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Abstract

Intelligent agents are emerging as an important system-level paradigm for smart agri-
culture. This review focuses on modern agricultural intelligent agents driven by large
language models and related multimodal foundation models and examines how this
emerging field is reshaping the organization of intelligent agricultural systems. It first
clarifies the conceptual boundaries of agricultural intelligent agents and distinguishes
them from traditional multi-agent systems, agent-based modeling, agricultural foundation
models, and static retrieval-augmented question-answering systems. It then synthesizes
their architectural foundations, key capabilities, application scenarios, deployment chal-
lenges, and future research directions. The reviewed literature indicates that agricultural
intelligent agents are moving beyond isolated perception, prediction, and response gen-
eration toward the goal-oriented coordination of agricultural knowledge, dynamic data,
external tools, and decision-making processes across agricultural task chains. They are
beginning to support more integrated forms of knowledge services, crop monitoring and
diagnosis, decision support, and farm-level collaborative management. Nevertheless, their
transition from prototype systems to dependable and deployable agricultural systems
remains constrained by context-aware knowledge grounding, heterogeneous data and tool
integration, long-horizon reliability, the stability of multi-agent collaboration, and system
security. This review further introduces an assessment perspective based on evidence
reported in the original studies, comparing representative agricultural intelligent agents in
terms of task decomposition, agronomic evidence applicability, tool-use validity, workflow
reliability, multi-agent coordination, and deployment-related evidence. By distinguishing
demonstrated capabilities from unevaluated dimensions, this review provides a structured
framework for understanding the current status of agricultural intelligent agents and
for guiding their future development toward reliable, deployable, and domain-oriented
intelligent systems for smart agriculture.

Keywords: agricultural intelligent agents; smart agriculture; agent technology; multi-agent
collaboration; agricultural decision support
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1. Introduction

With the rapid development of artificial intelligence, large language models, mul-
timodal foundation models, and agent technologies, agricultural intelligent agents are
gradually emerging as an important new direction in smart agriculture. Unlike conven-
tional agricultural Al applications that are mainly designed for single tasks such as recog-
nition, prediction, or question answering, agricultural intelligent agents provide a new
system-level paradigm for agricultural knowledge understanding, complex task organi-
zation, and decision support. In recent years, research on agricultural foundation models
has continuously expanded the application scope of foundation models in agricultural
knowledge understanding, multimodal information processing, and complex decision
support [1,2]. Meanwhile, rapid advances in LLM-based agents, particularly in task plan-
ning, tool use, memory management, and feedback-driven refinement, have provided an
important methodological foundation for agricultural intelligent agents to evolve from
“generative responses” toward “task-driven workflow orchestration” [3,4]. Driven by these
advances, agricultural intelligent agents are expected to promote the transition of smart
agriculture from isolated model applications toward task-oriented knowledge organization,
tool orchestration, and intelligent decision-making.

The motivation for writing this paper stems from the urgent need for efficient, intel-
ligent, and sustainable decision-support systems in agricultural production. With global
population growth, the intensifying impacts of climate change, and increasingly severe
constraints on agricultural resources and the environment, agricultural production systems
are facing increasing demands in terms of production efficiency, resource utilization, envi-
ronmental sustainability, and management complexity [5,6]. In this context, agricultural
intelligent agents provide a new technical pathway for integrating agricultural domain
knowledge, dynamic environmental information, external analytical tools, and manage-
ment decisions, thereby offering new possibilities for improving the organizational capacity
and intelligent service capacity of agricultural production. However, existing studies have
mainly focused on agricultural foundation models, task-specific agricultural Al applica-
tions, or general-purpose LLM-based agents, while a systematic review of LLM-driven
agricultural intelligent agents in smart agriculture remains limited. Accordingly, this paper
reviews modern agricultural intelligent agents in the context of smart agriculture, with a
particular focus on large language model-driven agricultural intelligent agent systems
that are capable of knowledge integration, tool use, task organization, and collabora-
tive decision-making.

The literature discussed in this review was organized around the research boundary
of modern agricultural intelligent agents. Priority was given to studies that connect agricul-
tural tasks with foundation-model-driven agent capabilities, such as task-oriented reason-
ing, external resource use, workflow organization, or collaborative decision-making. Re-
lated studies on traditional agents, agricultural Al models, foundation models, and retrieval-
augmented systems were also considered when they helped clarify conceptual boundaries
or provide methodological context.

Specifically, this paper first traces the evolution of the agent concept and defines the
core characteristics and research boundaries of agricultural intelligent agents. It then sum-
marizes the basic architectures and key capabilities of modern agents. Subsequently, using
agricultural task chains as the main analytical thread, this paper reviews recent research
progress on agricultural intelligent agents across representative agricultural scenarios. To
avoid treating heterogeneous prototypes as equivalent examples of agentic systems, this
review further develops an assessment matrix based on evidence reported in the original
studies, distinguishing demonstrated capabilities from dimensions that remain unevalu-
ated. Finally, the paper discusses the key challenges faced by agricultural intelligent agents
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in real-world agricultural applications and outlines future research directions. This review
aims to provide a clear conceptual foundation, technical trajectory, and evidence-based
analytical framework for agricultural intelligent agent research, while offering guidance
for future development and application in agriculture-related fields.

2. Overview of Agents

Since the mid-1990s, agents have been a prominent topic in computer science and
artificial intelligence. The core concern of this field is how systems can exhibit autonomy,
goal-oriented behavior, and interactive capabilities within a given environment [7]. Along
this line, agent-based computing, software agents, multi-agent systems, and agent-based
modeling have developed as related but distinct branches of traditional agent research [8].
In recent years, with the increasing capabilities of large language models in knowledge-
based problem solving, complex reasoning, task planning, and tool use, agent research
has been undergoing a new paradigm shift. The focus is gradually expanding from rule-
driven mechanisms and interactions within closed environments to intelligent execution
systems that use large language models as cognitive cores and are capable of multi-step
planning, external tool invocation, process feedback, and dynamic refinement around
specific goals [3].

For smart agriculture, this paradigm shift is of particular significance. Agricultural
tasks are often characterized by the coupling of multi-source information, dynamic external
environments, complex knowledge dependencies, and continuous decision-making pro-
cesses. Standalone models, static knowledge-based question-answering systems, or closed
rule-based systems are often insufficient to support complete task chains in real-world
agricultural production. Therefore, before discussing agricultural intelligent agents, it is
necessary to first review the concept and development of agents, and then further define
the core characteristics and research boundaries of agricultural intelligent agents.

2.1. Concept and Development of Agents

Traditional agents do not refer to a single technical form, but rather represent a research
paradigm that has gradually developed around autonomous behavior, environmental in-
teraction, and coordination in complex systems. From the perspective of research focus,
early agent studies can be broadly grouped into three representative directions. The first
direction focuses on individual behavior and cognitive mechanisms, including reactive
agents that emphasize stimulus-response behaviors in the environment, BDI agents based
on the Belief-Desire-Intention architecture, and interface agents designed to assist users in
specific tasks [9-11]. The second direction concerns Multi-Agent Systems (MAS), which
focus on communication, negotiation, cooperation, and distributed decision-making among
multiple autonomous entities in a shared environment [8]. The third direction is Agent-
Based Modeling (ABM), which treats agents as simulation units with behavioral rules and
analyzes the evolution and emergent phenomena of macroscopic systems by modeling
individual decision-making and local interactions [12]. Therefore, the core value of tradi-
tional agents lies mainly in rule-based autonomy, structured decision-making, distributed
coordination, and complex system modeling. Their implementation typically depends on
manually designed state representations, behavioral logic, and interaction mechanisms.

In contrast, the recent emergence of LLM-based agents has promoted the evolution
of agents from “autonomous units under predefined rules” to “foundation model-driven
systems for open-ended task execution”. ReAct organizes reasoning and acting in an
interleaved manner, enabling models to continuously advance tasks through a “thought-
action—observation” loop and revise subsequent steps according to external feedback [13].
Toolformer further demonstrates that language models can learn when to call external
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tools, how to pass parameters, and how to incorporate tool-returned results, thereby
overcoming the limitations of completing tasks solely based on parametric knowledge [14].
Thus, the key difference between modern LLM-based agents and traditional agents is not
merely the change of the underlying model, but a transformation in the way intelligence is
organized. The former uses large language models or foundation models as cognitive cores
and emphasizes open-ended semantic understanding, multi-step task planning, external
tool use, and feedback-driven process refinement. The latter, by contrast, relies more heavily
on explicit rules, predefined protocols, or simulation mechanisms to achieve autonomy,
coordination, or modeling within relatively closed task boundaries. Therefore, the term
“agent” discussed in the following sections of this paper mainly follows the meaning of
modern LLM-based or foundation model-driven agentic AL

The conceptual distinctions among these agent-related paradigms are summarized in
Table 1.

Table 1. Conceptual distinctions among agent-related paradigms discussed in this review.

Paradigm

Typical Form of Intelligence

Main Research Focus

Organization

Role in This Review

Traditional individual agents

Autonomous behavior,
environmental interaction,
and user assistance

Rule-based, reactive,
BDI-based,

or interface-oriented behavior
mechanisms

Provides the historical
foundation for the agent
concept, but is not the core
object of this review

Multi-Agent Systems (MAS)

Communication, negotiation,
cooperation, and distributed
decision-making among
multiple agents

Coordination among multiple
autonomous entities through
predefined roles, protocols,

or interaction rules

Used as an important
conceptual background for
understanding collaboration,
but differs from modern
LLM-driven agentic
workflows

Agent-Based Modeling (ABM)

Simulation of individual
behaviors and emergent
system-level phenomena

Agents are modeled as
rule-based simulation units to
represent heterogeneous
actors or decision entities

Used mainly as a boundary
concept because it focuses on
simulation rather than
foundation-model-driven task
execution

General LLM-based agents

Open-ended task execution
based on reasoning, planning,
tool use, memory,

and feedback

Large language models act as
cognitive cores and interact
with external tools or
environments through
iterative loops

Provides the main
methodological basis for
defining modern agricultural
intelligent agents

Agricultural intelligent agents

Agricultural task organization,

decision support,
and controlled execution in
smart agriculture

Foundation-model-driven
systems that connect
agricultural objectives,
domain knowledge, dynamic
data, tools, and feedback

Constitutes the core object of
this review

2.2. Core Characteristics and Research Boundaries of Agricultural Intelligent Agents

Agricultural intelligent agents in this review are defined in a relatively restrictive sense.
They refer to foundation-model-driven systems that can organize agricultural objectives,
domain knowledge, dynamic data, external tools, and feedback into a task-oriented process.
This definition uses a narrower boundary than the loose use of the term “agent” in some
agricultural Al studies. Providing a conversational interface, incorporating a large language
model, or retrieving agricultural documents before answer generation is not sufficient for
a system to be classified as an agricultural intelligent agent. What matters is whether
the system can advance an agricultural task through planning, tool invocation, workflow
organization, feedback, verification, or collaborative decision-making.
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This boundary is necessary because several adjacent paradigms are easily conflated
in current agricultural Al research. Agricultural foundation models may provide domain
knowledge understanding, text generation, or multimodal representation capabilities,
but they do not automatically become agent systems if they lack explicit task planning,
external resource use, or process-level interaction. Similarly, a RAG-based agricultural
question-answering system can improve the evidential basis and domain specificity of
responses, but it remains closer to a knowledge-enhanced advisory system if it only com-
pletes a “retrieval-generation” pipeline without forming an action chain toward a task
objective [15,16]. Traditional agricultural expert systems, MAS, and ABM also differ from
the modern agricultural intelligent agents discussed here, because their autonomy is usu-
ally grounded in predefined rules, interaction protocols, or simulation assumptions rather
than foundation-model-driven reasoning and open-ended tool use.

Existing studies show that agricultural intelligent agents differ substantially in the
depth of their agentic mechanisms. ShizishanGPT integrates large language models, search
modules, agricultural knowledge graphs, RAG, and agricultural tools, and therefore repre-
sents a transition from ordinary agricultural question answering toward tool-augmented
agricultural knowledge services [17]. CottonBot is more directly connected to field-level
decision-making because it incorporates soil moisture sensors and weather forecast in-
terfaces into an agentic workflow for cotton irrigation recommendation [18]. AgriWorld
provides a stronger form of agenticity by allowing LLM agents to call geospatial queries,
remote-sensing analysis, crop simulation, and code execution tools, and to revise reasoning
on the basis of execution results [19]. These examples should not be treated as equiva-
lent. Rather, they indicate a spectrum from tool-augmented advisory systems to verifiable
task-execution systems.

Based on this boundary, agricultural intelligent agents generally involve four core
characteristics. First, they are oriented toward explicit agricultural task objectives, such
as advisory support, disease diagnosis, irrigation scheduling, phenotyping workflow
construction, farm recordkeeping, or mission planning. Second, they use large language
models, multimodal foundation models, or related foundation-model components as
important cognitive, reasoning, or interaction cores. Third, they are able to access or
coordinate external resources, including knowledge bases, domain-specific models, sensor
streams, weather APIs, code execution environments, crop models, digital twins, farm
databases, or equipment interfaces. Fourth, they possess some form of multi-step process
organization, such as task decomposition, workflow orchestration, intermediate result
interpretation, feedback-based refinement, or multi-agent collaboration.

It should be emphasized that these characteristics are not merely a checklist of techni-
cal components. The same component may indicate different levels of agenticity depending
on how it is embedded in the system. For example, RAG can support ordinary knowledge
retrieval, but it becomes more agent-relevant when retrieval is selectively triggered, com-
pared with other information sources, and used to revise downstream reasoning. Likewise,
external APIs or domain models do not necessarily make a system agentic unless the
system can select, invoke, interpret, and adjust their use according to task requirements.
Feedback and verification mechanisms represent a stronger level of agentic capability
because they allow the system to reassess intermediate outputs rather than simply generate
a final response.

Accordingly, the agricultural intelligent agents reviewed in the following sections
mainly refer to systems that satisfy three minimum conditions: they are oriented toward
specific agricultural tasks; they use foundation models as important reasoning, interac-
tion, or orchestration components; and they connect knowledge, data, tools, workflows,
feedback, or collaboration mechanisms in a way that supports task progression rather
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than isolated response generation. This definition provides the basis for distinguishing
agricultural intelligent agents from standalone agricultural foundation models, static RAG-
based question-answering systems, conventional agricultural Al models, and traditional
MAS/ABM approaches. It should be noted, however, that the boundary criteria in Table 2
define the inclusion scope of this review rather than the maturity level of individual sys-
tems. The evidence reported in the original studies and the deployment readiness of
representative systems are therefore further examined after the application synthesis in
Section 4.5.

Table 2. Research boundary and analytical criteria for agricultural intelligent agents in this review.

Analytical Criterion

Meaning in This Review

Boundary Implication

Explicit agricultural task
objective

The system operates around a concrete agricultural
problem rather than general-purpose dialogue.

Distinguishes agricultural intelligent agents
from generic LLM applications.

Foundation-model-
driven reasoning

Large language models or multimodal foundation
models provide important reasoning, interaction,
or orchestration support.

Distinguishes modern agricultural agents
from traditional rule-based agricultural
expert systems.

External resource or tool
invocation

The system can access or call external knowledge
sources, data streams, analytical models, APIs,
or execution environments.

Distinguishes agentic systems from
standalone agricultural foundation models
or static prediction models.

Multi-step workflow
organization

The system organizes agricultural tasks through
sequential or iterative processing rather than one-step
output generation.

Distinguishes agricultural intelligent agents
from single-turn question-answering
systems.

Feedback, verification,
or constraint handling

The system uses intermediate results, external
observations, human feedback, confidence assessment,
or formal constraints to improve reliability.

Indicates a stronger transition from
prototype assistance toward reliable task
execution.

Decision support or
controlled execution

The output is connected to agricultural management,
resource allocation, farm operations, or controlled
action planning.

Distinguishes task-chain-oriented agents
from purely informational agricultural AI
systems.

3. Basic Architectures and Key Capabilities of Agents

After clarifying the conceptual boundaries of agents and agricultural intelligent agents
in Section 2, it is necessary to further discuss the internal structures and key mechanisms
through which modern agents execute tasks. Unlike traditional single-turn generative
models, modern large language model-driven agents are increasingly designed as compos-
ite systems consisting of multiple components, including goal setting, state and context
perception, memory management, task planning, tool use, action execution, and feedback-
based refinement. Existing studies generally suggest that memory, planning, and tool use
constitute the core capability dimensions of LLM-based agents [3,4,20]. On this basis, this
section reviews the key methodological foundations of modern agents from three perspec-
tives: basic architectures, task planning and tool-based behavioral loops, and multi-agent
collaboration and reliability evaluation.

3.1. Basic Architectures of Agents

Based on existing representative systems, the architectural design of modern LLM-
based agents has gradually shifted from a single mode in which large language models di-
rectly respond to inputs toward composite systems supported by task objectives, contextual
states, memory mechanisms, decision-making processes, and action interfaces. Generative
Agents [21] enable agents to retain past experiences, derive higher-level reflections, and gen-
erate subsequent behaviors through a “memory stream-reflection—planning” mechanism.
MemGPT [22] introduces an operating system-like hierarchical memory management
approach, improving the ability of agents to maintain persistent states in long-range con-
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versations and complex document-based tasks through main context, external storage,
and control-flow scheduling. These studies indicate that the basic architecture of modern
agents is not merely an external encapsulation of large language models, but an effort to
construct stable internal states and behavioral organization mechanisms for continuous
task execution.

The basic architecture of LLM-based agents can generally be summarized into five
interrelated functional units. The first is the goal and task representation module, which
receives user intentions, environmental objectives, or system constraints and transforms
them into task descriptions for subsequent processing. The second unit concerns perception
and context construction, drawing together user inputs, external observations, historical
information, and tool-returned results as the current-state basis for reasoning. The third
unit is memory management, which retains short-term task states, longer-term experiences,
key intermediate results, and reusable knowledge. The fourth is the planning and decision-
making module, which determines the next action based on the goal, context, and memory
information, including whether to continue reasoning, whether to call tools, and when
to terminate the task. The fifth is the action and feedback module, which executes text
generation, API calls, code execution, or environmental interactions, and feeds the results
back into the subsequent reasoning process. Although the implementation of these modules
varies across systems, their common objective is to transform the generative capability of
large language models into continuous task-execution capability for complex tasks [21].

Among these components, the memory mechanism is a key foundation for supporting
long-term behavioral consistency and task continuity in agents. The memory mechanism
in Generative Agents does not simply record historical interactions; instead, it trans-
forms fragmented experiences into cognitive resources that can participate in subsequent
decision-making through importance assessment, retrieval, and reflection mechanisms [21].
MemGPT [22] further demonstrates that when the task span exceeds the immediate context
window of a model, agents need the ability to hierarchically store, selectively retrieve,
and dynamically update information. Accordingly, memory in agents can be understood as
a composite mechanism consisting of short-term working memory, long-term experiential
memory, and task-state memory. Beyond information storage, memory helps maintain
state stability and behavioral coherence across multi-turn tasks.

Beyond memory, modern agent architectures also show a growing emphasis on skill
accumulation and experience reuse. Voyager [23] constructs an automatic curriculum, a skill
library, and an iterative prompting mechanism in an open-world environment, enabling
agents to consolidate successful behaviors into retrievable and composable programmatic
skills and reuse previous experiences in new tasks. This mechanism suggests that agent
architecture should not be limited to solving a single task, but should further support the
gradual accumulation of capabilities through interaction. For vertical-domain applications,
the integration of agricultural knowledge, retrieval modules, and domain-specific tools
in ShizishanGPT [17], as well as the construction of external execution tools and code-
execution environments in AgriWorld [19], can be regarded as domain-specific extensions
of general agent architectures.

3.2. Task Planning, Tool Use, and Behavioral Loops

Task planning is a core capability through which agents transform high-level goals
into executable processes. When facing complex tasks with multi-stage dependencies,
agents need to identify the structure of the problem, decompose the overall objective
into several actionable subtasks, and arrange the execution sequence accordingly. Plan-
and-Solve Prompting [24] alleviates the problem of missing intermediate steps in multi-
step reasoning through a “plan-first, solve-later” strategy. Tree of Thoughts [25] further
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introduces branch search and path backtracking mechanisms, enabling models to compare
and select among multiple candidate reasoning paths. Although these methods are not
complete agent frameworks themselves, their ideas of task decomposition, path exploration,
and intermediate decision-making provide an important methodological foundation for
the planning modules of LLM-based agents.

In modern agents, task planning usually does not operate in isolation, but is closely
coupled with tool use. ReAct organizes reasoning and acting in an interleaved manner,
allowing models to call external resources and update subsequent judgments within a
“thought-action—observation” loop [13]. Toolformer demonstrates that language models
can learn when to call external APIs, how to pass parameters, and how to incorporate
the returned results [14]. On this basis, Gorilla further addresses parameter-generation
errors and tool hallucination in API calls, improving the accuracy and adaptability of tool
use through retrieval-augmented mechanisms [26]. ToolLLM constructs tool-use datasets,
training frameworks, and evaluation systems around large-scale real-world APIs, thereby
promoting the study of tool use from isolated examples toward systematic capability
evaluation [27]. In agricultural settings, such tool-use capability also depends on whether
agent systems can interface with field environmental sensing and multi-sensor fusion
resources, because real-time sensing provides the operational state information required
for field decisions [28].

From the perspective of operational logic, tool use in agents is not a one-time “external
query”, but a key component embedded in continuous behavioral loops. In this process,
agents need not only to determine whether a tool should be called, but also to perform
tool selection, parameter generation, interpretation of returned results, and subsequent
strategy adjustment. The “reasoning—acting—observation” paradigm proposed by ReAct
lays the foundation for this behavioral loop [13], while studies on Gorilla and ToolLLM
further indicate that the core of tool-use capability is not merely whether a model can
call tools, but whether it can call them in a stable, accurate, and adaptive manner [26,27].
Furthermore, whether behavioral loops can lead to continuous improvement depends on
whether agents possess feedback-based refinement capabilities. Reflexion enables agents to
summarize the causes of failure based on task feedback through linguistic reflection and
episodic memory, and to incorporate these reflections into subsequent decision-making,
thereby improving behavior without updating model parameters [29]. CRITIC introduces
external tools into self-verification, allowing models to perform a “verification—critique—
revision” loop around initial outputs and improve output quality in tasks such as question
answering, code generation, and harmful content mitigation [30].

The overall architecture and behavioral loop of agricultural intelligent agents are
illustrated in Figure 1.
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Figure 1. Overall architecture and behavioral loop of agricultural intelligent agents, showing the inte-
gration of cognitive cores, orchestration mechanisms, external tools, task outputs, and feedback loops.

3.3. Multi-Agent Collaboration and Reliability Evaluation

As task complexity increases, a single agent may be unable to simultaneously un-
dertake multiple responsibilities, such as goal interpretation, solution design, context
maintenance, result verification, and user interaction. Accordingly, multi-agent collab-
oration has gradually become an important direction in LLM-based agent research [31].
CAMEL [32] explores autonomous cooperation among multiple conversational agents
through a role-playing mechanism. AutoGen [33] integrates multi-agent conversation, tool
use, and human participation into a unified framework, providing a more composable
infrastructure for constructing complex workflows. MetaGPT [34] further embeds standard
operating procedures into multi-agent collaboration chains, reducing logical confusion and
cascading errors in complex tasks through role division, intermediate artifact generation,
and stage-wise verification.

From the perspective of collaboration objectives and organizational forms, existing
studies on LLM-based multi-agent systems have developed several representative col-
laboration mechanisms. First, role division and task delegation assign complex tasks to
different roles, such as planners, executors, evaluators, or domain experts, thereby im-
proving the functional specialization of the system [32,35]. Workflow orchestration and
stage-wise handoff distribute tasks among multiple agents through predefined or semi-
structured workflows, with task transfer helping to preserve continuity between processing
stages [33,36]. Peer evaluation, debate, and arbitration rely on mutual critique, output
comparison, or final adjudication to identify potential errors [37,38]. In multi-agent debate,
several model instances discuss candidate answers over multiple rounds, which has been
shown to improve factuality and performance on complex reasoning tasks [37]. Rather
than simply increasing the number of agents, these arrangements aim to improve complex
task processing by structuring the exchange of responsibilities and intermediate results.

It should be noted that multi-agent systems do not inherently guarantee higher re-
liability. Without clear role boundaries, stable task-handoff mechanisms, and effective
verification of intermediate results, multi-agent collaboration may lead to information re-
dundancy, error propagation, and even ambiguity in responsibility. Existing studies further
indicate that failures in multi-agent systems are often associated with insufficient system
specification, mismatched coordination among agents, and incomplete verification and
termination mechanisms [39]. In this sense, multi-agent collaboration is both a mechanism
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for capability expansion and a new source of risk, and therefore needs to be co-designed
with reliability evaluation systems.

Correspondingly, modern agent research is gradually developing specialized evalua-
tion systems that differ from those used for traditional natural language processing tasks.
AgentBench [40] constructs multiple interactive environments to evaluate agents in terms
of long-horizon reasoning, decision-making, tool use, and instruction following, and shows
that current models still exhibit clear limitations in the stability of long-range task execution.
GAIA [41], oriented toward realistic assistant-like tasks, integrates reasoning, multimodal
understanding, web browsing, and tool use into a unified evaluation setting, revealing
that advanced models still show a significant gap from human-level performance on tasks
closer to real-world applications. This suggests that agent evaluation cannot rely solely
on static question-answering accuracy, but should further examine whether agents can
actually complete tasks, use tools correctly, and maintain behavioral consistency in complex
environments. Furthermore, reliability evaluation is expanding from assessing whether
agents can complete tasks to assessing whether they can complete tasks stably and in
compliance with external constraints. T-bench [42] incorporates user interaction, tool use,
and domain rules into evaluation, assessing agent reliability through the final database
state and consistency across multiple runs. Experimental results show that even advanced
function-calling agents still exhibit limited success rates and consistency in realistic domain-
specific interactions. This indicates that agent reliability should be evaluated from at least
four aspects: task completion, correctness of tool use, behavioral stability across multiple
turns, and compliance with external rules or constraints.

Overall, multi-agent collaboration extends the organizational capability of agents for
handling complex tasks, while reliability evaluation provides necessary constraints for their
deployment in real-world applications. In agricultural scenarios, PhenoAssistant has al-
ready demonstrated the ability to coordinate multiple tools and orchestrate workflows [43],
and AgroAskAl has also shown the collaborative potential of role-specialized agents in
supporting smallholder farmers’ enquiries [44]. However, their core methodological foun-
dations still originate largely from general agent research on collaborative organization,
process verification, and reliability evaluation. The capability dimensions summarized
in Table 3 therefore provide not only a conceptual basis for understanding agricultural
intelligent agents, but also the assessment concerns used later to examine representative
systems. The following section further discusses how these capabilities are embodied in
agricultural knowledge services, crop monitoring and diagnosis, resource management,
and operational execution from the perspective of agricultural task chains.

Table 3. Key agent capabilities and assessment concerns for agricultural intelligent agents.

Agent Capability Meaning in Agricultural Agents Assessment Concerns
Interpreting farmer questions, research objectives, . .
Goal and task .. . Goal decomposition, subtask ordering, task-state
. management goals, or mission requirements as : L
representation tracking, and premature termination.

agricultural task processes.

Context construction
and evidence
grounding

Connecting user intent, crop type, region, growth stage,
field condition, and external evidence into the current
reasoning context.

Applicability of retrieved agronomic evidence,
source credibility, and contextual mismatch.

Tool and resource use

Calling knowledge bases, APIs, databases, analytical
models, code environments, sensors, crop models,

Tool selection, parameter validity, execution
traces, and interpretation of returned results.

or digital twins.
Preserving short-term task states, long-term user or Memory consistency, metadata continuity,
Memory and state . . . .
. farm context, reusable knowledge, and intermediate retrieval consistency, and cross-stage
maintenance . .
results. information reuse.

https:/ /doi.org/10.3390/agriculture16171808


https://doi.org/10.3390/agriculture16171808

Agriculture 2026, 16, 1808

11 of 41

Table 3. Cont.

Agent Capability

Meaning in Agricultural Agents

Assessment Concerns

Workflow reliability
and verification

Organizing multi-step workflows and checking
intermediate outputs under agronomic, operational,
or safety constraints.

Contradiction, cascading errors, constraint
satisfaction, repeated-run stability, uncertainty
exposure, and verification.

Multi-agent
coordination

Assigning subtasks to specialized agents and
coordinating role interaction, information handoff,
or result checking.

Handoff fidelity, deadlock prevention, correlated
hallucination, and whether collaboration is
compared with single-agent baselines.

Deployment and
human oversight

Examining whether the system can operate under
realistic agricultural, economic, and organizational

Latency, computational cost, human intervention
frequency, scalability, and validation against

conditions. agronomic or operational outcomes.

4. Task-Chain-Oriented Applications of Agricultural Intelligent Agents

The application value of agricultural intelligent agents should not be understood sim-
ply as the extension of large language models to agricultural question-answering scenarios.
Their more distinctive contribution lies in their potential to reorganize agricultural tasks
that were previously handled by separate models, databases, decision rules, or human
experts. In real agricultural production and research, a practical problem is seldom com-
pleted by a single prediction or classification result. A disease-related inquiry may require
symptom interpretation, image-based evidence, regional agronomic knowledge, and subse-
quent control suggestions. An irrigation decision may require soil-moisture observations,
short-term weather forecasts, crop-stage information, and constraints on water use. A phe-
notyping task may involve data import, trait extraction, visualization, and model training.
These examples indicate that agricultural intelligence is often process-oriented rather than
output-oriented. It is in this process-oriented setting that agricultural intelligent agents
begin to show system-level value beyond conventional agricultural AI models [45-47].

This task-chain perspective also helps clarify the relationship between agricultural
intelligent agents and earlier agricultural modeling approaches. Crop system simulation
models, represented by APSIM and DSSAT, have long provided important methodologi-
cal foundations for yield prediction, management evaluation, climate-impact assessment,
and agronomic scenario analysis by characterizing the relationships among weather, soil
processes, crop growth, and management practices [48-51]. Their strength lies in mech-
anistic structure, agronomic interpretability, and scenario-based quantitative simulation.
However, these models are not designed to interpret open-ended natural-language goals,
select heterogeneous tools, or revise a task workflow through interaction. They provide
important domain models and analytical tools for future agent systems, but they are not
themselves open-ended task-execution agents.

Machine learning, deep learning, remote sensing, and agricultural Internet of Things
technologies have further improved the automation of agricultural perception and pre-
diction. They have been widely used in pest and disease recognition, crop classification,
yield estimation, phenotypic analysis, precision monitoring, and data-driven agricultural
management [52-57]. Nevertheless, many of these systems remain organized around rela-
tively fixed input—-output relationships. A model may identify a disease, estimate a yield
value, detect a field object, or generate a local recommendation, but it usually does not
determine how this output should be combined with user intent, regional constraints, exter-
nal tools, or subsequent management actions. In this respect, conventional agricultural Al
has substantially improved local automation, but it often lacks the cross-task organization
and feedback mechanisms required for complete agricultural task chains. This comparison
also indicates that agricultural intelligent agents should not be viewed as replacements for
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existing agricultural models, decision-support systems, or automation technologies. Crop
models, rule-based decision-support systems, machine-learning models, remote-sensing
pipelines, and IoT-based control systems remain more suitable for tasks with stable inputs,
well-defined rules, limited interaction requirements, and strict requirements for compu-
tational efficiency or interpretability. By contrast, agricultural intelligent agents are more
appropriate when the task involves open-ended user goals, incomplete contextual informa-
tion, heterogeneous tools, multi-step reasoning, or the need to coordinate several analytical
components. Their practical value therefore lies less in replacing alternative approaches
than in acting as an orchestration layer that connects models, data, tools, and human
decisions within agricultural task chains.

Agricultural intelligent agents address this limitation only when they provide an orga-
nizational layer above individual models, knowledge resources, data streams, and decision-
support tools. Their value should therefore be judged not merely by whether they use
advanced models, but by whether they can structure agricultural problems into inter-
pretable and controllable workflows. Some existing systems remain close to knowledge-
enhanced advisory services; others have begun to connect dynamic data, external APIs,
code execution, digital twins, or formal verification. This uneven development suggests
that agricultural intelligent agents should be examined as a continuum. At one end are
systems that improve knowledge access and contextual response generation; at the other
end are systems that participate in verifiable reasoning, decision support, and controlled
planning. Between these two ends are workflow-oriented systems that coordinate domain
knowledge, multimodal evidence, and tool-based analysis.

Following this logic, this section organizes representative studies according to their
positions in agricultural task chains rather than by technology labels alone. Four appli-
cation directions are considered: agricultural knowledge services and advisory support;
crop-state understanding, including monitoring, diagnosis, and phenotyping; resource
management and decision support; and agricultural workflow orchestration and farm-level
collaborative management. These categories are not intended to form rigid boundaries.
Rather, they describe an increasing depth of agent involvement, from interpreting agricul-
tural problems and retrieving applicable knowledge to organizing multimodal evidence,
generating management schemes, coordinating tools, and supporting controlled execution.

The task-chain-oriented application framework described above is illustrated in
Figure 2.

Task-Chain-Oriented Applications of Agricultural Intelligent Agents
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Figure 2. Overview of the task-chain-oriented application framework for agricultural intelli-

gent agents.
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4.1. Agricultural Knowledge Services, Question Answering, and Advisory Support

Agricultural knowledge services constitute the most immediate entry point through
which intelligent agents participate in agricultural task chains. At the same time, this is also
the application direction in which the boundary between ordinary LLM-based question
answering and genuine agentic capability is most easily blurred. A system may retrieve
agricultural documents, answer farmers’ questions, or generate management suggestions,
but these functions alone do not necessarily make it an agricultural intelligent agent.
From the perspective of this review, the key issue is whether the system merely responds to
an isolated query or constructs a context-aware problem representation that can support
subsequent diagnosis, recommendation, or decision-making.

The difficulty of agricultural consultation lies in the strong contextuality of agricultural
knowledge. Fertilization plans, crop-protection measures, sowing-date recommendations,
and irrigation suggestions are rarely universally applicable. Their validity depends on crop
species, growth stage, regional climate, soil condition, production mode, and management
objective. A response may be factually plausible but still agronomically inappropriate
if it is detached from its local production context. Therefore, agricultural knowledge-
service agents should not be evaluated only by fluency, factual coverage, or retrieval
relevance. A more important criterion is whether they can mediate among user intent,
domain knowledge, regional context, and external evidence.

The agentic transformation of agricultural knowledge services is first reflected in the
shift from relying on the parametric knowledge of large language models to coordinat-
ing multiple knowledge sources and information channels. Agricultural knowledge is
distributed across structured knowledge bases, extension documents, local experience,
real-time environmental information, and outputs from domain-specific analytical models.
Knowledge graphs can represent agricultural entities, attributes, and relationships in a
structured form, thereby supporting semantic retrieval and knowledge association [58].
RAG can further improve the evidential basis of generated responses by introducing
external retrieval before response generation [16,59]. However, retrieval itself is not suffi-
cient. It becomes more relevant to agentic agricultural systems only when it is embedded
in a broader process of problem interpretation, evidence selection, response synthesis,
and possible downstream decision support.

From this perspective, tool-augmented agricultural question-answering systems rep-
resent an intermediate stage between ordinary knowledge services and stronger agri-
cultural agents. A system that integrates search engines, agricultural knowledge graphs,
RAG modules, and domain-specific agricultural tools can move beyond a single-turn
question—answer pattern by forming a lightweight workflow for interpreting questions,
selecting resources, supplementing evidence, and synthesizing responses [17]. Its contribu-
tion should be understood not simply as improving answer quality, but as introducing an
organizational mechanism that connects agricultural questions with external knowledge
and tools. Nevertheless, such systems remain closer to knowledge-service agents unless
their outputs are further connected to task planning, feedback-based revision, or verifiable
decision processes.

Whether technical capability can be translated into usable advisory support is another
consideration. In practice, agricultural consultation rarely begins with a complete and
well-structured task description. Farmers may use local expressions to describe symptoms,
omit relevant contextual information, or combine production experience with an immediate
management concern. Advisory-oriented agents therefore need to infer the purpose of
a query, identify information that is still missing, and adapt their responses to language,
service accessibility, and trust-related requirements. Large-scale advisory services for small-
holder farmers illustrate that agricultural knowledge services depend not only on model
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reasoning or retrieval accuracy, but also on interaction design, localization, and practical
usability [15].

Furthermore, the reliability of agricultural knowledge services depends not only on
factual correctness, but also on contextual appropriateness. Agricultural recommendations
are subject to strong regional constraints. A sowing-date arrangement, fertilizer application
scheme, or pest management strategy that is appropriate in one region may be unsuitable or
even misleading when transferred to another agroecological context. To address this issue,
AgriRegion proposes region-aware retrieval, which improves the regional consistency
and applicability of agricultural advice by incorporating geographic metadata, region-
prioritized retrieval, and constraints from local agricultural extension knowledge [59].
Agricultural knowledge service agents therefore need to move from retrieving relevant
knowledge to retrieving contextually applicable knowledge. If the front-end knowledge
service layer suffers from regional mismatch, subsequent diagnosis and decision-making,
regardless of their technical complexity, may still be grounded in an inappropriate produc-
tion context.

Beyond knowledge organization, user adaptation, and regional constraints, agricul-
tural knowledge services are also evolving from information response toward pre-decision
support. For climate adaptation, disaster risk management, and complex agronomic
decision-making, farmers often require not isolated pieces of information, but integrated
judgments involving risk identification, comparison of management options, and feasible
action pathways. AgroAskAl employs role-specialized agents, a chain-of-responsibility
coordination mechanism, real-time tool access, and internal feedback to extend smallholder
advisory services into a multi-step reasoning and contextual recommendation process [44].
The role of agricultural knowledge service agents is gradually shifting from informa-
tion provision to preliminary reasoning, providing structured premises for downstream
decision-making within agricultural task chains.

Overall, agricultural knowledge service and question-answering applications show
a clear progression from knowledge accessibility to evidence grounding, contextual
adaptation, and preliminary decision support. ShizishanGPT, Farmer.Chat, AgriRegion,
and AgroAskAl illustrate this evolution from different perspectives: they respectively
emphasize tool-augmented knowledge organization, low-barrier advisory interaction,
region-aware retrieval, and multi-agent reasoning for smallholder support. In this sense,
agricultural knowledge services should not be viewed as a low-level auxiliary component
of agricultural intelligent agents, but as a foundational layer that affects the reliability of
subsequent state analysis, resource allocation, and field-level execution.

Nevertheless, several limitations remain in this direction. First, most existing systems
still focus on single-turn consultation or limited multi-turn interaction, while long-term
memory, continuous user modeling, and cross-stage task tracking remain underdeveloped.
Second, the evaluation of agricultural knowledge services largely relies on answer quality,
retrieval relevance, or user satisfaction, and has not yet established sufficient closed-loop
validation with real agricultural production outcomes. Third, the structured organization of
region-specific knowledge, local agronomic experience, and minor-crop scenarios remains
insufficient, limiting the adaptability of agents in non-mainstream crops and complex
local production systems. Future agricultural knowledge service agents should therefore
develop traceable, updatable, and context-aware agricultural knowledge foundations to
support the stable progression of downstream agricultural task chains.

4.2. Crop-State Understanding: Monitoring, Diagnosis, and Phenotyping

Crop monitoring, diagnosis, and phenotyping provide information that is later used
in agricultural diagnosis and management, rather than serving as final outputs by them-
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selves. Machine learning, deep learning, and computer vision have substantially improved
the extraction of crop-state information from images, UAV data, and sensor observa-
tions [52-54,60-62]. UAV imagery and robot-oriented visual detection have been applied to
weed detection, fruit target localization, and other crop-state perception tasks, providing vi-
sual evidence for subsequent field management or robotic operations [63,64]. Even so, most
perception systems are designed for fixed input—-output tasks. They may detect objects,
quantify traits, or estimate yield-related indicators [65], but their outputs still need to be
interpreted with reference to agronomic conditions, user needs, and later management de-
cisions. The role of an agent is therefore not to replace perception models, but to place their
outputs within a diagnostic or analytical process that can draw on other relevant evidence.

Plant phenotyping illustrates why this broader workflow perspective is needed. Vi-
sual sensors and three-dimensional reconstruction have already been used to measure
plant canopy structure and extract structural traits [66]. In practice, phenotyping rarely
ends with a single image-processing operation, since data import, image analysis, feature
extraction, result visualization, model training, and experimental interpretation are often
connected within the same analytical workflow. PhenoAssistant uses large language mod-
els to orchestrate tools for phenotypic extraction, data visualization, and model training,
enabling researchers to drive complex analytical workflows through natural language
interaction [43]. Rather than replacing a particular phenotyping algorithm, this system
transforms workflows that previously required substantial computational expertise into
interactive, composable, and repeatable task processes. In this sense, the role of agricul-
tural intelligent agents in phenotyping is closer to that of a research workflow coordinator.
They connect user intent, analytical tools, and intermediate outputs, thereby lowering the
operational barrier of complex agricultural research tasks.

In crop disease diagnosis, the key agentic transformation is to extend the diagnostic
process from disease-name recognition to evidence organization, coordinated reasoning,
and explainable judgment generation. Conventional disease recognition models mainly
answer which disease may be present in an image, whereas real agricultural diagnosis
also requires symptom interpretation, assessment of evidence sufficiency, task-type differ-
entiation, and linkage to subsequent management actions. Recent studies have begun to
reconstruct this process through multi-agent collaboration and multimodal reasoning. Chat
Demeter organizes plant disease diagnosis into a collaborative workflow involving task
planning, reasoning evaluation, and result presentation [67]. AgriDoctor further integrates
modules such as a router, classifier, detector, knowledge retriever, and LLM, allowing the
system to select different processing pathways according to input forms and user intent,
and to incorporate image understanding, knowledge retrieval, and language interaction
into a unified framework [68]. These studies collectively indicate that agricultural diag-
nostic systems are shifting from a model that produces a classification result to an agentic
system that organizes analytical pathways around diagnostic tasks.

From the perspective of agricultural task chains, an important change is that these
systems explicitly organize diagnostic objects, evidence sources, and processing procedures.
A user query can first be interpreted as an image recognition task, a knowledge consultation
task, or a multimodal diagnostic task, after which the relevant modules can be selected
and domain knowledge added where needed. This is more suitable than traditional end-
to-end classification models when agricultural inputs are not standardized, for example,
when images are blurred, descriptions are expressed in natural language, or contextual
information is incomplete. In such cases, agricultural intelligent agents do more than
strengthen recognition. They coordinate the diagnostic workflow by deciding which
capabilities to use, what evidence remains missing, and how the diagnostic judgment
should be reached.
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As diagnostic chains become more complex, reliability becomes increasingly impor-
tant. If agricultural perception systems only pursue final conclusions without identifying
uncertainty or rechecking results, they may cause inappropriate pesticide application,
delayed intervention, or increased production costs in real-world use. Agentic Al with
Orchestrator-Agent Trust separates visual perception agents from a non-visual reasoning
orchestrator, and combines confidence calibration, image-RAG, and iterative reassessment
to re-evaluate visual classification results [69]. This work is important because it brings
trust assessment into the agent’s internal logic, allowing the system to consider when
perception results are reliable and when further verification is needed. Accordingly, agricul-
tural diagnostic agents are beginning to move from being able to recognize crop problems
toward being able to judge whether their own recognition results are sufficiently reliable.

This shift also expands the evaluation criteria for agricultural monitoring agents. Tra-
ditionally, disease recognition or phenotyping systems have often been evaluated mainly by
accuracy, recall, or error metrics. Under an agentic framework, however, whether a system
can explain its evidence, identify uncertainty, and trigger re-retrieval or reassessment when
necessary should also become important evaluation dimensions. This is particularly impor-
tant in agricultural production environments, where image quality is unstable, anomalous
samples are scarce, and long-tail diseases are difficult to cover. Static test sets alone are
often insufficient to reflect real deployment capability. To address this issue, Enhancing
the Evaluation of Fault Detection Models in Smart Agriculture Using LLM Agents for
Rule-Based Anomaly Generation explores the use of LLM agents to generate rule-driven
anomaly samples, thereby improving the test coverage of fault detection models in smart
agriculture [70]. Agricultural intelligent agents are beginning to support both diagnosis
itself and the testing and validation of agricultural monitoring systems.

Overall, agricultural intelligent agents for crop monitoring, diagnosis, and phenotyp-
ing are evolving along three interconnected pathways. First, agents are beginning to act as
organizers of analytical workflows, enabling complex phenotyping and research tasks to
be structured and executed with lower operational barriers. Second, systems are forming
multimodal diagnostic chains that integrate images, text, domain knowledge, and user
intent into crop-state judgment. Third, increasing attention is being paid to trustworthy
perception and evaluation mechanisms, including confidence calibration, re-verification,
and anomaly-based testing. PhenoAssistant, Chat Demeter, AgriDoctor, Orchestrator-
Agent Trust, and the anomaly generation evaluation framework reflect this development
from different perspectives [43,67-70]. Therefore, this research direction should not be
understood as a simple combination of agricultural vision models and large language
models, but rather as the evolution of agricultural perception systems toward a continuous
task chain of state understanding, diagnostic organization, and trustworthy verification.

At present, this direction still faces two major limitations. First, many systems are
still mainly validated using static images or offline datasets, and remain distant from
continuous monitoring, temporal state tracking, and long-term disease progression analysis
in real field environments. Second, the evaluation systems for monitoring- and diagnosis-
oriented agricultural intelligent agents remain fragmented. Evaluation remains fragmented:
some studies report recognition accuracy, whereas others focus on tool selection, retrieval
performance, or confidence calibration. As a result, good performance in one component
does not necessarily show whether the full diagnostic process is dependable. A common
framework that follows the chain from input interpretation to diagnostic output is still
missing. Further work should link multimodal perception with long-term state memory
and diagnostic reliability, while examining whether these components improve subsequent
management decisions rather than only problem detection.
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4.3. Resource Management and Decision Support

Resource management and decision support are the points at which agricultural
intelligent agents are most directly exposed to production consequences. Unlike knowledge
services, which mainly organize information, or crop-state understanding, which mainly
interprets observed conditions, resource-management agents must connect evidence with
decisions on irrigation, fertilization, crop selection, pest intervention, and input allocation.
These decisions are rarely determined by a single variable. They involve trade-offs among
crop demand, soil status, weather variability, sensor observations, production objectives,
economic cost, and environmental constraints. For this reason, the value of an agricultural
agent in resource management should be assessed by how it constructs a decision process
under constraints, not by whether it can generate a plausible agronomic recommendation
in natural language.

Irrigation management provides a useful example of this distinction. Smart irri-
gation research has long relied on sensor observations, crop water-demand estimation,
and scheduling methods to support water management decisions [71]. A language model
may explain cotton water demand in general terms, but this is not sufficient for deciding
whether a particular field should be irrigated under current soil and weather conditions.
The significance of LLM-RAG and agentic-tool integration in cotton irrigation is that soil
moisture data and weather forecast interfaces are brought into the same advisory workflow,
allowing the recommendation to be grounded in field-level and time-sensitive evidence [18].
Earlier reinforcement-learning-based irrigation systems had already shown the value of
sequential decision strategies in cotton water management [72,73]; the agentic contribution
is different. It lies in connecting natural-language interaction, retrieval, environmental data
access, and recommendation generation into a more interpretable decision-support process.
Thus, irrigation-oriented agents should be understood as a bridge between agronomic
knowledge services and data-conditioned field management, rather than as chatbots for
irrigation advice.

For resource-management-oriented agents, domain knowledge must be combined
with task-specific integration of multi-source information under explicit constraints. Agri-
cultural resource allocation commonly involves multi-variable coupling, and a single data
source is rarely sufficient for comprehensive decision-making. For example, fertilizer recom-
mendation depends not only on soil properties, but also on crop type, climatic conditions,
and expected yield targets. Crop selection is influenced by soil and weather conditions,
as well as regional suitability and production objectives. Soil-state analysis can also involve
spatially explicit anomaly detection; for example, machine learning combined with spatial
statistics has been used to identify abnormal patterns in soil total nitrogen, providing a
more detailed evidence layer for nutrient-related decision support [74]. The agentic Al-
driven autonomous decision-support system for smart agriculture organizes soil image
recognition, soil parameter analysis, crop recommendation, and fertilizer suggestion into
a continuous decision-making workflow [75]. Such work goes beyond stacking multiple
models together. Rather, it attempts to integrate originally separate agricultural analysis
modules into a decision chain with sequential dependencies: environmental state recog-
nition provides inputs for subsequent recommendations, and recommendation results
further support resource input planning and management scheme formulation. In this
view, resource management is no longer merely the output of a single prediction model,
but is reconceptualized as scheme generation based on multi-stage evidence integration.

On this basis, agricultural intelligent agents further highlight the need for executable
analysis and verifiable reasoning. Agricultural resource decisions often involve structured
data, spatial information, remote-sensing time series, and crop simulation outputs [76].
If such decisions rely entirely on language-model reasoning in textual space, they may easily
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produce pseudo-precise conclusions without sufficient analytical grounding. AgriWorld
addresses this issue through a World-Tools-Protocol framework, in which geospatial
queries, remote-sensing analysis, crop simulation, and task predictors are encapsulated as
callable tools, while an LLM agent performs an “execute-observe-revise” reasoning loop
within a code execution environment [19]. In this setting, resource decisions are not based
only on linguistic explanation. For yield prediction, anomaly analysis, or counterfactual
reasoning, the agent can obtain intermediate evidence through the relevant tools and adjust
the analysis when the returned results require further examination. The resulting judgment
is therefore linked to the computational steps and execution evidence used during the task,
rather than resting on generated text alone.

From a broader precision agriculture perspective, resource-management-oriented
agents also have the potential to shift agricultural management from local optimization
toward multi-objective coordination. Modern agricultural resource management focuses
not only on yield improvement, but also on water saving, fertilizer reduction, environmen-
tal load control, and sustainable production [77]. Agentic Al for smart and sustainable
precision agriculture connects agentic Al with intelligent sensing, distributed collaboration,
and continuous optimization, highlighting its potential in precision resource allocation and
sustainable agricultural management [78]. Agentic Al with Large Language Models for Pre-
cision Farming: Advancing Sustainable Resource Optimization in Smart Agritech further
discusses the role of LLM-driven agents in improving resource-use efficiency from the per-
spectives of irrigation, fertilization, and agronomic input optimization [79]. These studies
indicate that the task boundary of agricultural intelligent agents in resource management
has expanded from producing one-time management advice to coordinating production
efficiency, input intensity, and environmental constraints around long-term objectives.
This shift makes agricultural intelligent agents closer to the integrated decision-making
problems faced by real farm managers than traditional single-task prediction systems.

However, agricultural resource decision-making cannot focus only on recommen-
dation generation; it must also address decision safety and outcome constraints. When
agent-generated schemes involve fertilizer reduction, irrigation adjustment, or changes
in crop protection intensity, the system needs to further determine whether the proposed
scheme satisfies agronomic constraints, whether it may introduce new risks, and whether it
remains valid under expected environmental conditions. Digital twins have increasingly
been regarded as important infrastructures for representing agricultural production pro-
cesses, integrating virtual-physical information, and supporting simulation-based decision-
making [80]. LLM-Orchestrated Digital Twins for Safe, Human-Centered Decision Support
in Precision Agriculture directly addresses this issue. In this framework, a tool-using LLM
agent operates on top of crop—soil dynamic twins and farm-operation twins. Farmers
express high-level goals in natural language, after which the system generates candidate
management schemes and verifies their feasibility and safety through digital twins before
recommendations are presented or instructions are issued [81]. This framework avoids
treating agricultural intelligent agents as isolated decision-makers that directly output an
optimal answer. Instead, it embeds them into a controlled decision-support system com-
posed of models, constraints, tools, and verification mechanisms. For high-risk agricultural
management tasks, such a “generation-simulation—verification” mechanism is closer to
the form required for deployable systems than merely improving the reasoning ability of
language models.

Resource-management and decision-support agents are therefore better understood as
organizers of data, models, tools, and constraints rather than as language-based wrappers
for conventional decision-support systems. Their contributions can be separated into three
levels. At the first level, they connect recommendations with dynamic production contexts
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by incorporating sensor data, weather information, and field-level observations [18]. At the
second level, they coordinate multiple analytical components, such as soil analysis, crop
recommendation, fertilizer suggestion, remote-sensing tools, crop simulation, and code
execution, so that recommendations are formed through an inspectable chain of evidence
rather than through text generation alone [19,75]. At the third level, they introduce sim-
ulation or verification mechanisms, such as digital twins, to examine whether candidate
management schemes satisfy agronomic, operational, and safety constraints before being
presented or executed [80,81]. These levels differ substantially in deployment readiness
and should not be treated as equivalent examples of resource-management agents.

At present, this direction remains closer to constrained decision-support prototyping
than to stable farm-scale deployment. Many systems are still evaluated in limited scenarios
or task-specific settings, and their robustness across crops, regions, seasons, and production
systems remains insufficiently demonstrated. Tool and data dependencies also create prac-
tical difficulties: sensors, APIs, crop models, remote-sensing services, and farm databases
often differ in resolution, reliability, and interface design. More importantly, the quality of a
resource-management decision may only become visible after a production cycle, whereas
many current evaluations focus on short-term recommendation quality or local task per-
formance. Future resource-management agents should therefore strengthen dynamic
data access, coupling with agronomic models, constraint-aware reasoning, and long-term
outcome evaluation. Without these elements, such systems may remain useful advisory
prototypes but fall short of dependable agricultural decision-support systems.

4.4. Agricultural Workflow Orchestration and Farm-Level Collaborative Management

Agricultural workflow orchestration and farm-level collaborative management rep-
resent the stage at which agricultural intelligent agents move closest to operational sys-
tems. The preceding sections mainly concern problem interpretation, state understanding,
and recommendation generation. In farm-level settings, however, the central issue is not
only what decision should be recommended, but how that decision is translated into co-
ordinated workflows involving field conditions, equipment interfaces, operation records,
human managers, and safety constraints. Recent progress in agricultural equipment has
already embedded machine vision, intelligent sensing, decision algorithms, and control
technologies into machinery and production systems [82]. The agentic question is dif-
ferent: whether these heterogeneous components can be organized around agricultural
objectives in a traceable and controllable manner. This section therefore does not treat
agricultural agents as another form of machinery automation [83], but as a potential or-
chestration layer for connecting task goals, farm data, device resources, human oversight,
and controlled execution.

At the level of agricultural operations, agents first demonstrate their value in coordi-
nating multi-source states and interconnected farming processes. Traditional agricultural
automation systems, including IoT-based monitoring and control systems in controlled-
environment agriculture, are often designed around a single device, action, or monitoring
object [84,85], whereas farming operations usually require coordinated consideration of
soil conditions, weather, crop status, visual observations, and management objectives.
The Agentic Al Framework to Automate Traditional Farming for Smart Agriculture or-
ganizes functional units such as soil sensing, meteorological analysis, visual perception,
and supervisory coordination in a multi-agent manner, aiming to construct a more intercon-
nected automation framework for traditional farming processes [86]. This line of research
reframes agricultural operations as workflow problems involving multi-state perception,
multi-stage linkage, and multi-actor coordination, rather than as the simple addition of
task modules. For agricultural intelligent agents, operational execution begins not with
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the immediate triggering of physical actions, but with the unified organization of task
objectives, environmental states, and executable conditions.

Farm-level collaborative management also depends on the continuous accumulation of
accurate, reusable, and context-rich information. Agricultural production is highly tempo-
ral and process-dependent. Sowing, fertilization, spraying, or field inspection can support
subsequent traceability analysis, farm management, and intelligent decision-making only
when properly recorded and supplemented with contextual metadata. Meta Ag 2.0 intro-
duces a retrieval-augmented agentic-Al framework into agricultural recordkeeping and
metadata completion. By interacting with a large language model and a private database,
the system dynamically generates follow-up questions based on existing spatiotemporal in-
formation, validates user inputs, and improves the completeness of operational records [87].
This direction extends agricultural intelligent agents from short-term interactive tools to
organizers of long-term farm information flows. If agricultural activities can be transformed
by agents into structured, traceable, and reusable data assets as they occur, subsequent
disease traceback, input analysis, operation evaluation, and farm optimization can be built
on a more reliable informational foundation.

Closely related to record governance is the issue of interoperability among heteroge-
neous field devices and data systems. Sensors, agricultural machinery terminals, meteoro-
logical platforms, imaging devices, and farm management information systems in smart
agriculture often adopt different data formats and interface protocols, which makes it diffi-
cult for information to flow smoothly across systems. A study on leveraging agent-based
experts on large language models explores data sharing among heterogeneous agricultural
IoT devices [88]. In practical terms, farm-level collaborative management depends on both
the reasoning capability of a single agent and its ability to establish semantic connections
among devices, protocols, and data sources. In other words, if agricultural intelligent
agents are expected to assume farm-level coordination responsibilities, they must be able
to connect equipment, organize data, and promote cross-system collaboration. Otherwise,
so-called intelligent execution may remain limited to local automation rather than forming
integrated farm workflow coordination.

When agents move closer to embodied operations and robotic execution, task planning,
execution mapping, and safety verification become central issues. Agricultural robots and
intelligent agricultural machinery have been increasingly studied for field monitoring,
spraying, harvesting, automatic steering, and other operation-oriented tasks, providing an
important embodied foundation for agent-based mission planning in agriculture [89,90].
Robotic scouting, sampling, spraying, and multi-equipment coordination in precision
agriculture require systems not only to understand natural-language goals, but also to
translate them into task plans that satisfy spatial, sequential, resource, and safety constraints.
Against this background, As You Wish: Mission Planning with Formal Verification using
LLMs in Precision Agriculture emphasizes that mission plans generated by LLM agents
should be checked using formal methods before deployment, so as to avoid infeasible
or unsafe plans in real operational environments [91]. This perspective is particularly
important because agricultural operations have direct real-world consequences: planning
errors may lead to repeated operations, resource waste, equipment conflicts, or production
risks. For this reason, embodied agricultural agents should not pursue unconstrained direct
execution, but should instead establish a closed-loop structure of goal understanding, plan
generation, constraint verification, and controlled execution.

The application scope of agricultural operation execution and collaborative manage-
ment should also not be limited to crop production. Dairy science and broader livestock
production also involve continuous tasks such as knowledge retrieval, record manage-
ment, database interaction, operational analysis, and daily decision-making. Agents are all
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you need: Pioneering the use of agentic artificial intelligence to embrace large language
models into dairy science extends the discussion of agentic Al into the context of dairy
science [92]. Related studies further suggest that, under constraints related to on-farm
computing resources and data privacy, locally deployable small language models and multi-
task agent frameworks can support literature retrieval, web search, database interaction,
and visualization of predictive results in agricultural decision-support tasks [46]. From this
perspective, farm-level collaborative management involves not only the scheduling of
field equipment, but also the organization of knowledge, data, and management activities
across operational processes. At this level, the value of agricultural intelligent agents lies in
helping production entities integrate fragmented information resources and management
tasks into unified workflows.

At present, this direction remains at an early exploratory stage. Many studies are
still dominated by framework design, prototype validation, or demonstrations in limited
scenarios. This is understandable, because execution-level agents face requirements that
are substantially higher than those of question-answering or advisory systems. They must
handle equipment interfaces, task specifications, exception states, human authorization,
data privacy, and operational safety at the same time. The risk is that an agent may appear
capable at the level of workflow description while remaining unable to operate reliably
across devices, farms, and production cycles. Future work should therefore give priority
to standardized interfaces, auditable task states, long-term memory for farm operations,
human-agent authority allocation, formal constraints, and rollback mechanisms. Only with
these safeguards can agricultural agents move from conceptual workflow orchestration
toward production-ready farm management systems.

As shown in Table 4, the four application directions differ not only in agricultural
scenario, but also in the depth to which agents intervene in the task chain. Knowledge-
service systems are mostly located at the front end of the chain, where the main concern
is whether agricultural advice can be grounded in appropriate evidence, user context,
and regional constraints. Monitoring and diagnosis-oriented systems move one step fur-
ther by treating visual or multimodal outputs as diagnostic evidence rather than as final
results. Resource-management agents are held to a stricter standard because their recom-
mendations need to be checked against dynamic field data and analytical results; some
systems also incorporate simulation or verification. Farm-level collaborative systems are
more demanding still, since they involve operational records, device interoperability,
human-machine authority allocation, and safety-sensitive planning. The number of
agricultural scenarios covered is therefore a poor proxy for system maturity. A more
meaningful criterion is whether the system deepens task-chain control, strengthens
external-resource coupling, and makes the decision or execution process more trace-
able and constrained. At the same time, this comparison remains partly qualitative
unless the evidence supporting each capability is made explicit. A further assessment is
therefore needed to distinguish demonstrated capabilities, partially supported claims,
and dimensions that have not been evaluated.
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Table 4. Synthesis of application directions of agricultural intelligent agents.

Application Direction

Agentic Contribution

Key Limitations

Agricultural knowledge
services and advisory
support

Organizes user intent, retrieved knowledge,
regional context, and domain information into
evidence-grounded advisory processes.

Limited long-term user modeling,
production-level validation, and coverage of
local knowledge or minor-crop scenarios.

Crop-state understanding:
monitoring, diagnosis,
and phenotyping

Connects visual or multimodal perception outputs
with diagnostic reasoning, phenotypic analysis,
workflow coordination, and reliability assessment.

Limited continuous monitoring, temporal state
tracking, uncertainty handling, and full-process
diagnostic evaluation.

Resource management and
decision support

Integrates dynamic field data, analytical tools, crop

Limited cross-region robustness, tool-chain

models, code execution, or digital twins for
contextualized management decisions.

validation, long-term agronomic evaluation,
and safety-aware recommendation testing.

Agricultural workflow
orchestration and farm-level
collaborative management

Limited evidence on device interoperability,
human-machine authority allocation, privacy
protection, deployment feasibility,

and operational safety.

Extends agents from information support to record
governance, device interoperability, mission
planning, and controlled workflow organization.

4.5. Comparative Assessment of Agentic Capabilities and Deployment Readiness

The preceding subsections show that agricultural intelligent agents have been ex-
plored in advisory services, crop-state interpretation, resource management, and farm-level
workflow organization. These applications differ not only in agricultural scenario, but also
in the extent to which they demonstrate agentic capabilities. Some systems mainly improve
knowledge access and response grounding, whereas others organize perception results,
invoke external tools, coordinate multiple agents, or verify candidate decisions through
execution, simulation, or formal constraints. Therefore, the application synthesis above
should be complemented by a more explicit comparison of what each representative system
actually demonstrates.

This comparison is based on evidence reported in the original studies rather than
on new benchmark experiments conducted in this review. The reviewed systems were
developed for different crops, tasks, data sources, tools, and deployment assumptions.
In addition, many original studies do not consistently report quantitative measures such
as tool-selection validity rates, parameter-validity rates, repeated-run stability, human
intervention frequency, latency, computational cost, or validation against agronomic and
operational outcomes. Therefore, the purpose of the following matrix is not to rank
systems by a universal performance score, but to clarify the evidence status of key agentic
capabilities across representative studies.

To avoid unsupported numerical scoring, this review uses a qualitative evidence-
status coding scheme. A dimension is marked as “D” when the original study explicitly
reports the corresponding system component together with evaluation evidence, execution
traces, validation procedures, or empirical results. A dimension is marked as “P” when
the study describes the capability at the design or workflow level, or provides indirect
evidence, but does not separately evaluate it. A dimension is marked as “NE” when
the study does not report sufficient evidence for assessment. A dimension is marked
as “NA” when it is not applicable to the system type. In particular, NE should not be
interpreted as poor performance; it only indicates that the published study does not provide
sufficient evidence for that dimension. The coding was assigned by checking whether
the corresponding capability or validation evidence was explicitly reported in the system
descriptions, experiments, evaluations, or case demonstrations of the reviewed studies.

Table 5 shows that systems with similar application labels may differ substantially in
the type and strength of evidence they provide. Knowledge-service systems often report
evidence grounding or regional adaptation, but they usually provide limited evidence on
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tool-parameter validity, memory consistency, workflow stability, or practical validation.
Resource-management and digital-twin-oriented systems more often report tool use, execu-
tion results, simulation, or constraint checking, but most still lack long-term field validation
and cost-related evidence. These gaps should not be interpreted as confirmed weaknesses
of individual systems. Rather, they show that current studies still report agent capabilities
in uneven ways.

Table 5. Comparative capability profile of representative agricultural intelligent agents.

Representative System GT EG TV MS WR MA PV
ShizishanGPT [17] P D P NE NE NA NE
Farmer.Chat [15] P P NE NE NE NA P
AgriRegion [59] NE D NE NA P NA NE
AgroAskAlI [44] D D P P P D P
PhenoAssistant [43] D P D P P D P
Chat Demeter [67] P P P NE P D NE
AgriDoctor [68] P D P NE P NA NE
Orchestrator-Agent Trust [69] P P P NE D P NE
CottonBot [18] P D D NE P NA P
Agentic Al-driven DSS [75] D P P NE NE NA NE
AgriWorld [19] D D D NE D NA P
LLM-orchestrated digital twins [81] D D D NE D NA P
Meta Ag 2.0 [87] P D D D P NA P
As You Wish [91] D P D NE D NA P

Notes: GT = goal and task representation; EG = context construction and agronomic evidence
grounding; TV = tool and parameter validity; MS = memory and state consistency; WR = workflow
reliability and constraint satisfaction; MA = multi-agent coordination; PV = practical validation,
including field or user validation, deployment-related evidence, latency or cost reporting, human
intervention, and validation against agronomic or operational outcomes. D = demonstrated with
reported evidence; P = partially demonstrated or indirectly supported; NE = not evaluated or
not reported; NA = not applicable. NE does not indicate poor performance. DSS = decision-
support system.

The MA column should be interpreted cautiously. It records whether the original
study reports multi-agent coordination, role specialization, or collaborative workflow
organization; it does not indicate that the multi-agent design has been proven superior to
a comparable single-agent design. Among the reviewed systems, AgroAskAl provides
comparative evidence against ChatGPT (GPT-5.1) and CROPWAT 8.0 and includes an
evaluation of its Reviewer Agent, but this still does not amount to a complete cost-adjusted
comparison with a matched single-agent architecture. For PhenoAssistant, Chat Demeter,
and Orchestrator-Agent Trust, the available evidence mainly supports the feasibility of role
specialization, workflow organization, or trust-aware orchestration, while matched single-
agent baselines, additional model calls, communication overhead, latency, and correlated
hallucinations are rarely quantified in a systematic manner. Therefore, current evidence is
insufficient to claim that multi-agent systems are generally superior to single-agent systems
after cost and reliability trade-offs are considered.

Overall, the comparative assessment suggests that current agricultural intelligent
agents remain uneven in agentic maturity and deployment readiness. Some systems mainly
strengthen knowledge access and contextual response generation; some organize multi-
modal diagnosis or phenotyping workflows; and a smaller number incorporate executable
tools, simulation, digital twins, or formal verification. The development of agricultural
intelligent agents should therefore be evaluated less by the presence of an LLM or the num-
ber of covered scenarios, and more by evidence reported in the original studies regarding
task decomposition, agronomic evidence applicability, tool validity, workflow reliability,
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memory consistency, multi-agent coordination, practical validation, and validation against
agricultural outcomes.

5. Challenges of Agricultural Intelligent Agents in
Agricultural Applications

Agricultural intelligent agents are pushing smart agriculture beyond isolated model
applications toward system-level frameworks that integrate knowledge organization, tool
coordination, task planning, and process-oriented decision-making. However, most ex-
isting agricultural intelligent agents remain at the stages of methodological exploration,
prototype development, or validation in limited scenarios, and a substantial gap still exists
before they can achieve long-term, stable, trustworthy, and scalable application in real
agricultural environments. Compared with general-purpose agents, agricultural intelligent
agents must cope not only with inherent risks of large language models, such as hallu-
cination, tool failure, and multi-agent coordination errors, but also with domain-specific
challenges, including highly contextualized agricultural knowledge, dynamic production
environments, real-world consequences of physical operations, and heterogeneous de-
ployment conditions. Against this background, this section discusses six key challenges:
agricultural knowledge trustworthiness and contextual adaptation; coupling of multi-
source data, toolchains, and physical environments; reliability and verifiability of long task
chains; multi-agent collaboration failures and human-agent coordination; security risks
in agricultural agent systems; and economic feasibility, scalability, and integration with

existing agricultural information systems.

The six major deployment challenges and their effects across agricultural task-chain

stages are summarized in Table 6.

Table 6. Major deployment challenges of agricultural intelligent agents.

Challenge Dimension

Core Problem

Typical Manifestation in Agriculture

Affected Task-Chain Stage

Knowledge
trustworthiness and
contextual adaptation

Context-dependent agronomic
knowledge across regions,
crops, growth stages,

and production systems

Contextual hallucination, outdated

knowledge, regionally unsuitable

advice, and weak minor-crop coverage

Knowledge services, advisory
support, diagnosis, and decision
support

Multi-source data,
toolchains, and physical-
environment coupling

Heterogeneous data, tools,
interfaces, devices, and field
conditions

Inconsistent sensor data, mismatched
remote-sensing inputs, unstable API

calls, weak interoperability,
and infeasible plans

Data access, tool use, resource
management, and operational
planning

Reliability and
verifiability of long task
chains

Error accumulation across
retrieval, tool use, reasoning,
recommendation,

and feedback

Plausible but unreliable outputs,
subgoal deviation, unstable
long-horizon execution, and weak
process evaluation

Multi-step reasoning, diagnosis
chains, decision workflows,
and controlled execution

Multi-agent collaboration
and human-agent
coordination

Unclear role boundaries,
shared states, handoffs,
and human oversight

Error propagation, redundant or
inconsistent outputs, unclear
responsibility, and weak human
review

Multi-agent advisory systems,
diagnostic cooperation,
workflow orchestration,

and farm-level management

Security risks in
agricultural agent
systems

Expanded attack surface from
tools, retrieval, memory,
external content,

and cyber-physical links

Prompt injection, memory poisoning,
tool hijacking, unauthorized access,

contaminated records,
and cyber-physical risks

Retrieval, memory, tool use,
farm databases, external
platforms,

and equipment-related
workflows

Economic feasibility,
scalability,

and information-system
integration

Cost, scalability,
and compatibility constraints
in real deployment

High inference, sensor, maintenance,

expert-review, training,
and integration costs

Adpvisory services, decision
support, farm recordkeeping,
farm management,

and large-scale deployment
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5.1. Agricultural Knowledge Trustworthiness and Insufficient Contextual Adaptation

The first challenge concerns whether the knowledge foundations of agricultural intelli-
gent agents are trustworthy, applicable, and continuously updated. Agricultural knowledge
is not a unified set of rules that can be directly transferred across regions and crops. Rather,
it is highly dependent on climatic conditions, soil types, cropping systems, growth stages,
input levels, and local management experience. A sowing recommendation, fertilization
scheme, or pest and disease control measure that is valid in one region may become un-
suitable or even misleading when transferred to another. AgriRegion has pointed out the
problem of “contextual hallucination” in agricultural advisory services, which differs from
general factual hallucination: a response may appear scientifically reasonable on the surface,
but lose practical validity because it ignores geographical and production contexts [59].
Agricultural intelligent agents require both knowledge retrieval capabilities and the ability
to judge the applicability boundaries of agricultural knowledge.

This issue is also prominent in multimodal agricultural agents. The study of AgriDoc-
tor shows that, even with the introduction of large language models and vision-language
models, agricultural diagnosis still faces limitations such as insufficient domain-specific
datasets, inadequate domain adaptation, and the difficulty of deeply incorporating agricul-
tural knowledge into the reasoning process [68]. When images, text, and domain knowledge
jointly participate in diagnosis, the system may generate judgments that appear coherent
but lack sufficient agronomic grounding if it cannot distinguish decisive evidence from
auxiliary information, or identify the regional limitations of certain knowledge. Therefore,
grounding in agricultural intelligent agents should not stop at knowledge retrieval. It
should further involve source discrimination, recognition of applicable contexts, and hier-
archical organization of evidence.

More broadly, the limitation is not confined to language-based agricultural knowledge.
Current agricultural intelligent agents also inherit weaknesses from the agricultural data
and perception systems on which they depend. Agricultural benchmarks indicate that exist-
ing large language models still have clear limitations in domain knowledge, understanding,
reasoning, and generation tasks [93]. At the same time, agricultural remote sensing and
mapping remain affected by limited annotated data, regional distribution shifts, and in-
sufficient generalization across production environments [94]. These limitations are not
separate technical problems. Within agent systems, weak domain reasoning, unstable
perception, and poor cross-regional transfer can compound across the task chain. An in-
complete knowledge base may skew problem interpretation, bias in a perception model
may affect crop-state assessment, and limited regional generalization can carry through
to later recommendations. Stronger language models alone will not address this issue;
agricultural intelligent agents also require dependable domain data, robust perception
models, and adaptation mechanisms for regional variation.

The construction of trustworthy agricultural knowledge involves at least three key dif-
ficulties. First, it is necessary to reduce factual errors and contextual mismatches produced
by general-purpose large language models in agricultural domains. Second, structured,
region-specific, and temporally updated agricultural knowledge resources need to be de-
veloped. Third, the reasoning process of agents should explicitly represent the applicability
conditions, uncertainty, and source credibility of knowledge. Existing studies on agent
hallucination have shown that hallucinations may occur not only at the stage of final answer
generation, but also during task planning, tool invocation, and intermediate state judg-
ment [95]. For agricultural intelligent agents, this means that once knowledge reliability
problems occur, they may be amplified along the subsequent task chain and ultimately
affect diagnosis, decision-making, and even execution outcomes.
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Adaptation to different agro-climatic conditions and crop types therefore requires
explicit mechanisms rather than only larger models or broader retrieval corpora. Future
systems should combine region-aware retrieval, crop-specific profiles, growth-stage con-
straints, soil and climate filters, local extension knowledge, and historical farm records
to determine whether a recommendation is applicable to a particular production context.
They should also be able to ask for missing contextual information, such as crop variety,
sowing date, irrigation condition, soil type, recent weather, and disease history, before gen-
erating high-responsibility advice. For cross-regional deployment, feedback from local
agronomists and farmers should be used to update knowledge bases, calibrate decision
rules, and identify cases where a recommendation should be restricted, revised, or escalated
to human experts.

5.2. Difficulties in Coupling Multi-Source Data, Toolchains, and Physical Environments

For agricultural intelligent agents oriented toward complex decision-making, resource
management, and operational coordination, stable collaboration with external resources
such as sensors, remote-sensing platforms, meteorological services, crop models, agricul-
tural machinery, and digital twin systems is a critical prerequisite for real-world deploy-
ment. Studies reviewed in Section 4, including CottonBot, AgriWorld, digital twin-based
decision-support frameworks, and farm-level collaborative management systems, all show
that the capability of agricultural intelligent agents depends heavily on access to external
resources. However, current agricultural information systems still differ substantially in
data formats, interface protocols, semantic representations, and system boundaries, making
it difficult for agents to establish stable and reusable coordination mechanisms across
heterogeneous resources.

The first layer of difficulty comes from the semantic fragmentation of agricultural data.
Field sensors, UAV or satellite images, weather records, machinery operation logs, and farm
management records are usually generated by different systems and at different spatial and
temporal scales. Their meanings are not always directly compatible. A soil-moisture read-
ing, a remote-sensing index, a weather forecast, and a management record may all describe
the same field, but they may refer to different time windows, spatial units, measurement
depths, or management objects. In such cases, data access alone does not guarantee us-
able context. Agricultural agents need to determine whether heterogeneous observations
are comparable, whether their temporal and spatial resolutions are suitable for the task,
and whether the field or crop unit referred to by one data source is consistent with that
used by another. Research on semantic interoperability in smart agriculture has similarly
emphasized the need for metadata, semantic annotation, and standardized descriptions to
support cross-platform data sharing and machine reasoning [96]. Without such a semantic
layer, an agent may appear to reason over multiple data sources while in fact combining
mismatched evidence.

Tool use creates another source of uncertainty for agricultural intelligent agents. In a
typical workflow, an agent has to choose an appropriate tool, prepare the required parame-
ters, interpret the returned results, and decide whether a further action is needed. Each
step depends on details that are easy to overlook. A weather API, for example, must be
queried with an appropriate location and time window; a crop model depends on suitable
soil, cultivar, management, and climate parameters; remote-sensing analysis requires a
consistent field boundary and sensing date; and a digital twin is only meaningful when its
assumptions fit the management scenario being considered. Tool-integrated LLM agents
may fail at any of these points through misunderstanding tool descriptions, constructing
unsuitable parameters, calling tools in an inappropriate order, or misreading returned out-
puts [97]. In agriculture, the consequences are not limited to a poor response, because such
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outputs may later be used as evidence for irrigation, fertilization, disease control, or oper-
ation planning. What matters is therefore not simply whether an agent can access a tool,
but whether it can use that tool within its practical conditions and interpret the result in
the relevant agricultural setting.

The difficulty becomes more pronounced once an agent is linked to the physical en-
vironment. Agricultural fields are open systems, and observations can become outdated
quickly. Crop growth, soil moisture, pest pressure, equipment availability, and weather
may differ by the time a recommendation or operation plan is produced from the conditions
recorded earlier. A plan may appear coherent in language while remaining impractical in
the field because the observations are incomplete, the field state has changed, or assump-
tions about terrain and equipment are wrong. Work on embodied agents has similarly
shown that language-driven planning can fail when task instructions are not sufficiently
aligned with actual environmental states [98]. This concern applies directly to UAV scouting,
machinery scheduling, robotic spraying, and field inspection. For agricultural robotic sys-
tems, this coupling difficulty is also reflected in perception and navigation under open-field
or orchard conditions. Orchard localization, crop-row detection, and obstacle classification
require robust adaptation to dynamic visual scenes, field structures, and misleading envi-
ronmental cues [99-101]. Connecting devices is not enough: agricultural agents also need
to relate natural-language objectives to sensed field conditions, operational constraints,
and actions that can actually be carried out.

Transferability presents a related problem. Many agricultural agent prototypes are
developed around a particular database, AP], toolset, experimental field, or crop scenario.
They may work satisfactorily within that setting, yet become difficult to reuse after changes
of crop type, region, data infrastructure, or farm equipment. This is more than a matter
of engineering convenience, since it determines whether a local prototype can become a
reusable deployment framework. When an agent relies on a customized combination of
data formats, tool interfaces, and task assumptions, its workflow may not remain valid
outside the original environment. Standardized task interfaces, explicit context models,
tool descriptions, and environmental feedback mechanisms are therefore needed alongside
stronger model reasoning capability [96].

5.3. Reliability, Verifiability, and Evaluation of Long Task Chains

Agricultural intelligent agents derive much of their value from advancing tasks across
multiple stages rather than completing one-off knowledge answering or single-point pre-
diction. Agricultural advisory services may involve “problem understanding-knowledge
retrieval-recommendation generation”; resource management may involve “state percep-
tion—tool invocation-scheme formulation”; and operational execution may involve “goal
interpretation—plan generation—constraint checking—feedback refinement”. In such long
task chains, errors at any stage may propagate through subsequent steps and affect the final
judgment. Recent studies on long-horizon agents show that strong performance on short
tasks does not naturally translate into stable reliability in long-duration tasks, and that
success rate, consistency, and robustness may decline as task length and step dependency
increase [102,103]. HORIZON further shows that long-horizon agentic systems are prone to
subgoal deviation, persistence along incorrect trajectories, and instability across steps [103].
Reliability assessment should examine not only whether the final textual output appears
reasonable, but also whether the agent maintains goal consistency, sufficient evidence,
and traceable reasoning throughout the task process.

In parallel with long-chain reliability problems, current agricultural evaluation sys-
tems still exhibit clear gaps. Existing benchmarks have made progress in evaluating the
local capabilities of agricultural large models and multimodal models. AgriEval evalu-
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ates agricultural knowledge capabilities in terms of memory, understanding, reasoning,
and generation [93]; AgReason assesses contextualized agricultural reasoning [104]; and
AgMMU focuses on agricultural multimodal understanding and reasoning [105]. However,
these benchmarks mainly evaluate knowledge question answering, agricultural reasoning,
or multimodal understanding, rather than the process-level reliability of complete agent
workflows. In other words, current evaluations have begun to examine whether models
possess agricultural knowledge and reasoning ability, but remain insufficient for deter-
mining whether agents can stably complete full task chains involving retrieval, tool use,
scheme generation, and feedback-based refinement.

Consistent with the capability and evidence gaps identified in Section 4.5, agricultural
intelligent agents cannot be evaluated by simply extending conventional model bench-
marks. A benchmark that measures whether a model answers agricultural questions
correctly is useful, but it does not reveal whether an agent can select the right tool, in-
terpret tool outputs correctly, maintain a consistent task state, or stop when evidence is
insufficient. Recent reviews of LLM-agent evaluation have argued that planning, tool use,
memory, robustness, safety, and cost should be assessed through more fine-grained and
process-oriented methods [106]. In agricultural scenarios, these dimensions require further
domain adaptation. Evaluation should ask whether the system identifies the agricultural
objective accurately, whether the evidence it retrieves is applicable to the target crop and
region, whether tool calls satisfy agronomic assumptions, whether intermediate conclu-
sions remain consistent, and whether the system exposes uncertainty before producing a
management suggestion. The evaluation object should therefore include task trajectories,
evidence chains, tool behaviors, constraint compliance, and failure-handling processes,
rather than only final textual outputs.

In agriculture, the consequences of a recommendation often emerge later and are
influenced by conditions that cannot be fully controlled. An irrigation recommendation
may appear appropriate when issued, but its value must eventually be judged against
subsequent weather, soil response, and crop water status. A fertilization plan likewise
needs to be considered in relation to yield response, nutrient loss, cost, and environmen-
tal constraints, while disease-control advice may become excessive or inadequate when
infection pressure changes. For high-risk tasks, agent outputs should not move directly
from generation to recommendation or execution. The digital twin-based decision-support
framework and formal mission-planning studies discussed in Section 4 point to simulation,
rule checking, or formal constraints as ways to examine candidate schemes before practical
use [81,91]. The relevant question is not simply whether an agent returns a complete answer,
but whether its reasoning path, tool use, assumptions, and constraints can be inspected
before a decision affects production. Otherwise, an agricultural intelligent agent may
appear convincing at the interface while remaining unreliable for decision support.

5.4. Multi-Agent Collaboration and Human—in—the—Loop Coordination

Multi-agent collaboration is widely regarded as an important pathway for improving
the ability of agents to handle complex tasks, but it does not inherently guarantee higher
reliability. Compared with a single-agent system, a multi-agent system must addition-
ally address role assignment, information transmission, state sharing, result verification,
and task termination. If these mechanisms are insufficiently designed, collaboration itself
may become a new source of errors. A systematic analysis of mainstream multi-agent frame-
works shows that common failure modes are mainly associated with insufficient system
specification and role definition, misalignment in goal understanding or information trans-
fer among agents, and the absence of effective verification and termination mechanisms [39].
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Performance improvement in multi-agent systems depends less on increasing the number
of agents than on clearly constrained and effectively verified collaboration mechanisms.

This problem is amplified in agricultural intelligent agents because agricultural tasks
often depend on sequential handoffs among knowledge retrieval, diagnosis, resource
decision-making, and action recommendation. A failure at one stage may not appear as an
obvious error; it may instead enter the next stage as an apparently valid premise. For in-
stance, contextually unsuitable agronomic knowledge may be accepted by a diagnostic
agent, converted into a management suggestion by a decision agent, and only become
visible as a problem when the recommendation is applied under real field conditions.
The risk therefore lies not only in whether each agent performs its assigned role, but also in
whether assumptions, uncertainty, evidence sources, and task states are preserved during
inter-agent transfer.

For this reason, agricultural multi-agent systems require more than role specialization.
They need explicit handoff protocols, shared state representations, confidence or evidence
records, and escalation rules for cases in which evidence is incomplete or consequences
are high. Human participation should also be treated as part of the system design rather
than as a post hoc safety measure. Agronomists, farm managers, and farmers may need to
intervene when recommendations involve costly inputs, pesticide use, machinery opera-
tions, or uncertain field observations. In such cases, the key design question is not how to
maximize agent autonomy, but where human judgment should enter the workflow, what
information should be exposed for review, and how responsibility is assigned when an
agent-generated recommendation is accepted, revised, or rejected.

5.5. Security Risks in Agricultural Agent Systems

Security should be treated as a separate deployment challenge for agricultural intelli-
gent agents, rather than as a minor extension of hallucination or model accuracy. The reason
is that agent systems do not only generate textual advice. Once they are connected to re-
trieval systems, farm databases, sensor interfaces, weather services, crop models, machinery
platforms, or digital twins, they begin to operate across multiple trust boundaries. A mis-
leading answer may affect a user’s judgment, but a compromised tool call, poisoned
memory, or unauthorized database action may alter the information basis on which later
agricultural decisions are made. This difference is important: security risks in agricul-
tural agents arise from the combination of generative reasoning, external content, tool
permissions, persistent memory, and agricultural digital infrastructure.

One important source of risk is external content. Tool-augmented agents often read
web pages, retrieved documents, policy materials, pest and disease knowledge bases,
database outputs, or responses returned by third-party tools. These materials may look like
ordinary task evidence, but they may also contain instructions or misleading information
that the agent should not follow. InjecAgent shows that indirect prompt injection can hide
malicious instructions in external content read by tool-integrated agents, leading them
to take actions that deviate from the original user intent [107]. AgentDojo further shows
that tool-use agents remain vulnerable when task-relevant data and untrusted content are
mixed in the same environment [108]. In agriculture, this risk is not limited to open-web
retrieval. It may also appear when agents read extension documents, pesticide-use informa-
tion, farm service outputs, input-market records, or locally maintained knowledge bases.
The security problem, therefore, is not simply whether retrieved information is factually
correct, but whether the agent can distinguish evidence to be used from instructions that
should be ignored.

Tool use introduces a second trust boundary. Agricultural agents for irrigation, fertil-
ization, disease diagnosis, recordkeeping, or operation planning may need to call weather
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APIs, crop models, remote-sensing tools, farm databases, or equipment-related services.
Even without malicious attacks, tool-integrated agents can be unstable in tool selection,
parameter construction, invocation order, and interpretation of returned results [97]. Un-
der unclear permissions or partly trusted environments, these routine tool-use failures can
become security concerns rather than isolated execution mistakes. A weather API queried
with an unsuitable time window may distort irrigation advice; an inappropriate crop-model
configuration may affect yield-related reasoning; and a remote-sensing tool applied to the
wrong field boundary may return misleading evidence about field conditions. When such
errors occur alongside contaminated external content, excessive permissions, or weak
parameter validation, their effects can extend beyond the local task. Agricultural agents
therefore require bounded tool permissions, parameter checks, validation of returned
outputs, and mechanisms that prevent a failed call from affecting the rest of the workflow.

Persistent memory and RAG-based knowledge repositories introduce a related risk
because incorrect or malicious information may remain available after the original interac-
tion has ended. This is relevant to agents that support cross-stage consultation, farm record
tracking, personalized advisory services, or the reuse of historical management experience.
AgentPoison shows that long-term memory or knowledge bases can be poisoned to trigger
malicious or biased agent behavior without necessarily reducing performance on ordinary
tasks [109]. Agent Security Bench also evaluates prompt injection, memory poisoning, tool
attacks, and backdoor attacks across system prompts, user inputs, tool use, and memory
retrieval [110]. In agricultural settings, farm records, disease-control cases, local agronomic
knowledge, and historical management decisions may be consulted repeatedly. If these
sources are corrupted, the same distorted information can reappear in later irrigation,
fertilization, crop-protection, or farm-management analyses, sometimes without being
obvious in a single interaction.

Integration with IoT-enabled precision agriculture systems and cyber—physical in-
frastructures raises the stakes further. Precision agriculture relies on sensor networks,
remote-control devices, machinery terminals, cloud platforms, and farm management
databases, while threat modeling for IoT-enabled precision agriculture has identified spoof-
ing, data tampering, information disclosure, denial of service, and privilege escalation
as relevant risks [111]. When an agricultural agent coordinates these resources, manipu-
lated sensor values or poorly controlled access privileges may affect resource allocation,
operation planning, and management records, rather than only the wording of a recom-
mendation. Contaminated soil-moisture readings may bias irrigation decisions, altered
disease-monitoring records may affect crop-protection strategies, and unauthorized access
to farm databases or equipment interfaces may expose operational information. Agricul-
tural agent security is therefore tied to both data governance and cyber-physical operation,
not only to LLM safety.

Security failures may also spread along the task chain. A compromised retrieval
result can influence later tool selection, poisoned memory may remain inactive until a
later crop stage, and an unnecessary permission can allow a local error to reach several
databases or services. Looking only at the final answer is unlikely to reveal such failures.
Source credibility, retrieval filtering, tool-call boundaries, memory-writing rules, access
permissions, and audit trails need to be considered together at the workflow level. Ex-
isting agent-security studies also suggest that stronger defenses can reduce task utility
or workflow flexibility [110]. This trade-off is particularly relevant in agriculture, where
systems still need to remain usable for farmers, agronomists, and farm managers under
time-sensitive conditions.

Security controls should therefore be built into agricultural agent systems rather than
added after deployment. External information needs to be handled separately from exe-
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cutable instructions, with its provenance retained where possible. Tool calls should operate
under explicit permission scopes and validated parameters, while long-term memory and
RAG repositories require controlled updates and periodic checking. Human confirmation
and rollback mechanisms are especially important when an agent may influence pesticide
use, irrigation adjustment, machinery operation, or farm-data modification. Security evalu-
ation should also follow complete task trajectories rather than isolated outputs. Reliable
deployment will depend on whether retrieval, memory, tool use, permissions, and human
oversight are controlled together within the agricultural workflow.

5.6. Economic Feasibility, Scalability, and Integration with Agricultural Information Systems

Economic feasibility is a central condition for moving agricultural intelligent agents
from prototypes to real production. The cost of implementation is not limited to model infer-
ence or API calls. It also includes sensors, network connectivity, data cleaning, knowledge-
base maintenance, tool-interface development, model updating, farmer training, expert
review, and long-term technical support. These costs may be acceptable for high-value
crops, research farms, or large commercial farms, but may become prohibitive for small-
holders or regions with weak digital infrastructure. Therefore, the economic value of
agricultural intelligent agents should be evaluated not only by whether they improve
response quality or automate a workflow, but also by whether they reduce decision delay,
lower labor requirements, improve input efficiency, or support better production outcomes
over a complete agricultural cycle.

Existing studies provide some practical-facing examples, but the evidence remains
uneven. Farmer.Chat represents one of the clearest examples of real-world deployment in
agricultural advisory services, showing how generative Al can be used to scale localized
support for smallholder farmers. CottonBot demonstrates the potential of connecting
LLM-RAG and agentic tools with soil-moisture sensors and weather APIs for field-specific
irrigation advice, but it should still be regarded as a field-data-connected prototype rather
than evidence of full on-farm deployment. Meta Ag 2.0 illustrates how agentic Al can
support farm recordkeeping by connecting user interaction, private databases, contextual
questioning, input validation, and record writing. These examples indicate practical poten-
tial, but they also show that successful deployment requires more than technical feasibility.
Evidence on cost-effectiveness, long-term user retention, maintenance burden, agronomic
outcome improvement, and scalability across regions and farm types remains limited.

Scalability should also be considered at multiple levels. At the user level, agents
must support farmers, agronomists, extension workers, and farm managers with different
expertise, languages, and digital access conditions. At the farm level, the system must adapt
to different field sizes, crop types, machinery configurations, and management practices.
At the regional level, it must cope with differences in climate, soil, pest pressure, policies,
and advisory infrastructures. At the platform level, it must integrate with existing farm
management information systems, sensor platforms, remote-sensing services, machinery
terminals, digital twins, and agricultural databases. If each agent is tightly coupled to a
customized toolset or local data format, scaling will require repeated engineering work
and will be difficult to sustain. Future agricultural intelligent agents should therefore be
designed with modular architectures, standardized interfaces, configurable knowledge
bases, and human-review mechanisms that support gradual deployment rather than one-
off demonstrations.

6. Future Directions

The reviewed studies suggest that agricultural intelligent agents are developing
unevenly across knowledge services, crop-state understanding, resource management,
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and farm-level coordination. Advisory and diagnostic systems have begun to show prac-
tical value, but many still depend on limited context modeling, fragmented data access,
and weak process-level verification. More advanced frameworks involving tool execution,
digital twins, formal verification, or farm-level workflows indicate possible routes toward
deployable systems, yet these routes remain technically demanding and insufficiently vali-
dated across crops, regions, and production cycles. Future research should therefore focus
less on adding more agent functions in isolation and more on improving the conditions
under which agents can understand agricultural contexts, integrate heterogeneous data
and tools, and execute task chains in a reliable and inspectable manner. Three directions
are particularly important.

6.1. Developing Multimodal and Context-Aware Agricultural Intelligent Agents

Multimodality should be a central direction for agricultural intelligent agents, but it
should not be reduced to the simple addition of image, speech, remote-sensing, or sensor
inputs. Agricultural problems usually appear as incomplete and heterogeneous evidence
rather than as well-formed textual tasks. A farmer may describe leaf symptoms orally
while uploading a field image; a regional manager may need to combine remote-sensing
observations with recent weather anomalies; and a farm decision may depend on sensor
readings, crop stage, historical operations, and local management rules. In such situations,
the agent must determine how different forms of evidence relate to the same agricultural
object, whether they refer to the same time and spatial scale, and which contextual factors
are necessary before a judgment can be made. If multimodal inputs are only concatenated
without agricultural context modeling, the system may become more information-rich but
not necessarily more reliable.

Existing studies have begun to demonstrate the potential of multimodal agricultural
agents. AgriDoctor integrates image recognition, object detection, knowledge retrieval,
and large language model reasoning within a unified diagnostic framework, promoting
agricultural diagnosis from single visual classification toward multimodal reasoning [68].
MAS3 further proposes a multimodal agricultural agent architecture that incorporates
classification, detection, visual question answering, tool selection, and agent evaluation
into a unified framework [112]. Meanwhile, AgriGPT-Omni attempts to unify speech,
vision, and text inputs, and constructs multilingual agricultural speech data and a trimodal
evaluation benchmark, indicating that future agricultural agents should be able not only
to “see” crops, but also to “listen to” farmers and understand multilingual production
contexts [113].

Recent progress in generative perception and annotation workflows further extends
this discussion. Rana et al. proposed a generative semantic reconstruction workflow
for spectrally heterogeneous rangeland imagery, combining prompt-constrained recon-
struction, ResNet101-based scene parsing, exclusion-mask generation, vegetation-prior
refinement, and SAM-based final object-mask generation to produce annotation-ready
vegetation priors. The study also showed that generated data may introduce domain
shifts, suggesting that generated visual evidence should not be accepted into downstream
analysis only because it is visually clearer or easier to annotate. This work should not be
regarded as an agricultural intelligent agent system itself. Rather, it provides an enabling
perception and annotation workflow for future multimodal agricultural agents, and it
illustrates why generated visual evidence should be examined for semantic preservation,
architecture-dependent effects, and downstream reliability before being incorporated into
agent reasoning [114].

Therefore, the multimodal development of agricultural intelligent agents should not
be understood simply as the addition of more input modalities. Rather, it should support
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context-aware agricultural cognition by coordinating multimodal perception models, gen-
erative foundation models, region-specific knowledge retrieval, agricultural knowledge
graphs, and verification mechanisms. In this way, agents can establish a continuous chain
among observing agricultural objects, understanding user expressions, locating applica-
ble knowledge, assessing the reliability of multimodal evidence, and forming context-
aware judgments, thereby evolving from language-centered systems toward scenario-
aware systems.

6.2. Toward Data-Integrated Agricultural Decision-Making and Collaborative
Management Systems

The further development of agricultural intelligent agents depends not only on ad-
vances in model reasoning and task execution mechanisms, but also on whether agricultural
data infrastructures can achieve a higher level of integration and organization. In real-world
agricultural scenarios, information is often distributed across remote-sensing imagery, field
sensors, meteorological services, soil attributes, operation records, geospatial data, and farm
management platforms, with substantial differences in temporal scale, spatial resolution,
sampling frequency, and semantic representation. Without stable data fusion mechanisms,
even agents with strong language understanding and tool-use capabilities may only switch
passively among local data sources, rather than form a holistic understanding of agricul-
tural contexts. Conventional crop-monitoring studies have already shown this requirement
at the feature level; for example, UAV-based LAI estimation can depend on the fusion
of multispectral, spatial, and vegetation-index information rather than on a single image
source [115]. Future research should promote the transition of multi-source heterogeneous
agricultural data from isolated coexistence to coordinated representation.

A prerequisite for this transition is the standardization and unification of agricultural
data. Agricultural data are often recorded using different units, naming conventions,
spatial references, temporal intervals, crop-stage definitions, and management vocabular-
ies. For example, the same field operation may be described differently in farm records,
machinery logs, extension documents, and sensor platforms. Without unified metadata
and semantic descriptions, agricultural agents may retrieve or combine data that appear
relevant but actually refer to different spatial units, time windows, crop varieties, or man-
agement conditions. Future data foundations should therefore standardize core agricultural
entities, including field boundaries, crop species and varieties, growth stages, soil attributes,
weather records, sensor observations, input applications, machinery operations, and man-
agement events. Such standardization should also include data quality labels, provenance
records, uncertainty descriptions, and access permissions, so that agents can judge not only
what a data item says, but also whether it is reliable and usable for a specific task.

In addition to unified data descriptions, agricultural intelligent agents require unified
data exchange protocols between different systems and platforms. Future systems should
support machine-readable interfaces through which agents can query, update, and verify in-
formation across farm management information systems, sensor networks, remote-sensing
platforms, agricultural machinery terminals, digital twins, and advisory databases. These
protocols should define common data schemas, metadata vocabularies, tool descriptions,
authentication rules, permission scopes, logging mechanisms, and error-handling proce-
dures. For agent systems, the purpose of data exchange protocols is not only to move data
across platforms, but also to make tool calls traceable, parameter use checkable, and data
flows auditable. Without such protocols, agricultural agents may remain dependent on
customized connectors and local engineering work, which would limit their scalability and
weaken their reliability in multi-platform production environments.

Existing studies have begun to demonstrate the potential of this direction. Farm-
LightSeek incorporates multi-source data, including images, weather information, and geo-
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graphic information, into an edge-side agricultural analysis framework, exploring cross-
modal monitoring and low-latency decision-making under resource-constrained condi-
tions [116]. UniCrop, oriented toward crop yield prediction, automatically performs the
acquisition, cleaning, alignment, and feature construction of multi-source environmental
data, including satellite, meteorological, soil, and topographic information [117]. The bottle-
neck of intelligent agricultural analysis lies not only in the model itself, but also in whether a
reusable and scalable data engineering pipeline can be established. Meanwhile, research on
multimodal foundation models for remote sensing suggests that agricultural and geospatial
tasks are shifting from single-image interpretation toward joint modeling of optical imagery,
radar, LiDAR, text, and geographic information, although data alignment, cross-modal
transfer, and large-scale deployment remain key challenges [118]. These advances indicate
that future agricultural intelligent agents require not simply more data, but an integrated
agricultural data foundation capable of supporting comprehensive reasoning.

To achieve this goal, future research may further develop data fusion frameworks
specifically designed for agricultural intelligent agents, with a focus on spatiotemporal
alignment, semantic unification, quality control, provenance tracking, and interface stan-
dardization of multi-source data. Such frameworks should provide agents with organized
representations of agricultural states, enabling more robust analysis of crop growth, environ-
mental change, resource allocation, and risk assessment. As multi-source agricultural data
evolve into a shared, computable, and callable foundation, agricultural intelligent agents are
expected to move beyond isolated tools and local observations toward continuous judgment
and context-aware decision-making in complex agricultural information environments.

6.3. Building Reliable Harnesses for Agricultural Intelligent Agents

Model scaling and additional modules alone are insufficient for reliable agricultural
agent deployment. Greater attention should be paid to harness engineering that supports
their stable operation. Many existing agricultural agent systems are still constructed in
a compositional manner, typically combining a foundation model, a retrieval module,
and several external tools. Although such systems can demonstrate functionality in specific
tasks, they often expose limitations in cross-tool workflows, multi-stage processes, long
task chains, and high-responsibility scenarios, including insufficient state maintenance,
unstable tool invocation, limited error recovery, and unclear safety boundaries. Recent
agent research suggests that practical agent capabilities increasingly depend on the or-
ganization of capabilities outside the model itself, including memory, skills, interaction
protocols, and the harness constructed around the execution process [119].

For agricultural intelligent agents, the role of a harness is to elevate complex agricul-
tural tasks from local tool invocation to observable, constrained, and recoverable process
execution. Future agricultural agents may construct a unified harness layer around knowl-
edge bases, remote-sensing analysis services, weather interfaces, crop models, digital twin
modules, databases, and equipment-control interfaces. This layer should support context
management, tool registration, invocation permissions, parameter validation, intermediate-
evidence preservation, failure retry, exception rollback, and human takeover. AutoHarness
shows that a well-designed harness can prevent agents from performing explicitly pro-
hibited behaviors in the execution environment by automatically generating code-level
constraints, thereby reducing prohibited actions [120]. SafeHarness further incorporates
input filtering, hierarchical verification, tool-permission isolation, and state rollback into
the agent lifecycle, providing a system-level safety perspective for high-risk deployment
scenarios [121].

This direction is particularly important for agriculture because agricultural tasks often
depend on multi-source data, involve substantial real-world consequences, and have long
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feedback cycles. Future agricultural intelligent agents should develop harness-centered
operational architectures and integrate them with digital twins, formal constraints, and in-
termediate verification mechanisms, thereby establishing a closed-loop task execution
process of “goal understanding-resource invocation-evidence generation-scheme verifi-
cation—controlled output”. In this way, the development focus of agricultural intelligent
agents will shift from whether the model is sufficiently intelligent to whether the system is
sufficiently reliable for real-world agricultural production environments.

Responsible deployment also requires explicit attention to ethical and governance
issues. In agriculture, ethical risks are not limited to general concerns about algorithmic
bias or privacy. They also involve farmer data ownership, informed consent for data reuse,
responsibility for agronomic recommendations, unequal access to digital services, and the
consequences of automated advice on pesticide use, irrigation, machinery operations,
or input purchasing. Agricultural intelligent agents should therefore expose evidence
sources, uncertainty, and decision constraints in forms that farmers and agronomists
can inspect. Human authorization should be required for high-cost or safety-sensitive
actions, and users should have mechanisms to contest, revise, or roll back agent-generated
recommendations or records. Ethical governance should be treated as part of system
architecture rather than as an external policy layer added after deployment.

7. Conclusions

This review examined agricultural intelligent agents as an emerging system-level
paradigm in smart agriculture. The focus was not on all agricultural applications that
use large language models, but on systems that connect foundation-model reasoning
with agricultural tasks, external resources, workflow organization, feedback, or collabo-
rative mechanisms. Under this boundary, agricultural intelligent agents differ from tradi-
tional MAS/ABM, standalone agricultural foundation models, static RAG-based question-
answering systems, and task-specific agricultural Al models. Their defining feature is not
the presence of a language interface, but the ability to organize agricultural knowledge,
dynamic data, analytical tools, and decision processes around task progression.

The studies reviewed in this paper suggest that agricultural intelligent agents are
developing unevenly across application types and maturity dimensions. Knowledge-
service systems are relatively mature as entry-level applications, but many still remain
close to enhanced advisory tools when they lack task tracking, verification, or links to
downstream decisions. Monitoring, diagnosis, and phenotyping systems show stronger
workflow characteristics because they connect perception results with reasoning and un-
certainty assessment. Resource-management and farm-level systems face a higher bar,
since their outputs may affect irrigation, fertilization, crop protection, records, devices,
or operational plans. The comparative assessment in this review further shows that exist-
ing studies differ substantially in the extent to which they evaluate task decomposition,
tool-use validity, workflow reliability, memory consistency, multi-agent coordination, prac-
tical validation, deployment cost, and operational outcomes. For this reason, agricultural
intelligent agents should be judged less by whether they use LLMs and more by whether
they provide evidence for tool-grounded reasoning, task-chain control, process verification,
and deployment readiness.

The main constraints are not isolated technical defects. Agricultural knowledge is
highly context-dependent, and recommendations that appear scientifically reasonable may
still fail under specific regional, crop-stage, or management conditions. Heterogeneous
sensors, remote-sensing products, crop models, APIs, farm records, and equipment inter-
faces also make it difficult for agents to build a stable task context. In longer workflows,
small errors in retrieval, tool invocation, intermediate reasoning, or inter-agent handoff
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may be carried forward before they become visible. When memory, databases, external
platforms, or equipment-related interfaces are involved, reliability further intersects with
data governance, permission control, security, and cyber—physical safety.

Future research should move from capability demonstration toward dependable sys-
tem construction. Larger models and more modules may improve local performance,
but they cannot replace context modeling, economic feasibility analysis, scalable deploy-
ment design, standardized data and tool interfaces, unified data exchange protocols,
process-level evaluation, reliable harnesses, evidence preservation, ethical governance,
human review, and rollback mechanisms for high-risk actions. The value of agricultural
intelligent agents will depend on whether their evidence sources, tool calls, assumptions,
uncertainty, and decision constraints remain inspectable before outputs are used in pro-
duction. At present, most systems are still exploratory architectures rather than mature
deployment solutions; their next test is whether they can remain reliable, safe, and trans-
parent under changing field conditions and incomplete information.
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