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ARTICLE INFO ABSTRACT
Keywords: Various methodologies can be adopted to evaluate different sub-loads in an office building. These approaches
Electric load breakdown may be based on either non-intrusive or intrusive load monitoring techniques, or a combination of both. This

Load disaggregation
Non-intrusive load monitoring
University building

paper presents a novel methodology for evaluating sub-load profiles starting from the total electric load of
buildings, following a breakdown methodology. Starting with the total electric load of the building under
investigation, this methodology estimates the sub-loads within the total building load, using information
regarding the operation of the heating, ventilation, and air-conditioning system (HVAC) and the building
management. The proposed methodology has been applied to a reference case study, specifically a university
building in the South of Italy. Data collected from a measurement campaign on the main components of the
HVAC system have been used to validate the proposed approach, showing that the relative error between
measured and estimated data is about 3%. As such, this methodology stands out as an effective process for
providing a thorough and comprehensive understanding of buildings’ electricity consumption and for helping in
identifying anomalies, faults, and inefficiencies.

while benchmarking provides a high-level comparison between actual
and expected energy performance, it does not offer detailed insights into
how specific systems or components contribute to overall consumption.

To move from performance assessment to actionable strategies, it
becomes essential to have a clear understanding of the main energy sub-
loads. This allows the identification of loads that can be better managed
or shifted in response to time-dependent tariffs (e.g., electricity, natural
gas) or better matched with the local generation of renewable-based
energy systems.

Therefore, investigating methodologies in the scientific literature
that support detailed energy breakdown is a crucial step toward the
implementation of targeted and cost-effective energy management (e.g.,
anomaly detection [3], application of demand side management stra-
tegies [4]).

A load breakdown methodology could help in finding the main en-
ergy sub-loads of a building, starting from information available from
different sources. These data can be collected either through sensors
installed by end-users or via smart meters provided by energy distrib-
utors—such as electricity meters (for active and reactive power) or
volumetric gas flow meters. User-installed sensors typically provide real-
time data, whereas data from utility smart meters is usually available
with a time delay, which can range from minutes to hours or even

1. Introduction

Energy efficiency in buildings aims to guaranteeing primary energy
savings, reducing greenhouse gas emissions and operating costs. The
final goal is to achieve a zero-emission and fully decarbonised building
sector by 2050. However, final energy demand from the building sector
in 2023 accounts for approximately 28.4 % of the total global demand
[1]. Most buildings have poor energy performance, and different in-
terventions (energy conversion systems, envelope, energy demand
management) could be considered for energy savings. Particular atten-
tion should be paid to public buildings, for which various management
strategies can be introduced to mitigate their energy demand and
improve their energy efficiency. In this context, the introduction of a
Building Energy Management System (BEMS) can yield energy savings
ranging from 10 % to 50 % [2].

Ensuring optimal energy performance is a central concern for facility
managers and stakeholders involved in building energy management. A
robust strategy to support users in monitoring performance over time
involves estimating expected energy consumption—typically derived
from historical operational data and/or simulation tools—and
comparing it with actual use (i.e., energy benchmarking). However,
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Nomenclature

A Area [m?]

BAS Building Automation System
BEMS Building Energy Management System
COP Coefficient Of Performance [-]
DSO Distribution System Operator

E Energy [kWh]

E Power [kW]

EER Energy Efficiency Ratio [-]

EHP Electric-driven Heat Pump

HEMS Home Energy Management System

HVAC  Heating, Ventilation and Air Conditioning

IT Information Technology

KPI Key Performance Indicator

ILM Intrusive Load Monitoring

NILM Non-Intrusive Load Monitoring

SMB Small and Medium Businesses

A% Volume [m®]

Greek symbols

o Power grid emission factor [kg CO3 cq/kWhg]
n Efficiency [-]

Boolean variables
a; Boolean HVAC operation 15-minute time-step (i =1, ...,

35040)
b; Boolean occupancy 15-minute time-step (i = 1, ..., 35040)
Cj Boolean HVAC operation 1 day time-step (j =1, ..., 365)
dj Boolean occupancy 1 day time-step (j =1, ..., 365)
e Boolean HVAC operation for a specific day 15-minute time-
step(th=1, ..., 96)
fn Boolean occupancy for a specific day 15-minute time-step
th=1,..,96)

Subscripts and superscripts
AUX Auxiliaries

BL Base Load

BUI Building

El Electric

h 15 min time step for a specific day (h =1, ..., 96)
HVAC  Heating, Ventilation and Air Conditioning

I 15-minute time step (i = 1, ..., 35040)

j 1 day time step (j =1, ..., 365)

k Type day of the week (k = 1,...5, 6; 1: Monday, ..., 5:

Friday, 6: Closing day)
no-HVAC Heating, Ventilation and Air Conditioning not operating
OCC Occupancy
p Primary
PG Power Grid

months, depending on the data management practices of the distributor.
In both cases, finding a methodology that supports the breakdown of
whole building energy consumption data is of significant importance.
This is the case of data related to electricity consumption at the whole
building level, which is available aggregately and depends on different
sub-loads (e.g., artificial lighting, HVAC systems, office equipment) that
could be influenced by external drivers such as weather conditions and
building occupancy patterns. Different breakdown techniques can be
used to disaggregate the total electrical load into a set of sub-loads. The
type and number of these sub-loads largely depend on the building type
(e.g., residential, office, commercial) and the characteristics of the
heating, ventilation, and air conditioning (HVAC) systems in place.

Following the selection of appropriate breakdown techniques, the
consequent step involves processing the raw data to identify load-
specific events, typically corresponding to the activation or deactiva-
tion of electrical devices. This event detection process allows for the
characterization of transient, steady-state, and cycling behaviours,
supporting accurate feature extraction for each sub-load. The quality of
this analysis can be enhanced by incorporating contextual information,
such as HVAC system schedules (heating, cooling, intermediate pe-
riods), occupancy patterns (e.g., weekends, holidays, off-hours), and
climatic conditions (e.g., outdoor temperature, humidity, solar radia-
tion), which all influence load behaviour.

1.1. Background and literature review

Starting from the need for accurate load characterization and
disaggregation, this section provides a literature review of data-driven
approaches for electricity consumption breakdown, considering resi-
dential and non-residential buildings to evaluate the best options that
have been or could be considered, in particular, for office buildings.

Even if the focus of the paper is the evaluation of data disaggregation
methodology applied to office buildings, the literature review includes
the residential, commercial and industrial sectors, where this technique
is well-developed. The aim is to evaluate the advantages and limitations
of using methods, typically applied in the scientific literature to

residential and other sectors, to office buildings.

First, load breakdown may be implemented by means of machine
learning methods [5] and deep learning approaches involving complex
neural networks [6].

As regards the disaggregation of building energy demand data, Non-
Intrusive Load Monitoring (NILM) techniques have played a crucial role
in data disaggregation so far [7]. They represent a software-based
approach with data acquired in real-time at defined sampling rates
using a single smart electricity meter installed by end users.

The performance of NILM approaches could be enhanced through
the adoption of Home Energy Management Systems (HEMS) able to
monitor and schedule the operation of smart home appliances, as well as
smart energy conversion systems supplying heating and cooling energy
[81.

Software for data management should be able to detect an event due
to a state change, for example, of an appliance, that leads to a modifi-
cation of the power (active, reactive) required. For each appliance, a
load signature (turn-on transient response, total operation cycle) helps
defining its operating cycle (two-state, multi-state, continuously vari-
able) [9] and hence identifying its load from the total one, especially in
case of high-frequency sampling rate [10]. Current and voltage wave-
forms could also be considered due to their dependence on a specific
appliance or load [11].

An alternative path based on Intrusive Load Monitoring (ILM)
approach involves the installation of smart plugs integrating electricity
meters next to each equipment or appliance. These smart plugs can
transmit data in real-time via Wi-Fi or Ethernet networks, to a cloud
server or to a datalogger recording the information, which could be then
managed by software applications (mobile apps or computer-based
tools) that show both the current power usage and historical data on
energy required (consumption on an hourly, weekly, and monthly
basis). However, the need for numerous devices makes hardware-based
ILM techniques complex and, at times, cost-inefficient, even though they
offer very high accuracy [12,13].

As regards non-residential buildings, researchers have explored
NILM, ILM, and hybrid methodologies to identify the most effective
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solutions for load disaggregation.

In non-residential settings, NILM techniques can be challenging to
implement due to the wide variety of loads that depend on occupancy
patterns and the specific activities performed within the building. In
such cases, a preprocessing method based on the analysis of historical
electricity consumption data, e.g. from electricity distributors, can assist
in identifying the main energy loads. A simplified approach may involve
time-series decomposition methods applied to historical data. In [14], a
time-series decomposition-based method is proposed and applied to an
office building in Ottawa, Canada, to disaggregate major energy loads.
The proposed methodology identifies three primary sub-loads: lighting
and plug loads (sub-load I), electricity used by energy conversion sys-
tems for cooling (sub-load II) and heating (sub-load III). The method is
validated using submeters installed by the end user. Lighting and plug
loads are effectively identified during transitional seasons where neither
cooling nor heating is required. Based on the Normalized Root Mean
Square Error metric, the results show error values of 13 % for sub-load I,
5 % for sub-load II, and 7 % for sub-load III.

A NILM methodology has been applied to an office building in [14]
using data acquired from smart meters and a Building Automation
System (BAS), which provides the operational status information for
HVAC systems, supplemented by heating meter data [15]. In this case,
BAS helps capture operating patterns of HVAC systems and auxiliary
components such as the fans, pumps, and valves, enabling a more ac-
curate estimation of electricity consumption for space heating and
cooling. Submeters are installed to validate the disaggregation algo-
rithm. The model achieves 6-8 % accuracy for air handling units elec-
tricity demand and up to 26 % error for lighting and plug loads in the
worst-case scenario.

Gowrienanthan et al. [6] address the challenges of applying NILM in
industrial and commercial buildings with three-phase power supplies.
They propose a deep learning-based method for energy disaggregation,
trained on four datasets including both three-phase and one-phase ap-
pliances, as well as non-appliance loads (e.g., laptops, light bulbs,
chargers, and routers). While preliminary results are promising, a full-
scale application of this method has not yet been demonstrated.

Norford and Leeb [16], as early as 1996, investigated the feasibility
of extending residential NILM techniques to commercial buildings. The
focus was primarily on HVAC systems, where the BAS enabled data
acquisition on start-up and shutdown events of electric heat pumps and
auxiliaries. The NILM methodology’s performance was evaluated using
a watt transducer connected to a three-phase power supply serving
HVAC equipment in two campus buildings, combining steady-state
analysis and transient pattern recognition, and showing difficulties in
quantifying start-up energy demand for devices with variable-speed
drives.

Henriet et al. [17] also acknowledge the challenges of applying NILM
to commercial buildings and present a comprehensive framework for
power load disaggregation. Their work includes the analysis of existing
public datasets and the development of a tool to generate evaluation
datasets for NILM research.

Toledo-Orozco et al. [18] propose a methodology for power load
disaggregation in an industrial setting using NILM and machine learning
techniques, based on data provided by the electricity distributor with a
15-minute time step. The methodology is implemented in Python, and
its calibration and validation are carried out using data from smart
meters already installed in three different industries (ceramic, plastics,
and food processing). The primary goal of the study is to investigate the
flexibility in power demand that large consumers could offer to the
Distribution System Operator (DSO). The results obtained show that the
disaggregation of consumption realised by implementing NILM ap-
proaches allows intelligent energy management also in the industrial
sector, with improved energy consumption habits due to the changes in
load profiles.

A NILM-based analysis is also conducted on commercial buildings to
disaggregate electric loads [19]. The goal of the project is to develop a
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commercial NILM product. The authors emphasize the challenges of
applying NILM technique in commercial buildings. To test the meth-
odology, different devices are monitored using dedicated power meters
that record data at 1-second intervals. While the algorithms are
improved and tested, the model cannot be successfully validated.

Kumar and Gopinath [20] develop the DeepEdge-NILM device,
which was tested in a commercial building to disaggregate loads from
similar devices and air conditioners. The authors develop a deep
learning framework based on a neural network that can identify distinct
load signatures, significantly improving disaggregation results. They
highlight the importance of the training phase, which typically lasts two
to three weeks, to capture the different load combinations. In the best
scenario, the model achieves an average accuracy of 81.5 %, with in-
dividual air conditioner detection accuracy ranging from 54 % to 96 %.
However, they also highlight limitations when applying their approach
to other types of loads, such as lighting systems.

Abhinav et al. [21] propose a methodology using unsupervised al-
gorithms for energy disaggregation in Small and Medium Businesses
(SMBs). Their approach is developed using a database containing elec-
tric consumption data from over 1000 SMBs, recorded at 15-minute
intervals. The methodology focuses on disaggregating energy into
three main load types: base, HVAC, and operational. Special attention is
paid to evaluating HVAC demand, incorporating behavioural analysis of
HVAC usage.

Batra et al. [22] explore methodologies for applying NILM tech-
niques to both residential and commercial buildings. They analyse IT
(Information Technology) office buildings where HVAC and IT loads are
dominant. Data from an educational campus in India is used to validate
the proposed tools and methods, showing that commercial buildings
experience higher variability in electricity demand than residential
buildings, thus exacerbating the transient behaviour of heating and
cooling systems.

Ling et al. [23] introduce a NILM methodology based on a random
forest to disaggregate total electricity use into four main load categories:
HVAC systems, artificial lighting, plug-in devices, and elevators. This
method is applied to an office building located in a region characterised
by hot summers and cold winters.

Yang et al. [24] propose a simulation-data-driven approach to energy
disaggregation for industrial and commercial buildings. Their method is
based on load breakdown using voltage-dependent load functions,
enabling detailed load separation without relying exclusively on high-
frequency measurement data. In addition, a multi-channel neural
network-based load disaggregation model is developed, reaching a high
level of accuracy.

1.2. Research gaps and aim of the paper

Based on the literature review, the NILM approach does not consis-
tently yield satisfactory results for disaggregating electrical loads in
office buildings due to the complexity, variety, and simultaneity of
electrical loads. Disaggregating similar electrical loads (e.g., multiple air
conditioners, IT equipment) remains a major technical challenge, even
with advanced methods like deep learning and neural networks. Model
accuracy varies greatly depending on the load type and operating con-
ditions, indicating issues with model generalization. Overall, the reli-
ability of the proposed solutions in real-world scenarios is hindered by
the lack of validation of proposed models due to insufficient data or
technical constraints. Many methodologies require high-resolution data
(e.g., 1-second intervals) or the installation of sub-metering devices,
contradicting the “non-intrusive” nature of NILM. This makes large-scale
deployment excessively costly and complex, especially for office build-
ings. Also, NILM techniques have been underdeveloped for three-phase
systems, which are typical in industrial and commercial buildings. In the
end, the analysed methods are often tailored to specific buildings or load
types, with poor transferability to other scenarios, and a standardized
and adaptable framework is still missing.
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An enhancement of the techniques proposed by the scientific liter-
ature for application in non-residential buildings involves the installa-
tion of a limited number of power meters capable of measuring total
electricity consumption and HVAC-related energy use in real-time with a
high sampling rate. Additionally, the integration of a BAS, commonly
employed for HVAC control, can significantly improve the granularity
and accuracy of electric load disaggregation. This hybrid approach,
combining NILM and ILM techniques with BAS integration for HVAC
monitoring, offers a promising balance between the cost of the moni-
toring infrastructure and its effectiveness in load breakdown. It repre-
sents a practical solution for identifying energy-saving opportunities in
complex building systems.

In this context, the present paper applies a novel methodology to an
office building to evaluate the main electricity sub-loads with a 15-min-
ute time step. The approach is based on a time-series decomposition
method used to disaggregate total electricity load into four contribu-
tions: base load, occupancy-driven electric loads, HVAC auxiliaries, and
Electric-driven Heat Pump (EHP) demand. The method is further
enhanced by incorporating basic information on HVAC system operation
at daily, weekly and seasonal scales. This approach is considered anal-
ogous to NILM methodologies that rely on real-time data, while
benefiting from BAS-provided schedules and operational patterns
related to HVAC systems. Notably, even in the absence of a BAS, the
methodology remains applicable by collecting operational data directly
from facility managers or HVAC operators. The results obtained can also
assist in identifying anomalies in energy consumption related to specific
sub-loads, thereby supporting improved energy diagnostics. Further-
more, with sub-load data available, the use of dynamic simulation
software capable of modelling both the building and its HVAC systems
can be considered to evaluate its potential impact of targeted in-
terventions (e.g., artificial lighting optimization, building envelope im-
provements, HVAC upgrades, and energy management strategies). The
methodology requires total building electricity consumption data over
one year (with a 15-minute or hourly resolution), alongside auxiliary
information such as HVAC operational schedules, nominal data of en-
ergy conversion systems, characteristics of HVAC auxiliaries, and
building occupancy patterns. It is designed for the analysis of electricity
consumption and excludes fuel-based systems. While not universally
applicable, this methodology is well-suited for typical office buildings
with centralized, electricity-based HVAC systems. In cases where the
hydronic distribution system includes pumps with inverters, auxiliary
loads can be grouped with HVAC consumption, simplifying the disag-
gregation into three main sub-loads.

This methodology addresses several issues that have been identified
in the scientific literature, such as:

e In tertiary buildings, load disaggregation using NILM can lead to
unsatisfactory results.

e Existing methodologies often require multiple smart meters collect-
ing data for at least one year to achieve adequate validation.

e Upgrading BAS systems to enable detailed load disaggregation
typically involves significant increases in investment cost and oper-
ational costs.

To validate the proposed methodology, a three-phase digital multi-
meter compliant with Class 1 accuracy for active energy (according to
IEC/EN 62053-21) was installed to monitor EHP electricity data
(voltage, active power, active energy, etc.) at 15-minute intervals. Using
data collected from December 2024 (installation month) through March
2025, the methodology demonstrated an average overestimation of EHP
electricity input of about 3 %, confirming its reliability.

The remainder of the paper is organized as follows: Section 2 pro-
vides an overview of the load disaggregation methodology employed in
this study. Section 3 describes the case study under analysis, and Section
3.4 details and discusses the results. Eventually, Section 4 offers a
comprehensive overview of the findings and outlines potential future
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developments in this area of research.
2. Load breakdown methodology

In this section, the methodology developed for load disaggregation is
introduced.

2.1. Data collection

This paper proposes a disaggregation methodology to evaluate the
electricity demand of an office building, specifically for lighting, office
equipment, and HVAC systems. It requires the availability of data from a
DSO or a power meter for at least one year, along with information
obtained from an energy audit, such as HVAC systems (nominal data,
auxiliaries, hydronic circuit details, variable refrigerant flow, and
scheduled operation), building features, and scheduled occupancy
(daily, weekly, and yearly occupancy profiles). This methodology can be
applied to office buildings equipped with an air-to-water EHP, where the
hydronic system is operated by circulating pumps with fixed electric
power consumption.

The total electricity demand of the building (EEY) for each 15-min-
ute time-step over one year (i = 1, ..., 35040) is influenced by various
components. In the case of an office building, these can be categorized
into four main groups:

e EHP electric load (EEP).

e HVAC auxiliaries (circulating pumps, fans) for ventilation, and space
heating and cooling circuits, E/%.

e Additional loads, excluding HVAC ones, which are present when

access to the building is allowed. These loads could be considered

dependent on the building’s occupancy. Occupancy-related demand

includes miscellaneous loads (laptops, printers, elevator, ...), and

lighting loads (artificial lighting), E9-°.

Base load (ngi), which includes transformer losses (MV/LV), standby

equipment, beverage dispensers, electric boilers for sanitary hot

water, emergency lighting, IT racks, electronic devices, and other

continuous loads.

Therefore, the total electric demand can be expressed as indicated in
Eq. (1):

Egii = Ey, +EpY + Eg%C + Epl M

EEP and EATX are related to the building’s space heating and cooling
demand and can be aggregated into the HVAC load (Ej/“). On the other
hand, EJ° and EB}; are independent of HVAC operation and can be
referred to as non-HVAC loads (Ef; HVAC,

The methodology used to estimate the contribution of each of the
four components to the total electric load is detailed using a simplified
scheme, as detailed in the following sections. Even if specific building
characteristics, such as building envelope composition (opaque and
transparent), heated area and volume, or the availability of an energy
performance certificate, are not required for applying this breakdown
methodology, such information can be valuable for interpreting results,
particularly when comparing with benchmark data or findings in the
technical and scientific literature.

2.2. First step: Evaluation of base load

The first step (I) in the methodology involves estimating the base

load for each timestep, denoted as EF;, as detailed in Fig. 1.

This step requires the following data for each 15-minute interval:
—

total building electric load (Eg{{{) ); the scheduled HVAC operation (ag);
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operation: a(l)

INPUT DATA

HVAC

Scheduled HVAC | ""Scheduled access to!
the building: b(l)

Buﬂdlng load: EEBllg)

G

distribuzione

g

A 4

| step
OUTPUT DATA

Base load: Eg;g{)

Fig. 1. First step of the methodology used for load breakdown.

the scheduled access to the building (%}). Specifically, the arrays %’

and %’ contain Boolean variables indicating the HVAC system status (0
= OFF and 1 = ON) and the potential occupancy (0 = NO access, 1 = YES
access), respectively.

e

The base load Ejj,; is evaluated in two sub steps (1.1, 1.2):

e L.1: in the case of HVAC OFF and no occupancy (a; + b; = 0), the
total electricity demand equals the base load, as indicated in Eq. (2).
This typically correspond to nighttime and early morning on week-
days, as well as weekends and public holidays.

Ey, = E} (@)

e [.2: for time steps where either the HVAC system or the building is
occupied (a; + b; > 0), the base load cannot be directly measured.
Instead, it is approximated using the average load during time steps
of the same day when both HVAC and occupancy are absent. Let j =

., 365 be the day index of the year, and h =1, ..., 96 be the index
of the 15-minute intervals per day. Considering the daily Boolean
indictors e, = {0,1} for HVAC status (0 = OFF, 1 = ON) and f; =
{0,1} for occupancy status (0 = NO, 1 = YES), the average base load
for day j is calculated as indicated in Eq. (3). Then, for time steps

Table 1
Step I: average base load evaluation.

when a; + b; > 0, the base load is assumed equal to the daily average,
according to Eq. (4).

L S [EMe -l f) (3)
S ) (1 fu)]
B2 = By, )

By combining the outputs from Eq. (2) and Eq. (4), the base load for
all time steps throughout the year can be determined as indicated in Eq.
(5). A recap of the algorithm used for implementing this step is reported
in Table 1.

Eg[L( ( EBL EBL

"BL
w1 Eaze - Erlaso40) )

The flow chart related to the algorithm used to evaluate base load is
reported in the appendix section (Fig. Al).

2.3. Second step: Evaluation of occupancy load

The second step (II) involves evaluating the occupancy-related
electric load for each interval (ESC), as detailed in Fig. 2.
It can be divided into two sub-steps (1.1, I1.2):

Definitions

e Let i be the 15-minute time step index within one year (1 to 35040).
e Let j be the day index within one year (1 to 365).

Inputs

—
o EBVL: total building electric load at each 15-minute interval (vector of size 35040).

e @: HVAC status at each 15-minute interval (0 = OFF, 1 = ON; vector of size 35040).

o b occupancy access at each at each 15-minute interval (0 = NO, 1 = YES; vector of size 35040).

Output

—
o EBL: estimated base load at each 15-minute interval (vector of size 35040).
Algorithm Steps

—
Initialize E5r.
—BL
Else, set Eff; = EEU.

For each day j, compute daily average base load for inactive periods ngj(HVAC OFF and no occupancy).

For each time step i, compute the sum a; + b;.

If the sum is equal to zero, set Ef;; = E5/.
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I I —_—
Scheduled HVAC | Scheduled access toI Bwldlng load: EEBlléLI) | Base load: EPL,
operation: ag;y | the building: b(l) | ! ©
] : ] ]
INPUT DATA @ | | |
] ] ]
1 1 d\smbuzmne 1
HVAC 1 1 1
A 4
Il step Average weekly occupancy load: Eglc,fk
INTERMEDIATE l ' &
OUTPUT ‘M\ il [ |
‘ ' \
Il step Occupancy load: ng(g
FINAL OUTPUT «—

Fig. 2. Second step of the methodology used for load breakdown.

I1.1: in the first sub-step, the preliminary annual occupancy load

—
vector (Eglfg') is estimated. For evaluation, it requires the following
input data, based on a 15 minute time step: total building electric

load (EBU’ ); base load (EE, ), as determined in the previous step of

the methodology; scheduled HVAC operation (al ). In addition, for

each day (j = 1, ..., 365), the following variables are required:

- Scheduled HVAC operation indicator (C_U;): a Boolean variable
equal to 0 if the HVAC system is off during the day, and 1 if it is on.

- Scheduled occupancy indicator (d‘(,»;): a Boolean variable equal to
0 for non-occupancy days (e.g., weekends, holidays, closing days),
and 1 for occupied days.

- Day-type variable (k;): indicates the weekday of occupancy. For
weekdays with occupancy, k=1,--,5 (1 = Monday, ..., 5
Friday). For building closure days, k = 6.

On days without occupancy (d; = 0; k; = 6), the occupancy load is
assumed to be zero, as per Eq. (6).

9% =0 ®

On weekdays with occupancy (d; = 1) but without HVAC activation
(¢; =0), typically during intermediate seasons, the occupancy-related is
computed using Eq. (7):
Epi© = Egi — Egy;

)

The resulting occupancy load from these days is used to create five
representative type days, one for each weekday (Monday to Friday).
These type days are used to estimate occupancy loads when HVAC is ON
(¢; =1) and occupancy is present (d; = 1). For each type day (k = 1,
5) the average 15-minute occupancy load is calculated using Eq. (8):

OCCk

—0CCk
(E EL1 0 T

EE1‘96 )

Sl

OCC k= (¥

=

For example, the type day for Monday (k = 1) is evaluated as
follows:

- first time step of the day (h = 1, Eq. (9)):
_ TeaBaag

=0CC,1

Bl = N (C)]
- last time step (h = 96, Eq. (10):

—o0cc1 Eg 1E§s)zc9%§ (10)
EL96 N

where N is the number of Mondays considered in the dataset and g is the
index for each instance of the weekday (g =1, ---, N). A similar approach
is followed for the other four type days. Thus, during weekdays with
both occupancy and HVAC operation (d; = 1, ¢; = 1), the occupancy
load is estimated based on the corresponding type day average

(El(Eh) occ,1, ..., El(E;l : 0OCC, 5). By combining the results from Eq. (6) for

non-occupancy days (d; = 0), Eq. (7) for occupancy days without HVAC
(dj =1, ¢; =0)and Eq. (8) for days with occupancy and HVAC on (¢; =
1,d; =1,k =1, -, 5), the preliminary occupancy load for the entire
year can be evaluated using Eq. (11). A recap of the algorithm used for
implementing this step is reported in Table 2.

B = (B B Soo) an

o I1.2: in the second sub step, this profile, identified using “*”, must be
further refined with a specific focus on days when the HVAC system
is scheduled ON (¢; = 1), but not active during time steps (a; = 0) in
which occupancy is present (b; = 1). In such cases, certain values
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Table 2
Step IL.1: preliminary occupancy load evaluation.
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Definitions

e Let i be the 15-minute time step index within one year (1 to 35040).
e Let h be the 15-minute time step index within a single day (1 to 96).
o Let j be the day index within one year (1 to 365).

Inputs

. total building electric load at each 15-minute interval (vector of size 35040).

. ETEI[: base load at each 15-minute interval (vector of size 35040).
e @: HVAC status at each 15-minute interval (0 = OFF, 1 = ON; vector of size 35040).
e For each day j:

- ¢j: scheduled HVAC day indicator (0 = OFF, 1 = ON).

- d;: scheduled occupancy indicator (0 = NO, 1 = YES).

- kj: day type (1 = Monday, ..., 5 = Friday, 6 = Closure/non-occupancy day).
Output

—

o EZCS": preliminary estimated occupancy load at each 15-minute interval (vector of size 35040).

Algorithm Steps
—occh
Initialize Eg% .
For each day j, check the value of k;.
If k; equals 0, for all h time steps of j, set EgC = 0.
For each day j, check the value of d;.
If d; equals 0, for all h time steps of j, set EQC = 0.
Else, if d; equals 1:

If ¢ equals 0 (occupancy day without HVAC), for all h time steps of j, compute ESS¢ = E5Y —EBL.

— 1
For each day j with d; equal to 1 and ¢; equal to 0, compute the average occupancy load across all matching days for each 15-minute time step h as Egﬁlc'k = ITIZ;V* 1Eocc.k_ gis the index

of the individual day matching weekday k and N is the total number of such days.

‘ELhg

For each day j with d; equal to 1 and ¢; equal to 1, identify the corresponding weekday k;. Then, for each 15-minute time step h, assign the occupancy load from the matching average

—=0CC k
type-day (B¢ = Egy ).

—
The result is the fully constructed annual vector of occupancy-related electric load Ef;’,fg

—
included in Eq. (10) ( El‘é‘):*) should be modified using Eq. (7). For

these time steps, the occupancy load EGC is recalculated as the dif-

ference between the building electric load Eg,‘_? (a known value) and
the base load Ejf;, which was evaluated in the first step of the
methodology. This correction is essential, as occupancy loads esti-
mated from type-day profiles may underestimate or overestimate the
occupancy load. The adjusted occupancy load across the full year is
represented by Eq. (12):

e

EOCC — ( CC EOCC

El(i) El1> """ El.35040) (12)

Finally, the electricity demand associated with the HVAC system
(EZVAC) for each time step can be calculated using Eq. (13). The algo-
rithm developed for implementing this step is shown in Table 3.

Table 3
Step IL.2: refined occupancy load and HVAC load evaluation.

HVAC _ pBUI _ gBL _ 1,0CC
Epi" =Eg; —Eg; —Eg; 13)

A further decomposition of the HVAC load may be performed
(EivAC = Ei lHiP + EAUX). This breakdown enables two additional refine-
ment steps within the overall methodology.

In appendix section the flow charts describing the evaluation of

preliminary occupancy load (Step II.1, Fig. A2) and occupancy load
(Step I1.2, Fig. A3) are included.

2.4. Third and fourth steps: HVAC auxiliary load and EHP load
evaluation

The third step enables the evaluation of electricity required by HVAC

auxiliary components (E4/*), while the final step leads to the estimation

Definitions
e Let i be the 15-minute time step index within one year (1 to 35040).
Inputs

—

EBPL: total building electric load at each 15-minute interval (vector of size 35040).

L]
—

o EBl: base load at each 15-minute interval (vector of size 35040).

o EPS": preliminary occupancy load at each 15-minute interval (vector of size 35040)

e @: HVAC status at each 15-minute interval (0 = OFF, 1 = ON; vector of size 35040).

. F: occupancy access at each at each 15-minute interval (0 = NO, 1 = YES; vector of size 35040).

Outputs
—
o EP(S: refined occupancy load at each 15-minute interval (vector of size 35040).

ey
. Eg‘{{)«c: HVAC load at each 15-minute interval (vector of size 35040).
Algorithm Steps
For each time step i,
Set EF¢ = EQEC".
If a; equals 0 and b; equals 1, EQ¢ = EBI —EBL.

Compute the HVAG electricity load as Ef¥A¢ = E5 —EBl; —EQ(C.
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of the electric load of the EHP (ngip ), as detailed in Fig. 3.
To perform these evaluations, the nominal electricity for HVAC

auxiliaries (E4’X ) at each time step is required. In many hydronic

systems interacting with EHPs, circulating pumps typically operate at
fixed load during the HVAC system’s operation. The evaluation of both

EAUX and EEFP requires the following input data for each 15-minute time

— —
step of the year: total building electric load (ng(’i’) ); the base load (ng(i));

—

the occupancy-related load (EJ(); the scheduled HVAC operation (a;)).
Additionally, for each day j, the daily HVAC schedule (cT,»)') is required.

On days when the HVAC system is off (¢; = 0), both Ef//¥ and EZ¥ are
equal to zero. When the HVAC system is scheduled to operate on a given

day (c; = 1), three possible conditions can be identified:

e during the initial activation of the HVAC system, a misalignment
between the actual measured electric load (e.g., from DSO data) and
the scheduled HVAC activation may occur. This typically happens at
the first time step where the HVAC is turned on, with ¢; = 1 and

o HVAC HVAC AUX  _ pAUX ; HVAC
a1 = 0, Eg"® < Egil§ and Epity = Egjpom- In this case EELi is

lower than ESYAS, implying that the electricity required by auxil-

iaries is less than the nominal value (Ef7¥ < EA’X)). To adjust for
this, a reduction factor is introduced, and the auxiliary load during

HVAC start-up (E‘glf{X*ON ) is estimated using Eq. (14).

HVAC
AUX—ON __ AUX ELi
Eg; =Epi,® FHAVAC a4
ElLit+1

e During regular operation, Eg’X = Efl% .

e At time steps characterized by the shutdown or the deactivation of

AUX
EEl,nom'

HVAC system, E4’X is typically lower than However, sched-

uled HVAC operation or BAS data usually provide reliable informa-
tion on system operating hours. In this case, for the time step
immediately following HVAC shutdown, the auxiliary electricity
consumption is estimated using Eq. (15), where x represents the
number of consecutive time steps in which the HVAC system is
operating prior to shut down.
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"AUX—OFF __ pAUX "AUX—ON
EEZ.HX - EEl,rwm - EEl,i (15)

The recap on the algorithm developed for implementing steps III and IV
is reported in Table 4.

Finally, the flow chart describing the evaluation of HVAC auxiliaries
(Step III) and EHP load (Step 1V) is included in the appendix section
(Fig. A4).

The last two steps of the methodology could be modified considering
the possibility that there is no data on the scheduled operation of the
HVAC system. By subtracting the loads estimated in step I (base load)
and step II (occupancy load) from the total building demand, the load
due to the HVAC system could be estimated. Finally, on the basis of data
available from auxiliaries, the electricity required by EHP could be
evaluated.

3. Case study

The proposed methodology is here applied to a case study reporting
main data related to building, location and energy conversion systems
used to satisfy energy demand. Further sections are related to the
evaluation of the main results and the methodology validation.

3.1. Building

The historical building considered in this case study belongs to
University of Sannio (Fig. 4) and hosts offices and university classrooms.
It is in southern Italy (Benevento), which is characterised by 1'316
heating degree days according to the methodology applied by Italian
Legislation, considering 20 °C as the reference temperature [25].
Thereby, this city falls within climate zone “C” according to Italian cli-
matic zones. The building has a rectangular shape and is composed of
three floors having a heated/cooled area equal to 1°261.82 m? and a
heated/cooled gross volume equal to 6°093.46 m>, while the ratio be-
tween external area and volume is equal to 0.46 m™~. The transparent
and opaque building envelope features are reported in Table 5, [26,27].

According to Italian legislation [28], in the climatic zone of Benev-
ento, the heating period is between November 15™ and March 31%, and
space heating can be guaranteed for a maximum of 10 hours per day.
Starting from October 2022, to reduce final energy demand due to space
heating, a Ministerial Decree [29] imposed the reduction of the period in

Scheduled HVAc: Scheduled access to:
operation: a;

1 thebuilding:% 1

INPUT DATA X !
!
1

Building load: EZY!

I distribuzione

r—

Occupancy load: Eg(f)

Ezﬂiﬁhﬁ]NN!!ﬁilllnnnmJlmi\j[ il

16) Base load: Egz’“(i)

HVAC 1 ,
v
Il step AUX HVAC load: EZ7}
OUTPUT i ﬂ i “ H
‘ 1 ‘ I
IV step EHP load: E£{f
OUTPUT <

Fig. 3. Third and fourth steps of the methodology used for load breakdown.
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Table 4
Steps III and IV: evaluation of HVAC auxiliary load and EHP load.
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Definitions

e Let i be the 15-minute time step index within one year (1 to 35040).

Inputs
HVAC

EEl,i

. : HVAC electricity load at each 15-minute time interval (vector of size 35040).

e @: HVAC status at each 15-minute interval (0 = OFF, 1 = ON; vector of size 35040).
o EfUX : nominal electricity demand of HVAC auxiliaries.

Outputs

—
o EAUX: HVAC auxiliary components’ electric load at each 15-minute interval (vector of size 35040).

—
o EZP: EHP load at each 15-minute interval (vector of size 35040).

Algorithm Steps
For each time step i,
Else, if a; equals 0,

Set EpYX = 0.
Set EXP = 0.
Set x = 0.

If q; equals 1,
Increment the counter x by one.

If a;_1 equals 0 and E}jA¢ is lower than E}jA¢, the HVAC is ramping up. Hence, compute Ej/X~V = Ef’X o B

If a; 1 equals 1, set E‘E“.ﬁx =EpX .

"HVAC

AUX __ pAUX-ON
Lom ® EHVAC and set Eg;* = Eg "%,

‘ELi+1

If a; 1 equals 1, the HVAG is shutting down. Hence, compute Eg"*~%F = E3'% —E4UX ON and set Eg/X = E4/X-OFF.

'El,nom
EHP __ pHVAC _ pAUX
Compute Egi = Ep; Egi".

‘ElLi—x

Fig. 4. Building:

Table 5
Building envelope features.

Building Transmittance, U Thickness, s Solar heat gain
component [W/m3K] [m] coefficient, g-value [-]
External walls 0.74 0.64 -

Roof 1.36 0.35 -

Ground floor 2.71 0.46 -

Ceiling 2.60 0.26 -

Windows 5.86 - 0.48

which space heating systems could be activated (from November 2274 to
March 23" for Benevento) and maximum daily heating hours (between
9 and 10 hours for Benevento). Instead, the cooling period commonly
starts on June 15 and ends on September 15", and space cooling
systems have no limitation either in the activation period or maximum
daily operating hours.

3.2. Energy conversion system

Space heating and cooling demands of the building are satisfied by

frontal view.

using an air-to-water EHP with R410A as refrigerant, located on the
rooftop of the building. Table 6 shows nominal data of EHP with an EER
(Energy Efficiency Ratio) equal to 2.14 and a COP (Coefficient Of Per-
formance) equal to 3.10 [30]. Further elements included in the HVAC
system are a thermal/cooling energy storage of 750 L and three circu-
lating pumps (P1, P2, P3) serving three sections of the distribution cir-
cuit, as reported in Fig. 5. The circulating pumps work in an on-off
mode, and they have no inverters. When the HVAC system is in opera-
tion, the electric load due to auxiliaries (circulating pumps) remains

Table 6
EHP nominal data according to UNI EN 14511-3:2018, [30].

Parameters Cooling (Water: 7 °C / 12 °C, Heating (Water: 45 °C/ 40 °C,
outdoor air: 35 °C) outdoor air: 7 °C)
Cooling/Thermal ~ 230.7 293.5
[kwW]
Electric power 107.9 94.6
[kW]
Nominal EER/ 2.14 3.10
COP
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Air to

water EHP energy storage

P1

-

Thermal/cooling

Terminal units

(Fan coils)
P2 P3
Hydraulic
separator

Fig. 5. Simplified scheme of HVAC system.

constant at 6.96 kW.
3.3. Methodology application: Input data and constraints

Data available from DSO [31], for 1 year with a timestep of 15 min
has been acquired to apply the breakdown methodology to the consid-
ered case study.

The following boundary conditions have been considered to apply
the proposed disaggregation electricity load methodology to evaluate
the four main loads of the university building:

o the average base load during occupancy hours has been evaluated for
each day based on the average electric load during no occupancy
hours (from 00:00 AM to 7:45 AM and from 8:00 PM to 11:59 PM) in
agreement with step I of the methodology.

Occupancy load occurs only during weekdays, between 7:45 AM and
8:00 PM. People are only allowed to access the building during these
hours. Holidays and scheduled closing periods are also considered.
Artificial lighting is managed by occupancy sensors (on/off mode)
and daylight dimming. This means that there are no lighting loads
during non-occupancy hours.

The load due to auxiliaries (circulating pumps) has been considered

constant (EQIUX = 6.96kW) during the operation of EHP. Three
circulating pumps, not having inverters, work at nominal loads
during the scheduled operation of the HVAC system. The power
required by pumps has been evaluated using AC current clamp me-
ters [32] installed for 2 weeks, both in the summer and winter pe-
riods, and the data available from the measurement agrees with
manufacturer data.

The scheduled operation of EHP is acquired (heating period, cooling
period, daily operating hours) from the BAS system.

The proposed methodology allows the evaluation of four contribu-
tions of electric loads every 15 min.

3.4. Main results

In the first part of this section, a detailed analysis of the average
weekly load due to occupancy is reported. In the second part, data on
four sub-loads on a yearly and a monthly basis are analysed. Further-
more, KPIs are introduced and compared to those available in the sci-
entific literature.

3.4.1. Average occupancy load evaluation

The electric load representative of a week, evaluated considering
average values for each time step, is reported in Fig. 7 and assessed using
step II of the proposed methodology. In particular, it has been consid-
ered only weekdays during the intermediate period in which the HVAC
system is not in operation. During this period, the total load consists only
of the base load and the load associated with occupancy. Excluding base

load, according to the methodology proposed for step I, a different
electric load could be evaluated for each day of the intermediate period.
For each day of the week and with a time step of 15 minutes, the average
load has been evaluated. In Fig. 6, as an example, 11 Thursday have been
considered to evaluate the average trend (dotted line) of occupancy load
representative of this day. A similar approach has been used for the
other days of the week, considering for each day at least 10 days
included in the intermediate period. This is a simplified approach that
does not account for the dependence of a part of the load (the artificial
lighting component) on weather conditions.

The average electric load due to occupancy, evaluated excluding
base load, varies depending on the day of the week, and it is evaluated
considering the days when the HVAC system is off. This load is zero
during nighttime and on weekends, as shown in Fig. 7. The maximum
daily electricity demand (60.5 kWh) and peak load (7.04 kW) occur on
Tuesday, while Friday has the lowest peak load (4.46 kW) and daily
electricity demand (34.9 kWh). Every day, approximately between 1:00
PM and 2:00 PM, there is a reduction in the occupancy load due to the
lunch break. Based on these results, it has been estimated that during the
period when the HVAC system is operational, the occupancy load fol-
lows the trend reported in Fig. 7.

Focusing on the period in which there is no HVAC demand, daily
electricity demand on a weekly basis due to occupancy is reported for a
subset of data related to 2022. More detailed statistical data for the days
considered to estimate the daily average load due to occupancy are re-
ported in Table 7, which presents statistical data on a daily basis for this
load. Further data could also be derived from Fig. 8.

The mean value represents the average electricity demand due to
occupancy for each day, and it shows good agreement with the median.
The relative standard deviation is in the range of 12-16 %, and this data
can be considered acceptable due to the low weight of occupancy load
on total building demand during the HVAC period, which is lower than
5 %. Occupancy load depends on actual occupancy, affecting plug loads
and energy demand due to artificial lighting, which is also influenced by
the time of year and weather conditions.

3.4.2. Data on different sub-loads

Applying the proposed methodology, the main building sub-loads
are reported in Fig. 9. Fig. 9a shows the total building load and the
trend load (black dotted line), evaluated by considering the average load
on a weekly basis. The trend load helps identify intermediate periods
characterized by no HVAC system operation and building closing pe-
riods. The base load slightly varies throughout the year, usually ranging
between 5 and 8 kW, Fig. 9c. Anomalies resulting in loads exceeding 10
kW are primarily caused by failures in the artificial lighting manage-
ment system, where lights remain turned on during night hours. During
the first two weeks of November, the EHP could not be generally acti-
vated due to Italian legislation restrictions; however, in a few rooms,
electric heaters were used, leading to an electricity load due to occu-
pancy higher than expected. The occupancy load is higher during the

10
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Fig. 6. Occupancy-related load evaluated for Thursdays included in in the intermediate period.

Average occupancy electric load [kW]
N

Mon Tue Wed

Thu Fri Sat Sun

Fig. 7. Weekly average electric load due to occupancy only, year 2022.

Table 7
Statistical data on a daily basis for electricity in the no-HVAC period due to
occupancy in 2022.

Mean Root mean Relative Median Interquartile
value square standard [kWh] Range [kWh]
[kWh] deviation deviation
[kWh] [%]
Monday 46.64 7.24 15.53 47.01 9.75
Tuesday 60.49 7.94 13.13 60.90 5.47
Wednesday  54.61 8.10 14.84 55.29 10.44
Thursday 52.85 7.51 14.21 49.88 5.01
Friday 34.86 4.44 12.73 35.84 3.91

heating period, while there is no load during building closure (week-
ends, holidays), Fig. 9e. Fig. 9b illustrates the HVAC auxiliaries load,
which is null when the HVAC is not in operation. Fig. 9d and Fig. 9f
highlight electricity input to EHP for space heating and cooling,

11

respectively.

The estimated yearly electricity consumption for EHP in 2022 is 34.9
MWh, while auxiliaries require 9.3 MWh. The electricity due to occu-
pancy and base loads is 12 MWh and 54.9 MWh, respectively. The
electricity demand due to occupancy accounts for 10.8 % of the total
load, the base load reaches 49.4 %, while the HVAC system accounts for
39.8 %. During the summer, the month with the highest electricity
consumption is July, with 10.3 MWh; in winter, March is the month
requiring more electricity (14.2 MWh). Low occupancy in summer,
combined with the closing period due to the summer holiday, results in
lower monthly consumption compared to the winter period.

In Table 8 it is reported on a monthly basis the electricity shares due
to HVAC (EEFP, EAPX) and no-HVAC demand (EJCC, EEF) in 2022. Load
breakdown is performed using actual data.

3.4.3. Key performance indicators
The data available from the previous section could be used to
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Fig. 8. Daily electricity demand data in no-HVAC period due to occupancy in 2022.
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Fig. 9. Load disaggregation: a) building; b) HVAC auxiliaries; c) base; e) EHP electricity input heating; f) occupancy; e) EHP electricity input cooling.

evaluate KPIs (Key Performance Indicators) related to primary energy
demand and environmental impact in terms of equivalent CO,
emissions.

Considering the Italian electricity mix in 2022, the COy emission
factor and power grid efficiency could be considered to calculate KPIs
with respect to heated area and volume. According to the methodology
proposed by Marrasso et al. in [33], and data available from Italian
transmission system operator TERNA [34] and Italian Institute for
Environmental Protection and Research (ISPRA) [35], average equiva-
lent CO2 emission factor (@) for Italian electricity mix including re-
newables and transmission and distribution losses is equal to 0.339
kgCO2.eq per kWh of electricity delivered to end-user. Power grid

12

efficiency, evaluated including renewables and transmission and dis-
tribution losses (rfglG) for 2022, is equal to 0.725. In this parameter,
primary energy is related only to fossil fuels, and primary energy from
renewables is considered null.

The following energy-based KPIs could be introduced for comparison
purposes considering the primary energy due to fossil fuel required by
the whole building with reference to heated area A (Eq. (16)) and heated
volume V (Eq. (17)):
Ey"

BULA _
R

(16)
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Table 8

Electricity consumption on annual and monthly basis for 2022.
Month EQFCkWh]  EBF[kWh]  EEP[kWh]  EAUX[kWh]  EBY'[kWh]
January 999 5038 6'827 1270 14'134
February 1'066 3'968 6'620 1'462 13115
March 1298 5062 6'378 1'432 14'169
April 967 4213 1037 298 6'514
May 1100 4007 0 0 5107
June 881 5743 2'140 1021 9'786
July 968 4'884 3291 1205 10348
August 471 4490 1731 706 7'398
September 776 4189 1'070 595 6'630
October 1129 4422 0 0 5552
November 1'544 4421 1'669 421 8055
December 825 4454 4094 872 10245
year 12’024 54’892 34’856 9’282 111’054

KPIBULV — EEIUI (17)

v

The evaluation of these KPIs may be extended to each sub-load or a
combination of them (HVAC, no-HVAC).

While for environmental purposes following KPIs (Eq. (18), Eq. (19))
could be considered for building electricity demand:

EBUL.

KPIA =~ " (18)
EBUL,

KPIZgY = C 19)

These performance indicators could be evaluated for each sub-load or a
combination of them. Table 9 and Table 10 report KPIs related to energy
and environmental data. The term “LOAD” is generic and refers to
different sub-loads or the entire building load, as reported in the five
columns.

These data can be compared to the benchmark KPIs made available
for Italy by the Italian National Agency for New Technologies, Energy,
and Sustainable Economic Development (ENEA) for office buildings
[36]. Benchmark KPI?IZJH'A data available from ENEA for an office
building having the same climatic zone of Benevento is in the range 178
+ 286 kWh/m?year. The KPI value of the office building under inves-
tigation is equal to 121.39 kWh/m?year, which is lower than the
benchmark range. With respect to benchmark data for HVAC system,
ENEA gives a range for KPIngACA between 97 kWh/m?year and 167
kWh/m?year while for the analysed case the value is 48.25 kWh/
mPyear.

Environment-based KPI indicators could be interesting to evaluate
the trend in reaching the decarbonization goals required by 2030 and
2050 (KPIlégIZ'A = 0). The results highlight that more efforts should be
considered to reduce the carbon footprint of the building through, e.g.:

e Intervention on the Italian power grid, supporting renewables.
e Installation of a PV (Photovoltaic) system on the building rooftop
covering part of the electricity demand.

Table 9
Energy-based KPIs for the whole building and different sub-loads.
Occupancy  Base EHP HVAC Total
load input auxiliaries electricity
building
KPLLOAPA [kWhy/ 13.14 60.00 3810 10.15 121.39
P
m?year]
KPIEOAPY [oWh/ 2.72 12.43 7.89 2.10 25.14
P
mPyear]
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Table 10
Environmental-based KPIs for the whole building and different sub-loads.
Occupancy  Base EHP HVAC Total
load input auxiliaries electricity
building
KPP (kg 3.23 1475  9.36 2.49 29.84
CO,/m?year]
KPIEO'V (i 0.67 3.05 1.94 0.52 6.18
CO,/m’year]

e Reducing building transmittance (transparent envelope, opaque
envelope).

3.5. Load breakdown methodology validation

For a limited period, AC current clamp meters [33] having an ac-
curacy of 3 % =+5 digits were installed on the circulation pumps,
showing good agreement with manufacturer data. In addition, a three-
phase digital multimeter [37] was installed on EHP in December
2024, and the measurements were used to validate the breakdown
methodology. Its accuracy for active energy is equal to + 0.5 % 0.5
digits.

The estimated data overestimates the actual electrical consumption
of the EHP by about 3.3 %, as shown in Fig. 10, for a specific week in
December. On a daily basis, the breakdown approach overestimates the
electricity required by EHP by a range of 1.63 % to 5.13 %.

Furthermore, a comparison between the occupancy load evaluated
by means of the proposed breakdown methodology and that estimated
using the measured data from a digital multimeter installed on EHP has
been performed. In the latter case, occupancy load has been estimated
using Eq. (20):

CC __ rBUI HP AUX BL
Egl.i = Eg; _Eil,i —Ep; —Eg;

(20)
where:

e Total building load (E) is available from the local distributor.

e Base load (EEF.) and auxiliary HVAC electric (E42%) loads are evalu-
ated in the same way of the proposed methodology, considering Step
I and Step I1I, respectively.

e EHP electricity (E5~) data is measured with a digital multimeter.

The accuracy of occupancy load estimation is, of course, higher in the
second case, having 2 measured data (57, E5¥) as input.

In Fig. 11, a comparison between the occupancy load evaluated using
the two methodologies is reported. Starting from 4:00 PM, the hour in
which the HVAC system is off for those days, both curves are super-
imposed. On a weekly basis, the breakdown method underestimates,
with respect to a methodology that uses input data from a multimeter,
the electricity demand due to occupancy by 5.16 %. On a daily basis, the
difference between the two methods results in a variation of +20 %. This
result was predictable because the occupancy load can vary not only
with occupancy but also with weather conditions (lighting).

4. Conclusion

Various techniques can be evaluated to monitor energy consump-
tion, with the goal of identifying both opportunities for energy savings
and anomalies that result in unexpectedly high loads. The level of
analysis can vary in accuracy depending on the frequency of data
acquisition and the degree of load disaggregation. Approaches such as
NILM, ILM, or a combination of both can support the identification of
the main energy loads associated with a given end-user. By dis-
tinguishing between different energy loads—based on the building’s
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Fig. 10. Comparison between measured (digital multimeter) and estimated (breakdown methodology) data due to EHP electricity input.
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Fig. 11. Occupancy load evaluated considering the proposed breakdown methodology without and with data available from a digital multimeter.

functional use—it becomes possible to detect abnormal consumption
patterns or estimate the potential impact of targeted interventions on
specific loads.

The information needed to apply the proposed approach for load
breakdown could be easily acquired, leading to useful results.

The proposed breakdown methodology was applied to a specific case
study, and four distinct categories of electrical loads were identified:
base load, occupancy-related load, HVAC auxiliaries, and the electricity
input to an electric-driven heat pump. Particular focus was placed on
accurately estimating the EHP electricity input, which was validated
using high-resolution data collected via a three-phase digital multi-
meter. The validation process confirmed the robustness of the approach,
with a relative error of about 3 %, thus demonstrating the process reli-
ability in estimating sub-loads even in the absence of dedicated smart
meters.

Furthermore, a comparison between the occupancy load evaluated
by means of the proposed breakdown methodology and that estimated
using measured data from a digital multimeter on EHP has been per-
formed. Having data measurement from total building demand and EHP
input, the estimation of occupancy load is more accurate. The proposed
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breakdown method underestimates the electricity demand due to oc-
cupancy by about 5 % on a weekly basis.

The load disaggregation also enabled the rapid detection of anoma-
lies, such as those caused by the wrong management of the artificial
lighting system during night hours.

Moreover, the analysis revealed that the base load accounted for
49.4 % of total electricity consumption—a significant share that needs
further investigation to understand its composition and related optimi-
sation opportunities.

Overall, the proposed methodology offers a practical and scalable
approach for identifying key energy sub-loads in non-residential build-
ings. It provides energy managers with actionable insights and reference
performance patterns, allowing for more targeted and cost-effective
interventions to reduce consumption and improve operational
efficiency.

Energy-based and environmental-based benchmark data on office
buildings available in the scientific literature could be helpful in iden-
tifying the most critical loads on which attention should be focused.

In future works, through dynamic simulation software, the building
and related HVAC systems could be simulated, evaluating the impact of
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interventions (e.g., building envelope, energy conversion systems, en-
ergy management system) even if more information is required (e.g.,
indoor/outdoor air temperature, inlet/outlet EHP water temperature,
solar radiation) for an accurate analysis, even if they are typically
available if BAS is installed.

This simulation analysis could be very useful to evaluate in which
way an intervention on building transmittance (opaque and transparent
envelope), on main components of the HVAC system (e.g., energy con-
version system, hydraulic circuit, pumps) and its management based on
outdoor air temperature (e.g., scheduled operation, EHP outlet water
temperature) could affect primary energy demand, greenhouse gas
emissions and operating costs.
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In this section, the flow charts considered to evaluate four sub-loads are reported.
Fig. Al shows input and output data considered to apply the I step of the methodology to estimate the base load.

Base Load: EE};
(i=1:j=1; h=1)

A

Scheduled occupancy,

agy (weekdays,

weekend days, holidays)

Base load data required:

BUL. , b .iih. o .
Egiisai; bis ji hs en; fn

Building Electric load:
EBUI
EL(i)

Scheduled HVAC

operation, b;, (weekdays,
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No

The preliminary occupancy load (II.1 sub-step) is calculated following the procedure reported in Fig. A2. The final occupancy load (II.2 sub-step) is

Base load (HVAC
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Fig. Al. Flow chart considered to evaluate base load (I step).

then estimated using the flow chart shown in Fig. A3.
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Fig. A2. Flow chart considered to evaluate occupancy load, first sub-step (IL.1).
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Fig. A3. Flow chart considered to evaluate final occupancy load, second sub-step (II.2).
Finally, HVAC auxiliaries (IIl step) and EHP (IV step) loads are
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evaluated considering the methodology proposed in Fig. A4.
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nominal load EHP) load (i=1) HVAC operation
Eéqll,lri(om W‘T])
Building Electric load HVAC load:
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EZX =
EEfiP =0

Deactivation Normal operation
< (a;=10,a;_1=1) activation Auxiliaries HVAC load:
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deactivation EAYX = EAUX..
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— Auxiliaries HVAC load:
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Fig. A4. Flow chart considered to evaluate auxiliaries and HVAC load (III, IV).
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