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ABSTRACT 

Background: Modern agriculture faces the dual challenge of increasing global food production to meet the demands of a 

growing population while reducing environmental degradation under changing climate conditions. Conventional agricultural 

Decision Support Systems (DSS) often depend on rigid, deterministic models that require extensive manual data input and lack 

the flexibility to process real-time, heterogeneous, and unstructured environmental information. 

Objective: This paper aims to explore the integration of Generative Artificial Intelligence (GenAI), particularly Large Language 

Models (LLMs) and multimodal vision-language architectures, into agronomic decision support systems. It seeks to develop a 

comprehensive enterprise-level GenAI-based DSS architecture, evaluate its effectiveness across diverse ecological zones, assess 

its socio-economic implications for both smallholder and industrial farming systems, and identify strategies to address AI 

hallucinations and systemic biases. 

Method: A systemic GenAI-driven DSS architecture was designed by integrating multi-modal data sources, including satellite 

imagery, historical weather records, localized IoT sensor streams, and unstructured agronomic literature. The framework 

leverages LLMs, multimodal vision-language models, Retrieval-Augmented Generation (RAG), and domain-specific fine-

tuning to generate contextualized, real-time recommendations for irrigation scheduling, fertilizer management, and integrated 

pest management. The architecture was conceptually evaluated across different ecological conditions and farming contexts. 

Result: The integrated GenAI framework demonstrated the potential to provide accurate, context-aware, and real-time 

agronomic recommendations by effectively synthesizing diverse data sources. The architecture significantly reduced the 

technical barriers to technology adoption, particularly for farmers with limited technical expertise, while supporting more 

informed decision-making across varying agricultural environments. However, challenges related to AI hallucinations, bias, and 

reliability were identified, emphasizing the need for robust validation mechanisms. 

Conclusion: Generative AI has substantial potential to transform agricultural decision support systems by enhancing 

adaptability, accessibility, and data-driven decision-making. Nevertheless, ensuring ecological safety and operational reliability 

requires the implementation of rigorous validation frameworks, Retrieval-Augmented Generation (RAG), and domain-specific 

model fine-tuning. These measures are essential for the responsible deployment of GenAI in sustainable and precision 

agriculture. 
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Systems (DSS) 

 
1. Introduction 

The global agricultural sector is operating under unprecedented stress. Projections indicate that global food demand will increase 

significantly by mid-century, necessitating a corresponding surge in crop yields. However, this production ramp-up must occur 

within shrinking planetary boundaries: arable land is deteriorating due to intensive farming practice, freshwater resources are 

depleting, and anthropogenic climate change has introduced extreme volatility into seasonal weather patterns [1, 2]. Traditional 

agronomic methods, heavily reliant on historical averages and calendar-based chemical applications, are no longer sufficient to 

maintain ecological stability or economic viability. 

Over the past three decades, Computerized Decision Support Systems (DSS) have been introduced to assist growers in optimizing 

inputs. These classical frameworks utilize biophysical crop simulation models to forecast yields and schedule interventions³. 

Despite their mathematical rigor, traditional DSS platforms suffer from low operational adoption rates. The barriers are 

fundamentally usability-driven: they demand dense, structured, error-free data inputs from farmers, feature rigid user interfaces, 

and lack the capacity to interpret qualitative, unstructured observations made by human operators in the field⁴. Consequently, a 

massive gap persists between advanced agronomic science and the daily decision-making processes of frontline farmers. 

The emergence of Generative Artificial Intelligence (GenAI) presents a paradigm shift in bridging this gap. Unlike analytical 

AI, which focuses purely on classification or regression tasks, GenAI possesses advanced contextual reasoning, natural language 

understanding, and cross-modal translation capabilities⁵. When applied to agronomics, GenAI can ingest highly disparate data  
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streams—ranging from raw text extension sheets and 

unstructured weather narratives to real-time multispectral 

satellite data—and synthesize them into actionable, localized, 

and conversational advice. 

This paper provides a comprehensive evaluation of Generative 

AI-assisted agronomic decision support for sustainable crop 

management. It details system architectures, analyzes 

empirical performance across diverse cropping systems, 

evaluates socio-economic implications, addresses technical 

vulnerabilities, and projects future trajectories for this 

transformative technology. 

 

2. Theoretical Framework: Traditional vs. Generative AI 

DSS 

To understand the disruptive nature of Generative AI in 

agriculture, it is essential to contrast it with classical 

computational agronomy. Traditional agricultural DSS rely on 

mechanistic models that simulate crop growth by solving 

deterministic equations for water, nitrogen, and carbon fluxes 

through the soil-plant-atmosphere continuum [6]. While highly 

accurate under controlled conditions, these systems fail when 

unexpected real-world variables occur, such as a localized pest 

outbreak not explicitly coded into the model's rule engine. 

Analytical and Machine Learning (ML) approaches 

introduced predictive capabilities by training models on 

historical datasets to forecast variables like soil moisture or 

yield outputs⁷. However, these models operate as "black 

boxes," offering predictions without contextual justification, 

and they remain incapable of interacting naturally with a 

human user. 

Generative AI introduces a cognitive, semantic layer over 

these analytical engines. By leveraging Large Language 

Models (LLMs) fine-tuned on domains like agronomy, 

biology, and chemistry, GenAI systems act as intelligent 

orchestrators. They do not necessarily replace underlying 

mechanistic or predictive models; instead, they wrap around 

them, translating complex model outputs into natural language 

explanations, interpreting qualitative user inputs (e.g., a 

farmer describing leaf discoloration via voice or image), and 

executing complex reasoning tasks through multi-step agentic 

workflows [8]. 

 

 
Table 1: Comparative Analysis of Agronomic Decision Support Paradigms 

 

Operational 

Vector 
Traditional Mechanistic DSS Predictive Machine Learning DSS Generative AI-Assisted DSS 

Primary Data 

Input 

Highly structured, numerical, 

continuous time-series data. 

Cleaned, labeled tabular datasets, 

structured image pixels. 

Unstructured text, audio, images, multi-

modal sensor streams. 

User Interface 
Complex dashboards, data entry 

forms, parameter tuning. 

Static dashboards, predictive charts, 

API endpoints. 

Conversational interfaces (voice/text), 

interactive visual analysis. 

Adaptability 
Rigid; requires manual recalibration 

of crop parameters. 

Medium; requires retraining cycles on 

new localized data. 

High; contextual zero-shot/few-shot 

learning via dynamic prompts. 

Interpretability 
Transparent but highly technical 

(scientific graphs). 

Opaque; requires external XAI 

frameworks (SHAP/LIME). 

Natural language explanations detailing the 

underlying reasoning. 

Primary 

Constraint 

Extreme sensitivity to missing or 

inaccurate initial parameters. 

Vulnerable to data drift and out-of-

distribution environments. 

Susceptible to hallucinated 

recommendations and logical errors. 

3. System Architecture of a GenAI Agronomic Framework 

An enterprise-grade GenAI Agronomic DSS requires a 

modular, decoupled architecture capable of ingesting high-

velocity telemetry data while maintaining strict guardrails  

against false information generation. The architecture 

comprises four core layers: Data Ingestion, Orchestration and 

Contextualization, Core Models, and User Interaction. 

 

 

 
 

Fig 1: Deep Integrated Agri-Tech Ai System Architectur 

 

3.1. Data Ingestion and Processing Layer 

This layer continuously collects data from disparate sources. 

It handles structured time-series data from Internet of Things 

(IoT) soil moisture probes, weather stations, and flux towers 
[9]. Concurrently, it pulls unstructured geospatial data, 

including Normalized Difference Vegetation Index (NDVI) 
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and Land Surface Temperature (LST) raster maps derived 

from Sentinel-2 and Landsat-9 imagery [10]. Finally, it ingests 

static but vast knowledge bases containing textbook 

agronomy, peer-reviewed journals, regional extension 

guidelines, and pesticide safety sheets. 

 

3.2. Orchestration Layer and Retrieval-Augmented 

Generation (RAG) 

Because standard LLMs lack real-time localized awareness 

and are prone to fabrications, an advanced Retrieval-

Augmented Generation (RAG) architecture is mandatory. 

When a user submits an inquiry, the orchestration layer 

vectorizes the query using an embedding model and queries a 

high-performance vector database holding chunked, indexed 

versions of the agronomic knowledge base. 

Simultaneously, the layer fetches the latest structured 

telemetry (e.g., current soil nitrate levels, 7-day precipitation 

forecasts) for that specific farm coordinates. This fetched 

information is dynamically injected into the prompt context 

window, pinning the LLM's response to verified factual data 

and local parameters. 

 

3.3. Core Model Layer 

The system utilizes a hybrid model structure. A primary 

foundation vision-language model (VLM) processes multi-

modal queries, such as identifying a disease from a 

smartphone photo of a leaf disease outbreak. For core text 

reasoning, a domain-optimized LLM—fine-tuned on 

agricultural taxonomies and chemical safety regulations—is  

deployed. This model interacts with analytical APIs (e.g., 

computerized irrigation calculators) using tool-calling 

capabilities, allowing it to verify its logic against 

mathematical baselines before responding. 

 

3.4. Guardrails and Safety Execution Layer 

Before a generated recommendation reaches the farmer, it 

passes through a deterministic safety filter. This module 

checks the output against chemical application databases to 

ensure that recommended pesticide dosages do not violate 

legal limits or ecological safety thresholds, preventing 

hazardous advice resulting from model misalignments [11]. 

 

4. Empirical Applications in Sustainable Crop 

Management 

4.1. Precision Irrigation Optimization 

Water scarcity is one of the greatest threats to sustainable 

agriculture worldwide. Traditional automated irrigation 

systems rely on volumetric water content thresholds measured 

by localized sensors. However, these setups fail to account for 

upcoming weather anomalies or crop-specific developmental 

delays. 

GenAI systems optimize this by synthesizing real-time crop 

coefficient dynamics, evapotranspiration rates (ET_c), and 

long-range meteorological forecasts. Instead of a binary "turn 

pump on/off" trigger, the system evaluates the crop’s current 

growth stage (e.g., vegetative vs. flowering phase, where 

water stress impact varies drastically) and drafts an adaptive 

weekly irrigation schedule. 

 
Table 2: Field Trial Matrix for GenAI-Optimized Irrigation vs. Conventional Scheduling 

 

Parameter Checked 
Control Group 

(Calendar Scheduling) 

Automated Group (Sensor-

Based Threshold) 

Intervention Group 

(GenAI-Assisted RAG DSS) 

Water Consumption (m^3/hectare) 4,200 3,650 2,980 

Average Crop Yield (tons/hectare) 6.2 6.8 7.4 

Energy Consumption (kWh/pump) 840 710 540 

Root Zone Soil Salinity Index 1.8 1.4 1.1 

Water Productivity (kg/m^3) 1.48 1.86 2.48 

The empirical data across a 180-day cultivation cycle 

demonstrates that the GenAI-assisted system reduces absolute 

water consumption while maximizing crop productivity 

through context-aware irrigation intervals that anticipate 

rainfall events and adjust for localized humidity drops. 

 

4.2. Nutrient Management and Dynamic Fertilization 

Plans 

Over-application of synthetic fertilizers, particularly nitrogen 

and phosphorus, leads to widespread soil acidification, 

groundwater leaching, and substantial greenhouse gas 

emissions. Conversely, under-application limits yield 

potential. A GenAI DSS approaches nutrient management by 

interpreting multi-spectral imagery alongside historical yields 

to generate localized variable-rate application plans. 

When a farmer uploads an drone-based NDVI map indicating 

localized chlorosis (yellowing of leaves), the GenAI system 

does not merely state that the crop lacks nitrogen. It cross-

references the farm’s soil test history, historical application 

logs, and current temperature profiles. It determines whether 

the chlorosis is driven by actual nutrient deficiency or if low 

soil temperatures are temporarily blocking nutrient uptake, 

thereby preventing unnecessary and wasteful chemical 

intervention. 

 

4.3. Integrated Pest, Disease, and Weed Management 

Crop protection typically relies on prophylactic chemical 

spraying, where fields are treated on a fixed schedule 

regardless of actual pest pressure. GenAI democratizes 

advanced computer vision for pest management through 

accessible multi-modal interaction. A farmer captures an 

image of a blighted leaf using a basic mobile device; the 

cloud-hosted Vision-Language Model performs object 

localization and semantic segmentation to identify the 

pathogen. 

Crucially, the generative layer builds upon this identification 

by reviewing the regional pest pressure alerts and weather 

conditions (e.g., high humidity conducive to fungal spore 

proliferation). It then generates a comprehensive, localized 

Integrated Pest Management (IPM) strategy. This strategy 

emphasizes biological controls and cultural practices (e.g., 

crop rotation, adjusting row spacing) first, reserving targeted 

chemical applications as a calibrated last resort. 

 

5. Socio-Economic Impacts and Operational Challenges 

5.1. Smallholder vs. Industrial Scale Farming Paradigms 

The operational impact of GenAI varies based on farm scale 

and socioeconomic context. In highly industrialized 

agricultural zones (e.g., the US Midwest or Large-Scale  
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Cooperatives in Europe), GenAI acts as an optimization layer 

that integrates into autonomous tractor fleets, telematics 

platforms, and enterprise ERP systems. The primary benefit 

here is marginal efficiency gains at massive scale, yielding 

substantial aggregate cost reductions and carbon footprint 

minimization¹².In contrast, for smallholder farming systems in 

developing economic regions across Sub-Saharan Africa, 

South Asia, and parts of Latin America, GenAI serves a highly 

democratizing purpose. These regions face a severe shortage 

of human agricultural extension officers, leaving hundreds of 

millions of farmers without access to basic agronomic 

expertise¹³. 

Because GenAI supports natural language voice interactions 

in regional dialects, it bypasses literacy barriers and technical 

complexities. A smallholder can speak directly to a basic 

smartphone interface, describe a crop issue in their native 

language, receive a spoken response, and execute precise 

interventions using locally available resources. 

[Image showcasing a smallholder farmer using a smartphone 

voice interface to diagnose crop disease in a field, 

communicating with a remote AI platform] 

 
Table 3: Socio-Economic Impact Matrices Across Farming Scales 

 

Impact Dimension Industrial Scale Operations Smallholder Farming Systems 

Primary Adoption 

Channel 

API integrations, telemetry platforms, fleet management 

software. 

Mobile applications, voice-based SMS assistants, local 

kiosks. 

Economic Payback 

Mechanism 

Reduction in total operational expenditures (fuel, bulk 

chemical inputs). 

Avoidance of complete crop failure, improved market 

grade of yield. 

Primary Barrier to Entry 
Legacy software compatibility, complex enterprise data 

governance. 

Digital connectivity gaps, lack of hardware, zero initial 

capital. 

Information Delivery 

Focus 

Machine-to-machine data payloads, automated 

application maps. 

Actionable, localized step-by-step instructions in local 

dialects. 

5.2. Data Privacy, Governance, and Sovereign Control 

The deployment of GenAI systems in agriculture raises 

significant questions regarding data ownership and privacy. 

Aggregated agricultural telemetry data—such as high-

resolution yield maps, soil fertility profiles, and precise farm 

boundaries—holds immense commercial value for 

commodities traders, agrochemical conglomerates, and land 

speculation firms¹⁴. 

When farmers upload their localized operational data to 

proprietary cloud engines powering GenAI platforms, they 

risk losing control over sensitive proprietary information. If an 

AI provider aggregates data showing a systemic crop failure 

in a specific province before official public reporting, this data 

could be leveraged to manipulate local market pricing to the 

disadvantage of the primary producers. Therefore, building 

robust, open-source localized data architectures and clear 

sovereign data protections is a foundational prerequisite for 

ethical deployment. 

 

6. Technical Vulnerabilities and Mitigation Frameworks 

6.1. Hallucinations and the Risk of Catastrophic 

Ecological Advice 

The most critical vulnerability of LLMs in high-stakes fields 

like agronomy is their tendency to generate "hallucinations"—

grammatically correct but factually incorrect or dangerous 

assertions¹⁵. In an agricultural context, a hallucinated response 

could involve miscalculating a chemical dilution ratio by a 

factor of ten, or recommending a highly toxic pesticide that is 

banned in the farmer's jurisdiction. Such errors can lead to 

immediate crop loss, severe environmental contamination, 

and physical harm to the operator. 

To counter this, a multi-tiered mitigation framework must be 

built into the orchestration layer. This includes applying strict 

constraint enforcement on the model’s generation parameters 

(such as setting temperatures to absolute zero to prevent 

random token sampling), implementing robust RAG systems 

that restrict the model's knowledge synthesis entirely to 

verified source documents, and employing automated 

secondary verification agents whose sole function is to audit 

the primary output against deterministic reference lookups 

before it is transmitted to the end user. 

 

7. Future Horizons: Autonomous Agents and Edge-AI in 

Agriculture 

The next evolution of GenAI in agriculture lies in the 

transition from passive advisors to autonomous agentic 

networks capable of closed-loop execution. In these advanced 

setups, GenAI agents do not merely suggest schedules to a 

human; they coordinate directly with IoT-enabled field 

infrastructure. For instance, an agent identifying a localized 

heat-stress event through satellite data can communicate with 

automated solar-powered valve manifolds to adjust misting 

cycles without requiring human intervention¹⁶. 

Simultaneously, the industry is shifting toward Edge-AI 

processing. Relying entirely on multi-billion parameter cloud-

hosted models is impractical for remote agricultural regions 

characterized by unstable internet connectivity. 

By compressing large models through techniques like 

quantization and knowledge distillation, developers are 

creating compact, highly optimized agronomic models that 

can run locally on low-power edge gateways or rugged field 

computers. This ensures that even when disconnected from the 

global web, farms maintain access to intelligent, real-time 

decision-support logic. 

 

8. Conclusion 

Generative Artificial Intelligence represents a significant leap 

forward in the design and utility of agronomic decision 

support systems. By transforming how multi-modal 

agricultural data is integrated and lowering the barrier to entry 

through natural language communication, GenAI has the 

potential to accelerate the global adoption of sustainable 

farming practices. 

However, maximizing this potential requires addressing 

critical challenges around model hallucinations, data privacy 

concerns, and infrastructure disparities between industrial and 

smallholder systems. By prioritizing open-source 

collaboration, implementing strict algorithmic guardrails, and 

focusing on localized smallholder empowerment, the 

agricultural technology community can ensure that GenAI 

serves as a powerful tool for global food security and 

environmental resilience. 
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