings, in the way services are provided, in the transpor-
tation network, and so on. All this boils down to some changes in
the model parameters, so that energies before and after changes
may be compared. The same applies when one wants to check
different hypothesis of the system configuration in the system
planning phase.

4 | Models
4.1 | Building Energy Consumption

We computed models of buildings energy consumption using
data from Administration (2018). We selected building activ-
ities related to offices with some resident clerks and external
customers, namely from the following categories (numbers
refer to the database codes for categories): 3: ‘Bank/other fi-
nancial’, 5: ‘Medical office (non diagnostic)’, 14: ‘Grocery
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TABLE1 | Building characteristics by primary building activity.

Area (m?) Workers
Code Building type N Mean Std Min Max Mean Std Min Max
3 Bank/other financial 39 19,553 40,993 167 157,935 549.7 1351.1 4 7500
5 Medical office 40 2262 3723 102 15,608 35.5 59.9 1 225
14 Grocery store 38 6596 6596 163 27,871 43.6 36.7 1 125
16 Fire station 32 4143 9097 279 45,522 29.9 60.1 0 250
18 Medical office 83 4011 6289 158 33,910 95.2 207.5 2 1100
19 Clinic/outpatient 134 11,392 14,919 181 92,903 216.0 333.9 2 2500
22 Entertainment 91 20,636 35,727 139 195,096 77.1 165.2 0 800
23 Library 43 14,362 14,136 93 46,452 41.2 38.3 1 143
27 College/university 153 16,905 20,343 149 139,354 130.3 230.5 2 1500
28 Elementary school 218 6637 3887 93 20,903 58.5 41.1 1 300
29 High school 264 21,413 16,588 111 167,225 124.7 100.7 2 700
31 Other classroom 39 6783 8981 149 46,452 42.7 63.1 2 300
44 Post office 20 12,815 31,806 98 139,354 101.8 170.4 1 750
52 Courthouse 47 28,455 29,996 557 157,935 248.7 155.1 9 500
54 Middle school 141 12,493 5788 358 39,019 88.5 51.7 4 314
55 Multi-grade school 97 13,572 9931 139 55,742 102.8 84.0 6 504

store/food market’, 16:’Fire station/police station’, 18: ‘Medical
office (diagnostic)’, 19: ‘Clinic/other outpatient health’, 22:
‘Entertainment/culture’, 23: ‘Library’, 27: ‘College/university’,
28: ‘Elementary school’, 29: ‘High school’, 31: ‘Other classroom
education’, 44: ‘Post office/postal center’, 52: ‘Courthouse/pro-
bation office’, 54: ‘Middle/junior high school’, 55: ‘Multi grade
school (any K-12)".

We obtained a dataset of 1479 records.

As features, we used: Total area, Number of employees, Climate
zone, electricity for cooling, Operating hours, Number of com-
puters, Number of printers and copiers, and so forth, Number
of elevators, Number of escalators, Number of floors, Months of
use, Year of construction, Occupancy percentage, Heating per-
centage, Main heating type, Cooling percentage, Number of X-
ray machines, Number of CT scan machines, Number of MRI
machines, Number of linear accelerators, Number of laboratory
equipments, Lighting hours percentage, Heating degree days,
Cooling degree days, Primary Building Activity Detailed code,
Primary Building Activity.

Table 1 contains descriptive statistics of our training dataset for
building surface and number of workers and Table 2 for electri-
cal energy and fuel used for heating.

The models we trained predict: Electricity consumption,
Natural gas consumption, Fuel oil consumption and Major Fuel
consumption.

We computed a Random Forest model and a Gradient Boosting
model using 80% of our CBECS extracted data for training and

20% for testing; the R2 score on testing was 0.636 and 0.718, re-
spectively. The models are generic, as the dataset includes build-
ings very different from each other, for instance they have a large
range of energy consumptions, from 0.5MWh to 50,000 MWh.
Therefore, to apply the models to specific situations a specific
tuning of hyperparameters and feature engineering is advised.
Such tuning should be performed using a (possibly small) set of
buildings very similar to the targets.

Figure 1 shows a comparison of the top 10 most important fea-
tures for the models.

As an example of application, Figure 2 shows predictions of elec-
trical energy for cooling and appliance (left panel) and natural
gas for heating (right panel) for a university or college building
in function of the number of students. As the training datasets
did not contain user numbers for all the building types, we in-
creased other features proportionally to the students number to
generate the data: for each 1000 students increase, total area was
increased by 500 square meters, number of workers and of com-
puters by 5, number of other devices and laboratory equipment
by 1; for each 5000 students increase we imagine to add a new 5
floor small building with 2 new elevators and escalators. Such
hypotheses are intended to create data to simulate models ap-
plications, in real cases actual data should be available. For both
energy types, predictions obtained by a gradient boosting and a
random forest method and their average are shown.

We stress that our University buildings example described in
the following sections is illustrative and does not refer to any
specific situation or country. On the contrary, as the real exam-
ple described in Section 4.3 refer to a concrete example situated
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TABLE 2 | Energy consumption by primary building activity.
Electric (kWh) Non-electric (kWh)
Code Building type N Mean Std Min Max Mean Std Min Max
3 Bank/other 39 2,863,581 6,091,189 18,796 30,822,496 508,750 1,313,589 0 7,405,756
financial
5 Medical office 40 411,500 926,732 4678 5,031,914 97,255 224,628 0 1,150,952
14 Grocery store 38 2,758,291 2,323,643 52,286 10,632,788 1,243,728 1,384,079 0 4,981,096
16 Fire station 32 622,663 1,369,658 16,574 6,817,606 443,173 1,016,046 0 4,177,868
18 Medical office 83 871,695 1,594,698 4821 7,588,600 249,160 847,328 0 7,036,721
19 Clinic/ 134 2,507,551 3,724,038 16,825 23,765,826 1,064,992 2,119,072 0 14,421,094
outpatient
22 Entertainment 91 3,625,031 7,551,940 488 49,453,898 2,120,309 6,152,470 0 42,130,661
23 Library 43 1,877,698 1,735,674 6123 6,628,091 763,088 1,863,508 0 9,755,904
27 College/ 153 2,570,173 3,392,204 15,712 27,831,287 1,142,505 2,184,229 0 11,421,695
university
28 Elementary 218 601,562 432,871 5729 2,429,559 606,138 685,944 0 4,046,424
school
29 High school 264 2,090,459 1,729,640 4927 9,398,721 2,173,698 2,907,576 0 27,835,068
31 Other classroom 39 633,344 959,119 4496 4,778,328 752,973 1,349,418 0 6,967,925
44 Post office 20 2,108,788 4,928,169 4091 21,161,622 673,752 1,576,938 0 6,722,849
52 Courthouse 47 3,029,536 2,973,966 78,150 13,399,713 1,599,995 2,173,087 0 8,919,316
54 Middle school 141 1,147,703 696,391 77,955 4,058,749 1,268,008 1,284,631 0 8,241,338
55 Multi-grade 97 1,087,203 856,261 6389 3,937,123 1,399,930 1,599,655 0 6,712,675
school
Top 10 Feature Importances Comparison
0.6 4 3 B Random Forest
I Gradient Boosting
0.5 1
0.4
Q
g
©
E 0.3
-3
E
0.2 1 5
0.1 E 2 ™ m
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FIGURE 1 | Feature importances for SQMT (area), NELVTR (number of elevators), NWKER (number of workers), WKHRS (operating hours),

CDD65 (cooling degree days), PBAPLUS (building activity), NESLTR (number of escalators), YRCONC (year of construction), HDD65 (heating de-
gree days), PCTERMN (number of computers).
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FIGURE2 | An example of energy consumption prediction for university/college buildings in function of the number of students.

TABLE 3 | Italian climate zones and their buildings.

Zone Degrees day Buildings SQMT

A Up to 600 148 173,490

B Between 601 and 900 22,515 23,421,687

C Between 901 and 1400 84,233 83,915,666

D Between 1401 102,264 95,050,723
and 2100

E Between 2101 206,451 125,487,887
and 3000

F More than 3000 19,119 13,231,516

in Italy, some discussion is in order. First, we note that, in the
buildings we had to estimate, the medical devices contribution
are know separately and the bigger ones, like accelerators, are
built and shielded so that they do not need specific cooling. For
these reasons, even if dedicated to Radiotherapy and Proton
therapy, the energy needs related to heating, cooling and illu-
mination could be considered analogous to any generic offices
open to the public. Our training dataset features include medical
devices like ct scans, X ray machines and so on, that may be
present or not in the sample buildings, so we were able to use
the model to predict the energy consumption of the buildings
without their medical instrumentation.

Second, we compared heating degree days and cooling degree
days of the buildings to predict to the content of the training
dataset and checked they fit the proper climate zone.

About the fitting of the computed data with the Italian situa-
tion, we note that the resulting average intensities computed
by the two models for the final configuration in Figure 2 are
256kWh /sqmt year for electricity and 123.6kWh /sqmt year
for natural gas. They can be compared to values reported
by Piano Nazionale Integrato per I'Energia e il Clima (2019)
for offices in northern Italy, as we used cooling and heating

degree days for such region, that are 155 and 102kWh /sqmt,
respectively.

Moreover, the Italian territory spans six climate zones, with dif-
ferent office buildings distribution. In the quoted report, we find
the data summarized in Table 3.

For a sample of buildings for each zone, we computed the electri-
cal energy consumptions with our models, then made weighted
averages for zones in Northern, Central and Southern Italy. We
obtained 158 kWh /sqmt year for Northern Italy, 105kWh /sqmt
year for Central Italy and 99.6kWh /sqmt year for Southern
Italy, that must be compared respectively to 155, 109 and
116kWh /sqmt year reported by Piano Nazionale Integrato per
I'Energia e il Clima (2019). As we had to use the model to pre-
dict the electrical consumption of a building located in Northern
Italy (see Section 4.3), such agreement seemed satisfactory.

4.2 | Users Travels

The range of complexity of models of users travel is very large.
Simplest models may consist of spreadsheets where distance
bins are related to percentages of users choosing to travel by
bike, car, train, bus and so on; detailed potential user location
may be used, together with actual availability of public trans-
portation, time tables, time and cost of travel by mode; seasonal
effects may be considered to make the model more and more
complex and realistic.

Model features also heavily depend on the size of the catchment
area of the service: for a bank office it may consist of just some
blocks, but for a high school it may be larger, maybe the whole
city; on the other hand for a university or a hospital it may in-
volve a region or even the whole state, in such cases users may
also consider relocation instead of travelling.

In all the cases, the model must consider two types of data: the
first is structural and consists of the population geographical
distribution, the transportation network structure, time and cost

8 of 16

Expert Systems, 2026

85U801 SUOWWOD) BAIERID 3(dedl|dde sy Aq peuienob ae Ssppie YO ‘8sn Jo SainJ 10 Akiq 1 8UlJUO AB]1M UO (SUOIPUOD-pUe-SUWLBY WD A8 |1 Aeiq Ut |Uo//Sdiy) SUOTIPUOD pue swie | 8u18es *[9202/70/y2] Uo AleiqiTauliuo As|IM * oue|i Id eISBAIUN - [NV 1138 OB A AQ 99202 ASX8/TTTT 0T/I0p/W00 A8 | AReiq Ut |uoy/Sdiy wolj pepeojumod ‘9 ‘9202 ‘v65089%T



University Network: User Distribution and Transport Connections

Y coordinate (km)

mmm Major City
mmm Minor City
Town
=== Train Connection
Car Connection

Node size « User Potential (Population x User Fraction)

X coordinate (km)

FIGURE 3 | The synthetic geographical network of towns surrounding the university locations.

of travelling and so on. The second type of data describes users
choices and cannot be known with certainty; they must be either
deduced statistically or submitting questionnaires to a sample of
actual or potential users.

Likely, in real cases one will use simplest models with statis-
tical data when general landscapes at early planning stages
and refine models with more and more realistic data while
proceeding.

We will describe a general procedure, that can be tailored to any
level of detail and size. For the sake of clarity, we will focus on
the example of a regional university with a middle size catch-
ment area, using synthetic data. We will apply the model to
evaluate which consequences on energy consumption may have
splitting into two branches and/or to making remotely available
part of the didactical activity.

As detailed in Section 3, we describe users locations using a
graph, whose nodes are towns; two nodes are chosen as po-
tential university locations and every town is linked to both of
them. Nodes attributes include: latitude and longitude, popula-
tion, estimated fraction of population that might become user,
monthly life cost. Link attributes include: distance by car, dis-
tance by train if available, daily train frequency, train travel du-
ration, daily bus frequency, bus travel duration.

We observe that this graph can be considered a middle level
approximation: even if stores some details about travelling,
it does not contain data about average car travel duration and
cost, seasonal or within the day changes in public transportation
frequency and so on. Moreover, for our simulations, we gener-
ated a graph of 100 towns; as a region can have up to thousands
towns, we may think of our nodes as aggregations of small ad-
jacent towns sharing a railway or bus station. The situation is
illustrated in Figure 3: the Main cities are the town with poten-
tial university locations; the other town sizes are proportional
to potential users. The university are reachable by all the towns
at least by car (grey links); red links show that also a train con-
nection exists.

The model computes the total energy (buildings + travel) in
a loop changing the user distribution between locations from
(60000, 0) to (0,60000) in steps of 1000. When users are shared
between locations, each one will have mainly users from nearby
towns, that is: higher probability to go to the location whose
distance is the least, proportional to the distance difference.
We suppose that users travel to university 5 days a week for 8
months/year (September to November and January to May),
3 days a week for 3 months/year (December, June and July),
never in August. Each user can travel by different means (car,
bus, train). Users living in the university location travel by bus
or walk (random choice). Each user has a probability to travel
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by car if public transportation time (the least between bus and
train) is greater than 1h, the longer the time the higher proba-
bility. If the monthly travel time (go and back times the num-
ber of weekly trip of the month) is greater then 40 h the model
assign the user a probability to relocate to his university town
for such month; after relocation he behaves as if living there;
the relocation probability is higher for the location with lower
life cost. All parameters and probabilities are adjustable, as the
energy consumption estimates for each transportation mean.
As the aim of the present simulation is to illustrate the method,
not to yeld accurate results, we will not try to tune the parame-
ters; we will limit ourselves to show how they may influence the

TABLE 4 | Energy factors, assumptions and conversion parameters.

main results. Actual fine tuning should be done with specific
cases and data at hand.

Table 4 shows energy factors, assumptions and conversion pa-
rameters used in our computations. Per-passenger energy con-
sumption factors were derived from literature values combining
vehicle energy consumption and typical occupancy rates. Car
consumption assumes 0.6 kWh/km vehicle consumption with
1 passenger per vehicle occupancy for commuting trips; such
estimate considers a typical gasoline vehicle consumption of
7L/km and a standard gasoline energy content of 8.9 kWh/. For
buses we considered 40L/100 km fuel consumption x 10 kWh/L

Factor/parameter

Value

Source

kgCO,e /kWh

Car energy consumption
Car occupancy

Bus energy consumption
Bus occupancy

Train energy consumption

0.236 kgCO,e/kWh
0.6 kWh/Km per passenger
1 passenger
0.15 kWh/Km per passenger
26 passengers

0.05 kWh/Km per passenger

Italian electricity grid
Car manufacturers
Hypothesis
Bus manufacturers
Hypothesis
Bruno et al. (2015)

Train occupancy 140 passengers Hypothesis
Total Energy Consumption vs Student Distribution Energy Intensity vs Distribution
== Total Energy
—=— Building Energy 1.84

o

o

S
L

= Transport Energy

o 3
=] S
L L

Annual Energy Consumption (GWh)
IS
8

S
S
L

g I g =
o N ES o

Energy per Student (MWh/student/year)
o
©

13.54

13.04

12.54

Building Energy (GWh)

12.04

11.51

0 10000 20000 30000 40000 50000 60000 0 10000 20000 30000 40000 50000 60000
Students at Location 2 Students at Location 2
Total Building Energy vs Distribution Student Relocation Rate vs Distribution
—e— Total Building Energy 704 All Students (%)
=== Eligible Students (%)
60 -
= 50+
()
I
©
& 40
c
2
©
O 30
o
[
o

N
o

10 1

T T T T T T
0 10000 20000 30000 40000 50000 60000
Students at Location 2

FIGURE4 | Anexample of the model result.

T T T T T T
0 10000 20000 30000 40000 50000 60000
Students at Location 2

10 of 16

Expert Systems, 2026

85U801 SUOWWOD) BAIERID 3(dedl|dde sy Aq peuienob ae Ssppie YO ‘8sn Jo SainJ 10 Akiq 1 8UlJUO AB]1M UO (SUOIPUOD-pUe-SUWLBY WD A8 |1 Aeiq Ut |Uo//Sdiy) SUOTIPUOD pue swie | 8u18es *[9202/70/y2] Uo AleiqiTauliuo As|IM * oue|i Id eISBAIUN - [NV 1138 OB A AQ 99202 ASX8/TTTT 0T/I0p/W00 A8 | AReiq Ut |uoy/Sdiy wolj pepeojumod ‘9 ‘9202 ‘v65089%T



energy content 26 passengers =0.15 kWh/km per passenger. For
trains we consider 7 kWh/km electric consumption for 140 pas-
sengers (50% occupancy of 280-seat regional train)=0.05 kWh/
km per passenger; see for example, Bruno et al. (2015).

Figure 4 shows an example of the model output. In all the
plots, x axis displays the capacity of the facility at location 2
in terms of number of students. The plot at top left shows the
travel, building and total energy consumption; it is evident that
travel energy predominates. Top right plot shows the average
energy per student and bottom left the building energy; we did
not make any hypotheses on how to selectively split the build-
ings, so the plot is symmetric. Finally, bottom right plot shows
the percentage of students who relocate, both compared to the
whole student population and to the students eligible for relo-
cation according to our hypotheses, on the average 6.1% and
58.5%, respectively.

According to our hypotheses, the best configuration is found
for 52,000 students at location 1 and 8000 at location 2, with a
34.9 GWh consumption, that must be compared to 46.1 GWh for
the location 1 only configuration and to 111.7 GWh for the loca-
tion 2 only configuration.

We now consider how remote learning can change the scenario.
We start with the situation with no remote activity and loop add-
ing more and more remote activity. At each iteration we recom-
pute the whole locations evolution related to moving students
to location 2, adding each time 10% more randomly chosen
students not travelling for 2 weeks out of 4 each month. When
we reach 100% of students we print plots of the situation and
the best configuration, considering that some university may
choose not to go beyond 50 % remote activity. Then we go on with
iterations, changing for each iteration each month the behaviour
10 % more randomly chosen students so that they do not travel at
all. When the average number of students at a location decreases
by 5000, we decrease its area by 2500 square meters, employees
and computers by 25, other devices by 5, elevators and escalators
by 2. This considers that when the number of students attending
in person drops, teachers and employees can work remotely too
and a small building can be freed. If presence drops to zero to

Building Energy vs Remote Activity
(Averaged across all distributions)

a location (but the location is supposed to be there), we use the
smallest energy entry, as for 1000 students.

Some interactions between changes is expected, as travel will
in general decrease, but some far students may decide not to
relocate if their travel frequency drops under some thresholds.
Moreover, buildings consumption may gain relative importance
when travel number decreases.

With our assumptions, for 50 % remote activity the best configu-
ration is with 55, 000 students at location 1 and 5000 at location
2. In this case total energy consumption is 23.1 GWh per year,
8 GWh for buildings and 15.1 GWh for travels. Increasing remote
activity further decreases energy consumption, with the obvious
result that the less consuming scenario is fully remote with just
one minimal location. This, however, does not take into con-
sideration some aspects that may be important for their envi-
ronmental impacts: for instance remote students may increase
both heating, cooling and electricity for devices at home and
consumption for remote communications; public transportation
may not reduce their trips proportionally to students reduced
travel needs, so that generated pollution could be not decrease as
expected. We however neglect such difficult to evaluate effects.

The models results are illustrated in the following figures.

Figure 5 shows the effects of increasing remote activity percentage
(percentages between 0% and 100 % refer to partial remote activ-
ity, that is when students go to the university locations 2weeks a
month; percentages greater than 100 % mean that all the students
are partially remote and the percentage exceeding 100 is fully re-
mote). Data are averages for all the population shares between the
location, given a remote activity percentage. As expected, building
energy, relocation rate and travelling expenses decrease.

Figures 6 and 7 show how total energy and relocation rate
change under the effect of increasing remote activities and mov-
ing student population from one location to the other.

Finally, we show how the influence of hypotheses on the users'
behaviour can be taken into account. As stated above, we will

Transport Energy & Relocation vs Remote Activity
(Averaged across all distributions)
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Total Energy Consumption vs Distribution and Remote Activity
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FIGURE 6 | Total energy in function of remote activity percentage and population share between locations.
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FIGURE 7 | Relocation rate in function of remote activity percentage and population share between locations.

not try to perform a fine tuning of the parameters; we will only
check if results are robust against parameters changes. We will

limit ourselves to the situation with no remote students and will values is computed with:

Relocation Rate (%)

2.5

analyse the stability of the best configuration found with 52,000
students at location 1 and 8000 at location 2. At this end, a grid of
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1. 50,000, 52,000 and 54,000 students at location 1, the re-
maining at location 2

2. 45 min, 1 and 1.5 h as thresholds of public transportation
duration to generate a probability of using private car

3. 40, 50, 60 and 70 monthly travel hours to generate a proba-
bility to relocate

Results show that the best configuration is stable within the
parameters range; Figure 8 shows the energy consumptions of
the students distributions, varying the thresholds of relocation
and car usage. As expected, consumption decreases increasing
the car usage threshold (as users travel more often by public

Energy Consumption vs Parameters
All Distributions Combined

@ 50k/10k Distribution
® 52k/8k Distribution
® 54k/6k Distribution

FIGURE 8 | Energy consumption versus relocation and car usage
thresholds for three students distributions. Red points refer to the best
configuration.
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transportation) and increases with relocation threshold (as users
more often choose to travel instead of relocating). Red points,
representing the best configuration, are always the lowest ones,
confirming stability of the solution.

The same results is illustrated by the heatmaps of Figure 9, that
show for which combinations of parameters the best configura-
tion is more convenient.

4.3 | A Real Example

The present methodology was used in a pilot study estimating
the carbon footprint of radiation therapy (RT) treatments.

The growing concern about rising CO, levels and the urgent
need to reduce the environmental impact of healthcare, which
accounts for an estimated 4.4 % of total European carbon emis-
sions. As cancer care represents a major component of health-
care activity and more than half of cancer patients receive RT
understanding the carbon footprint of RT has become a priority.
Carbon footprint analysis quantifies greenhouse gas emissions
across the full treatment pathway, offering a tool to identify high
impact contributors and guide sustainable clinical practices. In
parallel, the increasing adoption of hypofractionated schedules
(delivering a higher dose per fraction over fewer treatment ses-
sions), has emerged as an alternative to conventional schedules.
This approach shortens the overall treatment time and can re-
duce patient burden while maintaining clinical efficacy.

In this context, a pilot study considering 100 prostate cancer
RT treatments was carried out at IEO (European Institute of
Oncology, IRCCS, Milan, Italy), within the MUSA—Multilayered
Urban Sustainability Action—project, funded by the European
Union—NextGenerationEU, under the National Recovery and
Resilience Plan (NRRP) Mission 4 Component 2 Investment Line
1.5: Strengthening of research structures and creation of R&D ‘in-
novation ecosystems’, set up of ‘territorial leaders in R&D’.

The analysis included 50 patients who underwent moderate
hypofractionated RT (26 fractions, with one daily fraction, 5
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FIGURE 9 | Heatmap highlighting differences in energy consumption between the best configuration and the alternatives, depending on the

parameters values.
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fractions/week) and 50 extreme hypofractionated RT (5 frac-
tions, with fractions delivered every second day). All treatments
were administered on the out patient basis. For each patient, the
RT-related carbon footprint was calculated and differences be-
tween the two schedules were analysed. The calculated carbon
footprint incorporated the following contributors: patient travel,
LINAC energy consumption, diagnostic imaging, paper usage,
personal protective equipment, and finally building energy
use. Travel habits were validated submitting questionnaires to
patients.

In particular, the use of a predictive model for building electric-
ity consumption was needed because the RT department's en-
ergy use cannot be directly metered, as it is embedded within
the hospital’'s main building. To derive a reliable estimate, a ma-
chine learning model was constructed, trained on 1479 commer-
cial buildings from the US CBECS dataset, selecting categories
similar to an outpatient/office environment. Multiple structural
and operational features were included such as floor area, oc-
cupancy, equipment, climate zone and operating hours and
Random Forest and Gradient Boosting models were trained and
tuned. After refinement, the Random Forest model achieved
strong predictive accuracy (R? = 0.728) and reproduced the mea-
sured energy consumption of the institution's Proton Therapy
building with only a 1.8 % error, validating its use. When applied
to the RT department, the model estimated an annual consump-
tion of 790 MWh, corresponding to 23.58kWh per fraction, sub-
sequently converted to CO,e using the Italian electricity grid
emission factor.

The study found a median carbon footprint of 847kgCO,e per
patient for moderately hypofractionated RT and 379kgCO,e for

extremely hypofractionated RT, corresponding to a 55% reduc-
tion. Across the cohort, patient travel emerged as the dominant
source of emissions (90%), followed by building energy con-
sumption (7%), while all other contributors represented less
than 3%.

Overall, the study demonstrates that extreme hypofractionation
represents a clinically validated and environmentally effective
strategy to reduce the carbon impact of RT. It also illustrates
how building energy predictive models can be integrated into
environmental assessments when direct energy measurements
are unavailable an approach directly relevant to energy model-
ling frameworks such as those developed in the present study.

5 | Conclusions

This work presents an integrated, data driven framework for
evaluating the total energy consumption associated with pub-
lic service buildings by jointly modelling building energy use
and user mobility patterns. The proposed methodology com-
bines machine learning predictors trained on a curated subset
of commercial buildings with a graph based representation of
user travel behaviour, relocation dynamics and transportation
availability. This hybrid approach aligns with the principles of
modern expert systems, where heterogeneous data sources and
predictive intelligence are fused to support complex decision
making processes. The results obtained from the university case

study show that user travel often represents the dominant com-
ponent of total energy consumption, overshadowing building
related energy use. Nevertheless, as remote activity increases,
building energy becomes relatively more important, highlight-
ing the need for a holistic perspective that simultaneously
accounts for infrastructural, behavioural and organizational
factors. Scenario analyses demonstrate that best configurations
such as distributing user populations across multiple facilities
or implementing partial remote activity can significantly re-
duce overall energy demand. Sensitivity tests further confirm
the robustness of these findings across a range of behavioural
parameters, reinforcing the model's applicability as a decision
support tool. The real world application to the estimation of the
energy footprint of a radiotherapy department illustrates the
adaptability of the framework beyond theoretical scenarios.
By enabling accurate predictions even in the absence of direct
metering, the model provides a valuable tool for environmental
assessments in contexts where measurements are incomplete
or unavailable. This demonstrates the potential of machine
learning based systems to enhance sustainability evaluations
across diverse domains. Future developments could enrich the
modelling pipeline by integrating more detailed representa-
tions of transportation systems, energy pricing and temporal
variations, as well as by incorporating additional behavioural
layers such as the energy consumption associated with remote
working or learning. Moreover, coupling the framework with
optimization algorithms or rule based reasoning modules could
further support strategic planning and resource allocation, ex-
panding its relevance for public institutions and policymakers
striving towards sustainability goals. Overall, the approach
provides a flexible and extensible foundation for intelligent,
system level evaluations of energy consumption in complex ser-
vice infrastructures.
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