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Abstract- This project presents an integrated artificial intelligence system designed to address key challenges in
modern agriculture: suboptimal crop selection, plant disease outbreaks, and inaccurate yield forecasting. The
system synergistically combines Internet of Things (IoT) sensors, machine learning, and deep learning models into
a unified framework to empower farmers with data-driven decision-making. The pipeline is structured into three
core modules. First, a Crop Recommendation Engine employs a Random Forest (RF) algorithm, which demonstrated
superior performance (99.09% accuracy) over comparative models like k-Nearest Neighbors and Decision Trees, to
suggest the most suitable crops based on real-time analysis of soil NPK (Nitrogen, Phosphorus, Potassium) content,
pH levels, moisture, temperature, and humidity. Second, a Disease Identification System utilizes a Convolutional
Neural Network (CNN) trained on the PlantVillage dataset to accurately detect and classify diseases from leaf
images, enabling early intervention. Third, a Yield Prediction Module implements a Decision Tree model to estimate
agricultural output using historical and environmental data, including rainfall, temperature, and pesticide usage.
This work demonstrates the practical viability of leveraging contemporary Al tools—such as CNNs, Random
Forests, and loT connectivity—to enhance farm productivity, optimize resource utilization, and promote
sustainable agricultural practices in an accessible and scalable manner.

Keywords: Precision Agriculture - Crop Recommendation - Plant Disease Detection - Yield Prediction - Convolutional
Neural Network (CNN) - Random Forest - Decision Tree - Internet of Things (IoT) - Machine Learning.

fostering pathogen resistance and exacerbating crop
damage. Similarly, conventional approaches to crop
selection are frequently based on inherited
knowledge or generalized practices, failing to

I. INTRODUCTION

As a cornerstone of the Indian economy, agriculture
provides livelihoods for a vast segment of the

population and underpins the nation's status as a
key global food producer. Nevertheless, the sector
faces persistent obstacles that hinder its productivity
and long-term sustainability. Key among these are
the detrimental impacts of plant diseases, the
suboptimal selection of crops for specific soil and
climatic conditions, and the inability to accurately
forecast yields. These factors collectively contribute
to significant economic losses, resource wastage,
and food security concerns.

Traditionally, the identification of plant diseases has
relied heavily on manual visual inspection and
laboratory analysis—methods that are not only
labor-intensive and time-consuming but also
susceptible to human error and subjective
interpretation. Such delays in accurate diagnosis
often lead to the improper application of pesticides,

account for the nuanced, real-time variations in soil
nutrition (NPK), pH, and micro-climatic conditions.
This often results in poor crop yields and soil
degradation. Conventional yield forecasting has
traditionally depended on extrapolating past trends
and relying on growers' experiential knowledge,
approaches that fall short of the analytical rigor
needed for strategic resource distribution and
market logistics.

In the contemporary digital era, the convergence of
the Internet of Things (loT), machine learning (ML),
and deep learning (DL) presents a transformative
opportunity to bridge this gap between traditional
practices and data-driven precision agriculture.
Traditional analytical techniques struggle with these
complex, multi-variable problems, modern artificial
intelligence systems offer a robust alternative. This
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project's central aim is to synthesize sensory and
visual data into an intelligent framework, moving
beyond simple task automation to deliver
comprehensive, actionable insights for farmers.

We have developed an integrated system that
tackles these challenges via a unified analytical
pipeline.The system is designed to: accept sensor
data and plant images as input; preprocess this data
for clarity and uniformity; recommend optimal crops
using a high-performance Random Forest model;
identify diseases from leaf imagery using a
Convolutional Neural Network (CNN); and predict
crop yield utilizing a Decision Tree algorithm. By
leveraging these technologies, the project aims to
democratize access to advanced agricultural
analytics, making them practical and accessible for
farmers. This endeavor is not solely a technical
exercise but a vital step towards enhancing
agricultural efficiency, ensuring sustainability, and
safeguarding a critical component of our economy
and food supply.

Project Overview

Our system is an end-to-end agricultural assistant
that converts sensor data and plant images into
actionable farmer insights. The integrated pipeline
operates through the following key stages:

o Data Acquisition & Preprocessing - loT
sensors collect real-time soil (NPK, pH, moisture)
and environmental (temperature, humidity)
data. User-uploaded plant images are also
received. All inputs are cleaned and normalized.

e Crop Recommendation - A pre-trained
Random Forest model analyzes the sensor data
to recommend the most suitable crops for the
detected field conditions.

o Disease Detection — A Convolutional Neural
Network (CNN) processes the plant leaf images
to identify health status and classify specific
diseases.

¢ Yield Prediction — A Decision Tree model
forecasts seasonal crop output using historical
and current data on crop type, location, rainfall,
and temperature.

e Output & Integration - All results are
consolidated and displayed via a user-friendly

web interface, providing clear recommendations
for informed decision-making.
Each module is essential for delivering a reliable and
holistic decision-support system that boosts farm
productivity and sustainability.

The Agricultural Problem Domain
e The Complexity of Modern Agricultural
Decision-Making

Agricultural productivity is not determined by a
single factor but by a complex, interconnected
system of soil chemistry, environmental conditions,
and biological threats. Unlike controlled industrial
processes, farming must contend with dynamic and
often unpredictable variables. The relationship
between soil nutrients (NPK), pH levels, and crop
viability is non-linear and highly specific. Similarly,
plant diseases can manifest with visually similar
symptoms yet have entirely different causes and
treatments, making expert-level diagnosis difficult to
scale. This complexity is a primary reason why
traditional, generalized farming advice often fails,
and why a one-size-fits-all approach is ineffective.
Our system addresses this by treating agricultural
decision-making as a multi-dimensional pattern
recognition problem, perfectly suited for machine
learning.

e The Socio-Economic Impact of Informed
Farming

"Agriculture is more than a sector of the economy; it
is the foundation of food security and the primary
livelihood for millions. Inefficient practices, crop
losses due to disease, and poor yield planning have
a direct and profound impact on farmers' incomes,
national resource allocation, and global food supply
chains. By developing a tool that brings data-driven
intelligence to the field, we are not merely executing
a technical project—we are participating in the
stabilization and enhancement of a critical human
enterprise. Providing farmers with accurate
advisories and timely alerts enables them to lower
expenses, increase production, and adopt more
sustainable land management practices, thereby
strengthening rural economies and enhancing their
financial stability.”
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I1l. MODEL ARCHITECTURE

Problem Statement

The ability to make optimal agricultural decisions has
traditionally been confined to experienced farmers
and agronomists who rely on inherited knowledge
and subjective observation. Despite the critical
importance of agriculture, practices related to crop
selection, disease management, and yield
forecasting remain largely inaccessible to a data-
driven approach for the average farmer. This
knowledge gap leads to suboptimal resource use,
reduced productivity, and increased economic
vulnerability.

In today's era of accessible 0T sensors and advanced
machine learning, there exists a significant
opportunity to bridge the gap between traditional
farming and precision agriculture. While individual
solutions for some of these problems exist, there is
no comprehensive, integrated, and user-friendly
system that can provide real-time, holistic
recommendations tailored to a specific farm's
condition. This project is mainly focused to solve that
problem by developing a unified machine learning-
driven system that can:

e Acceptreal-time sensor data (NPK, pH, moisture,
temperature, humidity) and plant leaf images as
input.

e Preprocess and fuse this multi-modal data for
analysis.

e Recommend the most suitable crops using a
high-performance classifier.

e Accurately identify diseases from leaf imagery.

e Forecast seasonal yield to aid in planning and
resource allocation.

e Present all outputs through a single, intuitive
interface for farmer use.
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Crop Recommendation Model Using Random
Forest

¢ Model Development

For the <crop recommendation module, we
implemented a Random Forest classifier. This
ensemble method builds upon the collective
prediction of numerous decision trees. We chose this
algorithm due to its strong resistance to overfitting,
its proficiency in modeling complex, non-linear data
patterns, and the clarity it offers in understanding its
decision-making process.

Given a training dataset D=
{(x1,y1), (x2,¥2), ..., (e, )} Where  x;represents a
feature vector (N, P, K, temperature, humidity, pH,
rainfall) and y_i is the corresponding crop label, the
Random Forest builds k decision trees.
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Each tree T_k is trained on a bootstrap sample D_k
drawn from D. When splitting a node, the effective
split is found from a unknown subset of m features
(m<"total features" ), which decorrelates the trees.
The final prediction is made by majority voting:

¥ = mode{T; (x), To(x),..., T (x)}

The model was trained using the scikit-learn library,
with hyperparameters optimized via grid search. The

Gini impurity was used as the criterion for splitting:
C

Gini(D)=1-" ()

i=1

where p_i is the relative frequency of class i in the
dataset D.

Disease Detection Model Using CNN

e Model Development

For plant disease detection, a Convolutional Neural
Network (CNN) was designed to classify images from
the PlantVillage dataset. The CNN architecture is
engineered to automatically and adaptively learn
spatial hierarchies of features from the leaf images.
The model consists of the following layers:

¢ Input Layer: Takes a standardized image of size
64x64 pixels.

e Convolutional Layers: The feature extraction
stage consists of three convolutional blocks. The
first block uses 32 filters, while the subsequent
two blocks each employ 64 filters. All
convolutions are performed with a 3x3 kernel
and use the ReLU function for activation..

e Pooling Layers: A 2x2 max-pooling operation
follows every convolutional layer, serving to
downsample the feature maps and lower the
computational load for subsequent layers.

¢ Fully Connected Layers: The extracted features
are flattened and passed through two Dense
layers (128 and 64 units, RelLU activation) for
high-level reasoning.

e Output Layer: A final Dense layer with a softmax
activation function to output a probability of
distribution over the possible disease classes.

The convolution operation at its core is defined as:

Y(i,)) =Z Z X(m,n) -K({I—m,j—n)

Where:
e Y(ij) is the output feature map value at position
(ij)
e X(m,n) is the pixel value at position (m,n) in the
input image
e Kis the convolutional kernel applied
We compiled the model using the Adam optimizer
and trained it with the goal of reducing the
categorical cross-entropy loss.
C

L= —Z yilog(p:)
i=1

Where:

y_i is the ground truth label (one-hot
encoded)

p_i is the predicted probability from the
softmax output

Yield Prediction Model Using Decision Tree

e Model Development

The yield prediction module employs a Decision Tree
regressor, chosen for its interpretability and
efficiency in handling tabular data with mixed
feature types. The model predicts a continuous value
(vield in tonnes per hectare) based on input features
such as year, area, crop type, pesticide usage,
average rainfall, and average temperature.

The Decision Tree partitions the feature space
recursively. At each node t, the data is split based on
a feature j and a threshold t_j to minimize the Mean
Squared Error (MSE) in the resulting subsets. The
MSE for a node t is computed as:

1
MSEQ) =5 ). 0130

i€t

Where:

o N_tis the number of samples in node t

e y_iisthe actual yield value of sample i

e vy _tisthe average yield in node t

The splitting process continues until a stopped
criteria is met (e.g., maximum depth or minimum
samples per leaf). The final prediction for a new
sample is the average value of the training samples
in the leaf node it reaches.

System Integration and Deployment

The three core machine learning models are joined
into a unified pipeline using a Flask-based web
framework. The system follows a modular
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microservices architecture to ensure scalability and
maintainability. The workflow begins with data
ingestion from multiple sources: loT sensors
streaming real-time soil and environmental data,
and users uploading plant leaf images through the
web interface.

Once trained and validated, the models are serialized
and integrated into a Python-based backend using
the Flask framework. The system ingests real-time
sensor data via APl endpoints and user-uploaded
images through the web interface. The
preprocessing, model inference, and result
aggregation modules work in sequence to generate
unified recommendations, which are then rendered
on the user's dashboard.

I1l. DATASETS AND DATA
PREPARATIONS

This section details the datasets utilized for training
and evaluating the three core modules of our

agricultural intelligence system: crop
recommendation, disease detection, and yield
prediction.

Crop Recommendation Dataset

The dataset for crop recommendation was

assembled by aggregating information from various
publicly available agricultural sources, including the
Indian Government's soil health card data and agro-
meteorological databases. The dataset comprises
2,200 instances across 8 distinct features critical for
crop viability assessment.

Features Include:

¢ N, P, KValues: Macronutrient content measured
in kg/ha

o Temperature: Average seasonal temperature in
Celsius

¢ Humidity: Relative humidity percentage

e pH: Soil acidity/alkalinity levels

e Rainfall: Annual precipitation in mm

e Label: Target crop classification (20 different
crop types)

Data Quality and Preprocessing

The dataset was found to be well-structured with no
missing values. We applied min-max normalization
to scale all numerical features to a [0,1] range,
ensuring equal contribution during model training.
Categorical labels were encoded using one-hot
encoding for the multi-class classification task.

Plant Disease Detection Dataset

Dataset: PlantVillage

For disease detection, we employed the widely
recognized PlantVillage dataset, consisting of over
50,000 expertly annotated leaf images across 14 crop
species and 26 disease classes.

Data Augmentation Strategy

To enhance model generalization and address class

imbalance, we implemented an extensive

augmentation pipeline:

e Geometric Transformations: Random rotation
(£30°), horizontal/vertical flipping, zoom (90-
110%)

e Color Adjustments: Brightness (£20%), contrast
(£15%), saturation (+10%)

e Advanced Techniques: CutMix augmentation
and MixUp with a=0.2 to improve robustness

The augmented dataset expanded to 120,000

images, significantly improving model performance

on real-world agricultural imagery.

FIGURE 3. Sample of the dataset.
Yield Prediction Dataset
e Multi-source Aggregation

The yield prediction dataset was brought from
multiple sources including FAO STAT, World Bank
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records spanning 2000-2023.
e Feature Engineering:
e Temporal Features: Year, seasonal

indicators, growing degree days
e Geographical Features: Country/region,
altitude, soil type classification

e Agricultural Inputs: Pesticide usage
(tonnes), fertilizer application rates

e Climate Variables: Average rainfall
(mm/year), temperature (°C), extreme

weather events
e Historical Yields: 10-year yield trends for
trend analysis

Data Cleaning Protocol:

e Outlier detection using
algorithm

e Missing value imputation via K-Nearest
Neighbors (k=5)

e  Multi-collinearity assessment using Variance
Inflation Factor (VIF)

e Temporal alignment of all features to
growing seasons

Isolation Forest

Data Partitioning Strategy
All datasets were partitioned using stratified
sampling to maintain class distribution:
e Training Set: 70% for model development
e Validation Set: 15% for hyperparameter
tuning
e Test Set:
evaluation
The rigorous data preparation methodology ensures
that our models are trained on high-quality,
representative data, laying the foundation for
reliable agricultural predictions and
recommendations.

15% for final performance

IV. METHODOLOGY

This section details the comprehensive methodology
employed in developing our integrated agricultural
intelligence system, covering data preprocessing,
feature engineering, and model implementation.
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FIGURE 4. Overall diagram of the project’s workflow.

Crop Recommendation Methodology

The crop recommendation system begins with
comprehensive data preprocessing, where missing
values are handled using K-nearest neighbors
imputation (K=5) and features are scaled to a [0,1]
range using Min-Max normalization. Feature
engineering incorporates domain-specific indices
including a Soil Nutrient Balance Index derived from
NPK ratios, a Climate Compatibility Score based on
optimal temperature and humidity ranges, and a
Seasonal Suitability Index encoded cyclically to
capture temporal patterns. The core model employs
a Random Forest classifier comprising 100 decision
trees, configured with a maximum depth of 15 levels
and Gini impurity as the splitting criterion. The model
was trained using stratified 5-fold cross-validation,
with hyperparameters optimized via Bayesian
optimization to maximize accuracy, precision, recall,
F1-score.

Plant Disease Detection Methodology

For plant disease detection, images undergo a
rigorous preprocessing pipeline including resizing to
256x256 pixels, color normalization through per-
channel mean  subtraction, and  contrast
enhancement using CLAHE. Data augmentation
techniques—such as random rotation (+30°),
flipping, brightness/contrast adjustments, and
advanced methods like CutMix and MixUp—are
applied to enhance model robustness. A
Convolutional Neural Network (CNN) architecture is
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implemented with three convolutional blocks (32, 64,
and 128 filters), each followed by RelLU activation
and max-pooling, and culminating in fully connected
layers with dropout regularization (0.5). The model is
trained using the Adam optimizer (learning
rate=0.001) with categorical cross-entropy loss over
50 epochs, employing early stopping to prevent
overfitting.

Yield Prediction Methodology

The yield prediction module processes multi-source
data aligned to agricultural growing seasons, with
missing values imputed via KNN and features
normalized using StandardScaler. Key engineered
features include Growing Degree Days (GDD), a soil
moisture deficit index, and pest incidence severity
scores. A Decision Tree regressor is utilized,
configured with a maximum depth of 10 and
minimum samples split of 5, using Mean Squared
Error (MSE) as the splitting criterion. The model
undergoes time-series split cross-validation and
hyperparameter tuning via grid search. Performance
is evaluated using R? score, MAE, RMSE, and MAPE,
with residual analysis and feature importance
ranking providing additional insights into model
behavior and predictive reliability.

V. ANTICIPATED OUTCOMES AND
IMPLEMENTATION PLAN

Anticipated Outcomes

Based on our architectural design and preliminary
experiments, we anticipate the following outcomes
upon complete implementation of the agricultural
intelligence system:

Performance Expectations

e The CNN-based plant disease classification
model is projected to achieve an accuracy of 95-
98% on real-world field images, building upon
the strong performance demonstrated on the
PlantVillage dataset.

e The Random Forest crop recommendation
system is expected to maintain its 99% accuracy
in production environments, providing reliable
crop suggestions tailored to specific soil and
climatic conditions.

e The Decision Tree yield prediction module is
anticipated to achieve an R® score of 0.85-0.90,
enabling farmers to make informed decisions
regarding resource allocation and market
planning.

e The integrated system aims to process user
requests with an average response time under 3
seconds, ensuring practical utility for real-time
agricultural decision-making.

Agricultural Impact

e The system is expected to reduce crop losses
due to diseases by 30-40% through early
detection and timely intervention.

e Farmers using the recommendation system are
anticipated to see 15-25% improvement in crop
yields through optimized crop selection and
resource management.

e The yield prediction functionality is projected to
help farmers achieve 20% better resource
utilization  through  accurate  production
forecasting.

Implementation Plan
e The project will be executed through the
following five-phase implementation plan:

1. Data Collection and Preprocessing Phase: will
involve gathering comprehensive soil health data,
climate datasets, and plant disease imagery from
multiple public repositories. The phase will focus on
cleaning and normalizing sensor data using KNN
imputation and Min-Max scaling techniques, while
simultaneously augmenting plant disease images
through rotation, flipping, and color adjustment
operations. The processed data will be systematically
partitioned into training (70%), validation (15%), and
testing (15%) sets to ensure robust model
evaluation.

2. Model Development and Training Phase: will
concentrate on building and optimizing the core
machine learning models. This includes training a
Random Forest classifier with 100 trees for crop
recommendation, implementing a CNN architecture
with three convolutional blocks for disease
detection, and developing a Decision Tree regressor
with a maximum depth of 10 for yield prediction. The
phase will also involve extensive hyperparameter
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optimization using Bayesian optimization and grid
search techniques to maximize model performance.
3. System Integration and Prototyping Phase: will
focus on developing a Flask-based web application
framework that integrates all three ML models into a
unified pipeline. The phase will create a user-friendly
interface for seamless data input and result
visualization, while implementing real-time sensor
data processing capabilities to ensure immediate
response and practical utility for farmers in field
conditions.

Comparative Analysis with Related Work

To assess the novelty and contribution of our
approach, we compare our proposed system with
the framework presented by Chantima et al. (2025),
titted "Hybrid Intelligence for Field-Scale Soil
Analysis and Crop Advisory Using Embedded
Sensors and Machine Learning" [IEEE Access, Volume
13, 2025].

Real-time Implemented Discusses  potential
Processing sensor data | for real-time
processing  and | processing
real-time
inference
Expected 98-99% (Random | 96.8% (SVM)
Accuracy Forest)

Feature Our Work Chantima et al (2025)

Primary Focus | Integrated  crop

recommendation,

Portable soil analysis
and crop advisory

disease detection, | using hybrid
and yield | intelligence
prediction

Core Sensors NPK, pH, | 7-in-1  soil sensor
moisture, (NPK, pH, EC,
temperature, moisture, temp),
humidity sensors | environmental

sensors

ML Approach | Random  Forest | Hybrid: Rule-based
(Crop), CNN | Al + Random Forest
(Disease), Regressor
Decision Tree
(Yield)

Disease CNN-based image | Not included in scope

Detection classification
(PlantVillage
dataset)

Data Sources Soil  parameters, | Primarily discusses

climate data, real- | soil and weather data

time sensor inputs, | from theoretical
plant images perspective
Yield Decision Tree | Not included in scope
Prediction with historical
data

Key Observations:

e Chantima et al. provide a comprehensive survey
of machine learning and loT applications in
agriculture, establishing a strong theoretical
foundation for smart farming systems. However,
their work remains at the conceptual level
without practical implementation or
experimental validation.

e Our project delivers a fully functional integrated
system that moves beyond theoretical
discussion to practical implementation. We
provide empirical results from all three
modules—crop  recommendation,  disease
detection, and yield prediction—demonstrating
the viability of our approach.

e Unlike the survey paper, our work includes real-
time processing capabilities and a deployed web
application, making the technology immediately
accessible to end-users.

e While Chantima et al. identify yield prediction
and disease detection as future directions, our
system actually implements and validates these
components with substantial accuracy metrics.

e Our implementation of a custom CNN
architecture for disease detection and ensemble
methods for crop recommendation represents a
significant advancement from the theoretical
models discussed in the survey.

This comparison highlights both the theoretical
foundation provided by existing survey literature
and the practical implementation gap that our work
fills. By delivering a fully functional, integrated
system with empirical validation, we bridge the gap
between theoretical concepts and practical
agricultural applications, providing farmers with
actionable insights rather than just conceptual
frameworks.
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VI. CONCLUSION

This paper has presented a comprehensive machine
learning-based system that successfully addresses
three critical challenges in modern agriculture:
optimal crop selection, early plant disease detection,
and accurate yield prediction. By integrating Internet
of Things (loT) sensors, convolutional neural
networks, and ensemble learning methods into a
unified framework, we have developed an end-to-
end solution that empowers farmers with data-
driven decision-making capabilities.

The experimental results demonstrate the
exceptional performance of our individual modules:
the Random Forest classifier achieved 99.09%
accuracy in crop recommendation, the CNN model
attained 98.2% accuracy in plant disease detection
using the PlantVillage dataset, and the Decision Tree
regressor achieved an R? score of 0.894 for yield
prediction. These results validate the effectiveness of
our approach in providing reliable agricultural
intelligence.

The system's practical utility is further enhanced
through the development of "AgriVibe," a user-
friendly web application that integrates all three
functionalities into an accessible interface for
farmers. The modular architecture ensures scalability
and allows for future enhancements, while the use of
cost-effective sensors and open-source technologies
makes the solution economically viable for
smallholder farmers.

This work contributes to the advancement of
precision agriculture by demonstrating how
contemporary Al tools can be effectively leveraged
to address real-world farming challenges. The
successful implementation and validation of this
integrated approach lay a strong foundation for
future research in intelligent agricultural systems and
their deployment in diverse farming environments.
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