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Abstract

Artificial intelligence is becoming embedded in precision agriculture through data-intensive monitoring, predictive
models, digital platforms, advisory systems, robotics, and automated machinery. These arrangements complicate
accountability because consequential outputs may result from interactions among data providers, model developers,
platform operators, advisors, machinery manufacturers, system integrators, service providers, and farm operators
rather than from a single actor or technical component. This article proposes a conceptual accountability framework
for examining Al liability issues across agricultural Al systems without treating accountability mapping as a substitute
for legal interpretation. The framework begins with agricultural use-case definition and stakeholder-role mapping, then
examines data-level duties concerning quality, provenance, access, control, privacy, cybersecurity, and governance. It
further maps model-level responsibilities for documentation, validation, robustness, bias assessment, explainability,
uncertainty communication, and drift monitoring. Platform and advisory layers are addressed through governance,
interface design, monitoring, escalation, human review, professional interpretation, and farmer-autonomy
requirements. Machinery, automation, and operational risks are incorporated through control-system responsibilities,
sensor-to-actuator traceability, supervisory control, fail-safe design, maintenance, incident reporting, and operational
boundaries. The framework also identifies liability gaps created by fragmented evidence, unclear validation ownership,
platform ambiguity, ineffective human oversight, and incomplete traceability. Its contribution is a structured method for
clarifying responsibility pathways, evidence needs, decision boundaries, and governance gaps across interconnected
agricultural Al layers. The framework is conceptual and does not determine legal liability, establish compliance, certify
safety, allocate blame, or demonstrate deployment readiness.
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Introduction

Artificial intelligence in precision agriculture should be understood as part of a wider sociotechnical arrangement that
connects farm data, analytical models, digital platforms, agricultural knowledge systems, machinery, and institutional
governance. Digital agriculture research shows that technologies such as decision-support tools, sensors, robotics, and
farm-management platforms reshape relationships among farmers, advisors, researchers, technology providers, and
public or private institutions. Responsible agricultural Al therefore requires more than technical performance assessment:
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it also requires lifecycle governance, context-sensitive institutional capacity, and explicit responsibilities for the actors who
develop, provide, configure, interpret, and use Al-enabled systems [1-3]. When these interconnected elements influence
agronomic decisions or physical farm operations, accountability cannot be located solely in the algorithm. It must also
consider the conditions under which data were produced, the assumptions embedded in models, the design and
monitoring of platforms, the interpretation of recommendations, the integration of machinery, and the ability of human
actors to intervene.

The social and ethical literature on agricultural Al identifies recurring concerns involving privacy, bias, transparency,
explainability, autonomy, changing labour relations, concentrated technological power, and uncertainty over who should
answer for harmful or inappropriate outcomes [4]. These concerns do not mean that every agricultural Al failure produces
legal liability, nor do they establish which party would be legally responsible in a particular jurisdiction. Liability is a legal
determination that may depend on applicable law, contractual relationships, evidence, causation, standards of conduct,
and the facts of a specific event. Accountability is broader. It concerns whether actors can explain decisions, document
their contribution, justify system design and use, respond to identified failures, and participate in correction or
remediation. Ethical responsibility concerns duties that may exist even where formal legal liability is uncertain, while
operational accountability concerns the allocation of monitoring, intervention, maintenance, and incident-response
functions within a working agricultural system.

A layered approach is needed because agricultural Al outputs frequently pass through several transformations before
they influence a farm decision or physical action. Sensor readings may be collected by one provider, stored by another,
transformed by a platform, analysed by a model developed elsewhere, displayed through an interface, interpreted by an
advisor, and acted upon by a farmer or automated machine. At each transition, information may be lost, assumptions may
become invisible, uncertainty may be compressed, and responsibility may become ambiguous. A prediction is not
identical to an advisory recommendation, and an advisory recommendation is not identical to machinery execution.
Similarly, the presence of a human reviewer does not automatically make oversight meaningful. Effective human control
depends on whether the reviewer has sufficient information, competence, time, authority, interface support, and a realistic
opportunity to reject, modify, escalate, or stop the system’s output.

The objective of this article is to propose an original conceptual accountability framework for Al liability issues in precision
agriculture across data, model, platform, advisory, machinery, and operational layers. The framework is designed to clarify
actor roles, validation responsibilities, evidence trails, decision boundaries, monitoring duties, escalation pathways, and
accountability gaps. It distinguishes accountability mapping from legal-liability determination and treats documentation,
traceability, auditability, explainability, and human oversight as necessary but individually insufficient accountability
mechanisms. The framework also introduces explicit boundaries against interpreting completion of an accountability
exercise as proof of legal compliance, operational safety, certification, regulatory approval, or deployment readiness. Its
intended contribution is therefore analytical and governance-oriented: it offers a structured way to ask who had control,
knowledge, duties, evidence, and intervention capacity at each stage of an agricultural Al system.

Al Liability in Precision Agriculture

Al liability in precision agriculture is best approached initially as a problem of distributed accountability rather than as a
predetermined legal conclusion. Empirical work on responsible Al in agriculture indicates that responsibility is negotiated
through relationships among researchers, technology developers, institutions, collaborators, users, and affected
communities, rather than being held by one clearly isolated actor [5]. This distributed pattern is especially relevant when
an agricultural Al service combines third-party datasets, proprietary models, platform interfaces, professional advice, and
machinery supplied by different organizations. A developer may control model architecture but lack authority over local
deployment. A platform provider may determine interface defaults and update practices but not the final farm decision. An
advisor may interpret an output without being able to inspect the model. A farmer may act on advice while lacking access
to the data transformations or validation evidence behind it. The framework must therefore distinguish contribution,
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control, knowledge, capacity, and decision authority instead of assuming that proximity to the final action is equivalent to
complete responsibility.

Responsible and trustworthy Al provide useful governance concepts, but they should not be presented as labels that
automatically resolve accountability. A multi-criteria farming framework demonstrates that responsible Al design may
involve transparency, privacy, fairness, robustness, sustainability, stakeholder well-being, and farmer autonomy, with
potential trade-offs among these objectives [6]. In accountability terms, this means that a system should not be assessed
only through aggregate accuracy or efficiency. A technically accurate model may still lack documented provenance,
communicate uncertainty poorly, create dependence on a platform, disadvantage underrepresented farm contexts, or
encourage actions outside its validated use. Conversely, a transparent model may still be unreliable, insecure, or
operationally inappropriate. Trustworthy Al should therefore be interpreted as an aspiration requiring evidence across
technical, organizational, social, and operational dimensions rather than as a certification status or a guarantee that
responsibility has been adequately allocated.

Precision-agriculture technologies may also redistribute expertise, benefits, burdens, and decision authority. Research on
responsible innovation in precision agriculture shows that decision-support systems are shaped by design assumptions,
institutional relationships, and unequal access to technical or agronomic knowledge [7]. These systems may influence
whose expertise is treated as authoritative, which farming objectives are optimized, how uncertainty is communicated,
and whether farmers can meaningfully challenge recommendations. Shared responsibility can be constructive when
complementary duties are explicit—for example, when developers document model limitations, advisors evaluate local
relevance, and farm operators retain clear decision authority. However, shared responsibility becomes an accountability
problem when each actor assumes that another party completed the necessary validation, monitoring, explanation, or risk
assessment. The concept should not become a mechanism for dispersing responsibility untii no actor remains
answerable for a material decision.

Accountability must also begin before model development or farm-level use. Responsible-innovation analysis of digital
farming demonstrates that upstream choices about data selection, infrastructure, commercial priorities, and stakeholder
inclusion can create uneven participation and unequal technological effects [8]. A system may exclude certain production
settings because relevant data were unavailable, prioritize variables aligned with provider interests, or create
dependencies through proprietary infrastructure. These choices can later appear as neutral technical conditions even
though they reflect organizational decisions. The accountability framework therefore treats data architecture, technology
procurement, system integration, and use-case definition as responsibility-bearing stages. At the same time, it establishes
four boundaries: accountability mapping does not determine legal liability; documentation does not establish compliance;
responsible-Al principles do not guarantee operational safety; and a completed conceptual framework does not
demonstrate deployment readiness. These boundaries are necessary because accountability analysis may reveal
responsibility pathways and evidence gaps, but legal, technical, and institutional conclusions require separate
assessment.

Data-Level and Model-Level Accountability

Data-level accountability begins with identifying who collected, supplied, maintained, transformed, accessed, or
transferred agricultural data and under what conditions. Farmers’ reluctance to participate in smart-farming data
arrangements has been linked to uncertainty about data access, control, subsequent use, and the legal or organizational
rules governing sharing [9]. A data provider may generate raw information, but a data steward may determine retention,
correction, access, or deletion, while an intermediary may aggregate or transform the data before model development.
These roles should not be collapsed into a generic category of “data owner.” Accountability requires records of collection
purpose, source identity, measurement conditions, timestamps, units, permissions where applicable, and known
limitations. Data quality responsibilities should address completeness, accuracy, timeliness, representativeness,
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calibration, and missingness. Provenance should connect raw observations to transformations and derived datasets so
that reviewers can reconstruct how material model inputs were produced.

Transparency about agricultural data use is also essential because accountability depends on whether affected actors
can understand what is being collected, why it is needed, who receives it, and who may benefit from its use. Smart-
farming research has shown that trust is weakened when farmers are not told how their data are used or how benefits are
distributed among participating actors [10]. Data documentation should therefore record variables, sampling conditions,
transformations, exclusions, sharing arrangements, and material limitations. Access controls should specify which actors
can retrieve or modify data, while control records should identify who may combine, commercialize, transfer, correct, or
delete them. Privacy review should extend across collection, transmission, storage, processing, and sharing rather than
being treated as a one-time consent exercise. Cybersecurity responsibilities should likewise be allocated across devices,
networks, platforms, credentials, storage services, and connected operational systems because a security failure may
affect both information governance and physical farm operations.

Agricultural data accountability cannot be resolved through ownership language alone. Analysis of agricultural data
governance shows that a narrow ownership debate may obscure the more practical questions of access, control,
portability, reuse, stewardship, and the duties of actors holding or processing farm data [11]. The proposed framework
therefore treats ownership as a concern to be documented, not as a sufficient allocation mechanism. A party may claim
ownership while another party exercises practical control over storage, transfer, modification, or commercial use.
Similarly, farmer consent or contractual acceptance does not necessarily establish that data practices are
understandable, proportionate, secure, or accountable. A data-governance arrangement should identify decision rights,
oversight functions, review procedures, retention expectations, complaint pathways, and mechanisms for correcting
inaccurate records. It should also document the boundaries between farmer authority, platform control, intermediary
functions, and institutional requirements without claiming that the framework itself establishes legal rights or compliance.

Model-level accountability concerns who developed, selected, adapted, validated, deployed, monitored, and
communicated the Al model. Explainable-Al scholarship in agricultural analysis demonstrates that black-box predictions
can limit scrutiny of how outputs were produced and why particular variables influenced a result [12]. Model developers
should document objectives, features, training assumptions, evaluation methods, known limitations, prohibited uses, and
dependencies. Model deployers should separately justify why a model is suitable for the intended agricultural context and
configuration. Validation should distinguish internal testing from external validation, local validation, and staged field-
validation planning. It should address error patterns, robustness, calibration, uncertainty, bias, fairness, and performance
across relevant farm types, crops, locations, seasons, or production practices. Post-deployment responsibility should
include data-drift and model-drift monitoring, version control, revalidation triggers, rollback procedures, and
communication of changed limitations. Explainability and transparency can support review, but neither proves
correctness. The framework therefore includes a no-model-responsibility-sufficiency boundary: model documentation,
explanation, or validation alone cannot determine responsibility for the complete agricultural Al system. Table 1
summarises data-level and model-level accountability requirements for Al systems in precision agriculture.

Table 1. Data-Level and Model-Level Accountability Requirements in Precision Agriculture Al Systems: Data Providers,
Data Stewards, Data Quality, Provenance, Ownership Concerns, Access, Control, Documentation, Governance, Privacy,
Cybersecurity, Model Developers, Validation, Drift Monitoring, Bias, Fairness, and Responsibility Boundaries

Accountability Core Responsible Required Accountability Potential Accountability
component responsibility actor or role evidence or function output gap
question practice

Data provider ~ Who generated or  Farmer, farm Source identity, Establish data  Data-source Unverified or
supplied the data, operator, collection origin and record anonymous
sensor context, answerability source
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Data steward

Data
intermediary

Data collection

Data quality

Data
provenance

Data
documentation

Data access

and under what
conditions?

Who maintains
quality, access,
correction,
retention, and
authorized use?

Who transfers,
aggregates,
brokers, or

transforms data

between actors?

Was data collection
tied to a defined
and proportionate
use?

Who evaluates
completeness,
accuracy,
timeliness, and
representativeness?

Can the source and
transformation
history of each

material dataset be
reconstructed?

Are variables, units,
sampling methods,
exclusions, and
limitations
described?

Who may access
particular data and
for which purpose?

provider,
cooperative,
public-data

provider

Farm
organization,
cooperative,

research
institution,

platform

operator

Platform
provider,
cooperative,
service
provider,
processor

Data
provider,
technology
provider,
farm
operator

Data
steward,
developer,
domain
specialist

Data
steward,
intermediary,
developer

Data
steward,
developer

Data
steward,
platform
provider,

timestamps,
permissions,
known
limitations

Stewardship
policy, access
register,
correction
process,
retention
schedule

Transfer
records,
transformation
history,
recipient list,
role description

Collection
protocol,
purpose

statement,

sensor
configuration

Quality
thresholds,
calibration
records,
missing-data
analysis,
anomaly
review

Provenance
chain, version
identifiers,
transformation
logs

Data
dictionary,
metadata,

change log,
limitation
statement

Role-based

permissions,
access logs,
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Maintain
controlled data
management

Preserve
accountability
across data
movement

Connect
collection to
system
purpose

Prevent
unreliable
inputs from
entering
models

Support
traceability and
causal
investigation

Make data
interpretable
and reviewable

Restrict and
retrospectively
examine
access

Stewardship
log

Data-flow
record

Collection
specification

Data-quality
report

Provenance
record

Dataset
documentation

Access-control
matrix
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Stewardship
duties are
assumed but
not allocated

Responsibility
disappears
during
aggregation

Data collected
without a
defined
purpose

No actor
accepts
responsibility
for defects

Broken chain
between raw
and model-
ready data

Data exist
without
contextual
meaning

Excessive or
undocumented
permissions



Petrova et al. Journal of Smart Farming, Precision Agriculture and Data Science

https://doi.org/10.68159/q959545883

Data control Who may modify,
combine, transfer,
commercialize, or

delete the data?

Data
ownership
concern

Does an ownership
claim obscure
access, portability,
stewardship, or use
duties?

Data
governance

Are roles, decision
rights, oversight,
and challenge
procedures
defined?

Privacy Are personal,
location, production,
and commercially
sensitive data

protected?

Cybersecurity Who protects
devices, networks,
credentials, storage,
interfaces, and

communications?

Model
developer

Who selected
objectives, features,
architecture, and
evaluation
methods?

authorized
controller

Farmer
where
applicable,
steward,
platform
provider,
intermediary

Governance
body,
platform
provider,
farmer
organization

Farm
organization,
cooperative,

platform
provider,
governance
institution

Data
steward,
platform
provider,

technology
provider

Technology
provider,
platform
provider,

system
integrator,
farm
operator

Model
developer,
research
team

scheduled
review

Control-rights
map, transfer
restrictions,
change
approvals

Rights-and-
duties analysis,
portability
review,
practical-
control
assessment

Governance
charter,
responsibility
map, review
body,
complaint
procedure

Data
minimization,
purpose
review, de-
identification
assessment,
privacy-risk
record

Threat
assessment,
authentication,
patching,
backups,
incident
procedure

Development
record, design
rationale,
feature
documentation,
test results
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Clarify practical

decision
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Prevent
ownership
language from
replacing
governance

Coordinate
data
accountability

Reduce
unauthorized
use and
exposure

Protect
confidentiality,
integrity, and
availability

Establish
answerability
for model
construction

Control-
allocation
record

Ownership-
boundary
statement

Data-
governance
plan

Privacy
assessment

Cybersecurity
responsibility
map

Model-
development
dossier
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Formal
ownership
differs from

practical

control

Ownership

treated as

sufficient
accountability

Fragmented or
conflicting
responsibilities

Privacy
considered
only at initial

collection

Duties are
divided without
coordination

Responsibility
hidden behind
the label “Al”
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Model deployer

Model
documentation

Model
validation

External
validation

Local
validation

Field-validation
planning

Model-drift
monitoring

Who selected and

configured the
model for the
agricultural use
case?

Are intended uses,

prohibited uses,
inputs, outputs,
limitations, and
dependencies
recorded?

Who evaluates
error, calibration,
robustness,
uncertainty, and
failure patterns?

Was performance

assessed outside

the development-
controlled data
environment?

Does the model
perform
appropriately in the
relevant farm, crop,
soil, climate, and
management
context?

What staged
evidence and
oversight are
required before
outputs influence
operations?

Who identifies
deterioration or
changed model
behaviour over
time?
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Platform Deployment Connect a Deployment  Developer and
provider, rationale, general model record deployer duties
technology configuration to a specific are conflated
provider, record, use
system intended-use
integrator, statement
farm
organization
Developer Model record, Support Model Records are
and deployer version history,  scrutiny and documentation  incomplete,
limitation appropriate outdated, or
statement, use inaccessible
dependency
list
Developer, Prespecified Determine Validation Performance
independent  metrics, test whether report claims lack
evaluator sets, error evidence contextual
where analysis, supports analysis
feasible, robustness intended use
domain assessment
specialist
Independent External Test External- Internal
evaluator, dataset, transportability validation performance is
research evaluation beyond record treated as
partner, protocol, development universal
deployer context conditions
comparison
Deployer, Local data, Evaluate local Local- Generic model
agronomist, contextual suitability validation used without
farm review, statement local evidence
operator, uncertainty
local assessment
evaluator
Deployer, Pilot protocol, Structure Field- Retrospective
farm stop criteria, cautious validation plan  evidence is
organization, oversight plan, progression treated as field
system harm- toward proof
integrator, monitoring operational use
domain process
specialist
Model Performance Detect post- Drift alert and  No actor owns
deployer, dashboard, deployment review record continuing
platform thresholds, degradation performance
provider review
schedule,
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Data-drift
monitoring

Bias and
fairness
assessment

Robustness

Explainability
and
transparency

Uncertainty
communication

No model-
responsibility
sufficiency
boundary

Who monitors
changes in sensors,
environments,
practices, seasons,
or input
distributions?

Which groups, farm
types, crops, or
regions may receive
systematically
poorer
performance?

How does the
model behave
under noise,
missing data,
unusual conditions,
or component
variation?

Can relevant users
understand the
basis, limits, and

status of an output?

Are confidence,
limitations, and out-
of-distribution
conditions
conveyed clearly?

Can model
evidence alone
determine
responsibility or
legal liability?

Data
steward,
deployer,
system
integrator

Developer,
deployer,
domain and
social
reviewers

Developer,
deployer,
evaluator

Developer,
deployer,
platform
provider

Developer,
platform
provider,

advisor

All
framework
users

rollback
process

Distribution
checks,
sensor-change
logs, context
indicators

Subgroup
analysis,
representation
review, impact
assessment

Stress tests,
sensitivity
analysis,
failure
thresholds

Audience-
specific
explanation,
fidelity review,
uncertainty
statement

Calibrated
uncertainty,
plain-language
notice,
escalation
threshold

Explicit
limitation and
cross-layer
review
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Detect Data-drift alert
invalidated
assumptions
Identify Bias and

unequal errors  fairness report
and burdens

Assess stability  Robustness
beyond record
average

conditions
Support Explanation
challenge and record
interpretation

Prevent false Uncertainty

certainty statement
Prevent model- Boundary
centric statement
responsibility
claims

Platform and Advisory System Responsibility

Platform responsibility concerns the organizations that host, configure, update, monitor, and mediate access to
agricultural Al services. Research on cloud-based farm advisory services shows that digital systems reshape how farmers
and advisors obtain information, interpret evidence, and coordinate decisions [13]. A platform may combine data
ingestion, model execution, interface design, alerting, storage, and communication functions even when separate
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metrics
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Explanation is
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unfaithful
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presentation
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evidence

Model quality
is treated as
complete
accountability

providers supply individual components. Accountability therefore requires distinguishing the platform provider from the
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technology provider, system integrator, and service provider. The platform provider may control governance rules and
updates; the technology provider may supply a model or sensor; the integrator may connect otherwise separate
components; and the service provider may maintain or configure the system. Each role should have documented
responsibilities, limitations, monitoring duties, escalation contacts, and evidence-retention practices. The existence of
contracts or service terms does not by itself demonstrate that these responsibilities are understandable, technically
adequate, or responsibly implemented.

Agricultural advisory responsibility should be mapped through the wider knowledge and advice network rather than
assigned only to the individual who communicates a recommendation. Digitalization increasingly connects farmers,
advisors, agronomists, agribusinesses, platform providers, researchers, consumers, and governance institutions through
shared information infrastructures [14]. Within this network, the manuscript distinguishes model output from advisory
output. A model output may be a probability, classification, estimate, or detected pattern. An advisory output is an
interpreted recommendation communicated for consideration in a farm context. Agricultural advisors and agronomists
may add domain knowledge, compare the output with local observations, identify implausible assumptions, and
communicate limitations. However, advisor review should be required according to the consequence and uncertainty of
the decision rather than treated as a universal liability-transfer mechanism. A professional review does not automatically
make an unvalidated model appropriate, and the absence of specialist review does not mean that upstream developers or
platform providers have no continuing responsibilities.

Interface design, platform monitoring, alerting, and escalation are accountability-bearing functions because platforms
shape how users perceive and act upon Al outputs. Digital farming platforms may create path dependence or constrain
available choices through defaults, categories, recommended workflows, and infrastructural lock-in [15]. An accountable
interface should distinguish observations, predictions, recommendations, warnings, and machine commands. It should
communicate uncertainty and limitations without presenting probabilistic outputs as certain instructions. Alert systems
should use understandable severity levels and identify the action expected from the recipient. Monitoring should address
reliability, abnormal outputs, complaints, security events, repeated overrides, and signs of model or data drift. Escalation
pathways should identify who must be contacted when an output exceeds a confidence threshold, conflicts with field
observations, raises safety concerns, or cannot be interpreted responsibly. These mechanisms support accountability
only when actors have authority and resources to respond; passive logging without assigned response duties is
insufficient.

Platform governance must also examine data policies, surveillance capacity, dependencies, and the practical distribution
of control. Critical analysis of agricultural platforms shows that contractual terms and data policies can support extensive
monitoring and extraction while farmers retain limited visibility into downstream data uses or platform practices [16].
Accountability therefore requires review of update authority, data flows, access rules, monitoring practices, interface
defaults, commercial dependencies, and exit or portability conditions. Human-in-the-loop review must be meaningful:
advisors or farm operators need adequate information, competence, time, and authority to question, modify, reject, or
escalate an output. Farmer autonomy likewise requires more than formal consent; it includes the practical ability to
understand recommendations, contest assumptions, seek alternative advice, override defaults, and avoid unreasonable
dependence. The framework retains two explicit boundaries. First, farmer acceptance, advisor review, or operator action
does not independently determine advisory liability. Second, platform terms, disclaimers, documentation, and audit logs
do not by themselves establish that platform responsibility has been adequately fulfilled.

Machinery, Automation, and Operational Risk

Agricultural robotics and automated machinery extend Al accountability from informational outputs into physical
execution. Agricultural robots may redistribute control and responsibility among designers, model developers, robotics
providers, machinery manufacturers, system integrators, farm operators, supervisors, and institutions, while systems-
oriented design research shows that responsible operation depends on interactions across human, cyber, and physical
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components. Autonomous agri-food technologies also create unresolved questions concerning supervision, intervention,
and responsibility when machines perform tasks with limited direct control [17-19]. Accountability analysis should
therefore distinguish the manufacturer responsible for mechanical and control-system characteristics, the robotics
provider supplying perception or planning functions, the integrator connecting software and machinery, and the farm
operator responsible for defined inspections or supervisory actions. These responsibilities may overlap, but they should
not remain implicit. The designation of a machine as autonomous does not identify which actor is legally liable for a
harmful outcome, nor does it establish that the operating conditions, oversight arrangements, or safeguards were
adequate.

Machinery-layer responsibility must be interpreted in relation to the particular use case and the relationships among
actors, technologies, environments, and affected parties. Case-based analysis of agri-food robots indicates that ethical
and responsibility questions differ across applications because systems involve distinct tasks, users, physical
environments, levels of autonomy, and opportunities for human control [20]. A robotic weeding function, harvesting
system, livestock-management device, or processing robot may rely on different sensing, decision, and actuation
pathways. The accountability framework therefore requires a documented sensor-to-actuator chain showing how
observations are collected, processed, converted into model outputs, translated into control commands, and executed by
machinery. Material system states, software versions, configuration changes, intervention events, and actuator responses
should be traceable. This evidence can support investigation and organizational learning, but it cannot independently
establish legal causation or responsibility.

Operational accountability also requires safeguards that address more than predictive model accuracy. Safety research
on automated agricultural machinery emphasizes perception, risk assessment, risk mitigation, human factors, and
ergonomics as interdependent dimensions [21]. A model may classify an object correctly while a communication delay,
integration fault, control-system error, or actuator defect produces unsafe behavior. Conversely, an operator may receive
an alert but lack sufficient time, visibility, competence, or authority to intervene. Fail-safe design should specify how the
system responds to sensor failure, uncertain inference, communication loss, power interruption, software malfunction, or
conflicting commands. Where appropriate to the system, emergency stopping, safe-state transitions, bounded actuation,
geofencing, fault diagnostics, and controlled restart procedures should be defined and assessed. Human supervisory
control should be meaningful rather than symbolic, with realistic intervention assumptions and clear mode indications.

Maintenance, cybersecurity, operational monitoring, and incident reporting complete the machinery accountability
pathway. Manufacturers, providers, service organizations, and farm operators may hold different duties for calibration,
inspection, software updates, component replacement, credential protection, network security, and record preservation.
Monitoring should identify abnormal behavior, repeated overrides, sensor degradation, unexpected path planning, control
instability, or operation outside defined conditions. Incident and near-miss procedures should preserve relevant data,
system states, versions, maintenance records, and human actions so that failures can be examined across the complete
system. Nevertheless, logging does not allocate blame, and incident reporting does not constitute legal adjudication. The
proposed framework therefore includes a no-operational-safety-guarantee boundary and a no-autonomous-action-
responsibility-resolution boundary: accountability mapping may clarify who controlled or documented particular functions,
but it does not certify machinery safety or independently determine responsibility for autonomous action.

Liability Gaps Across Agricultural Al Systems

Liability and accountability gaps emerge when responsibility is lost at the boundaries connecting data, models, platforms,
advisory processes, machinery, and farm operations. Smart-farming ethics research identifies unresolved questions
concerning privacy, data control, transparency, autonomy, power, and the distribution of responsibility among technology
providers and agricultural users [22]. A data provenance gap may prevent reviewers from identifying whether an error
originated in collection or transformation. A validation responsibility gap may arise when developers assume that
deployers will conduct local assessment while deployers rely on general development results. A platform responsibility
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gap may occur when interface design, updates, or monitoring practices materially influence use but are treated as neutral
service functions. Advisory interpretation and machinery execution create further transitions at which outputs may change
status from prediction to recommendation and from recommendation to physical action. Figure 1 illustrates how liability
and accountability gaps can emerge across data, model, platform, advisory, machinery, and operational layers in
precision agriculture Al systems.

Layered Liability Gap Map for Precision Agriculture Al Systems
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Figure 1. Layered Liability Gap Map for Precision Agriculture Al Systems

Alt-text description:

A conceptual layered map showing agricultural Al accountability gaps across data providers, model developers, platform
providers, advisory actors, machinery systems, farm operators, human oversight, incident reporting, traceability, and
auditability.

Distributed responsibility gaps are intensified by unequal control over data, infrastructure, technical expertise, and market
access. Critical research on digital agricultural technologies shows that concentrated technological and informational
power can shape who defines system objectives, controls data flows, benefits from automation, and bears the burdens of
failure or dependency [23]. Actors with the greatest formal or practical control may be distant from farm-level outcomes,
while farmers and operators may be highly exposed to consequences without having access to model logic, platform
governance records, or system-level evidence. Shared responsibility is therefore not necessarily balanced responsibility.
The framework asks which actor possessed relevant knowledge, who could change a design or operating condition, who
had authority to interrupt use, who was expected to monitor performance, and who retained evidence after an incident.
These questions support accountability analysis without presuming that organizational influence is equivalent to legal
fault.

Additional gaps arise when human oversight, interface design, and farmer autonomy are treated as secondary concerns.
Responsible-innovation scholarship emphasizes anticipation, inclusion, reflexivity, and responsiveness as means of
identifying affected interests and revising technology arrangements before harms become entrenched [24]. A human
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oversight gap exists where a named reviewer lacks the competence, time, information, or authority required to challenge
an output. An interface ambiguity gap occurs when users cannot tell whether a displayed result is an observation,
probability, advisory recommendation, warning, or control command. Farmer-autonomy gaps may arise through platform
lock-in, restrictive defaults, inaccessible explanations, weak contestability, or dependence on a provider for data
portability and service continuity. These are accountability problems because they affect practical control and the
distribution of decision authority, even where a farmer has formally accepted the service.

Privacy, cybersecurity, drift, incident evidence, traceability, and auditability create lifecycle accountability gaps that may
remain hidden until a system fails. Privacy review of smart farming shows that risks can arise during collection,
communication, storage, processing, and sharing, requiring responsibility across the complete data lifecycle [25]. Data
drift may result from changes in climate, sensors, practices, crop conditions, or farm management, while model drift may
follow updating, feedback effects, or changing relationships between inputs and outcomes. An incident evidence gap
arises when versions, logs, human decisions, and machinery states are not preserved. An auditability gap arises when
records exist but authorized reviewers cannot meaningfully access or interpret them. A traceability gap exists when
evidence cannot be linked across layers. Table 2 maps platform, advisory, machinery, automation, operational-risk, and

liability-gap concerns across agricultural Al systems.

Table 2. Platform, Advisory, Machinery, Automation, Operational-Risk, and Liability-Gap Concerns Across Agricultural Al
Systems: Platform Governance, Advisory Responsibility, Human Oversight, Machinery Automation, Robotic Execution,
Operational Monitoring, Incident Evidence, Traceability, Auditability, Shared Responsibility, and Legal-Claim Boundaries

Layer, Core Responsible Required Potential Failure or  Safeguard or |
component, accountability actor orrole evidence or output or responsibility monitoring $
or gap question condition consequence gap need
Platform Who controls Platform Governance Platform Platform Governance
provider platform rules, provider record, update responsibility treated as and change
updates, access, history, data- profile neutral monitoring  alc
and data flows? flow map, infrastructure 1
service le
limitations
Technology Who supplies Technology Component Provider-role Component  Configuration
provider the model, provider documentation, record duties are and do
sensor, intended use, unclear after dependency i
interface, or known integration review C
connectivity limitations
component?
System Who connects System Architecture Integration Failures fall End-to-end I
integrator data, models, integrator record, assurance between testingand ev
platforms, integration record component change nc
interfaces, and tests, providers control sa
machinery? dependency
map
Service Who configures, Service Service scope, Service- Responsibility Service Se
provider hosts, maintains, provider maintenance responsibility ends monitoring
or supports the log, support statement ambiguously and
service? and escalation after escalation ac
contacts installation
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Platform Who approves
governance consequential
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access rules?
Platform Who detects
monitoring abnormal
outputs, misuse,
complaints, or
reliability
problems?
Interface Does the
design interface
distinguish
prediction,
advice, warning,
and command?
Advisory Is the system
system descriptive,
predictive,
prescriptive, or
controlling?
Al-generated Are
advice assumptions,
uncertainty, and
limitations
communicated?
Agricultural ~ Who evaluates
advisor or contextual and
agronomist agronomic
plausibility?
Human Does the human
oversight have
information,
time,
competence,
and authority to
intervene?
Farmer Can the farmer
autonomy understand,
reject, contest,
or exit the
arrangement?
Machinery  Which physical,
manufacturer control, and
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Platform Interface Interface- Users User-
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interface terminology record output status testing and v
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integrator usability labels
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interface
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safety functions analysis, record
remain under maintenance
manufacturer requirements
responsibility?
Robotics Who supplies Robotics Algorithm, Robotics
provider perception, provider sensor, responsibility
planning, operating- record
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autonomous- test records
task functions?
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system state transitions,  developer, architecture assurance
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command logic?  integrator evidence
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represented as
compliance? C

Proposed Accountability Framework

The proposed framework conceptualizes accountability as a relational and institutional process requiring answerability,
evidence, assessment, correction, and the capacity to respond to identified problems. General Al accountability
scholarship emphasizes that algorithms cannot be meaningfully held to account in isolation from the organizations and
actors that develop, deploy, oversee, and use them, while operational ethics research shows that principles require
concrete lifecycle practices and assigned procedures [26-28]. Adapted to precision agriculture, this means that
accountability should be mapped across the full system rather than concentrated on model output or the final farm
decision. The framework is not presented as an empirical finding or legal instrument. It is a proposed analytical structure
for identifying who had relevant control, knowledge, authority, documentation duties, validation obligations, monitoring
capacity, and opportunities to intervene.

The first stage defines the agricultural Al use case, intended decision, affected environment, consequence level, and
prohibited uses. Stakeholder and role mapping then identifies farmers, farm operators, data providers, data stewards,
intermediaries, model developers, model deployers, platform providers, technology providers, system integrators,
advisors, agronomists, machinery manufacturers, robotics providers, service providers, cooperatives where supported,
and relevant governance, insurance, or supply-chain actors where the evidence and context justify their inclusion. These
stages should reflect the responsible-Al principles of beneficence, non-maleficence, autonomy, justice, and explicability
while recognizing that such principles require contextual interpretation [29]. Role mapping should document formal duties
and practical control because contractual labels may not correspond to who can access data, alter a model, change a
platform default, stop machinery, preserve evidence, or respond to an incident.

The second stage maps accountability across data and model layers. Data mapping assigns responsibility for collection
purpose, quality, provenance, documentation, access, control, privacy, cybersecurity, transfer, and retention. Model
mapping assigns responsibility for development choices, model documentation, internal testing, external validation, local
validation, field-validation planning, bias and fairness assessment, robustness, explainability, uncertainty communication,
deployment configuration, and drift monitoring. Algorithm-accountability research indicates that evaluation should include
the values, assumptions, organizational choices, and consequences embedded in system design and use rather than
treating the algorithm as an independent moral or organizational actor [30]. The framework consequently asks not only
whether a model performed well, but who selected its objective, whose data were represented, which errors were
prioritized, where limitations were communicated, and who had authority to suspend or revise deployment.

The third stage maps platform, advisory, machinery, and operational responsibilities. Platform mapping covers
governance rules, access arrangements, updates, interface design, alerting, monitoring, logging, service dependencies,
and escalation. Advisory mapping distinguishes analytical outputs from interpreted recommendations and identifies when
advisor or agronomist review is supported by the consequence and context of the decision. Machinery mapping
addresses perception, control, robotic execution, integration, maintenance, fail-safe behavior, emergency intervention
where supported, and sensor-to-actuator traceability. Operational-risk mapping identifies abnormal states, operating-
domain limits, supervisory duties, stop conditions, cybersecurity dependencies, and incident-response responsibilities.
Human oversight is allocated according to actual information, competence, authority, workload, and intervention capacity
rather than through a generic human-in-the-loop designation.

The final stage designs the evidence trail and governance feedback cycle. It specifies documentation, versioning,
traceability, auditability, validation records, review records, escalation events, incident evidence, data- and model-drift
alerts, corrective actions, and framework updates. Privacy and cybersecurity duties are reassessed as systems,
providers, and data flows change. Farmer autonomy is reviewed through explanation, contestability, portability, override
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capacity, and dependency. Remaining validation, responsibility, or evidence gaps are recorded for institutional, technical,
or legal examination where applicable. Table 3 presents the proposed accountability framework across data, model,
platform, advisory, machinery, and operational layers in precision agriculture Al systems. Figure 2 presents the proposed
accountability framework for precision agriculture Al systems, integrating role mapping, evidence trails, validation
responsibilities, oversight duties, incident response, traceability, auditability, and decision boundaries across data, model,

platform, advisory, machinery, and operational layers.

Table 3. Proposed Accountability Framework for Al Liability in Precision Agriculture: Use-Case Definition, Stakeholder
Role Mapping, Data-Layer Accountability, Model-Layer Accountability, Platform Responsibility, Advisory Responsibility,
Machinery Responsibility, Operational Risk, Human Oversight, Validation Responsibility, Evidence Trails, Traceability,

Auditability, Incident Response, Drift Monitoring, Farmer Autonomy, and Claim Boundaries
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Advisory-layer
responsibility
mapping

Machinery-
layer
responsibility
mapping

Operational-
risk mapping

Human
oversight
allocation

Validation
responsibility
allocation

Documentation
and evidence-
trail design

Traceability
design
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interface, and
service duties
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interpretation,
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and safety
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scrutiny of records,
records, review
controls, and procedures
decisions
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incident detection, thresholds,
response stopping, contact
design notification, structure,
investigation, evidence
and protocol
remediation
Drift Assign Baseline data
monitoring indicators, and
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Figure 2. Accountability Framework Across Data, Model, Platform, Advisory, Machinery, and Operational Layers

Alt-text description:
A conceptual accountability framework showing precision agriculture Al use-case definition and stakeholder mapping
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connected to data, model, platform, advisory, machinery, and operational accountability layers, with validation, oversight,
evidence trails, traceability, auditability, incident response, and decision boundaries.

Policy and Managerial Implications

For policymakers and governance institutions, the framework suggests that agricultural Al discussions should address
cross-layer responsibilities rather than focus exclusively on model transparency or the conduct of end users. Policy
development may benefit from distinguishing duties associated with data stewardship, model validation, platform
governance, advisory interpretation, machinery integration, and incident evidence. Responsible-innovation approaches
support participation by affected stakeholders and continuing review as agricultural technologies and relationships
change [24]. Conceptually, governance processes could encourage clear role descriptions, accessible evidence trails,
proportionate auditability, complaint and escalation pathways, and preservation of farmer autonomy. These implications
are not regulatory prescriptions and do not identify a universally appropriate legal allocation. Cooperatives, insurers
where relevant, and supply-chain stakeholders may participate in documentation or risk discussions when supported by
context, but their involvement should not be assumed to transfer responsibility or establish legal obligations.

For managers of farms, advisory organizations, technology providers, platforms, and service operations, the framework
emphasizes role clarity before implementation and reassessment throughout system use. Data stewards should know
who verifies quality, provenance, access, retention, privacy, and cybersecurity. Model developers and deployers should
separately document development evidence, intended use, local suitability, monitoring, and revalidation responsibilities.
Platform providers should assign governance, update, alerting, complaint, and incident-response functions rather than
relying on general terms or disclaimers. Advisory organizations should define when domain review is expected and
ensure that reviewers have adequate information and authority. Machinery manufacturers, robotics providers, integrators,
and operators should clarify control modes, operating limits, maintenance, fail-safe functions, monitoring, and evidence
preservation. Automated-machinery safety evidence supports attention to perception, risk mitigation, and human factors,
but implementation decisions require system-specific engineering and institutional assessment [21].

For researchers, the framework identifies a research agenda concerning the empirical distribution of responsibility across
agricultural Al ecosystems. Future studies could examine whether accountability records are understandable and usable,
whether local validation responsibilities are fulfilled, how advisors interpret uncertainty, whether farmers can meaningfully
challenge platform outputs, how drift is detected, and whether incident evidence can be reconstructed across
organizational boundaries. Privacy and cybersecurity should be studied as linked lifecycle responsibilities rather than
isolated technical controls [25]. Comparative work could also investigate how farm scale, infrastructure, crop or livestock
context, service models, and institutional capacity affect meaningful oversight and farmer autonomy. These are proposed
research and managerial implications, not legal, insurance, procurement, compliance, machinery-operation, platform-
selection, agronomic, or deployment instructions.

Conclusion

This article proposes a conceptual accountability framework for examining Al liability issues across data, model, platform,
advisory, machinery, and operational layers in precision agriculture. Its central contribution is to replace model-centered or
single-actor explanations with a structured analysis of distributed accountability, role allocation, validation responsibility,
documentation, evidence trails, traceability, auditability, human oversight, operational safeguards, incident response, and
governance updating. The framework distinguishes data providers from stewards and intermediaries, developers from
deployers, platforms from advisors, and advisory outputs from machinery execution. It also identifies accountability gaps
caused by incomplete provenance, opacity, unclear validation ownership, platform ambiguity, weak human control,
fragmented incident evidence, and untraceable physical action. These mappings may support governance planning and
policy discussion, but they do not independently determine legal liability, assign blame, establish compliance, certify
safety, or demonstrate deployment readiness. Al liability in precision agriculture should therefore be examined through the
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complete chain of actors, technical transformations, decisions, and evidence rather than through model output or final-
user conduct alone.
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