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Abstract: Agriculture is a key driver of a nation's economy, supplying raw materials,
employment, and essential food. In India, the world's second most populated country, a
significant portion of the population depends on agriculture for their livelihood. However,
farmers face numerous challenges, including crop diseases, poor soil quality, unpredictable
weather, and water scarcity. Additionally, repeated cultivation of the same crops and the
idiscriminate use of fertilizers deplete soil nutrients, further reducing crop yields. Modern
technology adoption may minimize these issues and improve the quality and production of
agriculture. In agriculture, machine learning (ML), a branch of artificial intelligence (Al), makes
automation, classification, and prediction easier. It supports well-informed decision-making for
food security and effective crop management by assisting in the optimization of crop selection,
fertilization, and irrigation. Using the Kaggle crop recommendation dataset, this paper presents
a strong machine learning architecture for crop prediction. Important iput characteristics
mcluding soil pH, temperature, humidity, and nutrient levels are included in the dataset. Using
classification techniques like Decision Tree (DT) and Support Vector Machine (SVM), the
system 1dentifies the most appropriate crop for a specific type of soil based on its weather and
soll data. It also offers information on the amount of fertilizer, seeds, and soil nutrients needed
for production. By using this system, farmers can explore new crop varieties, increase agricultural
productivity, enhance profit margins, and reduce soil pollution.

Keywords: Rainfall prediction, Crop recommendation, Decision tree, Support Vector Machine,
Machine learning, Crop prediction
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1. Introduction

Many Asian nations rely heavily on agriculture as their main source of income, especially
India, where a sizable section of the populace makes their living from farming. Despite its
mmportance, the sector faces numerous challenges, including inadequate quality control, low
productivity, and financial instability among farmers. These issues often lead to dire
consequences, such as overwhelming debt and, in extreme cases, farmer suicides [1-3]. The
situation 1s further worsened by the unpredictability of changing environmental conditions.
Additionally, farmers frequently cultivate the same crops repeatedly, avoiding new crop varieties,
and apply fertilizers in arbitrary quantities without understanding soil nutrient deficiencies. This
practice not only reduces crop yields but also causes soil pH reduction and damages the topsoil.
All these factors drive towards the pressing need for innovative methods to improve agricultural

efficiency and sustainability.

Advanced tools, such as statistical and mathematical models, offer promising approaches
to address some of the critical challenges faced by agriculture. With the use of these data-driven
msights, farmers are able to choose crops and farming methods with confidence. By forecasting
crop growth, identifying plant illnesses, and automating crucial farming tasks like fertilization and
irigation, machine learning, enhances these efforts [4, 5]. However, challenges such as
mfrastructure limitations, hmited data accessibility, and social acceptance continue to hinder the
widespread adoption of these technologies in agriculture. Traditional methods often fail to
address the complex and dynamic requirements of diverse agricultural ecosystems like those in

India.

To tackle these challenges, we have developed a machine learning-based system to
support farmers i making decisions that are more informed. Our methodology uses
meteorological and solil characteristics to determine which crop is best suited for a certain plot of
land. Additionally, it provides recommendations on the appropriate type and quantity of
fertilizers, as well as the seeds required for cultivation. By leveraging this system, farmers can
experiment with new crop varieties, potentially increase profit margins, and mitigate soil
pollution, thereby improving both productivity and sustainability. The system 1s designed to be
accessible and practical for farmers and policymakers alike.

The algorithm uses data from Kaggle to select crops depending on parameters including
temperature, humidity, rainfall, and soill pH [6]. Farmers or sensors immediately enter
temperature, humidity, and pH readings. To find patterns and provide predictions, this input
data 1s processed using machine learning techniques like SVM and DT. Apart from proposing
appropriate crops, the algorithm also suggests the amounts of nutrients required for the chosen
crops. Additional capabilities include determining the necessary seed quantity (in kilos per acre),
estimating yield (in quintals per acre), and delivering the crop's market price.
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2. Literature Review

In order to predict agricultural yields, [6] employed Support Vector Regression (SVR),
showcasing SVR's flexibility in dealing with non-linear correlations between variables. In order
to raise farmer profitability and improve the quality of agricultural production, the author of
paper [7] describes methods for predicting crop yields and suggests ideal crops. They have used
big data, including soil and weather data, along with an agro algorithm in Hadoop platform to
forecast agricultural yields. By using the data from the repository to determine the right crop for
a particular condition, the crop quality also improved.

In Article [8], crop productivity and rainfall were estimated using a machine learning
technique. A range of machine learning approaches were employed by the authors of this study
to estimate rainfall and agricultural productivity. Additionally, they talked on the efficiency of
certain ML algorithms, such as line regression, SVM, KNN, and decision trees. They conclude
that, of all the algorithms they looked at, SVM has the highest rainfall prediction efficiency.

In the work [9], the author outlines the many machine-learning techniques that are
employed to increase crop productivity. This article used a variety of Al techniques and big data
analysis for precision agriculture. ML algorithms like neural networks, ensemble-based models,
KNN, and other techniques were used to explain crop recommendations.

The paper [10] compares the effectiveness of SVM and RVM in forecasting rainfall.
Both models demonstrate strong capabilities in handling complex weather data, with RVM
offering additional advantages like sparse solutions and probabilistic outputs. While the study
provides valuable msights into applying machine learning for meteorology, more details on data
preprocessing and feature selection could enhance its utility. This work highlights the potential
of Al-driven approaches for accurate weather prediction.

Article [11] used climate and remote sensing data to forecast agricultural yield using
Decision Tree-based regression models. Their research emphasizes the importance of
combining different data sources to enhance forecast accuracy.

Paper [12] focused on pest control which is essential for maximizing crop health and
output which relates to our study. In their investigation of deep learning methods for predicting
wheat production, showed how well neural networks comprehend intricate relationships seen in
agricultural data.

Convolutional Neural Networks (CNNs) were used by [13] to estimate rice yield,
highlighting the need of adding image-based data to yield prediction models.

Additionally, [14] explored the application of Long Short-Term Memory (LSTM)
networks for spatial yield forecasting. The study contributes to advancements in agricultural
production forecasting by emphasizing the effectiveness of recurrent neural networks in
processing sequential data.
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Understanding the variables influencing crop output is crucial for ensuring the efficacy
of prediction models. New studies have shed important light on these variables. For example,
[15] carried out an extensive investigation into the ways in which crop output is influenced by soil
conditions, which 1s essential for choosing pertinent features for machine learning models.

In their investigation of how climatic factors affect agricultural production, [16]
emphasized the need of weather information for precise yield forecasts. The integration of
machine learning into agriculture has significantly enhanced precision farming, which focuses on

optimizing agricultural inputs to achieve maximum productivity and sustainability.

Additionally, a number of research have suggested useful frameworks for machine
learning-based intelligent crop management. Reference [17] developed a machine learning-based
crop selection and optimization of yield system especially for small-scale farmers. A precision
agriculture decision support system that combines crop, weather, and soil data to provide real-
time suggestions was presented by [18].

There are still difficulties mn using machine learning in agriculture, despite these
developments. Reference [19] talked about the shortcomings of the machine learning models
that are currently in use, especially with regard to data variety and model mnterpretability.
Reference [20] discussed the infrastructural issues that farmers in poor countries confront and
offered fixes to increase accessibility to machine learning technology

3. Proposed Methodology

The suggested method determines the most suitable crop for a specific soil based on soil
composition and weather parameters like temperature, humidity, and soil pH. Additionally, it
has the capability to predict rainfall. As illustrated in Figure (1), the architecture of the proposed
system consists of multiple components.

3.1. Data Collection

Data 1s gathered from the 2023 rainfall dataset and crop recommendation datasets on
Kaggle. Crop name, temperature, humidity, pH, rainfall, and NPK levels are among the
attributes included in the crop suggestion dataset. Crop forecast takes these factors into account.
We gather rainfall data from prior years in order to anticipate the annual rainfall. District, Taluk,
Station, and Rainfall (mm) are among its features.

3.2. Data Preprocessing

Once the dataset 1s collected, it undergoes preprocessing before model training. Data
preprocessing involves multiple stages, starting with reading the dataset followed by data cleaning.
During the cleaning process, redundant attributes that are irrelevant to crop prediction are
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removed. Additionally, missing values in the dataset are either dropped or filled with appropriate
values to improve accuracy. After cleaning, the target variable for the model is defined. Finally,
the dataset is partitioned into training and test datasets using the sklearn library, preparing it for
model development.

KAGGLE

(Crop Recommendation
Dataset )

I

DATA COLLECTION

|

DATA Suitable
PREPROCESSING Crop
[ NPK
MACHINE LEARNING nutrient
ALGORITHM CROP levels
PREDICTIONS " RECOMMENDATION
(SVM, DT)

Required
Seed

Approxi
mate
yield

Figure 1. Crop Prediction System’s Architecture

3.3. Prediction Using Machine Learning Algorithms

Prediction Algorithms of ML are models that forecast future events based on historical
data. These techniques are classified under the supervised learning category, in which mput-
output pairs from labeled datasets are used to train the model. Finding patterns and links in the
data to forecast a particular target variable 1s the main objective of predictive algorithms. The goal
1s to offer accurate predictions of future outcomes rather than merely analyzing past events.We
employed supervised machine learning algorithms with classificaion and regression as
subcategories in our system. Our system will work best using a classification method. The SVM
algorithm's Rainfall Prediction uses a hyperplane to divide classes. The Decision Tree algorithm,
which divides data according to feature values, 1s used for crop prediction.
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3.8.1 Rainfall Prediction

Rainfall prediction flow chart is displayed in Figure 2. A supervised machine learning
technique named Vector Machine 1s used for both regression and classification problems. It
divides data into discrete classes by determining the best decision boundary, or hyperplane. The
flowchart describes the step-by-step process for predicting rainfall for the year 2025 using the

START
/ Load external dataset /

l

DATA PREPROCESSING
(dealing with missing values, data cleaning ,train/test
split)

Kaggle's rainfall dataset.

Y

Predict Rainfall using SVM algorithm

4

/ Print predicted rainfall for 2025 /

4

END

Figure 2. Rainfall Prediction using SVM

An external dataset with historical rainfall data 1s loaded at the start of the procedure.
Then data preprocessing 1s then applied to the loaded dataset. The SVM algorithmic classifier
with Radial Basis Function kernel is used to train the model after pre-processing. Equation (1)

gives the Radial Basis Function's mathematical representation.
(p, p») = exponent (—y| |p —p:|| 2) (1)
where, | |p-p:| | = Eucliden distance between p: & ps, y = Gamma.

The model predicts annual rainfall after fiting and testing, which serves as a key input

for the prediction of crops.
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3.8.2 Crop Prediction

Crop prediction begins by loading the crop recommendation datasets from Kaggle. After
reading the dataset, data cleaning will be carried out as described in the Data Pre-processing
section. Following this, use a decision tree classifier to train the models on the training set.

Stepl: Load the dataset
e Store the data (N, P, K, and CROP values) in a DataFrame for easy
handling.
Step2: Convert Crop Names to Numbers
e Replace each crop name with a unique number for easier processing
by the algorithm.
Step3: Separate Features and Target
e N, P, Kare the features.
e CRORP is the target to predict.
Step4: Train the Decision Tree
e Use the DecisionTreeClassifier to train the model.
Step5: Visualize the output
e Plot the tree structure with feature names (N, P, K) and crop labels.

Step6: Display the predicted crop

Figure 3. Decision Tree algorithm for crop prediction

P <=10.75
gini =0.8
samples =5
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1 class = SUGARCANE e

E
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Figure 4. Decision Tree classification output

Int. J. Comput. Commun. Inf,, 1-12 | 7



Vol. 6 Iss. 2 Year 2024 K. Kavitha er al., /2024

We take a number of factors mto account when predicting the crop, including
temperature, humidity, soil pH, and anticipated rainfall. A list including the input parameter
values and predicted rainfall will be appended. The crop will be predicted by the decision tree
algorithm using list data. Figure (3) illustrates the prediction algorithm's step-by-step execution,
while Figure (4) displays the classification results.

3.4. Crop Recommendation

Depending on soil composition, determined rainfall and weather inputs, the system
recommends the best crop for plantation. It also provides detailed information on the essential
amount of fertilizers (ie.,NPK in kilograms per hectare) and seeds (in kilograms per acre) actually
needed for the predicted crop. Additionally, the system estimates the approximate yield (in
quintals per acre) of the suggested crop. These insights collectively assist farmers in selecting the
most profitable crop.

4. Experimental Results

The proposed system 1s mmplemented in python language. It uses SVM and DT
algorithms for crop classification and prediction. This system 1s trained and tested using data

from Kaggle datasets.

CROP PREDICTION

RAINFALL PREDICTION

SUITABLE CROP Predicted Crop: Sugarcane
PREDICT RAIN Predicted Rainfall

in 2025 is 743 mm

PARAMETERS FOR CROF PREDICTION N0 Kghs,
P:145Kg/ha,
TEMPERATURE: 19 NITROGEN N- REQUIREDSEEDS K:94Kg/ha
- 0 & FERTILIZERS Seeds:1000-1500 Kg/acre
PH VALUE: 76 PHOSPHROUSP: 44
! APPROXIMATED YIELD
VDT 6L POTASSIUMK: 3460

Approximated Yield:
PREDICT (RN 400 - 600 quintal'acre QUIT

Figure 5. Crop Prediction with Recommendation

This system predicts the most suitable crop for a particular type of land by taking into
consideration, parameters like yearly rainfall, soil pH, NPK values, humidity and temperature.
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Out of these, the system first predicts annual rainfall using SVM algorithm and historical data

from Kaggle rainfall dataset. Then it gets user input for soil parameters like temperature, PH

value, humidity, Nitrogen level, Phosphorous level and Potassium level. These input values are

passed to the Decision tree algorithm, which is already trained & tested with data from Kaggle’s

crop recommendation dataset. The proposed system displays the recommended crop, for given

mput values. Additionally, it also calculates the necessary NPK levels for the recommended crop,

the required seed quantity per acre, and the estimated yield for the suggested crop. The results

are displayed in a GUI form, as given below in Figure (5).

The output of the predictions made by Decision Tree algorithm is tabulated below in

Table 1. The wisualization of crop prediction 1s represented in Figure 6, and the

recommendations for the crop, sugarcane is graphically shown in Figure 7.

Table 1. Crop Prediction Results

=
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Figure 6. Crop Predictions
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PREDICTIONS FOR SUGARCANE
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Figure 7. Recommendations for sugarcane
5. Conclusion

Currently, many farmers are unaware of technology usage in agriculture, which can lead
to incorrect crop selection and a subsequent reduction i their production and income. To
mitigate such losses, a GUI based farmer-friendly system 1s developed, which predicts the most
suitable crop for a given type of land. This system also provides essential information on required
nutrients, the appropriate quantity of seeds for cultivation, and the expected yield. Thus, this
system empowers farmers to make informed decisions, enhancing growth and driving innovation
mn the agricultural sector. The future scope of this system 1s to enhance the system by collecting
the necessary data through GPS locations of the land and integrating data from government-run
rain forecasting systems. This will allow crop predictions based solely on the GPS location.
Additionally, we plan to develop a model that can help address food supply imbalances,
preventing both overproduction and shortages.
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