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RAGCrop: Intelligent Crop Recommendation
via Multi-Attribute Learning and Expert-
Augmented Dialogue

A.M.Z.1.A.A. Sujair Ibrahim, B. Gobihanath, V. Abishethvarman, S. Prasanth and B.T.G.S. Kumara

Abstract Agriculture has historically driven human civilization, but modern farming faces new challenges from soil diversity,
climate variability, and the erosion of generational knowledge. These factors complicate accurate and timely decision-making,
particularly in crop prediction. Current technological approaches often prioritize commodity production while overlooking the
value of traditional farming expertise. To address this gap, this study proposes an integrated advisory system that combines
statistical machine learning with Retrieval-Augmented Generation (RAG) to bridge data-driven prediction and expert agricultural
knowledge. Unlike approaches that treat farmers’ input merely as model attributes, our framework incorporates farmers’
knowledge as a validated knowledge source through RAG, while more than 80 agronomic, environmental, and management-related
features serve as attributes for statistical prediction. The system predicts optimal crops and simultaneously retrieves expert-verified
information to provide context-aware, personalized responses. To ensure transparency, model outputs are explained using
eXplainable Al (XAI) techniques such as LIME, which highlight the most influential attributes for each prediction. This design
enhances both accuracy and trust, while enabling natural language dialogue that allows users to ask follow-up questions and receive
expert-grounded explanations. Results demonstrate the feasibility of a scalable, explainable, and farmer-friendly advisory tool that
promotes informed and sustainable agricultural practices. Moreover, the proposed framework is adaptable beyond crop prediction,

offering potential for broader applications across diverse agricultural domains.

Index Terms— Agronomic, Agriculture, Intelligent Crop Framework, Multi-Attribute, Retrieval-Augmented Generation

I. INTRODUCTION

AGRICULTURE is a key driver of economic growth and food
security, particularly in low and middle-income nations
where it employs a considerable proportion of the population
[1]. In recent years, efforts to modernize agriculture through
improved seed varieties, smart irrigation systems [2], and data-
driven farming approaches [3] have shown strong potential to
enhance productivity and sustainability. These advancements
aim to support farmers in making more accurate and efficient
decisions under changing environmental conditions [4].
Despite its critical role, the sector faces significant obstacles,
including uncertain weather conditions [5], deteriorating soil
fertility [6], and the loss of generational knowledge [7], all of
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which complicate farm-level decision-making. One of the most
persistent and significant challenges is farmers' struggle to decide
which crops to grow in the face of environmental uncertainty and
inadequate data availability [8]. Making the wrong choice not only
threatens household livelihoods but also undermines national food
systems.

Over the last two decades, advances in Artificial Intelligence
(AI) and Machine Learning (ML) have started to alter agriculture
by allowing for data-driven insights and automation. Applications
including as yield forecasting, pest and disease detection, soil
health monitoring, and precision irrigation have shown how these
technologies may improve production and resilience. These
developments illustrate the potential of intelligent systems to aid
farmers' decisions. However, traditional crop recommendation
methods using machine learning models such as decision trees,
random forests[9], support vector machines (SVM) [10], k-nearest
neighbors (KNN) [11], and rule-based classification systems [12],
which often rely on broad extension standards or localized
experiential knowledge, are becoming increasingly ineffective in
meeting the dynamic and site-specific demands of modern
agriculture. Such approaches often fail to account for the growing
complexity of agricultural ecosystems, providing farmers with
advice that is either too broad to be practical or too rigid to adjust
to fast changing conditions[13]. Consequently, there is a widening
gap between the decision support farmers need and the tools
currently available to them.
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Fig. 1: Workflow Structure

In response to this critical problem, this study proposes an
advanced framework for an intelligent crop recommendation
system that leverages Machine Learning (ML), Large Language
Models (LLMs), and Retrieval Augmented Generation (RAG)
to deliver both precise predictions and expert-level, context-
aware explanations. As illustrated in Fig. 1, the system follows
a multi-layered workflow designed to address both the accuracy
and interpretability of recommendations. At its foundation lies

a comprehensive crop prediction model trained on more than 80
features, encompassing soil chemistry, weather patterns,
geographical characteristics, and agronomic indicators. Unlike
traditional approaches constrained by a narrow set of inputs, this
multi-attribute strategy produces richer, data-driven insights
into crop suitability and  generates personalized
recommendations that align with the unique environmental and
operational contexts of farmers.
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A distinguishing feature of the proposed system is its dual-
layer architecture. The first layer applies supervised ML models
to structured datasets in order to predict the most suitable
crop(s) under specific agricultural conditions. The second layer
builds upon these predictions by using a Large Language Model
(LLM) embedded within a Retrieval-Augmented Generation
(RAG) [14] pipeline. Here, the LLM generates natural language
explanations while retrieving relevant, evidence-based
knowledge from a curated vector library of expert insights,
scientific literature, and validated agricultural practices.
Together, this dual approach delivers not only accurate crop
forecasts but also transparent, expert-grounded reasoning that
enhances trust, usability, and practical value for farmers.

By directly addressing the inadequacies of existing systems,
many of which operate as opaque black boxes with little
transparency, the proposed solution bridges the gap between
algorithmic performance and practical use. Its emphasis on
explainability promotes trust and better educated use of Al-
powered advisory. Furthermore, the system's architecture is
specifically intended for scalability. While the -current
implementation focuses on crop-related data, it can be expanded
to include factors such as plant physiology, environmental
health, pest and disease profiles, and more. This versatility
prepares the framework for more widespread use in agricultural
decision-making domains such as irrigation scheduling, disease
diagnostics, and yield forecasts.

Building on this foundation, the scope of the present study is
centered on developing a robust, scalable, and explainable
decision support system to improve crop selection procedures
in the agricultural domain. By addressing the constraints of
traditional crop advising systems, which frequently lack
specificity, flexibility, and interpretability, the proposed
framework intends to assist farmers in making precise, data-
driven decisions that are adapted to their individual production
conditions.

At its core is a multi-attribute crop prediction model that has
been trained on over 80 different characteristics, including soil
nutrients, pH level, rainfall, humidity, temperature, location
data, and other agronomic indicators. This high-dimensional
data method allows the algorithm to make more precise and
context-sensitive crop suggestions. Importantly, the system
incorporates Explainable Al (XAI) approaches for visualizing
and interpreting how each unique variable affects the model's
outcome [15]. This component gives transparency to the end
user, making the decision-making process more intelligible and
trustworthy.

The second layer of the structure includes a conversational,
expert-oriented dialogue system driven by a Large Language
Model (LLM) with Retrieval-Augmented Generation (RAG).
This layer enables the system to dynamically extract expert
information from a curated vector library consists of validated
agricultural research, farmer-provided best practices, and
regional farming guidelines. The LLM synthesizes this
information in real time to provide contextualized, natural
language replies that explain the reasons behind each suggestion
and offer practical, actionable advice regarding crop
management, irrigation, fertilizer application, and more.
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By merging predictive analytics, domain-specific retrieval,
and natural language production, the suggested approach goes
beyond static suggestions. It develops an interactive support
platform that not only identifies best crops based on
environmental and soil conditions but also provides expert-
informed explanations and recommendations tailored to the
user's requirements and circumstances. This design improves
significantly in its capacity to reduce probable flaws in the ML
model's predictions. In circumstances where the model's output
is incorrect or unreliable, the RAG component serves as a
correction layer, gathering and transmitting accurate data from
the manually checked expert dataset. This fallback strategy
guarantees that the system remains reliable and effective even
in cases with low predicted confidence, lowering the risk of
misinformation and enhancing overall decision quality.

In summary, the main objective of this research is to provide
a generalizable and extendable framework for intelligent
agricultural decision support that can process high-dimensional
inputs, make visible and explainable predictions, and facilitate
human-centered dialog. Although the current focus is on crop
prediction, the underlying structure can be extended and scaled
to other agricultural decision-making tasks such as pest control,
disease testing, and resource optimization. The system's use of
ML, RAG, and XAI aims to provide access to expert agronomic
knowledge, equip farmers with evidence-based tools, and
contribute to long-term agricultural growth and national food
security.

IL.LLITERATURE REVIEW

Agriculture is currently undergoing unprecedented pressure
from climatic variability, soil degradation, and resource limits,
while global food demand continues to climb at an
unsustainable rate [16], [17]. These issues make farm-level
decision-making, particularly crop selection, more complex and
high-risk, with significant consequences for food security and
rural livelihoods [18]. Traditional advisory approaches, which
are frequently based on broad suggestions or specialized
expertise [19], are no longer adequate to meet the dynamic, site-
specific requirements of modern agricultural systems [20], [21].
In this context, machine learning (ML) and artificial intelligence
(AI) have emerged as revolutionary tools, providing predictive,
data-driven, and adaptive solutions that can optimize
agricultural operations far beyond the limits of traditional
methods [22], [23].

In recent years, there has been a growing interest in applying
machine learning (ML) approaches to agricultural problems,
motivated by concerns such as environmental unpredictability,
resource restrictions, and rising food demand [24]. Numerous
studies [25], [26], [27], [28] have explored the use of supervised
machine learning models to help farmers make decisions,
notably when selecting crops. K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), Random Forests (RF), and
Artificial Neural Networks (ANN) have all been extensively
tested for their predictive ability to improve farm-level planning
and production.

In a similar research [29], soil data from various geographical
zones were used to evaluate the effectiveness of algorithms
including Naive Bayes, Bayes Net, and Instance Based Learner
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(IBK) for crop recommendations. The study found that these
classifiers can effectively guide farmer decisions based on local
soil variables. Another study [30] found Naive Bayes to be
99.45% accurate in selecting ideal crops using a three-phase
methodology that included data preparation, classification, and
performance assessment. Although promising, these models
lack contextual awareness and flexibility, making them
restricted in real-world applications. [31] conducted a
comparative analysis of fifteen machine learning algorithms to
evaluate their performance in crop prediction tasks. The study
used real-time agricultural data collected by loT-enabled
sensors and emphasized the importance of feature selection
techniques in enhancing model performance.

In previous studies, Artificial Neural Networks (ANNs) were
widely used to estimate crop output by modelling the
complicated, non-linear interactions between meteorological
conditions, soil qualities, and agricultural productivity. For
example, [32] created an ANN-based system that forecasted
crop production with high accuracy using numerous
environmental and soil characteristics such as pH, nitrogen,
phosphorus, potassium, temperature, rainfall, and humidity.
The study demonstrated the adaptability of feed-forward
backpropagation neural networks in capturing complex
relationships between input variables and yield outcomes. By
experimenting with various network topologies and optimizing
the number of hidden layers, the researchers proved that ANNs
may successfully help decision-making in data-rich agricultural
environments.

Recent studies on RA-DSSs (Retrieval-Augmented Decision
Support Systems) are a significant improvement that combine
ML algorithms' inference skills with dynamic access to external
knowledge stores. This hybrid design improves system
flexibility and relevance for various decision situations
including nutrient management, irrigation scheduling, and yield
estimate. ~ Empirical studies show that RA-DSSs boost
performance and user engagement, especially for high-stakes
agricultural choices [33]. The introduction of Large Language
Models (LLMs) in these systems has improved the area by
providing natural language advisory, improving clarity, and
decreasing cognitive burden for end users.

Study [34] conducted a thorough study to critically assess the
rising importance of Large Language Models (LLMs) in
decision-making frameworks for agricultural surveillance. The
authors emphasized that, while LLMs have tremendous promise
for automating and improving agrotechnical decision-making,
their efficacy is frequently restricted by static training data and
domain specialization. To address these constraints, the study
emphasizes the use of Retrieval-Augmented Generation (RAG)
as a major technique for extending LLM capabilities through
real-time access to external, domain-specific information. This
reveals the key research possibilities for increasing
trustworthiness, explainability, and bias reduction in LLM-
based agricultural systems.

Prior research has shown that machine learning methods,
particularly supervised classifiers and artificial neural networks,
are excellent for crop prediction, but these systems frequently
lack contextual flexibility and provide static results. Similarly,
while recent advances in Retrieval-Augmented Decision
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Support Systems (RA-DSSs) and Large Language Models
(LLMs) have offered dynamic, explainable advising
capabilities, their incorporation into practical, end-to-end
agricultural applications is still restricted. Existing research
treats prediction and advice as distinct activities, resulting in a
significant gap in the creation of unified frameworks that
integrate high-dimensional, data-driven prediction with
interactive, expert-oriented conversation.

This work fills that gap by presenting a new architecture that
combines a multi-attribute crop prediction model with a RAG-
enhanced LLM advice system. It accomplishes this by
expanding on the advantages of previous ML-based systems and
introducing an explainable, scalable, and conversational layer
for real-time, context-aware agricultural decision help. The
system not only enhances prediction accuracy and user
engagement, but it also provides a fallback mechanism that
boosts reliability by accessing manually vetted expert
information when the machine learning model's confidence is
low.

III.LMETHODOLOGY

A. Data

To investigate the feasibility of this significant feature
integration, an open-source dataset from Kaggle with
approximately 2,200 entries was chosen and prepared using a
systematic preparation procedure. To reduce measurement
inconsistencies, the raw dataset was first cleaned by removing
noise and outliers. Continuous variables, such as soil nutrients
and temperature, were standardized to a standard scale, while
categorical features were encoded using one-hot encoding to
ensure interoperability with machine learning techniques. An
80/20 train-test split was used, with 20% of the data kept for
final validation. In parallel, real-time soil data was collected
using a portable loT-based soil testing device that measures on-
site parameters such as pH, temperature, and nutrient content.
To improve dependability, measurements were collected from
at least five distinct locations within each field and averaged to
create a representative soil profile. The dataset used for training
and evaluation was made more robust and contextually relevant
by combining open-source and field-level data.

The knowledge foundation for the RAG system was created
by curating qualitative information from experienced farmers
and agricultural extension sources. This contained domain-
specific information on irrigation procedures, fertilizer
application, pest and disease control, crop rotation plans, soil
preparation methods, care suggestions for different
development stages, and water management practices. Before
being incorporated in the vector database, agricultural experts
carefully reviewed each document or knowledge segment to
verify correctness, geographical relevance, and contextual
consistency. This rigorous validation verified that, once
operational, the RAG module could provide contextually
grounded and trusted solutions to queries.

However, due to resources and access restrictions, manual
validation by agricultural specialists was not conducted during
the present experimental phase of this study. This highlights a
significant limitation of the current investigation. Nonetheless,
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the proposed architecture emphasizes the importance of expert
validation for both the numeric dataset and the textual
knowledge base before real-world implementation. Before
being embedded in the vector database, the collected records
went through a preprocessing phase that included cleaning and
normalizing the text, removing stop words, and correcting
formatting inconsistencies.

B. Experimental Setup

This study employs a structured methodology consists of
three main phases to create an integrated, and context aware
crop advice system. The first step is to build a high-dimensional
machine learning (ML) model for crop prediction based on a
large number of agronomic, environmental, and historical data.
The second phase is on the creation of a Retrieval-Augmented
Generation (RAG) system that would produce expert oriented
natural language answers based on projected outcomes. The last
phase entails combining these two components into a single
decision support system that improves both prediction accuracy
and contextual interpretability.

The first phase involves the development of a supervised ML
model trained on a dataset containing over 80 agronomic,
environmental, and management-related variables. These
characteristics were deliberately chosen to highlight the
complicated nature of crop farming. The dataset covers 80 basic
macronutrients: manganese (Mn), copper (Cu), boron (B),
molybdenum (Mo), soil salinity, soil texture, sulfur (S), chlorine
(Cl), soil respiration rate, porosity (percentage), bulk density,
base saturation (percentage), calcium (Ca), magnesium (Mg),
silicon (Si), electrical conductivity (EC), cation exchange
capacity (CEC), buffer pH, organic carbon (OC), organic matter
(OM), soil texture (sand), soil texture (silt), soil texture (clay),
water holding capacity, soil moisture content, soil temperature,
solar radiation, wind speed, evapotranspiration, crop rotation,
fertilizer type, fertilizer application rate, fertilizer timing,
irrigation type, irrigation volume, tillage method, cover crops,
pesticide use, herbicide use, elevation, slope gradient, slope
aspect, microbial biomass, earthworm count, soil enzyme
activity, latitude, longitude, soil depth, season, year, historical
land use, maximum temperature, minimum temperature,
average temperature, maximum rainfall, minimum rainfall,
average rainfall, maximum humidity, minimum humidity,
average humidity, maximum solar radiation, minimum solar
radiation, average solar radiation, maximum wind speed,
minimum wind speed, and average wind speed.

Data preprocessing involved normalization of continuous
variables, categorical encoding of management practices, and
imputation for missing values using k-nearest neighbors (KNN)
techniques. Feature selection methods, including correlation
analysis and Recursive Feature Elimination (RFE), were
employed to reduce redundancy while preserving predictive
relevance.

The Random Forest classifier was chosen as the prediction
model because it is resistant to overfitting and can handle
diverse, high-dimensional datasets. The number of trees,
maximum depth, and minimum samples per split were all
optimized using grid search and five-fold cross-validation. The
dataset was divided into two subsets: training (80%) and
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validation (20%), providing balanced representation across crop
classes. Model performance was assessed using accuracy,
precision, recall, and F1-score, with a focus on generalizability
to previously encountered data.

Explainable AI (XAI) approaches were used to increase the
prediction pipeline's interpretability. LIME (Local Interpretable
Model-agnostic Explanations) was used to create local,
instance-specific explanations that demonstrated how each
input attribute contributed to a certain prediction. For example,
for a predicted crop, the system identifies which elements, such
as nitrogen levels, rainfall, and soil pH, had the greatest
influence on the suggestion. These visualizations improve
transparency and assist farmers and stakeholders understand the
agronomic reasoning behind each choice, fostering trust in the
system.

The second step of the process involves the creation of the
Retrieval-Augmented Generation (RAG) system, which
improves the explainability and contextual relevance of crop
predictions by delivering expert-oriented natural language
answers. This phase begins with the compilation of two distinct
knowledge sources: crop-oriented data, which includes
agronomic best practices, and location-based farmer
knowledge, which includes region-specific techniques and
traditional insights into irrigation, soil preparation, crop
rotation, pest management, and general care practices.

To optimize retrieval granularity, documents are broken down
into cohesive, semantically relevant chunks. ChromaDB was
chosen for this vector database creation. The vector database
contains both crop-oriented information and location-specific
farmer data, allowing the system to return context-aware,
expert-informed solutions based on individual user inputs.

The RAG system works using a Large Language Model
(LLM) as the generating layer. Importantly, the LLM does not
function in isolation; rather, it augments user queries with
retrieved expert information before creating responses. This
architecture ensures that recommendations are based on real
information rather than uncontrolled generating outputs. RAG
results were evaluated using both automated metrics (BLEU,
ROUGE-L, METEOR) and human expert validation, with an
emphasis on factual accuracy, contextual relevance, and
explanatory clarity.

The final stage of the process is integrating the machine
learning-based crop prediction model with the Retrieval
Augmented Generation (RAG) system to create a unified,
interactive, and context-aware crop advice application. This
integrated system is intended to receive user input, provide data
driven crop recommendations, and reply to user enquiries with
expert validated, context-aware advice via a conversational
interface. The process starts when a user interacts with the
program using a form-based interface integrated in a chat app.
These input features are then delivered to the exported machine
learning model, which processes them and provides the
predicted crop that best fits the given conditions.

The anticipated crop, original input features, and user
inquiries are then sent into the RAG-enhanced LLM. The
technology extracts expert-validated knowledge segments from
the vector database and converts them into structured natural
language explanations. Along with textual responses, XAl
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graphics are used to highlight the most influential aspects
driving the forecast. This combined strategy ensures predicted
accuracy and interpretability. The built-in validation process
improves reliability. When the ML model generates low-
confidence predictions, the system compares them to expert-
validated knowledge in the vector store. In the event of a
discrepancy, the expert-informed retrieval layer acts as a
fallback, ensuring that users obtain reliable recommendations
even when the model alone is insufficient.

The approach provides interpretable, expert-backed insights
as well as reliable crop recommendations due to the seamless
integration of predictive modelling and information retrieval. It
boosts user confidence, promotes informed decision-making,
and fills one of the most crucial deficiencies in traditional
agricultural advice tools.
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Fig. 2: Methodology

IV.RESULTS AND DISCUSSION

The performance of the integrated crop advisory system was
assessed using two basic components: the machine learning
based crop prediction model and the Retrieval Augmented
Generation response module. The results show that the system
can give both accurate predictions and contextually appropriate
natural language explanations, proving the viability of a multi-
attribute, explainable decision support system for agricultural
applications. The machine learning model, which was trained
on over 80 carefully selected agronomic, environmental, and
managerial parameters, with Random Forest Classifier
performed well on the holdout validation dataset. The model's
accuracy was 98.86%, with a precision of 98.97%, recall of
98.86%, and F1 score of 98.87%, indicating that the model
could generalize well to new data. The high F1 score, which
balances both precision and recall, further confirms the model’s
robustness and reliability in making consistent and accurate
crop recommendations across diverse conditions.

TABLE I

Volume 03. Spcl. Issue (Feb 2026)

MODEL’S PERFORMANCE METRICES

Metrics Value

Accuracy 98.86%
Precision 98.97%
Recall 98.86%
F1 Score 98.87%

To tackle the interpretability of the model's results, especially
given the large dimensionality of the feature space, Local
Interpretable Model-agnostic Explanations (LIME) were used.
The use of LIME enabled the creation of local explanations that
highlighted the most important elements for individual forecasts
[35]. Fig. 3 shows that nitrogen levels over 85.00, moderate
potassium concentrations, and particular rainfall, humidity, and
pH thresholds all have a significant impact on the forecast for
the crop class "banana". By giving such visual and numerical
breakdowns, the system provides insight into the model's
internal reasoning process, which is crucial for deploying Al
solutions in trust-sensitive areas such as agriculture.

Local explanation for class banana

N > 85.00 A
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temperature > 28.52
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Fig. 3: LIME Explanation

The successful implementation of LIME demonstrates that
multi-attribute crop recommendation systems can be created
and explained, even when functioning on datasets containing
dozens or hundreds of variables. This increases user trust by
allowing domain experts to assess or cross-check the model's
reasoning process. The quality of the responses generated by the
system was evaluated using standard natural language
generation metrics. As a baseline, the model was first tested
using only the Large Language Model (LLM) without Retrieval
Augmented Generation (RAG), achieving a ROUGE-L score of
44, a METEOR score of 28.9, and a BLEU score of 33.78. After
integrating the RAG mechanism, the system showed a clear
performance improvement, obtaining a ROUGE-L score of
50.5, a METEOR score of 36.5, and a BLEU score of 40.1,
which indicates enhanced fluency, relevance, and factual
correctness of the generated explanations. This notable increase
across all metrics demonstrates the effectiveness of
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incorporating expert-validated knowledge through RAG,
resulting in stronger alignment with reference expert responses
and reinforcing the chatbot interface’s trustworthiness and
contextual value. Furthermore, the system's average reaction
time was observed at 1.45 seconds, proving its capability for
near real-time interaction.

V. CONCLUSION

This study presents an integrated framework for multi-factor
crop prediction improved with expert-oriented discussion,
integrating machine learning and retrieval-augmented
generation (RAG) to handle the increased complexity of
agricultural decision-making. The suggested method provides
extremely accurate and interpretable crop recommendations
compared to Traditional recommendation models by including
more than 80 agronomic, environmental, and management
factors. The application of explainable Al approaches, such as
LIME, promotes transparency by demonstrating the influence
of specific attributes on model outputs, hence increasing user
trust even in high-dimensional environments.

Beyond prediction, integrating a RAG-based conversational
module allows for context-aware, expert-oriented replies that
are personalized to each user's individual input and enquiries.
This dual-layered solution not only bridges the gap between
algorithmic prediction and real-world agricultural knowledge,
but it also reduces prediction mistakes by validating against a
manually curated knowledge base. The findings demonstrate
the viability and dependability of implementing a multi-
attribute, expert oriented dialogue driven crop advice system
capable of promoting sustainable and informed agricultural
practices. Future developments will concentrate on field
deployment, extending expert knowledge sources, and adapting
the system to new crop domains and locales.

First, the training dataset and the expert knowledge base were
not manually validated throughout the experimental phase due
to resource and access limitations. The dependability of some
responses may be impacted by the lack of validation in this
study, despite the fact that it is highly advised for real-world
implementation. Furthermore, a comparatively small dataset
that was artificially extended was used to evaluate the system,
which might not accurately represent the variety of actual
agricultural situations. Lastly, the RAG module's evaluation
was based on common NLP metrics rather than domain-specific
user feedback. Future field-level testing should address this
issue to determine the module's usability and practical impact.

In order to verify the suggested system's practical efficacy,
future study will concentrate on putting it into practice in actual
agricultural environments. This entails gathering data unique to
a certain location, incorporating sensor-based live inputs, and
enlisting the help of agricultural specialists to manually verify
the RAG system's knowledge base and training datasets. The
system's versatility will also be increased by broadening the
information base to include other crop kinds, pest and disease
situations, and regional best practices. In order to further
customize the dialogue-based responses, improvements will
also concentrate on improving the user interface and gathering
input from agronomists and farmers. Lastly, the framework's
usefulness across many areas and farming communities can be
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expanded by scaling it for multilingual support and distinct
agro-climatic zones.
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