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Abstract: The agricultural sector in India faces persistent challenges, including unpredictable weather patterns,

resource constraints, and limited access to expert guidance. This work aims to bridge these gaps by developing an

intelligent, Al- powered assistant tailored to the needs of Indian farmers. Leveraging advanced technologies such as

Large Language Models (LLMs), VectorDB, and Retrieval-Augmented Generation (RAG), the system provides

personalized, real-time recommendations on crop management, weather analysis and market trends. The multilingual

chat-based interface ensures accessibility for farmers across diverse regions, addressing barriers related to language

and literacy. By integrating weather forecasts and predictive analytics, the assistant enables farmers to make informed

decisions, enhancing productivity and sustainability.
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I. INTRODUCTION

Agriculture forms the backbone of India’s economy,
establishing livelihoods for smallholder farmers in millions.
Though it is a critical component of ensuring food security,
the sector is beset with numerous challenges such as
unpredictable weather and ineffective resource utilization.
In addition to impacting productivity, these challenges have
also threatened the sustainability of agricultural practices,
hence compromising national food security. Technological
interventions are progressively finding their way into
agriculture, but much of what is available is too general,
inaccessible to rural-based communities, or is not
complemented by localized expertise. Smallholder farmers,
especially those in remote areas, face barriers such as
language diversity, limited technical literacy, and an
inability to access reliable data and expert advice.
Addressing these issues requires innovative, accessible, and
scalable solutions that cater to farmers’ specific needs.
Artificial intelligence (Al) and large language models
(LLMs) hold unprecedented possibilities for the
agricultural revolution through the provision of real-time,
personalized guidance to farmers. Research studies have
touched upon considering the use of natural language
processing (NLP), machine learning (ML), and deep
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learning to develop interactive Al assistants capable of
addressing a wide range of agricultural challenges,
including crop management, price prediction, and climate
analysis [1]. Traditional farming advisory services, often
struggle to meet the growing demand for expert assistance,
making Al-driven chatbots a promising alternative [2]-[3].
In regions like Nigeria, where extension agents are limited,
a recent study found that ChatGPT-generated responses
were preferred over human experts' responses in 78% of
cases, with Al answers being rated six times higher in
quality than those from agricultural officers. However, the
same study also highlighted that Al chatbots still struggle
with localized agronomic recommendations, such as
optimal planting times and seed rates, underscoring the
importance of fine-tuning Al models for specific
agricultural conditions [4]. Future chatbot systems could
incorporate reinforcement learning and generative Al
models to enhance their ability to provide personalized,
adaptive ~ recommendations  based on  real-time
environmental conditions [5]. Despite the advancements in
chatbot technology, several challenges remain. One major
issue reported was the lack of multilingual support, which
limits accessibility for farmers in rural areas who primarily
speak local dialects [6]. Some hybrid Al models combine
ontology-based knowledge systems with machine learning
algorithms like Word Shuffling and Jacquard Similarity to
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improve chatbot query matching, particularly in rural
farming communities with low internet access [7]. Many
existing chatbot systems rely on static datasets and struggle
to provide real-time updates on crucial agricultural factors
such as market prices, weather forecasts, and future price
prediction were limiting factors [8]. The work regarding
growing need to integrate Al-driven chatbots with loT
devices, such as smart sensors and automated irrigation
systems, to enable precision farming were reported [9].
ML-based chatbot surveys, emphasized that Al chatbots in
agriculture must have transition from static, predefined
responses to adaptive, real-time learning systems that
evolve with climate conditions and market dynamics [10].
Additionally, Al-driven chatbots have been designed to
offer 24/7 support in regional languages, making expert
agricultural knowledge more accessible to farmers who
may not be fluent in English [11]. Smart systems and
artificial intelligence-driven chatbots were profoundly
transforming the agricultural sector by providing data-
driven, real-time information to support farmers' decision-
making. Several studies have demonstrated the
effectiveness of different Al models in enhancing chatbot
capabilities. The text-based smart answering system in
agriculture uses RNN implemented a recurrent neural
network (RNN) model that answered farmers' queries
[12]. Another research proposed an Al-based chatbot using
the same NLP techniques to offer real-time farming advice
and enhance decision-making precision [13]. The Al-based
farmer’s assistance chatbot utilized NLP techniques like
TF-IDF vectorization and cosine similarity to improve the
chatbot’s ability to match user queries with relevant
agricultural knowledge [14]. Beyond text-based responses,
study have been explored multimodal Al approaches that
integrate different data processing techniques to enhance
chatbot functionality [15]. Another method of agricultural
aid via chatbots, is using neural ranking models in an
attempt to extract valuable scientific data from large
studies, making the leap between scientific knowledge and
real-world farming use. [17]. Beyond traditional advisory
roles, Al chatbots were also revolutionizing farm-to-market
connectivity.  Research on E-Agriculture chatbots has
introduced direct-to-consumer sales models, allowing
farmers to sell their produce directly through social media
platforms  like Facebook Messenger, eliminating
middlemen and ensuring better pricing transparency. While
this model improves economic outcomes for farmers, it also
demonstrates the wider potential of chatbots beyond
information  retrieval, moving into supply chain
management and financial transactions [18]. The studies,
also have demonstrated the scalability of Al-powered
agricultural assistants, reaching over 15,000 farmers across
multiple countries and processing more than 300,000
queries, highlighting how Al-driven chatbots could bridge
the knowledge gap in smallholder farming communities
[19].
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The proposed work aims to develop an Al-powered
assistant for farmers, offering personalized, real-time
agricultural recommendations through a chat-based
interface. This assistant will use advanced large language
models (LLMSs) to provide farmers with crucial information
such as weather forecasts, future price prediction, and
market trends, all tailored to their specific location and crop
type. This work leverages modern technologies, including
Generative Al, VectorDB, LangChain, and Retrieval-
Augmented Generation (RAG), to develop a chat-based
assistant. The system integrates real-time weather updates,
crop-specific advisory services and disease predictions, and
multilingual support to ensure inclusivity across diverse
regions. The proposed Al assistant will address these issues
by offering real-time, localized multilingual chat interface,
ensuring farmers across diverse regions can easily access
expert advice. This solution promises to enhance decision-
making, optimize farming practices, and boost overall
productivity, thereby improving farm outcomes. The
proposed work is organized in three sections. The design
methodology is described in second section, results are
discussed in third section, the proposed work compared
with literature in forth and the conclusion is presented fifth

- . Smart Harvest:

Agri Metrics: Select Your Crop

Unlock Key & Year for

Farming Insights Precision Insights
Crop Intel: Al- Agri Weather: Agri Price: Agri Trends:
Powered Insights Smart Climate Smarter Market Unlock the Past,
for Smarter Insights for Insights for Predict the
Farming Better Farming Maximum Profit Future

Fig. 1: System Architecture

Il. SYSTEM DESIGN

The system aims to assist farmers by leveraging Al-
powered analytics to improve decision-making in farming.
It is structured in a hierarchical manner, with a core
decision-making module leading to specialized insights. As
in Fig:1 The key components of the system include agri
metrics, smart harvesting, crop intel, smart climate, agri
weather, agri price and agri trends. Agri Metrics is the
primary module of the system and serves as its foundational
component. It is designed to provide key farming insights,
likely derived from Al models analyzing multiple data
sources. The smart harvesting component allows farmers to
select their crop and year for obtaining precision insights. It
customizes recommendations based on user inputs. The
crop intel component is framed to provide Al-powered
insights for smarter farming, possibly covering, price
prediction crop recommendations, climate analysis. The
smart climate insights for better farming, likely including
weather predictions, drought risk analysis, and rainfall
forecasting is achieved by The smart climate insights for
better farming, likely including weather predictions,
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drought risk analysis, and rainfall forecasting by agri

weather component. The agri price component offers
smarter market insights for maximum profit, providing real-
time price trends, demand forecasting, and best-selling
strategies. The agri trends unlocks historical data to predict
future trends, helping farmers anticipate market shifts and
plan ahead.The system is designed with a structured
decision-making process that optimizes response retrieval
by leveraging OpenAl’s vector storage and embeddings.
The flow begins at the Interface (Streamlit), where a user
submits a query. If the system is online, the next decision
node checks whether the query has been previously asked.
This is crucial for optimizing response time and reducing
redundant computations. If the query has been previously
stored, the system retrieves the corresponding response
from the Vector Database and returns it to the user. If the
query is new, it is forwarded to OpenAl, which processes
the request and generates an appropriate response. This
response undergoes vectorization and is stored in OpenAl
Vector Storage, where embedding generation occurs.
Embeddings play a significant role in improving search
efficiency and response relevance, as they convert textual
queries into high-dimensional numerical representations
that facilitate quick and accurate retrieval. The processed
embeddings are subsequently stored in the Vector Database
(DB) for future retrieval. This database functions as a long-
term memory, enabling the system to recognize previously
asked queries efficiently. Additionally, a retrieve chat
history mechanism ensures that users can access prior
interactions, enhancing the conversational continuity and
user experience.

This system’s architecture effectively integrates machine
learning-based retrieval with traditional database storage,
leveraging OpenAl’s language models and vector
embeddings to improve accuracy and response time. The
decision nodes and storage mechanisms ensure a balance
between real-time processing and optimized retrieval,
making the system both scalable and efficient. The flow of
system shown in fig. 2 outlines a structured pipeline that
minimizes redundant processing, enhances response
efficiency, and leverages embeddings for intelligent query
handling, thereby improving the overall user experience in
conversational Al applications.

The primary interface is user interface, developed by
using streamlit, which provides a simple, intuitive chat-
based interaction model for farmers. The system supports
multiple Indian languages to overcome linguistic barriers.
When a user submits a query, the system first checks if it
has been previously asked. If so, it retrieves the response
from a Vector Database, reducing redundant API calls. If it
is a new query, it is processed using OpenAl’s LLMs. The
generated response is then stored for future reference. The
system utilizes OpenAl's vector storage for efficient data
retrieval. The text is converted into embeddings using
advanced Al models, which are then stored in a VectorDB.
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This allows for fast and relevant retrieval of information.
By using external weather forecast APIs and existing
market trend APIs, the system provides timely information
that assists farmers in making good decisions.Predictive
analytics is used to recommend optimal sowing and
harvesting periods. One of the major challenges in
implementing Al-based solutions for Indian farmers is
language diversity. The system supports multiple Indian
languages using fine-tuned LLMs, enabling seamless
communication for users in different regions.

USER

INTERFACE OPEN Al

CPEMNAI
WECTOR
STORAGE

!

EMBEDDING
GEMERATION

WECTOR
DB

RETRIEVE
CHAT HISTORY

Fig. 2: System flow diagram

Batch processing is essential for handling large datasets
efficiently, ensuring that the data is processed in
manageable chunks instead of all at once:

B={R, |i=k,k+1.., k +batchsize} @

where: B is a batch of rows,
Ri represents an individual row,
k is the starting index of each batch.

Total number of batches:

N

= 2)
BatchSize

B

Text Embedding should convert structured information
into a vector space that can be employed in similarity
search or in machine learning applications:
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T = format(Y,AV,U,1,E,D) (3)

where: T is the formatted text,

Y, A, V, U, I, E, D represent the Year, Area, Value,
Unit, Item, Element, and Domain fields of the row,
respectively.

Sentence Transformer Embedding:
E. =f(T) (4)
where: Er is the resulting embedding vector,
f is the embedding function.

Inserting the processed data into AstraDB after batch
processing is key:
C«CuB (5)
where: C is the AstraDB collection,
B is the batch of documents being inserted.

111. RESULT ANALYSIS

The proposed Al-powered assistant has been tested
across multiple scenarios, including crop selection, year
selection, and market trend analysis. The multilingual
capabilities significantly improved user engagement and
adoption, especially in rural areas. Key findings include:

e Reduction in Information Gaps — Farmers gained
access to real-time, expert-level guidance tailored to
their specific needs.

e Improved Decision-Making -  Al-generated
intelligence optimized resource allocation, reducing
costs and enhancing yields.

e Improved Accessibility — The multilingual interface
removed language barriers, allowing more farmers to
benefit from Al-driven recommendations.

e Scalability — The architecture supports large-scale
deployment, ensuring that more users can access the
service without performance degradation.

o FarmAssist: Your Al Agricultural Assistant

Fig. 3: Chatbot User Interface (FarmAssist)

FarmAssist is an Al-powered agricultural chatbot that
provides real-time insights, market impact analysis, and
data-driven recommendations with AstraDB integration,
NLP-based smart query handling, and multilingual support,
it helps farmers, researchers, and agribusinesses make
informed decisions and predict future trends.
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It uses OpenAl key for multilingual support, enabling
seamless language translation and region-specific query
responses, ensuring accurate and accessible agricultural
insights.

i o i

T Tl e o T A1 o T e 1 T T 1T g % 1, o el i T g Wb 17

1. yfty 7 e

o YfrmI o R o
« AR WA T 3

2 fftatam.

o pHERIE B R 31 so s b diagaky

fftam dr A
SR BT |

Fig. 4: Multilingual translation, delivering precise, region-specific
agricultural insights.
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Fig. 5: Answering queries in local languages

Farm  Assist leverages OpenAl's  multilingual
capabilities to answer queries in local languages, tailoring
responses based on the specified region. It ensures precise,
region-specific insights with controlled data length and
creativity, making agricultural knowledge accessible to all.

Prefored Language

give the craps grown nthe region

-4 o Jowar (Sorghum}: st

o Bajra (Pearl Millet): Grownin

Location (Optional) 1. Pulses:

Region/State ¢ Tur [Pigeon Pea]: Com

grown i the Vidarbha region.
o Gram [Chickneal: Grown in variaus narfs during the Rahi seasan
Maharastra

Reset Comversation

Fig. 6: FarmAssist Expand Scope

It is an intelligent GenAl-driven agricultural chatbot
that delivers region-specific, multilingual insights using
OpenAl's API. It dynamically adjusts response length and
creativity based on user preferences, ensuring precise and
actionable recommendations for farmers, researchers, and
agribusinesses.
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Fig. 7: Climatic condition of the region

It provides real-time climatic conditions for a specified
region, delivering insights in the local language using
OpenAl’s API key and multilingual support. By integrating
regional weather data, it provides accurate information of
temperature, rainfall, humidity, and other climatic factors of
importance, which allow the farmers to make appropriate
agricultural decisions.

Select what you'd like to know:

© Area harvested: Total land area used for cultivation (hectares)
Yield: Production per unit of land (hg/ha)
Production: Total quantity produced (tonnes)
Producing Animals/Slaughtered: Available inventory (tonnes)
Stocks: Current stock available (tonnes)
Yield/Carcass Weight: Weight of carcass produced per unit of animal (kg)
Milk Animals: Total number of milk-producing animals (head)
Laying: Total number of laying hens (head)

Continue

Restart Application

Fig. 8: Select Your Agricultural Metric (Agri Metrics)

Module allows users to retrieve key agricultural metrics,
including area harvested, yield, total production, livestock
inventory, stock availability, carcass weight, and
poultry/milk animal counts. Integrated with real-time data
sources, it provides precise, region-specific insights for
informed decision-making in farming.

Hey there! | see you're interested in the area harvested. Could you please select a crop category? We have data
for various categories like cereals, pulses, fruits, and more. Once you choose a category, let me know which
specific crop you're curious about!

Select specific crop

Cassava, fresh v

Select the year

2023

Restart Application

Fig. 9: Enter Your Query for Precise Agricultural Insights (Smart
Harvest)

The query input module allows users to enter specific
agricultural queries, which are processed to retrieve
relevant data from a AstraDB and connected to Open Api
key. Upon receiving a query, the system dynamically

fetches, filters, and processes the data based on the selected
metrics.
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Hey there! | see you're interested in the area harvested. Could you please select a crop categon ve data for various categories like

cereals, pulses, fruits, and more. Once you choose a category, let me know which specific crop you're curious about!
Select specific crop

Cassava, fresh

Cassava, fresh

Peas, green

Chillies and peppers, dry (Capsicum spp., Pimenta spp.),, raw

Sorghum

Tea leaves

Coffee, green

Nutmeg, mace, cardamoms, raw

/ Fig. 10: Explore Crop Data by Metrics

This module dynamically fetches crop names and
related metrics from AstraDB, ensuring accurate and real-
time agricultural insights. Users can select different metrics
and the system retrieves the corresponding crop data from
the connected database.

Hey there! | see you're interested in the area harvested. Could you please select a crop category? We have data for various

s like cereals, pulses, fruits, and more. Once you choose a category, let me know which specific crop you're curious about!

fic crop

Cassava, fresh

1864
1865

1366

Fig. 11: Track Crop Data Across Years (1960-2023)

For each specified crop, the system dynamically
retrieves available years (1960-2023) from AstraDB,
enabling real-time access to historical agricultural data.
This ensures accurate trend analysis and informed decision-
making.

Cassava, fresh - Area harvested (2023)

2023 Cassava, fresh Area harvested

166,000.00 Official figure

Weather Analysis  Price Predictions  Historical Trends

Search Web for Additional Data

Start New Search Try Different Metric

Restart Application

Fig. 12: Analysing Data

Farmer Analysis Dashboard dynamically retrieves
agricultural data from AstraDB, leveraging OpenAl for
multilingual insights. It intersects with web information,
price forecasts, weather data, and past trends, offering real-
time, Al-based decision-making for farmers and
agricultural businesses.
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Web Search Results =
1. Global Production Context

¢ Global Area Harvested: Cassava is primarily cultivated in tropical regions, with an estimated global area
harvested of approximately 30 million hectares in 2023. This is consistent with previous years, indicating

stability in cultivation practices.
¢ Major Producing Regions: The largest producers of cassava are:

o Africa: Nigeria remains the world's largest producer, accounting for about 20% of global production,
followed by the Democratic Republic of Congo and Ghana.

o Asia: Thailand and Indonesia are significant contributors, with Thailand being the largest exporter.

o Latin America: Brazil and Colombia also play a crucial role in cassava production.

o Changes from Previous Years: The area harvested in Nigeria has seen a slight increase of about 5%
Fig. 13: Agri Web Insights

It fetches real-time agricultural data from World
Bank’s API, uses OpenAl for Al-driven summaries, and
leverages Redis Cloud as a cache manager for faster data
retrieval and reduced API latency, ensuring seamless access
to global agricultural insights.

Current Weather Conditions

Temperature tumidit Wind Speed

33.2°C 13% 2.23m/s

T-Day Forecast

| Al Recommendations

Weather Impact Analysis for Cassava - Seedling Growth Stage

. Wi 2,23 m/s

« Conditions: Clear sky

Fig. 14: Agri Weather Analysis

Insights connect to a Weather API and agriculture
databases to provide real-time weather conditions,
forecasts, and Al-driven crop growth analysis. It delivers
region-specific agricultural insights, helping farmers
optimize planting and growth strategies based on climate
conditions.

Prediction Summary
Expected decreasing trend with 40.99% change over the next 2 years

Model Confidence

86.77%

Predicted Values

Year Predicted Value
0 2,024 130,288.42
1 2,025 76,880.84

Fig. 15: Agri Price Prediction

It leverages Linear Regression with trend and cyclical
features to forecast crop prices for the next two years. It
provides model confidence scores to indicate prediction
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reliability, ensuring Al-driven market insights for smarter
agricultural decision-making.

Also, it analyses 7 years of historical crop data to track
growth trends, maximum increases, and declines. It
provides trend visualizations and calculates the overall
percentage change, helping farmers and stakeholders make
data-driven agricultural decisions.

Historical Trends

Summary Statistics <

Time Range Average PeakValue

2016-2023 179,125.00 204,000.00

Historical Data .

2016 20400000 ha
2017 199,000.00 ha
2018 173,000.00 ha
2,019 163,000.00 ha
2,020 173,000.00 ha

5 2021 183,000.00 ha
Trend Visualization

—_

Trend Analysis

Total Change

-38,000.00

¥ -1863%

Fig. 16: Agri Historical Trends

The performance analysis of the system is listed in table
1. The examination is done on different agri metrics of
harvested area, yield, total quantity produced, available
inventory, stocks, weight of carcass produced per unit of
animal (kg), total number of milk-producing animals, total
number of laying hens across crop name, year, price
prediction, location, agri weather analysis and agri
historical trend.

V. COMPARISON WITH LITERATURE

The proposed system utilizes large language models
chatbot with Astra DB database for efficient data storage
and multilingual support. It enables advanced queries,
offers real-time farm-related information, and offers
contextually sensitive suggestions for intelligent farming.
The accuracy is used as performance metric for assessment.
The proposed system provides accuracy of 94%. The
FarmSense work is compared with the existing systems in
briefly listed in table 2.
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Table 1: Performance Analysis

Agri Metrics Crop Names Year Agri Price Location Agri Weather Agri Historical
Prediction Analysis Tends
Area harvested: Total land area used Cassava, fresh 2023 76,880.24 Satara Temp:33.64°C -38,000.00
for cultivation (hectares) Humidity:17% -18.63%
Yield: Production per unit of land Sesame seed 2022 848.5 Kolkata Temp:31.96°C 133.50
(hg/ha) Humidity: 48% 33.95%
Production: Total quantity produced Cashew nuts, in shell 2018 1153141.82 Kokan, Temp: 2.67°C 111,000.00
(tonnes) Maharsatra Humidity: 95% 16.54%
Producing Animals/Slaughtered: Meat of chickens, 2023 2798676.28 Jammu and Temp:17.46°C 570,802.00
Auvailable inventory (tonnes) fresh or chilled Kashmir Humidity: 28% 23.50%
Stocks: Current stock available Buffalo 2020 111387517.98 Satara Temp: 33.64°C 1,688,496.00
(tonnes) Humidity: 17% 1.53%
Yield/Carcass Weight: Weight of Meat of goat, fresh or 1999 232.86 Udupi, Temp: 33.26°C 29.00
carcass produced per unit of animal chilled Karnataka Humidity: 47% 26.13%
(k)
Milk Animals: Total number of milk- Raw milk of camel 2023 46833.77 Rajasthan Temp: 33.42°C -956.00
producing animals (head) Humidity: 11% -1.98%
Laying: Total number of laying hens Hen eggs in shell, 2023 693668.89 Kolhapur Temp: 37.17°C 287,223.00
(head) fresh Humidity: 17% 75.06%
Table 2: Comparison with Literature
Ref. Paper Title Methodology Accuracy | Limitations
No. (%)
[2] Agribot: A Generative Neural Agribot is a GNN- and NLP-based artificial intelligence chatbot | 70% Limited Real-time
Network for Agriculture( Arora | that helps farmers make decisions on crop selection, weather, Adaptability
et al. (2020)) pests, and market conditions through interactive question- Data Dependency
answering.
[3] AgriBot - An Interactive NLP chatbot using the assistance of Al to support | 78% Language barriers,
Interface (Sawant et al.) farmers.language queries, understands context, and gives farming dependency on training
recommendations using pre-trained models. data
[7] Machine Learning-Based Machine learning and NLP-based mobile chatbot to assist | 85% Struggles with dialects
Mobile Chatbot for Farmers farmers. text-based queries, learns from users, and optimizes
(Usip etal.) responses for better adaptability.
[19] Output Sentence Generation The proposed research prescribes an SMT methodology to | 74% Accuracy depends on the
for QA Systems( Yamada & produce well-defined, contextually appropriate responses in QA quality of training data,
Arakawa (2013)) systems in an effort to enhance NLP interactions. with errors in intricate
queries.
[23] AgriBot: Agricultural QA NLP question-answering system for agriculture based on machine | 86% Struggles with nuanced
System (Jain et al.) learning and deep learning to process farmer questions and queries
generate context-sensitive answers.
[25] Crop Yield Prediction Using Machine learning to predict crop outputs from historical data, soil | 75.55% Sensitive to input quality
ML (Medar et al.) characteristics, and weather patterns through supervised models
to give more precise data to help farmers
[26] A Survey on Chatbot Systems Al chatbots in agriculture are presented based on their NLP | 78% Challenges include
for Agriculture( Niranjan et al. approach, response strategies, and the integration of the language barriers, data
(2019)) agricultural database to help farmers. dependency, and real-time
adaptability issues.
Proposed FarmSense: Al-Enhanced LLM chatbot with Astra DB for efficient data storage and | 94%
System Decision Support for Farmers multilingual support. It enables advanced queries, offers real-time
farm-related information, and offers contextually sensitive
suggestions for intelligent farming.
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V. CONCLUSION

This work explored the development of an Al-powered
agricultural assistant that integrates real-time weather
analysis, crop  recommendations, historical  data
visualization, and price forecasting within a multilingual
Streamlit application. The assistant leverages GPT-based
language models for query interpretation, Linear
Regression for price prediction, Redis for fast caching,
AstraDB for scalable storage, and Deep Translator for
multilingual accessibility. The model achieved a high
accuracy of 94%, demonstrating strong reliability. These
findings confirm that the integration of advanced Al
models with traditional machine learning and modern data
platforms can significantly improve agricultural insights
and decision-making.
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