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Abstract

In the last few years, great attention has been turned towards global sustainability and
related key needs. The ambitious United Nations Sustainable Development Goals (SDGs)
have been introduced to address the main global challenges on this topic. However,
sustainability challenges are highly interconnected and often addressed in isolation, under-
scoring the need for integrated data-driven approaches. This paper presents the design of
a data management software platform tailored for edge—cloud computing environments
to support continuous SDG monitoring. The system enables real-time data collection
at distributed edge devices and centralized analysis in the cloud, facilitating actionable
insights in response to user-defined sustainability queries. As a practical demonstration,
we describe the implementation of a module for monitoring energy consumption with
reference to a given organization (e.g., a university).

Keywords: Sustainable Development Goals; data management; data integration; IoT;
edge computing; energy monitor; data collection; data processing

1. Introduction

A global to-do list for sustainable development is provided by the United Nations
Agenda 2030, where 17 Sustainable Development Goals (SDGs) are identified to eradicate
poverty, establish socioeconomic inclusion, and protect the environment [1] (see Table 1).
The SDGs aim to stimulate actions over the next years in areas of critical importance for
humanity and the planet. The main purpose is to ensure that all human beings can enjoy
prosperous and fulfilling lives and that economic, social, and technological progress occurs
in harmony with nature, including through sustainable consumption and production.

In the realm of this study, we focus on SDG 7, encompassing targets that range from
universal electricity access to the promotion of renewable energy and energy efficiency. To
contextualize the focus of the present study, Table 2 summarizes the main SDG 7 targets and
their associated indicators, highlighting those that are directly relevant to our analysis. By
aligning this study with these targets, we demonstrate how monitoring energy consumption
at the local or institutional level can contribute to global efforts to achieve affordable,
reliable, and sustainable energy for all.

Monitoring the SDGs is an important challenge and strategic opportunity for stake-
holders and beneficiaries involved with the Agenda 2030 at all levels [2,3]. Indeed, quantify-
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ing progress towards achieving the SDGs enables to track global efforts towards sustainable

development and guide policy development and implementation [4].

Table 1. The list of the 17 Sustainable Development Goals (SDGs) [1].

SDG Number SDG Title SDG Description

SDG 1 No Poverty End poverty in all its forms everywhere

SDG 2 Zero Hunger End hunger, achieve food security and .1mproved
nutrition, and promote sustainable agriculture

SDG 3 Good Health and Well-Being Ensure healthy lives and promote well-being for all at
all ages

SDG 4 Quality Education Ensure 1n§luswe and equltable qual.lt.y education and
promote lifelong learning opportunities for all

SDG 5 Gender Equality giﬁzeve gender equality and empower all women and

SDG 6 Clean Water and Sanitation Ensure avallablhty and sustainable management of
water and sanitation for all

SDG 7 Affordable and Clean Energy Ensure access to affordable, reliable, sustainable, and
modern energy for all
Promote sustained, inclusive and sustainable

SDG 8 Decent Work and Economic Growth economic growth, full and productive employment,
and decent work for all

SDG 9 Industry, Innovation, and Infrastructure Bmld. resﬂmpt 1nfra§ tructure, promote inc lusive a nd
sustainable industrialization, and foster innovation

SDG 10 Reduced inequalities Reduce inequality within and among countries

SDG 11 Sustainable Cities and Communities Ma-k.e cities and hu.m an settlements inclusive, safe,
resilient, and sustainable

SDG 12 Responsible Consumption and Production Ensure sustainable consumption and production

patterns

SDG 13

Climate Action

Take urgent action to combat climate change and its
impacts

SDG 14

Life Below Water

Conserve and sustainably use the oceans, seas, and
marine resources for sustainable development

SDG 15

Life on Land

Protect, restore, and promote sustainable use of
terrestrial ecosystems; sustainably manage forests;
combat desertification; halt and reverse land
degradation; and halt biodiversity loss

SDG 16

Peace, Justice, and Strong Institution

Promote peaceful and inclusive societies for
sustainable development, provide access to justice for
all, and build effective, accountable, and inclusive
institutions at all levels

SDG 17

Partnership for the Goals

Strengthen the means of implementation and revitalize
the Global Partnership for Sustainable Development

However, global sustainability challenges, from including sustainable consumption

and production to providing clean air and water, are closely interconnected yet often

separately studied and managed. Holistic approaches based on data management and

integration are necessary to create sustainability solutions and to assess progress towards

achieving the SDGs [5].
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Table 2. SDG 7—Ensure access to affordable, reliable, sustainable, and modern energy for all [1].

Targets

Indicators

7.1 By 2030, ensure universal access to affordable, reliable,
and modern energy services

7.1.1 Proportion of population with access to electricity
7.1.2 Proportion of population with primary reliance on
clean fuels and technology

7.2 By 2030, increase substantially the share of renewable
energy in the global energy mix

7.2.1 Renewable energy share in total final energy
consumption

7.3 By 2030, double the global rate of improvement in
energy efficiency

7.3.1 Energy intensity measured in terms of primary
energy and GDP

7.A By 2030, enhance international cooperation to
facilitate access to clean energy research and technology,
including renewable energy, energy efficiency, and
advanced and cleaner fossil-fuel technology, and promote
investment in energy infrastructure and clean energy
technology

7.A.1 International financial flows to developing
countries in support of clean energy research and
development and renewable energy production,
including in hybrid systems

7.B By 2030, expand infrastructure and upgrade
technology for supplying modern and sustainable energy
services for all in developing countries, in particular the
least developed countries, small-island developing states,
and land-locked developing countries, in accordance
with their respective programs of support

7.B.1 Installed renewable energy-generating capacity in
developing and developed countries (in watts per capita)

To meet these demands, it is essential to develop robust ICT platforms capable of
handling the scale, diversity, and dynamism of monitoring data. Such platforms must rely
on Internet of Things (IoT) technologies to continuously collect real-world information
from distributed environments. Equally important is the flexibility to process these data
at different locations, whether at the edge or near the data source, so that computational
resources can adapt to contextual needs [6,7]. Furthermore, recent approaches highlight
the importance of service management and energy scheduling to achieve low-carbon edge
computing goals [8].

In this context, IoT technologies, combined with edge computing, offer a powerful
foundation for scalable platforms that enable effective implementation, efficient operation,
and the real-time monitoring of the status and progress of SDGs. IoT ecosystems enable
four key operational scenarios: inventory monitoring, sensor-driven data collection, loca-
tion acquisition, and actuator control [9]. These services become even more powerful when
combined with edge computing, which supports granular, near-source data processing.
By reducing latency, edge-enabled IoT infrastructures allow for a scalable monitoring
solution. This distributed computing paradigm provides terminal users with high-speed
computation at any time and in any location, significantly accelerating the execution and
monitoring of SDG-related initiatives.

Although the use of platforms integrating IoT and edge computing is recognized as
essential to effective SDG-oriented data collection and processing, to the best of our knowl-
edge, no existing platform integrates these two aspects in a unified framework; the current
literature instead provides separate references focusing on 6G-edge [10] architectures on
one side and IoT-5G [11] solutions on the other.

In this work, we propose the design of a data management software platform tailored
for edge—cloud computing environments, where data are collected at distributed edge
devices and processed in the cloud. The platform is designed to support the continuous
monitoring and quantification of progress toward the SDGs over time, with reference to
specific organizations such as universities. User queries regarding sustainability metrics
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are submitted to the cloud, which aggregates and analyzes edge-collected data to generate
actionable insights. As a representative use case, we present the implementation of the
energy consumption monitoring module, demonstrating how edge data can be leveraged
through cloud-based analytics. This platform has been developed within the framework of
the initiatives promoted by the Sustainability and Ecological Transition Center (CSTE) at
the University of Palermo.

Given their widespread deployment across university campuses, energy meters serve
as a critical backbone for developing smart and sustainable campus environments. In
addition to measuring active and reactive energy to quantify the amount of electricity con-
sumed and produced by campus buildings, these meters can incorporate additional sensors
to monitor a variety of parameters, such as indoor environmental quality, temperature,
occupancy patterns, and equipment performance. Research findings indicate that smart
energy-metering systems contribute to achieving several SDGs [12-14], including SDG 11
(Sustainable Cities and Communities), SDG 7 (Affordable and Clean Energy), SDG 3 (Good
Health and Well-Being), SDG 13 (Climate Action), SDG 15 (Life on Land), and SDG 12
(Responsible Production and Consumption).

Finally, the designed system can integrate and analyze heterogeneous data streams,
providing actionable insights to support monitoring and decision making across multiple
SDGs. We remark that the platform is not limited to energy monitoring but is intended as a
flexible framework capable of supporting a wide range of sustainability indicators.

2. Related Works

The United Nations Agenda 2030 provides a global framework for sustainable devel-
opment through its 17 SDGs, which address critical challenges facing humanity and the
planet [1]. Monitoring the progress towards these goals is a complex but essential task for
all stakeholders, from global to local levels [3]. The progress analysis for guiding effective
policy development and ensuring accountability in global sustainability is addressed in [4].
However, the SDGs are highly interconnected, and addressing them in isolation can over-
look critical synergies and trade-offs. This has led to calls for more integrated monitoring
approaches, such as the development of new indices and frameworks that can capture the
complex relationships between and within the goals [2].

A central theme in recent sustainability research is the necessity of a systems integra-
tion approach. In particular, holistic data-driven strategies are essential to understanding
and managing the intricate links among environmental, social, and economic systems
to achieve global sustainability [5]. This perspective underscores the need for advanced
data management platforms capable of collecting, integrating, and analyzing heteroge-
neous data from various sources to provide a comprehensive view of an organization’s
sustainability performance.

In response to this need, recent research has increasingly focused on leveraging tech-
nologies like the Internet of Things (IoT), Wireless Sensor Networks (WSNs), and Big Data.
For instance, in [15], the authors demonstrate the application of the IoT and WSNss for
real-time air quality monitoring and energy-saving street lighting systems within a smart
city context. Their work showcases how distributed sensor networks can provide the gran-
ular data necessary for operational efficiency and environmental monitoring, which are
key components of SDG 11 (Sustainable Cities and Communities) and SDG 7 (Affordable
and Clean Energy). The “smart city” paradigm is often mirrored in the “smart campus”
concept, where universities serve as living laboratories for sustainability initiatives. Further-
more, recent implementations of IoT-based Building Energy Management Systems (BEMSs)
have demonstrated how distributed edge computing can effectively manage energy in
office buildings by reducing communication delays and cloud computational loads [16].
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Recent advancements have further formalized this through Green IoT frameworks de-
signed specifically to optimize energy consumption and anomaly detection within campus
environments [17]. With this purpose, the authors in [18] explored the integration of the
IoT and Big Data in higher education to enhance digital learning and foster sustainability
awareness, directly contributing to SDG 4 (Quality Education). This highlights the potential
for leveraging similar technological infrastructures within university settings to monitor
operational metrics beyond education, such as resource consumption. A significant compo-
nent of organizational sustainability, particularly relevant to SDG 7, is energy consumption
in buildings. This area presents unique data management challenges. For instance, the
authors in [19] demonstrate the practical application of energy modeling to assess sustain-
ability measures in a detailed case study of residential buildings in North Africa. The work
focuses on simulation experiments to quantify the substantial energy savings achievable
through interventions such as improving the building envelope and integrating solar tech-
nologies, exemplifying the type of granular analysis needed to inform effective strategies.
However, conducting such analyses at scale requires robust data, and historically, this has
been a major challenge. In [20], a review on building energy consumption information
is performed, highlighting the frequent lack of reliable, consistent, and disaggregated
data, which hinders effective analysis and policy making. The work identified a critical
information gap that modern data acquisition systems, like the one proposed in our work,
aim to fill by enabling automated and continuous data collection. Moreover, collaborative
edge—cloud architectures have been proven effective in priority-based residential energy
management, ensuring both system reliability and high resource utilization [21].

In addition to the above contributions, recent studies have specifically explored how
edge—cloud architectures enhance data collection and analytics in distributed environments.
For example, IoT-based Building Energy Management Systems equipped with distributed
edge computing capabilities have demonstrated reduced latency and lower communication
loads when processing energy data directly near the source, improving responsiveness and
scalability in organizational settings [11]. Similar approaches are presented in Green IoT
frameworks for smart campuses, which leverage edge processing to detect anomalies and
optimize energy efficiency before forwarding aggregated insights to cloud services [17].
Furthermore, priority-based residential energy management systems have highlighted the
benefits of collaborative edge—cloud coordination for achieving high resource utilization
and reliability [10]. These works reinforce the importance of combining local, near-device
computation with centralized cloud analytics. In contrast with these domain-specific
implementations, our platform integrates heterogeneous-meter data acquisition, edge-
side aggregation, and cloud-based warehousing within a unified architecture designed
explicitly to support the continuous monitoring of SDG-related indicators. Our work
focuses on a specific subfield of MEC, namely, distributed computing for metering systems
composed of lighting and other resource-constrained devices. In the context of general MEC
optimization studies [22], our platform emphasizes efficient, near-source data processing
and aggregation to enable the scalable, real-time monitoring of sustainability indicators
under strict resource limitations.

To clearly illustrate the benefit of the selected distributed approach, we compare it with
traditional IoT systems and cloud infrastructures in Table 3. Traditional IoT systems, such as
LoRaWAN [23], are fully centralized and do not support edge-level computation, resulting
in higher latency and bandwidth usage. Cloud infrastructure solutions can process multiple
data sources but require substantial data transfer to clustering servers, leading to moderate
latency and high bandwidth consumption. In contrast, the distributed approach enables
in-network and edge-level processing, reducing latency and optimizing bandwidth usage
while also supporting multiple communication protocols.
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Table 3. Comparative evaluation of the proposed distributed approach against traditional IoT systems
and cloud infrastructures.

Metric

Traditional IoT Systems Cloud Infrastructures Distributed (Proposed

Solution)
. o1 None. Fully centralized Limited. Processing High. Supports in-network
Edge Processing Capability processing. performed in cloud clusters. and edge-level computation.

Moderate. Depends on

High. Data forwarded to a Low. Local processing reduces

Latency central server. netw0r1'< and Fluster end-to-end delay.
configuration.
Bandwidth Usage High. Raw data transmitted High. Continuous data Optimized. Edge f11ter1.ng
upstream to the central server. transfer to cloud. reduces upstream traffic.
Multi-Protocol Support ' None. Rigid ar.1d Moderate. Integ'ratlon via Hllgh. Native support for
single-protocol architecture. cloud services. multiple protocols at the edge.

3. Platform General Design

A general software platform for monitoring the SDGs and quantifying progress to-
wards achieving them should provide services in a distributed environment to carry out
the following:

*  The automatic collection of data of various kinds (energy, mobility, waste, etc.) from
various sources, even heterogeneous;

*  Thecleaning and integration of such data, through storage in an appropriate reconciled
database, as part of the platform;

*  Decision support based on data monitoring over more or less extended periods of time;

e  Forecasting and proactive analysis, to determine what needs to be changed to avoid
potential damage and to achieve certain objectives.

As part of broader sustainability initiatives, a modular data monitoring platform has
been designed using an incremental approach, allowing for the progressive development
of independent components over time, starting from a core module focused on a specific
objective (e.g., resource consumption).

The ultimate goal will be the creation of a complete and reproducible system (see
Figure 1) for the collection, storage, and analysis of data, providing both decision-making
queries (Business Intelligence) and predictions, in order to decide future strategies and
interventions for Proactive Analytics. In particular, the data that feed the system may be
extracted from various heterogeneous sources, including textual documents, spreadsheets,
JSON documents, etc. These documents specify the datasets to be monitored, such as energy
consumption in university buildings, mobility and waste metrics, geospatial coordinates,
and related data.

To incorporate edge processing into the platform, additional components are intro-
duced within the Gateway layer to bridge the gap between source devices and the ETL
(Extraction, Transformation, and Loading) tools. These components form a structured archi-
tecture in which the Gateway becomes central to enabling the Edge Processing Application
(EPA) mechanism. The system employs ModBus communication technology [24] to connect
with environmental monitoring meters and designates Gateways and Fog Devices together
as edge elements. At the foundation of this architecture, the EPA mechanism manages the
distribution of computational workloads between Gateways and edge processing units
throughout the network.

In terms of data flow, monitoring data generated by a meter device are first received
by the designated Gateway for processing. We consider a scenario in which all processing
occurs at a single point within the Cloud-Edge Computing Continuum (CECC) [25,26].
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The implemented applications execute time-window aggregation in parallel, comput-
ing averages of collected measurements over system-configured intervals. The aggregation
algorithm processes incoming data streams and calculates mean values within sliding time
windows. By leveraging streaming data processing techniques, the system efficiently gen-
erates aggregated summaries that are then transmitted to the cloud, achieving significant
dynamic data reduction while preserving essential monitoring information.

/ = (((o))) \

-
ﬂte- - % () é

Mobility

Heterogeneous Sources /
| |

}
e ¢ \

Data Warehouse ‘ ‘
l & Data Lake

CSTE Data Monitoring Platform

Business Intelligence Proactive Analytics

Figure 1. General software platform for the monitoring of the SDGs.

At the cloud level, appropriate ETL tools are used to extract data from sources, elimi-
nate inconsistencies, complete missing parts, and integrate, clean up, and load them into a
reconciled database. The latter materializes the operational data obtained downstream of
the source data integration and cleaning process, creating a consistent and permanent copy
that will form an integral part of the platform.

The reconciled database feeds a data warehouse composed of data marts specifically
designed to support decision making and monitoring with respect to the metrics and Key
Performance Indicators (KPIs) of interest for each SDG (see Figure 2).
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CSTE Data Monitoring Platform

Data Warehouse

Figure 2. Sketch of data marts to support decisions and the monitoring of each SDG.

4. The Specific Case of Energy Consumption

One of the main aspects of the designed monitoring platform is the support of decisions
to reduce energy consumption inside a university campus. Therefore, the first instance of
the platform basic core, which we describe here, focuses on the design of the data mart
referred to as the SDG 7 Affordable and Clean Energy. The main goal is to examine the energy
consumption patterns of multiple buildings situated within the campus. To this aim, one or
more energy-metering devices are installed in each building. As depicted in Figure 3, the
campus of the University of Palermo, the considered case study, comprises 19 buildings,
with 25 energy meters distributed across 10 of these buildings as marked in the figure.

Figure 3. University of Palermo campus map with highlighted monitored buildings.

In the remaining part of this section, we first describe in detail the system for energy
consumption data acquisition that we have designed and developed, according to the
physical equipment available at the university campus. Then, we summarize the conceptual
and logical design of the data mart, and finally, we show some example query results
obtained by using the framework QlikView [27].

4.1. Data Acquisition System

Energy meters are essential components in power management systems, as they mea-
sure energy consumption data. Moreover, network connection ensures seamless communi-
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cation and data exchange between these devices and the data monitoring platform. Electric
data acquisition techniques typically involve several steps and components, listed below:

1.  Sensing: Various sensors are employed to detect changes in the physical world and
convert them into electrical signals.

2. Signal conditioning: The raw electrical signals from sensors often require modifi-
cations, such as amplification, filtering, or isolation, to improve signal quality and
remove noise before further processing.

3.  Analog-to-digital conversion: Since modern data processing and storage rely on
digital formats, analog signals need to be converted into digital values through
Analog-to-Digital Converters (ADCs).

4.  Digital data processing: Digital data can be processed using microcontrollers, micro-
processors, or dedicated signal processing chips to extract useful information, perform
calculations, or apply algorithms.

5. Communication: Processed data can be transmitted to a central system or other
devices via wired or wireless communication protocols (e.g., RS-232, RS-485, Ethernet,
Wi-Fi, Bluetooth, or cellular networks) for real-time monitoring, remote control, or
further analysis.

6.  Storage: Data can be stored locally on memory devices (e.g., EEPROM, flash memory,
or SD cards) or remotely on servers or cloud platforms, allowing for historical trend
analysis, troubleshooting, or long-term performance assessment.

In the following, we describe the choices and design steps performed to implement
the proposed data acquisition system.

4.1.1. Energy Meters

The energy meters adopted for the proposed system are mostly provided by Schneider
Electric, although energy meters from other brands are available, e.g., those proposed
by Gavazzi (WM30). The features of energy meters are heterogeneous and depend on
the specific product installed. For example, the most adopted devices are the PM750,
PM3250, and PM5320 [28], which are also those present in the considered university campus.
Regarding the accuracy class, PM750 and PM3250 have an accuracy class of 0.55 (IEC 62053-
22) for active energy measurements, while PM5320 has a higher accuracy class of 0.2S (IEC
62053-22) for active energy measurements, providing more precise data for advanced energy
management applications. The products have functionality differences. For example, the
PM?750 measures basic electrical parameters such as voltage, current, power, and energy.
Additionally, it provides limited harmonic analysis up to the 15th harmonic and supports
ModBus RTU communication. The PM5320 offers a broader range of measurements,
including all the parameters of the PM750 plus extended harmonic analysis up to the 63rd
harmonic. It also supports multiple communication protocols, such as ModBus RTU and
ModBus TCP/IP, enabling seamless integration into various network configurations.

4.1.2. Communication Technology

The communication technology used to obtain energy meter information is ModBus,
which is a widely used, well-established communication protocol that has become standard
in various industries, including the energy-metering sector. Originally developed by
Modicon (now Schneider Electric) in 1979 for industrial automation systems, it remains a
popular choice due to its simplicity, robustness, and open nature [29]. ModBus operates on
a master—slave architecture, where one master device communicates with multiple slave
devices within the same network. The master initiates the exchange by sending requests to
the slaves, which then respond with the requested data or acknowledge the action. There
are three primary variants of the ModBus protocol:
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*  ModBus RTU: A binary-based protocol transmitted over serial communication lines
(typically RS-232 or RS-485).

¢ ModBus ASCII: This variant represents data as ASCII characters and is also transmit-
ted over serial lines. While it is more human-readable than ModBus RTU, it is slower
and less efficient due to the increased message size.

¢ ModBus TCP/IP: This version of ModBus extends the protocol to work over Ethernet
and Internet Protocol (IP) networks, enabling devices to communicate using standard
network infrastructure. ModBus TCP/IP retains the core ModBus protocol but en-
capsulates it within TCP/IP packets, providing higher speed and better compatibility
with modern networking equipment.

In ModBus, the master issues requests to slaves, which return responses according
to the defined function codes. The query and response messages hold the same structure,
containing the following elements: (i) Slave ID is a 1-byte address field. We can connect
256 devices to the ModBus network. (ii) Function code is a 1-byte address field. The
function code in question tells the slave device what kind of action to execute. (iii) Data is a
single-byte address field. The data field consists of 1 start bit, 8-bit data, and 1 or 2 stop bits.
The data field contains data of field devices which are united into a network. In Figure 4 a
hybrid multi-vendor, multi-protocol energy meter architecture with specific reference to
ModBus technology is represented. At the Ethernet level, the master is directly connected
to the meters by ModBus TCP/IP solution, while bottom meter devices using ModBus
RTU are served by the ModBus Gateway. Therefore, the ModBus TCP /IP-to-ModBus RTU
converter is used as a Gateway.

Modbus Client / STORAGE

MODBUS TCP

MODBUS
GATEWAY
(MASTER)

ENERGY ANALYZER ENERGY ANALYZERS

— RS 485
—— ETHERNET

ENERGY ANALYZERS
(SLAVES)

Figure 4. Hybrid ModBus architecture including Ethernet and RTU connection by ModBus Gateway.

4.2. Implementation Details

We implemented a Python module to collect data from the deployed meter devices.
The data acquisition software was designed to be scalable and extensible by the definition
of a dedicated class for each energy meter. As shown in Figure 5, all classes inherit
general methods and attributes from a generic class called EnergyDevice. We implemented
four different classes called PM5320, PM750, PM3250, and GavazziWM30. Those classes
implement the same ModBus requests but differ in the register codes and the organization
of data (e.g., bit ordering). Table 4 reports the list of the energy meter features extracted
and their relative descriptions. More details on class implementation can be found in [30].
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EnergyDevice

client : ModbusClient dev

. . PM750
modbus_timeout : int

modbus_registers : dict

getREGISTERS()
initModbus(dev_info, MODBUS_TIMEOUT)
readRegisterFloat32(reg_info)

getDeviceName()
readRegisterFloat32(reg_info)
readRegisterUint16(reg_info)

readRegisterUint16(reg_info) readRegisterUint64(reg_info)

readRegisterUint64(reg_info)

PM3250

GavazziWM30

PM5320

modbus_registers : dict

modbus_registers : dict

modbus_registers : dict

tDeviceN
readRegisterFloat32(reg_info) getDeviceName()

readRegisterUint16(reg_info)

readRegisterUint64(reg_info)

readRegisterFloat32(reg_info)
readRegisterUint16(reg_info)
readRegisterUint64(reg_info)

readRegisterFloat32(reg_info)
readRegisterUint16(reg_info)

Figure 5. Class list of the implemented solution.

Monitoring progress toward SDG 7 requires a set of metrics that both measure energy
consumption and production directly and evaluate the stability and efficiency of the
electrical system. From the available system-meter data, we extract the metrics listed
in Table 4 which contribute to SDG 7 across two complementary categories: (i) direct
correlation and (ii) indirect correlation through system health and anomaly detection.
These are described as follows:

1.  Direct-impact metrics include the various forms of Active, Reactive, and Apparent
Energy measurements, which are fundamental to assessing energy sustainability.
Active Energy Delivered and Received quantify the building energy consumption
and potential on-site generation, supporting evaluations of energy neutrality and the
contribution of renewable sources such as solar or wind.

2. Indirect-impact metrics do not directly measure consumed or produced energy but
are essential to ensuring a reliable and efficient electrical infrastructure. Indicators
such as phase currents, voltages, and total harmonic distortion (THD), as well as
neutral, ground, and average currents, help identify anomalies including overloads,
leakages, and load imbalances. Detecting these issues early helps prevent equipment
failures and avoid unnecessary energy losses.

Although renewable energy sources can fluctuate in the order of seconds, measure-
ments are usually stored as time-averaged values. Indeed, [31] demonstrated that simula-
tions using time steps longer than one minute lead to underestimation of both imported
and exported energy. In practice, automatic meter reading infrastructures typically provide
15 min data for both demand and generation [32]. As discussed later in this section, the
developed system achieves an acquisition interval below one minute, independent of
the number of meters integrated. In our design, the monitoring temporal resolution is
a configurable parameter, allowing for adaptation to different edge data volumes. Con-
cretely, the ModBus module polls all devices every 5 min, retrieving selected registers and
encapsulating them in JSON format, suitable for storage in a database or transmission via
messaging protocols such as MQTT or RabbitMQ for real-time dashboard visualization.
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Table 4. Energy meter selected metrics.
. . . Size
Register Name Description Unit (INT16)
Delil\xzce:'l;; (]izf(??:)a a Energy supplied to the load. kWh 2
Rece?vcetzlvf OEtrte(:fg{oa a Energy drawn from the load. kWh 2
Delgztrl:; frllferfe};ve d Active Energy Delivered + Received. kWh 2
Delie:::ie EnI:%Zive d Total active energy exchanged. kWh 2
Reactive Energy Delivered Reactive Energy Delivered: Reactive KVARh 2
energy supplied to the load.
Reaf{t;::iszlgrgy Reactive Energy Received. kVARh 2
Reactive Energy .
Delivered + Received Reactive energy drawn from the load. kVARh 2
DelIi{\f:rC:ge—Elr{l:zgiyve d Net reactive energy transfer. kVARh 2
APP];:T;“;eE:;rgy Apparent energy supplied to the load. kVAh 2
Apparent Energy Received Apparent energy drawn from the load. kVAh 2
Dgirx’/ l;::(ein_: f{r;ecfe?‘}/,e d Total apparent energy exchanged. kVAh 2
Apparent Energy
Delivered — Received Net apparent energy transfer. kVAh 2
Nominal Frequency frequency measured by device Hz 2
Current A Electric current flowing A 2
through phase A.
Current B Electric current flowing A 2
through phase B.
Current C Electric current flowing A 2
through phase C.
Current N Electric current flowing A 2
through phase A.
Current G Electric current flowing A 2
through the ground wire.
Current Avg Average electric current across all phases. 2
Voltage A-B Voltage difference between 2
phase A and phase B.
Voltage B-C Voltage difference between \Y, 2
phase B and phase C.
Voltage C-A Voltage difference between Vv 2
phase C and phase A.
THD Current A Total harmonic distortion of % 2
the electric current in phase A.
THD Current B Total harmonic distortion of % 2
the electric current in phase B.
THD Current C Total harmonic distortion of % 2

the electric current in phase C.
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To ensure the replicability of the proposed solution and clarify the data collection
logic executed at the edge, Algorithm 1 outlines the procedure for device polling and
variable data aggregation. This logic manages the trade-off between granular monitoring
and network overhead.

The raw measurements collected at the edge are then processed through an ETL
workflow designed to address the heterogeneity and data quality issues arising from the
integration of multiple meter types. As shown in Figure 5, an object-oriented abstraction
layer is employed, where each meter model extends a common EnergyDevice superclass.
This approach enables a uniform interpretation of device registers, consistent unit nor-
malization, and the structured formatting of measurements prior to entering the ETL
pipeline. During acquisition, several data quality issues were observed, including missing
or partial ModBus frames, transient communication errors, inconsistent timestamping,
and spurious numerical values caused by electrical noise. The edge logic described in
Algorithm 1 mitigates these problems through buffering and time-window aggregation
(ComputeAverage method), retry mechanisms based on predefined modbus_timeout rules, and
the discarding of invalid readings. This ensures robustness against sporadic acquisition
failures and prevents corrupted data from propagating to higher layers of the system. To
ensure temporal coherence across heterogeneous devices, the ETL layer standardizes times-
tamps and aggregates all measurements into a uniform 5 min resolution. This parameter is
configurable and is motivated by both the acquisition capabilities of the system. Actual
polling time consistently remains below one minute regardless of the number of monitored
meters, in line with the existing literature showing diminishing benefits below sub-minute
resolutions and a risk of underestimating imported and exported energy. At the same
time, the chosen interval reduces the overhead on network and database resources while
preserving meaningful variations in consumption and production signals. Following these
steps, the ETL workflow validates, harmonizes, and integrates the processed data into
the reconciled database, which then serves as the structured input for the star schema
presented in Figure 6.

Algorithm 1 Edge device polling and data aggregation logic.

Require: List of Meters, AggregationWindow, PollingInterval
Ensure: Aggregated Energy Data sent to Cloud
1: DataBuffer < @
2: LastUpload <+ GetCurrentTime()
3: while SystemRunning do
CurrentTime <+ GetCurrentTime()
for all meter € Meters do
{Parallel execution or async calls}
RawData < meter.read_modbus_registers()
DataBuf fer.append(RawData)
end for
10:  if (CurrentTime — LastUpload) > AggregationWindow then
11: AggregatedData <— ComputeAverage(DataBuf fer)
12: TransmitToCloud(AggregatedData) {via MQTT /Rest}
13: DataBuf fer <+ @
14: LastUpload < CurrentTime
15 end if
16:  Wait(PollingInterval)
17: end while

D AN
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ID Current
Current
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Figure 6. Overview of the designed data warehouse architecture. Reconciled measurement data are
ingested by using the star schema present into the outlined table.

The combination of the object-oriented design presented in Figure 5 and the polling
logic detailed in Algorithm 1 ensures the reproducibility of the proposed system. Specif-
ically, the modular definition of the EnergyDevice class allows for the easy integration
of new meter models by simply extending the base attributes and register maps, while
the edge-level aggregation logic can be replicated using standard MQTT brokers and
time-window processing.

4.3. Conceptual and Logical Design

To support the construction of the SDG 7 data warehouse, the system implements
a multi-stage process that transforms heterogeneous raw measurements into a unified,
validated, and analytics-ready repository. This process comprises four main phases, extrac-
tion, cleaning and harmonization, temporal alignment and aggregation, and integration into the
reconciled database:

1.  Extraction of heterogeneous device data.
The acquisition layer collects measurements from different meter models (e.g., Schnei-
der PM750, PM3250, PM5320, and Gavazzi WM30), each with distinct register maps,
data types, and sampling capabilities. An object-oriented abstraction layer (Figure 5)
unifies these differences: every meter type extends the common EnergyDevice class,
which encapsulates device-specific decoding routines and converts ModBus registers
into meaningful physical quantities. This stage produces a first structured representa-
tion of the data, independent of the underlying hardware.

2. Data cleaning and harmonization.
Raw readings may suffer from incomplete ModBus frames, transient communication
failures, and noise in electrical signals. The edge logic described in Algorithm 1
addresses these issues by discarding corrupted values, retrying failed data acquisitions
according to predefined timeout rules, and buffering valid measurements. During
this phase, all numerical values are normalized to standard units (e.g., kWh, V, A,
Hz, and %THD) regardless of device encoding (INT16, UINT32, and FLOAT32), thus
removing format heterogeneity and ensuring semantic consistency.
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3. Temporal alignment and aggregation.
Since different devices may respond at slightly different times, timestamps must be
aligned in a coherent temporal grid. The system aggregates buffered measurements
through the ComputeAverage method, producing time-window summaries that are
robust to sporadic missing readings. The final harmonized dataset adopts a uniform
5 min resolution, a configurable parameter justified by the system’s acquisition perfor-
mance and supported by the existing literature. This step guarantees comparability
across all meters and enables consistent downstream analytics.

4. Loading into the reconciled database.
The cleaned, normalized, and temporally aligned data are stored in the reconciled
database, which acts as the authoritative operational data store. This repository
maintains the finest aggregated granularity, preserves device-independent semantics,
and ensures referential consistency. As such, it serves as the trusted single source
from which the data warehouse is populated.

In the final stage, the reconciled data are transformed into the multidimensional
structures of the SDG 7 data warehouse. Measurements flow into the fact table of the star
schema (Figure 6), while metadata such as time, device attributes, locations, and energy
types populate the corresponding dimension tables. This separation between the reconciled
database and the analytical warehouse enables strict data quality control at the operational
layer and efficient OLAP-oriented querying at the analytical layer.

4.4. Scalability and Extensibility

To assess the scalability of the proposed system, we monitored the time required to
read measurement data and logged the response times of each meter. Figure 7 presents
these results as a bar plot, where each bar represents the mean response time for a meter,
and the variance is indicated by the error bar. As shown, the average extraction time
is approximately 30 s. It is important to note that this interval includes the retrieval of
multiple metrics from each device, as described in Section 4.2. Although individual reads
take roughly 30 s, the overall collection time does not increase with the number of devices,
since measurements are acquired in parallel at the edge, and, when available, through
ModBus Gateways. Consequently, the total acquisition time corresponds to the maximum
read time among the devices, demonstrating that the system architecture ensures scalability.
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Figure 7. Average data acquisition time and variance for each monitored device.

4.5. Communication Protocols and Data Integrity

The developed system accommodates both ModBus RTU and ModBus TCP, facilitat-
ing versatile integration with diverse field devices. For ModBus TCP, the system inherently
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exploits TCP’s reliable transport features, such as automatic packet retransmission and
in-order delivery, which mitigate packet loss and corruption at the transport layer. Nonethe-
less, each transmitted measurement is additionally tagged with a timestamp. This enables
the receiving application to identify temporal discontinuities or missing samples in the mea-
surement sequence, thus revealing data gaps that may arise from communication anomalies.

Although not part of the analytical scope of this study, the proposed system architec-
ture can be extended to include additional edge-level processing for data quality monitoring.
For instance, lightweight anomaly detection methods could operate to identify outliers
in real time. A suitable example is the Hampel filter, a robust outlier detection technique
that can be applied to data stream [33]. The Hampel filter assesses values within a sliding
window and flags anomalies by comparing each observation to the median and median
absolute deviation of the local window.

4.6. Query Processing

The star schemes for SDG 7 monitoring are implemented by using the data warehous-
ing software framework QlikView [27]. QlikView is used as the front-end component
for the visualization layer of the SDG 7 monitoring platform. Once the reconciled data
are structured into the star schema shown in Figure 6, the fact and dimension tables are
imported into QlikView using its standard data loading interface. The framework automat-
ically establishes associations between tables through their key attributes, enabling users to
explore production and consumption trends through interactive dashboards. No custom
scripting or advanced configuration is required in the current implementation; QlikView
operates directly on the multidimensional structures generated by the data warehouse,
providing graphical summaries that support SDG 7 indicators.

Table 5 summarizes four example queries for which we show the obtained results.

Table 5. Examples of provided queries .

No. Query

1 Show the energy consumption (kWh) of each device of a building (ED18) grouped for year in the last 3 years
(2023, 2024, and 2025).

» Show the energy consumption (kWh) of various buildings in the period between January 2024 and December
2024.

3 Show the energy consumption (kWh) of one specific building (ED9) for each month in the period between
January 2024 and December 2024.

4 On average, in buildings with a surface area larger than 500 mq, which type of device is used the most

frequently in the month of March?

Figure 8 presents the outcomes for Query 1, demonstrating the comparative energy usage
(in kWh) of each device of one specific building (ED18) over the past three years. This diagram
visually represents each meter as a distinct box, with its size and color indicating its relative
energy consumption among the examined devices of the building. This plot representation
functions as a comprehensive query tool, efficiently identifying devices with major consumption
and showcasing any observable trends that have emerged over recent years.

Figure 9 illustrates the results related to Query 2, presenting an analysis of the monthly
energy consumption (kWh) across all campus buildings for the period spanning January
2024 to December 2024. In contrast to the previous query, this particular analysis empha-
sizes observations within a singular year. The figure provides an explicit comparison of
energy usage among various buildings, highlighting detailed information pertaining to a
specific month.
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Figure 8. Results for Query 1. Treemap visualization of annual electricity consumption (kWh) of

ED18 sub-components across 2023-2025. Each rectangle represents a sub-component (ED18_FM,
ED18_CDZ, ED18_CAPFM, and ED18_CAPCDZ), with its area being proportional to the correspond-
ing yearly consumption. Colors indicate consumption ranges according to the legend, spanning from
lower (blue) to higher (purple) values. Year labels are placed at the center of each group to distinguish
the annual aggregates. This self-contained representation enables direct comparison of consumption
levels across sub-components and years.

The results illustrated in Figure 9 reveal clear energy consumption patterns, which
are validated using real benchmarking data derived from a set of energy bills for a specific
building. Owing to privacy constraints, access was granted only to a subset of bills from an
earlier period than the one analyzed in this paper. Consequently, rather than referencing
the raw data directly, we compare their trends with the energy consumption records of
building ED14 from 2018 to 2022. The analysis confirms a recurring pattern: consumption
peaks in January and July, corresponding to the coldest and hottest months in Palermo.
August is excluded, as it is a non-working period due to public holidays in Italy.

290K building

ASILO

— ED2/3
ED7
— ED9
ED12
ED14
200k - EDI15
— ED16

ED18

— WURTH

300k

250k

150k

100k
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Figure 9. Results for Query 2. Monthly electricity consumption (kWh) for all monitored buildings
from July to June. The stacked area chart displays the contribution of each building (ASILO, ED2/3,
ED7, ED9, ED12, ED14, ED15, ED16, ED18, and WURTH) to the total monthly consumption. The
height of each colored band represents the building’s individual energy use for that month, enabling a
direct comparison of consumption patterns across buildings and seasons. This visualization provides
an integrated view of temporal trends, highlighting both overall load variability and building-specific
fluctuations throughout the year.
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To quantitatively assess the accuracy of the measures extracted by the system, we
compared them against the ground truth and computed the Mean Absolute Percentage
Error using six billing records for building ED14, obtaining a value of 8.3%.

Figure 10 highlights the results obtained for Query 3, showing the monthly energy
consumption (kWh) for a specific building (e.g., building ED9) between January 2024 and
December 2024. The figure clearly indicates a marked rise in energy consumption during
the hottest and coldest months, mainly due to the use of air conditioning systems. There is
a drop in consumption during the months when the building is closed or less frequented by
students (e.g., during the Christmas holidays in December, the summer holidays in August,
and university breaks, such as in June or March). To validate the consistency of the query
results, we compare the university energy bills for building ED9 in August and October,
which report equivalent values.

In order to obtain a more comprehensive understanding of the specific contributions
to the energy consumption for each building, every building is equipped with distinct
subsystem energy meters. We consider this aspect in the final query. Indeed, Figure 11
shows the outcomes of Query 4, which exclusively examines buildings with a floor area
exceeding 500 square meters. This analysis encompasses a total of 11 buildings. The bar plot
presented illustrates grouped bars for each building, with each bar representing a distinct
subsystem. Typically, the lighting system (GEN) exhibits a higher energy consumption
compared with other subsystems.

July
August
September
October
November

December

month

January
February
March
April
May

June

25k 30k 35k 40k 45k 50k 55k 60k 65k 70k 75k 80k
Monthly energy consumption (kWh)

Y Filtri applicati: building: ED9

Figure 10. Results for Query 3. Monthly energy consumption (kWh) for building ED9 over a one-year
period. Each point on the polyline corresponds to the total energy use recorded for a specific month,
with the horizontal axis indicating energy consumption values and the vertical axis listing months in
chronological order. This visualization highlights the temporal variability in ED9’s energy demand,
allowing for direct identification of seasonal peaks, troughs, and month-to-month changes. The
applied filter (building: ED9) isolates the building’s profile to facilitate focused analysis without
contributions from other facilities.
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Figure 11. Results for Query 4. Average energy consumption (kWh) of all monitored sub-components
across buildings, displayed as horizontal bars. Each bar represents the mean energy use of a specific
device or subsystem within a given building, allowing for direct comparison both within and across
facilities. Bars are color-coded according to the floor area (mq) of the corresponding building,
as indicated in the legend, providing contextual information on the scale of each facility. This
visualization enables readers to assess how consumption relates to building size and to identify
high-consumption sub-components that may warrant further investigation.

5. Discussion and Insights

Monitoring energy consumption is essential to achieving SDG 7, which aims to ensure
access to affordable, reliable, sustainable, and modern energy for all. Because energy un-
derpins basic services and has direct implications for sustainability, climate change, equity,
and resilience, tracking how energy is produced and used is crucial to informed decision
making. SDG 7 relies on measurable indicators, such as energy intensity (Indicator 7.3.1)
and installed renewable energy capacity (Indicator 7.b.1), to evaluate progress in efficiency
and clean energy deployment. In this context, infrastructure monitoring, which is the focus
of this paper, is important to help identify inefficiencies, support targeted energy-saving
actions, demonstrate contributions to global sustainability goals, and foster long-term
behavioral change. Overall, systematic monitoring provides the evidence base needed to
adjust policies, guide investments, measure progress, and ensure accountability across all
levels of society, making it a strategic necessity for fulfilling SDG 7.

In order to reach the stated goal, we require robust and scalable methods for data-
driven monitoring and analysis. Thanks to the edge—cloud approach, the proposed platform
addresses this challenge, with a specific focus on energy consumption as a key metric
for green technology initiatives. The main component of our platform is the strategic
implementation of an edge—cloud architecture. This decentralized paradigm is crucial to
creating an effective and efficient monitoring system in large-scale organizational contexts,
such as a university campus. The distributed processing at the network edge is closer to
the energy meters and reduces the computational and network load on the central cloud
infrastructure. Instead of transmitting a constant, high-volume stream of raw data, edge
devices can aggregate, filter, and normalize information before forwarding only relevant
insights. This approach significantly reduces bandwidth consumption and minimizes
the energy required for data transmission, making the monitoring system itself more
sustainable. Consequently, the cloud is freed from low-level processing tasks and can
dedicate its resources to more complex, value-added analyses, such as long-term trend
forecasting and proactive anomaly detection.
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Our focus on energy consumption directly targets SDG 7, which aims to ensure access
to affordable, reliable, sustainable, and modern energy for all. A distributed monitoring
system, like the one we have designed, is instrumental in achieving this goal within an
organizational framework. It moves beyond simple utility billing to provide granular,
real-time insights into where, when, and how energy is being consumed. This detailed
visibility empowers stakeholders to identify specific points of inefficiency, validate the
impact of energy-saving interventions, and cultivate a culture of responsible energy use.
The integration of various meter types demonstrates the platform’s capacity to handle
heterogeneous data sources, which is a common real-world challenge. By leveraging edge
computing, we not only monitor progress towards SDG 7 but also embody the principles
of the Green IoT by designing an infrastructure that is inherently more resource-efficient.

Looking forward, the modular design of our platform provides a clear roadmap for
expansion. While this paper focuses on energy (SDG 7), the foundational architecture can be
readily adapted to monitor other critical sustainability metrics, such as water consumption
(SDG 6), waste generation (SDGs 11 and 12), and air quality. The true potential of this
platform lies in its evolution from a monitoring tool to a proactive management system.
The curated data within the data warehouse serve as a rich foundation for applying
advanced machine learning and data mining techniques. Future work will focus on
developing predictive models to forecast energy demand, automate alert systems for
consumption anomalies, and ultimately support dynamic, intelligent decision making for
more sustainable and resource-efficient organizations.

6. Conclusions

We have presented the design of a data management software platform aimed at
monitoring and quantifying progress toward the SDGs, a key task outlined in the United
Nations Agenda 2030. The proposed platform is built on an edge—cloud architecture,
where data are collected in distributed edge devices and aggregated in the cloud to enable
centralized analysis and scalable monitoring.

As a case study, we focused on the initial core module of the platform to monitor
energy consumption within a university campus. We demonstrated the implementation of
a data acquisition system at the edge and showed how collected data are integrated and
analyzed in the cloud. In particular, we implemented and executed four representative
sustainability-related queries in the cloud environment, illustrating how the system works
on real-time edge data. At this stage, the system is able to monitor energy consumption,
without providing specific alerts in case of possible encountered anomalies.

In the future, we plan to extend the functionalities of the energy consumption moni-
toring platform with suitable outlier detection strategies, in order to identify anomalies and
prevent the monitored buildings to be subjected to possible damages. Moreover, we plan to
expand the platform by developing dedicated data marts for monitoring all 17 SDGs, which
will require addressing complex challenges in heterogeneous data integration. Indeed,
further data typologies will need to be analyzed, such as unstructured data (texts, pdf
files, etc.). We are already working on the implementation of the platform services for
managing collaboration among stakeholders (SDG 17) and those for supporting water
metering (SDG 6). In addition, our goal is to incorporate advanced data mining techniques
and analytical models to enable holistic assessment and support decision-making processes,

including also statistical methods to assess data quality and validate trends. Finally, as
part of future work, we plan to perform a comparative evaluation with other edge com-
puting systems, assessing the resource requirements and their impact on the feasibility of
constrained edge devices.
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