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Abstract: Agriculture is the backbone of many developing countries, yet small and marginal farmers
face persistent challenges such as low productivity, limited access to modern farming knowledge, poor
soil and pest management, and lack of awareness about government schemes. To address these issues,
this paper presents AgriPath, an Al-based agriculture companion that offers real-time, location-specific,
multi-language support. Delivered through a cartoon chatbot, AgriPath enables farmers to interact via
voice and text in their local language to receive timely guidance on climate conditions, crop selection,
market trends, and agricultural policies. The system leverages Natural Language Processing (NLP),
machine learning, and computer vision to analyze soil images and identify pests using deep learning
models trained on agricultural datasets. Its modular design includes a Chatbot Interface, Pest
Recognition Unit, and Soil Assessment Engine, all integrated into a scalable cloud-based infrastructure.
The application is accessible via mobile and web platforms, built using Kotlin/Java for Android and
React Native, and powered by TensorFlow, OpenCV, Firebase, MySQL, and voice recognition APIs. By
bridging the digital divide, AgriPath empowers farmers with actionable insights, fostering improved
productivity, sustainable practices, and long-term food security

Keywords: Al agriculture assistant, multiple languages , image processing , CNN, RNN, OpenCV, RGB
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I. INTRODUCTION

Agriculture is a key sector in the majority of economies, particularly in developing economies where agriculture is
depended upon by most people. Despite this, poor productivity, inaccessibility of information, and unawareness of
government programs are some of the challenges that hold back progress, mainly among smallholder farmers. The
coming of artificial intelligence (AI) and digital technologies presents a chance to close the knowledge gap and
transform agricultural practice. This article introduces AgriPath, a multilingual Al farm assistant that offers real-time
assistance to farmers. By combining a chatbot interface and pest and soil analysis modules, the system employs
machine learning, image processing, and speech technologies to offer actionable insights to enhance decision-making,
increase productivity, and facilitate sustainable farming.

Soil analysis is the scientific analysis of the soil components for determining its physical as well as chemical
characteristics, e.g., water content, pH, nutrient content, and texture. In contemporary precision farming, digital soil
analysis is supplemented with sensors as well as image processing technology, which enables quick, non-destructive
diagnostic analysis. Farmers may photograph soils through mobile apps, which are then analyzed through Al models to
identify soil fertility, moisture content, as well as crop compatibility. Precise soil analysis allows for smart irrigation,
fertilization, and crop choice decisions, ultimately resulting in higher yield and sustainable agriculture.

Leaf-based disease and pest detection is an important aspect of plant health monitoring. The system employs image
processing and deep learning techniques—specifically convolutional neural networks (CNNs)—to detect visual
symptoms such as spots, blemishes, and deformities on leaves. By interpreting pictures of ill crops taken, the model is
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able to detect notable crop pests or diseases and suggest the corresponding treatment. This lessens dependence on
human diagnosis, accelerates response, and prevents extensive crop destruction, particularly in the case of smallholder
farmers who have poor access to specialized advice.

A smart agricultural chatbot is a smart digital assistant for offering customized farming advice through conversational
interfaces. It utilizes Natural Language Processing (NLP) and multilinguality to communicate with users in local
languages through text and voice. The chatbot is capable of answering agricultural-related questions, providing weather
forecasts, providing crop recommendations based on soil type, and information regarding government schemes or
market price. Through its integration with cloud services and real-time databases, this module provides farmers
instantaneous access to correct location-based information, leading to well-informed decisions and enhanced
productivity.

Artificial Intelligence (AI) optimizes and automates several agriculture activities. In this project, image classification
(CNN for leaves), decision-making (Random Forest for crop recommendation), and speech processing (NLP for chatbot
conversation) are facilitated by Al models. Al models are trained using actual agricultural data and regularly updated to
offer improved accuracy for use in the field. Al empowers farmers by transforming raw data into useful information
that assists them in optimizing farm management, minimizing wastage of resources, and maximizing yield.

The app is designed with mobile access in mind, using frameworks such as Android (Java/Kotlin) and React Native for
ease of use. The mobile application allows farmers to communicate with the chatbot, upload leaf or soil images, and get
real-time response. Firebase cloud solutions and back-end databases such as MySQL save data, authenticate users, and
participate in real-time communications. The mobile-first approach is employed to enable even rural farmers who have
basic smartphones to use the solution.

II. RELATED WORKS
Technology advancement in Artificial Intelligence (AI), machine learning, and digital instrumentation has significantly
contributed to modern agriculture. These technologies find more and more applications in a broad range of
applications—from crop disease identification to pest status tracking, from monitoring soil health conditions to
advisory input to farmers.
Several studies on machine learning and computer vision were carried out for crop disease identification. Temniranrat
et al. [1] developed a real-time rice disease diagnosis system using the YOLOv3 model integrated into a chatbot. It
performed better than 78% with images directly taken from rice fields and worked well under actual conditions.
Recently, Gonzalez-Rodriguez et al. [2] in a review recently reviewed the role of Al for plant disease diagnosis and
concluded that convolutional neural networks (CNNs) provide robust high accuracy to detect plant disease visual
symptoms. In their report, they highlighted the importance of image-based detection to identify the condition in an early
stage to allow early intervention and treatment.
Focusing on the diagnosis of pests and diseases based on leaf photos, Esgario et al. [3] suggested a mobile app that uses
deep learning to diagnose coffee leaf disease. The method had a rate of over 97% accuracy, which reflects the potential
of Al-enabled smartphone-based tools for small farmers who may not have easily accessible access to experts or
laboratory equipment.
Besides graphical aids, Natural Language Processing (NLP) is also making farming advisory platforms more
conversational and user-centered. Samuel et al. [4] introduced AgroLLM, an open-source multilingual chatbot with a
big language model and augmented by Retrieval-Augmented Generation (RAG). The platform enables farmers to query
in their languages and receive applicable, real-time answers, thereby bridging the gap between farmers and expert
materials.
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Fig. 1. Literature Review
While these previous efforts demonstrate the significant potential of Al to tackle core farming issues, they have
generally aimed to address a single issue—at either disease identification or advisory guidance. AgriPath proposes to
bring together several Al-driven functions—soil analysis, detection of pests and diseases via leaf images, and an
multilingual chatbot—under a single umbrella. This integrated system provides end-to-end assistance to farmers,
supporting decision-making, productivity, and the filling of the gap between conventional farming methods and
advanced Al technologies.

III. SYSTEM MODEL
This chapter presents the primary functional components of the Agricultural Bot Generation System, grouped into three
critical modules: Chatbot Module, Pest Detection Module, and Soil Detection Module. All modules use artificial
intelligence methods, hence it is a combined smart agriculture solution.

3.1 Chatbot Module

1.Training-Dataset

A well-structured and properly annotated dataset of agricultural questions—Ilike crop management, pest control,
weather forecasts, and government policies—is formed. The dataset is used to train the chatbot to provide contextually
relevant answers.

2. Query-Pre-processing

User queries are pre-processed through Natural Language Processing (NLP) operations like tokenization, stop-word
removal, and stemming. These processes remove redundant information and keep meaningful tokens that are critical to
precise classification.

3. RNN-Classification

Recurrent Neural Networks (RNNs) categorize the filtered queries. The RNN model learns sequence patterns in the
dataset and detects the user intent, allowing dynamic and context-aware responses.

4. Answering-System

Depending on the classified intent, the system generates the most suitable response from the knowledge base. The
responses are provided in various formats such as text, speech, and animated graphics, adding to user interaction and
comprehension—particularly for semi-literate users.
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Fig. 2. Chatbot Module

3.2 Pest Detection Module

1. Image-Acquisition

The farmer submits the infested leaf images through the mobile application. It is the first input to the pest and disease
detection module.

2. Pre-processing

Uploaded image is converted into grayscale and is subjected to median filtering to remove visual noise. This is
performed to enhance the clarity and integrity of the image analysis process in the following stages.

3. Segmentation

The system separates the infected section of the leaf from the rest of the image. Such localized extraction helps in
avoiding the classifier being trained on something other than infected areas.

4. ANN-Classification

A large set of pest-diseased crop images is used to train an Artificial Neural Network (ANN). The model classifies
visual features of the segmented image into certain pest or disease classes.

5. Pest-Detection

The detected pest by the ANN model is validated and appropriate treatment recommendations are generated. This can
include chemical pesticides or organic options, thus facilitating early and informed intervention.

Grayscale conversion Pest Control Pest Control

A

i dimag

Peagia 171

Fig. 3. Pest Detection Module
3.3 Soil Detection Module
1. Image-Analysis
The system processes soil images uploaded via the mobile app. It examines textural and color features of the soil
sample in order to deduce quality parameters.
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2. RGB-Extraction

RGB color values are extracted from the image. These values are used as visual representations of soil fertility and are
utilized as inputs to predictive modeling.

3. pH-and-Soil-Analysis

The system correlates RGB values with pH estimates and overall nutrient status of the soil. This allows for detection of
soil conditions—acidic, neutral, or alkaline.

4. Random-Forest-Training

A Random Forest classifier is trained on a labeled dataset that maps RGB and pH values to the corresponding soil
fertility levels. The model enhances accuracy in classifying complex and non-linear soil data.

5. Soil-Classification

The new soil samples are classified using the trained model. The system provides appropriate crops and fertilizer
applications based on the chemical composition and fertility of the soil.

SOIL PREDICTION SOIL PREDICTION SOIL PREDICTION

Heogam: | 118 Chmsification 163

- 119 BEASTEGITT Seatzing (62 Sai+ aam

o9 T00csTzRTETIS Festure Veon 3905 et yes

PHResit . betal

Fig. 4. Soil Detection Module
3.4 Flowchart
The flowchart illustrates the operation of the Al-driven farming bot, from user input (voice or text), NLP processing, to
delivering targeted outputs like pest identification, soil testing, crop management recommendations, and details on
government schemes.
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Fig. 5. Flowchart
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VI. IMPLEMENTATION
The implementation of the AgriPath system involves a comprehensive development pipeline integrating multiple
technologies across mobile, backend, and machine learning environments. The process is structured into setup,
development, model integration, API creation, and testing phases to ensure robust and scalable performance.
The development begins with setting up the necessary software infrastructure. WAMP Server is installed to provide a
local environment for hosting the backend and managing databases via phpMyAdmin. The MySQL database is
structured into normalized tables to support chatbot interactions, user profiles, pest diagnosis records, soil data, and
system logs. Simultaneously, Python (v3.10) and essential libraries including TensorFlow, OpenCV, scikit-learn, and
Flask are installed to support model development and API hosting. The Java SDK and Android Studio are set up to
build the mobile application, and dependencies such as Retrofit for network communication, Firebase for optional real-
time database support, and various Ul libraries are added.
The Android application is developed using Java and Kotlin for native performance, with the user interface segmented
into three core modules: chatbot interaction, pest image upload, and soil analysis. A user authentication system is
embedded to manage access through unique credentials and secure sessions. The chatbot is designed using an animated
character to enhance engagement and includes voice-based input and output using Android's Text-to-Speech and
Speech Recognition APIs. Users can type or speak queries in multiple languages, which are captured and sent to the
backend for analysis.
In Fig 2,Textual input undergoes preprocessing in Java, including normalization, tokenization, removal of stopwords,
and lemmatization. These processed inputs are sent to a Flask-based Python API, which hosts a Recurrent Neural
Network (RNN) model trained on a curated dataset of agricultural frequently asked questions (FAQs). The model
classifies the intent of the query, and based on this classification, the appropriate response is fetched from the MySQL
database and returned to the mobile application.
In Fig 3,For pest identification, users upload leaf or crop images through the app. These images are processed using
OpenCV techniques such as grayscale conversion, Gaussian blurring to remove noise, and segmentation to isolate the
region of interest. Key features are extracted using color histograms and texture descriptors, which are passed to an
Artificial Neural Network (ANN) model trained on a custom dataset of labeled pest images. The identified pest
category is mapped to its corresponding treatment recommendation, which is then retrieved from the database and
displayed to the user in both textual and audio formats.
In Fig 4,Soil analysis is handled through an image-based interface where users capture a photo of the soil sample. RGB
features are extracted from the image and used in two predictive models: a regression model to estimate soil pH, and a
Random Forest classifier to categorize the soil type. The predictions are matched with a pre-compiled crop
recommendation dataset that suggests suitable crops and fertilizers for the identified soil characteristics.
All classification results and user interactions are logged and stored in MySQL tables, ensuring traceability and
enabling future analytics. To enable modularity and scalability, separate Flask APIs are developed for each functional
module—chatbot, pest detection, and soil classification. These APIs communicate with the Android frontend via secure
HTTP endpoints. A middleware layer written in Java handles API calls and manages data conversion between app and
backend.The entire system is tested extensively in a local environment hosted through WAMP Server. Functional, unit,
and integration testing are carried out to verify the reliability of the components. User authentication and session
management are also implemented to ensure secure access. This implementation architecture ensures a seamless user
experience, real-time processing, and scalable system performance for deployment in rural agricultural settings.
In Fig 6 , The system, "Agricultural Bot Generation System," utilizes image and text processing and machine learning
classifiers to produce automated agricultural question answers. The steps are as follows:
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Fig. 6. system Architecture
1. Data Collection
The system collects agricultural data from two primary sources: image inputs and textual inputs. Image inputs consist of
photographs showing infected leaves, crops, or soil conditions, while textual inputs include user-submitted questions,
descriptions of crop problems, or explanations of farming methods.

2. Pre-processing

Before analysis, the collected data undergoes pre-processing. For images, this involves normalization, resizing, and
feature extraction to ensure they are ready for analysis. Text inputs are processed using natural language processing
techniques such as tokenization, removal of stopwords , and lemmatization, which help in understanding the context
and meaning of user queries.

3 Model Training and Classification

Once the data is pre-processed, it is routed through a trained server where three machine learning models work in
parallel to classify the inputs. The Artificial Neural Network (ANN) is used for recognizing visual patterns, making it
suitable for identifying plant diseases or assessing soil health. The Recurrent Neural Network (RNN) handles sequential
or time-based text data effectively, providing deeper understanding of user inputs. The Random Forest algorithm,
known for its robustness, handles mixed data types and improves classification accuracy through ensemble learning.

4. Bot Generation and Response

Based on the outputs from these models, the system generates relevant responses through a chatbot. These responses
are presented in a simple and understandable format for the end users. They include useful recommendations and
identifications related to plant wellness, soil status, and suitable agricultural practices, enabling farmers to make
informed decisions in real time.

VII. RESULT
The computerized farm bot powered by Al addresses farmer queries in different languages effectively with proper
identification of pests, soil inspection, crop care guidance, and information on relevant government schemes.
Integration of image processmg with Al-based algorithms like Convolutional Neural Networks (CNN) for pest
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identification and Random Forest for soil analysis ensures precision, enhancing the productivity and decision-making
skills of farmers.
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VIII. CONCLUSION
The project showcases the possibility of Al and machine learning to empower small farmers by offering cost-effective,
real-time farm guidance. The chatbot, being multilingual with strong pest and soil analysis functionality, is a vital tool
in improving agricultural farming, optimizing resource productivity, and linking farmers with useful government
schemes, leading to sustainable agriculture practices and enhanced livelihoods.

IX. FUTURE WORK

Future enhancements of the AgriPath system aim to expand its capabilities and accessibility. Plans include increasing
the size and diversity of the training dataset to cover more regional crops, pests, and soil conditions, thereby improving
the accuracy of Al predictions. The chatbot functionality will be extended to support more Indian languages and
dialects through advanced multilingual NLP models, enabling better communication with farmers in their native
tongues. Additionally, voice recognition and translation tools will be refined to handle local accents and variations more
effectively.

The system will also integrate with real-time data sources like weather APIs, IoT sensors, and satellite imagery to
deliver dynamic, context-aware advice. A personalized farmer dashboard is under development to track historical data,
crop status, pest alerts, and recommendations. An offline version of the app is planned using edge computing, ensuring
usability in low-connectivity rural areas. Large-scale deployment and user trials will be conducted in partnership with
agricultural agencies to validate the system, collect feedback, and iteratively enhance its performance.
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