
.

.

Latest updates: hps://dl.acm.org/doi/10.1145/3663741.3664786
.

.

RESEARCH-ARTICLE

Technological and Research Challenges in Data Engineering for
Sustainable Agriculture

SANDRO BIMONTE, National Research Institute for Agriculture, Food and Environment,
Paris, Ile-de-France, France
.

GIANNI BELLOCCHI, National Research Institute for Agriculture, Food and Environment,
Paris, Ile-de-France, France
.

FRANCOIS PINET, National Research Institute for Agriculture, Food and Environment, Paris,
Ile-de-France, France
.

GUILLAUME CHARRIER, University of Clermont Auvergne, Clermont-Ferrand, Auvergne-
Rhone-Alpes, France
.

DIMITRIS SACHARIDIS, Université Libre de Bruxelles, Brussels, BRU, Belgium
.

MAHMOUD SAKR, Université Libre de Bruxelles, Brussels, BRU, Belgium
.

View all
.

.

Open Access Support provided by:
.

University of Liège
.

Poznan University of Technology
.

Dublin City University
.

University of Milan
.

Université Libre de Bruxelles
.

University of Clermont Auvergne
.

View all

PDF Download
3663741.3664786.pdf
26 February 2026
Total Citations: 3
Total Downloads: 146
.

.

Published: 09 June 2024
.

.

Citation in BibTeX format
.

.

SIGMOD/PODS '24: International
Conference on Management of Data
June 9 - 15, 2024
AA, Santiago, Chile
.

.

Conference Sponsors:
SIGMOD

BiDEDE '24: Proceedings of the International Workshop on Big Data in Emergent Distributed Environments (June 2024)
hps://doi.org/10.1145/3663741.3664786

ISBN: 9798400706790

.

https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3663741.3664786
https://dl.acm.org/doi/10.1145/3663741.3664786
https://dl.acm.org/profile/81384616037
https://dl.acm.org/institution/60123163
https://dl.acm.org/institution/60123163
https://dl.acm.org/profile/99661225467
https://dl.acm.org/institution/60123163
https://dl.acm.org/institution/60123163
https://dl.acm.org/profile/81100029248
https://dl.acm.org/institution/60123163
https://dl.acm.org/institution/60123163
https://dl.acm.org/profile/99661230704
https://dl.acm.org/institution/60138276
https://dl.acm.org/institution/60138276
https://dl.acm.org/profile/81100153248
https://dl.acm.org/institution/60000145
https://dl.acm.org/profile/81464641518
https://dl.acm.org/institution/60000145
https://dl.acm.org/doi/10.1145/3663741.3664786
https://libraries.acm.org/acmopen
https://dl.acm.org/institution/60000964
https://dl.acm.org/institution/60008555
https://dl.acm.org/institution/60025059
https://dl.acm.org/institution/60030318
https://dl.acm.org/institution/60000145
https://dl.acm.org/institution/60138276
https://dl.acm.org/doi/10.1145/3663741.3664786
https://dl.acm.org/action/exportCiteProcCitation?dois=10.1145%2F3663741.3664786&targetFile=custom-bibtex&format=bibtex
https://dl.acm.org/conference/mod
https://dl.acm.org/conference/mod
https://dl.acm.org/sig/sigmod
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3663741.3664786&domain=pdf&date_stamp=2024-06-09


Technological and Research Challenges in Data Engineering
for Sustainable Agriculture

Sandro Bimonte
Gianni Bellocchi
François Pinet

Guillaume Charrier
INRAE

Clermont-Ferrand, France

Dimitris Sacharidis
Mahmoud Sakr

Université Libre de Bruxelles
Brussels, Belgium

Ronan Tournier
Gentian Jakllari

IRIT, Université Toulouse Capitole
Toulouse, France

Gerard Chalhoub
Université Clermont Auvergne
Clermont-Ferrand, France

Tahar Kechadi
University College Dublin

Dublin, Ireland

Boualem Benatallah
Dublin City University

Dublin, Ireland

Francesco Marinello
University of Padova

Padova, Italy

Roberto Oberti
Università degli Studi di Milano

Milan, Italy

Jérôme Bindelle
University of Liège
Liège, Belgium

Ginta Majore
Vidzeme University of Applied

Sciences
Valmiera, Latvia

Piotr Skrzypczyński
Poznań University of Technology

Poznań, Poland
piotr.skrzypczynski@put.poznan.pl

ABSTRACT
This paper presents a concise exploration of the evolving landscape
of sustainable agriculture through the lens of data engineering.
The aim is to highlight the most important challenges in the field
and sketch ideas for how to address them. This position paper
delves into key research challenges such as multi-modal data in-
tegration, data quality assurance, network optimisation and edge
versus fog data processing strategies. Additionally, it emphasises
the significance of performance enhancement in driving innovation
within sustainable agriculture. By addressing these challenges and
following the proposed visionary approaches for future research
endeavours, we claim that data engineering will serve as a catalyst
for advancing sustainable agriculture practices.

CCS CONCEPTS
• Information systems → Mediators and data integration;
Information integration;
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1 INTRODUCTION
According to the definition provided by the United Nations Food
and Agriculture Organization (FAO) [14], sustainable agriculture
entails managing and conserving natural resources and directing
technological change towards ensuring the continued satisfaction
of human needs for the present and future generations. This concept
leverages principles of environmental non-degradation, technical
appropriateness, economic viability and social acceptability.

Disruptive digital technologies such as the Internet of Things
(IoT), robotics, Big Data analytics, and Artificial Intelligence (AI)
has fostered transformations across various sectors, including agri-
culture. This convergence has given rise to the concept of smart
farming or Agriculture 4.0 [29], which leverages IoT devices and
data-driven approaches to optimise operational efficiency while
balancing economic, environmental and social imperatives. Robots
play a pivotal role in smart farming. Capable of executing repetitive
and precise farming tasks over extended time periods, they offer
the advantage of low environmental impact and can operate effec-
tively within a fleet. Equipped with specialised tools and coupled
with advanced data acquisition and processing technologies, robots
demonstrate efficiency in several agricultural tasks such as spot
weeding, variable rate seeding or harvesting [56].

Motivated by the transformative potential of AI, IoT, robotics
and data-driven approaches in agriculture [37], we propose the con-
cept of the Internet of Robotics Things (IoRT) Data for Sustainable
Agriculture (Fig. 1), which embarks on a mission to explore flexible
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Figure 1: Concept of using data engineering to transform the
field of sustainable agriculture into an efficient, data-driven,
distributed system integrating sensors and robots.

data-driven solutions in the sustainable agriculture domain. How-
ever, the transition towards smart, sustainable agriculture presents
unique hurdles, particularly within data engineering [54], like the
integration of diverse data modalities, assurance of data quality, op-
timisation of network infrastructure, delineation between edge and
fog data processing paradigms, and enhancement of overall system
performance. While some of these challenges can be addressed by a
data management reference architecture for sustainable agriculture
proposed in [15], our work focuses on a vision for the transition
that can fully explore the AI, IoT and robotics potential.

Therefore, we briefly survey the key IoRT-based methods and
technologies, aiming to establish a coherent, effective and flexible
framework rooted in IoRT data. The methodological and techno-
logical research endeavours are structured around three primary
dimensions: (i) the Internet of Robotic Things, focusing on the inte-
gration and optimisation of data yielded by Iot and robotic systems
for agricultural tasks; (ii) data engineering, aimed at developing
robust data management, integration and analysis techniques tai-
lored to the unique challenges of agricultural data, and (iii) the
sustainability dimensions of agricultural systems encompassing
agronomic, environmental and ecological aspects. Recognising the
interrelated nature of the data value chain steps, our approach con-
siders innovations across data collection, management, analysis
and interaction. Moreover, by acknowledging the diverse array of
agricultural practices, the research on IoRT data extends to vari-
ous domains, fostering synergy and knowledge exchange through
generic agricultural research methodologies and innovations.

The IoRT data for sustainable agriculture concept has the po-
tential to yield immediate impacts on agricultural productivity,
resource conservation, and global food security. By leveraging real-
time data from IoT devices and robotics, farmers can make more
informed decisions, leading to optimised crop yields and enhanced
productivity. Using IoRT data can help in the efficient management
of resources such as water and energy, contributing to their conser-
vation and sustainability. In the long term, the IoRT data for sustain-
able agriculture concept holds promise in promoting resilience in
agricultural systems. By providing insights into ecosystem dynam-
ics and climate variability, IoRT data can enable farmers to adapt
to changing environmental conditions and mitigate the impact of
extreme weather events and environmental degradation.

2 DATA ENGINEERING FOR SUSTAINABLE
AGRICULTURE

Data engineering is commonly applied in sustainable agriculture, fa-
cilitating the management, analysis, and interpretation of a diverse
array of data generated by field devices and sensors [44]. Agricul-
tural IoRT applications require the use of intricate spatiotemporal
data, encompassing robot trajectories and time-stamped meteo-
rological data; the use of streaming data, including sensor data
from field deployments and multimedia data such as videos and
images, and the integration of historical data covering all facets of
an IoRT system [10]. Data engineering for sustainable agriculture
introduces unique requirements.
• It relies on autonomous robots and vehicles operating within
dynamic and uncontrolled environments. Handling fast-arriving
data streams from field devices, and particularly from robots
[59], requires real-time analysis capabilities to facilitate timely
decision-making and event handling. Techniques must be devised
to address unexpected events such as obstacles, weather changes,
or equipment failures effectively.

• It involves tightly constrained computational and communication
resources, often deployed in rural areas. Efficiently storing large
volumes of multi-modal data necessitates the development of
robust data ingestion and storage architectures, e.g. in the form of
a data lake architecture [39]. Moreover, data processing pipelines
have to strike the right balance in the edge-fog continuum.

• It deals with terrain and crop Variability. Research on moving
objects has primarily focused on two types of movement: con-
strained movement in networks, such as vehicles on roads or
trains on tracks, and free-space movement, such as animals. How-
ever, agricultural robots operate within constantly changing crop
layouts and diverse weather conditions. Planning routes must
account for these factors to ensure smooth navigation without
causing harm to crops or encountering obstacles. Although the
movement is constrained within a network, this network has a
dynamic nature, which presents a unique challenge, for instance
to trajectory similarity search.

• It involves stakeholders with diverse profiles, including equip-
ment providers and farmers lacking proficiency in information
technologies.
The existing data engineering paradigms for meeting the chal-

lenges of data-intensive agricultural applications encompass vari-
ous approaches such as (i) distributed relational databases RDBMS
[4, 5, 63], (ii) NoSQL systems [23, 24, 48], and (iii) data flow process-
ing systems like those using Spark [3, 62], (iv) Data lakes [45, 49]
and lakehouses [60]. These approaches compare to each other in
their advantages and disadvantages [32, 33, 50]. While RDBMS offer
a diverse range of features and methods, they encounter challenges
in scaling out effectively. NoSQL systems exhibit excellent scalabil-
ity but are still evolving and may lack sophistication in handling
mobility data, often featuring limited query capabilities and ba-
sic partitioning and indexing. Systems based on the Spark, while
scalable and offering a rich array of queries, may rely on ad-hoc
solutions for indexing and querying. Data lakes and lakehouses
emerge as promising solutions, offeringmetadatamanagement, data
governance, and scalable storage capabilities. However, challenges
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persist in representing metadata effectively and providing efficient
exploration of the data catalogue. Modelling a data lake to store and
retrieve heterogeneous field-level data efficiently presents a signifi-
cant research challenge. In the context of performance, benchmarks
proposed for distributed query processing in dynamic smart city
scenarios [57] might be applied for sustainable agriculture scenarios
as well. Addressing the multifaceted challenges in data engineer-
ing for sustainable agriculture demands innovative approaches to
data ingestion, storage, analysis, and retrieval. Implementing the
IoRT-based concept requires identifying and addressing research
challenges in areas such as multi-modal data integration, ensuring
data quality, optimising wireless communication protocols, and
harnessing the power of edge computing for real-time decision-
making.

3 RESEARCH CHALLENGES
Based on the characteristics and requirements that data engineer-
ing for sustainable agriculture introduces, we next detail specific
research challenges and sketch proposed solutions or directions
worth exploring.

3.1 Data Integration
Multi-modal data refers to information gathered from various sources
or sensors deployed in the considered scenario. Unlike other dis-
tributed systems where data integration takes place, IoRT systems
in agriculture are characterised by large diversity of sensing modal-
ities and data sources, encompassing a range of technologies, such
as drones, satellite imaging, ground sensors, weather stations, and
robotic agents. Each of the modalities provides distinct types of
data, including soil moisture levels, crop health indicators, weather
patterns, pest infestations, and more. By integrating data from these
diverse sources, farmers and agricultural experts can gain a more
comprehensive and nuanced understanding of crop conditions, en-
vironmental factors, and overall farm management.

In contrast, heterogeneous data in the context of sustainable
agriculture involves the diverse nature of agricultural data itself.
This diversity can manifest in terms of data formats, structures,
scales, and characteristics. For instance, data may vary in formats
such as text, images, geospatial information, and time series data.
Additionally, data may differ in resolution, accuracy, frequency
of collection, and spatial coverage. This heterogeneity poses chal-
lenges in aggregating, processing, and analyzing the data effec-
tively for decision-making in agricultural practices. Integrating
multi-modal and heterogeneous data in the domain of IoRT for
sustainable agriculture presents several challenges:
• Data fusion: combining data streams from various sensors and
sources while ensuring consistency and preserving the unique
characteristics of each data type.

• Data alignment: resolving disparities in data formats, coordinate
systems, temporal resolutions, and spatial resolutions to facilitate
meaningful integration and analysis.

• Semantic interoperability: establishing common vocabularies,
ontologies, and metadata standards to enable seamless commu-
nication and interoperability between different agricultural data
types and systems.

Integrating multi-modal data in sustainable agriculture involves
employing advanced data fusion techniques to merge information
from various sensors and sources while preserving the unique char-
acteristics of each data type [22]. Sensor data fusion, for instance,
facilitates the unified representation of agricultural phenomena
by combining data streams from drones, satellites, ground sensors,
and robotic agents [6]. Machine learning techniques can further
enhance this process by autonomously extracting meaningful pat-
terns and relationships from multi-modal data [30], enabling more
accurate and efficient integration while incorporating the insights
and expertise of domain experts and stakeholders.

Addressing the heterogeneity of agricultural data requires the
implementation of data alignment strategies to resolve disparities in
formats, coordinate systems, temporal resolutions, and spatial reso-
lutions. Techniques such as data normalisation, interpolation, and
georeferencing are employed to align disparate datasets, enabling
coherent analysis and decision-making in agricultural practices.
Additionally, integrating data from state-of-the-art robotic plat-
forms and sensors, modern localisation techniques [34], advanced
task and path planning approaches [9], and the potential of AI for
autonomous mapping in agriculture [11] further enhances data
alignment efforts. According to the findings of a recent survey [55],
many examples of agricultural mobile robots provide full navigation
and autonomous mapping capabilities, showcasing significant ad-
vancements in this field. By ensuring data consistency and compati-
bility through these strategies, the effectiveness of data integration
efforts is heightened, particularly in managing the heterogeneous
nature of agricultural data.

Achieving semantic interoperability is crucial for integrating
heterogeneous data in the domain of sustainable agriculture. Es-
tablishing common vocabularies, ontologies [16], and metadata
standards [12, 53] facilitates seamless communication and inter-
operability between different agricultural data types and systems
[20]. By enabling efficient data exchange, integration, and interop-
erability across diverse agricultural applications and stakeholders,
semantic interoperability solutions streamline data management
processes [27] and support informed decision-making in agricul-
tural operations, as well as in handling the various data modalities
involved.

3.2 Data Quality
Data quality is defined as the adequacy of the data with certain
criteria [18]. It is the conformity of the data with the reality that
people want to model. A quality level is a set of requirements
allowing a correct and safe use of the data. Quality is not an absolute
concept. Data may be of quality for one application but not for
another.

In the agriculture domain, the available data from IoT sensors,
connected autonomous equipment or external digital services (such
as weather) has drastically increased in availability and quantity.
Integrating or harmonising such large volumes of data inevitably
leads to quality issues, whether it be, for example, a badly calibrated
sensor or a service provider that updates its data format. Having
poor quality data can lead to a bad decision, for example, over-
irrigating crops or applying unnecessary treatments, which produce
environmental impacts.



BiDEDE ’24, June 09–15, 2024, Santiago, AA, Chile Bimonte et al.

Data quality is a multifaceted problem, and each issue has to be
tackled specifically. Based on previous work, the authors of [46]
identify different components of data quality:
• Genealogy and traceability of data, which provide information
on their origin and the methods to produce them.

• Accuracy, which assesses how closely the data conforms to the
real world in terms of precision.

• Completeness, which describes whether the objects in the dataset
represent all objects we want to model.

• Logical consistency, which requires the absence of contradiction
in the data.

• The consistency of the data with their domain of values (ranges
or types).
Data quality issues have to be detected. There are usually several

techniques to manage data quality, such as:
• Reject data that does not meet the required level of quality. For
example, integrity constraints can be modelled and controlled in
order to prohibit the insertion of new data which is not consistent
with a database [19].

• Correct data valueswhen possible, for example, by cross-checking.
• Interpolate or extrapolate missing data.
• Model data uncertainty, and take it into consideration in process-
ing, for example, using probability theory or fuzzy sets [31].

At the conceptual level, uncertainty can also be modelled thanks to
specific data model methods [40].

Detecting low quality data is an important task that requires
complex processing. Modern techniques, such as machine learning
algorithms, may detect outliers or anomalies much faster on big
data sets, but the probabilistic output of such algorithms will have
to be taken into account. In agriculture, training datasets must
also be further developed. To ensure machine learning models are
reliable, special attention has to be paid to ensure they are trained
on good quality data, they remain explainable [21], and do not cause
unwarranted harm [47]. Moreover, farm data are spatiotemporal
by nature, which leads to specific problems, such as the difficulty
of managing changing farm plots in the event of their splitting or
merging [2]. The aggregation of farm data from plots to territories
can also lead to the fusion of contradictory data, which must be
addressed. The confidentiality of certain farm data may also make it
necessary to use effective anonymization or aggregation techniques.
These methods must guarantee confidentiality even when the data
is cross-referenced with external information (for example, found
on theWeb). The use of such techniques will increase the confidence
of data producers [25].

With the ever-growing volume of data in agriculture, upon a
certain volume, statistical tools will help mitigate the impact of
data quality issues. However, not all systems will be able to reach
the threshold. The latter will require numerous specific mitigation
approaches, robust algorithms, and more resilient approaches.

3.3 IoT and Wireless Communications
The use of IoRT has enabled the agriculture domain to switch to
precision agriculture and develop new and sustainable techniques

[58]. This transition is not without challenges from the techno-
logical point of view [42]. On one hand, there are many wireless
communication technologies available on the market, such as WiFi,
ZigBee, LoRa, Bluetooth, and Cellular. Each of these technologies
answers specific performance and deployment requirements in
terms of coverage, data rate, reliability and latency. The choice of
one technology over the other involves a trade-off in some aspects.
For example, using LoRa technology can solve the issue of coverage
and lifetime of the network, but at the same time, LoRa can support
very limited data rates and can only be used for transmitting a
few bytes per second, depending on the deployment strategy [17].
On the other hand, once a specific technology is chosen, many
aspects should be taken into consideration in order to optimise its
performance. For instance, technologies such as Wi-Fi or ZigBee
use a probabilistic medium access control method, which cannot
guarantee a specific level of performance in terms of throughput
or latency. Such technologies are easy to use and deploy but suffer
severe performance degradation under high congestion [35].

One main challenge when optimising the performance of wire-
less communications is the ability to adapt to changes in the deploy-
ment environment [52]. These changes can arise due to mobility
of the communicating nodes, such is the case for connected robots.
When a robot is close to the network infrastructure, the access point
is Wi-Fi, the base station is cellular networks, and the wireless link
is able to support high data rates. But when the robot starts moving
away from the network infrastructure, the quality of the wireless
link deteriorates, and performances decrease. In such dynamic sce-
narios, AI algorithms come in handy [38]. Using machine learning
techniques can help predict the behaviour of the wireless link. This
prediction can be very useful for adapting the application behaviour
in order to avoid performance degradation [51].

In order to learn efficiently, the collected data should describe
the state of the network. These data are then stored and analysed
using learning methods to optimise the decision-making process.
Decisions can be made at different levels of the network protocol
stack, from the physical layer to the application layer [61]. Each
learning model integrated into the protocol stack will have its own
set of input data to analyse and its own actions to take.

Training these models, mainly applying reinforcement learning
models, can be very challenging. This is where network simulators
such OMNeT++, NS3, or OPTNET can offer the possibility of defin-
ing a wide variety of simulated training scenarios without taking
the risk of making false decisions in real scenarios [13]. One of the
main challenges of this training approach is to make sure that the
simulation tool is realistic, i.e., it emulates wireless link behaviour
in a realistic manner. Extending the simulated training phase to
online real training scenarios by the means offered by Transfer
Learning techniques is a promising method in this domain [43].

3.4 Edge vs. Fog Data Processing
The debate between edge and fog data processing is significant
within the domain of the IoRT and data management for sustain-
able agriculture. Edge computing involves processing data locally
on the devices themselves, such as robots or sensors, minimising
latency and reducing the need for constant data transmission to
centralised servers. This approach enhances real-time decision-
making capabilities crucial for tasks like precision farming [36].
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On the other hand, fog computing extends the edge paradigm by
incorporating intermediate nodes between the edge devices and
the cloud, allowing for more complex data processing closer to the
source while still leveraging cloud resources when necessary [26].
In sustainable agriculture, where efficient resource management
is paramount, edge and fog computing play pivotal roles. Edge
processing ensures rapid responses to immediate environmental
changes [53], optimising tasks like irrigation and pest control, while
fog computing facilitates more sophisticated analytics and predic-
tive modelling, enabling long-term planning and optimisation of
agricultural practices for sustainability and productivity [41].

From the viewpoint of the IoRT concept, there exist notable re-
search gaps and challenges, particularly concerning the integration
of robots, which, unlike typical IoT devices, can be considered au-
tonomous agents [8]. Modern robots often work with the Robot
Operating System (ROS), with the current standard being ROS2 [28].
While edge computing enables ROS2 robots to swiftly analyse sen-
sory inputs and execute tasks autonomously with minimal latency,
there remain challenges in optimising the coordination and commu-
nication between these robots and other edge devices. Additionally,
fog computing, which extends computational capabilities across in-
termediate nodes, including ROS2-enabled robots, faces challenges
in achieving seamless collaboration and data exchange among het-
erogeneous devices in dynamic agricultural environments. Further-
more, ensuring the security and privacy of sensitive agricultural
data processed at the edge and fog layers remains a critical concern.
Despite these challenges, the potential of integrating ROS-based
robots with edge and fog computing holds promise for advancing
sustainable agriculture practices. Further research is needed to ad-
dress these gaps and overcome challenges, ultimately enabling the
seamless integration of edge and fog data processing methodologies
with robots.

4 EXPECTED IMPACT
The concept of IoRT data for sustainable agriculture can address var-
ious agro-ecological challenges. For instance, in mitigating drought
impacts on grassland ecosystems, IoT-enabled visual sensors facili-
tate high-resolution spatial and temporal data collection, enhancing
monitoring for effective ecosystem management. Similarly, in com-
bating plant diseases like Esca and Powdery mildew in vineyards,
decision support systems using sensor data assist winegrowers in
disease control strategies, reducing reliance on plant protection
products and minimising environmental impact. Additionally, IoRT
enables precision agriculture by integrating data from weather con-
ditions, soil type, and crop management practices, empowering
farmers to make informed decisions and mitigate yield-limiting
factors such as extreme weather events and soil limitations.

The IoRT data concept anticipates delivering significant advance-
ments in sustainable agriculture by establishing a comprehensive
reference architecture for managing IoRT data derived from agro-
ecological processes. This framework streamlines data collection,
integration, and analysis [1, 7], offering a versatile toolkit tailored
for researchers, farmers, and policymakers. Through IoRT utilisa-
tion, stakeholders gain valuable insights into the agronomic, envi-
ronmental, and ecological benefits of IoRT-based agro-ecological
practices, fostering a deeper understanding of their impact on agri-
cultural systems.

Moreover, the IoRT system is poised to generate actionable rec-
ommendations for scaling up technological solutions, enabling
widespread adoption across diverse agricultural practices and fos-
tering innovation in the sector. Ultimately, IoRT holds promise in
revolutionising agro-ecological practices by leveraging advanced
technologies to optimise resource utilisation, minimise environ-
mental impact, and enhance agricultural resilience.

5 FINAL REMARKS
This paper underscores the visionary nature of the IoRT concept
and its profound relevance in addressing the pressing ecological and
economic challenges confronting agricultural systems. It offers in-
sights into pathways towards sustainable and resilient agricultural
practices by elucidating the potential applications of IoRT in sus-
tainable agriculture contexts, particularly through data engineering,
big data analytics, and edge/fog computing solutions. Embracing
the IoRT paradigm, with its emphasis on harnessing data-driven
approaches and advanced computing technologies, has the poten-
tial to catalyse transformative changes in agricultural management,
ultimately leading to a more prosperous and sustainable future.
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