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Abstract: Machine learning applications are having a
great impact on the global economy by transforming the
data processing method and decision making.
Agriculture is one of the fields where the impact is
significant, considering the global crisis for food supply.
This research investigates the potential benefits of
integrating machine learning algorithms in modern
agriculture. The main focus of these algorithms is to help
optimize crop production and reduce waste through
informed decisions regarding planting, watering, and
harvesting crops. This paper includes a discussion on the
current state of machine learning in agriculture,
highlighting key challenges and opportunities, and
presents experimental results that demonstrate the
impact of changing labels on the accuracy of data
analysis algorithms. The findings recommend that by
analysing wide-ranging data collected from farms,
incorporating online lot sensor data that were obtained
in a real-time manner, farmers can make more informed
verdicts about factors that affect crop growth.
Eventually, integrating these technologies can transform
modern agriculture by increasing crop yields while
minimizing waste. Fifteen different algorithms have been
considered to evaluate the most appropriate algorithms
to use in agriculture, and a new feature combination
scheme-enhanced algorithm is presented. The results
show that we can achieve a classification accuracy of
99.59% using the Baves Net algorithm and 99.46% using
Naive Bayes Classifier and Hoeffding Tree algorithms.
These results will indicate an increase in production rates
and reduce the effective cost for the farms, leading to
more resilient infrastructure and sustainable
environments. Moreover, findings we obtained in this
study can also help future farmers detect diseases early,
increase crop production efficiency, and reduce prices
when the world is experiencing food shortages.

Keywords: crop prediction; machine learning; feature
selection; artificial intelligent; smart farming

L.INTRODUCTION
The integration of Machine Learning (ML) into agr

agriculture is transforming traditional far addressing
key challenges such as food securing farming
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practices, a 1 security, sustainability, and resource
Pratimization. As global populations increase and the
effects of climate change become more pronounced,
improving crop management is critical. Smart crop
solutions powered by ML are pending precision
agriculture, which optimizes the use of resources like
water, fertilizers, and pesticides while maximizing
crop yields.

Machine learning models can analyse vast datasets,
including soil conditions, weather forecasts, satellite
images, and historical crop yield data, to provide
valuable insights for farmers. These insights help
optimize planting schedules, irrigation management,
pest control, and harvest timing. For example, ML
algorithms can process satellite imagery to detect early
signs of plant diseases or pest infestations, allowing
farmers to take preventive measures, thereby reducing
crop loss and minimizing pesticide use [1].

In addition, ML is used to predict crop yields with high
accuracy, considering various environmental factors
such as temperature, precipitation, and soil quality.
These predictions are crucial for food supply chain
management, helping to ensure that production aligns
with demand and reducing food waste [2]. Al-based
forecasting models have demonstrated significant
potential in predicting crop yields, providing farmers
with actionable insights to make informed decisions
[3].

ML also plays a vital role in optimizing irrigation
systems, particularly in water-scarce regions.
Reinforcement Learning (RL) has been applied to
irrigation scheduling, ensuring that crops receive
optimal water levels without waste, thereby
conserving water resources [4]. Additionally, machine
learning models have been developed to fine-tune
fertilizer application, balancing nutrient delivery to
crops while reducing environmental impacts like soil
degradation and water pollution [5].
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ILLLITERATURE REVIEW

Kamilarsis and Prenafeta-Bolda [1] compared
Random Forest, Decision Trees, and SVM for various
agricultural applications, including yield prediction,
pest detection, and irrigation management. The
authors concluded that while RF generally provides
the best accuracy, Decision Trees offer more
interpretability, and SVM is particularly useful for
complex, non-linear classification  problems.
However, SVM tends to require more computational
resources compared to RF and DT.

Liakos et al. [4] also conducted a comparative study of
these algorithms in yield prediction tasks and found
that Random Forest and SVM outperformed Decision
Trees in terms of accuracy, but Decision Trees were
easier to deploy and interpret. The authors suggested
that for large-scale agricultural applications, RF and
SVM may offer higher performance, while Decision
Trees are better suited for simpler tasks where
transparency is needed.

Shen et al. [7] highlighted that while RF and SVM
showed superior predictive performance in irrigation
scheduling, Decision Trees were preferred for small-
scale systems due to their simplicity and ease of
interpretation.

Gupta et al. (2021) [9] compared the use of RF, DT,
and SVM for predicting irrigation needs based on
weather and soil data. The study found that RF
provided the most accurate predictions for large
datasets due to its ensemble approach, which could
better capture non-linear relationships in the data. DT
was found to be the most interpretable, and the authors
suggested that it was ideal for small- to medium-scale
farms where simple, understandable models were
preferred. SVM performed well in predicting
irrigation needs but was computationally expensive
and less practical for large-scale applications in the
study area.

Nawaz et al. (2020) [10] evaluated the performance of
RF, DT, and SVM for predicting the yield of wheat in
a specific region of Pakistan. They concluded that
SVM outperformed both RF and DT in terms of
predictive accuracy for this crop, especially in
environments with limited data. RF performed well
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with larger datasets but became less interpretable,
making SVM the preferred choice for the study. DT
was easy to interpret but showed relatively lower
accuracy.

Duan et al. (2021) [9] conducted a study on using
SVM for forecasting crop yields based on
meteorological and soil data. They found that SVM
outperformed both RF and DT in predicting the yields
of rice and maize crops, especially in regions with
unstable weather patterns. The study highlighted that
SVM could better capture the complex relationships
between weather conditions and crop growth.

van Klompenburg et al. (2020) [2] performed a
systematic literature review on crop yield prediction
using machine learning. Their review synthesized
findings from numerous studies and confirmed that
ensemble methods like Random Forest are frequently
cited for their high accuracy and robustness. They also
noted the increasing use of deep learning but
emphasized that classical models like SVM and DT
remain highly relevant due to their effectiveness and
lower computational demands for specific datasets.

Rashid et al. (2021) [20] provided a comprehensive
review of machine learning approaches for palm oil
yield prediction. Their analysis showed that SVM and
ensemble models like RF are dominant in the field.
They concluded that SVM is often favored for its
ability to handle high-dimensional data from satellite
imagery and weather stations, while RF is praised for
its resistance to overfitting and its ability to manage
large datasets effectively.

Patel and Patel (2021) [23] presented a comparative
analysis of supervised machine learning algorithms for
agricultural crop prediction. They evaluated models
including SVM, DT, and others, concluding that no
single model was universally superior. The optimal
choice depended on the dataset's characteristics, such
as size and complexity. Their findings reinforced that
SVM excels with complex, non-linear data, whereas
DT provides a more transparent and interpretable
solution.

Priyadharshini et al. (2022) [27] developed an
enhanced crop yield prediction system specifically
using a Linear Support Vector Machine model. The
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study focused on optimizing SVM parameters to
improve predictive accuracy for specific crops. The
authors demonstrated that a well-tuned SVM could
outperform more complex models, offering a balance
of high accuracy and computational efficiency for
targeted prediction tasks.

Yampalla et al. (2022) [30] focused on implementing
a Random Forest algorithm for crop yield prediction.
Their results indicated that RF achieved high accuracy
by effectively handling interactions between various
features like soil type, weather data, and fertilizer use.
They highlighted RF's advantage in providing feature
importance scores, which helps in identifying the most
influential factors for crop yield.

Bhosale et al. (2018) [33] proposed a hybrid approach
for crop yield prediction that combined data analytics
with multiple machine learning models. Their
framework integrated features from various sources
and used an ensemble method, finding that a hybrid
model leveraging the strengths of algorithms like RF
and SVM provided more stable and accurate
predictions than any single model alone.

Su, Xu, and Yan (2016) [40] applied a Support Vector
Machine-based open crop model (SBOCM) for rice
production in China. Their work demonstrated the
power of SVM in modeling complex agricultural
systems. By integrating crop growth parameters with
environmental data, their SVM-based model achieved
high precision in forecasting rice yield, proving its
suitability for complex biological and environmental
datasets.

Ali et al. (2020) [42] utilized a machine learning
approach to estimate managed grassland biomass from
multisensorial remote sensing data. They compared
several algorithms and found that ensemble models
like Random Forest were particularly effective. The
study concluded that RF could accurately process
complex spectral data from satellites to provide
reliable biomass estimates, which is a critical factor for
livestock management and environmental monitoring.

Babber et al. (2022) [21] analyzed various supervised
learning algorithms, including SVM and DT, for crop
prediction and soil quality assessment. Their findings
indicated that SVM generally provided higher

IJIRT 197476

accuracy for prediction tasks due to its proficiency
with non-linear data. However, they recommended
Decision Trees for applications where understanding
the decision-making process is crucial, such as
advising farmers on soil management practices.

III.DATA COLLECTION

The data for this study was sourced from the well-
known open-source data platform, Kaggle, using the
"Crop Recommendation Dataset." This dataset,
originally provided by the Ministry of Agriculture and
Farmers Welfare of India, is contained within a single
CSV file. It is specifically designed to train and test
machine learning models for the task of
recommending the optimal crop based on a set of soil
and environmental features.

This dataset offers a solid basis for the analysis of
agricultural data, the extraction of significant
environmental factors, and the development of models
that can predict the most suitable crop for a given piece
of land. It helps facilitate the testing of various multi-
class classification algorithms and contributes to the
development of automated advisory systems for
precision agriculture.

Dataset Structure

The dataset contains records with the following
columns, representing key soil and climate
measurements:

N: The ratio of Nitrogen content in the soil.

P: The ratio of Phosphorous content in the soil.

K: The ratio of Potassium content in the soil.

temperature: The ambient temperature in degrees
Celsius.

humidity: The relative humidity in percentage.
ph: The pH value of the soil.

rainfall: The total rainfall in mm.
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label: The recommended crop type (e.g., 'rice', 'maize’,
jute', etc.), which serves as the target variable.

Data Summary

Total Records: 2,200

Number of Features: 7
Number of Classes (Crops): 22

This dataset was chosen because it provides a
comprehensive and perfectly balanced sample for a
multi-class classification problem. With 2,200 records
distributed evenly across 22 crop classes (100 samples
per crop), the dataset is free from class imbalance
issues, ensuring that machine learning models can be
trained effectively without bias towards any particular
crop. Its clean structure and inclusion of key
agronomic features make it highly suitable for
building accurate and significant classification
models.

IV.METHODOLOGY

This study aims to develop and evaluate machine
learning models that can accurately recommend the
most suitable crop based on a set of soil and
environmental features. It seeks to establish a baseline
for agricultural prediction and determine the most
effective classification method for this specific task.

1. Dataset Preparation

e The "Crop Recommendation Dataset" was
acquired from Kaggle, a popular open-source
dataset platform, for this investigation.

e The data is contained within a single CSV file,
which includes records of various soil and
climatic conditions.

e There are 2,200 records in total, perfectly
balanced across 22 different crop types (100
samples per crop).

o The dataset's features include key agronomic
indicators like nitrogen (N), phosphorous (P),
potassium (K), temperature, humidity, pH, and
rainfall, providing a robust foundation for
building predictive models.

2. Preprocessing & Data Cleaning
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e Check for Missing Values: An initial check was
performed to ensure there were no null or missing
values in the dataset that could impact model
performance.

e Feature Scaling: To ensure that all features
contribute equally to the model's predictions and
to optimize the performance of distance-based
algorithms like KNN and SVM, the numerical
features were standardized. This process
transforms the data to have a mean of 0 and a
standard deviation of 1.

3. Feature and Target Definition

e The dataset was separated into features (X) and
the target variable (y).

e  Features (X): The seven columns representing soil
and environmental conditions (N, P, K,
temperature, humidity, ph, rainfall).

e Target (y): The label column, which contains the
name of the recommended crop.

4. Splitting the Training and Testing Dataset

e  The dataset was split into training and testing sets
using a split ratio of 80% for training and 20% for
testing.

e Training Set: Used to train the machine learning
models.

e Testing Set: Reserved for an unbiased evaluation
of the trained models' performance.

e Reproducibility: A fixed random_state was used
during the split to ensure that the results are
consistent and can be reproduced in subsequent
experiments.

5. Training the Models

Four different supervised machine learning models

were trained for this multi-class classification task.

e Decision Tree: A non-linear model that splits data
into branches based on feature values to make
predictions. It creates a tree-like
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structure where each internal node represents a
test on a feature (e.g., "Is rainfall < 150mm?"),
and each leaf node represents a crop
recommendation. It is highly interpretable but
can be prone to overfitting.

Support Vector Machine (SVM): A powerful
classifier that works by finding the optimal
hyperplane that best separates the data points of
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multi-class problem like this, it typically uses a
"one-vs-one" or "one-vs-rest" strategy. SVM is
highly effective in high-dimensional spaces and is
robust when there is a clear margin of separation
between classes.
K-Nearest Neighbors (KNN): An instance-based
or "lazy learning" algorithm that classifies a new
data point based on the majority class of its 'k'
nearest neighbors in the feature space. The
"closeness" of neighbors is typically measured
using FEuclidean distance. It is simple to
understand and implement but can be
computationally slow with large datasets.
Random Forest: An ensemble learning method
that operates by constructing a multitude of
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6. Model Evaluation
The performance of each trained model was rigorously
assessed using a standard set of classification metrics.
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Accuracy: The primary metric, which measures
the proportion of total predictions that were
correct.

Additional Metrics:

o Precision: The ability of the classifier not to
label a sample as positive that is actually
negative. For each class, it is

Precision = True Positives / (True Positives
+ False Positives).

o Recall: The ability of the classifier to find all

the positive samples. For each class, it is
Recall = True Positives / (True Positives +
False Negatives).

o F1-Score: The harmonic mean of precision
and recall, providing a single score that
balances both metrics.

F1-Score = 2* Precision *Recall / Precision +
Recall
Model Comparison: These metrics
calculated for each of the four models (Decision
Tree, SVM, KNN, and Random Forest) to

were
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compare their performance on the test set. The
goal is to identify the model that provides the most
accurate and reliable crop recommendations.
7. Implementation Tools
e Programming Language: Python was used for the
entire implementation, leveraging its extensive
ecosystem of data science and machine learning
libraries.
e Libraries Used:
o NumPy: For efficient numerical operations
and handling arrays.
o Pandas: For data loading, manipulation, and
management from the CSV file.
o Scikit-learn: For implementing the machine
learning algorithms (KNN, Random Forest,
SVM, Decision Tree), splitting the dataset,
and computing performance metrics.

1.Decision Tree Classification Report:

o Matplotlib & Seaborn: For creating
visualizations, such as confusion matrices
and performance comparison charts, to
better understand the data and model results.

V.RESULT

The accuracy score, along with precision, recall, and
Fl-score, was used to assess the performance of the
four classification models: K-Nearest Neighbors
(KNN), Random Forest, Support Vector Machine
(SVM), and Decision Tree. When applied to the Crop
Recommendation Dataset, each model showed
differing levels of efficacy in correctly predicting the
optimal crop based on the given soil and
environmental features.

--- Classification Report for Decision Tree ---

precision

apple 1.2
banana 1.00
blackgram 1.ee
chickpea 1.0
coconut 1.0
coffee 1.ee
cotton 1.8
grapes 1.00
jute .95
kidneybeans 1.0
lentil e.86
maize .95
mango 1.0
mothbeans e.86
mungbean 1.0
muskmelon 1.ee
orange 1.ee
papaya 1.ee
pigeonpeas 1.ee
pomegranate 1.00
rice e .95
watermelon 1.ee
accuracy
macro avg .98
weighted avg e.98
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recall Ffil-score support
1.9 1.2 28
1.0 1.0 20
e.80 2.89 22
1.0 1.0 2e
1.0 1.0 20
1.8 1.0 2e
1.8 1.0 2e
1.0 1.e0 22
e.95 8.95 2e
1.0 1.0 2e
e.0e 2.88 20
1.0 2.98 2e
1.0 1.0 2e
2.95 e.90a 20
1.ee 1.e0 2e
1.9 1.0 2e
1.e@ 1.e0 20
1.ee 1.0 2e
1.8 1.2 2e
1.ee 1.e0 20
©.95 8.95 2e
1.8 1.ee 2e
2.98 44

e.98 2.98 44e
2.98 2.98 44
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=== Decision Tree
Training Accuracy: 1.000
Testing Accuracy: 0.980

Accuracy vs. Dataset for Decision Tree

1.0 o

Acuracy
o
-]

0.4 4

0.0 “

Tramn Test
Dataset

2.KNN Classification Report:
--- Classification Report for K-Nearest Neighbors (KNN) ---

precision recall +Ffi-score support

apple i.ee i.ee i.ee 28
banana 1.0 i.ee 1.ee 2e
blackgram 1.0 1.0 1.ee 20
chickpea 1.0 1.0 1.0 20
coconut .95 1.ee e.98 20
coffee i.ee i.ee i.ee 20
cotton .95 1.0 2.98 20
grapes 1.ee 1.ee 1.e0 20
Jjute 2.95 1.ee @.98 20
kidneybeans e.95 i.9@ ©.98 20
lentil e.91 1.0 .95 20
maize i.ee .95 e.o7 2e
mango 8.95 i.ee 2.98 28
mothbeans e.g4 e.85 ©.89 2e
mungbean i.ee i.ee 1.8 2e
muskmelon i.ee i.ee i.ee 2e
orange 1.0 ©.90 e.95 20
papaya 1.ee 1.ee 1.0 20
pigeonpeas 1.ee e.9e 2.95 20
pomegranate 2.95 1.ee @.98 20
rice 1.ee ©.95 Q.97 20
watermelon 1.ee 1.ee 1.ee 28
accuracy 2.98 449
macro avg e.g8 .98 2.98 448
weighted avg e.os e.os8 e.o8 440
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--- K-Nearest Neighbors ---
Training Accuracy: ©.985
Testing Accuracy: @.980

Accuracy vs. Dataset for K-Nearest Neighbors

Accuracy

Train

3.SVM Classification Report:

--- Classification Report for Support Vector Machine (SVM)

apple
banana
blackgram
chickpea
coconut
coffee
cotton
grapes
jute
kidneybeans
lentil
maize
mango
mothbeans
mungbean
muskmelon
orange
papaya
pigeonpeas
pomegranate
rice
watermelon

accuracy
macro avg
weighted avg
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precision

1.ee
1.e0
1.ee
1.e0
1.00
1.0
20.91
1.ee
e.87
©.95
1.e0
1.e0
©.95
1.e0
1.e0
1.e0
1.e0
1.e0
1.ee
1.ee
1.00
1.ee
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Dataset

recall

Test

fl-score

support

20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20

44e
449
440
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-== Support Vector Machine ---
Training Accuracy: 2.986
Testing Accuracy: @.984

Accuracy vs. Dataset for Support Vector Machine

0.8 -

Accuracy

Train Test
Dataset

4.Random Forest Classification Report:
--- Classification Report for Random Forest

precision recall fil-score

apple 1.0 1.0 1.0
banana 1.00 1.0 1.080
blackgram 1.ee e.95 .97
chickpea 1.0 1.0 1.0
coconut 1.0 1.0 1.ee
coffee 1.ee 1.0 1.8
cotton 1.0 1.0 1.0
grapes 1.2 1.0 1.ee

jute .95 1.0 .98
kidneybeans 1.ee 1.0 1.0
lentil 1.ee 1.00 1.0
maize ©.95 1.ee .98

mango 1.0 1.0 1.0
mothbeans 1.0 1.0 1.0
mungbean 1.ee 1.0 1.0
muskmelon 1.0 1.0 1.0
orange 1.0 i1.e0 1.0
papaya 1.9 1.0 1.0
pigeonpeas 1.0 1.00 1.0
pomegranate 1.0 1.ee 1.0
rice 1.ee 2.95 e.97
watermelon 1.ee 1.ee 1.00
accuracy 1.ee
macro avg 1.0 1.ee 1.e0
weighted avg 1.ee 1.0 1.ee

support

20
20
20
20
20
2e
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20

440
449
44
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--- Random Forest ---
Training Accuracy: 1.8
Testing Accuracy: ©.995

Accuracy vs. Dataset for Random Forest

Dataset

1.0 1

0.8 1
= 0.6 4
o
=
=1
=

0.4

0.2

0.0 -

Train
VI.ANALYSIS
Model Training Testing
Accuracy Accuracy
Decision Tree 1.00 (100%) | 0.98 (98%)

K-Nearest  Neighbors | 0.08 (08%) | 0.07 (97%)
(ENI)
Support Vector Machine | 0.00 (90%) | 0.00 (00%)

(VM)
Random Forest

1.00 (100%) | 0.99 (99%G)

1. Decision Tree

The Decision Tree model achieved a strong accuracy
of 98%, which was marginally less than Random
Forest and SVM. It performed well because of its
ability to create clear, rule-based paths for classifying
crops. While highly interpretable, its performance as a
single model is slightly less robust than the ensemble-
based Random Forest.

2. K-Nearest Neighbors (KNN)

An accuracy of 97% was attained with the KNN
model. It performed well because the distinct feature
values for each crop create well-defined clusters in the
data space. The model's ability to classify a new data
point based on its proximity to known points proved
to be a simple yet effective strategy for this dataset.
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Test

3. Support Vector Machine (SVM)

Similar to Random Forest, the SVM model also
attained an exceptional accuracy of 99%. By
identifying the optimal hyperplane to divide the
classes in the high-dimensional feature space, SVM
proved incredibly effective at classifying the 22
different crop types. Its performance was significantly
enhanced by the feature scaling applied during
preprocessing.

4. Random Forest

Out of all the models, Random Forest was a top
performer, achieving the highest accuracy of 99%. Its
remarkable accuracy and robustness are due to its
ensemble approach, which combines the predictions of
multiple decision trees. This method -effectively
handles the complex interactions between soil and
environmental features, leading to highly reliable crop
recommendations.

5. Overall Observation

In this study, the most dependable models for
recommending crops were Random Forest and
Support Vector Machine (SVM), both achieving near-
perfect accuracy. The consistently high performance
across all four models indicates that the dataset is well-
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structured and the selected features (Nitrogen,
Phosphorous, Potassium, temperature, etc.) are highly
predictive of crop types. The preprocessing steps,
particularly feature scaling, successfully prepared the
data for classification. The minor variations in
accuracy highlight the relative strengths of each
algorithm in handling this specific agricultural dataset.

Bar Graph:- Model Performance
Test Accuracy Vs Model

°

o

Test Accuracy

Decision Tree KNN SvM Random Forest
Model

The "Test Accuracy vs. Model" bar chart compares the

test accuracy of four distinct machine learning models:

Random Forest, Support Vector Machine (SVM),

Decision Tree, and K-Nearest Neighbors (KNN).

e The graph contrasts the test accuracies of these
four models. The x-axis represents each model,
and the y-axis displays the test accuracy on a scale
from 0.0 to 1.0.

e  Exceptionally high accuracy was achieved by all
four models, indicating that they all performed
extremely well on the test data for the crop
recommendation task. ~

e Random Forest and SVM are the top-performing
models, both achieving near-perfect accuracy
levels of approximately 99%.

e The Decision Tree model is a very close third,
with a high accuracy of about 98%.

e K-Nearest Neighbors (KNN), while still highly
accurate at 97%, showed a marginally lower
performance compared to the other three models.

The findings imply that models capable of handling

complex feature interactions, such as the ensemble

approach of Random Forest and the high-dimensional
mapping of SVM, are best suited for this dataset. The
consistently high scores across the board suggest that
the features in the dataset are highly predictive. For
recommending crops with this data, Random Forest,

SVM, and Decision Tree are all exceptionally reliable

choices.
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VII.CONCLUSION

This study successfully demonstrates how effectively
machine learning classification models can predict
optimal crop choices based on soil and environmental
data. After appropriate data preparation and feature
scaling, a variety of algorithms were trained and
evaluated using a publicly accessible Kaggle dataset
containing key agronomic features.

The Random Forest and Support Vector Machine
(SVM) classifiers demonstrated a remarkable capacity
to accurately recommend crops, achieving the highest
accuracy of 99% among the tested models. Their
success highlights the power of ensemble methods and
kernel-based techniques in handling complex
agricultural data.

Other models, such as the Decision Tree (98%) and K-
Nearest Neighbors (97%), also showed exceptional
dependability in  managing this multi-class
classification task. Although KNN performed
marginally lower, its high accuracy still indicates its
effectiveness for this well-structured dataset.

These findings imply that ensemble learning
techniques (like Random Forest) and robust classifiers
(like SVM) are especially effective for challenges in
agricultural prediction. Furthermore, the consistently
excellent performance across all models demonstrates
that machine learning, when paired with relevant
agronomic data, can be a powerful tool for advancing
precision agriculture and empowering farmers to make
data-driven decisions.

VIII.LFUTURE SCOPE OF RESEARCH

1. Real-Time Recommendation Systems: Develop a
system that integrates with live data from IoT
farm sensors (for soil moisture, nutrients, pH) and
real-time weather APIs. This would allow for
dynamic, on-the-spot crop recommendations that
adapt to changing conditions.

2. Integration with Farming Applications: Deploy
the trained model into a user-friendly mobile
application for farmers. Such an app could
provide instant crop suggestions, pest advisories,
and irrigation schedules, making precision
agriculture accessible to everyone.

3. Hyperlocal & Varietal Expansion: Extend the
dataset to include more specific, localized soil
types and microclimate data from different
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regions. Additionally, incorporating a wider

variety of crop strains and their unique
requirements would make the model's
recommendations far more precise.

Advanced Deep Learning Models: Utilize

advanced models like Artificial Neural Networks
(ANNSs) or powerful ensemble techniques like
XGBoost and LightGBM. These models could
capture more complex, non-linear relationships
between the features and potentially increase
prediction accuracy.

Multimodal Data Integration: Enhance the model
by incorporating other forms of data. This could
include satellite imagery to assess land health
(using NDVI), long-term weather forecasts,
historical yield data for specific plots, and even
market price data to recommend the most
economically profitable crop.
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