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Abstract

Objective: Farm management requires continuous decisions constrained by field conditions,
crops, weather, soil, agricultural inputs and business objectives, yet workflows built on
predefined software modules still fail to transfer field boundaries, variable semantics,
parameter units and intermediate outputs across platforms and models. This study develops
SmartFarming, a GIS-based agent framework that translates natural-language farm
management requests into constrained, executable and traceable multistep workflows.
Methods: The framework is organized around four components - Persona, Agent Harness,
Capabilities and World Interface. The Agent Harness coordinates task orchestration, capability
routing, context management, hierarchical memory, execution monitoring and governance.
Skill contracts constrain capability composition, while artifacts and their manifests record
spatial semantics, versions and data lineage. A GIS module connects field inputs, computation,
result visualization and user review within a spatial feedback loop.

Results: Nine case studies instantiate the framework: satellite remote sensing monitoring, UAV
remote sensing for rice growth, ground RGB image analysis for wheat-head and rice-panicle
counting and disease identification, crop growth prediction, and model-remote-sensing
coupling for yield prediction. The cases show that SmartFarming can organize, compose and
check existing agronomic models, data services and spatial interactions in end-to-end
workflows.

Conclusions: A GIS-based agent framework with explicit spatial, temporal and risk constraints
provides a practical basis for reusing heterogeneous agronomic models and data services in
farm management, and offers a transferable structure for building domain agent systems in
agriculture.

Keywords: farm management; agent harness; skill contract; geographic information system;
remote sensing
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0 Introduction

Farm management is the continuous organization and regulation of fields, crops,
fertilizers, pesticides, labor, machinery, and agricultural operations under given
natural resources, production conditions, and operational objectives. Unlike one-off
crop identification, disease diagnosis, or yield prediction, farm management spans
planting planning, sowing, in-season growth, harvest, and post-season evaluation.
Decisions on irrigation, fertilization, crop protection, and machinery operations
require weather, soil, crop condition, input costs, and operational windows to be
considered for fields with defined boundaries. Image recognition, remote sensing,
geographic information systems (GIS), crop models, and Internet of Things (IoT)
support field monitoring, precise input application, and production control [1]. These
technologies also support a shift toward the integrated design and optimization of crop
production systems [2]. The central challenge therefore extends beyond information
acquisition at individual production stages to connecting observations, specialized
models, and field operations in a continuous process of sensing, analysis, decision
making, execution, and feedback.

To support these management processes, farm management information systems
have evolved from early tools for farm-operation records and financial management
into integrated software systems that combine field profiles, production planning,
machinery data, input management, crop monitoring, and business analysis [3].
Commercial platforms emphasize different, often overlapping functions. Climate
FieldView (Bayer) and John Deere Operations Center (John Deere) emphasize
machinery connectivity, production-data analysis, and operational management, while
Cropwise (Syngenta) and xarvio FIELD MANAGER (BASF) also support crop
monitoring and agronomic decision-making using field, weather, and remote-sensing
data and crop models [4,5,6,7]. These platforms collectively illustrate the breadth of
digital support available for field-level management throughout the production cycle.

Although existing platforms integrate multiple business functions, this
integration typically depends on predefined software modules, data interfaces, and
business processes. Interoperability barriers persist among platforms in technical
interfaces, variable semantics, data context, user management, and security and trust
mechanisms [8]. Changes in data sources, crops, models, or management needs can
require renewed requirements analysis, code changes, interface adaptation, testing,
and deployment [9]. A task that combines field delineation, image retrieval, crop
growth estimation, phenological assessment, crop simulation, and prescription
generation may therefore require users to transfer boundaries, time ranges, parameters,
units, and intermediate files manually between modules or platforms. These handofts
increase the workload and the risk of mismatched information. Dynamic coordination
of heterogeneous data, models, and tools remains a challenge even when individual
functions are already available.

Large language models (LLMs), which power applications such as ChatGPT and
Gemini, support natural language understanding, question answering, text and code
generation, and multimodal information processing [10,11]. Agricultural domain
adaptation uses agricultural corpora, instruction tuning, and image-text data to
improve how these models handle agricultural terminology, production questions, and
visual features [12,13,14]. These approaches make agricultural knowledge and
specialized information more accessible.

Agricultural LLMs can nevertheless generate factual hallucinations, omit key
applicability conditions, or provide agronomic advice without verifiable evidence [15].
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Tasks involving empirical equations, numerical calculations, and logical constraints,
such as water and nutrient management, also expose errors in equation selection,
inconsistent calculations, and unwarranted confidence in incorrect results [16].
Converting language-based advice into executable, checkable, and traceable farm
management workflows therefore requires mechanisms for task planning, tool use,
state maintenance, and execution feedback.

LLM-based agents provide a new approach to extending the practical execution
capabilities of language models. An LLM primarily supports language understanding,
reasoning, and action generation, whereas an agent additionally incorporates task
objectives, external tools, environmental observations, state or memory management,
and multistep execution loops. This enables the system to act continuously toward
user objectives and adjust subsequent decisions in response to execution results
[17,18]. Agent systems thus encompass planning, environmental feedback, state
updates, and multirole collaboration in addition to individual tool calls [19,20,21].

Studies in agriculture and spatial information adapt these mechanisms to
specialized tasks. Remote sensing and geospatial agents combine natural language
task decomposition, specialized tools, and multiple modules for image or map
analysis [22,23]. Cai et al. [24] combine image segmentation, LLM reasoning, and
hierarchical analysis in an interpretable agent framework for few-shot plant
phenotyping. These studies illustrate a transition from question answering and
individual model inference to multistep execution with multiple tools. Farm
management is not a one-off text-input-to-answer-output task. It requires continuous
data queries, status analysis, management-plan generation, and result verification for
specific fields. These processes may ultimately affect farming operations. Spatial
objects, temporal states, and task semantics must remain consistent throughout this
process. Existing studies, however, generally emphasize particular analytical tasks
[25,26,27]; they do not by themselves establish a unified approach to field anchoring,
state maintenance across growth stages, and artifact handoffs among remote sensing,
crop models, and management tools. Mechanisms for map-based result review,
governance of farming operations, and controlled skill extension have likewise not
been systematically integrated. Real-world farm management therefore still lacks a
field-centered system framework that can coordinate multisource agricultural data,
remote sensing products, agronomic models, and operational tools while maintaining
consistent spatial objects, variable semantics, data sources, and runtime states across
tasks, thereby supporting task continuity, process traceability, and governable
execution.

Accordingly, this study proposes SmartFarming, an artificial intelligence (Al)
agent framework that translates natural language farm management requests into
constrained, executable, and traceable multistep workflows. Four components,
Persona, Agent Harness, Capabilities, and World Interface, define roles and behavior,
maintain task state and coordinate capabilities, encapsulate agricultural algorithms
and workflows, and connect GIS, data services, and execution environments,
respectively. The framework incorporates agricultural objects, temporal states, and
action risks into runtime coordination. The objectives of this study are threefold: (1)
to develop a general GIS-based agent architecture that provides a unified structure for
task orchestration, capability invocation, state maintenance, execution observability,
and system governance; (2) to establish handoff mechanisms for spatial objects,
variable semantics, and data lineage across skills, thereby supporting the composition
and reuse of remote sensing monitoring, crop modeling, and management-analysis
capabilities; and (3) to instantiate the SmartFarming agent and evaluate its end-to-end
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closed-loop task capability using cases involving satellite and unmanned aerial
vehicle (UAV) remote sensing, ground-image analysis, crop prediction, and
model-remote sensing coupling.

1 SmartFarming agricultural agent architecture

Farm management tasks often begin with a textual or GIS-based request and
develop into a sequence of spatial definition, data retrieval, crop-state assessment, and
management planning. The resulting decisions may further trigger fertilization,
irrigation, pesticide application, or machinery operations. Throughout this process,
field boundaries and coordinate reference systems (CRSs) constrain where a task
applies, while growth stages, weather windows, and management schedules constrain
when it can be executed. Because errors in prescription or execution may lead to
resource waste, yield loss, or operational risk, the agent must maintain consistent task
semantics as information and actions move across these spatial and temporal contexts.

1.1 Architecture and conceptual boundaries under agricultural
constraints

Farm management involves natural-language requests, geospatial objects,
heterogeneous agricultural data, domain models, and management constraints.
SmartFarming organizes these elements through four core components: Persona,
Agent Harness, Capabilities, and World Interface (Fig. 1). Agricultural tasks are
represented and coordinated with explicit spatial, temporal, and risk constraints,
allowing the agent to maintain consistent task objects and conditions as information
moves between data sources, analytical capabilities, and agricultural operations.
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Fig. 1. SmartFarming architecture under spatial, temporal, and risk constraints. (a): Spatial, temporal, and risk
constraints on agricultural tasks. (b): core components of the SmartFarming agricultural agent, including the
foundation model, Persona, Agent Harness, Capabilities, and World Interface; and (c): information and action
flows between the agent and the agricultural environment through Environment, Observation, and Actions.

Agricultural tasks remain subject to spatial, temporal, and risk constraints
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throughout execution. Spatial constraints associate a task with a defined area of
interest (AOI), spatial reference, and management unit. Temporal constraints
determine whether a capability is applicable to a given crop growth stage,
management window, or weather condition. Risk constraints govern actions that may
alter agricultural production through authorization, execution gates, and human
confirmation. SmartFarming organizes these constraints through four core
components-Persona, Agent Harness, Capabilities, and World Interface-which define
user roles, coordinate task execution, provide agricultural capabilities, and connect the
agent with the agricultural environment, respectively.

Persona defines the intended user, task objectives, interaction strategy, and
accessible capabilities. Farm managers may focus on production planning, input
allocation, machinery scheduling, and harvesting; agronomists on crop condition
assessment, nutrient and water management, pest and disease diagnosis, and
agronomic recommendations; and researchers on remote sensing analysis, crop
simulation, model evaluation, and scenario analysis. These Personas use the same
Agent Harness while differing in their task priorities, accessible capabilities, and
interaction strategies.

The Agent Harness coordinates execution across Persona, Capabilities, and
World Interface. It coordinates skill selection and execution according to the current
task context, while maintaining consistency in spatial objects, temporal conditions,
and management objectives across task steps. The Harness also maintains task state
and the relationships between upstream and downstream results. It translates task
intent interpreted by the foundation model into constrained capability calls, linking
language-based reasoning with agricultural computation and operations.

Capabilities comprise the tools, skills, models, and workflows available to
agricultural tasks. A tool performs an individual operation, such as image clipping,
coordinate transformation, or data retrieval, through an explicit interface. A skill
organizes tools, models, workflows, or external services into a reusable agricultural
capability, such as remote sensing monitoring, crop growth prediction, fertilization
planning, or machinery planning. This organization allows different agricultural
algorithms, models, and services to be incorporated without coupling the framework
to a particular implementation.

The World Interface connects the agent with GIS, agricultural data services,
computing environments, user confirmation interfaces, and external devices. It
provides the interfaces through which the agent obtains information, presents results,
and initiates permitted actions. Within the World Interface, GIS provides the spatial
context for AOI definition, computation, result presentation, and user verification,
keeping task inputs and outputs associated with the same field objects.

These components operate within an Environment-Observation-Action loop. The
agricultural environment comprises crops, sensors, remote sensing platforms, and
machinery. Observations include crop conditions, remote sensing imagery, field
records, and yield records. Based on these observations, the agent interprets the task
objective and coordinates the appropriate capabilities to produce management actions,
such as fertilization, irrigation, harvesting, or machinery operations. Executed actions
may alter field conditions and generate new observations, allowing subsequent tasks
to proceed from the updated agricultural state.

1.2 Agent Harness runtime mechanisms and functions

The Agent Harness connects the LLM, Capabilities, and World Interface during
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task execution. In addition to user objectives, conversation history, and tool results, it
maintains agricultural task state, including the AOI, crop growth stage, weather
window, and management objective. These state variables allow remote sensing, crop
modeling, and management capabilities to operate within a consistent spatial and
temporal context. For actions that may alter production states, the Harness also
coordinates authorization checks and human confirmation.

SmartFarming builds on the reasoning-and-acting paradigm introduced by ReAct
and related work on agent memory and environmental interaction [18,19]. It extends
this interaction cycle with agricultural state and constraint management centered on
the AOI, growth stage, and management objective (Fig. 2). Perceive captures user
requests and external events; Retrieve and Compose assemble the information
required for the current task; Decide, Act, and Observe select capabilities, execute
calls, and process returned results; and Memorize updates task state and memory.
Within this cycle, the Harness links user intent with spatial parsing, data acquisition,
model analysis, GIS visualization, and, when required, human confirmation.

The Agent Harness comprises six functional modules: task orchestration,
capability routing, context management, hierarchical memory, execution and
observation, and governance control. These modules manage the information and
control flow required for multistep agricultural tasks.

Task orchestration organizes a user request into executable task steps and
maintains their dependencies. It determines the sequence in which skills are invoked,
tracks intermediate results, and updates the task state as execution proceeds. For
multistep agricultural tasks, orchestration also preserves the relevant AOI, temporal
conditions, and management objective across successive operations.

Capability routing maintains an index of callable tools and skills together with
their descriptions, metadata, and authorization states. The Harness retrieves candidate
capabilities according to user intent and filters them using input requirements, crop
applicability, spatial scope, and Persona-defined visibility. Capability discovery,
visibility, and authorization are treated separately: a registered and visible capability
cannot be executed unless the requesting user or service identity also satisfies its
authorization requirements.

Context management controls the information supplied to the LLM at each
reasoning step. The context contains structured representations of the Persona
configuration, current task state, agricultural environment state, relevant memory,
artifact references, and applicable constraints. Large data objects are not inserted
directly into the model context; instead, the Harness retains references to the
corresponding artifacts and resolves their contents when required.

Hierarchical memory connects the current task with previous management
activities and longer-term agricultural knowledge. Working memory stores
information required for the current execution, episodic memory records completed
management episodes, and long-term memory is designed to retain field history,
cropping systems, and accumulated management experience. Together with execution
logs and versioned artifacts, these records provide traceable links between previous
operations and subsequent decisions.

The execution-and-observation module separates LLM reasoning from
operations that modify data or external state. The LLM generates structured capability
requests, while the execution environment performs data queries, file processing,
model computation, map updates, and other deterministic operations. Short operations
may return results synchronously, whereas longer downloads, simulations, or
image-inference jobs can execute independently and report progress, warnings, errors,
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and completion states. Structured outputs and execution states are returned to the
Harness for subsequent reasoning and task-state updates, while results requiring
review are presented through the corresponding user interface.The detailed skill
execution workflow is illustrated in Fig. S1.

Governance control applies layered checks before and during capability
execution. Persona determines capability visibility, authorization determines whether
the requesting identity may invoke a capability, and capability interfaces validate
required inputs and execution conditions. The World Interface further enforces spatial
scope, data-access permissions, and resource constraints during execution. The
Harness coordinates these controls but does not replace the validation or decision
logic implemented by the responsible component.

SmartFarming assigns different control requirements to information display,
advice generation, prescription export, dispatch to management systems, and
machinery execution. Actions that may directly change external production states,
such as prescription dispatch or device execution, are paused by default until
confirmation is provided by an authorized user. Execution records retain the AOI,
input data, execution parameters, skill and model versions, quality warnings, and
approval status. Iteration limits, failure stop conditions, and version tracking further
constrain repeated execution, unauthorized invocation, and outputs without traceable
provenance.

1.3 Agricultural data foundation and service integration

The agricultural data foundation organizes heterogeneous environmental, crop,
and management information by location, time, crop, and production scenario.
Standardized access allows the agent to retrieve relevant data and provenance. Storage,
standardization, and query services remain separate from agent reasoning; the Harness
requests data according to task objectives and current state.Details of the data sources,
standardization procedures, and API-based integration are provided in Text S1.

Environmental data include weather, soil, and terrain information for
environmental assessment, crop modeling, and spatial analysis. Crop data include
phenology, cultivar parameters, and growth states. Management data include cropping
systems, agricultural operations, and administrative boundaries that describe
production contexts and management constraints. These data jointly support the
representation of the agricultural environment and task state (Table S3).

Data integration requires spatial, temporal, and semantic standardization. Spatial
data use a consistent CRS and indexing framework, temporal fields use a common
format, and units and category codes follow defined conversions. Vertically layered
data use a common layer index. Standardization retains provenance, spatial resolution,
temporal validity, processing methods, and versions to support subsequent tracing and
reproduction.

Databases and service interfaces expose standardized data to the agent. Spatial
and temporal indexes support queries by coordinates, time range, crop type, or task
parameters. Standard interfaces connect external data resources and model services
while keeping them separate from agent reasoning.

During execution, the Harness queries information for the AOI, time, crop, and
task conditions. It retains source, version, spatial extent, and query-time metadata so
that agricultural capabilities can share a consistent data context and trace their inputs
and outputs.
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1.4 GIS spatial feedback and artifact handoffs

Growth monitoring, yield prediction, fertilization prescriptions, and irrigation
advice must refer to explicit fields, spatial extents, CRSs, and time windows. GIS
supports the management, computation, and presentation of these spatial objects [28].
SmartFarming uses GIS to connect user intent, input data, and management outputs to
a common AOIL.

The spatial loop connects user input, AOI normalization, spatial computation,
result return, and confirmation. Users define the target through GIS interaction or
vector uploads, such as Shapefile or GeoJSON, a geographic format based on
JavaScript Object Notation (JSON). The system parses the geometry, checks
coordinate consistency, and determines task extent to create a standardized spatial
object. This object anchors subsequent data retrieval, model computation, and result
presentation.

The Harness then organizes data queries, model analysis, and management
planning around this AOIL. Outputs retain their spatial extent, temporal information,
and provenance, allowing remote sensing results, predictions, and management plans
to be linked and displayed for the same spatial object.

GIS returns georeferenced outputs and their semantics, including GeoJSON and
georeferenced Tagged Image File Format (GeoTIFF) rasters. Users inspect boundaries,
anomalous areas, and management results on the map, then confirm, revise, or
terminate the task. Their decisions update task state and memory. Changes to spatial
conditions trigger AOI normalization again. GIS therefore serves both as a display
interface and as a feedback channel that maintains the link from spatial intent through
AOI and geospatial artifacts to user confirmation (Fig. 2).
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Fig. 2. SmartFarming task execution from user intent to result confirmation.
1.5 Domain skill hierarchy and representative workflows

SmartFarming organizes domain capabilities into three layers, including shared
foundations, sensing and modeling, and decisions and operations. The first layer
prepares reusable spatial objects and agricultural data, the second derives crop states
and predictions from observations, and the third uses these results to support
management planning and production operations. Each agricultural skill specifies its
applicable crops, spatial scope, temporal conditions, input requirements, and outputs.

The shared-foundation layer provides reusable AOIs, field boundaries,
agricultural data query results, standardized remote sensing imagery, and raster or
vector layers. It acquires, organizes, and preprocesses data without estimating crop
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states or generating agronomic decisions. Quality-controlled AOIs, imagery, and
spatial data can be reused across satellite monitoring, UAV analysis, crop simulation,
and management planning. For example, remote sensing imagery after quality control
and spatial clipping can support phenological-stage identification, crop-state
estimation, and yield prediction. Reusing these common data products avoids repeated
preprocessing of the same spatial objects and data across different agricultural tasks.

The sensing-and-modeling layer converts observations into crop-state estimates
and predictions. Remote sensing skills calculate vegetation indices, identify
phenological stages, and estimate leaf area index (LAI), aboveground biomass (AGB),
and crop nitrogen status. Ground-image skills identify plants and plant traits, weeds,
and disease symptoms. Crop-model skills combine weather, soil, -cultivar,
management, and remote sensing observations to simulate crop development, biomass
accumulation, and yield. The resulting artifacts provide standardized inputs for
downstream skills.

The decision-and-operation layer combines spatial objects, agricultural data, and
estimated or simulated crop states to formulate management plans and, where
appropriate, connect them to production systems. Representative capabilities include
fertilization planning, irrigation planning, harvest scheduling, machinery
configuration, and route planning. Agronomic parameters are calculated by domain
models, rules, or optimization algorithms, while the agent is responsible for task
interpretation, capability selection, and execution coordination. For example, a
variable-rate fertilization skill can combine field information and crop-state estimates
to generate a spatial prescription that is subsequently presented in GIS for review. In
this way, SmartFarming retains agricultural models and algorithms as the
computational basis of domain operations while organizing them with data and
computing resources as reusable skills.

Standardized artifacts provide the interfaces between these layers. The
shared-foundation layer prepares spatial objects and data, the sensing-and-modeling
layer produces crop-state estimates and predictions, and the decision-and-operation
layer uses these results to formulate management plans. The associated task state
retains the AOI, temporal context, and provenance as information moves across the
layers. The growth-monitoring cases presented in this study mainly involve the first
two layers together with GIS-based result review, whereas workflows that generate
fertilization, irrigation, or other management plans extend into the
decision-and-operation layer.

2 Controlled evolution of SmartFarming capabilities

2.1 Dual-plane design separating capability use from evolution

SmartFarming separates production use from capability development through a
runtime plane and a development plane. The runtime plane allows end users to invoke
released skills, whereas the development plane supports the creation, testing, and
maintenance of candidate skills. Unverified capabilities cannot enter the production
environment, as they may compromise task reproducibility and traceability or
introduce risks to agricultural operations.

The runtime plane serves farm managers, agronomists, and agricultural
researchers. Authorized users provide task parameters, inspect results, and confirm
actions when required, but cannot directly modify released capability definitions,
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execution logic, or interface constraints.

The development plane serves skill developers, system maintainers, and
controlled development assistants. New algorithms, models, data services, and
workflows are packaged as candidate skills according to SmartFarming specifications
and then submitted for validation, registration, and release. Candidate skills remain
separate from production task execution until they satisfy the required release
conditions.

A controlled release process connects the two planes. Candidate skills become
available in the runtime plane only after interface validation, compatibility checks,
runtime testing, and risk review. This separation allows capabilities to evolve without
permitting an active agent or end user to modify released skills during production
execution.

Capability evolution occurs by adding, composing, or upgrading standardized
skills rather than modifying the agent core. A skill may encapsulate algorithms, model
services, external tools, or workflows and is associated with its structural specification,
interface constraints, version, and release status.

2.2 Skill-Contract-Artifact object model and composition

SmartFarming uses a hierarchical skill system to organize agricultural tasks and
coordinates multiple skills to complete typical workflows. For these capabilities to be
retrieved, validated, and composed by the agent, a skill cannot exist only as a natural
language description, prompt template, or loosely associated toolset; it requires a
consistent structural representation. SmartFarming therefore represents each skill as
an agricultural capability object and uses a Skill-Contract-Artifact model to make
composition explicit, machine-readable, verifiable, and traceable.

A skill is the basic unit of agricultural capability. Inspired by modular software
design and the principle of explicit interface contracts [29], SmartFarming represents
each runtime skill as a five-tuple:

= (Spec, Impl, Contract, Metadata, Policy) (1)
Spec defines the objective, steps, and expected behavior; Impl denotes the algorithm,
model, tool, or external service; contract defines inputs, outputs, semantic constraints,
and execution conditions; Metadata records applicable crops, spatial scale, time range,
tags, and version; and Policy declares risk level, invocation prerequisites, and
governance requirements. The Harness uses these fields for retrieval, applicability
checks, and execution coordination. Runtime authorization makes the final admission
decision from the current identity, role, and task state.

SmartFarming transfers data and task state through standardized artifacts instead
of relying on direct skill-to-skill calls. An artifact exchanges information and
maintains task continuity between upstream and downstream skills, carrying data,
files, model states, analytical results, or management outputs produced, consumed, or
transferred during execution. The basic relationship is:

- - (2)
The upstream skill produces the artifact, and the downstream skill consumes it. The
Harness schedules execution from skill dependencies and uses artifacts to preserve
state, spatial semantics, and results along the workflow.

A contract specifies the artifact types a skill accepts and produces, together with
execution constraints. The Harness connects skills only when their input and output
types and semantics are compatible. Otherwise, it pauses the task and requests new
data or missing information.



https://agrixiv.agrijournal.com.cn//article/doi/10.12343/Agrixiv.202610.00002
BCHENA CRERATIFE ) AR A IZ ORI, agriXivylfT K ADRAFAL . ARFTIRE SRVEAF AT .

10.12343/Agrixiv.202610.00002V2

Each artifact has an associated manifest that records provenance, version, spatial
extent, generation time, execution context, and dependencies. In this design, the
manifest is a trace record attached to an artifact; it does not itself determine
composition or scheduling. Together, the artifact and manifest support recovery,
accountability, and reproduction of execution paths.

The Skill-Contract-Artifact model separates capability definition, interface
constraints, and runtime data handoff. The Harness uses these structures to identify
applicable skills, verify input—output compatibility, coordinate their execution, and
maintain data lineage across multistep agricultural workflows.

2.3 SKkill structure and domain-specific type contracts

Before admission, every skill declares a consistent structural description,
interface constraints, runtime states, and governance requirements. These declarations
allow capabilities from different sources to be parsed, validated, invoked, and
composed consistently. The declaration specifies the agricultural problem, applicable
crops, spatial scale, time range, input conditions, and expected outputs. A
rice-monitoring skill, for example, states supported growth stages, remote sensing
data, resolution, and output indicators. A yield-prediction skill states its weather, soil,
cultivar, and management requirements. Metadata therefore prevents invocation when
crop, time, or data conditions are unsuitable.

Contracts specify interface structures, semantics, and applicability. The OpenAPI
Specification can describe parameter structures, data types, and service calls, while
International  Organization for Standardization/International Electrotechnical
Commission (ISO/IEC) 25010 provides a reference for quality characteristics such as
reliability, compatibility, and maintainability [30,31]. SmartFarming adds agricultural
spatial, temporal, variable, and data-quality constraints. Spatial constraints cover CRS,
AOI, resolution, and scale. Temporal constraints cover observation time, simulation
period, growth stage, and validity. Variable constraints cover names, units, ranges, and
agronomic meaning. Data-quality constraints cover completeness, validity flags,
uncertainty, and warnings.

Skills also follow a common runtime protocol for long or externally dependent
tasks. In addition to final outputs, they report waiting, running, completed, failed,
paused, or cancelled states with progress, warnings, and errors. Start conditions,
exception handling, and termination conditions are explicit. Image retrieval reports
when no image satisfies the requested time and quality criteria, and crop simulation
pauses rather than inferring critical missing parameters. Skill outputs conform to their
output contracts so that downstream skills can determine whether invocation
conditions are met. Artifact objects manage the associated trace information.

Policy records visibility, resource needs, risk level, and confirmation
requirements. Runtime authorization combines these declarations with the current
identity and task state. Monitoring and information display can run automatically
when authorized. Consequential skills that dispatch fertilizer prescriptions, control
irrigation, or operate machinery require parameter bounds, confirmation by a
responsible person, and execution records. These structural and type requirements
support consistent registration, invocation, composition, and execution, and provide a
basis for versioning, lifecycle control, and managed evolution.
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2.4 Capability admission and lifecycle management

SmartFarming manages capability admission through Discovery, Engineering,
Governance, and Operation (Fig. 3). Machine learning systems require continued
management of models and dependencies across development, validation, deployment,
and maintenance [32,33,34]. The four-stage lifecycle applies this principle to
changing agricultural algorithms, models, data sources, and knowledge without
altering active production tasks.

Discovery ] [ Engineering ] [ Governance ] [ Operation
. y How can new How can new ey
Why is evolution
):ll:ces\;ar‘;"l capabilities be capabilities be safely Huzzda;igai;at?;‘l’teff
2 engineered? integrated? P )
Runtime singnals Design A Validate [ Runtime use

Failures,Logs, % Approach,algorithms, gl Functional & quality [ Capabilities used in
Performance metrics data needs,interfaces testing,contract compliance e workflows

Capability gap Contract & Artifact = Register . Monitoring

Unmet capability needs @ Interfaces, semantics, ‘7\' Add metadata,version, = Performance,

constraints, provenance depencies to registry quality,cost

Requirement definition Build P Authorize & Release e Feedback
<7| es

Define the target capability < Implement models,tools (< Permission,risk review, e User feedback, quality

and constraints and workflows deployment signals

Fig. 3. Controlled evolution of SmartFarming capabilities.

Discovery identifies unmet capability needs from runtime logs, failures,
performance changes, user feedback, new cultivars, new remote sensing sources, new
crop models, or new management needs. The system combines runtime signals with
identified capability gaps to specify the target capability, applicability scope, and
constraints, thereby producing a requirement definition.

Engineering designs and implements candidate skills. Developers use the
capability requirements to design algorithms, data requirements, interfaces, and
dependencies and encapsulate new agricultural algorithms, models, data services, or
workflows as skills conforming to SmartFarming specifications. Supporting a new
remote sensing satellite source, crop model, or pest and disease recognition algorithm,
for example, requires input-output interface adaptation, definition of agricultural
semantics, and compatibility design with the existing skill system so that the
capability can reliably join existing task chains.

Governance validates, registers, and releases candidate skills. Checks include
functional validation, contract consistency, regression tests, and end-to-end workflow
tests. Registration records metadata, versions, dependencies, and runtime
configuration. Authorization, risk assessment, and governance review precede release.
Consequential skills for fertilizer prescriptions, irrigation control, or machinery
operations require agronomic rule checks, expert review, and human confirmation
beyond the checks applied to lower-risk monitoring capabilities.

Operation invokes released skills and monitors states, outputs, artifact quality,
resources, and user feedback. Performance degradation, changing data sources, new
cultivars, or new user needs return to Discovery. Consistent with lifecycle risk
management [35], changes to algorithms, interfaces, or dependencies must pass
through Engineering and Governance again. An active agent cannot directly modify
or deploy a released skill.

This lifecycle provides a common route from need discovery through
engineering, validation, release, operation, and feedback. Its controls are intended to
preserve continuity, reproducibility, traceability, and safety as capabilities change;
these properties require empirical evaluation in sustained deployments.



https://agrixiv.agrijournal.com.cn//article/doi/10.12343/Agrixiv.202610.00002
BCHENA CRERATIFE ) AR A IZ ORI, agriXivylfT K ADRAFAL . ARFTIRE SRVEAF AT .

10.12343/Agrixiv.202610.00002V2

2.5 Capability extension mechanisms

Capabilities can originate from manual development, external resources,
foundation-model assistance, or runtime feedback. Regardless of origin, each
candidate follows the same packaging, validation, registration, and release process
before entering production.

The Model Context Protocol (MCP) can connect external databases, remote
sensing platforms, crop models, computing tools, and knowledge services [36]. MCP
provides connectivity and message exchange, but does not define agricultural
semantics, spatial constraints, data quality, authorization, or risk levels. Every
external capability integrated into SmartFarming must therefore still be encapsulated
through the skill object model, satisfy Contract, Policy, and type-contract
requirements, and undergo validation, registration, and release before becoming an
agricultural capability in the production environment.

Foundation models can assist with code generation, tool packaging, and
workflow construction [37]. In SmartFarming, they support development by
proposing candidate implementations, skill templates, interface descriptions, and
upgrade suggestions. They cannot modify active skills directly. Al-assisted candidates
still require lifecycle validation, registration, human review, governance checks, and
release.

Runtime feedback can also initiate extension. Repeated failures, declining
artifact quality, data-source changes, or new agricultural needs become upgrade
proposals that return to Discovery. An upgraded skill passes through Engineering and
Governance rather than directly replacing a production version.

These controls allow external connections, model-assisted development, and
feedback-driven upgrades to follow a common release process while keeping the
production environment stable and traceable.

3 SmartFarming applications in farm management

The application chain links crop-state sensing, management decisions, growth
prediction, and yield updating. Satellite and UAV remote sensing characterize field
variation; existing nutrient and water models are wrapped as callable skills; RiceGrow
and WheatGrow support full-season simulation and scenario analysis; and
model-remote sensing coupling uses an ensemble Kalman filter (EnKF) to update
simulated crop states from remote sensing observations. These components illustrate
composable, traceable, and reviewable workflows for precision management and
yield prediction.The models and algorithms underlying the case-study workflows are
summarized in Table S1.

3.1 Remote sensing monitoring skills

Remote sensing forms the sensing entry point. Satellite images provide broad
spatial coverage and time series, while UAV images provide finer spatial resolution
and flexible acquisition. Two types of data are encapsulated as skills and output
growth indicators, field statistics, and visualization products. Their main functions
and input-output specifications are summarized in Table S2.Their outputs can enter
fertilization, irrigation, or yield workflows only when the AOI, CRS, date, algorithm
version, and units are retained.
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For satellite monitoring, users draw an AOI on GIS or upload a vector boundary.
The workflow uses Microsoft Planetary Computer (MPC) as a cloud geospatial
catalog and accesses its SpatioTemporal Asset Catalog (STAC) interface to search by
AOI, observation window, and cloud threshold. Available products include Sentinel-2
Level-2A, Landsat Collection 2 Level-2, and Moderate Resolution Imaging
Spectroradiometer (MODIS) data. The workflow extracts surface reflectance and
vegetation indices and exposes modules for field-boundary detection, LAI estimation,
topdressing prescriptions, and irrigation-demand estimation. When revisit frequency
and cloud-free coverage permit, the system can update regional observations and
produce spatial management maps.

The UAV skill accepts uploaded multispectral images, reads geolocation and red,
red-edge, near-infrared, and other bands, and calculates vegetation indices such as the
normalized difference vegetation index (NDVI). Registered algorithms estimate AGB,
LAIL leaf nitrogen accumulation (LNA), leaf nitrogen concentration (LNC), grain
protein content (GPC), and yield, with continuous and classified maps as outputs
(Table S2). The monitored crop-status results can likewise be used to generate
topdressing prescription maps for the target field and guide optimized production
management.

3.2 Ground red-green-blue image recognition skill

The ground red-green-blue (RGB) image skill complements remote sensing with
object-level information from phones, cameras, or low-altitude UAVs. It detects
wheat spikes, rice panicles, weeds, and disease regions. After a user uploads an image
and describes the task, the agent checks the image channels and task type, then
matches a registered skill from its description, input schema, and supported targets.
This routing separates RGB tasks from remote sensing tasks that require red-edge or
near-infrared bands.

The agent packages the image path, task category, and parameters as a structured
request and loads registered You Only Look Once (YOLO) model weights in a
sandbox. YOLO predicts classes, bounding boxes, and confidence scores in one
forward pass [38]. The skill counts objects and returns annotated images, label files,
and JSON or comma-separated values (CSV) outputs. The artifact records classes,
counts, confidence scores, and file locations for user review. Occlusion, illumination,
motion blur, and scale can affect detection; use is therefore limited to crops, target
classes, and imaging conditions covered by the registered model [39,40].

3.3 Water and nutrient management decision skills

Water and nutrient management connects sensed crop states to field decisions.
This module does not design new fertilization or irrigation algorithms. It wraps
existing agronomic models as domain skills with explicit input and output contracts,
and the agent selects and composes them from user objectives, data state, and
constraints.

Three skills address basal fertilizer recommendations, topdressing, and irrigation
demand. Basal fertilizer recommendations use crop type, target yield, soil properties,
and management history. Remote sensing topdressing combines observations with
growth stage and agronomic rules. Irrigation demand uses weather, soil moisture, and
crop state. The skills share AOIs, agricultural data, and model services through
contracts and artifacts.
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The agent interprets requests, builds the workflow, checks invocation conditions,
and organizes feedback; validated agricultural models calculate fertilizer or irrigation
quantities. Outputs record inputs, model versions, applicability, and quality state. For
a request to prepare a rice water and nutrient plan, the agent identifies the field and
crop state, retrieves remote sensing, soil, and weather information, and selects the
relevant skill. Missing critical data, failed applicability checks, or conflicting outputs
cause the workflow to request information or human review rather than generate a
prescription.

3.4 Process-based crop growth prediction skills

Crop growth prediction converts a natural language scenario into parameters,
model execution, and results. The computational core is the CropGrow developed by
the National Engineering and Technology Center for Information Agriculture
(NETCIA) at Nanjing Agricultural University [41]. It includes RiceGrow and
WheatGrow [42,43], which have been evaluated and adapted through Agricultural
Model Intercomparison and Improvement Project (AgMIP) studies in multiple regions
[44,45,46,47].

4.4.1 Rice and wheat prediction with crop growth models

SmartFarming exposes RiceGrow and WheatGrow as standardized skills with
crop-specific deterministic kernels. Both represent genotypeXenvironmentx
management (GXExM) interactions to simulate development, growth, and yield
formation. Before simulation, the agent converts the request into crop-specific
structured parameters, retrieves weather and soil profiles for the selected location, and
seeks an exact cultivar match in the parameter database. If no exact match exists, it
returns similar candidates for user confirmation. The system standardizes dates,
variable names, and units, and checks sowing and transplanting order, weather
coverage, cultivar parameter completeness, and irrigation and fertilizer events.
Missing or ambiguous critical parameters prompt a question or a predefined fallback;
the agent does not invent values. The scheduler then invokes RiceGrow or
WheatGrow from sowing to maturity.

At each time step, the model updates phenology and growth to produce a
traceable trajectory. Standard outputs include predicted dates of key stages, LAI, AGB,
and final grain yield. Users can compare sowing or transplanting dates, irrigation
regimes, and fertilization plans under common weather, soil, and cultivar conditions.
These scenarios support model-based assessment of growth, biomass, and yield
responses.

4.4.2 Outputs and presentation

The skill produces daily simulation data, a natural language summary, and
interactive visualizations. Visualizations show AGB and grain yield, biomass
partitioning among roots, leaves, stems, and panicles or spikes, and key stages from
sowing to maturity. The daily table records LAI, organ biomass, AGB, and yield. The
summary reports predicted yield, development, management responses, weather
source, stress settings, assumptions, and applicability limits.

4.4.3 Technical workflow

The workflow has four stages: scenario parsing, parameter matching and data
assembly, model execution, and result validation and presentation. Scenario parsing
extracts location, cultivar, dates, and management events from natural language. A
conservative deterministic policy requests missing or ambiguous fields and accepts
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multiple Chinese date and fertilizer expressions. Users can alternatively select a
location on the map to define the spatial query.

Parameter matching and data assembly retrieves station or gridded weather for
the coordinates and period, historical observations or forecasts as appropriate, soil
profiles through spatial indexes, and genetic parameters from the cultivar database.
Exact cultivar matches have priority; otherwise, candidates are marked with their
match status and uncertainty. Weather, soil, cultivar, and management data are
standardized by variable name, unit, and time scale in a traceable package that records
values, sources, and fallback status.

Before execution, the system checks schema, units, chronology, and agronomic
constraints. Validated parameters are serialized as JSON and sent to a model service
through a representational state transfer (REST) application programming interface
(API). Depending on complexity, duration, scenarios, and load, a full-season
simulation may take seconds to minutes. Range, completeness, and
internal-consistency checks precede conversion to summaries, time-series plots, and
scenario comparisons. The interface displays inputs, outputs, sources, assumptions,
and warnings. The result interpreter describes validated outputs without adding
unsupported agronomic conclusions.

4.4.4 Deployment in the agent system

The models run as separate microservices connected through MCP [36].
RiceGrow and WheatGrow maintain independent environments containing
dependencies, cultivar parameters, and weather and soil data, together with layered
weather fallback strategies.

If local weather data are absent or fail checks for period, variables, or
completeness, the system applies a time-scale-dependent fallback. Spatial retrieval
uses map-selected longitude and latitude in the World Geodetic System 1984 (WGS
84). A field polygon can be represented by its centroid for point queries or by
area-weighted values from intersecting grids. Historical simulations first rank online
stations within a predefined radius by geodesic distance, elevation difference, and
completeness. If no station meets the quality criteria, the system queries the NASA
Prediction Of Worldwide Energy Resources (POWER) Daily Point API or
ERAS-Land reanalysis. Point queries use bilinear interpolation from four surrounding
cells; field queries use intersection-area weighting. This architecture integrates
process models with natural language task coordination.

3.5 Model-remote sensing coupling for yield prediction

Crop models provide continuous daily predictions from weather and cultivar
parameters, but regional parameter applicability can limit them. Remote sensing,
including Sentinel-2, observes field-scale crop states intermittently because of revisit
intervals and cloud. Model-remote sensing coupling uses data assimilation to update a
dynamic crop model with these observations. This can bring simulated states closer to
assimilated observations, although improved independent yield accuracy must be
demonstrated with held-out measurements.

The SmartFarming workflow contains six steps (Fig. 4): AOI and agronomic
parameter collection; daily RiceGrow simulation; Sentinel-2 STAC retrieval within
model-derived phenological windows; LAI estimation from Sentinel-2 red-edge data;
daily ensemble Kalman filter (EnKF) assimilation; and yield-raster export and
visualization. EnKF links steps two and five by returning updated ensemble states to
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the model for the next forecast and analysis cycle.
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Products and interpretation

Assimilated crop states

4.1 Satellite-based growth monitoring and management

To evaluate the end-to-end execution chain of the satellite remote sensing
skill-from field delineation and image retrieval to crop-status diagnosis and
prescription generation. We selected a rice field in Chongming District, Shanghai,
China, as a demonstration case. Based on the field boundary drawn by the user,
SmartFarming standardized the boundary vector and calculated a field area of 6.45 ha.
Sentinel-2 imagery was then retrieved for the period from 1 to 31 August 2026 under
a cloud-cover constraint of <20%. The system returned three candidate scenes, from
which a Sentinel-2B image acquired on 2 August 2026, with 0.7% cloud cover, was
selected for analysis. This acquisition occurred 79 days after sowing on 15 May 2026,
corresponding to the late-tillering to stem-elongation stage of rice. Within the same
workflow, the system generated NDVI, NDWI, NDRE, LAI, and variable-rate

topdressing prescription products (Fig. 5).
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Fig. 5. Demonstration of SmartFarming satellite remote sensing monitoring skills. (a) NDVI; (b) NDWI; (¢)
NDRE; (d) recommended amount of topdressing; (e) the corresponding prompt and response.

The vegetation indices revealed spatial heterogeneity in crop-canopy status
within the study area. Within the ranges shown in Fig. 5, NDVI varied from 0.2 to 0.6,
NDRE from 0.3 to 0.5, and NDWI from -0.6 to -0.3. Based on the predefined
crop-status classification and topdressing-mapping rules, the system subsequently
converted pixel-level crop-status classes into a variable-rate topdressing prescription.
The prescribed rate at the example point was 232.5 kg ha'!.

The skill also provided recommendations for water management and pest and
disease monitoring. Alternate wetting and drying irrigation was recommended: the
field should be maintained under moist conditions, allowed to drain naturally, and
then re-irrigated as appropriate to sustain root activity and reduce lodging risk.
Because the rice crop exhibited vigorous growth and relatively high canopy closure,
particular attention should be paid to the risks posed by rice planthoppers, sheath
blight, and rice blast. More intensive field scouting was therefore recommended from
late August to early September.
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4.2 UAV remote sensing task

To evaluate the applicability of the SmartFarming unmanned aerial vehicle (UAV)
remote sensing skill, a case study in a rice cultivar trial area in Chongming, Shanghai
was conducted. The rice was sown on May 15, 2024, and the UAV images are
acquired on July 25, 2024, corresponding to 71 days after sowing and the booting
stage. A DJI Phantom 4 Multispectral captures images in five bands: blue, green, red,
red edge, and near-infrared. The five-band orthomosaic and a Shapefile containing the
experimental plot boundaries serve as inputs. The case evaluates the capabilities of
system for automated image mosaicking and recognition, spatial registration,
multi-trait estimation, plot-level statistical analysis, and visualization of UAV remote
sensing data.

During execution, SmartFarming first checks the consistency of the image bands,
coordinate reference system, spatial extent, and invalid values. It then aligns the
images with the plot boundaries in the World Geodetic System 1984 / Universal
Transverse Mercator zone 51N coordinate reference system (WGS 84 / UTM zone
51IN; EPSG:32651). The system calculates the normalized difference vegetation index
(NDVI) from multispectral reflectance and invokes the integrated estimation
algorithms to generate aboveground biomass (AGB), leaf area index (LAI), leaf age
(LA), leaf nitrogen accumulation (LNA), leaf nitrogen concentration (LNC), grain
protein content (GPC), and yield (YIELD), together with a UAV-based topdressing
prescription (Fig. 6). The georeferenced Tagged Image File Format (GeoTIFF) rasters
for these indicators provide the basis for quantitative analysis. The system
subsequently uses each experimental plot as a zonal statistical unit, calculates the
mean values of the eight indicator rasters, writes the results to the Shapefile attribute
table, and standardizes the field names and measurement units.

Spatially, LAIL, LA, LNA, GPC, AGB, and estimated yield are generally within
the medium-to-high ranges across the main planted strips. Lower values occur
primarily along field margins, near roads crossing the fields, and in localized areas in
the south. Several estimated indicators exhibit similar spatial patterns, showing that
the system consistently maps common variation in canopy reflectance to products
representing crop growth, nitrogen status, grain quality, and yield. Higher prescribed
topdressing rates occur mainly in the southern area and in a small number of isolated
patches, whereas low-to-moderate rates predominate elsewhere. The resulting map
illustrates how the workflow converts a uniform fertilization strategy into a spatially
variable prescription for localized management.
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Fig. 6. SmartFarming unmanned aerial vehicle remote sensing case for rice growth monitoring. (a) LAIL; (b)
LA; (c) LNA; (d) LNC; (e) GPC; (f) AGB:; (g) yield; (h) recommended amount of topdressing; and (i) the
corresponding prompt and response.

4.3 Image recognition tasks

5.3.1 Test modules and tasks

The Crop Image Analysis Assistant integrates ground RGB detection. Users
upload phone, camera, or low-altitude UAV images and describe spike or panicle
counting, weed detection, or disease-region recognition. The agent selects the skill
from image type and task semantics, without requiring users to specify model weights
or scripts.
5.3.2 Task interpretation and skill invocation

The workflow proceeds through request input, task parsing, skill matching,
sandbox execution, and result organization. It checks channels and task type,
generates model parameters from the registered skill schema, loads YOLO weights in
a sandbox, and returns annotated images, labels, and JSON or CSV outputs. The
response includes detected classes, counts, confidence scores, and file locations.

Test images cover wheat-spike and rice-panicle counting and the detection of
disease regions, pests, and weeds. The system parses the requests, invokes the
matched models, and returns annotated images and structured outputs (Fig. 7).
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Fig. 7. Wheat-head and rice-panicle counts and disease identification. (a) Rice image recognition; (b) wheat image
recognition; (¢) neck blast; (d) bacterial leaf blight; (e) rice blast; (f) rice narrow brown leaf spot; and (g)
corresponding prompt and response.

4.4 Growth and yield prediction task

We define a rice production scenario to exercise full-season simulation and result
presentation. The location is Nanjing, Jiangsu, and the cultivar is Nangeng 46. Sowing
and transplanting dates are 16 May and 10 June 2025. The scenario specifies
conventional water management, straw incorporation, 300 kg ha' of 15-15-15
compound fertilizer as basal fertilizer, and 150 kg ha! of urea at both tillering and
panicle initiation. The model predicts a 162-day season. AGB increases rapidly after
approximately 60 days and approaches a plateau after 120 days, while grain biomass
accumulates during filling(Fig. 8). The organ trajectories reflect modeled transfer
from vegetative organs to grain.

Rice growth prediction skill output
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Fig. 8. Rice growth prediction output. (a) Structured scenario information summarizing location, cultivar,
season, water management, fertilization management, and predicted yield; (b) dynamics of AGB and grain yield;
(c) biomass allocation among root, leaf, stem, and panicle; (d) phenological and management timeline; and (¢) the
corresponding prompt and response.
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4.5 Application of model-remote sensing coupling

A synthetic single-season rice simulation experiment for the Jianghuai region
was constructed for the testing of model-remote sensing coupling for yield prediction
from 1 May to 17 September. Simulated drivers range from 20 to 35° C and from 12
to 25 MJ m2 d"! for daily radiation. Scenario A runs RiceGrow with one parameter set
and no remote sensing update. Scenario B uses an EnKF with 80 ensemble members
and assimilates Sentinel-2-derived LAI at tillering, jointing, booting, heading, and
grain filling with an observation-error standard deviation of 0.5 (Fig. 9). Ensemble
spread increases around booting and heading because maximum LAI and growth rate
are perturbed. The posterior LAI moves closer to the assimilated LAI observations,
confirming that the analysis step transfers those observations into the modeled state.
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Fig. 9. Model-remote sensing coupling results. (a) Prior (model-only simulation), posterior (EnKF
assimilation), and reference LAI trajectories; (b) LAI trajectories of ensemble members; (¢) dynamic yield
formation over the full growing season; (d) model-remote sensing coupling results; and (e) the corresponding
prompt and response.

The case instantiates a reusable workflow from AOI collection and Sentinel-2
STAC retrieval through LAI estimation and daily EnKF assimilation. It demonstrates
model-state updating and workflow composition. Because the assimilated
observations are also the target to which posterior LAI is compared, this agreement is
not an independent accuracy test. Independent LAI and yield measurements are
required before claiming more reliable yield estimates.

5 Discussion

5.1 Characteristics of the SmartFarming Agent Architecture

Existing LLM-based agents have developed relatively mature general-purpose
operating mechanisms [48]. SmartFarming uses the ReAct approach to cycle through
perception, reasoning, action, and environmental observation, allowing the LLM to
invoke external tools and continue task execution based on execution feedback.
Subsequent studies have further integrated task planning, memory management,
capability invocation, and environmental interaction into agent architectures, enabling
them to support more complex multistep task execution [18,19,49]. On this basis,
SmartFarming is further tailored to the spatial, temporal, and action constraints of
farm management. It incorporates agricultural task states, including field AOlIs,
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growth stages, observation times, management windows, and action conditions, into
the continuous maintenance process of the Agent Harness. Compared with
general-purpose LLM-agent frameworks, which typically operate through iterative
reasoning, planning, and tool use and adapt their actions using environmental or
tool-generated feedback [50], SmartFarming treats farm-management states as
explicit and persistent operational context. Recent domain-specific agent systems
have likewise demonstrated the value of integrating specialized tools with memory or
shared workflow context for multistep scientific tasks [51,52]. This design helps
different farm-management capabilities remain continuously connected around clearly
defined spatial entities, temporal conditions, and management objectives. It also
reduces the risk of drift in entities, states, and task conditions during multistep tasks.

SmartFarming and existing farm management platforms differ in their functional
emphases. Conventional farm management software can already support field records,
production records, crop monitoring, and farming operations. However, these
functions typically depend on predefined modules, fixed interfaces, and predefined
business processes. When a task simultaneously involves remote sensing data, crop
models, and management tools, data conversion and manual coordination may still be
required [3,9]. SmartFarming places greater emphasis on dynamically organizing
heterogeneous data, models, and tools according to specific management objectives.
Through contracts and artifacts, it explicitly transfers information on field boundaries,
coordinate reference systems, variable semantics, measurement units, temporal
conditions, and data provenance. This enables different capabilities to form
continuous task chains. Compared with conventional software that relies on
predefined business processes, this approach provides greater flexibility for
composing cross-module tasks and helps reduce spatial, semantic, and parameter
mismatches that may arise during manual handoffs.

With respect to the division of responsibilities between specialized computation
and language-model reasoning, SmartFarming adopts an operating mode that
separates agent orchestration from specialized-module computation. Existing research
on domain-specific agents indicates that combining LLMs with specialized tools can
leverage the task-understanding and workflow-organization capabilities of language
models while retaining the computational capabilities of specialized tools for
deterministic tasks [53]. This division of responsibilities is particularly important for
agricultural management. Although agricultural large language models (AgriLLMs)
have advantages in domain knowledge understanding and natural-language interaction,
they may still generate factual hallucinations, omit applicability conditions, and
produce unstable results when handling formulas, parameters, and numerical
calculations [15,16]. Therefore, SmartFarming uses language models primarily for
task understanding, skill selection, parameter organization, and workflow
coordination. Tasks with explicit formulas, parameters, and applicability conditions,
including fertilization, irrigation, remote-sensing inversion, and crop model
simulation, are executed by validated algorithms, models, and rule-based modules.
Compared with directly generating agronomic judgments or deterministic numerical
results using language models, this separation of responsibilities helps reduce the
effects of formula misuse, unsupported parameter completion, and model
hallucinations on results. It also preserves the established computational logic and
applicability boundaries of specialized models.

Building on these mechanisms, SmartFarming further uses contracts to constrain
the inputs, outputs, and execution conditions of different skills. It also records the data
and parameters used during task execution, skill and model versions, intermediate
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products, exception information, and the human-confirmation outcomes. For tasks
that may alter actual agricultural production states, such as issuance of fertilization
prescriptions, irrigation control, and agricultural machinery operation, this study treats
permission checks, execution gating, and human confirmation as control requirements
for high-risk actions. Compared with general-purpose agents that primarily focus on
task planning, tool invocation, and task completion [54], SmartFarming places greater
emphasis on the consistency of spatial entities, variable semantics, and operational
states across the multistep execution of agricultural tasks. It also emphasizes the
inspectability, reproducibility, and traceability of the process through which task
results are produced. Accordingly, the principal architectural additions in
SmartFarming are the continuous maintenance of agricultural spatiotemporal states,
the dynamic organization of heterogeneous agricultural capabilities, the controlled
execution of deterministic computation, and the verifiability of multistep tasks.

5.2 Agricultural skill Orchestration and Controlled Capability
Extension

SmartFarming builds on a general-purpose agent harness and external
capability-invocation mechanisms. It can access external tools, data services, and
model capabilities through unified interfaces or the Model Context Protocol (MCP).
Similar approaches to capability organization have been applied in multiple
domain-specific agents [52,53,55]. These studies indicate that connecting specialist
tools and external capabilities through an agent harness or standardized interfaces has
become an important technical approach for domain-specific agents to extend task
capabilities. SmartFarming further encapsulates agricultural capabilities, including
spatial processing, remote-sensing monitoring, image analysis, fertilization and
irrigation calculations, and crop models, as independent skills. Unlike general tools
and APIs, which primarily specify functions and parameters, upstream and
downstream capabilities in agricultural tasks must also maintain consistency in field
extent, observation time, variable semantics, measurement units, and data provenance
[56,57]. To this end, SmartFarming uses contracts to specify the inputs, outputs, and
execution conditions of skills. It uses artifacts and their manifests to retain actual
outputs together with their spatial, temporal, provenance, and version metadata. When
an upstream result does not meet the requirements of a downstream skill, the system
can halt the task or request supplementary information rather than allowing the
language model to independently infer missing parameters [15,16]. This design helps
reduce handoff errors caused by inconsistent spatial extent, variable definitions, or
parameter units in complex agricultural tasks.

Skill encapsulation enables agricultural algorithms and models to be reused and
recombined without modifying the Agent Harness; recent work likewise emphasizes
standardized, permissioned interfaces for integrating external tools into agent systems
[58]. Because agricultural systems continually incorporate new data sources, models,
and regional algorithms, SmartFarming separates operational use from skill
development. Users invoke validated and released skills, whereas new algorithms,
models, and data services must undergo contract checks, testing, review, and
versioned release before entering the runtime environment. Constrained tool use and
auditable intermediate steps are important safeguards for maintaining traceability in
multistep agent workflows [59]. Human oversight also remains necessary when agent
outputs may inform complex management decisions [60]. Its long-term maintenance
efficiency, compatibility, and stability still require quantification.
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More broadly, SmartFarming separates a stable Agent Harness from replaceable
agricultural skills and their external interfaces. This modular separation is consistent
with the perception-memory-action decomposition commonly used to describe
LLM-based agents [54]. Recent systems show that specialist tools can be combined
with memory to support multistep workflows [51], while dedicated execution roles
can coordinate tool-based actions [61]. In SmartFarming, the World Interface
connects skills to GIS, agricultural data services, computing environments, and
external devices. The same design could be adapted to other specialized domains by
redefining Skill, Contract, Artifact, and Policy semantics for their own entities,
temporal requirements, data quality, and risk constraints.

5.3 Validation of the SmartFarming Framework Through
Multisource Agricultural Cases

Existing studies have begun to explore applications of LLMs and agents to
specialized agricultural tasks, mainly targeting individual tasks such as knowledge
synthesis [62], irrigation decision-making [26], and plant phenotyping [24,52]. These
agricultural agents can already combine domain knowledge, sensor data, and
specialized algorithms to support different types of agricultural tasks, including
knowledge synthesis, management decision-making, and phenotypic analysis.
However, SmartFarming organizes such capabilities through unified skill invocation,
input-condition checks, and structured task artifacts. For tasks involving spatial
entities, the AOI further serves as a spatial anchor for data retrieval, model
computation, and result presentation. Thus, rather than focusing on a single
remote-sensing, vision, or crop model task, as many existing agents do, SmartFarming
focuses on organizing agricultural capabilities from different sources and with
different computational approaches into continuously connected task workflows.
When data sources, analytical models, or task requirements change, organizing
capabilities around skills and their input-output contracts also provides a unified
interface basis for capability replacement and recombination.

In spatially related cases involving satellite remote sensing, unmanned aerial
vehicle remote sensing, weather-soil data matching, and crop models, GIS and AOI
not only support result presentation but also participate in defining spatial inputs and
constraining task scope. After a user specifies a target field, the AOI can serve as a
common spatial anchor for constraining image retrieval, spatial-data processing,
environmental-data matching, and model execution. This enables different data and
computational results to correspond to the same management object. It should be
noted that GIS in agricultural applications primarily supports spatial-data storage,
query, overlay analysis, and visualization. Even when satellite, UAV, weather, and soil
data are clipped to the same AOI, they cannot necessarily enter the same analytical or
modeling workflow directly. Different data sources may still differ in field-boundary
versions, coordinate reference systems, spatial resolution, observation times and
temporal windows, variable definitions, measurement units, and processing-history
records. Conventional GIS workflows do not usually treat these conditions as explicit
constraints that are continuously transferred and checked across tool and model
invocations. Consequently, when data move from spatial processing to remote-sensing
inversion, environmental matching, or crop model simulation, problems may still
arise, including inconsistent input semantics, poor result traceability, or unclear model
applicability [56,63,64]. Against this background, SmartFarming does not replace the
spatial-analysis capabilities of GIS. Instead, it extends GIS and AOI from tools for
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result presentation or data filtering into spatial constraints that can be carried with a
task. Contracts specify the inputs, outputs, and execution conditions of skills, whereas
artifacts and manifests retain data provenance, spatial extent, temporal conditions, and
processing versions. Satellite, UAV, and ground-based images provide -crop
information at different scales and in different modalities. SmartFarming primarily
organizes these results for subsequent analysis, simulation, or management steps.
Numerical calculations for fertilization and irrigation, as well as crop model
simulations, remain the responsibility of existing agronomic algorithms or
process-based crop models, while the agent primarily performs input organization,
condition checking, capability invocation, and upstream-downstream task handoff.

5.4 Limitations and Future Directions

Although this study has designed and evaluated SmartFarming through its agent
architecture, agricultural skill organization, and multiple agricultural task cases, the
current work still has several limitations. First, the existing cases primarily validate
the operational feasibility of the framework and task chains. The fields, crops, and
management scenarios involved remain limited, and long-term stability and
generalizability have not yet been evaluated through multi-region, multi-crop, and
multi-season experiments. Second, this study focuses on how SmartFarming
organizes existing agricultural data, algorithms, and models. It has not yet conducted
systematic performance comparisons with existing farm-management platforms or
other agricultural agents under a common dataset, tool pool, and set of evaluation
metrics [65]. Therefore, the current results primarily demonstrate its technical
characteristics in task organization, spatial anchoring, cross-skill handoff, and process
tracing. They are not sufficient to determine whether its overall performance is
superior to that of existing systems.The performance of SmartFarming is also
constrained by the quality of underlying data and agricultural models. Errors in
remote-sensing inversion, image recognition, crop-model parameters, and data
completeness may propagate through task chains [17,66]. Production-relevant tasks,
such as fertilization, irrigation, crop protection, and agricultural machinery operation,
therefore require model-applicability checks, exception-triggered termination, result
review, and human confirmation.

Future research should focus on three areas. First, unified benchmarks and
repeated evaluations across multiple scenarios should incorporate ground-truth data to
quantify closed-loop execution efficiency, spatial consistency, and the extent of
human intervention required under fixed protocols [67]. Second, long-term memory
modules should be developed, deployed, and evaluated using state-consolidation and
retrieval strategies informed by historical field and crop conditions [54,68]. Third, the
engineering pipeline for controlled capability evolution should be refined while
preserving review procedures and safety safeguards [32,35]. Structured runtime
feedback could be used to generate proposals for verifiable, traceable, and reversible
skill upgrades, thereby supporting the controlled extension of agent capabilities.

6 Conclusions

This study proposes SmartFarming, an Al GIS-based agent framework for farm
management. The framework uses an Agent Harness to coordinate task orchestration,
capability routing, hierarchical memory, execution observability, and governance
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mechanisms. It composes capabilities through skills and contracts and transfers task
products through artifacts, while manifests record data lineage. Together with a
GIS-based spatial closed loop and a controlled skill-upgrade mechanism, it unifies
field inputs, operational computations, result visualization, and user review within a
single task control plane. The main contribution is an agricultural agent runtime
architecture characterized by spatial anchoring, data lineage, and contract-based
handoff. This architecture provides a concrete engineering pathway for systematically
integrating agronomic models, remote-sensing data, and management tools. Through
representative cases spanning satellite remote-sensing monitoring, UAV multispectral
inversion, ground-based RGB image recognition, crop model simulation, and
model-remote sensing coupling, this study demonstrates that SmartFarming can be
instantiated and that its end-to-end task chains are operational. The results show that
the system can translate natural-language-driven management requirements into
multistep task orchestration constrained by spatial, temporal, and agronomic
conditions. In the test cases, it preserves the structured transfer of field boundaries,
variable semantics, measurement units, and algorithm versions, forming a continuous
closed loop from data sensing and model analysis to review of management outputs.
This study provides an organizational foundation for the coordinated application of
remote-sensing monitoring, crop models, and farm-management tools in practical
farm-management settings. It also provides technical support for the development of
traceable and extensible agricultural agents.
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Table S1. Models and algorithms used in the SmartFarming case studies

Skill Model or algorithm Computation Function Inputs Outputs References
) ) Characterizes canopy .
Normalized difference ) Sentinel-2
L Two-band spectral greenness and relative ) NDVI
vegetation index . near-infrared (NIR) Rouse et al., 1974
index growth and supports growth raster
(NDVI) i . and red reflectance
classification
Accounts for soil
Enhanced vegetation Three-band spectral background and aerosol NIR, red, and blue
] ) ) EVI raster Huete et al., 2002
index (EVI) index effects in greenness reflectance
Remote estimates
. Characterizes canopy Barnes et al., 2000;
sensing
monitoring Normalized difference Red-edge spectral chlorophyll and nitrogen NIR and red-edge NDRE Delegido et al., 2011;
red-edge index (NDRE) index status and reduces saturation (RE) reflectance raster Clevers and Gitelson,
relative to red-based NDVI 2013
Produces an
Normalized difference Two-band spectral open-water-sensitive layer Green and NIR NDWI
. . . . McFeeters, 1996
water index (NDWI) index using the displayed reflectance raster
McFeeters formulation
NIR, RE, and red
) . i OSAVI-based . i o
. Rice critical nitrogen . Generates rice jointing and reflectance; region, Fertilizer
Variable-rate o biomass and ) ] . B
. dilution and panicle topdressing cultivar, fertilizer product
nitrogen . . NDRE-based plant o . . . Fu et al., 2024
L nitrogen-deficit . prescriptions from estimated  nitrogen fraction, rate (kg
application ] N accumulation; ) ) o
topdressing nitrogen deficit and application ha™!)

nitrogen balance

frequency
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Wheat critical nitrogen
dilution and
nitrogen-deficit

topdressing

P5-P95 indicator

mappin
Foliar pping
topdressing )
Wheat P5-P95 mapping
of leaf area index (LAI)
UAV
o UAV NDVI
monitoring
Aboveground biomass
(AGB) model
UAV trait
estimation
Leaf area index (LAI)
model
Leaf age (LA) model

Clre-based biomass
and EVI-based
LAI,
LAI-normalized
nitrogen status;
nitrogen balance

Quantile-based
linear interpolation

EVI-derived LAI
and quantile-based

linear interpolation

Two-band spectral

index

Machine learning
mapping from
spectral indices,
textural indices and
plant height
quantiles
Linear mapping
from NDVI
quantiles
Linear mapping
from NDVI

Generates wheat jointing
and ear topdressing

prescriptions from estimated

nitrogen deficit

Maps crop nitrogen or
canopy indicators to foliar

urea rates

Maps wheat LAI to foliar

urea rates

Maps canopy greenness and
may provide a predictor for

trait estimation

Estimates the spatial
distribution of AGB

Estimates plot-scale canopy

leaf area

Generates a leaf-age layer

NIR, RE, red, and
blue reflectance;
region, cultivar, and
fertilizer nitrogen

fraction

Rice NDRE

Wheat EVI

UAV NIR and red

reflectance

UAV RGB,
multispectral
imagery, crop, and

growth stage

UAV NDVI, crop,

and growth stage

UAV NDVI, crop,

and growth stage

Fertilizer

product

rate (kg
ha™")

Urea rate
(kg ha™)

Urea rate
(kg ha™)

NDVI

raster

AGB (kg
ha™)

LAI (m?

m?)

Leaf-age

index

Fuetal., 2024

Zhang et al., 2024

Lietal., 2023a

Rouse et al., 1974

Luetal.,, 2019b;
Zheng et al., 2019

Yu etal., 2024

Wang et al., 2024
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Leaf nitrogen
accumulation (LNA)
model
Leaf nitrogen
concentration (LNC)
model

Grain protein content

(GPC) model
Grain yield model
. You Only Look Once
Crop image .
. (YOLO) object
analysis
detectors
Rice growth .
RiceGrow

prediction

quantiles
Linear mapping
from NDVI
quantiles
Linear mapping
from NDVI
quantiles
Linear mapping
from NDVI
quantiles
Linear mapping
from NDVI
quantiles

Single-stage
convolutional

object detection

Deterministic
process-based rice
model

Maps leaf nitrogen
accumulation for

nitrogen-status assessment

Estimates LNC for

nitrogen-status assessment

Estimates spatial variation in

grain protein content

Produces spatial yield

estimates before harvest

Detects and counts rice
panicles and wheat spikes
and locates rice disease

regions

Simulates daily phenology,
LAI organ biomass, AGB,
and grain yield under
genotype X environment x

management conditions

UAV NDVI, crop,

and growth stage

Multispectral or

texture features

Multispectral

features

Multispectral

features

Red, green, and
blue (RGB) images

Daily weather, soil,
cultivar parameters,
sowing or
transplanting dates,
irrigation, and

fertilization

LNA (kg
ha™")

LNC (%)

GPC (%)

Grain yield
(kg ha™")

Detections,
classes,
confidence
scores,
counts, and
annotated

images

Daily rice
states,
phenology,
and final

yield

Zheng et al., 2018a

Luetal., 2019a;
Zheng et al., 2018b;
Zheng et al., 2020

Lietal., 2023b

Lu et al., 2025; Zheng
et al., 2022

Redmon et al., 2016;
Zang et al., 2022;
Wang et al., 2022

Tang et al., 2009; Zhu
etal., 2020
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Wheat growth
prediction

Remote
sensing

regression

Biomass

estimation

Sequential

assimilation

WheatGrow

Modified triangular
vegetation index 2
(MTVI2) quadratic
regression and random
forest
S2MREP
red-edge-position
regression as labeled in
the source
Two-leaf light-use
efficiency (TL-LUE)
and carbon-to-biomass

conversion

Ensemble Kalman filter
(EnKF)

Deterministic
process-based

wheat model

Remote sensing
regression and

machine learning

Remote sensing

regression

Daily gross primary
production

integration

Sequential
Bayesian state

estimation

Simulates daily phenology,
LAI, organ biomass, AGB,
and grain yield under
genotype X environment x

management conditions

Converts Sentinel-2
observations into LAI inputs

for RiceGrow assimilation

Converts Sentinel-2
red-edge observations into
LAI inputs for WheatGrow

assimilation

Estimates cumulative AGB
from light use and

environmental stresses

Updates RiceGrow
ensemble states with
remotely sensed LAI and
propagates the analysis into
subsequent forecasts and
yield formation

Weather, soil,
cultivar, and

management data

Sentinel-2
surface-reflectance
bands, band

mapping, and image

and sowing dates

Sentinel-2 B04,
BO05, B06, and BO7
surface reflectance

LAI, Sentinel-2,
daily weather,
carbon dioxide,

crop, and period

Prior ensemble
states and LAI
observations with

an error model

Daily
wheat
states,
phenology,
and yield

LAI

(m?> m?)

LAI

(m?m?)

AGB
(gm)

Posterior

ensemble

states and
yield

Yan et al., 2000; Zhu
etal., 2020

Reyes J.S., et al. 2023

Lietal., 2023a

Wu et al., 2026

Evensen, 1994, 2003;
Huang et al., 2013
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Yield

. ) Converts posterior state . ) trajectories

. Posterior RiceGrow ) o . Posterior RiceGrow

Yield . oo Process-model trajectories into pixel- or and

) yield projection and ] ) ) states and an area of Guo et al., 2019
mapping output mapping plot-level yield estimates . . GeoTIFF
raster export interest (AOI) grid
and georeferenced layers files or
maps
Table S2. Remote-sensing skills in SmartFarming.
Platform Skill category Main function Main inputs Main outputs

Satellite remote

sensing

UAYV remote

sensing

Image retrieval and

clipping

Crop growth estimation

Multispectral image

parsing

Crop growth estimation

Growth classification

and field statistics

Retrieves Sentinel-2 and other satellite images
for the AOI and exports clipped images
Derives crop growth indicators, such as LAI,
from multispectral satellite images
Reads UAV multispectral GeoTIFF files and
identifies key bands, including red, red edge, and
NIR
Estimates growth indicators using UAV NDVI

and growth-stage models

Classifies estimated indicators and summarizes
them by field

AOI, date range, and cloud-cover
threshold

Satellite image manifest, band

mapping, and field boundaries

UAYV multispectral imagery and

band map or band metadata

UAV multispectral imagery, growth

stage, and field boundaries

Indicator GeoTIFF files and field

boundaries

Multiband GeoTIFF files and satellite

image manifest

Growth-indicator rasters, field

statistics, and growth manifest

Standardized UAV image inputs and
band mapping

NDVI, AGB, LA, LAI, LNA, LNC,
GPC, and YIELD layers
Class maps, comma-separated values
(CSV) files of field statistics, and

interactive map layers
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Table S3. Datasets in the SmartFarming data foundation.

cropping intensity

layers

Spatial Temporal .
Category Dataset . Format Key attributes and framework use
resolution coverage
. . . . . Daily; annual Temperature and precipitation drive crop models and provide
Meteorological data Station observations Station locations CSVv ] ) ]
files weather context for risks at a given place and time.
BD, CL, SA, SI, SOM, . . . . .
) . Soil physical properties, fertility, and total and available N, P, and
Soil data (1 km) pH, CEC, TN, TP, TK, 1 km Static NetCDF o o
K support fertilization, suitability assessment, and growth models.
AN, AP, AK
Hydraulic conductivity, field capacity, and saturated water content
Soil data (250 m) Ksat, WCpF2, WCsat 250 m Static GeoTIFF at five depths (0-5, 5-15, 15-30, 30-60, and 60-100 cm)support
water-status diagnosis and irrigation estimation.
. MERIT DEM, slope, 1 km working . Terrain constraints support drainage assessment, crop suitability
Terrain data Static (2017) GeoTIFF ) ) )
and aspect layers analysis, and machinery planning.
Nitrogen rates for 10 km working Historical nutrient inputs provide regional context and do not
. 1961-2020 HDF5
wheat and rice layers replace field measurements.
Crop management ) ) )
. . . Cultivar-specific parameters drive crop growth models after
Cultivar parameters Subregion Static CSV ) ) )
matching by location and cultivar.
. Wheat, maize, and rice Crop-specific seasonal onset, heading, and maturity define crop
Phenological data 1 km 2000-2015 GeoTIFF . . i ]
phenology calendars, image time windows, and farm operation stages.
Administrative . . Boundaries support spatial aggregation and policy-related queries
) County boundaries County Static Shapefile ] o ) )
boundaries and link the AOI to administrative units.
. Crop distributions and Decadal working Cropping intensity and types provide background on cropping
Cropping systems 1 km CSv

systems and rotations for interpreting regional tasks.
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Fig. S1. Skill execution workflow.

Text S1. SmartFarming data foundation: data sources,

standardization, and integration with the agent system.

1 Data sources and categories

1.1 Meteorological data

Daily precipitation and maximum and minimum air temperatures for 1961-2025
are obtained from the global station network of the National Oceanic and Atmospheric
Administration (NOAA). These records provide meteorological forcing for crop
model skills and contextual information for agent reasoning (Smith et al., 2011).
Missing-value entries are removed, temperatures are converted from degrees
Fahrenheit to degrees Celsius, and precipitation is converted from inches to
millimeters. Data from the nearest available station are used for locations without

observations.

1.2 Soil data

The soil data describe physical and chemical properties relevant to soil fertility,

water retention, and nutrient availability. The 1 km products from the China Soil
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Science Data Center (https://soil.geodata.cn/) include bulk density (BD), clay content
(CL), sand content (SA), silt content (SI), soil organic matter (SOM), soil pH, cation
exchange capacity (CEC), total nitrogen (TN), total phosphorus (TP), total potassium
(TK), available nitrogen (AN), available phosphorus (AP), and available potassium
(AK). These products are stored in Network Common Data Form (NetCDF) files with
eight depth bands, each representing a standard soil depth interval.

Saturated hydraulic conductivity (Ksat), water content at pF 2, used here as field
capacity (WCpF2), and saturated water content (WCsat) are obtained from
HiHydroSoil v2.0 (Simons et al., 2020). This global dataset provides soil hydraulic
properties at 250 m resolution, derived from SoilGrids 2.0 (Poggio et al., 2021) using
the pedotransfer functions of To6th et al. (2015). The selected layers are stored as
multiband GeoTIFF files and ordered from 0-5 to 60-100 cm depth to support
simulations of soil water dynamics by depth. For framework-level regional queries,
the soil layers are resampled to a common 0.1 ° X 0.1 °  working gridusing

nearest-neighbor resampling..

1.3 Terrain data

The Multi-Error-Removed Improved-Terrain digital elevation model (MERIT
DEM; Yamazaki et al., 2017) provides elevation data for deriving slope and aspect.
These terrain variables influence solar radiation interception, drainage patterns, and
conditions for mechanized operations. They therefore provide context for agent

reasoning about crop suitability and field operation planning.

1.4 Crop management data and cultivar parameters

Crop management inputs draw on several datasets. Historical nitrogen fertilizer
inputs for wheat and rice are represented in the working database at 10 km resolution,
with Lu and Tian (2017) cited as the source of the historical fertilizer data. The
published source covers 1961-2013 at 0.5° X 0.5° resolution. The framework
carries the 2013 values forward to fill missing records for 2014-2020. Irrigation status

is assigned using the Global Map of Irrigation Areas from the Food and Agriculture
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Organization of the United Nations (FAO;
https://data.apps.fao.org/catalog/dataset/t79213a0-88fd-11da-a88f-000d939bc5d8).
Areas with an irrigation fraction below 10% are classified as rainfed under the
classification rule of the framework. Rice and wheat cultivar parameters are used in
RiceGrow (Tang et al., 2009) and WheatGrow (Yan et al., 2000; Zhu et al., 2020; Cao
et al., 2024). Calibration and evaluation of these parameter sets draw on the cited
studies (Wang et al., 2025; Cao et al., 2024).

Rice parameters include intrinsic earliness (IE), photoperiod sensitivity (PS),
temperature sensitivity (TS), basic filling factor (BFF), optimal temperature (To),
harvest index (HI), and maximum CO: assimilation rate (AMX), whereas wheat
parameters include photoperiod sensitivity (PS), physiological vernalization time
(PVT), temperature sensitivity (TS), intrinsic earliness (IE), basic filling factor (FDF),
specific leaf area (SLA), harvest index (HI), and maximum CO: assimilation rate
(AMX), as defined in Tables S1 and S2. The parameter sets are cataloged by

subregion to support cultivar recommendations for different cropping systems.

1.5 Phenological data

Gridded phenological data for rice and wheat have a spatial resolution of 1 km
and cover 2000-2015 (Luo et al., 2020). They describe crop-specific developmental
stages, including the start of the growing season, heading, and maturity. Crop
calendars are assigned to grid cells using the nearest available location and constrain

farm recommendations that depend on crop timing.

1.6 Administrative boundaries and cropping systems

County boundaries support spatial aggregation and queries involving
administrative and policy contexts. The framework also uses 1 km cropping-system
layers at decadal intervals to represent the spatial distribution of cropping intensity
and rotation patterns. Together with grain-crop land information (Liu et al., 2024),

these layers provide regional land-use context for agent reasoning.
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2 Data processing workflow

The data workflow comprises acquisition, standardization, and deployment as
data services.

Source data formats include NetCDF (.nc), GeoTIFF (.tif), Hierarchical Data
Format version 5 (HDFS5; .h5), CSV, and Shapefile (.shp). The source files are
retained in their original formats before database ingestion to preserve metadata and
avoid information loss during conversion.

All datasets are transformed to the World Geodetic System 1984 (WGS 84)
geographic coordinate reference system, identified as EPSG:4326 in the European
Petroleum Survey Group (EPSG) geodetic parameter dataset. Raster datasets are
aligned to a common grid to support joint queries across variables. Soil properties
with depth information use a shared layer index covering 0-5, 5-15, 15-30, 30-60, and
60-100 cm. Temporal attributes follow the International Organization for
Standardization (ISO) 8601 date and time format, and categorical variables use
standardized codes. Station observations are georeferenced by longitude and latitude.

Standardized datasets are loaded into a MySQL relational database. The schema
organizes records by spatial extent and temporal validity, with spatial indexing of
geographic locations to accelerate location-based retrieval. A representational state
transfer (REST) API provides a parameterized interface to the database and accepts
longitude, latitude, and an optional time range. The API returns structured JSON
responses containing the attributes available for the requested location and time
window. SmartFarming skills for satellite image analysis, UAV data fusion, and yield
prediction invoke these APIs through the Model Context Protocol (MCP) to support

decisions with retrieved data.

3 Integration with the agent system

The API-mediated architecture separates data services from agent reasoning.
SmartFarming can therefore retrieve agricultural data for a specific location without
embedding large geospatial datasets directly in the model context. For a request to

predict wheat growth under current soil and weather conditions, the relevant skill
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sends an API request with the location to the data foundation. It retrieves soil
properties, recent weather records, and historical phenological information and adds
them to the reasoning context of the large language model (LLM). This design is
intended to ground recommendations in location-specific data, support reproducibility,

and remain compatible with a modular architecture that uses external tools.
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