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Abstract

Foundation models and multimodal artificial intelligence are beginning to reshape agricultural Al by enabling systems
that can integrate images, text, sensor streams, remote-sensing data, environmental records, and management
information. These approaches differ from earlier narrow models because they can reuse learned representations
across related tasks and support richer forms of agricultural interpretation. Their potential relevance spans crop
monitoring, disease detection, advisory services, automation, forecasting, and agri-food decision support. Despite this
promise, the transfer of large-scale Al systems into agriculture remains complex. Agricultural environments are
biologically variable, spatially heterogeneous, seasonally dynamic, and shaped by management decisions that are
often poorly captured in available datasets. As a result, questions remain about data quality, annotation adequacy,
domain adaptation, validation, explainability, governance, and deployment risk. This scoping review maps emerging
applications, data requirements, and deployment risks associated with foundation models and multimodal Al in
agriculture and agri-food systems. It focuses on how the reviewed literature frames model architectures, data
modalities, application domains, validation needs, and governance concerns. The purpose is not to estimate pooled
effectiveness but to chart the evidence landscape and clarify where knowledge is advancing or remains unsettled. The
review uses a scoping approach to organise literature around key concepts, model types, data inputs, agricultural
tasks, implementation settings, and responsible deployment concerns. It charts relationships among remote-sensing
foundation models, vision-language systems, large language models, generative Al, multimodal data fusion,
benchmark datasets, and agricultural decision-support systems. It also identifies gaps in field validation,
interoperability, low-resource contexts, participatory governance, and trustworthy deployment. The review contributes
a structured synthesis of how foundation models and multimodal Al may extend agricultural sensing, prediction,
automation, and decision support. It highlights that technical capability alone is insufficient for responsible agricultural
use. Robust data infrastructures, context-aware adaptation, transparent validation, and accountable governance will
be central to whether these systems support sustainable and equitable agri-food transformation.
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Artificial intelligence in agriculture has developed from isolated prediction tools into broader data-intensive systems that
connect sensing, analytics, and decision support. Smart farming research has shown how agricultural data infrastructures
increasingly combine farm-management data, machine data, environmental observations, and platform-based analytics to
support operational decisions [1]. Deep learning accelerated this shift by enabling learned visual and temporal
representations for crop monitoring, disease recognition, yield prediction, livestock analysis, and agricultural automation
[2]. These developments created the technical foundation for newer interest in foundation models and multimodal Al.

However, agricultural Al is not only a computational transition. Digital agriculture is embedded in advisory systems,
platform markets, labour relations, institutional settings, farmer knowledge, and uneven access to infrastructure, which
means that model deployment must be understood as a socio-technical change process [3]. Earlier machine-learning
applications in agriculture already covered crop management, livestock monitoring, irrigation, disease detection, and yield
estimation, but they often remained task-specific and dependent on carefully bounded datasets [4]. Foundation models
and multimodal systems now extend this trajectory by promising more reusable representations across agricultural tasks
while also amplifying long-standing concerns about data quality, context, and accountability.

The emergence of large-scale pretrained models raises a central scoping question: what exactly is being transformed in
agricultural Al? In principle, these systems may integrate satellite imagery, drone imagery, field photographs, sensor
streams, soil and weather records, textual advice, and management information into more context-aware decision-
support workflows. Yet agriculture is marked by regional crop diversity, seasonal instability, variable management
practices, and uneven data infrastructures, which limits assumptions that models trained in one setting will generalise
safely elsewhere. A scoping review is therefore appropriate because the field requires mapping of concepts, applications,
data needs, risks, and gaps rather than a narrow assessment of intervention effectiveness.

This article maps the reviewed literature on foundation models and multimodal Al in agriculture and agri-food systems. It
first clarifies how foundation models are being defined in agricultural Al, then describes the scoping review mapping
approach, charts data requirements, maps emerging applications, analyses deployment risks, synthesises cross-cutting
patterns, and proposes a research and governance agenda. The review treats foundation models, multimodal learning,
language models, remote-sensing models, generative Al, and data-fusion systems as related but distinct evidence
streams. This structure supports a broad evidence map while preserving careful alignment between cited sources and the
claims they substantiate.

Foundation Models in Agricultural Al

Foundation models in agricultural Al can be understood as large-scale pretrained models whose learned representations
can be adapted to multiple downstream tasks. In smart agriculture, these models are discussed as a way to move from
single-task prediction toward reusable representations for sensing, classification, segmentation, monitoring, and decision
support [5]. Their relevance derives from training approaches such as transfer learning, self-supervised learning,
multimodal representation learning, and large-scale pretraining on heterogeneous datasets. In this sense, foundation
models are not a single architecture but a family of approaches that seek greater adaptability across agricultural contexts.

The agricultural foundation-model literature also shows that these systems are being explored across crop monitoring,
disease diagnosis, segmentation, remote sensing, advisory applications, and robotics. A comprehensive review of
foundation models in agriculture frames them as tools that may support more flexible agricultural Al pipelines, while also
emphasising the need for task-specific adaptation and validation [6]. This matters because agricultural data are shaped
by biological growth, climate variability, soil heterogeneity, farm management, and sensor conditions. General-purpose
model capacity therefore needs to be translated into domain-specific reliability before it can be used in production
settings.

Vision-language models are especially relevant because many agricultural tasks require linking visual evidence with
language-based interpretation. Large vision and language models may allow agricultural systems to connect crop images,
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disease symptoms, field observations, user questions, and explanatory outputs in a single interaction loop [7]. This
capability could support plant-health diagnosis, advisory communication, robotic perception, and decision support, but the
agricultural meaning of an image depends on crop stage, local conditions, management history, and expert interpretation.
Vision-language systems therefore require careful grounding in agronomic context rather than reliance on generic visual-
language associations.

Multimodal large language models extend this agenda by combining text, images, sensor information, and contextual
knowledge in more interactive agricultural Al systems. The literature on multimodal LLMs in agriculture identifies
opportunities for advisory services, monitoring, automation, and decision support, while also noting challenges associated
with multimodal alignment, evaluation, hallucination, and deployment readiness [8]. These systems may become
interfaces between farmers, agronomists, machines, and data platforms, but they also introduce new forms of
dependence on model outputs. Agricultural foundation-model deployment should therefore be understood as an
adaptation, validation, and governance problem, not merely as a model-scaling achievement.

Review Scope and Mapping Approach

The review scope covers agricultural and agri-food Al literature that directly informs foundation models, multimodal
systems, large-scale pretrained models, language models, generative Al, remote-sensing representation learning, data
fusion, and related decision-support architectures. Large language models are included because agricultural intelligence
increasingly involves knowledge retrieval, natural-language explanation, advisory communication, and decision support
rather than only image-based detection [9]. Agricultural question-answering systems are treated as a distinct application
category because they translate agricultural knowledge into farmer-facing or advisor-facing responses [10]. This scope
allows the review to connect model architectures with practical agricultural decision contexts.

The mapping approach charts concepts, model types, data modalities, application areas, validation challenges,
deployment risks, and governance concerns. Agricultural data fusion is central to this logic because multimodal systems
often aim to reduce ambiguity, close data gaps, and combine complementary evidence from images, sensors,
environmental records, and textual sources [11]. Remote-sensing data fusion is also included as a key evidence stream
because precision agriculture increasingly relies on satellite, drone, temporal, and spectral information that can be
integrated through transformer-based or foundation-model approaches [12]. The mapping therefore follows the structure
of the evidence landscape rather than imposing a single hierarchy of model types.

Eligibility was defined in conceptual terms: the literature needed clear relevance to agricultural or agri-food Al and to
foundation-model or multimodal-Al development, application, validation, or deployment. Articles were charted according
to the agricultural context addressed, the Al method described, the data modality used, the application domain mapped,
and the risk or validation issue raised. This scoping logic avoided claims of pooled effectiveness and instead focused on
how the field is being organised, what concepts are emerging, and where uncertainty remains. It also distinguished
between directly agriculture-specific foundation-model studies and broader remote-sensing or governance work that
requires careful wording when applied to agricultural contexts. Figure 1 visualises the scoping evidence map by linking
foundation-model types, multimodal agricultural data inputs, agri-food application domains, validation requirements, and
deployment-risk categories.
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Figure 1. Evidence Map of Foundation Models and Multimodal Al Across Agricultural and Agri-Food Systems

The evidence-charting process was designed to preserve alignment between each source and the manuscript claim it
supports. The resulting map organises the literature into foundation-model concepts, multimodal data requirements,
application domains, deployment risks, synthesis themes, and governance priorities. Table 1 summarises the scoping
review mapping approach, eligibility logic, and evidence-charting dimensions used to organise the literature. This
framework ensures that the review remains a scoping evidence map rather than a systematic effectiveness assessment
or a generic narrative essay.

Table 1. Scoping Review Mapping Framework for Foundation Models and Multimodal Al in Agriculture: Review Scope,
Eligibility Logic, Evidence-Charting Categories, and Mapping Dimensions

Mapping
Component

Review
purpose

Model scope

Agricultural
scope

Data-modality
scope

Risk and
validation

Scoping Review

Logic

Map the breadth,

range, and
structure of

emerging evidence

Capture related
large-scale and
multimodal Al
approaches

Cover farm-level
and agri-food-
system contexts

Identify data
infrastructures
required for
multimodal Al

Chart deployment
concerns beyond

Evidence-Charting
Categories

Concepts, model families,
applications, data needs,
risks, and gaps

Foundation models, LLMs,
vision-language models,
generative Al, self-supervised
learning, transfer learning,
data fusion, remote-sensing
models

Crop monitoring, remote
sensing, advisory systems,
robotics, yield forecasting,

water and soil management,
food-system intelligence

Satellite data, drone imagery,
field images, sensors,
weather, soil, management
records, text, benchmarks,
geospatial labels

Domain shift, field validation,
explainability, bias,

Inclusion Emphasis

Literature that clarifies
how foundation models or
multimodal Al relate to
agricultural or agri-food
systems

Studies with clear
relevance to agricultural
Al development,
deployment, or evaluation

Work addressing crops,
farms, production
systems, environmental
monitoring, or agri-food
decision support

Studies that describe
data inputs, fusion needs,
benchmarks, or
interoperability
challenges

Work identifying
validation, ethical, legal,

Exclusion Emphasis

Literature that only
offers generic Al
discussion without
agricultural or agri-
food relevance

Studies that discuss
agriculture without
relevant Al model
approaches

Work outside
agricultural or agri-
food contexts

Studies with
insufficient information
on data requirements

Risk claims that are
superficial or
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scope model accuracy hallucination, privacy, social, or governance disconnected from
accountability, governance, issues in agricultural Al agricultural
trust deployment
Synthesis Organise evidence Opportunities, unresolved Sources that support Sources that duplicate
logic by application and gaps, governance needs, specific claims in the stronger evidence or
deployment responsible deployment scoping map cannot support a
readiness priorities planned claim

Multimodal Data Requirements

Foundation models and multimodal Al in agriculture depend on curated datasets that represent both biological variability
and field-level operational conditions. Agricultural vision benchmarks illustrate the importance of high-resolution labelled
imagery, consistent annotation protocols, and task-specific evaluation for crop detection and phenotyping [13]. Geospatial
crop datasets further show that model development requires harmonised labels, spatially aligned records, and
interoperable data structures across regions and production systems [14]. These requirements become more demanding
when models are expected to transfer across crops, climates, sensors, and management contexts.

Temporal and few-shot learning tasks add another layer of data complexity. Crop-type classification benchmarks show
that agricultural models need time-series data capable of capturing phenological stages, seasonal variation, and limited-
labelled-data scenarios [15]. Yield forecasting benchmarks similarly demonstrate that prediction depends on integrating
production records, weather, soil, remote-sensing indicators, and environmental covariates into coherent data structures
[16]. For foundation models, these examples highlight that agricultural data quality is not only about volume but also
about temporal coherence, spatial representativeness, and agronomic meaning.

Multimodal crop-stress studies show that combining data streams can improve interpretive richness while also creating
validation challenges. In sweet potato water-stress classification, multimodal fusion and explainable Al were used to
connect different sensing inputs with interpretable stress-detection outputs [17]. This kind of evidence suggests that
multimodal models require modality-level checks to determine whether predictions are driven by agronomically plausible
signals. Without such checks, a model may appear accurate while relying on unstable correlations, sensor artefacts, or
context-specific cues.

The mapped evidence indicates that agricultural foundation models require data infrastructures that are labelled,
interoperable, temporally aligned, spatially explicit, and sensitive to local production conditions. Image datasets,
harmonised crop labels, time-series benchmarks, yield data, and multimodal stress-monitoring studies each reveal
different parts of this infrastructure challenge [13-17]. Table 2 classifies the multimodal data requirements associated with
foundation models and multimodal Al in agricultural contexts. The table emphasises that data quality risks are inseparable
from model validation and responsible deployment.

Table 2. Multimodal Data Requirements for Agricultural Foundation Models: Data Modalities, Annotation Needs, Spatial
and Temporal Resolution, Integration Challenges, and Data-Quality Risks

Data Agricultural Use Annotation or Spatial and Integration Data-Quality
Modality Metadata Needs Temporal Challenges Risks
Requirements

Satellite Crop mapping, Crop labels, Field-to-regional Sensor Regional bias,
imagery phenology geolocation, scale; repeated  harmonisation, cloud missing
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monitoring, yield
forecasting, drought

assessment
Drone Field scouting,
imagery canopy assessment,
weed detection,
plant counting
Field RGB Disease detection,
imagery pest monitoring,
plant organ
detection,
phenotyping
Sensor Irrigation, livestock
streams monitoring,

greenhouse control,
machinery analytics

Weather and Yield forecasting,

soil data
management,
climate-smart

decision support

Fertilisation,
irrigation, crop
rotation, input
optimisation,

advisory systems

Management
records

Textual

advisory data  support, question

answering,
agronomic

knowledge retrieval

Phenotypic Breeding, trait
and genomic  prediction, stress
data response modelling,

cultivar

recommendation

risk prediction, water

LLM-based decision

acquisition date,
sensor metadata,

cloud masks

Plot boundaries,
flight parameters,

crop stage,

disease or stress

labels

Bounding boxes,

segmentation
masks, class
labels, growth
stage, cultivar

Sensor type,
calibration,
sampling
frequency,
location,
maintenance
records

Station metadata,
soil properties,

interpolation
methods,

uncertainty
estimates

Operation dates,
input rates, field

identifiers,

machinery logs

Source

provenance,
expert validation,
local relevance,
language, update

status

Trait protocols,

genotype

identifiers, trial

design,

environmental
metadata

(2026) 5:30

contamination, mixed

seasonal
observations pixels, cross-region
transfer
High spatial Variable lighting,
resolution; flight altitude,

campaign-specific  orthomosaic quality,
or repeated field field calibration

surveys

Background
variation, occlusion,
device differences,

class imbalance

Plant-to-plot
scale; growth-
stage-dependent
sampling

Missing values,
sensor drift,
heterogeneous
sampling intervals

Continuous or
near-continuous
time series

Local-to-regional
scale; historical
and forecast time

scale mismatch,

horizons coverage
Field-level Proprietary formats,
records across incomplete farmer
seasons records, inconsistent
terminology
Region- and crop- Ambiguous
specific terminology,
knowledge over  multilingual variation,
changing outdated
seasons recommendations
Plot-to- Linking genotype,

programme scale; phenotype,
multi-environment

trials

Spatial interpolation,

incomplete station

environment, and
management records
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observations,

coarse resolution,

domain shift

Overfitting to local
fields, inconsistent
annotation, limited
temporal coverage

Label noise,

sampling bias, low
representation of

rare symptoms

Drift, outages,

calibration errors,

unreliable
temporal
alignment

Sparse
observations,
regional inequity,
uncertainty
propagation

Missing
management
context, privacy
concerns,
ownership
disputes

Hallucination risk,
weak provenance,

poor fit to local
practice

Unbalanced trials,
limited population

diversity, weak
interoperability
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Supply-chain  Traceability, quality Product Product-to- Data-sharing Fragmentation,
data assessment, identifiers, network scale; barriers, platform strategic reporting,
logistics, food- transaction real-time or batch lock-in, confidentiality —weak auditability
system monitoring records, quality updates
metrics, custody
events

Emerging Applications across Agri-Food Systems

Remote sensing is one of the clearest application areas for foundation models in agriculture. CropSTS illustrates how a
remote-sensing foundation model can use spatiotemporal representation learning for cropland classification, supporting
the emergence of foundation-model approaches in agricultural land monitoring [18]. SpectralGPT shows that spectral
remote-sensing foundation models can learn reusable representations from spectral data that may be adapted for crop
and land-surface monitoring when task-specific agricultural validation is performed [19]. Together, these studies position
remote sensing as a major entry point for agricultural foundation-model research.

Language-based decision support is another emerging application stream. Agricultural question-answering systems
based on large language models have been developed and evaluated as tools for agricultural knowledge access and
advisory support [20]. Evaluations of ChatGPT responses to farmers’ rice-cultivation questions show that farmer-facing
language-model outputs must be judged against local agronomic context, production constraints, and domain
expectations [21]. These studies suggest that agricultural LLMs may support advisory workflows, but their reliability
depends on grounding, expert review, and context-specific validation.

Foundation-model ideas are also beginning to interact with optimisation and control. Work integrating reinforcement
learning and large language models for crop production management shows how language-based reasoning may be
combined with process optimisation in agricultural decision workflows [22]. This application direction moves beyond static
classification toward planning, control, and management support. It also raises demanding validation questions because
crop-management recommendations can influence input use, costs, labour, environmental outcomes, and production risk.

Across the mapped literature, emerging applications include crop monitoring, cropland classification, disease and stress
interpretation, yield forecasting, advisory systems, decision support, and production-process optimisation. These
applications differ in data intensity, user interaction, deployment setting, and tolerance for error, so they should not be
treated as equivalent use cases [18-22]. Table 3 maps emerging applications of foundation models and multimodal Al
across agri-food systems. The table distinguishes between model functions, data inputs, potential users, and deployment
settings to clarify how application readiness varies across domains.

Table 3. Emerging Applications of Foundation Models and Multimodal Al Across Agri-Food Systems: Tasks, Data Inputs,
Model Functions, Potential Users, and Deployment Settings

Application Typical Tasks Data Inputs Model Functions  Potential Users Deployment
Area Settings
Crop Crop Satellite imagery, Representation Farmers, Field platforms,

monitoring classification, drone imagery, field learning, agronomists, remote-sensing
phenology images, weather, crop segmentation, insurers, public dashboards,
tracking, stress calendars temporal agencies advisory services
detection, classification,
biomass anomaly detection

estimation
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Disease and Symptom
pest detection recognition,
severity
estimation, pest
scouting,

treatment triage

Yield Seasonal
forecasting prediction, sub-
national
forecasting, risk
mapping
Soil and water Irrigation
management scheduling,

water-stress
detection, soil-
condition
assessment

Agricultural Navigation,
robotics perception,
manipulation,
harvesting,
targeted
intervention

Livestock Behaviour
monitoring recognition,
welfare
monitoring,
disease alerts,
productivity
assessment

Advisory and Farmer
question guestions,
answering agronomic
guidance,
knowledge
retrieval,
explanation

Food quality  Quality grading,

and supply traceability,
chains logistics
monitoring,

sustainability
reporting

Field images, expert Vision-language Farmers, Mobile apps,
labels, textual diagnosis, image extension extension
descriptions, local classification, agents, crop- workflows,
weather, management retrieval-augmented protection decision-support
history advisory support advisors tools
Yield records, weather, Multimodal Farmers, Forecasting
soil, satellite time forecasting, governments, platforms, risk
series, management uncertainty traders, food- dashboards,
data estimation, transfer security planning systems
learning organisations
Soil sensors, weather  Data fusion, control Farmers, Farm decision
data, thermal imagery, support, stress irrigation systems,
crop stress indicators, classification, managers, irrigation
management records scenario agronomists controllers,
recommendation climate-smart

advisory tools

RGB images, depth Vision-language Robotics Greenhouses,
sensors, LIDAR, text grounding, developers, orchards, fields,
instructions, machine perception, task growers, controlled-
telemetry planning, control machinery environment
integration operators agriculture
Video, wearable Multimodal pattern Livestock Barn monitoring
Sensors, recognition, anomaly farmers, systems, farm-
environmental detection, decision veterinarians, management
sensors, farm records support welfare auditors platforms
Text, images, local LLM response Farmers, Chatbots, mobile
recommendations, generation, retrieval, extension advisory systems,
crop calendars, expert summarisation, agents, extension
knowledge bases explanation advisors, platforms
cooperatives
Product images, Multimodal Processors, Processing
sensor data, classification, retailers, facilities,
transaction records, anomaly detection, regulators, traceability
traceability logs, document reasoning, logistics platforms, quality-
quality measurements risk flagging managers control systems
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Deployment Risks and Validation Challenges

Deployment risk in agricultural Al cannot be reduced to model accuracy. Responsible Al work in agriculture argues that
risks and externalities must be understood systemically, including effects on farming practices, institutions, labour,
knowledge systems, environmental outcomes, and market relations [23]. Ethical guidance for digital agriculture further
emphasises fairness, transparency, privacy, accountability, and robustness as safeguards that should shape agricultural
Al deployment [24]. These concerns are especially important for foundation models because their scale, opacity, and
general-purpose interfaces may obscure context-specific failure modes.

Risk management literature identifies agricultural Al concerns that include safety, autonomy, accountability, labour
displacement, environmental consequences, and unclear responsibility when automated systems influence decisions
[25]. Legal and ethical analysis of Al in climate-smart agriculture similarly highlights accountability, data governance,
fairness, and liability challenges in sustainability-oriented deployments [26]. These issues become sharper when
multimodal systems produce recommendations that combine remote sensing, text, sensor data, and farm records. A
system may appear technically sophisticated while still being poorly governed, insufficiently validated, or misaligned with
farmer needs.

Validation is particularly difficult because agricultural conditions vary across crops, cultivars, soils, climates, seasons,
sensor types, and management regimes. A model that performs well on a benchmark or in a narrow experimental setting
may fail under different phenological stages, rare stress events, mixed cropping systems, or low-resource environments.
Responsible deployment therefore requires field validation across production contexts, uncertainty communication,
explainability checks, and attention to who is affected by model errors [23-26]. For language-based systems, validation
must also address hallucination, outdated knowledge, weak provenance, and overconfident advice.

The mapped evidence suggests that agricultural foundation models require deployment protocols that connect technical
evaluation with governance review. Domain shift, regional bias, data ownership, cybersecurity, auditability, liability,
environmental cost, and platform power should be assessed before systems are scaled into advisory, monitoring, or
control settings [23-26]. Because agricultural decisions affect livelihoods, ecosystems, food security, and public trust,
model evaluation should include reliability, safety, accountability, and social legitimacy. Deployment readiness is therefore
a multidimensional judgement rather than a single performance threshold.

Scoping Synthesis

The mapped evidence shows that trust is a cross-cutting synthesis theme in agricultural Al. Work on trust in farming Al
highlights that adoption depends not only on technical performance but also on transparency, farmer experience,
institutional relationships, usability, accountability, and confidence in data practices [27]. Literature mapping of social and
ethical impacts further shows that agricultural Al raises recurring concerns about power, justice, labour, sustainability, and
responsibility [28]. These themes suggest that foundation models should be evaluated as parts of agri-food systems, not
only as software artefacts.

Generative Al extends the application landscape by enabling text generation, synthetic data, advisory tools, knowledge
interfaces, and multimodal content generation in digital agri-food contexts [29]. Food-system Al initiatives also point
toward interdisciplinary infrastructures that connect data, modelling, domain expertise, institutions, and deployment
environments across the agri-food chain [30]. These developments indicate that foundation models and multimodal Al
may become a new layer of agricultural intelligence linking sensing, reasoning, communication, and decision support.
However, this layer will only be useful if it is grounded in reliable data and accountable use.

Several patterns emerge from the scoping synthesis. Momentum is strongest in remote sensing, vision-based monitoring,
benchmark development, and data-fusion tasks, while language-model and generative-Al applications are expanding
rapidly into advisory and decision-support spaces [27-30]. At the same time, evidence remains uneven across livestock
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systems, low-resource agricultural regions, smallholder contexts, participatory validation, and long-term deployment
studies. The field is therefore simultaneously technically dynamic and institutionally underdeveloped.

The synthesis also shows that opportunities and risks are tightly linked. Foundation models may improve transfer, reduce
task-specific engineering, and support multimodal reasoning, but they may also intensify opacity, bias, data dependence,
and platform concentration if governance is weak [27-30]. Table 4 synthesises the opportunities, deployment risks,
validation gaps, and governance priorities identified across the scoping review. This synthesis frames responsible
deployment as a combined problem of data infrastructure, model adaptation, stakeholder trust, and public-interest
governance.

Table 4. Scoping Synthesis of Foundation Models and Multimodal Al in Agriculture: Opportunities, Deployment Risks,
Validation Gaps, and Governance Priorities

Synthesis Opportunity Mapped in Deployment Risk Validation Gap Governance Priority
Domain the Literature
Remote- Reusable Domain shift across Limited field Transparent
sensing representations for crop regions, seasons, sensors,  validation beyond benchmarking,
foundation mapping, phenology, and crop systems benchmark settings uncertainty reporting,
models and land monitoring regional performance
audits
Multimodal Integration of images, Spurious correlations, Limited modality-level Data standards,
data fusion sensors, weather, soil, missing data, scale validation and causal metadata
and management mismatch, weak interpretation requirements,
records interoperability interoperable farm-data
infrastructures
Vision- Linking images with Misinterpretation of Limited evaluation Human-in-the-loop
language explanations, diagnosis, symptoms, overconfident = with agronomists and review, expert
systems and interactive advisory  explanations, weak local ~ farmers in real-world validation, local
support grounding settings adaptation protocols
Large Knowledge retrieval, Hallucination, outdated Inadequate crop-, Retrieval governance,
language question answering, recommendations, poor region-, and user- source transparency,
models summarisation, and provenance, language specific evaluation advisory liability rules
advisory communication inequity

Generative Al Synthetic data, decision-  Fabricated outputs, bias Limited assessment =~ Content provenance,

support content, training amplification, misuse, of generated content  audit trails, safeguards
materials, scenario weak traceability quality and against misleading
generation agronomic validity outputs
Agricultural Multimodal perception, Safety risks, equipment Limited validation Safety certification,
robotics task planning, damage, labour disruption,  under diverse field operator oversight,
navigation, and liability uncertainty conditions and edge accountability
automation support cases frameworks
Food-system Traceability, quality Data concentration, Weak cross-chain Participatory data
intelligence  monitoring, sustainability surveillance, confidentiality evaluation and limited governance, data-
reporting, logistics risks, market power transparency sharing rules, public-

support interest safeguards
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Responsible More adaptive, context-  Trust erosion, exclusion of Few long-term Equity assessment,
deployment aware, and scalable low-resource users, studies of social, participatory design,
agricultural Al inequitable benefits economic, and farmer-centred
environmental governance
outcomes

Research and Governance Agenda

A research agenda for agricultural foundation models should begin with structured ethical, legal, and social assessment.
An ELSA assessment tool for agri-food Al shows how ethical, legal, and social dimensions can be embedded into
agricultural Al evaluation rather than added after technical development [31]. Data-sharing policy research further
indicates that trusted agricultural Al requires attention to stakeholder rights, data-access rules, governance arrangements,
and institutional legitimacy [32]. Future research should therefore combine benchmark performance with assessment of
accountability, transparency, rights, and public value.

Participatory data governance is also essential. Data-justice work with agri-food movements shows that agricultural data
governance should be shaped from the ground up, including attention to farmer agency, collective rights, power
asymmetries, and community priorities [33]. This perspective is important for foundation models because large-scale data
aggregation can concentrate value in platforms while shifting risk to producers and local communities. Responsible
agricultural Al should therefore include participatory evaluation, transparent data-use agreements, and mechanisms for
contesting harmful or inappropriate model outputs.

Technically, the research agenda should prioritise benchmark datasets, multimodal standards, domain adaptation,
uncertainty estimation, explainability, and field validation. These priorities align with the need for structured assessment,
trusted data-sharing, and data-justice safeguards across agri-food Al development [31-33]. Models should be evaluated
across crops, regions, seasons, management systems, sensor conditions, and user groups rather than only in curated
benchmark environments. Research should also address privacy-preserving learning, low-resource agricultural settings,
multilingual advisory systems, and environmental costs of large-scale model training and inference. Figure 2 presents a
responsible deployment-readiness framework showing how technical validation, data governance, participatory oversight,
legal accountability, and sustainability assessment should be combined before foundation models are scaled across
agricultural and agri-food systems.

Responsible Deployment Readiness Framework for Agricultural Foundation Models and Multimodal Al
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Figure 2. Responsible Deployment Readiness Framework for Agricultural Foundation Models and Multimodal Al

Governance agendas must address data ownership, platform power, model accountability, liability, auditability,
transparency, and farmer-centred design. Agricultural foundation models should be assessed not only by predictive
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accuracy or generative fluency but also by reliability, safety, equity, sustainability, and trustworthiness [31-33]. This
requires collaboration among farmers, agronomists, computer scientists, extension services, regulators, cooperatives,
civil society, and food-system actors. The goal is not simply to deploy larger models but to develop agricultural Al systems
that are technically robust, context-aware, socially accountable, and aligned with sustainable agri-food transformation.

Conclusion

This scoping review mapped the emergence of foundation models and multimodal Al in agriculture and agri-food systems.
It charted how large-scale pretrained models, multimodal data fusion, remote-sensing foundation models, vision-language
systems, generative Al, and large language models are being positioned across agricultural sensing, prediction,
automation, advisory services, and decision support. The review also clarified that these approaches remain unevenly
developed across application domains, data infrastructures, validation settings, and governance arrangements.

The synthesis shows that foundation models and multimodal Al may expand the capabilities of agricultural Al, but their
value depends on much more than scale or architectural novelty. High-quality datasets, interoperable data standards,
contextual adaptation, robust field validation, interpretable outputs, uncertainty communication, and trusted data
governance are central requirements. Without these foundations, advanced models may reproduce bias, generate
unreliable advice, obscure accountability, or intensify inequalities across agri-food systems.

Future agricultural foundation models should be developed as responsible socio-technical systems rather than isolated
technical products. They should be evaluated in relation to reliability, safety, equity, sustainability, farmer agency, and
public-interest outcomes. A context-aware and governance-centred approach can help ensure that foundation models and
multimodal Al support sustainable agri-food transformation rather than simply accelerating automation without
accountability.
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