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Abstract: Agriculture is essential in developing countries but faces challenges like crop diseases, low yields, and poor resource
management. These issues often arise from limited access to timely information and expert advice. An Al-based system addresses
these problems by helping farmers make informed, data-driven decisions. It detects crop diseases from leaf images using deep
learning models like CNN and MobileNetV2. It also recommends suitable crops based on environmental factors such as soil
nutrients, pH, temperature, and rainfall. Additionally, it provides personalized fertilizer suggestions based on soil and crop needs.
Built with Python and Flask, the system uses real agricultural datasets and features a simple web interface. Docker is used for
easy deployment and scalability. This integrated solution promotes sustainable farming and reduces guesswork and costs. It aims
to improve productivity and support rural farmers with accessible, Al-powered tools.

Keywords: AgriGo, Artificial Intelligence (Al), Machine Learning (ML), Deep Learning, Computer Vision, Data Science, Smart
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I.  INTRODUCTION

Agriculture is a critical pillar of rural economies, especially in countries like India where a significant part of the population relies on it
for their livelihood. However, farmers today are under immense pressure due to increasing crop diseases, soil degradation, and
unpredictable environmental conditions. These challenges, if left unaddressed, lead to poor yields, financial instability, and food
insecurity. Traditional farming practices often rely on experience and guesswork, which may not be enough to deal with modern
agricultural problems. That’s where technology, especially artificial intelligence (Al), can play a major role in transforming the way
farming decisions are made.

Recent advancements in Al and machine learning have made it possible to develop intelligent systems that analyse data and offer
accurate predictions and recommendations. In the agricultural sector, this means identifying crop diseases early through image
analysis, recommending the best crops to grow based on soil and climate data, and guiding fertilizer usage to optimize soil health.
These tools not only reduce human effort but also bring consistency and precision to farming. This project Al-Driven Crop Disease
Prediction and Management System is developed with the goal of offering farmers a practical, Al-powered solution that can help
improve decision-making, reduce losses, and increase productivity.

A. Modern Agriculture and Al's Role

Al has become a powerful ally in agriculture by bringing data-driven intelligence into the hands of farmers. With machine learning
models trained on real-world data, farmers can now predict crop outcomes, detect diseases from images, and get precise
recommendations tailored to their soil and crop conditions. The integration of Al not only saves time but also makes farming more
scalable, efficient, and responsive to changing environmental factors.

Traditionally, identifying crop diseases required expert intervention and lab testing, which are often expensive or unavailable in rural
areas. Through Al-based image recognition models, farmers can now upload a photo of an affected crop and get instant insights into
the disease and possible treatments. Similarly, machine learning algorithms can analyze data on rainfall, temperature, soil nutrients,
and suggest which crops are most suitable for that region.

B. Broader Impact

Beyond its technical functionality, this project contributes to the long-term vision of sustainable and smart agriculture. By helping
farmers make informed choices, the system reduces the risk of crop failure and promotes the responsible use of fertilizers and water. In
the long run, this can improve food security, increase income for rural communities, and support the environmental health of
agricultural lands.
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This system can be expanded further to support regional languages, integrate with mobile apps, and cover more crops and fertilizers.
With proper outreach and adoption, tools like this can redefine agriculture in the 21st century making it smarter, more efficient, and
more inclusive.

Fig. 1.2 : Overview of Al in Agriculture

C. Focus of the Project

This project is centered around creating a complete Al-based system that addresses three major pain points in agriculture disease
management, crop selection, and fertilizer application. While many existing tools focus on just one aspect, this system brings
everything together in a single, easy-to-use platform. The goal is not just to provide predictions, but also to ensure those predictions
are relevant, reliable, and helpful to the farmer at every stage of the cultivation cycle.

For crop disease detection, the system uses pre-trained deep learning models like MobileNetV/2 that analyze images of crop leaves to
identify diseases with high accuracy. These models are trained on thousands of labeled images from open datasets and are fine- tuned
for specific crops like tomato, potato, corn, apple, and more. This allows for fast, on-the-spot diagnosis using a simple image upload.
The crop recommendation module uses soil nutrient data such as nitrogen, phosphorus, potassium levels alongside weather conditions
(temperature, humidity, rainfall) to suggest the best crops to grow. This is particularly useful in areas where weather patterns are
changing and traditional farming instincts are no longer sufficient.

1. LITERATURE SURVEY

In recent years, artificial intelligence has revolutionized several sectors, and agriculture is no exception. The integration of Al and
machine learning (ML) into farming practices is enabling data-driven solutions to traditional challenges such as disease identification,
crop selection, and resource optimization. This chapter reviews existing Al-based approaches in three major areas: crop disease
detection, crop recommendation, and fertilizer recommendation, along with emerging trends, research insights, and existing gaps.
Crop disease detection has evolved from manual inspection to Al-powered image analysis using deep learning models, particularly
Convolutional Neural Networks (CNNs). Models like ResNet, InceptionVV3, and MobileNetV2 can classify diseases from leaf images
with over 98% accuracy, as seen in initiatives like PlantVillage. These models are effective in real-time and can be deployed on
mobile devices for use directly in the field. However, they rely on large, high-quality, and well-labeled datasets and may struggle
with poor image quality or unfamiliar disease types.

Crop recommendation systems use ML algorithms such as Random Forest, SVM, Naive Bayes, and XGBoost to analyze features
like soil nutrients (NPK), pH, temperature, humidity, and rainfall to suggest the most suitable crops. These systems adapt well to
regional data and can reduce crop failure by recommending crops suited to current conditions.
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Despite their effectiveness, they are highly dependent on accurate and up-to-date environmental data, which may not always be
accessible in rural areas. Fertilizer recommendation combines rule-based systems with machine learning to suggest appropriate
fertilizers based on soil composition and crop type. Models like logistic regression and decision trees analyze NPK levels and
environmental inputs to recommend fertilizers such as Urea or DAP. Systems like India's Soil Health Card have demonstrated large-
scale deployment. These Al solutions help minimize overuse, promote soil health, and reduce input costs. However, they require
current and localized soil data and regular updates to remain effective. Emerging trends in Al agriculture include mobile-first
solutions for field use, hybrid Al systems combining image and tabular data, the use of region-specific datasets for better accuracy, and
cloud integration for scalability and centralized data management. Projects like PlantDoc, FarmAl, and e-Krishi are already
incorporating these trends, offering disease identification, crop suggestions, and real- time alerts via mobile or web platforms. Gaps in
existing systems include a narrow focus on single-use cases (e.g., only disease detection), lack of integration between image-based
and data-based systems, limited availability of localized datasets, and usability barriers for non-technical users. This highlights the
need for a comprehensive, user-friendly platform that combines disease detection, crop recommendation, and fertilizer guidance into a
unified system.

Approach Methodologies Comments

Crop Disease Detection Convolutional neural networks Effective for visual analysis,
(CNNS) deep learning with image | leaf and plant disease detection
datasets

Crop Recommendation Machine learning on Uses soil, weather data to
environmental parameters recommend suitable crops

Fertilizer Recommendation Rule-based  systems  and Provides optimal fertilizers and
learning from soil and crop inputs | application rates

1. PROPOSED METHODOLOGY

This chapter presents the overall methodology used to develop the Al-Driven Crop Disease Prediction and Management System
(AgroAl). The system is designed to help farmers make smarter decisions through an integrated web-based platform powered by
artificial intelligence and machine learning. It consists of three main modules: Crop Recommendation, Fertilizer Suggestion, and
Crop Disease Detection. Each of these modules is powered by a dedicated model trained on domain-specific datasets sourced from
publicly available agricultural repositories. The architecture follows a modular approach, allowing individual components to work
independently while still contributing to a unified platform. The system was built using Python, Flask, TensorFlow, and scikit-learn,
with Bootstrap used for the front-end interface. Below is a breakdown of the methodology followed in designing and implementing
the system.

A. System Architecture

The AgroAl platform follows a client-server architecture, where the user interacts with a front-end web application, and the back-
end handles Al model predictions and processing. The web interface collects input data (like soil details or crop images), passes it to
the corresponding Al module, and returns the result in a clean, user-friendly format.

AT ENGINE
[ 4 Crop
Web = Recommendation
Interface
Fertilizer
USER Recommendation

Crop Disease

Prediction

Fig. 3.1: System Design Framework
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B. Workflow Overview

1) User Input: The farmer provides input either as environmental values (e.g., NPK, pH, rainfall) or an image of a plant leaf.

2) Model Selection: Based on the task selected (crop, fertilizer, or disease), the request is routed to the respective ML or DL model.

3) Prediction: The model processes the input and provides a prediction.

4) Response: The prediction is interpreted and returned to the user in simple terms. Each module has its own workflow and is
explained in detail below.

C. Data Sources
Using the following datasets, the models were trained and evaluated.

Module Dataset Source

Crop Recommendation Kaggle (Crop Recommendation Dataset)

Fertilizer Recommendation Kaggle (Fertilizer Recommendation Dataset)

Crop Disease Detection Kaggle (Plant Village Dataset — Augmented)
Table 3.3: Datasets

1) Crop Recommendation Dataset

e Source: Kaggle - Crop Recommendation Dataset

e  Size: ~2,200 rows

e Format: CSV (Comma-Separated Values)

This dataset includes environmental data and the corresponding crop best suited for those conditions. It contains the following
features:

e N: Nitrogen level in the soil

e K: Potassium level

e  Temperature: The region's average temperature (°C)
e Humidity: Relative humidity (%)

e  pH: Soil pH value

e Rainfall: Annual rainfall (mm)

e  Crop: Target label (e.g., rice, maize, cotton)

2) Fertilizer Recommendation Dataset

e Source: Kaggle — Fertilizer Prediction Dataset

e  Size: ~1,000 entries

e Format: CSV

This dataset contains fertilizer usage patterns mapped to specific combinations of soil properties and crop types. Key fields include:
e Crop Name

e Soil Type (e.g., Black, Red, Sandy, Loamy)

e N,P, Klevels

e  Temperature & Humidity

e  Fertilizer Needed (target output)

3) Crop Disease Image Dataset (Plant Village)

e Source: Kaggle —Plant Village Dataset (Augmented)

e Size: Over 50,000 labeled images

e Format: JPEG/PNG image files organized in folders

This widely used dataset includes high-resolution images of crop leaves both healthy and diseased across multiple classes. Crops
included: 1. Tomato 2. Apple 3. Potato 4. Corn 5. Pepper 6. Grape 7. Strawberry 8.Cherry 9. Peach
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4) Preprocessing Techniques Applied

Across all datasets, the following preprocessing steps were applied to ensure model quality and consistency:

e Missing Value Handling: Rows with missing or corrupt data were removed or corrected.

e Scaling: Environmental data (NPK, pH, temperature) was normalized using StandardScaler.

e Image Augmentation: For disease detection, images were rotated, zoomed, and flipped using ImageDataGenerator to increase the
robustness of the model.

e Train-Test Splits: Each dataset was divided into training and testing sets to validate the models effectively.

D. Deployment Options

1) Local Deployment: Using Python and Flask with a virtual environment.

2) Docker Deployment: A Dockerfile is provided to build and run the system in a containerized environment. This makes the app
scalable, portable, and easy to deploy in the cloud.

E. Key Benefits of the Methodology
1) Modular Design: Each model works independently, enabling easy updates and scalability.
2) Lightweight Models: Optimized for performance on low-end devices.
3) User-Friendly Interface: Designed to be accessible to farmers with minimal tech background.
4) Real-World Relevance: Built using real datasets and scenarios to ensure practical usefulness.

V. RESULTS AND DISCUSSION
The development and implementation of the AgroAl platform yielded encouraging results across all three core modules crop
recommendation, fertilizer suggestion, and crop disease detection. This chapter presents a critical analysis of the system's
performance, user experience, and overall alignment with the project’s intended goals. The results validate the reliability of the
models and demonstrate the platform’s readiness for real-world usage in agricultural decision-making.

A. Crop Recommendation Results

The crop recommendation model was trained using a supervised machine learning approach specifically, the Random Forest
Classifier which was chosen for its ability to handle non-linear relationships and high-dimensional data. During testing, the model
consistently achieved an accuracy of approximately 98%, correctly predicting the optimal crop based on soil nutrient levels (NPK),
pH, temperature, humidity, and rainfall. Confusion matrix analysis showed strong performance across major crop categories such as
rice, maize, cotton, and sugarcane, with minimal misclassifications. The results confirmed that the model generalized well and
handled variations in environmental data without significant accuracy loss. This indicates that the system can effectively guide
farmers in crop planning, particularly in areas with variable or unpredictable agro-climatic conditions.

B. Fertilizer Recommendation Results

The fertilizer recommendation system was evaluated using a decision tree classifier trained on a dataset that maps soil and crop types to
appropriate fertilizer options. The model reached an average accuracy of over 93% during testing. Since this task also involved
categorical inputs, label encoding was applied to normalize soil and crop types for the algorithm.

The model performed particularly well when predicting common fertilizer blends such as Urea, DAP, 17-17-17, and 28-28, offering
high, the model returned context-specific recommendations, showing its ability to handle exceptions. These results suggest the model is
reliable for making personalized fertilizer suggestions that can lead to more efficient resource use and improved soil health.

C. Crop Disease Detection Results

Among all modules, the crop disease detection system provided the most technically intensive and visually driven results. The model,
based on MobileNet\VV2 CNN architecture, was trained using the Plant Village dataset and tested with images uploaded through the
web interface. The model achieved an average classification accuracy of 95-96% across different crop diseases, including Tomato
Leaf Mold, Apple Scab, and Corn Rust. The results confirmed the model’s robustness even in the presence of image noise, background
variation, or poor lighting issues often found in real-world farming scenarios. The model’s lightweight architecture enabled quick
predictions, making it suitable for use even on mobile or low-resource devices. This module fulfills a critical role in the system,
allowing farmers to visually diagnose issues early and take appropriate action before crop loss occurs.
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D. Confusion Matrix Analysis

The confusion matrix is a powerful visualization tool used to evaluate the performance of the multi-class classification model
developed for crop disease prediction. Each row of the matrix represents the actual disease class, while each column represents the
predicted class. A perfect classification model would result in a diagonal matrix, where all values lie along the diagonal, indicating
100% accurate predictions. In our simulated scenario with five disease classes, the confusion matrix highlighted the model’s strength
in correctly identifying certain diseases, while also exposing areas of confusion where the model misclassified one disease as
another. These off-diagonal values are particularly useful for error analysis, as they show which disease pairs are most frequently
confused. This may suggest a visual or symptomatic similarity in those disease classes, warranting either more refined training data
or model tuning.

E. ROC Curve and AUC Analysis

The ROC (Receiver Operating Characteristic) curve provides a graphical representation of the diagnostic ability of the classifier as its
discrimination threshold is varied. For a multi-class classification problem like ours, ROC analysis was performed in a one-vs-rest
manner for each of the five disease classes. Each ROC curve plots the true positive rate (sensitivity) against the false positive rate (1-
specificity), allowing us to evaluate the model’s performance across all thresholds.

The AUC (Area Under the Curve) score is a scalar value summarizing the ROC curve an AUC of 1.0 denotes a perfect model,
whereas a value of 0.5 indicates no discriminative power. In our evaluation, the AUC scores for different classes ranged between
0.80 and 0.95, reflecting strong model performance in distinguishing between healthy and diseased crops.
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V. CONCLUSION

The Al-Driven Crop Disease Prediction and Management System (AgroAl) was developed with the aim of solving some of the most
persistent and critical challenges faced by farmers: deciding what crop to plant, how to manage fertilizers efficiently, and how to
detect crop diseases early. Through the integration of machine learning and deep learning models into a simple, accessible web-based
platform, this project has demonstrated that artificial intelligence can be made both practical and impactful in the context of modern
agriculture. Over the course of development, the system successfully brought together three powerful modules crop recommendation,
fertilizer suggestion, and image-based disease detection each powered by well-trained models using real-world datasets. The results
have shown high levels of accuracy, relevance, and usability. The web interface ensures that the system remains farmer-friendly,
while the backend architecture ensures flexibility and scalability for various deployment environments, from local machines to cloud-
based servers via Docker.

One of the major achievements of AgroAl is its modular and extensible design, which makes it easy to improve or expand individual
modules without needing to rebuild the entire system. The overall solution is lightweight, cost-effective, and practical for real-world
deployment, especially in resource-constrained or rural settings where such support tools are most needed. More importantly, AgroAl is
a proof-of-concept for how emerging technologies can be applied to create smart farming solutions that go beyond just predictions
offering guidance, reducing risk, and improving productivity in agriculture. It embodies the shift from intuition-based to data-driven
farming and encourages the digital transformation of agricultural practices.
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