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ABSTRACT

This work presents a system, in the form of a web application.The business logic
in Python uses Hybrid ensemble Learning techniques in order to predict the most
profitable crop in the forecasted weather and soil conditions at a specified location.The
proposed system will integrate the data obtained from soil, crop repository, weather
departmentandbyapplyingmachinelearningalgorithmsandapredictionofmostsuitable
crops according to current environmental conditions is made. This provides young
farmers with a variety of options of crops that can be cultivated. Machine learning is
concernedwiththedevelopmentofcomputerprogrammedthatcanaccessdataandlearn  on
their own. Crop yield prediction is one of precision agriculture's most difficult issues,
andseveralmodelshavebeenproposedandvalidatedsofar.Sincecropyieldisaffected by a
variety of factors such as climate, weather, soil, fertilizer usage, and seed variety, this
issue necessitates the use of multiple datasets. This suggests that predicting crop
yields is not a simple task; rather, it entails a series of complex steps. Farmers are the
coreoftheagriculturalsystem.Agricultureisanimportantpartofacountry'sdevelopment
because, as everyone knows, a country's gross domestic product must be equitable.
Farmers are critical to the agricultural system's success because crops must be planted
and processed for it to work. A prototype for a real-time crop recommendation algorithm
inPythonusingHybridMachineLearningandDataAnalyticswascreatedtoassistthese
farmers.Machinelearningisasubsetofartificialintelligence (Al)thatenablescomputers

tolearnandevolvewithoutbeingexplicitlyprogrammed..



CHAPTER
NUMBER

CONTENTS

CHAPTERNAME
ABSTRACT
LIST OF ABBREVIATIONS
LIST OF FIGURES
LIST OF TABLES

INTRODUCTION

1.1 Motivation

1.2 Problemstatement
1.3 Outline of theproject

1.4 Datacollection

AIM AND SCOPE
2.1 Aim
2.2 Literature survey

2.3 Scope

SYSTEM DESIGN

3.1 Existing System

3.2 RuleSet of Existing System

3.3 Main Disadvantage of Existing System

3.4 Proposed System

vi

PAGE
NUMBER

Vv

iX

X

Xi

01

01

01

02

02

03

03

03

05

06

06

06

08

08



3.5 Exploratory DataAnalysis
3.5.1 LinearlySeparable
3.5.2 Correlation
3.6 SoftwareUsed
3.6.1 Programming LanguageUsed

3.6.2 IDEUsed

4 RESULT ANALYSIS AND DISCUSSION
4.1 Correlation inDataset
4.2 Algorithms
4.2.1 Parameters involved inaccuracy
4.3 Comparison Between DifferentAlgorithms
4.4 Comparison andConclusion
4.5 HybridModel
4.6 Hybrid EnsembleModel
4.7 SystemRequirements
4.8 Front-end
49 API

4.10 OutputScreenshots

Vii

09

10

10

11

11

16

17

17

18

19

20

31

32

32

34

34

35
35



CONCLUSION AND FUTURE WORK

5.1 Conclusion

5.2 FutureEnhancement

REFERENCES

viii

37

37

37

38



ABBREVIATION

NPK
EDA
RF

SVM

LIST OFABBREVIATIONS

EXPANSION

Nitrogen,Phosphorous,Potassium
Exploratory DataAnalysis
RandomForest

Support VectorMachine



FIGURE NUMBER
3.1

3.2
3.3
4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
411
4.12
4.13
4.14
4.15

LIST OF FIGURES

FIGURE NAME
Existing System

Proposed System

Diagram for EDA

Data Summarization

Heatmap for Correlation

Logistic Regression Model

Accuracy for Logistic Regression Model
Decision tree model

Decision tree accuracy

Random Forest tree model

Accuracy for Random Forest tree model
SVM Model

SVM Model Accuracy

Naive Bayes Accuracy

Accuracy Comparison

Web application Model

Output Screenshot — 1

Output Screenshot- 2

PAGE NUMBER
06

08
09
17
18
20
21
23
24
25
26
27
28
30
31
32
33
34



TABLE NUMBER
3.1

4.1

4.2

LIST OF TABLES

TABLE NAME

Rule baseof ExistingSystem
ClassPredictionTable

AccuracyComparisonTable

Xi

PAGE NUMBER
07

19

31



CHAPTER 1
INTRODUCTION

1.1 MOTIVATION:

The agriculture system is supported by farmers. Agriculture, as is well known, is an
integral part of a country's development. Agriculture is very important in India's economy
and job market. One of the most common problems faced by Indian farmers is that they
do not choose the appropriate crop for their soil. One of the most popular issues that

Indian farmers face is failing to select the right crop for their soil.

1.2 PROBLEMSTATEMENT:

Seedingthewrongseedunintentionallywouldbeawasteoftimeandmanpower.Farme
rs need to improve productivity so that they can get more money
fromthesamepieceoflandwith lesslabour.Precision agriculturemakesitpossible.Precision
farming,as the name suggests, refers to the application of specific and
appropriatetotalsofcomment such as pee, fertilizers, soil, and so on to the craw at the
appropriatetimeinorder to increase its productivity and yields. Precision agriculture
systemsaren'tallcreated equal. However, in agriculture, it is critical that the
recommendationsmadeareaccurate and precise, as errors may result in heavy material
and
capitallosses.Sincecropyieldisaffectedbyavarietyoffactorssuchasclimate,weather,soil,fert
ilizerusage,NPK,andseedvariety,thisissuenecessitatestheuseofmultipledatasets. Thissu
ggests
thatpredictingcropyieldsisnotasimpletask;rather,itentailsaseriesofcomplexsteps. TheNPK
arenothingbuttheprimarynutrients(Nitrogen,Phosphorus,Potassium)
of thesoilorplants.ltdecidesthegrowthoftheplantonthefield.Lagofmonitoringthis
NPKcontentinthesoilmayleadtothemassivelossduringharvesting. Thereareseveral
factors in the environment that also decide the growth and type of plants on the soil or

land.



1.3 OUTLINE OF THEPROJECT:

Many studies are being conducted in order to develop an accurate and effective
croppredictionmodel.Ensemblingisoneofthetechniquesusedinthesetypesofstudies.
WecanimproveyieldefficiencybyusingthisEnsemblingtechniqueprediction.Whenwe
wantahighpredictivemodel,weusehybridmodels,whichhaveahighaccuracy.Above
all,themosteffectivemodelisdeterminedbyperfectdatacleaning.WeusedPythonfor
boththebackendandthefrontendinthisproject.Forthefront-end,there'sHTML, CSS, and
JS, as well as the Flask module for linking the frontend and backend. We've also

usedhybridensembleclassifierstoimproveaccuracy.

1.4 DATACOLLECTION:

IMD and dedicated data collection are provided the dataset for this project. Data
on soil nutrition is gathered from historical soil testing data, which provides general crop
information. Themodeltakesintoaccountmajorcropssuchaswheat,rice,bajra,maize,
andjowar,aswellasminorcropssuchaspulses,gramme,jute,cotton,groundnut,barley,
ragi,mustard,sugarcane,sesame,andsunflower.

TheimportantfeaturesofthedatasetareofsoiltypeSandy,Silt,ClayandLoamy  Saoil,
pH value of the Soil is a measure of the acidity and alkalinityin soils, NPK content of
thesoilwhichisnitrogen,phosphorusandpotassiumarethethreenutrientsusedby
plants,Permeabilityofthesoilisthepropertytotransmitwaterandair,thewatercontent in the
soil, average rainfall, temperature and previously harvested crop. All these parameters
are really important to determine the best crop for current weather, market

demandandavailabilityofmarketinfrastructure,expectedprofitandrisk.



CHAPTER 2
AIM AND SCOPE

2.1 AIM:

The aim of our project is to design a web application that will predict appropriate
Crop yield based on the soil and environment conditions by using hybrid ensemble
technique. This web based application which is been implemented in this project aims

that it can be easily availableand can be used any kind of soil type in across india.

2.2 LITERATURESURVEY:

[1] Prabakaran,G et al., has presented the “Fuzzy decision support system for
improving the crop productivity and efficient use of fertilizers” states that the process of
reducing the fertilizer consumption and improving the crop productivity using the fuzzy
logic systems. This system comprises two parts; land report based expert knowledge to
stimulate the yield potential through appropriate organic lacking minerals in soil. This
researchworkistoimprovetheproductivitywithminimumconsumptionoffertilizer. This  study
has been carried out to assess the fertilizer con sumption in both the ACZ (Agro
ClimaticZone)withan exhaustivedailyfieldmeasurementsandlabanalysisofaduration of
three years to determine exact fertilizer needs for every individual land. The data was
analysed in MATLAB to establish feasibility rules for decision support systems for the
cropstogetthetargetedoutput.AmajordrawbackofFuzzyLogiccontrolsystemsisthat
theyarecompletelydependentonhumanknowledgeandexpertise.Youhaveto regularly
update the rules of a Fuzzy Logic control system. These systems cannot recognize the
accurateyieldprediction.AndalsoitisquitedifficulttowritethelogicforthewholeFuzzy expert

system.



[2] A.Toretiet al., has presented Using “reanalysis in crop monitoring and
forecasting systems” States that Weather observations are essential for crop monitoring
and forecasting but they are not always available and in some cases they have limited
spatial representativeness. As a result, reanalyzes are an additional source of data that
should be investigated. We evaluate the viability of reanalysis-based crop tracking and
forecasting in this study by using the European Commission's Joint Research Centre's
scheme, its gridded regular meteorological measurements, the biased-corrected
reanalysis AQMERRA, and the ERA-Interim reanalysis, as well as the biased-corrected
reanalysis AQMERRA. And, for the period 1980-2010, concentrate on Europe and two
crops, wheat and maize, under potential and water-limited conditions. They did their
analysisusingdatafrommeteorologicalstationsall overAfrica.ltmaynotbeenoughfor

othernations

[3] SilvioGualdietal.,hasdiscussed“Usingdailydatafromseasonalforecastsin
dynamic crop models for yield prediction: A case study for rice in Nepal’s Terai” , The
results from this study indicate that unlike the typical ensemble averaging approach
commonly used in seasonal climate forecasting, averaging the simulated yield using
individualmemberdoesnotguaranteebetteryieldprediction.Furtheranalysesshouldbe
made,includingalternativedownscalingmethodsaswellasasimilaranalysisforanarea
wherequalitymeteorologicalandagriculturaldataareavailableandwheretheseasonal

forecasts exhibit betterskill.

[4] Kuanr et al., has developed “Crop Recommender System for the Farmers
usingMamdaniFuzzylInferenceModel”’, Theaimofthisresearchistocreateacollective
recommenderschemefor  farmers,withthegoal ofsuggestingacropthatisappropriate
forthefarmer'spositionbasedonweatherconditionsinpreviousmonths. TheMamdani
Fuzzylnferencemodelisusedtoapplytheproposedframework.Thefindingsshowthat it

offers previouscrop ideas prior to seed sowing.



[5] Nishit jain et al., has developed “Crop Selection Method Based on Various

Environmental Factors Using Machine Learning”,The Proposed method is used to

determinethemaximumyieldbysumminguptheanalysisofalltheaffectingparameters

usingafeedbackpropagationalgorithm.

[6] Kirtan Jha et al., has reviewed the “A comprehensive review on automationin

agricultureusingartificialintelligence”, Thispapertalksaboutuseofdifferentautomation

practiceslikelOT,MachinelearningandAtrtificiallntelligenceinagriculturesystems.

2.3 SCOPE:

Topredicttheappropriatecropyieldbasedonthesoilandenvironmentfactor.

To analyze the data to get theinference.

To analyze and compare the cleaned dataset with various machine learning
algorithm.

Toframethehybridensemblingmodelalongwithdataset.

To design aweb Ul end for user interaction with portal.



CHAPTER 3
SYSTEM DESIGN

3.1 EXISTINGSYSTEM:

The Existing system employs a fuzzy model and expert experience to forecast the
best crop for a given piece of farmland. Expert knowledge of land, weather, air, and
agronomists is represented by fuzzy sets. Expert expertise aids in the creation of the
final rules. The fuzzy method, on the other hand, uses multiple state variables to

obtain the desired result.

Yield

Expert Knowledge Productivity Scale Recommendations

Database

MISO fuzzy system

Fig.3.1: EXISTING SYSTEM

3.2 RULE SET OF EXISTINGSYSTEM:

Frequently used in the control mechanisms of many systems. Three steps had
been taken to complete the fuzzy logic operation. 1. Perplexity 2. Examining the rules 3.
Defuzzification. There are three types of graphical inference techniques (fuzzy
controllers) that can be used to combine aggregation rules. They are 1. Mam-dani

Systems 2. Sugeno Systems 3. Trukamoto Systems.



The typical multi input and single output fuzzy rule (As shown in Table No 3.1) follow as

If Inputl is A1 AND Input2 is A2, Then Output is Y1

If Inputl is B1 AND Input2 is B2, Then Output is Y2

Where Al, A2, B1, B2, Y1, Y2 are fuzzy sets and Inputl, Input2 Output are fuzzy

system variables. The degree to which the fuzzy operation is carried out is determined

by the degree of truth in the preceding proposition.

Table No 3.1: Rule base of existing system

Rule.No.1 If Primary Nutrient Output is Poor AND Secondary Nutrient Output is Poor AND Micro Nutrient Output is Poor AND Climatic Parameter Output is Poor AND
Seasonal factor Output is Poor AND Soil Properties is Satisfied AND Water Properties is Satisfied AND Pesticide Incidence is Very High Level THEN is Poor
Productivity

Rule.No.2 If Primary Nutrient Output is Poor AND Secondary Nutrient Output is Moderate AND Micro Nutrient Output is Poor AND Climatic Parameter Output is Poor
AND Seasonal factor Output is Poor AND Soil Properties is Satisfied AND Water Properties is Satisfied AND Pesticide Incidence is Very High Level THEN is Poor
Productivity

Rule.No.3 If Primary Nutrient Output is Poor AND Secondary Nutrient Output is Good AND Micro Nutrient Output is Poor AND Climatic Parameter Output is Poor AND
Seasonal factor Output is Poor AND Soil Properties is Satisfied AND Water Properties is Satisfied AND Pesticide Incidence is Very High Level THEN is Poor
Productivity

»

»

Rule.No.2500 If Primary Nutrient Output is Poor AND Secondary Nutrient Output is Excellent AND Micro Nutrient Output is Poor AND Climatic Parameter Output is Excellent
AND Seasonal factor Output is Moderate AND Soil Properties is Satisfied AND Water Properties is Dissatisfied AND Pesticide Incidence is Very High Level THEN
is Poor Productivity

Rule.No.16000  If Primary Nutrient Output is Excellent AND Secondary Nutrient Output is Excellent AND Micro Nutrient Output is Excellent AND Climatic Parameter Output is
Moderate AND Seasonal factor is Good AND Soil Properties is Dissatisfied AND Water Properties is Dissatisfied AND Pesticide Incidence is Medium Level THEN
is Good Productivity



3.3 MAIN DISADVANTAGES OF EXISTINGSYSTEM:
Extensivehardwaretestingisneededforthevalidationandverificationofafuzzy
knowledge-based system. It'sdifficult to come up with precise, fuzzy rules and

membershipfunctions.

Somepeopleconfusefuzzytimelogicwith probabilitytheoryandtheterminology.
AFuzzylogiccontrolsystem'srulesmustbemodifiedonaregularbasis.Thesesystems  are
unable to recognize a precise yield estimate Furthermore, writing the logic for the

wholeFuzzyexpertschemeisverydifficult.

3.4 PROPOSEDSYSTEM:

In thisproposedmethodwearegoingtouseHybridensembletechniquetopredict the
better crop yields. The system uses the only NPK (Primary Nutrients) which is used
only for the intimation of the soil fertility(As shown in fig:3.2). And the major factor pH,
Temperature,Averagerainfall, HumidityinvolvesaffectingthebettergrowthofcropThis

willsuggestwhichtypeofcropwillbesuitableforthatsoil.

Feature Variable: N, P, K, pH, Temp, rainfall, Humidity
Target Variable: Crop label

Weather/Environ

mental reports .
from various
Agriculture fields Load Dataset

Data Cleaning/Pre
Processing

User Interface

|

Generate Sturctured
Machine Learning
Techniques

v

Based on the selected
classification Algorithm

User Inputs

Fig: 3.2: Proposed system



Inthis project, | have done comparative analysis between most famous
Classification algorithms to predict the best crop for the soil. The algorithm used for
comparativeanalysisLogisticRegression,DecisionTree,RandomForestClassification,

SVM, Naive BayesClassification

3.5 EXPLORATORY DATAANALYSIS:

Advancedmathematicalmethodsarealsoconsideredtobeattheheartofmachine
learning. However, another important aspect of any data science project is exploratory
data analysis, which is often overlooked or undervalued (EDA). It's a tried-and-true

methodforquicklyestablishingalinkwithnewdatathat'srarelyused.

CROP.CSW FERT.CSV

hi

Data cleaning & Merging
the data sels

T

Data
summarizing &
getting
inferences for
Modeling

Fig: 3.3: Diagram for EDA

It'softeneasiertocomparetheeffectsof multipleexploratorytechniquesoneach
datacollection.Thisphaseaimstounderstandthedataset,recognizemissingvaluesand
outliersif any,andgetasenseof thestoryittellsusingvisualandquantitativemethods.

Itindicatestheproject'snextlogicalsteps,concerns,orstudyareas..

Steps in EDA (As shown in fig:3.3) are Identification of variables and data types,
Correlation Analysis,Simple Metrics Analysis, Variable Transformations, Removing

Missingvalue



3.5.1 LINEARLYSEPARABLE:

If the data is linearly separable, let's say this translates to saying we can solvea two class

classification problem perfectly, and theclass label yi -1 ,1..

Once we find the plane separating them, each point will be of class -1 or 1. The problem now
reduces to find ‘any’ plane which separates the data perfectly. Let's assume we solve the
following feasibilityproblem, which is similar to the inequality of the Support Vector Machine
(SVM)algorithm.

minwl
W, (W'Xi+b) yi20-------mmmmmmeo- 3.1

Recall the equation of a plane. We say that there exists a plane such that all points with label
1 lie on 1 side of it, and the others lie on the other side. Notice we don't care about our
objective (it is a constant), we only care about satisfying the separability constraint— find any plane
which can separate our data. If our data is linearly separable, we will find a feasible solution to

our problem. The w, b, in this case, parametrizes the hyperplane which separates ourdata.
This is a simple linear programwhich can be solved using any commercial solver. If no feasible
solution exists for the optimization problem, data is notseparable.

3.5.2 CORRELATION:

Correlation is a statistic that measures the degree to which two variables move in
relation to each other. If the Feature and target variables have a significant correlation
then, it would be fit perfectly for all the linear machine learning models for business

solutions.

10



3.6 SOFTWAREUSED:

e Python
e HtmI5
e (CSS3

e Bootstrap

e JavaScript

3.6.1 Programming Languageused:

Python

Python is a high-level programming language for general-purpose programming that is
alsocalledasinterpreterlanguage.Pythonisaprogramminglanguagethatwasinvented by
Guido van Rossum and first published in 1991. It has a design philosophy that
emphasizescodereadabilityandasyntaxthatenablesprogrammers toexpressideasin
fewerlinesofcode.lthasconstructsthatallowforsimpleprogrammingatbothsmalland  large
scales. Python has a dynamic style structure and memory management that is
automated. Ithas a wide and extensive standard library and supports various
programming paradigms, including object-oriented, imperative, functional, and

procedural.

NUMPY

NumPy is the most important Python package for scientific computing. It's a Python
library that includes a multidimensional array object, derived objects (such as masked
arraysandmatrices),andavarietyofroutinesforperformingquickarrayoperations,such  as
mathematical, logical, shape manipulation, sorting, selecting, I/O, discrete Fourier
transforms, basic linear algebra, basic statistical operations, random simulation, and

more.

11



At the core of the NumPy package, is the ndarray object Many operations are
performedincompiledcodeforaccuracy,andthisencapsulatesn-dimensionalarraysof
homogeneousdatatypes.BetweenNumPyarraysandregularPythonsequences,there are

a few maindifferences:

Unlike Python lists, NumPy arrays have a fixed size when created (which can grow
dynamically).Whenthesizeofanndarrayischanged,anewarrayiscreatedandtheold one

isdeleted..

e TheelementsofaNumPyarraymustall  beofthesamedataformandthushave the
same memory usage. The exception is that arrays of (Python, including
NumPy)objectscanbeused,allowingforarraysofvarioussizes.

e NumPy arrays make it easier to perform advanced mathematical and other
operationsonlargeamountsofdata.Suchoperationsareusuallyperformedmore
quicklyandwithlesscodethanusingPython'sbuilt-insequences.

e NumPy arrays are used by a growing number of scientific and mathematical
Python-based packages; although they usually support Python -sequence input,
they convert it to NumPy arrays before processing, and they often output NumPy
arrays.Toputitanotherway,learninghowtousePython'sbuilt-insequencetypes isn't
enough to effectively use most (if not all) of today's scientific/mathematical

Python-basedsoftware;youstillneedtoknowhowtouseNumPyarrays.

PANDAS

Pandas is a commonly used open source Python package for data science, data
mining, and machine learning tasks. It is built on top of Numpy, a package that supports
multi-dimensional arrays..

Pandasmakesitsimpletodomanyofthetimeconsuming,repetitivetasksassociated with

working with data,including:

e Datacleansing
o Datafill

12



e Datanormalization

e Merges andjoins

e Datavisualization

e Statisticalanalysis

e Datainspection

e Loadingandsavingdata

e And muchmore

In reality, you can do anything that makes Pandas the best data analysis and

manipulation tool available, according to world-renowned data scientists.

SEABORN

Seaborn is a Python library for creating statistical graphics. It is based on matplotlib and
closely integrates with pandas data structures. Seaborn assists you in exploring and
comprehending the details. Its plotting functions work with dataframes and arrays
containing entire datasets, performing the required semantic mapping and statistical
aggregation internally to generate informative plots. Its dataset-oriented, declarative API
allows you to concentrate on the meaning of your plots rather than the mechanics of

drawing them.
Scikit learn

Scikit-learn offers a consistent Python framework for a variety of supervised and

unsupervised learning algorithms.
Populargroups of models provided by scikit-learn include:

e Clustering:K-means,forexample,canbeusedtogroupunlabeleddata..

e Cross Validation: for estimating the efficiency of supervised models on datathat
hasn't been seenbefore.

e Datasets: for creating test datasets and datasets with particular properties to

investigate modelbehavior.

13



e Dimensionality Reduction: Principal component analysis, for example, is used
to reduce the number of attributes in data for summarization, visualization, and
featureselection..

e Ensemblemethods:forintegratingseveralsupervisedmodels'predictions.

e Featureextraction:inimageandtextdatafordefiningattributes.

e Feature selection: for determining meaningful attributes from which supervised
models can bebuilt

e Parameter Tuning: in order to make the most of supervisedmodels.

e ManifoldLearning:Forsummarizinganddisplayingmulti-dimensionaldatathat
iscomplex.
e Supervised Models: generalized linear models, discriminant analysis, nave

bayes, lazy methods, neural networks, support vector machines, and decision

trees are only a fewexamples.

Flask

FlaskisapopularPythonwebframework,meaningitisathird-partyPythonlibrary

usedfordevelopingwebapplications.

Key aspects of Flask development such as:

¢ IntegratingFlaskapplicationswithFront-Endframeworks
e HowtemplatinginFlaskworks

e APIdesignandworkingwiththirdpartyAPIls

e Databases

e Caching

e Deployment
PICKLE

For serializing and de-serializing a Python object structure, the pickle module is
used. Pickling an object in Python allows it to be saved on disc. Pickle first "serializes"

the object before writing it to file. Pickling is a Python method of converting an object.

14



HTMLS

The standard markup language for documents intended to be viewed in a web browser
is Hypertext Markup Language. The technologies such as Cascading Style Sheets and

scripting languages like JavaScript can help in creating a web page.
CSS3

CSS (Cascading Style Sheets) is a stylesheet language for describing the presentation
ofanHTMLorXMLdocument(includingXMLdialectssuchasSVG,MathMLorXHTML).
CSSspecifieshowelementsshouldappearonacomputer,inprint,inaudio,orinother ~ forms

ofmedia.
JAVASCRIPT

JavaScript (JS) is a first-class interpreted programming language that is lightweight, or
just-in-time compiled. Although it is best known as a scripting language for Web sites, it
is also used in a variety of non-browser environments, including Node.js, Apache
CouchDB, and Adobe Acrobat. JS (JavaScript) is a high-level, interpreted scripting
language that follows the ECMAScript specification. Curly-bracket syntax, dynamic
typing, prototype-based object-orientation, and first-class functions are all features of

JavaScript.

BOOTSTRAP

Bootstrap is a free and open-source CSS platform for front-end web creation that is
sensitive and mobile-first. It includes design templates for typography, shapes, buttons,

navigation, and other interface elements that are based on CSS and JavaScript.

15



3.6.2 IDEUSED:

Jupyter Notebook

Jupyter Notebook is an open-source web app that lets you build and share documents
with live code, equations, visualizations, and narrative text. Data cleansing and
transformation, numerical simulation, mathematical modelling, data visualization,

machine learning, and many other applications are all possible.

Visual Studio Code - 2019

Visual Studio Code is a source-code editor that supports Java, JavaScript, Go,
Node.js,Python,andC++,amongotherprogramminglanguages.It'sbuiltontheElectron
platform,whichisusedtocreateNode.jsWebappsthatusetheBlinklayoutengine.The
sameeditorcomponent(codenamed"Monaco")thatisusedinAzureDevOpsisusedin Visual

Studio Code (formerly called Visual Studio Online and Visual Studio Team Services).

Rather than using a project program, it allows users to open one or more files,
which can then be stored in workspaces for later use. As a result, it can be used as a
language-independentcodeeditorforanylanguage.ltsupportsavarietyofprogramming
languages, each with its own set of features. The settings can be used to remove
unwantedfilesanddirectoriesfromtheprojecttree.ManyaspectsofVisualStudioCode
arenotaccessiblethroughmenusortheuserinterface,butratherthroughthecommand

palette.

16



CHAPTER 4

RESULTANALYSIS AND DISCUSSION

4.1 CORRELATION INDATASET:

Exploratory data analysis is a method of evaluating data sets in order to

summaries the data's key characteristics as shown in fig:4.1.

ph

rainfall

In [4@]: df.head()
out[4e]:
N P K temperature humidity ph rainfall label
o 66 57 44 20.879744 32002744 6.502985 202.935536 rice
1 70 60 36 21.7704562 380.319644 7.038096 226.655537 rice
2 99 56 37 23.004458 82.320763 7.840207 263.964248 rice
3 100 40 386 26.491086 80.158363 ©6.980401 242364034 rice
= 68 54 45 20.130175 381.604873 7.628473 262.717340 rice
In [S54]: df.describe()
Oout[54]:
N P K temperature humidity
count 1700.000000 1700.000000 1700.000000 1700.000000 1700.000000
mean 58.355294 51.496471 52.864706 25.630177 76.718347
std 38.694480 36.475644 55.324412 5.131419 18.007286
min 0.000000 5.000000 5.000000 8.825675 18.092240
25% 23.000000 24.000000 23.000000 22.986149 67.5340862
50% 55.000000 45.000000 36.000000 25.404226 82.364535
75% 93.000000 66.000000 48.000000 28.129815 91.120006
max 140.000000 145.000000 205.000000 43.675483 99.981876

Feature variables: N, P, K, Temperature, Humidity, pH, Rainfall

Target variables: Label (Crop name)

Fig: 4.1: Data Summarization
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Fig: 4.2: Heatmap for Correlation

From Fig: 4.1: Heatmap for Correlation , Feature and target variables have a
significant correlation. Thus, There is a correlation between feature and target variable.
And the data set is linearly separable. And also it would be fit perfectly for all the linear

machine learningmodels.

4.2 ALGORITHMS:
CLASSIFICATION VS REGRESSION

Predictive modelling problems involving classification vary from those involving

regression.

e The task of classification is to predict a discrete classmark.

e The role of regression is to predict a continuousquantity.

Since we will be using one or more classes. So that it is coming under classification
predictive model
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4.2.1 Parameters involved in Measuring Accuracy:

Accuracy Metrics

Precision - The ratio of correctly predicted positive observations to total predicted
positive observations is known as precision .
Precision=TP/TP+FP ----------- 4.1

Table No. 4.1: Class Prediction Table

Predicted class

Class = Yes Class = No

Actual Class Class = Yoo

Class = Mo

Recall - The ratio of correctly expected positive observations to all observations in

the actual class is called recall - yes.

Recall=TP/TP+FN-------- 4.2

F1 score - The weighted average of Precision and Recall is the F1 Score.

F1 Score = 2*(Recall * Precision) / (Recall+Precision) ----------- 4.3
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4.3 COMPARISON BETWEEN DIFFERENTALGORITHMS:

Logistic Regression

A classification algorithm is logistic regression. It's a method for predicting
abinaryoutcomefromaseriesofindependentvariables.Thisisalinearmodel.In
linearmodelwewillbehavingLinearRegressionaswellasLogisticRegression.
BasicallythelinearregressionwasusedforRegressionproblemwhichmeansthe
target variable in the dataset will be numerical variable. But in case of logistic
regression which is also a linear model but it is used for linear classification
problems.ltcanbeclassifiedintooneoftwoclasses.Thisistrueforbinarylogistic
regression,aformoflogisticregression.ltcanbeclassifiedintooneoftwoclasses. This
is true for binary logistic regression, a form of logistic regression .It will segregate

the output in the s shaped graph. So that the prediction will be made based on

that graphinternally.

Fig:4.3: Logistic Regression Model
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Justification

In our problem we will be having features as Primary nutrients, pH, Temp,
Humidity, Average Rainfall and our target will be the label which is crop name. These all
will be fed up into our logistic regression model and our model will get trained based on

the previous dataset.

Logistic Regression's Accuracy is: 97.80 %

precision recall fi-score support

apple 1.e2 1.098 1.2 17

banana 1.e2 1.00 1.22 21

black gram 9.395 8.95 8.95 19
coconut 1.e@ 1.00 1.20 18
coffee 1.22 1.00 1.e2 21
cotton 1.2e 2.95 9.328 21
grapes 1.e2 1.9@ 1.ee 25

jute 9.9%2 .86 9.88 21

kidney beans 1.2 1.89 1.20 20
maize 0.83 1.00 g.24 15

mange 1.22 1.00 1.20 22

orange 1.e2 1.66 1.2 23
papaya 8.35 .98 8.33 21
pomegranate 1.ee 1.96 1.e8 18
rice 9.83 .88 @.86 17
accuracy 8.37 200
macro avg 0.97 2.97 2.97 300
weighted avg 8.37 2.97 8.27 209

Fig:4.4: Accuracy for Logistic Regression Model

Since our data is normally distributed. Hence, we obtained 97.00% (As shown in fig:4.4
)accuracy in thelogistic regression model.

DECISION TREE MODEL

In real life, a tree has a lot of analogies, and it turns out that it has inspired a lot of

machine learning, including classification and regression. Decision Trees are a form of
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MachineLearningmodelthatcanachievehighaccuracyinavarietyoftaskswhilealso

beingveryeasy tounderstand.WhatdistinguishesdecisiontreesfromotherMLmodels is
their consistency of knowledge representation. A decision tree's "information" is
explicitly formulated into a hierarchical framework after it has been educated. This
structure organises and displays information in such a way that even non -experts will
understand it. Induction and Pruning are the two steps used to construct Decision Tree
models.Inductionistheprocessofactuallyconstructingthetree,thatis,settingallofthe

hierarchical decision boundaries based on the data.Because of the nature of training
decisiontreestheycanbepronetomajoroverfitting.Pruningistheprocessofremoving the
unnecessary structure from a decision tree, effectively reducing the complexity to

combatoverfittingwiththeaddedbonusofmakingit eveneasiertointerpret

Induction

On a high level, decision tree induction involves four key steps in order to build the tree:

1 Start with your training dataset, which should includesome feature variables
as well as classification orregression results.

2. Determine the dataset's "best feature"for data splitting; more on how we
define"bestfeature”later.

3. Dividethedata intosubsetscontainingthebestfeature'spossiblevalues.This
splitting essentially defines a tree node, i.e., each node is a splitting point
centeredonaspecificfeaturefromourdata.

4. Using the subset of data generated in step 3, recursively generate new tree
nodes. We keep splitting until we've reached a point where we've achieved
maximum accuracy while minimizing the number of splits / nodes, in some

way.
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Pruning

Becauseofthedesignofdecision  tree  preparation,theycanbesusceptibletosignificant
overfitting. It can be difficult to determine the correct value for the minimum number of
instancespernode.Mostofthetime,we'lltakeasafebetandsettheminimumtoalow

value,resultinginnumeroussplitsandabig,complextree.

Thekeyisthatmanyof thesesplitswouldberedundantandunnecessaryforimproving our
model's accuracy. Tree pruning is a technique that takes advantage of this splitting
redundancy to prune out unwanted splits in our trees. Pruning, on a high level,
compresses a portion of the tree from strict and rigid decision boundaries into more
smoothandgeneralizableones,effectivelyreducingtreecomplexity. Thenumberofsplits in a

decision tree is used to determine itscomplexity.
Justification

Movingthrougheachnodeinthetreeandevaluatingtheeffectofremovingitonthecost
functionisasimplebuthighlysuccessfulpruningprocess.If itdoesn'tchangemuch,get rid
ofit.

= Environmental
cond. o
s LOW

HOT ' Humd.
e /" PRIMARY \
PHVALUE ) <NURENRY =
X factor ) (Y factor ‘ Y factor / X factor

Fig:4.5: Decision tree model
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In this, we will fed the features and target variable to the tree classifier and we obtained
the accuracy as such below (As shown in Fig:4.6) Decision tree accuracy Obtained

97.33% Accuracy from Decision tree model.

DecisionTrees's Accuracy 1is: 97.33333333333334 %
precisien recall fl-score support

apple 1.e0 1.00 1.20 17

banana 1.22 1.88 1.2 21

black gram 1.ee 0.95 8.97 19
coconut 1.22 1.00 1.29 18
coffee 1.22 2.%08 8.35 21
cotton 1.ee 1.649 1.9 21
grapes 1.22 1.00 1.29 25

jute 8,75 1.99 @.86 21

kidney beans 1.22 1.08 1.e2 20
maize 8.34 1.680 8.97 15

mango 1.e2 1.608 1.20 22

orange 1.22 1.00 1.28 23
papaya 1.22 1.606 1.e9 21
pcmegranate 1.ee 1.00 1.22 18
rice 1.2¢ 8.71 a.83 17
accuracy 8.97 200
macro avg 9.98 .97 e.97 260
weighted avg 9.98 2.97 0.97 280

Fig:4.6: Decision tree accuracy

Random Forest Classification

Asthenamesuggests,arandomforestismadeupofalargenumberofindividual
decision trees that work together as an ensemble. Each tree in the random forest
producesaclassprediction,andtheclasswiththemostvotesbecomesthepredictionof our
model (see figure below). As the name suggests, a random forest is made up of a large
number of individual decision trees that work together as an ensemble. Each tree in the
random forest produces a class prediction, and the class with the most votes

becomesthepredictionofourmodel(seefigure4.7below).
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Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

L—»{ Majority Voting / Averaging F—J

Final Result

Fig:4.7: Random Forest tree model

Justification

The wisdom of crowds is the basic idea behind random forest, and it's an easy
but strong one. Any of the individual constituent models will outperform a large number
of relatively uncorrelated models (trees) working as a committee. The secret is the low
correlation between models. Uncorrelated models can generate ensemble predictions
that are more reliable than any of the individual predictions, similar to how low-
correlation investments (like stocks and bonds) come together to create a portfolio that
is greater than the sum of its parts.The explanation for this amazing impact is that the
trees shield each other from their own mistakes (as long as they don't all make the
same mistake). While some trees will be incorrect, several others will be correct,

allowing the trees to move in the correct direction as a group.
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As a result, the requirements for a successful random forest are as follows::

1 Ourfeaturesmusthavesomereal signalinorderformodelsdesignedwith them
to outperform randomguessing.
2. Theindividualtrees'predictions(andthustheirerrors)musthavelow

correlations with oneanother.

Our random forest classifier was fed the target variable as well as the features. Random
forest classification is one of machine learning's most efficient ensemble learning

methods. Hence, we obtained 99% as an accuracy for our model.

RE's Accuracy is: 8.99
precision  recall fl-score  support

apple 1.28 1,68 1.82 17

banana 1.2 1,88 1.28 21

black gram 1.08 1,68 1.82 19
coconut 1.2 1,88 1.28 18
coffee 1.2 1,88 1.28 21
cotten 1.2 1,88 1.28 21
grapes 1,20 1,88 1.88 %

jute 2.88 1,68 @.93 21

kidney beans 1.08 1,68 1.82 28
maize 1.2 1,88 1.28 1&

Mango 1.2@ 1,68 1.8¢ 22

orange 1.2@ 1,68 1.8¢ 23
papaya 1,20 1,88 1.88 21
poeRgranate 1.28 1,68 1.82 18
rice 1.2@ 2.82 a.5e 17
ACCUrECY 8.93 228
MACre ave 2.99 .99 a.99 3ea
weighted avg 2.99 8.99 8,99 388

‘e8] | score = cross_val_score(regressor,features,target,cv=5)
score

&5]: array([@.99666667, 8.99 , 8,93 , B.99566657, 0.98656667])

Fig:4.8: Accuracy for Random Forest tree model
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SUPPORT VECTOR MACHINE

The support vector machine algorithm's goal is to find a hyperplane in an N-

dimensional space (N — the number of features) that categorizes data points clearly.

Class 1 Class 2

vV

Fig:4.9: SVM MODEL

Thereareseveraldifferenthyperplanesthatcouldbeusedtodistinguishthetwo
typesofdatapoints(asseeninfig4.9).Ouraimistofindaplanewiththegreatestmargin, or the
greatest distance between data points from both grou ps. Maximizing the margin gap
provides some reinforcement, making it easier to classify potential data points.
Hyperplanesaredecisionboundariesthataidindataclassification.Differentgroupsmay
beassignedtodatapointsoneithersideof thehyperplane.Thehyperplane'sdimension is
also determined by the number of functions. If there are only two input features, the
hyperplane is just a line. The hyperplane becomes a two-dimensional plane when the
number of input features reaches three. When the number of features reaches three, it

becomes impossible topicture.
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Justification

Support vectors are data points that are closer to the hyperplane and have an
impactonthehyperplane'sdirectionandorientation.Weoptimizetheclassifier'smargin
byusingthesesupportvectors.Thehyperplane'slocationwouldbealteredifthesupport
vectorsaredeleted.ThesearethepointsthatwillassistusinconstructingourSVM.The aim of
the SVM algorithm is to maximize the distance between the data points an d the
hyperplane.Hingelossisalossfeaturethataidsinmarginmaximization..

SVM's Accuracy is: 2.14
precisicn recall fl-score support

apple 1.28 2.53 .53 17

banana 1.28 .85 a.89 21

black gram 1.86 2.16 .27 19
coconut 1.2@ 2.11 @.22 18
coffee 1.28 2.85 .83 21
cotton 1.28 .85 a.89 21
grapes 2.08 2,88 a.88 25

Jute 1.28 2.85 a.88 21

kidney beans 2.88 2.88 .82 28
maize 2.8 1,88 @,11 15

maEngo 1.28 2.23 @.37 22

orange 1.28 2.84 a.,88 23
papaya 8,28 2.8 a.88 21
pomegranate 2.20 2,88 .82 18
rice 1.28 2.12 @,21 17
AcCUracy a.14 328
macrog avg 2.87 2.1& @,15 J2a
welghted avg 8.67 2.14 .15 324

C:\Users\ELCOTV\anaconda3lib\site-packages'sklearn\metrics',_classificaticn.py:1221:
re are ill-defined and being set to 8.2 in labels with no predicted samples. Use ":
vior.

_warn_prf{average, modifier, msg start, len{result))

In [62]: score = cress_val_score(SWM,features,target,cv=5)
score

out[52]: array([e.21 , B.24EEEEET, 8.3 , 8.29 , 8.32 1

Fig:4.10: SVM MODEL ACCURACY

Whenwehavetwogroupsclassificationproblems,SVMwillfunctionperfectly.For
example, whether or not diseases are present in the plant, th ese types of issues would
beidealforSVM.If thenumberofrowsinthedatasetreachesthelimits,theSVMmodel will not
provide perfect accuracy. As a result, we were able to achieve a 14 percent

accuracyforourmodel(asshowninfig4.10).
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Naive Bayes Classification

A probabilistic machine learning model called a Naive Bayes classifier is used for
classification tasks. The Bayes theorem will be the heart of classifiers.

Class Prior Probability

Ukelthood
P(c| x)= P(x|c)P(c)
P(x)
’ .
Postenor Probability Predictor Prior Probability

P(c|X) = P(x,|c)x P(x,|¢c)x---x P(x, | c)x P(c)

ProvidedthatX hasoccurred,wecancalculatethelikelihoodofCoccurringusing
Bayes theorem. The proof is C, and the hypothesis is X. The predictors/features are
assumed to be independent in this case. That is, the existence of one feature has no

effectontheother.Asaresult,itisreferredtoasnaive.

Types of Naive Bayes Classifier

Multinomial Naive Bayes

Thisismostoftenusedtosolvedocumentclassificationissues,suchasdeterminingifa
documentfallsinthesports,politics,ortechnologycategories. Thefrequencyoftheterms

presentinthetextisoneofthefeatures/predictorsusedbytheclassifier.
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Bernoulli Naive Bayes

The predictors are Boolean variables, close to the multinomial naive bayes. The
parameters we use to predict the class variable only accept yes or no answers, such as
whether a word appears in the text or not.

Gaussian Naive Bayes

We assume these values are sampled from a gaussian distribution when the

predictors take up a continuous value and are not discrete.

print{classitlcatlon_report{Ytest,predlcted_values))

UERRY RN s Accuracy is: 8.99
precision recall fl-score  suppeort

apple 1.868 1.8 1.82 17

banana 1.28 1.88 1.2 21

black gram 1.88 1.88 1.8 19
coconut 1.26 1.88 1.22 13
coffee 1.868 1.8 1.82 21
cotton 1.28 1.88 1.2 21
grapes 1.2@ 1.88 1.82 s

jute 2.91 2.95 a.93 21

kidney beans 1.88 1.8 1.82 26
maize 1.26 1,88 1.22 15

mango 1.2 1.88 1.82 22

orange 1.2 1.88 1.22 23
papaya 1.86 1.88 1.88 21
pomegranate 1.28 1.88 1.82 13
rice 2.594 2.85 @.21 17
ACCUracy 8.99 z2a
FECrD avg 8.99 2,99 a,949 Jga
weighted avg 8.99 .99 8.949 284

Fig:4.11: NAIVE BAYES ACCURACY

Since our dataset was normally distributed.so that we have used Gaussian Naive Bayes
Classifier as our classifier. Basically, the Naive bayes classifier are well efficient in
predicting or recommending systems. So that we have obtained 99%(as shown in fig
4.11) as our accuracy.
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4.4 COMPARISON BETWEENRESULTS:

Accuracy Comparison

Logistic Regression Decision Tree Naive Bayes SWVM RF
Algorithm

Fig:4.12: ACCURACY COMPARISON

ACCURACY TABLE:

Table No. 4.2: Accuracy Comparison Table

S.No Name of the Algorithm Accuracy
1. Logistic Regression 97.00%
2. Decision Tree 97.33%
3. Naive Bayes Algorithm 99.00%
4. Support Vector Machine 14.00%
5. Random Forest 99.00%
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Wehaveobtained99.20%(asshowninfig4.13)accuracyforourHybridEnsemblemodel for
better crop yieldprediction.

TRLPI 0] { JRARIRTALWI 1TV B/ JRUVALT IVUULLI ] S41TLUT _SAULL o FIWIATAVE I LAL T LET LIJawil

n_iter i = _check optimize result(

Accuarcy of ensemble hybrid medel: 99.2 %
In [18]: |new_input=[[115,48,28,27.309018,55.196224,6,248316,141,483164] ]

In [19]: ensemble.fit(X,Y)
new_output=ensemble.predict([[115,49,28,27.399818,55,196224, 6. 348316, 141,483164]])
print(new_input,new_cutput)

o

C:\Users\ELCOT\anaconda3\1ib\site-packages\sklearn\linear_model\_logistic.py:762: Convergencelarning: 1lbfgs failed to converge

(status=1):

STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html

Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression

n_iter_i = _check optimize result(

[[115, 49, 28, 27.209018, 55.196224, 6.348316, 141.483164]] ['coffee']

Fig 4.13 Accuracy for Hybrid Ensemble Model

4.5 SystemRequirements:

e Operating System:Windows/Mac
e RAM:4GB

® Processor: 64x 1.0Ghzprocessor
ROM: 8GB

4.6 Front-end:

In the real world scenario, we are unable to use our jupyter notebook for
recommendingcropstothefarmers.Herethefront-endcomesintothepicture.Front-end
isnothingbuttheuserinterfacewhichisverymuchhelpfultoallowtheusersto enterthe
inputvaluesatthewebportal. ThefrontendhasconnectedwiththeAPItofetchthedata  from
our machine learning model prediction and it will be displayed on the front screen as

an output.
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4.7 API:

Applicationinterface(APl)whichisused toconnectthefrontendwiththebackend as
well as with our machine learning model. Pickle package in python was used
toserialize our model with pkl file and this pkl file will be embedded with our application
interface.forbuildinganAPI, wehaveusedaflaskpythonpackagetoconnectthefront end

and backend.

Machine learning

model
User interface -  |(— AP D E— PKL FILE
(Front end)
Fig 4.14 Web application Model
4.8 OutputScreenshots:
C ® 127.00.1:5000 * @ *» P :
i1 Apps @ YouTube P WhatisanAlgorith.. @ Maps (2 Sathyabama Place.. M Gmail Fg FACEPrep|Llogin 9 LetsUpgrade Com.. @ SupersetRegistrati.. I Novorésumé @ New Tab
b__uJ
CROP RECOMMENDATION SYSTEM (EH) SATHYABAMA

CROP RECOMMENDATION SYSTEM USING HYBRID MODEL

Nitrogen (N)

1

Phosphorus (P)

70
Potassium (K)
16
Temperature

22.64236876

Fig 4.15 Output Screenshot - 1
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& C @ 127.00.1:5000 * @ *» B

H! Apps @ YouTube P Whatisan Algorith.. @ Maps () Sathyabama Place... Gmail W FACE Prep |Login  f¢ LetsUpgrade Com.. @9 Superset Registrati.. I Novorésumé @ New Tab

Potassium (K)

16
Temperature
22.64236876
Humidity
21.59396123
Ph Value of the Soil
5.946999529
Rainfall

122.3886015

Submit

The recommended crop is KIDNEY BEANS

Fig 4.17 Output Screenshot - 2
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 CONCLUSION:

This project employs machine learning technique to assess results, with
Random Forest, Logistic Regression and Decision Tree, Support Vector Machine, and
Naive Bayes classification algorithms being used. Except for SVM, all of the other
algorithms in our proposed model provide better yield prediction when compared. Along
with the results of the classification, which
demonstratethatthedatasethasimproved.Asaresult,wedeterminedthattheproposed
modelismoreefficientthanthecurrentmodelfordeterminingcropyield. Theintroduction of
the above scheme will aid in the betterment of our country's agricultural practices. It
canalsobeusedtohelpfarmersreducetheirlossesandincreasecropyieldsinorderto increase
their resources in agriculture. The model can be strengthened by combining it
withotherdepartmentssuchashorticulture,sericulture,andotherstohelpourcountry's

agriculturalproduction.

5.2 FUTUREENHANCEMENT:

There are several enhancements that could be investigated toincrease the
predictability and scalability of this method. We will use this method to analyses various
data sets from different countries in the future since we created a generalized system.
Handlingmultipleclasslabelsinthepredictionphasecandramaticallyimprovecropyield
efficiency,andthiscouldbeanotherpromisingresearchpath.Thedimensionalityofsoil, water
guality, and pH level can vary widely around the world, making the identification and
selection of significant attributes for future research extremely difficult. In addition,
wecanusean APImoduleinconjunctionwithourwebapplicationtopredictdiseaserisk based

on soilconditions.
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