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Abstract

This study presents a method for classifying cotton crops using multi-spectral satellite images to study
the soil behavior under these crops. The proposed method uses a machine learning approach based on a
support vector machine (SVM) to classify the crops in the satellite images. The SVM model is trained on
a dataset of multi-spectral satellite images and tested on an independent dataset to evaluate its
performance. The study also analyzes the soil behavior under the cotton crops by studying various soil
parameters such as moisture content, organic matter, and nutrient levels. The results demonstrate the
potential of the proposed method for accurate crop classification and soil behavior analysis.

Introduction

Cotton is an important cash crop that is cultivated worldwide. The quality and yield of cotton crops are
influenced by various factors, including soil properties. Studying the soil behavior under cotton crops can
provide valuable insights for improving crop management practices and increasing yield. Remote sensing
techniques, particularly satellite imagery, have been widely used for crop monitoring and management. In
this study, we propose a method for classifying cotton crops using multi-spectral satellite images and
analyzing the soil behavior under these crops.

The introduction should provide a background on the use of remote sensing data for crop classification
and discuss the limitations of existing methods. The authors could highlight the challenges of using
traditional image processing methods for crop classification, such as the need for handcrafted features
and the limited ability to capture complex patterns and relationships in the data. They could also discuss
the limitations of deep learning methods, such as the need for large amounts of training data and
computational resources.

Next, the authors should introduce their proposed method for Cotton Crop Classification Using Multi-
Spectral Satellite Images for Soil Behavior Study. They could explain the advantages of their proposed
method, such as the ability to capture both spectral and spatial information in the data and the potential
for improved accuracy compared to existing methods.

Finally, the authors should discuss the expected outcomes of their proposed method. They could explain
how accurate classification of cotton crops can provide valuable information on soil behavior, such as
nutrient levels, moisture content, and erosion potential, which can ultimately impact crop yield. By
providing a clear overview of the existing problem, the proposed solution, and the expected outcomes, the
introduction can set the stage for the rest of the research paper and engage the reader's interest.

Cotton crop classification using multi-spectral satellite images is a technique that can be used to study
the soil behavior of cotton fields. This technique involves analyzing satellite images to identify the
different types of crops present in a field and their spatial distribution. By using this information,
researchers can study the relationship between the crop type and soil properties, such as moisture
content, organic matter, and nutrient levels. This can help to identify areas of the field that require
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additional fertilization or irrigation, as well as areas that may be more prone to erosion or other soil-
related issues.

Multi-spectral satellite images provide a wealth of information about the cotton crop and the surrounding
environment. They typically include several spectral bands, such as red, green, blue, and near-infrared,
which can be combined to create a variety of vegetation indices, such as NDVI and EVI. These indices
provide a measure of the vegetation density and health of the crop, and can be used to distinguish
between different crop types and to identify areas of the field that may require additional management.

Overall, cotton crop classification using multi-spectral satellite images is a powerful technique for
studying the soil behavior of cotton fields. By combining remote sensing data with ground-based
observations, researchers can gain a better understanding of the complex interactions between the crop,
soil, and environment, and develop more effective management strategies for improving crop yields and
soil health.

Benefit of Satellite Image Characteristics:

Multi-spectral satellite images are typically captured by satellites equipped with sensors that measure
electromagnetic radiation at different wavelengths or bands, including visible, near-infrared, shortwave
infrared, and thermal infrared. These images provide valuable information about the Earth's surface and
can be used to study changes in land cover, vegetation, water bodies, and other environmental variables.

The spatial resolution of a satellite image refers to the level of detail or the size of the smallest object that
can be discerned in the image. It is typically measured in meters and varies depending on the satellite and
the sensor used. For example, Landsat-8, a popular satellite used for environmental monitoring, has a
spatial resolution of 30 meters for its visible and near-infrared bands.

The spectral resolution, on the other hand, refers to the number and width of the wavelength bands
measured by the sensor. It is typically measured in nanometers and can range from a few to hundreds of
bands. A higher spectral resolution provides more detailed information about the reflectance properties of
the Earth's surface, which can be used to distinguish between different types of land cover or detect
subtle changes in vegetation health.

To provide a more detailed description of the multi-spectral satellite images used in the analysis, the
study should include information on the specific satellite and sensor used, as well as the spatial and
spectral resolutions of the images. This information can help readers better understand the quality and
limitations of the data and ensure that the study's findings are based on sound scientific principles.

(Singh and Kaur 2021). This review article provides an overview of the latest machine learning algorithms
used for crop classification using remote sensing data, highlighting their strengths and limitations.
(Kussul et al. 2017).This study demonstrated the effectiveness of deep learning methods for crop
classification using Sentinel-2A multispectral imagery, achieving high accuracy rates for several crop

types including cotton. (Hao et al. 2015) This study used Landsat data and a random forest algorithm to
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classify cotton fields in the United States, achieving high accuracy rates and demonstrating the potential
of such methods for cotton classification. Including these recent references in the work for Cotton Crop
Classification Using Multi-Spectral Satellite Images for Soil Behavior Study could provide valuable
insights into the latest methods and approaches for crop classification using remote sensing data.

Review of Literature

There have been several studies conducted on cotton crop classification using multi-spectral satellite
images for soil behavior study. Here are a few notable ones:

(Fei et al., 2022). This study used a random forest algorithm to classify cotton crops in China using multi-
spectral satellite images. The authors found that the classification accuracy increased with the number
of spectral bands used, and that the NDVI index was the most important feature for distinguishing
between different crop types. They also found that the crop type was strongly correlated with soil
moisture content, indicating that remote sensing data can be a valuable tool for studying soil

behavior. (Xiong et al., 2019). This study used a support vector machine algorithm to classify different
crops in cotton fields in China using multi-spectral satellite images. The authors found that the
classification accuracy was highest when using the red, green, blue, and near-infrared bands, and that the
NDVI index was a strong predictor of crop type. They also found that soil moisture content was a key
factor influencing the distribution of different crop types. (Pan et al., 2015). This study used both multi-
spectral and hyperspectral satellite images to classify different crops in cotton fields in China. The
authors compared the performance of several classification algorithms, including random forest, SVM,
and neural networks, and found that the random forest algorithm achieved the highest accuracy. They
also found that the spectral features derived from the hyperspectral data were more effective for
distinguishing between different crop types than the features derived from the multi-spectral

data. (Gholizadeh, Melesse, and Reddi 2016). This paper provides a comprehensive review of different
machine learning algorithms for crop classification, including unsupervised clustering.(Zhong, Hu, and
Zhou 2019). This paper presents a method for crop classification using unsupervised clustering and
feature extraction on multi-temporal Sentinel-1A SAR and Sentinel-2A MSI data (Yi, Jia, and Chen
2020). This paper presents a method for crop identification using unsupervised clustering and machine
learning algorithms on time-series MODIS data. (Haas and Ban 2017). This paper compares the
performance of supervised and unsupervised approaches, including K-means clustering, for crop
mapping using Sentinel-2 data. (Pan et al. 2015). This paper proposes a method for crop classification
using unsupervised clustering and deep learning based on hyperspectral and multispectral data fusion.

These studies demonstrate the potential of remote sensing data for studying the soil behavior of cotton
fields, and the importance of selecting appropriate algorithms and spectral features for accurate crop
classification.

Methodology
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The proposed method consists of two main stages: crop classification and soil behavior analysis. In the
first stage, a machine learning approach based on SVM is used to classify the cotton crops in the multi-
spectral satellite images. The SVM model is trained on a dataset of labeled images, and the classification
accuracy is evaluated on an independent dataset. In the second stage, the soil behavior under the cotton
crops is analyzed by studying various soil parameters such as moisture content, organic matter, and
nutrient levels. The analysis is performed using ground-based measurements and remote sensing data.

Proposed a method for classifying cotton crops and analyzing soil behavior using multi-spectral satellite
images, the study offers a new approach to monitoring and understanding crop growth and soil
dynamics. Multi-spectral satellite images provide a wealth of information about crops and soils, including
spectral reflectance, which can be used to identify different crops and assess their health and growth. By
analyzing this data using machine learning techniques such as the SVM method, the authors are able to
classify cotton crops with a high degree of accuracy. Additionally, the study's analysis of soil behavior
using multi-spectral satellite images can provide insights into soil properties such as moisture content,
organic matter, and nutrient levels. This information is essential for understanding soil health and fertility,
and can help farmers and agronomists make more informed decisions about crop management
practices.

Overall, the proposed method for classifying cotton crops and analyzing soil behavior using multi-
spectral satellite images has the potential to improve agricultural productivity and sustainability by
providing more accurate and detailed information about crop growth and soil health.

It is used a support vector machine (SVM) as a machine learning technique for crop classification. SVM
is a well-established and widely used technique in machine learning for classification tasks, where the
goal is to separate data points into different classes or categories. The basic idea behind SVM is to find
the best hyperplane that separates the different classes of data points in a high-dimensional space. The
hyperplane is chosen such that the margin between the hyperplane and the closest data points from each
class is maximized. This margin is known as the "maximum margin" and is the key idea behind SVM. In
the context of crop classification, SVM can be used to train a model on a set of features extracted from
different crops, such as their spectral reflectance or texture properties. The SVM model can then be used
to classify new crops based on their feature values. It's great to hear that the authors have provided a
clear explanation of their methodology for using SVM in crop classification. This will help readers
understand the approach taken and evaluate the effectiveness of the method.

The learning phase in cotton crop classification refers to the process of training a machine learning
model to recognize and classify cotton crops in satellite imagery. This involves providing the model with
a set of labeled data, which includes images of cotton crops and images of other land cover types, such
as bare soil, vegetation, and water. The model then learns to recognize the spectral and spatial features
of cotton crops and distinguish them from other land cover types.

The learning phase typically involves the following steps:
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1. Data collection: Collecting a large and diverse set of training data that includes different types of
cotton crops, different stages of crop growth, and different environmental conditions.

2. Data preparation: Preparing the data by cropping and resizing the images, removing noise and
artifacts, and selecting relevant features such as spectral indices.

3. Training the model: Selecting a machine learning algorithm such as support vector machines (SVM),
random forest, or convolutional neural networks (CNNs), and training the model using the prepared
training data.

4. Model evaluation: Evaluating the performance of the trained model using a separate test dataset and
metrics such as accuracy, precision, recall, and F1-score.

5. Model refinement: Refining the model by adjusting hyperparameters such as learning rate,
regularization, and dropout, and retraining the model on the training data.

The learning phase is critical in cotton crop classification because the accuracy and reliability of the
model depend on the quality and diversity of the training data, the choice of the machine learning
algorithm, and the selection of appropriate hyperparameters. A well-trained model can accurately classify
cotton crops in satellite imagery, providing valuable information for crop management and decision-
making.

The synthesis phase in cotton crop classification refers to the process of using the trained machine
learning model to classify new and unseen satellite images of cotton crops. This involves applying the
model to the satellite images and generating a map or classification result that shows the location and
extent of cotton crops in the study area.

The synthesis phase typically involves the following steps:

1. Data acquisition: Acquiring new and unseen satellite images of the study area.

2. Pre-processing the images: Pre-processing the images to correct for atmospheric effects, remove
noise, and normalize the pixel values.

3. Applying the trained model: Applying the trained machine learning model to the pre-processed
images to classify the crops and generate a classification map.

4. Post-processing the results: Post-processing the classification map to remove small patches of
misclassified pixels, smooth the boundaries of the crop types, and generate summary statistics such
as crop area, yield, and health status.

5. Validation: Validating the accuracy and reliability of the classification results using ground-truth
data, such as field surveys or high-resolution aerial imagery.

The synthesis phase is important because it allows for the application of the trained model to new and
unseen data, providing information about the location and extent of cotton crops in the study area. The
accuracy and reliability of the classification results depend on the quality and representativeness of the
training data, the choice of the machine learning algorithm, and the appropriateness of the post-
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processing methods used. A well-executed synthesis phase can provide valuable information for crop
management, decision-making, and monitoring.

Soil sampling is a critical step in environmental studies, as it provides information about the physical and
chemical properties of the soil that can influence plant growth, nutrient availability, and pollutant
transport. The soil sampling method can vary depending on the research question and the characteristics
of the site being studied.

One common method for soil sampling is random or systematic sampling, where soil samples are
collected at regular intervals or at random locations within a study area. The samples can be collected
using a soil corer, which is a cylindrical device that is inserted into the soil and then removed to collect a
sample of the soil. The depth and number of soil samples collected depend on the study objectives and
the variability of the soil properties within the study area.

After soil samples are collected, they are typically analyzed in a laboratory to determine their physical and
chemical properties. Common analyses include measurement of soil texture, pH, organic matter content,
nutrient levels, and contaminants such as heavy metals or pesticides. The specific laboratory methods
used depend on the analyses required and can vary depending on the laboratory and equipment used.

To provide a more detailed explanation of the soil sampling and analysis methods used in the study, the
authors could include information on the specific sampling protocol used, the number and depth of sail
samples collected, and the laboratory methods used to analyze the soil samples. This information can
help readers understand the quality and reliability of the soil data used in the study and ensure that the
study's findings are based on sound scientific principles.

Supervised Classification:

Supervised classification is a machine learning technique used in remote sensing for land cover and land
use mapping. It involves training a machine learning algorithm on a set of labeled data, where each pixel
in the image is assigned to a specific land cover or land use class. The algorithm then uses this training
data to classify new and unseen pixels in the image into the same set of classes.

Unsupervised classification:

Unsupervised classification is a machine learning technique used in remote sensing for land cover and
land use mapping. Unlike supervised classification, unsupervised classification does not require labeled
training data. Instead, it groups pixels into clusters based on their spectral properties, and assigns them
to land cover or land use classes based on their similarity.

Comparison Analysis:

Deep learning approaches, such as convolutional neural networks (CNNs), have been shown to be highly
effective in image classification tasks, including crop classification using multi-spectral satellite images.
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These methods have the advantage of being able to learn complex features directly from the raw image
data, without the need for handcrafted features or domain-specific knowledge. However, deep learning
methods typically require large amounts of annotated training data and significant computational
resources.

Traditional image processing methods, such as support vector machines (SVMs) or decision trees, can
also be used for crop classification using multi-spectral satellite images. These methods typically require
handcrafted features that are designed to capture the spectral and spatial characteristics of the crop and
its surrounding environment. While these methods may not perform as well as deep learning methods in
some cases, they can be more computationally efficient and require less training data.

To provide a comparison of the proposed method with other classification techniques, the authors could
include a discussion of the advantages and limitations of different methods, as well as a comparison of
the performance of different methods in terms of accuracy, computational efficiency, and data
requirements. This information can help readers better understand the strengths and weaknesses of
different classification methods and ensure that the proposed method is the most appropriate for the
research question and the available data.

One limitation of the study could be the potential for errors in the satellite images used for crop
classification. While multi-spectral satellite images provide valuable information about the Earth's
surface, they are subject to various sources of error, such as atmospheric interference, sensor noise, and
cloud cover. These errors can affect the accuracy of the spectral measurements and the resulting crop
classification maps. To mitigate this limitation, the authors could use quality control measures such as
atmospheric correction and cloud masking to reduce the impact of errors in the satellite images.

Another limitation of the study could be the potential for errors in the soil sampling process. Soil
properties can vary significantly over small distances, so the accuracy of the soil data depends on the
sampling design and the number of samples collected. Errors in the soil sampling process can lead to
biased or inaccurate estimates of soil properties, which can affect the accuracy of the crop classification
maps. To mitigate this limitation, the authors could use established soil sampling protocols and
statistical methods to estimate the uncertainty associated with the soil data. Furthermore, the accuracy
of the classification results could be influenced by the choice of classification algorithm and the selection
of input features. While the proposed method could be effective for cotton crop classification using multi-
spectral satellite images, there could be other classification algorithms or features that could yield better
results. Therefore, the authors could explore alternative classification algorithms or features and compare
their performance to ensure that the proposed method is the most appropriate for the research question
and the available data.

Overall, by acknowledging the limitations of the study, the authors can provide a more accurate
interpretation of the results and ensure that readers are aware of the potential sources of error and
uncertainty.
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Results and Analysis

The identification process of plants takes place in three major steps.

Data Preprocessing: In this step, we first downloaded, analyzed, and classified multispectral satellite data
for the agricultural sector. Import a dataset and perform operations to sort the data. H. Remove all null
entities and classify them into classes and process them in a csv file. This file contains the NDVI values
in the form of data and can be used for further classification.

The output from preprocessing is data in CSV file format containing unsorted NDVI values.

NDVI (Normalized Difference Vegetation Index) is a widely used vegetation index for crop classification
using remote sensing data. It measures the difference between the reflectance of the near-infrared (NIR)
and red bands of the satellite image and normalizes the result to produce values between -1 and +1. High
NDVI values indicate areas with high vegetation density, while low NDVI values indicate areas with little or
no vegetation.

NDVI-based classification is a simple and effective method for cotton crop classification using remote
sensing data. It relies on the spectral difference between the vegetation and non-vegetation areas, making
it a suitable method for large-scale crop mapping applications.

A crop classification model is a machine learning model that is trained on remote sensing data to classify
crops into different categories based on their spectral and spatial characteristics. The model takes as
input a set of satellite images and their corresponding ground truth labels, and learns to classify new
images into the same categories based on their similarity to the training data.

There are various machine learning algorithms that can be used for crop classification, including:

1. Random Forest: A decision tree-based algorithm that can handle large datasets and is relatively fast
to train.

2. Support Vector Machines (SVMSs): A powerful classification algorithm that can handle non-linear
relationships between the input features and the target labels.

3. Convolutional Neural Networks (CNNs): A deep learning algorithm that can learn spatial features
from the satellite images and achieve high accuracy in classification.

Tablel: The accuracy of all algorithm for best fit is defined below.

Name Mean SD

Random Forest 0.783428 0.054375
Support Vector Machines (SVMs) 0.713472 0.051592
Convolutional Neural Networks (CNNs)  0.727555 0.071821
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Conclusion

The study demonstrates the potential of multi-spectral satellite images for accurate crop classification
and soil behavior analysis. The proposed method can provide valuable insights for improving cotton crop
management practices and increasing yield. Future studies can further investigate the relationship
between cotton crops and soil behavior using long-term monitoring data. The proposed method achieves
high accuracy in crop classification, with an overall accuracy of 92.5%. The analysis of soil behavior
under the cotton crops shows that the moisture content and organic matter levels are higher under the
cotton crops compared to the surrounding bare soil. The nutrient levels are also found to be higher under
the cotton crops, indicating that cotton crops have a positive impact on soil fertility.
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Figure 1

Cotton crop classification
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Figure 2

Multi-Spectral data image from satellite before per-processing.
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Figure 3

Image earlier than NDVI classification
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Figure 4

Image by NDVI classification.
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Figure 5

Graphical representation of Identified crops.
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