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Abstract— This study examines AI-driven solutions for 

agricultural data interoperability through a combined 

empirical–theoretical approach, integrating stakeholder input 

with peer-reviewed research comprising two stakeholder 

workshops, one involving 28 participants and another involving 

50 participants (encompassing agri-tech, farming professionals,

policymakers, researchers, professors and industry experts), 

alongside a literature review of 50 peer-reviewed publications. 

The workshop revealed that structural incompatibility, 

semantic mismatches, and reliance on manual processes are 

major operational bottlenecks. Using thematic analysis of 

workshop discussions and literature synthesis, we identify five 

critical interoperability stages: Data Ingestion, Standardization,

Ontology Alignment, Integration, and Access/Sharing. By 

systematically reviewing literature, we identified AI techniques, 

such as anomaly detection, semantic mapping, and rule-based 

automation, that directly address these stakeholder-validated 

challenges, forming the foundation of a sequential AI-driven 

framework. Findings highlight the need for adaptive AI tools to 

automate processes like schema alignment and ontology 

mapping, to reduce preprocessing time. This work bridges 

theoretical frameworks with practical needs, offering actionable 

insights for scalable smart farming solutions.

Keywords - Artificial Intelligence, Data Interoperability, 

Agricultural Data 

I. INTRODUCTION 

The agricultural sector is undergoing a rapid transition 
from traditional methods to smart agriculture, in which vast 
amounts of data are generated through modern technologies 
[6, 18, 28]. Sensors, IoT devices, satellite imagery, drones, 
and farm management information systems (FMIS) [24, 61]
all contribute to this data influx, such as soil health metrics 
and weather patterns, supporting crop monitoring and yield 
predictions [6, 24, 28]. If used effectively, these data sources 
support improved productivity, sustainability, and 
profitability in agriculture [15, 22]. However, integrating such 
a variety of data remains one of the most challenging hurdles 
to fully unlocking the benefits of smart agriculture [15, 18, 28, 

29]. Data interoperability, the ability of different systems and 
organizations to exchange and make use of information 
without interference under established processes and 
protocols [6, 10, 21], is often limited. Because agricultural 
data is generated from multiple devices, it tends to be stored 
in isolated silos, using proprietary formats and governed by 
varied standards [15, 26]. For example, one manufacturer’s 
IoT sensor outputs JSON data, while satellite data may arrive 
in GeoTIFF, and the FMIS might rely on proprietary XML 
schemas [6]. This heterogeneity leads to significant barriers 
for seamless data exchange and reuse, since applications 
cannot easily leverage data from multiple IoT systems to 

[29]. 

Existing frameworks such as the Agricultural Data 
Application Programming Toolkit (ADAPT) and standards 
from the Open Geospatial Consortium (OGC) aim to enable 
automated interoperability [1, 43]. However, these approaches 
generally do not incorporate artificial intelligence (AI), 
meaning that integrated data cannot “leverage prior 
integration mappings for improved harmonization” [50]. 
Meanwhile, the FAIR (Findable, Accessible, Interoperable, 
Reusable) principles [60] and design guidelines for 
Agricultural Data Spaces [42, 54] provide a valuable 
conceptual foundation for data exchange, yet robust AI-
enabled solutions are still needed to operationalize these 
principles across diverse agricultural contexts [12, 13, 42].

One established route for improving data interoperability 
is to define and adopt standardized data formats and 
frameworks, as promoted by organizations like AgGateway 
and OGC [1, 6]. Recent studies, such as [57], have reviewed 

Interoperability Framework, Data Connector Report, 
DEMETER) [51] that aim to unify agricultural data. However, 
these initiatives commonly focus on structural standardisation 
rather than on intelligent, adaptive integration. Hence, 
semantic alignment across heterogeneous datasets remains 
largely unsolved, especially in scenarios where data from 
multiple sensors, platforms, and software systems must be 
reconciled in real time [5]. In addition to standardisation 
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efforts, several studies have explored the potential of AI and 
machine learning (ML) to automate data processing tasks, 
particularly in environments where data originates from 
multiple, heterogeneous sources. Reference [4], by first 
identifying an IoT/AI technical architecture capable of 
supporting the development of Smart Sustainable Agriculture 
(SSA) platform, is proposing a holistic IoT/AI platform to 
tackle interoperability. Reference [25] also states a lack of 
interconnection among different technologies. The role of AI 
in addressing these challenges is further supported by research 
in other industries, such as healthcare and finance, where 
machine learning (ML) models have been used to harmonize
disparate datasets and enable more efficient data exchange 
[16, 20]. Ontology alignment has emerged as a critical 
component of achieving semantic interoperability in 
agricultural data. Different agricultural systems often use 
varying terminologies to describe the same concepts, leading 
to semantic mismatches that hinder data integration. 
Reference [35] examined the use of AI-based ontology 
alignment tools to automatically map concepts between 
different datasets, ensuring that data from different systems 
can be interpreted and used in a consistent manner. These tools 
leverage ML models trained on agricultural datasets to 
recognize relationships between different terminologies and 
align them with a unified ontology. According to the 
systematic review [8], AI is revolutionizing agriculture, 
significantly enhancing efficiency and sustainability. Random 
Forest (19.2%) and Support Vector Machine (15.9%) are the 
most frequently used ML algorithms, alongside Artificial 
Neural Networks (24.9%) and Ensemble Learning (35.6%), 
demonstrating their versatility across various agricultural 
challenges. To support interoperability and effective data 
sharing, organizations like the Dublin Core Metadata 
Initiative (DCMI) and the International Standards 
Organization (ISO) develop and maintain standardized 
metadata. Notable agricultural initiatives include the 
Agricultural Information Management Standards (AIMS) and 
the Agricultural Metadata Element Set (AgMES) [10].

Complementing these standardization initiatives, AI has 
emerged as a critical enabler of interoperability in the public 
sector. According to [21], around 26% of analyzed AI use 
cases focus specifically on supporting interoperability, 
underscoring its importance. AI contributes by structuring, 
curating, standardizing, and linking public administration 
data, with common actions including 'Detect' (42%), 
'Structure' (22%), and 'Classify' (16%) [21], aligning with and 
enhancing the utility of metadata standards.

This paper argues that AI can both complement and serve 
as an alternative to current interoperability frameworks. Its 

agricultural data interoperability, incorporating insights from 
both: two stakeholder workshops with 78 participants in total, 

researchers -
2024). The workshops highlighted three major challenges: 
structural incompatibility, semantic mismatches, and reliance 
on manual processes, that impede effective data 
interoperability. Our findings combined identify five key 
stages essential for data interoperability: Data Ingestion, 
Standardisation, Ontology Alignment, Integration, and 
Access/Sharing. These stages leverage techniques such as 
machine learning, natural language processing, and semantic 

1 https://www.entrustdn.eu

synthesize
into a sequential process, transforming raw data into shared, 
actionable information, and a novel contribution to the field. 
Although interest in AI for agricultural challenges is growing, 
only a few studies directly address the intersection of AI and 
data interoperability in agriculture. To address this gap, our 
review also includes research from sectors from other sectors 
that use AI for IoT data interoperability [23, 2, 9, 14, 16].

II. METHODOLOGY

We adopt the Design Science Research Methodology 
(DSRM) [44] to structure the development of the framework. 
To gather empirical evidence, two stakeholder workshops1

were conducted in Ireland: the first in June 2024, and the 
second in February 2025. Together, the workshops engaged 
78 participants, including agri-tech developers, farmers, 
policymakers, researchers, and industry experts. These 
hybrid (online and in-person) workshops used structured 
brainstorming and scenario-based discussions to surface 
recurring interoperability challenges, such as incompatible 
IoT formats, semantic mismatches in crop terminology, and 
reliance on manual data handling. These stakeholder-
validated insights informed the criteria and focus of the 
subsequent literature review, which identified AI-driven 
techniques capable of addressing the same operational gaps. 
DSRM ensured that the resulting framework was both 
empirically grounded and systematically refined, bridging 
practical needs with conceptual design to produce a viable 
artefact for addressing agricultural data interoperability.

Guided by frameworks on conducting and reporting on 
systematic reviews [56, 58], this study aims to answer the 

address data interoperability challenges in agriculture, and 
how  effective  are  they  in  overcoming  issues  of  structural  
incompatibility,  semantic mismatches, and reliance on 
manual processes?”. The studies were manually sourced from 
Scopus and Google Scholar, with contributions from IEEE (13 
papers), MDPI (9 papers), Science Direct (15 papers), 
Springer (7 papers) and other databases (6 papers). The search 
focused on this search string: ("artificial intelligence" OR "AI" 
OR "machine learning" OR "deep learning") AND ("data 
interoperability" OR “Interoperability” OR "structural 
incompatibility" OR "format mismatch" OR "vocabulary 
conflict" OR "manual data processing" OR “"conflict 
resolution" OR "data sharing governance”) AND 
("agricultur*" OR "precision farming" OR “farm” OR “IoT” 
OR “Internet of things”). The results were exported to an 

from 2009 to 2024. This broad year range was chosen to 
capture both the early foundational work on AI methods for 
data interoperability and the latest innovative approaches. Our 
initial search yielded 372 publications. After removing 
duplicates (79) and non-English articles (35), we screened 114 
records by title/abstract. We excluded 64 records for: not 
discussing AI/ML techniques (17), lacking agricultural focus 
(41), or not addressing stakeholder-identified interoperability 
challenges (6). The remaining 50 full-text papers were 
assessed for eligibility. We included papers that explicitly 
addressed AI/ML techniques in connection with agricultural 
data interoperability challenges (structural, semantic, or 
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manual processes) when integrating sources like IoT sensors, 
satellite imagery, or farm management systems [5]. The 
review was limited to English-language publications due to 
English search terms. 

The authors did not apply a quality assessment of the 
papers’ discussions or arguments since the goal was to capture 
how AI methods are being used rather than to evaluate their 
rigor in depth. Each included publication was read in its 
entirety, with a focus on the sections describing AI methods, 
models, techniques and their role in facilitating 
interoperability. The reviewed papers are [2], [4]-[8], [9]-[11], 
[12]-[20], [23]-[33], [34]-[36], [38]-[41], [45]-[55], [57], [59]-
[60]. 

Their insights were systematically coded and cross-
referenced with themes from the literature review (Structural 
incompatibility, semantic mismatches, and reliance on manual 
processes) to ensure alignment between theoretical 
frameworks and on-the-ground needs. By synthesizing 
approaches from 50 peer-reviewed papers and integrating 
them with workshop insights, we observed that several AI-
driven methods for data interoperability consistently tackled 
specific challenges, starting with capturing and preprocessing
raw data, then converting and harmonizing various formats, 
followed by resolving semantic differences, merging 
heterogeneous sources, and finally ensuring secure, regulated 
access to the integrated data. This sequential progression, 
evident across multiple studies, naturally gave us the idea to 
group the studies into five stages of interoperability: ingestion, 
standardisation, ontology alignment, integration, and 
access/sharing. Each stage represents a critical transformation 
point, reflecting both the technical methodologies and the 
inherent challenges noted in the literature. Due to their broad 
focus, not all papers could be classified into specific 
categories.

III. RESULTS

Workshop participants: farmers, agri-tech developers, 
policymakers, and researchers, consistently emphasized 
interoperability pain points through scenario-based 
discussions. Farmers reported semantic mismatches as a daily 
hurdle ('One platform calls it "soil moisture"; another says 
"groundwater", same data, different terms, impossible to 
combine'). Agri-tech developers highlighted structural 
incompatibility in IoT ecosystems ('JSON from sensors, XML 
from tractors, manual reformatting eats 30% of dev time').
Policymakers and researchers universally decried reliance on 
manual processes ('We have the data, but stitching 
spreadsheets for subsidy audits takes weeks'). Through 
iterative thematic coding of session transcripts, these specific 
frustrations merged into three cross-cutting challenges: (1) 
structural incompatibility across data formats, (2) semantic 
mismatches in agricultural terminology, and (3) workflow 
dependency on error-prone manual interventions. The 
recurrence of these themes across both workshops confirmed 
their centrality to agricultural interoperability.

Analysis of the resulting 50 studies revealed a consistent 
sequential pattern in how interoperability was achieved and 
they reflect the logical flow of agricultural data management, 
starting with the initial capture and preprocessing of datasets 
(Data Ingestion) [27], through harmonization of formats (Data 
Standardisation) [47] and semantic concepts (Ontology 
Alignment), culminating in unified datasets (Data Integration) 

that can be securely accessed and shared among stakeholders 
(Data Access and Sharing) [57]. Each stage faces its own 
distinct challenges and employs specialized AI techniques to 
address them. Building on these insights, we subsequently 
merge these stages into a conceptual AI framework, 
illustrating how they can collectively address data 
interoperability challenges in agriculture. This framework 
serves as a synthesized
practices and their interrelationships, forming the backbone of 
our discussion on future directions and potential gaps in the 
field. 

A. Data Ingestion

The Data Ingestion Stage is responsible for collecting and 
preprocessing agricultural data from different sources such as 
IoT sensors, satellite imagery, weather reports, and FMIS [24, 
51, 55]. To handle this data heterogeneity effectively, several 
AI models are suggested in the literature for automating 
categorization, anomaly detection, and metadata extraction, 
which would make the stage more efficient compared to 
traditional rule-based methods [9]. For data categorization, 
Support Vector Machines (SVM) [16, 32] and Decision Trees 
[19, 47] are suggested due to their capability to handle high, 
dimensional data and classify structured data inputs 
effectively. Decision Trees are particularly useful for 
classifying data with clear hierarchies or decision rules [47, 
36], which aligns well with the structured nature of 
agricultural data inputs (e.g., categorizing crop data based on 
season, soil type, or location) [33]. 

Anomaly detection could be achieved using models like 
Isolation Forest or One-Class SVM [2, 25, 52, 53], which are 
ideal for identifying irregularities within high, dimensional 
datasets [38]. Isolation Forest isolates anomalies by evaluating 
the distance of data points from expected patterns [52], while 
One-Class SVM constructs a decision boundary that 
encompasses most normal data, making it effective for 
detecting inconsistencies [19]. These models are particularly 
effective for detecting anomalies in IoT sensor data [55]. For 
instance, if a soil moisture sensor usually records values 
between 20-30%, but suddenly shows 80%, this anomaly can 
be flagged as a potential sensor malfunction or an irrigation 
system leak. Such anomaly detection helps in maintaining 
data quality and operational efficiency in smart farming 
systems [32]. Rule-based methods would handle basic entity 
extraction, while decision trees can classify and extract 
complex metadata attributes like timestamps and locations by 
leveraging from predefined rules and patterns [9, 46].
However, while high interpretable models such as decision 
trees and rule-based systems offer clear, human-readable 
decision paths, this simplicity often comes at the cost of lower 
predictive accuracy in complex or high-dimensional datasets 
[2]. On the other hand, SVMs work well with limited data and 
are better at minimizing overfitting compared to neural 
networks and decision trees [32].  

B. Data Standardisation

The Data Standardisation Stage ensures that data from 
agricultural sources is compatible and can be integrated 
seamlessly [2, 34]. This process involves operations like 
anomaly detection, format conversion, and schema alignment, 
which traditionally require extensive manual effort [50]. By 
incorporating AI models, these tasks can be automated to 
reduce complexity and increase efficiency [20]. 
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For anomaly detection within the standardisation 
process, basic statistical models such as Z-score analysis are 
suggested [59]. Z-score can effectively identify outliers based 
on deviations from the mean, making it suitable for detecting 
anomalies like missing values or extreme outliers [59]. In the 
context of agricultural data standardisation, it can detect 
irregularities in continuous variables, such as temperature or 
precipitation levels. To standardize diverse input formats (e.g., 
CSV, JSON, XML), decision tree-based models are 
recommended [15, 47]. Decision trees can be used to 
implement conversion rules by learning from predefined 
patterns, allowing for the automatic transformation of 
heterogeneous data structures into a unified format [47]. For 
schema alignment and normalization, a rule-based system 
could be applied [14]. Rule-based methods are effective for 
enforcing schema consistency and unit standardisation, such 
as converting temperature values to a common unit [14]. For 
example, one dataset might record yield in “tons per hectare,” 
while another uses “kilograms per square meter.” A rule-
based system can automatically convert and align these units 
to ensure a unified schema, making the data comparable 
across sources [32]. Despite such capabilities, [25] emphasize 
that many decision support tools, including rule-based 
systems, see limited practical use in agriculture, primarily 
because they depend on highly detailed and often hard-to-
obtain input data. Another major limitation of rule-based 
systems according to [32] is poor scalability, since creating 
rules for every subtype or new class becomes computationally 
expensive and impractical. As for the Z-score method, while 
effective for outlier recognition, it does not allow for the 
automatic detection of the optimal number of anomalies 
within a dataset [59].

C. Ontology Alignment

The Ontology Alignment Stage addresses the semantic 
inconsistencies that often arise when integrating agricultural 
data from multiple sources. This stage aligns incoming data 
with predefined ontologies to ensure that different 
terminologies and structures are interpreted consistently, thus 
enabling semantic interoperability across various systems 
[45]. To automate ontology alignment, lightweight AI 
techniques such as word embeddings are proposed in 
literature [2, 39]. Word embeddings like Word2Vec are 
effective for capturing semantic relationships between terms, 
making them suitable for matching and aligning data fields 
with ontology concepts [23]. For example, in one dataset, the 
term “irrigation” may be referred to as “water management” 
in another. Word2Vec can identify the semantic similarity 
between these terms and align them to a common ontology, 
ensuring that different datasets can be integrated seamlessly 
[45]. Additionally, rule-based methods can be combined with 
word embeddings to refine the alignment process [39]. In 
cases where terminologies vary significantly (e.g., “herbicide 
application” vs. “weed control measures”), word embeddings 
can identify the semantic overlap, while rule-based methods 
validate these alignments using predefined rules [2]. For 
example, if “herbicide” is always associated with “chemical 
application” in the ontology, the rule-based system can 
confirm that “weed control measures” are indeed a subset of 
herbicide applications (Deppa et al., 2024). Once aligned, the 

data can be enriched with metadata indicating the alignment 
status and ontology mappings. This ensures that the data is 
semantically coherent and ready for further integration and 
analysis [31]. The Semantic Web is presented in [9] as a 
foundational technology for achieving knowledge 
management, sharing, and reuse through formal ontologies. 
Protégé, an ontology editor developed by Stanford in 1999, is 
widely used by ontology engineers to design and manage 
ontologies, such as the initial Common Learning Object 
Ontology. Complementing this, WordNet, a lexical database 
introduced by Miller in 1995, is employed to calculate 
semantic similarity between concept and property terms [9]. 
This facilitates the detection of naming conflicts during 
ontology alignment, helping ensure consistency and 
coherence across integrated data models. However, Natural 
Language Processing (NLP) techniques, such as Word2Vec-
based word embeddings, still face limitations in fully 
capturing nuanced meanings, leading to persistent challenges 
in achieving truly context-aware understanding [39]. A 
significant challenge arises when a word has multiple 
meanings, as static embeddings like Word2Vec assign a 
single vector to each word, ignoring context-specific 
variations in meaning [45]. While rule-based reasoning offers 
powerful deductive capabilities, its practical application in 
ontology mapping is constrained by the need for significant 
manual effort in rule and mapping creation [9], and its current 
inability to fully address the vast spectrum and complexity of 
existing conflicts. To address these limitations, there is a 
pressing need for well-defined and widely accepted 
technologies for representing data semantics. Technologies 
such as the Resource Description Framework (RDF), Web 
Ontology Language (OWL), and Linked Data [30] provide a 
structured foundation for semantic interoperability [30]. 
When combined with domain-specific ontologies like 
AGROVOC and AgOnt, these tools enable the use of shared 
vocabularies and structured relationships [30], thereby 
reducing semantic ambiguities and enhancing data 
interoperability across agricultural systems.

D. Data Integration

The Data Integration Stage merges data from various 
external sources with preferably the aligned data produced in 
the ontology alignment phase, ensuring that all information is 
consolidated into a unified dataset [9, 47]. This process 
traditionally involves manual tasks like schema matching and 
conflict resolution, which can be time-consuming and error 
prone [39]. To automate these tasks, several AI techniques 
are used in the literature to facilitate more efficient 
integration. For schema matching, simple similarity, based 
methods such as Jaccard Similarity are proposed [38]. 
Jaccard Similarity measures the similarity between datasets 
based on shared attributes, making it effective for matching 
schemas that use different terminologies to describe the same 
concept [38]. In agricultural data integration, one dataset may 
use “harvest date,” while another uses “crop maturity date.” 
Jaccard Similarity can identify these attributes as related, 
enabling their integration into a unified schema. 
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In cases where data conflicts arise, such as differing 
values or formats for the same attribute, rule-based conflict 
resolution methods can be employed. These methods use 
predefined rules to decide which data source should be 
prioritized based on criteria like source reliability or 
timestamp, ensuring consistency in the integrated dataset 
[46]. For more complex integration scenarios, probabilistic 
reasoning models, such as Bayesian networks, could be 
applied to handle uncertainties and dependencies between 
data fields [15, 16]. However, to maintain simplicity and 
efficiency, these models should be reserved for situations 
where rule-based methods are insufficient. 

E. Data Access and Sharing

Most interoperability frameworks stop at data integration. 
The Access and Sharing module in this framework extend
beyond technical integration to embed governance and 
control mechanisms aligned with data sovereignty [41, 53, 
54]. This module ensures that integrated data is accessible 
and reusable by various stakeholders through APIs and other 
data sharing mechanisms [41, 49, 10]. The stage is 
responsible for managing data access based on user roles and 
enforcing privacy policies to protect sensitive information 
[34]. Traditionally, implementing these controls requires 
manual configuration of role, based access control (RBAC), 
and privacy enforcement rules, making it labour-intensive 
and prone to errors [52]. To automate these tasks, a rule-based 
AI approach is suggested. This approach dynamically assigns 
access permissions through operations like granting access, 
which determines user access rights based on predefined roles 
(e.g., user, admin) and privacy policies [55]. For monitoring, 
basic anomaly detection models are used to track and flag any 
unauthorized access attempts in real time [59]. When sharing 
data and enforcing privacy rules to ensure compliance with 
established privacy levels, such as anonymization
requirements or consent, based sharing restrictions [5] are 
used in literature. For instance, a farm manager might have 
full access to all data, while a third, party agronomist might 
only have access to aggregated crop health data. The rule-
based system can enforce these access rights dynamically as 
user roles change or as new data is added [25, 32].

F. AI-driven Framework for Data Interoperability

In Figure 1 we propose a conceptual AI-driven framework 
for achieving data interoperability in agriculture, developed 
through an iterative design process grounded in stakeholder 
input and supported by a review of 50 peer-reviewed studies 
spanning 2009 to 2024. Applying Design Science Research 
Methodology (DSRM), we first identified three recurring 
challenges from stakeholder workshops: structural 
incompatibility across data formats, semantic mismatches 
between agricultural terminologies, and a heavy reliance on 
manual integration processes. These challenges shaped the 

Fig 1. AI-driven Framework for Data Interoperability

structure and focus of the literature review, which sought AI 
methods specifically capable of addressing each identified 
gap. The resulting five-stage framework, comprising Data 
Ingestion, Standardization, Ontology Alignment, Integration, 
and Access/Sharing, maps these AI techniques into a 
sequential pipeline. Raw data from IoT sensors, satellite 
imagery, and FMIS enters the Ingestion stage, where anomaly 
detection and metadata extraction are applied to clean and 
classify inputs. In the Standardization stage, format 
conversion and unit normalization harmonize heterogeneous 
data [14]. The Ontology Alignment stage applies semantic 
mapping and rule-based validation to reconcile 
terminological inconsistencies [17]. At the Integration stage, 
aligned data is merged using schema matching and conflict 
resolution. Finally, in the Access and Sharing stage, AI-
enforced access controls and real-time monitoring 
mechanisms regulate data distribution in compliance with 
privacy and usage rules. This sequential design directly
addresses the three core interoperability challenges identified 
by stakeholders: structural incompatibility is mitigated in 
Ingestion (anomaly detection for format errors) and 
Standardization (automated format conversion) stages.

Semantic mismatches are resolved in the Ontology 
Alignment stage (semantic mapping of agricultural 
terminologies). Reliance on manual processes is reduced 
through AI automation across all stages, most critically in 
Integration (automated conflict resolution) and 
Access/Sharing (rule-based access controls). 
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IV. DISCUSSION AND FUTURE DIRECTIONS

The transition to smart agriculture hinges on overcoming 
data interoperability challenges exacerbated by structural 
incompatibility, semantic mismatches, and reliance on manual 
processes, as identified from the workshops participants. Our 
paper builds on foundational efforts like the FAIR principles 
[60] and structural standards such as ADAPT [1] but diverges 
by prioritizing AI-enabled automation to address scalability 
and adaptability gaps. For instance, while ADAPT focuses on 
format standardization, our Ontology Alignment stage 
leverages semantic AI tools (e.g., Word2Vec) to resolve 
terminology conflicts, a challenge persistently noted in cross-
platform agricultural data integration [6, 45]. Similarly, rule-
based systems for schema alignment [14] were extended in 
our framework to incorporate probabilistic reasoning (e.g., 
Bayesian networks) for conflict resolution, addressing 
critiques of rigidity in traditional standardization frameworks 
[15, 32]. 

The sequential structure of the framework, progressing 
from ingestion to sharing, mirrors dependencies observed in 
real-world data pipelines. For example, [28] emphasized that 
standardizing units (e.g., converting “tons/hectare” to “kg/m²” 
using decision trees) [14] must precede schema matching to 
avoid cascading errors. [47] further validated Jaccard 
Similarity for schema alignment, achieving higher accuracy in 
heterogeneous systems. Crucially, the framework design 
embeds unresolved challenges identified in the literature. For 
instance, federated learning, proposed for privacy, preserving 
integration [5], remains untested in large, scale agricultural 
systems [2], while edge computing for real-time irrigation 
management is limited to theoretical models [25]. By mapping
these gaps alongside validated solutions, the framework 
serves as both a synthesis of current capabilities and a 
roadmap for future research. 

While AI literature often highlights the strengths of 
models like SVMs, NLP and Decision Trees, their limitations, 
especially in adapting to various data types, are less 
thoroughly examined. A key oversight is the tendency to 
evaluate these techniques in isolation, without accounting for 
how errors may propagate across different stages of the AI 
pipeline. This is especially problematic given that the 
effectiveness of AI systems depends heavily on the quality, 
quantity, diversity, and privacy of the underlying data [2, 25]. 
Poor data quality can lead to inaccurate or biased models, with 
potentially harmful outcomes in critical domains such as 
healthcare, finance, and agriculture. Insufficient or non-
representative datasets may result in oversimplified models 
that fail to generalize to complex, real-world scenarios, while 
lack of diversity can perpetuate systemic bias [2,25]. Many AI 
models face high computational overhead and latency [48]. 
This challenge is closely linked to a broader dilemma 
identified by [48]: whether to prioritize complex machine 
learning algorithms that demand large datasets, such as deep 
learning models, or to rely on smaller but higher-quality 
datasets. There is no clear consensus among ML experts on 
which approach is more effective. Based on interviews with 
agriculture and food system researchers, [5] highlights that 
developing trustworthy AI in agriculture faces significant 
hurdles, primarily due to farmers' reluctance to share data, 
ethical conflicts surrounding data privacy and transparency, 
and regulations that are often inadequate or misaligned with 
practical implementation [11]. Furthermore, Machine 

Learning-based systems often require real-time processing 
and decision-making capabilities which remote regions or 
resource-constrained enterprises may lack [8]. Advancements 
in Application Programming Interfaces (APIs) can further 
enhance interoperability between different precision 
agriculture tools, allowing farmers to choose solutions that 
best fit their specific needs [40].

Future work must prioritize practical implementation and 
validation of the framework, such as harmonizing weather 
sensors, soil data, and satellite imagery for crop yield 
prediction, to test the framework’s robustness against real-
world noise and legacy system incompatibility [15, 28]. 
Integration with platforms like AgGateway and European 
Data Spaces could operationalize the framework as a modular 
API, while co-designed governance models [42] would 
address farmer-centric ethical concerns [37]. As a next step, 
we propose developing a small-scale prototype using mock 
agricultural data sets. This use case would simulate the 
integration of soil moisture sensor readings (CSV), satellite 
imagery (GeoTIFF), and weather forecast data (JSON) across 
the five framework stages. AI techniques such as Isolation 
Forest for anomaly detection, decision trees for format 
conversion, Word2Vec for semantic alignment, and Jaccard 
Similarity for schema matching would be applied at their 
respective stages. Role-based access control would 
demonstrate dynamic sharing restrictions. While based on 
synthetic data, the prototype would serve as a proof-of-
concept to demonstrate the framework’s technical feasibility 
and logical coherence, laying the groundwork for future field-
scale implementations.

V. CONCLUSION

Agricultural data interoperability faces three core 
challenges: structural incompatibility, semantic mismatches 
and reliance on manual processes, identified through a 
workshop with 78 agricultural stakeholders. Complementing 
this, a review of 50 studies (2009–2024) revealed five critical 
stages in data interoperability: Data Ingestion, Data 
Standardisation, Ontology Alignment, Data Integration, and 
Data Access & Sharing. The five stages, each aligned with the 
most suitable AI techniques, were integrated into an AI-driven 
framework designed to transform raw agricultural data into 
shared, actionable information, addressing key challenges 
such as structural incompatibility, semantic mismatches, and 
reliance on manual processes.

Data Ingestion is responsible for collecting and 
preprocessing raw agricultural data from sources such as IoT 
sensors, satellite imagery, weather reports, and Farm 
Management Information Systems (FMIS). Anomaly 
Detection leverages techniques like Isolation Forest and One-
Class SVM, to identify irregularities in high-dimensional 
datasets. Metadata Extraction leverages Support Vector 
Machines (SVM) and Decision Trees to automate 
categorization and extract metadata.

Data Standardization ensures that agricultural data are 
compatible and can be seamlessly integrated. Anomaly 
Detection employs basic statistical models, such as Z-score 
analysis, to identify outliers, like missing values or extreme 
deviations in continuous variables such as temperature or 
precipitation levels. Format Conversion can be facilitated 
using decision tree-based models. Schema Alignment and 
Normalization rely on rule-based systems to enforce 
consistency in schema design and unit standardization.
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Ontology Alignment addresses the semantic 
inconsistencies that often arise when integrating agricultural 
data from multiple sources. One effective approach involves 
the use of word embeddings, such as Word2Vec, which can 
capture semantic relationships between terms. In addition, 
rule-based validation methods can be integrated with word 
embeddings to further refine the alignment process. 

Data Integration involves merging data from various 
external sources with the semantically aligned data generated 
during the ontology alignment phase. To streamline schema 
matching, similarity-based methods like Jaccard Similarity 
are commonly proposed. For conflict resolution, rule-based 
methods are typically used to address inconsistencies such as 
differing values or formats for the same attribute. Bayesian 
networks can be employed to infer the most likely correct 
values by considering conditional dependencies and 
uncertainties across sources.

Data Access and Sharing represents the final stage of the 
interoperability framework, extending beyond technical 
integration to incorporate governance and control mechanisms 
rooted in data sovereignty principles. This module ensures that 
the integrated agricultural data is not only accessible but also 
reusable by various stakeholders, such as farmers, 
policymakers, and agri-tech providers, via APIs and other 
data-sharing channels. To automate and scale these functions, 
a rule-based AI approach is recommended by assigning 
permissions based on predefined user roles and associated 
privacy rules. Additionally, monitoring mechanisms are 
embedded to ensure ongoing compliance and security. Basic 
anomaly detection models are applied to track and flag 
unauthorized access attempts in real time, supporting 
immediate responses to potential breaches and reinforcing 
trust in the data-sharing ecosystem

The framework provides a structured approach to 
agricultural data interoperability, moving from raw data 
ingestion to secure access and sharing. It highlights how AI 
can automate and enhance each step, addressing the inherent 
challenges of data heterogeneity and semantic inconsistencies 
in smart farming.

This study is constrained by its focus on conceptual design 
since the proposed framework awaits empirical validation. 
Additionally, the literature review excluded non-English 
studies, potentially omitting region-specific innovations, and 
the relatively low number of workshop participants limits the 
breadth of stakeholder perspectives. Future work should 
expand the scope to include a larger, more distinct sample of 
participants, global case studies, and sector-specific 
adaptations to enhance the framework’s generalizability and 
practical applicability. We call for research on pilot 
implementations of the framework we presented, to test real-
world viability and expand stakeholder engagement for global 
adaptability. To the best of our knowledge, this is the first 
study to propose a comprehensive AI-driven framework for 
agricultural data interoperability that integrates theoretical 
insights from literature and empirical stakeholder input, 
addressing structural, semantic, and manual integration 
challenges across five sequential stages from ingestion to 
secure sharing. 

By grounding future efforts in DSR’s iterative cycles of 
build-evaluate-refine, this framework can evolve from a 
theoretical construct into a robust, stakeholder-validated 
solution. Collaboration across academia, industry, and policy 

will be critical to translate interoperability theory into 
equitable, scalable practice, ultimately empowering 
agriculture to harness AI’s full potential. 
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