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Abstract- Agriculture plays a crucial role in the economic development and food security of India. Predictable
climate, soil variability, excessive fertilizer usage, and a lack of data-driven decision support systems often pose
significant challenges for farmers in selecting suitable crops. The use of traditional farming practices is heavily
dependent on experience and intuition, which may not always be in alignment with current environmental
conditions and can result in low productivity and financial losses. This study presents a Smart Farming system that
uses Machine Learning to accurately predict crops using key environmental and soil parameters such as Nitrogen
(N), Phosphorus (P), Potassium (K), temperature, humidity, pH, and rainfall. A Random Forest classifier was trained
using a dataset that is publicly available and contains 2200 samples and 22 crop classes. The proposed model‘s
accuracy was approximately 96%, which demonstrates strong predictive performance for multi-class crop
recommendations.

Keywords: Smart Farming, Crop Prediction, Machine Learning, Random Forest, Precision Agriculture, Sustainable
Farming.

I. INTRODUCTION Machine learning can significantly improve the
efficiency and reliability of crop selection systems, as
The Indian economy is largely dependent on confirmed by the results. This paper proposes an Al-
agriculture, which contributes significantly to based crop recommendation system that uses the
employment and food production. Traditional Random Forest algorithm to predict the most
practices and personal experience still play a suitable crop for cultivation based on soil nutrients
significant role in shaping farming decisions, despite and climatic conditions. The objective of the system
technological advancements. Climate change, IS to minimize guesswork in farming and foster
unpredictable rainfall, soil degradation, and scientific agriculture. Agriculture has been sustaining
inefficient resource utilization pose continuous these practices for centuries, but they are not
challenges for farmers. It is common for unsuitable €nough to address the challenges posed by modern
crops to result in reduced yield, resource wastage, Cclimatic uncertainty, population growth, and
and economic losses. Smart agriculture is a increasing food demand.
promising solution to traditional farming problems
due to the rapid growth of Artificial Intelligence (Al) Farmers have been struggling with climate change,
and Machine Learning (ML). Historical agricultural irregular rainfall patterns, rising temperatures,
data and real-time environmental parameters can be declining soil fertility, pest attacks, and inefficient
analyzed by machine learning models to provide fertilizer and water resource utilization in recent
accurate and timely decisions. Improved productivity Years. Crop planning is highly uncertain due to
and sustainability can be achieved through crop unpredictable monsoon seasons and extreme

prediction, which is one of several Al applications in Weather conditions. Excessive chemical usage has
agriculture. resulted in soil degradation, which has further

decreased crop productivity. The risk of crop failure

Users can input environmental conditions and is increased by these factors, resulting in financial
receive real-time crop recommendations through a l0ss, food insecurity, and psychological stress among
web-based interface that integrates the trained farmers. Poor yield, fertilizer wastage, inappropriate
model. The system's aim is to aid farmers in making Water usage, and unsustainable agricultural practices
agricultural decisions that are scientific and data- Can be caused by selecting an unsuitable crop for the
driven, improve crop productivity, decrease farming 9given environmental and soil conditions.

risks, and promote sustainable agricultural practices.
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Farmers have traditionally chosen crops based on
intuition, past experience, or advice from local
communities. While this knowledge is valuable, it
doesn't always take into account real-time
environmental conditions or scientific nutrient
requirements. In addition, farmers frequently lack
access to modern agricultural advisory systems, soil
testing facilities, and expert consultation. Technical
expertise is necessary for interpreting soil health
reports correctly and linking them with appropriate
crop choices, even when they are available. The
major obstacle in adopting scientific farming
methods is the gap between data availability and
practical decision-making.

Smart agriculture has emerged as a powerful
solution to many of these traditional farming
challenges due to the rapid advancement of Al and
Machine Learning (ML). Identifying complex
relationships between soil nutrients, climate
conditions, and crop growth patterns can be
achieved through the analysis of large volumes of
agricultural data using machine learning algorithms.
Machine learning models can aid farmers in making
informed decisions by processing both historical
agricultural data and current environmental
parameters. Crop prediction is one of the key
applications of Al in agriculture, along with disease
detection, yield estimation, irrigation management,
and pest control, which all contribute to improving
agricultural productivity and sustainability.

Crop prediction systems aid farmers in determining
which crop is most suitable for cultivation in specific
soil and weather conditions. The use of these
systems reduces the need for guesswork and
minimizes the risk involved in farming decisions. By
recommending crops based on scientific analysis,
farmers can achieve better yield, optimized use of
fertilizers and water, and higher economic returns.
Sustainable farming is promoted by data-driven crop
selection, which prevents soil nutrient depletion and
reduces excessive chemical dependency. The trained
model proposed in this work is integrated into a
web-based interface that allows users to input
environmental conditions such as nitrogen,
phosphorus, potassium, temperature, humidity, pH,
and rainfall, and obtain real-time crop

recommendations. This system is designed to help
farmers make scientific and data-driven agricultural
decisions, increase crop productivity; lower farming
risks, and promotes environmentally sustainable
agricultural practices. Farmers can be empowered
with technological support while still being simple
and accessible in real-world conditions with such a
system.

This  paper proposes an Al-based crop
recommendation system that uses the Random
Forest algorithm to predict the most suitable crop for
cultivation based on soil nutrients and climatic
conditions. The Random Forest model is chosen
because of its high accuracy, ability to withstand over
fitting, and strong performance in multi-class
classification problems. By minimizing uncertainty in
farming decisions, improving agricultural efficiency,
and promoting smart agriculture adoption, the
system aims to achieve its goals. Machine learning
can greatly enhance the efficiency, reliability, and
practical usefulness of modern crop selection
systems, as confirmed by the experimental results.

Il. LITERATURE REVIEW

Machine learning techniques in agriculture have
been explored by several researchers to assist with
crop selection, yield estimation, pest detection, and
irrigation management. Basic algorithms such as
Decision Trees, K-Nearest Neighbors (KNN), Naive
Bayes, and Logistic Regression were used in early
systems to predict crops. These models often
experienced limited accuracy, overfitting, and poor
scalability. Prediction accuracy was improved by
Support Vector Machines and Neural Networks, but
they required more computational resources and
complex tuning. The Random Forest algorithm
introduced by Breiman, among other ensemble
methods, showed superior performance in
agricultural classification problems. The accuracy of
prediction is improved by Random Forest by
combining multiple decision trees and reducing over
fitting. Due to their simplicity and interpretability,
Decision Tree classifiers were one of the first
techniques used in agricultural prediction systems.
Rule-based outputs were easy for researchers to
analyze, but they were prone to over fitting,
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particularly when trained on large agricultural
datasets that contained multiple environmental
features. The simplicity and non-parametric nature
of K-Nearest Neighbors (KNN) made it popular for
crop selection. When the dataset's dimensionality
increased, KNN showed reduced performance and
high computational complexity during prediction.
Probabilistic-based Na<unk>ve Bayes classifiers
were effective but largely depended on the
assumption of feature independence, which is rarely
true in agricultural datasets with strongly correlated
soil nutrients and climatic conditions. Using Logistic
Regression models, crops were classified based on
continuous environmental features, but their
linearity hindered their ability to model complex
non-linear relationships.

Researchers started using more advanced models
such as Support Vector Machines (SVM) and Artificial
Neural Networks (ANN) to overcome the limitations
of traditional algorithms. The classification accuracy
of SVM-based crop prediction systems was
enhanced, especially in high-dimensional feature
spaces. The training process of SVM models is
computationally intensive when applied to large
datasets, which necessitates careful kernel selection
and parameter tuning. The ability to predict is further
enhanced by Artificial Neural Networks by learning
non-linear feature representations and complex
patterns in agricultural data. Although they have
strong performance, neural networks are difficult to
deploy in low-resource agricultural environments
due to their need for large training datasets,
significant computational resources, and careful
architectural design. Crop prediction research was
revolutionized by ensemble learning techniques,
particularly the Random Forest algorithm introduced
by Breiman, which addressed many of the
shortcomings of individual classifiers. Random
Forest constructs multiple decision trees using
bootstrap samples from the dataset and combines
their outputs through majority voting. By using this
ensemble approach, variance can be reduced, over
fitting can be minimized, and generalization
capability can be improved.

Numerous studies have reported that Random
Forest  consistently  outperforms  traditional

classification models in agricultural applications due
to its ability to handle high-dimensional feature
spaces, noisy datasets, and non-linear relationships
between environmental parameters and crop
growth. Random Forest provides feature importance
scores that aid researchers and agricultural experts
in identifying the most influential soil and climatic
factors that influence crop suitability.

Recent research trends emphasize the integration of
machine learning with Internet of Things (loT)
sensors, satellite imagery, and real-time weather
forecasting systems to build smart farming solutions.
Dynamic and automated decision-making can be
achieved through the collection of live data from soil
moisture sensors, temperature sensors, humidity
sensors, and nutrient monitors in loT-based
agricultural systems. Satellite-based remote sensing
has made it possible to monitor crop health,
vegetation index, and land-use patterns on a large
scale. Improved crop planning and irrigation
scheduling can be achieved through the use of
climatic trends in weather-based predictive systems.

However, despite these technological
advancements, many existing smart farming systems
remain difficult to deploy in real-world rural
environments due to high infrastructure costs,
limited internet connectivity, lack of technical
expertise among farmers, and poor system usability.
Another major limitation observed in earlier research
is the lack of user-friendly interfaces and practical
deployment platforms. Many crop prediction models
remain confined to laboratory experimentation and
simulation environments without being
implemented as operational systems accessible to
farmers. In several cases, models require expert-level
knowledge to operate, which restricts adoption at
the grassroots level. Additionally, many systems are
trained using region-specific datasets, limiting their
generalization capability when applied to different
geographical zones with varying soil and climatic
conditions.

This research builds upon these existing studies by
proposing an accurate yet computationally efficient
crop recommendation system based on the Random
Forest algorithm. Unlike many earlier models that
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prioritize only accuracy, the proposed system also
emphasizes ease of use through a simple web-based
interface. The system is designed to allow users to
input basic environmental parameters and obtain
real-time crop recommendations without requiring
technical expertise. By combining high prediction
accuracy with practical usability, this work
contributes toward bridging the gap between
academic research and real-world agricultural
application.

lll. METHODOLOGY

This section describes the complete workflow
adopted for building the crop recommendation
system. It explains the dataset used, data
preprocessing techniques applied, training and
testing strategy, model selection process, training
method, and final system implementation. The
methodology is designed to ensure high prediction
accuracy, system reliability, and ease of access for
end users. Each step is carefully chosen to improve
overall model performance and practical usability.
The complete workflow starts from raw data
acquisition and ends with real-time crop prediction
through a web application.

Dataset Description

The Crop Recommendation Dataset used in this
research consists of 2200 instances with 7 important
environmental attributes that directly influence crop
growth. These features include Nitrogen (N),
Phosphorus (P), Potassium (K), temperature,
humidity, soil pH, and rainfall. The output variable
contains 22 different crop types, such as rice, maize,
cotton, banana, mango, chickpea, kidney beans, and
others. The dataset is well-balanced and contains
records collected from different agricultural
conditions. Each row in the dataset represents a
complete soil and climate profile along with the most
suitable crop for those conditions. These features
were selected because they are the primary factors
affecting plant nutrition, soil fertility, and production
rate. The dataset plays a crucial role in training the
machine learning model and enabling it to learn
meaningful patterns for accurate crop prediction.

Data Preprocessing

Before training the machine learning model, the
dataset was thoroughly preprocessed to improve
quality and accuracy. First, data cleaning techniques
were applied to remove any missing values,
duplicate records, and inconsistent data entries. This
ensures that the model is trained on reliable and
accurate information. Since the crop names were
categorical in nature, label encoding was applied to
convert them into numerical form so that machine
learning algorithms could process them efficiently.
Additionally, feature scaling and normalization were
applied to continuous variables such as temperature,
rainfall, humidity, and nutrient values. Scaling helps
ensure that all features contribute equally to the
model and prevents bias caused by large numerical
ranges. Outlier detection was also performed using
statistical methods to avoid extreme values that
could negatively affect model learning. After
preprocessing, the dataset became suitable for
effective model training and evaluation.

Train-Test Split

To evaluate the performance of the model
accurately, the dataset was split into training and
testing sets using the 80:20 ratio. This means that
80% of the data (1760 records) was used to train the
model, while 20% of the data (440 records) was used
for testing and validation. The purpose of this split is
to avoid biased evaluation and ensure that the
model performs well on unseen data. The training
data helps the model learn patterns, while the testing
data checks how well the model generalizes. This
method ensures a fair and reliable assessment of the
system'’s prediction capability.

Model Selection

Several machine learning algorithms were evaluated
to identify the best performing model for crop
prediction, including Logistic Regression, Decision
Tree, K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), and Random Forest. Each of these
models was trained and tested on the same dataset
to ensure a fair comparison. Their performance was
analyzed using standard evaluation metrics such as
accuracy, precision, recall, and F1-score. After
comparative analysis, it was observed that the
Random Forest algorithm achieved the highest
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accuracy and demonstrated better generalization
capability compared to the other models, making it
the most suitable choice for the crop
recommendation system.

Random Forest was selected due to the following
advantages:

e High accuracy

Robustness to over fitting

Capability of handling non-linear data

e Reliable multi-class classification

Because of these benefits, Random Forest proved to
be the most suitable model for this application.

Model Training

The selected Random Forest classifier was trained
using 100 decision trees with the Gini Index as the
splitting criterion. Each decision tree in the forest is
trained using a random subset of data and features,
which improves diversity and enhances prediction

accuracy. During training, the model learned
complex relationships between soil nutrients,
weather conditions, and suitable crops. Hyper

parameters such as the number of trees, tree depth,
and split size were optimized to achieve the best
performance.

Feature importance analysis was also performed to
identify the most influential parameters in crop
prediction. It was observed that rainfall, nitrogen,
and soil pH played a major role in determining crop
suitability. Once training was completed, the model
was saved as a serialized .pkl file for deployment.

System Implementation

A Flask-based web application was developed to
make the crop recommendation system easily
accessible to farmers and users. The trained Random
Forest model was integrated into the backend using
the saved .pkl file. The web interface allows users to
enter soil and climate values such as nitrogen,
phosphorus, potassium, temperature, humidity, pH,
and rainfall.

Once the user submits the input, the backend
processes the data, applies the trained model, and
generates the most suitable crop recommendation
in real time. The result is displayed instantly on the

web interface. This system provides a simple,
lightweight, and efficient solution for smart
agriculture. The web-based deployment ensures
portability, ease of use, and real-time decision
support for farmers without requiring technical
knowledge.

IV. ROLE OF ARTIFICIAL INTELLIGENCE
IN CROP PREDICTION AND SMART
AGRICULTURE

Artificial Intelligence (Al) has emerged as a
transformative technology in the field of agriculture,
enabling the development of intelligent systems that
assist farmers in making accurate and data-driven
decisions. Traditional farming methods primarily
depend on farmers’ experience and intuition, which
often leads to uncertainty and inconsistent crop
yield. Al overcomes these limitations by analyzing
large volumes of agricultural data and identifying
hidden patterns that are not easily detectable by
human observation. This has made Al a powerful tool
for improving agricultural productivity, minimizing
risks, and promoting sustainable farming practices.

Al-based crop prediction systems utilize machine
learning algorithms to process soil parameters,
climatic conditions, and historical agricultural data to
recommend the most suitable crop for cultivation.
These systems help farmers select crops based on
scientific analysis rather than guesswork. By
considering factors such as nitrogen, phosphorus,
potassium, temperature, humidity, pH, and rainfall,
Al models can accurately predict which crop will
perform best under specific environmental
conditions. This leads to higher yield, better resource
utilization, and reduced financial losses. One of the
major advantages of Al in agriculture is its ability to
handle large and complex datasets.

Agricultural data is highly dynamic and affected by
multiple interacting factors. Machine learning
models such as Decision Trees, Support Vector
Machines, Neural Networks, and Random Forest can
effectively learn from such data and continuously
improve their prediction accuracy through training.
Among these, ensemble learning methods like
Random Forest have shown superior performance

5
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due to their robustness, resistance to over fitting,
and ability to handle non-linear relationships. Al also
plays a vital role in precision agriculture, where
farming inputs such as water, fertilizers, and
pesticides are applied in a controlled and optimized
manner. Al-based systems analyze real-time sensor
data and weather information to guide farmers in
making precise decisions related to irrigation
scheduling, fertilizer application, and pest control.
This not only increases crop productivity but also
protects soil health and the environment by
preventing excessive chemical usage.

Furthermore, the integration of Al with modern
technologies such as Internet of Things (loT), cloud
computing, and mobile applications has enhanced
the accessibility and scalability of smart farming
systems. loT sensors enable continuous monitoring
of soil and climatic conditions, cloud platforms
support real-time data storage and processing, and
mobile applications allow farmers to access crop
recommendations anytime and anywhere. This
technological ~ convergence  makes  Al-based
agricultural systems highly suitable for large-scale
deployment in rural and remote areas.

Overall, Artificial Intelligence is revolutionizing
modern agriculture by transforming traditional
farming into smart, automated, and data-driven
agriculture. Al-based crop prediction systems not
only improve yield and profitability but also play a
crucial role in ensuring food security, supporting
sustainable  agricultural ~ development,  and
strengthening the digital transformation of the
agricultural sector.

V. RESULTS AND DISCUSSION

The Random Forest model achieved an accuracy of
approximately 96% on the test dataset. The
performance of the proposed Al-based crop
recommendation system was evaluated using the
Random Forest classification algorithm. After
training the model on 80% of the dataset and testing
it on the remaining 20%, the model achieved an
overall accuracy of approximately 96% , which
indicates a high level of prediction reliability. This
high accuracy confirms that the Random Forest

algorithm is well-suited for multi-class crop
prediction problems involving complex and non-
linear relationships among multiple environmental
and soil parameters. To further analyze the
performance of the model, several evaluation
metrics such as precision, recall, and F1-score were
calculated for all 22 crop classes. The results showed
a well-balanced performance across nearly all crop
categories. High precision values indicate that the
system made very few incorrect crop
recommendations, while high recall values
demonstrate that most of the actual crop classes
were correctly identified. The F1-score, which is the
harmonic mean of precision and recall, further
confirms that the model maintained consistency and
stability in its predictive performance. This balanced
behavior across multiple evaluation metrics proves
the robustness and generalization capability of the
proposed system.

The confusion matrix analysis revealed that the
number of misclassifications was very low. Most of
the incorrect predictions occurred among crops that
share similar environmental and soil conditions, such
as crops requiring comparable rainfall, temperature,
and nutrient levels. For example, slight confusion
was observed between crops with overlapping
nitrogen and potassium requirements. However,
these misclassifications were minimal and did not
significantly impact the overall system accuracy. This
behavior is expected in real-world agricultural
datasets where environmental conditions for certain
crops often overlap. The feature importance analysis
performed using the Random Forest model provided
valuable insights into the relative contribution of
each input parameter toward crop prediction. The
analysis showed that Nitrogen, Potassium, and
Rainfall were the most influential features affecting
crop selection. These parameters play a critical role
in plant growth, nutrient absorption, and overall crop
productivity. Rainfall directly affects soil moisture
and irrigation planning, while nitrogen and
potassium are essential macronutrients required for
healthy crop development.

In addition to these dominant features, temperature
and pH also showed strong influence on crop
prediction. Temperature affects the physiological
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processes of crops such as germination, flowering,
and maturity. Similarly, soil pH determines nutrient
availability and microbial activity in the soil, which
directly impacts crop vyield. Phosphorus and
humidity, although slightly less influential compared
to other features, still contributed significantly to the
final prediction. These observations validate the
agricultural correctness of the selected input
parameters used in the dataset. The high
performance of the proposed system demonstrates
the superiority of ensemble learning methods over
traditional classifiers for complex agricultural
datasets. Unlike single decision tree models that
often suffer from over fitting, the Random Forest
algorithm combines multiple decision trees and
averages their predictions, resulting in improved
accuracy and reduced over fitting. This ensemble
approach makes the system more stable and reliable
when applied to new and unseen data.

The integration of the trained model into a web-
based interface further enhances the practical
usability of the system. The real-time prediction
capability allows users to instantly obtain crop
recommendations by entering environmental
parameters. The fast response time and accurate
predictions make the system highly suitable for real-
world implementation. Even users with minimal
technical background can easily operate the system
due to its simple and user-friendly design. From an
agricultural perspective, the results clearly indicate
that machine learning can play a crucial role in
transforming traditional farming into data-driven
smart agriculture. The accurate prediction results can
help farmers avoid unsuitable crop selection, reduce
economic losses, and improve overall productivity.
Proper crop selection also supports optimized use of
fertilizers and water, which leads to environmentally
sustainable farming practices.

Overall, the experimental results confirm that the
proposed Al-based crop recommendation system
using the Random Forest algorithm is highly
effective, accurate, and reliable. The system
successfully addresses the major challenges
associated with traditional crop selection by
replacing guesswork with scientific and data-driven
recommendations. With further enhancements such

as real-time data integration and large-scale
deployment, the system has the potential to
significantly contribute to precision agriculture and
intelligent farming systems.

VI. APPLICATIONS

The proposed Al-based crop recommendation
system has wide-ranging applications across
multiple domains of agriculture and education. One
of its primary applications lies in smart crop selection
for farmers, where the system assists in choosing the
most suitable crop based on soil nutrients and
climatic conditions, thereby reducing crop failure
and improving yield. The system also plays a crucial
role in fertilizer optimization and soil management
by guiding farmers on better utilization of soil
nutrients, which helps prevent over-fertilization,
maintain soil fertility, and promote sustainable
farming practices.

Moreover, the system can support government
agricultural planning by providing data-driven
insights useful for regional crop planning, food
security strategies, and policy-making decisions. In
the domain of precision agriculture and modern
agri-tech platforms, the system can be integrated
with smart farming tools, sensors, and analytics
platforms to enable accurate, automated, and real-
time farming decisions. Additionally, the proposed
model serves as a valuable resource for academic
research and student projects, offering a practical
implementation of machine learning in real-world
agriculture  applications.  Finally, the system
contributes significantly to climate-resilient farming
strategies by helping farmers adapt to changing
climatic conditions through scientifically informed
crop selection, thereby reducing vulnerability to
climate-related risks and ensuring long-term
agricultural sustainability.

e Smart crop selection for farmers

e Fertilizer optimization and soil management
e Government agricultural planning

e Precision agriculture and agri-tech platforms
e Academic research and student projects

e Climate-resilient farming strategies
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VII. FUTURE SCOPE

Future enhancements of this system can significantly
improve its functionality, scalability, and real-world
applicability. One of the major future developments
includes the integration of real-time loT sensors to
continuously monitor soil and environmental
parameters such as moisture, temperature, humidity,
and nutrient levels. This will allow the system to
provide more accurate and dynamic crop
recommendations based on live field conditions.
Additionally, integration with weather APIs can
enable real-time weather-based crop prediction by
incorporating current and forecasted rainfall,
temperature variations, and humidity levels. This
enhancement will help farmers take preventive
measures against unfavorable climatic conditions
and improve crop planning accuracy.

Further improvements may include the addition of
fertilizer recommendation and yield prediction
modules. A fertilizer prediction system can guide
farmers on the optimal type and quantity of
fertilizers required for a selected crop, thereby
reducing excessive chemical usage and preserving
soil health. The yield prediction module can estimate
the expected crop output in advance, assisting
farmers in financial planning, market analysis, and
risk management. Another important enhancement
involves the development of a mobile application
version of the system, which will increase
accessibility for farmers in rural and remote areas, as
smartphones are more widely used than desktop
systems.

Cloud deployment of the system is also proposed for
future implementation to enable large-scale access,
real-time data storage, and global availability.
Cloud-based platforms will allow multiple users to
access the system simultaneously with high reliability
and performance. Additionally, incorporating
multilingual support will make the platform more
farmer-friendly by allowing users to interact with the
system in their regional languages. This will bridge
the communication gap between technology and
farmers, increase adoption of the system, and
promote smart and sustainable agricultural practices
on a broader scale.

VIIl. CONCLUSION

This research successfully demonstrates the design
and implementation of an Al-based smart farming
system for accurate crop prediction using the
Random Forest algorithm. The proposed model
achieved high prediction accuracy and reliable multi-
class classification performance across 22 different
crop categories, validating its effectiveness in real-
world agricultural decision-making. The integration
of the trained machine learning model into a user-
friendly web-based interface further enhances the
practical usability of the system by allowing farmers
and users to easily input environmental parameters
and obtain instant crop recommendations.

This interactive approach makes advanced
technology accessible even to individuals with
limited technical knowledge. The proposed system
significantly reduces dependence on traditional
farming practices that are often based on experience
and assumptions rather than scientific data. By
promoting data-driven and technology-assisted
decision-making, the system empowers farmers to
select the most suitable crops based on soil nutrients
and climatic conditions. This helps in improving crop
yield, minimizing resource wastage, and reducing
the  risks  associated  with  unpredictable
environmental factors. Moreover, the system
supports environmentally sustainable farming by
encouraging optimal utilization of fertilizers, water,
and land resources.

With further enhancements such as real-time sensor
integration, weather-based predictions, and mobile
application support, the system has the potential to
become a complete smart agriculture solution. Upon
large-scale  deployment, this Al-based crop
recommendation system can play a vital role in
strengthening precision agriculture, improving
farmers’ income, ensuring food security, and
contributing significantly to sustainable agricultural
development. farming practices and promotes
scientific decision-making. With further
enhancements and real-time deployment, this
system can significantly contribute to sustainable
and precision agriculture.
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