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ABSTRACT

This article reviews recent developments in multi-modal large language models and agentic architectures for agricultural
decision support. Forty-five representative studies published between 2023 and 2026 were selected across perception, language,
orchestration, soil intelligence and governance, organised under a four-layer taxonomy, and classified against nine functional
capabilities using a stated, reproducible procedure. The comparative analysis exposes a pronounced imbalance. Crop and disease
perception is covered by 36 per cent of the selected studies, while dose-bearing prescription appears in 7 per cent, profit-aware
recommendation in 4 per cent, and persistent per-field memory in a single study. Advisory tools in this literature therefore remain
unable to exchange state: image-based scanners are rarely conditioned on measured soil chemistry, and crop-recommendation
models optimise agronomic suitability without reference to farm economics. On this basis the article synthesises a conceptual
reference architecture from the reviewed literature. It is a literature-derived synthesis rather than an implemented system, and
calibrated abstention, evaluation protocols for longitudinal memory, and vernacular voice coverage emerge as the most urgent gaps.

KEYWORDS - Multi-modal large language models; agentic architectures; precision agriculture; smart agriculture; foundation
models; retrieval-augmented generation; crop disease diagnosis; explainable artificial intelligence.

1. INTRODUCTION

In South Asia, agriculture supports the livelihoods of most people, and small and marginal farms dominate the holdings on
which a single season's output determines household income. Three decisions recur: what to plant, how much fertiliser to apply, and
whether a discoloured leaf indicates disease or a nutrient deficiency. They are still made largely on existing practice and retailer
advice, since formal extension is scarce and the soil report a farmer receives is rarely tied to a specific crop programme. For roughly
a decade the computational answer was task-specific deep learning, a body of work now large enough to be studied bibliometrically
in its own right [1]. Such models are efficient where labelled data are plentiful, but each answers only one question, needs a labelled
corpus that is expensive to build in agriculture [2], and breaks when deployment conditions differ from training. Between 2023 and
2026 the substrate changed: large language, vision and multi-modal models brought few-shot generalisation, cross-modal reasoning
and the decomposition of compound requests [3], and a recent systematic review confirmed both their promise and their limited
penetration into agriculture [4]. Two developments matter most: retrieval-augmented generation, which grounds output in an
external curated corpus rather than in parametric memory [5], and agentic orchestration, which composes heterogeneous pipelines
behind one conversational interface, with multi-agent formulations now examined for agricultural workflows [6].

Whether that reaches a farmer is a separate question. Studies on adoption find that connectivity, cost and trust are the binding
rural constraints rather than accuracy, and that digital tools are discarded when infrastructure cannot support them [7], [8].
Agricultural artificial intelligence also carries a distinctive ethical weight, since those affected have little room to absorb its mistakes
[9]. Offline operation, transparency and accountability are therefore functional requirements.

It leaves a particular space that needs to be filled with new reviews. For agricultural use, a survey of large models report
capabilities and compare the performance of large and traditional models [4]; for disease detection, a survey of the perception
accuracy is reported [10], [11]. No one asks what happens between a farmer's observation and what action a farmer takes in the
field, all take as an object of analysis the model of the farmer. None then reports about a quantity of recent systems don't report a
treatment class, economic recommendations or anything that can be retained in a record rich of a field between interactions. This
article is intended to help you set those figures and get a better understanding of what they mean.
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The present review contributes four aspects to the body of the literature on surveys. It sets up a representational collection of
45 documents from 2023 to 2026 and specifies the selection and classifiability in detail. Bathed in a four-layer taxonomy, it poses
questions about similarity of vision, language and agronomy on common grounds. It presents a capability-coverage analysis for 9
dimensions that gives the impression that the field is perception based and turns it into a fact. And it builds from the analysis a
conceptual reference architecture with the accounting requirements needed by the governance community. No new experiments,
new data or new empirical results are reported.

Section 2 introduces the methodology and the survey by taxonomic level, compares existing literature and identifies the gaps.
Section 3 sets out the conceptual architecture and Section 4 the comparative analysis, while Sections 5 and 6 discuss the advantages
and social welfare of the synthesis. Section 7 concludes and Section 8 sets out future directions.

2. LITERATURE SURVEY

2.1 Review methodology and classification procedure

The corpus was compiled based on the terms "large language model,
“agentic model” to form one set of texts; and crop disease, crop phenotyping, soil fertility, fertiliser and crop recommendation and
extension on the other set of texts as search queries were used in Scopus, IEEE Xplore, ScienceDirect, Web of Science and arXiv.
The window is open in January of 2023 as this is when the skills tested in this window did not become available in usable form.
Records were sorted by title and abstract for agricultural relevance and a decision support component (only relevant to title and
abstract) and then by full text for methodological content. Screening applied five criteria. Only records published between January
2023 and the first quarter of 2026 were admitted; venues were restricted to peer-reviewed journals, indexed conference proceedings
and influential archival preprints; the domain had to be agricultural or directly transferable high-stakes decision support; the
contribution had to be a method, system, benchmark, empirical study or methodologically detailed review rather than a position
piece; and where a contribution appeared more than once, only the most complete version was retained.

vision-language model," and “foundation model” with

Each retained source was classified against the nine capabilities reported in Section 4.2. The rule was deliberately conservative:
a capability was credited only where specified in the system description or evaluated in the results, never where it appears solely in
motivation, related work or future work. A study reporting a fertiliser class without a quantity was not credited with prescription;
one caching context within a session was not credited with persistent memory; one noting multilingual potential without an evaluated
speech path was not credited with vernacular interface. Categories are not mutually exclusive, so a source addressing several was
credited for each and the counts do not sum to forty-five. Classification was performed once per source against the full text; the
boundary cases are treated as a threat to validity in Section 4.4.

2.2 Task-specific deep models: the pre-large-model baseline

The preceding paradigm produced highly optimised single-task detectors: citrus fruit detection using global context fusion [12]
and insect detection for field deployment [13] pursue accuracy at low inference cost, while hybrid convolution-transformer designs
extend the line to hyperspectral classification from unmanned aerial platforms [14], showing that transformer components were
absorbed into the specialist tradition rather than displacing it. The same argument underpins agricultural robotics [15], [16], and
related sensing work maps the diagnostic envelope [10], [11].

Compared rather than listed, these divide by what is optimised: [12] and [13] optimise inference cost at fixed accuracy, [10],
[14] and [11] information content at fixed acquisition effort, and [15] and [16] closed-loop latency. None optimises the interpretive
step that follows. Two observations carry forward: specialists remain appropriate where labelled data are plentiful and latency
critical, and sensing modality sets the diagnostic ceiling, since a photograph supports lesion morphology but does not measure soil
chemistry.

2.3 Large vision models and foundation perception

Foundation models altered the labelling economics of agricultural perception. Promptable segmentation showed that one pre-
trained model can segment unseen objects without task-specific training [17]; later work adapted vision foundation models to plant
phenotyping [18]; and a spectral foundation model reported strong reconstruction on agricultural material [19], which matters
because spectral data carry nutrient and stress signal RGB imagery does not.
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Set against Section 2.2, these trade in the opposite direction, buying label efficiency and generalisation at the price of a raised
computational floor. The trade is unresolved in the corpus; what is visible instead is a division of labour, with large models used
offline for annotation and distillation while compact models serve the real-time path. Notably [19] is the only selected source
bringing foundation-scale modelling to a modality carrying direct nutrient signal, leaving the soil side conspicuously under-served.

2.4 Language models for agricultural text and decision tasks

Language-model work began with text and moved toward decision support: cross-linguistic classification of agricultural text
using a general conversational model achieved competitive performance without task-specific training [20]; unsupervised named-
entity recognition addressed extraction of structure from unstructured advisory text [21]; and language models have contributed to
engineering itself, including agricultural robotic design [22].

These differ in where the model sits. In [20] it replaces a trained classifier, in [21] it supports an extraction pipeline, in [22] it
advises a human designer, so delegated authority rises across them with no corresponding increase in verification. Domain
specialisation is the recurring finding, corroborated externally in medicine, where a domain-adapted model outperformed
substantially larger general models [23]. The limitation is simple: a language model reasoning over text cannot see a leaf.

2.5 Multi-modal models for crop diagnosis

Multi-modal models close that gap and form the densest region of the corpus. A survey frames the architecture in which a
language model coordinates encoders for other modalities [24], and visual instruction tuning established how such models acquire
instruction-following behaviour over images [25]. In agriculture, an image-text-label formulation for cucumber disease recognition
showed that combining visual with textual and categorical supervision materially improves recognition under small-sample
conditions [26] — the standard condition in agricultural datasets.

The agricultural instantiations are best read against one another. The wheat work [27] prioritises robustness to uncontrolled
acquisition and the tomato work [28] segmentation precision under a fused language-vision objective, while the potato work [29]
carries the pipeline past identification into preventive advice, making it one of the few reviewed systems whose deliverable is a
recommendation rather than a label. AgroGPT [30] instead expert-tunes a compact model, addressing the deployment cost [17] and
[19] incur. Evaluation infrastructure has begun to follow [31], and exploratory work extends multi-modal reasoning into breeding
[32].

What none of these share is conditioning. The visual model almost always interprets an image in isolation, without measured
properties of the soil the plant grows in; only [29] moves toward the prescriptive step, and without a soil profile. This matters,
because nutrient-deficiency symptoms and early fungal infections are visually adjacent, yet the correct response to one is a soil
amendment and to the other a fungicide. The subsection therefore shows strong image understanding, improving field realism, weak
prescriptive depth and no persistence.

2.6 Soil, nutrient and recommendation intelligence

Soil work is methodologically distinct from the vision work. Explainable machine learning has been applied to predicting soil
nitrogen, phosphorus and potassium, with attribution exposing which inputs drive each prediction [33]; internet-of-things
instrumentation has been combined with learned models for real-time crop prediction from soil and weather data [34]; generative
augmentation with interpretable modelling has served yield prediction under scarce data [35]; and time-series foundation models
have been evaluated for soil-moisture forecasting [36]. Economic modelling appears rarely, forecasting of collective agricultural
economic development [37] being among the few contributions treating farm economics as a target.

Compared with Sections 2.3 and 2.5, this literature is more disciplined about interpretability, since [33] and [35] report
attribution as a first-class output where almost no reviewed vision study does, and about temporality, since [34] and [36] treat soil
state as evolving. Against that, it is almost disconnected from the imagery literature: very few contributions fuse a soil profile with
a crop image, and crop-suitability systems ignore input cost, market price and the previous season's crop. A recommendation can
therefore be agronomically defensible and economically uninformative at once.
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2.7 Agentic orchestration, retrieval grounding and tool use

The orchestration literature supplies the mechanism by which the preceding fragments might be joined. A framework in which
a language model plans a task, selects specialised models and composes their outputs established the coordinating role such a model
can occupy [38], while retrieval-augmented generation ties the resulting narration to a verifiable corpus [5]. Agricultural
instantiations have begun to appear: a multi-modal agent for plant disease diagnosis [39], and a review of multi-agent formulations
decomposing long agricultural workflows [6].

The general and agricultural cases differ instructively. The general framework [38] assumes a rich registry of interchangeable
models, the agricultural agent [39] a narrow inventory, and the multi-agent review [6] largely describes prospective rather than
evaluated configurations. Across all three, persistence of state between sessions is seldom examined, and where a quantity is
computed the arithmetic is typically performed by the language model rather than an auditable procedure. Where a mis-stated
fertiliser quantity carries direct financial and environmental cost that is hard to defend, and Section 3 treats it as a synthesis
constraint.

2.8 Vernacular and voice-first interaction

Interface work is thinly represented but consequential. Large-scale weakly supervised training produced robust multilingual
speech recognition generalising across languages and acoustic conditions without dataset-specific fine-tuning [40], making a voice-
first advisory interface practical where it previously was not, while the adoption literature identifies barriers of usability and trust
as much as infrastructure [7], [8]. Yet only two selected sources treat vernacular or voice interaction as a functional requirement of
the diagnostic path rather than an accessibility addendum — a striking imbalance, given that the enabling capability was available
throughout the review window.

2.9 Responsible deployment, ethics and governance

Governance is comparatively well developed in the corpus, which is itself a finding. Work on responsible plant-science artificial
intelligence sets out the obligations arising when models influence agronomic practice [41]; an examination of responsibility
allocation addresses accountability when an automated recommendation causes harm [42]; scoping of large language models in
education documents over-trust, opacity and unequal access as failure modes transferring directly to extension [43]; and the case
for regulatory oversight in healthcare supplies a risk-tiering template for agricultural applications of differing consequence [44]. A
distinctively agricultural concern is the under-representation of plant knowledge in language models [45].

These intervene at different levels: research conduct [41], liability [42], user harm [43] and statutory oversight [44]. Together
they converge on four requirements — transparency of evidence, calibrated uncertainty, farmer ownership of field data, and
equitable access — none satisfied by any single technical contribution reviewed in Sections 2.2 to 2.7. The survey is organised
throughout under a four-layer taxonomy of perception, reasoning, action and governance.

2.10 Comparison and analysis of existing studies

Read across the reviewed systems, two patterns recur. Capability accumulates as model classes advance but verification does
not: convolutional detectors are efficient and strong on local lesion morphology yet single-task and label-hungry; vision transformers
and hybrids add global context and label efficiency at a high computational floor; language models add few-shot and cross-lingual
competence but no visual grounding; multi-modal models add joint image-text reasoning yet are rarely conditioned on soil and
shallow in prescription; and agentic systems plan and compose specialised components while persisting little state and leaving
arithmetic unaudited. At each step generality and autonomy grow, while the reported evidence for calibration, grounding and safety
fails to keep pace. The second pattern is that no reviewed system carries a persistent agronomic memory, only the forecasting work
[36] carrying state of any kind, so every other reviewed system re-derives its understanding of a field at each interaction.

A third pattern concerns explainability: present in the soil literature [33], [35], largely absent from multi-modal diagnosis, and
demanded throughout the governance literature [41], [42], [44]. That mismatch — the strand with the most decision-critical outputs
being the least interpretable — is the sharpest tension the corpus contains, and no individual study acknowledges it.
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2.11 Research gaps and challenges

Consolidating the observations recorded at the end of each subsection, the reviewed literature leaves a coherent set of problems
unresolved. Deficiency-disease disambiguation is the outstanding technical difficulty and, on this evidence, is not solvable from
imagery alone. Evaluation is the outstanding methodological difficulty, since neither longitudinal memory nor prescription safety
has an accepted protocol, so neither can be compared across systems. The gaps may be stated as follows.

* No persistent per-field memory: one source retains state across interactions, and that state is temporal rather than agronomic.

» Weak soil-image fusion: diagnosis is almost never conditioned on measured soil chemistry, leaving adjacent conditions
unresolved.

 Limited economic reasoning: recommendations optimise agronomic suitability, seldom cost, price or expected margin.

» Weak multilingual and voice support: robust speech recognition exists but is rarely integrated into the diagnostic path.

* Poor explainability where it matters most: attribution is standard in soil work, largely absent from multi-modal diagnosis.
+ No safety-aware recommendation: no reviewed source reports a dosage-safety envelope or an out-of-envelope rate.

» Absent calibration and abstention: accuracy is reported widely, calibration and refusal almost never.

» Unoperationalised data governance: field data are agreed sensitive, but ownership, inspection and erasure are seldom
specified.
3. PROPOSED SYSTEM: A CONCEPTUAL REFERENCE ARCHITECTURE SYNTHESIZED FROM THE
REVIEWED LITERATURE

The framework below is a synthesis of the reviewed literature, not an implemented or evaluated system. Each element
corresponds to a requirement the selected studies establish as necessary or leave unaddressed, and the discussion describes what
such a framework would need to integrate rather than what any artefact does. The workflow in Section 3.4 is likewise a reading of
existing studies, not a trace of an executed process.

3.1 Design principles derived from the survey

Five principles follow from Section 2. Fusion before assertion: since deficiency and disease are visually adjacent, the reviewed
evidence indicates that visual diagnosis should be conditioned on measured soil chemistry rather than asserted from the image alone
[26], [27]. Grounding before generation: agronomic claims are better retrieved from a curated, versioned corpus and cited than
produced from parametric memory [5], [45]. Rule-based derivation where consequence is quantitative: dosage is more defensibly
obtained from an auditable procedure clamped to published safe limits [41], [42]. Persistence as structure: the field, not the
interaction, is the natural unit of state. Graceful degradation: the diagnostic path should survive without connectivity, a binding
constraint in the adoption literature [7], [8] and an attainable one in the efficient-model literature [30].

3.2 The synthesized framework

The conceptual reference architecture synthesised from the reviewed literature is best described as a set of dimensions rather
than as software components. The interaction dimension covers image capture, document upload, vernacular voice and a
longitudinal view of a field. The perception dimension concerns normalising heterogeneous inputs into a common structured
observation, drawing on compact crop models [12], [13], soil texture inference, report parsing and speech transcription [40]. The
orchestration dimension corresponds to the plan-perceive-retrieve-act-reflect pattern of [6] and [38], within which routing and
abstention would be decided.

The agronomic reasoning dimension is, on this reading, the element that should not be learned. Matching a crop's requirement
envelope against a fused soil profile, indexing nutrients against published critical limits, and deriving a corrective quantity from the
measured shortfall and the carrier's nutrient content are deterministic operations, and the governance literature gives good reason to
keep them so [41], [42]. The memory and retrieval dimension unifies two things the corpus treats separately: a longitudinal record
of a field, and retrieval over a curated advisory corpus [5]. The tool and action dimension implies a small, schema-validated
inventory, since [38] and [39] report better behaviour under constrained tool sets. The model and infrastructure dimension stays
abstract, because the evidence does not settle whether hosted or on-device inference is preferable.
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3.3 Accountability dimensions reported in the literature

Running across the framework are the accountability requirements of Section 2.9. A calibrated confidence would accompany
each diagnosis, and below a threshold the reviewed evidence favours abstention and referral to a human expert over selection of the
likelier candidate. Each agronomic claim would display its retrieved supporting passage, each quantity would stay traceable to the
rule and safety limit producing it, and each tool invocation would be recorded. Stored field data would be inspectable, correctable
and erasable by the farmer generating it, the practical form of the ownership question raised in [42]. Each corresponds to a failure
mode documented in the corpus.

3.4 Illustrative workflow derived from existing studies

An illustrative case exercises fusion and persistence together. It is constructed from capabilities reported separately across the
literature rather than describing an executed run. A farmer photographs a maize leaf showing pale interveinal striping and asks, in
a regional language, what is wrong and what to apply. A vision component of the kind reported in [27] and [30] returns crop, growth
stage and two candidate conditions — a zinc deficiency and an early foliar blight — with a confidence gap too narrow to resolve
from the image, the failure mode of Section 2.5. A stored soil profile of the kind produced by [33], recording available zinc below
its critical limit alongside a two-season cereal sequence, would resolve the ambiguity by conditioning; no reviewed system makes
that retrieval. A rule-based step would then derive and clamp the corrective quantity, with the supporting advisory passage [5]
retrieved alongside and the response conveyed by speech [40] as well as on screen.

The case is chosen because none of the reviewed systems could produce this answer as reported: without the stored soil profile
the ambiguity does not resolve, and without rotation history the proactive advisory does not arise. Each gap identified in Section
2.11 maps onto an element of the synthesised framework: unconditioned diagnosis onto deficiency inference conditioned by a
retrieved soil profile, generated claims onto retrieval over a versioned advisory corpus, model-produced quantities onto rule-based
dosage with a published safety clamp, statelessness onto a longitudinal field record with trend rules, and confident output under
ambiguity onto calibrated confidence with abstention and referral.

4. RESULTS AND DISCUSSION: COMPARATIVE ANALYSIS OF THE REVIEWED LITERATURE

The findings below are the outcome of the comparative analysis of the forty-five reviewed sources. They characterise the
selected literature, not the performance of any implemented system; no experiments, simulations or measurements were conducted
for this article.

4.1 Composition of the reviewed corpus

The corpus comprises thirty-two journal articles, nine conference papers and four archival preprints, or 71, 20 and 9 per cent.
Its temporal distribution is front-loaded: twenty-one sources from 2023, thirteen from 2024 and eleven from 2025 onward. The
apparent decline reflects indexing lag and selective inclusion rather than contraction of the field, and the qualitative trend runs the
other way, with agentic and benchmark contributions clustering in 2025. A structural shift is visible: 2023 is dominated by single-
modality models and first applications of conversational models to agricultural text, 2024 by field-realistic multi-modal diagnosis,
and 2025 by agents, benchmarks and efficiency-oriented adaptation.

4.2 Capability coverage within the reviewed corpus

Applying the procedure of Section 2.1, each source was assessed against nine capabilities an end-to-end advisory system would
need. Visual crop and disease perception is addressed by sixteen sources, or 36 per cent of the corpus; responsible artificial
intelligence and governance by eight, or 18 per cent; soil and nutrient assessment by seven, or 16 per cent; agentic orchestration and
tool use by six, or 13 per cent; knowledge grounding and citation by five, or 11 per cent; prescription with dose computation by
three, or 7 per cent; vernacular or voice interface and profit-aware recommendation by two each, or 4 per cent; and persistent per-
field memory by a single source, or 2 per cent. The capabilities are not mutually exclusive, so the counts do not sum to forty-five.

This is a quantitative fact that this article shows is extremely one-sided in the passage analyzed. Perception adds more than a
third of the selected studies and, for an applied topic, governance is particularly rich: three sources state a dose-bearing prescription,
two an economical recommendation, and one a state about a field. The action side has only a few sources: three compute a dose-
bearing prescription rather than name a class of treatment, two make a state about the economy, and one, the state about a field. It
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does not seem to be an issue of maturity, because the capabilities are not sequential prerequisites in any respect; it is more likely an
issue of incentives—and as perception admits public benchmarks, it admits nothing like the prescription safety that would ensure
the longitudinal memory that serves the driver. The result, as the literature reviewed and quoted demonstrates, is that, until now,
scant literature has made the journey from observation to bounded, justified action. A farmer who would adopt the most highly
reviewed system would know what the leaf contained; but at best he has no information about class of intervention; about quantity
to be applied; cost that would incur on application; likelihood of return that would accrue through application; and whether a
deficiency had occurred before.

4.3 Convergence and disagreement in the reviewed literature

There are three that are agreed upon. Results of multi-modal work independently presented for scale vs domain specialization
for agriculture tasks [26, 30] and confirmed for neighbouring regulated domains [23] proved that domain specialization outflanks
scale in agricultural tasks. Laboratory evaluation is exaggerated the field performance, which requires a move towards uncontrolled
acquisition in recent diagnosis work [27] [28]. Remedial suggestions for factual drift given in literature on grounding [5] and used
in agricultural reviews [4, 6] are the retrieval grounding. There are two issues that are still litigated. The first is where computation
should take place: the efficiency tradition favors compact models at the edge [12, 13, 15], while the foundation-model tradition
favors performing the computation on the floor since efficiency goes for generalisation, and labelled efficiency goes for models.
This is not decided by the evidence, and it is a division of labour (pragmatic synthesis) [4, 30]. The second one is the locus of
accountability, assigned differently by developers, deploying institutions and regulators without convergence [41] (convergence is
a policy question with a technical consequence), not having a system that provides evidence for its outputs being able to hold any
accountable.

4.4 Threats to validity

These findings are limited by the following: The most important is selection bias, as the corpus was not gathered by a rigorous
protocol but merely a keyword search and judgemental selection, only the most recent contributions were included, and a single
reviewer made the assessment of retention. The composition reported above therefore reflects those retention and selection choices
as well as the field itself. The corpus deliberately has a limited scope: a broader corpus would increase the absolute numbers, but
the coverage distribution would be unlikely to invert, as the perception emphasis keeps returning over and over again. Classifications
will be based on evaluations and the conservative interpretations of Section 2.1 will have under credited studies that implement a
capability without describing it. Last but not least, English-language study indexing is not as extensive as it could be around
geographic research, at which vernacular interface work tends to be found, so this figure is a lower bound.

5. ADVANTAGES OF THE SYNTHESIZED REFERENCE ARCHITECTURE

In comparison to the system in corpus, the synthesised one would have following advantages, which can be traced to a survey
finding: These are only analytical expectations and not measurable outcomes.

Additionally, diagnostic disambiguation should be improved, since the deficiency would be determined by measured soil
chemistry in the past, and not based on inferred pixel data, as noted in Section 2.11. The presentation is transformed to a structural
form of accountability, in that every claim is attached to a retrieved source, and the science-related quantity to some rule and safety
limit, so that such an accountability scheme may constitute part of the governance literature's call for a structure of accountability.
Worst case behavior is limited to restricting the language model to being arithmetic only: if the generative component fails, it will
be an ill-formed description about what went wrong, not a dangerous number.

Advice would compound: When the field is the “state” instead of the session, the length of the record could make things get
better, and conditions like rotation and deficiency-trend rules can be expressed that none of the stateless systems in the corpus can.
An economic relevance is restored from candidate crops which are ranked according to their expected margins under exposed
assumptions and is a direct result of the gap in Section 2.6, while deployability follows a direct route from a model-agnostic interface
and an on-device path, as restated in [7] and [8]. This makes the division of perception, reasoning, memory and action inspectable
and testable independently.

IJERTV 15| S100397 Page 7
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ | SSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 10, October - 2026

6. SOCIAL WELFARE OF THE SYNTHESIZED REFERENCE ARCHITECTURE

Welfare case involves those that have to pay the price for the mistakes this synthesis attempts to correct. Farmers pay for
fertiliser for various reasons, some of which include the damage caused to soil as a result of fertiliser misapplication; and soil
deficiencies of phosphorus, potassium and micronutrients, including zinc, sulphur and boron, which is the trend in many areas. A
plan using the results of a soil test and feeding relationships that is both well-balanced and based on nutrient and tonnage retentions
would not only use less input, but would reduce nutrient runoff as well, and have more benefits than the person that follows the
advice would receive.

The second dimension is accessibility. A voice-first, vernacular interface removes literacy and language as preconditions for
agronomic guidance, which matters because the population least served by formal extension is also least served by text-first, English-
first tools; keeping the diagnostic path usable without a network connection extends the same reasoning to infrastructure. The third
is institutional leverage: extension officers are vastly outnumbered, and a system that triages routine cases and leaves only
ambiguous ones to the officer extends their reach rather than replacing them, which is the safest posture for a system whose mistakes
cost money.

These directions relate to several United Nations Sustainable Development Goals. Improved diagnostic accuracy and yield
stability contribute to SDG 2 on zero hunger; quantity-specific fertiliser advice bounded by published safety limits to SDG 12 on
responsible consumption and production; reduced nutrient runoff and adaptation to variable seasons to SDG 13 on climate action;
and the accessibility argument above to SDG 10 on reduced inequalities. Two welfare risks deserve statement. An advisory
framework that recommends specific inputs can become a hidden sales channel, which argues for generic carriers and brand-neutral
alternatives. And aggregated field data could be used against the interests of those who generated them, which argues for a farmer-
owned, inspectable and erasable record. Both responses are partial: they are governance commitments, not technical guarantees.

7. CONCLUSION

This article examined forty-five sources published between 2023 and 2026 on multi-modal large language models and agentic
architectures for agricultural decision support, categorised them under four layers — perception, reasoning, action and governance
— and compared them across nine capabilities using the classification procedure stated above. Within the corpus the analysis found
a strong emphasis on perception, a governance literature unusually well developed for an applied domain, and a sparse action side:
dose-bearing prescription in three sources, economically framed recommendation in two, and persistent per-field memory in one.

The key component of this review is in terms of the process it is examining. Previous reviews have focused on models and their
capabilities when used for the tasks they are designed to solve [4] not the distance between what a model can help a farmer do from
observing to taking action, which this article measures and reports. The literature, however, is aligned in suggesting objectives that
any future work should be striving for: domain specialisation is better for agricultural work than scale is; where task is evaluated in
the labs, this leads to an over prediction of its performance in the field; while it is true that grounds the retrieval and, therefore, any
other grounded generation problem, it remains a partial fix since all work is not grounded.

The article then combined a conceptual reference architecture that incorporates perception yet linked to soil chemistry from a
time series of measurements in the field, built agronomic claims with references to the field measurement retrieved from memory
and set dosage rules within a published safety envelope; included requirements for accountability across all dimensions. That
architecture is a synthesis from literature in no way implemented and evaluated here, a scope of a survey which has to be kept, and
to which it is the main constraint. The evidence, however, does clearly assert that an emphasis should be placed somewhere. Most
of the elements of an integrated agricultural assistant can be found in the reviewed corpus. What is missing is not a better classifier
but the connective structure — fusion, persistence, bounded action and traceable accountability — together with the evaluation
protocols for memory, calibration and prescription safety, without which that structure cannot be compared and is therefore unlikely
to be built.

8. FUTURE ENHANCEMENT

The gaps consolidated in Section 2.11 point in several directions, grouped here by near, medium and long horizons. The most
pressing near-term need concerns reporting: the corpus reports accuracy widely and calibration almost never, yet where a confidently
wrong answer costs a season, a well-calibrated system that abstains appropriately may be worth more than a more accurate one that
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never does. Equally near-term are a direct comparison of soil-conditioned against image-only diagnosis, which would test the central
claim of Section 2.5, and the integration of already-available multilingual speech into the diagnostic path rather than around it. In
the medium term, an evaluation protocol for longitudinal memory is the single change most likely to move the field: a community-
accepted metric — for instance the drop in recommendation quality when a field's history is withheld, adjudicated by agronomists
— would make the capability comparable and therefore publishable, and its absence is the clearest reason persistent memory appears
in one source out of forty-five. A prescription-safety benchmark is the analogue on the action side, since multi-modal benchmarking
has begun for understanding tasks [31] and the corresponding dosage instrument would report out-of-envelope rates against
published safe limits. Broadening sensing from the leaf to the plot [11], [19] belongs to the same horizon.

Longer-term aims are less definite. Currently, on-device learning relies on raw images being transferred to a cloud server to
improve the model, but with federated on-device learning, the models will be able to improve without the raw imagery ever leaving
a farmer's device. For the last several years the site has been instrumented with continuous soil telemetry, which could also be used
for point-in-time soil laboratory cards, continuing the trend of [36]. The autonomous farmer advisory loop may proactively move
toward seasonally scheduled advising autonomously based on principles indicated in the multi-agent literature [6]. Two additional
extensions are often mentioned, but seldom realized: the vernacular breadth should include dialect and code-switching; there should
also be linkage to market, credit, insurance and scheme interfaces, which would link diagnosis to the measures that will determine
if a recommendation can be realized.
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