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Abstract: Agricultire is onc of the intense domains across the glube which has greater impact on the development of @
country. There are various taoly and technlques developed for the farmers and they are taking advantages of it by
collberating with leading government and pullic wid private orgaizations. Alse the power of antificial imtelligence is
realized in agriculiure ficld with the application of machine learning and deep learning algorithms, Numerous madels have
been proposed using the coventional algorithms, but still it is needed to improve the prediciion accuracy. Therefore, in this
proposed mode a hybrid techniguee is designed by combining the Machine learning, deep Iearning algorithms and
eptimization with particle swarm optimization PSQ mctheds to improve the prediction accuracy. In the proposed model,
SVM is used av Machine leaning algorithm and RNN-LSTM & used as deep learning alyordhne The crop data scts of
Maharashtra for previous years are used as input to the model and prediction is done for 10 years, The proposed model has
potential in improving the yicld prediction for various crops like onion, grapes, cotton cte. produced in Bie Maharashtra

State of Tudia.
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I. INTRODUCTION

Indi is the largest producer of various crops and other
agricultural itens. The agricultural output has a nain
contribution to the Indian econonty. The crop yield is one of
the most influential parameters in the agriculural scctor,
According to this crop yield parameter the various other
related activities like crop insunnce, storage, market
development & plinned and nwnitored, This field requires
most attention as the population of the country & increasing
day by day and food security & a big challenge [1]. The cop
yicld mainly projected on the weather (Climatic) and non-
weather (soil, irrigation, seed, fertilizers, ete.) factors.

In this arca of study many authors, nstitutes and agencics
are working with the aid of artificial intelligence, machine
lcammg. deep leaming algorithms. The coneepts of nachine
learnmg and deep kaming bebngs to artificial intelligence
domain. Various techniues and modek have been proposed
in the favor of farmers with the help of machine leaming and
deep leaming algorithns. These technigues have enhanced
perfomumee over the conventional statstical technique.
Machine leaming & the innovative appach to solve the
compkx task m order to obtain the optimal preferred wesults,
Machine leaming prictices the coneept of statstics to build
modck, the key motive is to [ind out the intepretations from
a sample dataset. After a machine leaming model is
finalized, its illustation and algorithmic explanation  for
undesstanding & very important. The nuchine leaming i
also measured in ters of classification accuracy in various
applications. Machine leaming & used in numeus areas,
includng credt cad  fraud  detection, biomedical data

analysss, forecasting as a recommendation suppoit systen
Generally, many complex issues that involve deckion-
making can abo be considered problems designed for
machine leamning. These scenarios can be tackled with
leaming from past experiencees, observations to find out the
solutions for the problems. Machine leammng is widely
applied in everyday problens which are impossible to solve
with the conventional techniques. The main applications of
machine leaming are listed as below:

*  Credit Card fraud detection

*  Online Productrecommendations
*  Sentiment analysis

*  Weather forecasting for agriculture
«  Stockmarket prediction

+  Customercategorization

«  Breakdown analysis andfindings
«  Imageprocessing

«  Healthcare patient data analysis

«  Anomaly detectionand solution
+  Virtual assistants

*  Businessintelligence

In the digital era and cloud environment a large
amount data 5 accessble to study and trnsform it to
beneficial results. This study of this data is possible by
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applying machine leaning algorithns to find out the relations
between the variabks. The nain goak of machine leaming
arc to develop conyputer algorithis & mwdels to deal with
real world scenarios. Machine leaming has a prine roke inall
innovative applications created for humans. The nachine
leaming is basially clwssified into supervised. unsupervised
and semi supervisad techniques. Further supervised leaming
is classilied into two types nankly classification and
regrssion. The classificaton & suitable where we nead to
predict a category or class based on vahies, The best example
of classification & muil account where muils are classificd
into socal, spam cte. This type of supervised lcaming & not
suitable tor prodictions having the valies like distance,
weight ete. The second type of supervised technique e,
regrssion & suilable where we need to predict the
continuous vakies like age of a person, salay of enployee
ctc. On the ether hand. unsupervised & classified into three
types namxly clustermg, association and dimens on reduction
(Generalization) [2]. The nuin concept behind unsupervised
is that only input dara variabks are known and output
vanables are not known. Clustering type of nuchine leaming
divides the data into some clusters having similar pattems.
Association type of nuchine leaming applid 1o large
datasets to find out the welations between various variables.
Dimensionality reduction can be seen as a data preparation
nxthod applied on data prior to modeling. It can be
perforxd atier data claaning before traming a model.
Dimensonality reduction 8 a technique to reduce the no. of
input variables m a dataset. Semi-supervied leaming or
reinforcement leaming uses a snull amount of labeled data
reinforcing a larger sct of unlabekd data. The nwin concept
behind remforeement leaming & that there is no traming
labeled datasets and the agent leams frompastexperience,

The traditional machine lcaming techniques are not
capable 0 handle the complex task and not caleulating the
accurate predictions, hence evolution of Deep Leaming (DL)
ideas come in the antificial intelligence space. The deep
leamng & a subcategory of machine leaming in anificial
intelligence domain [3]. It has potential of leaming from
unstructured or unlabeled data ie.. unsupervised. Nowadays
DL appmaches are very nmuch required because of effective
leammg. preeision, and accuracy. Deep leaming modek are
having enhanced perfonmanee a5 compared  tradtional
modek in the ficld of predicton of various real-life things.
DL algorithns are deep neural networks, receurrent neural
nctworks and convolutivn neural networks cte. The various
authors applicd nuchine leaming and deep  leaming
algorithms m the area of crop yicld prediction across the
globe butthe prediction aceuracy is not optinal [ 11].

Hence in this paper, we will discuss the new technique
known as hybrd technique. In the conventinal yield
Prediction technigues only one nuchine leaming algorithmiis
used to build a model. On the other hand, in the hybrid
technique various algorithms can be combmed in onder to get
the optimal results. The detailed illustration of the both the
techniques & shown in Figl and Fig 2. In this paper, a hybrid
nachme leaming technique/model & created using the SVM
appmach as a tmditional machine leaming and RNN-LSTM
as a deep leaming [15][16]. Further the output & obtained by
PSO optimization technijue is done Testing and training of
both the algorithms are done independently. This hybrid

technigue will enable the farmers and governments to get the
preferred output which will further boost the Indian cconomy
A%

[23).
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Fig 2. Hybnd technique worklow

II. RELATED WORKS

In ths section relaited work done on crop yield
prediction usmg hybrid nuchine leaming algorithims &
discussed. The reseachers tried to enhance the aceuracy by
with different combinations of nachine leammg algorthos
to constructthe hybridalgorithms forcrop yield prediction.

Sonal Agarwal, Sundhya Taar [1] 2021 proposed a
hybrd appmoach for crop yiel prediction usng machine
leaming and deep leammg algorithis to predict the best crop
production. Thi approach will analyze the given data and
help the famers in forecasting a crop to inciease the
revenues. In ths wscarch, the authors have done the
experiments on given crop dataset like current atmosphere,
soil with its constiluents, clinate and soil parameters. The
authors have collected the data from kaggle.com and this
datasct contains the varous paranelters such as temperature,
rainfall, pH value, rebitive humidity and ako an arca. In this
dataset, a number of crops are taken like wheat, rice, nxize,
millet, pea, pigeon pea, sugarcane and green gramete, In the
nuchine leammg, Support vector machine (SVM) akeorithm
is used while in the deep leaming long shont-tenn memory
(LSTM) and recurent neural network (RNN) is used for
exceution of the datasct. This proposed nodel cstimates and
assesses the different paraneters for the available crops that
should be grown on the land with less expanses. The various
techniues studicd in this model to get the best accuncy.
Firstly, the authors have applied anificial neural network
(ANN) and rurdom fowest (RF) algorithns for a set of crops
and find oul the accuracy ic., 93%. Sccondly, they have
applied long shortderm menwry (LSTM), support vector
machine (SVM) and recurent neural network (RNN) and
find out the accuracy ic., 97%. Thercfore, the authors have
concludad that the use of both nuchine leaming algorithm
and deep leaming algorithm phys an essential wle in
predicting thetmproved crop yield with upgraded accuracy.,

U. Muthaiah, S. Markkandeyan, Y. Sectha [2] 2019
proposed a chssification madel and hybrid feature sckection
method to improve crop perlomunce on Mango and Maize
dataset. The selection of impontant features is done with the
Particle Swarm  Optimization-Suppoit  Vector Machine
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(PSO-SVM) classification algorithm for the Mango and
Maize datasets. In Particle Swann Optimization, a particle &
considered as cach solution ofthe optimization pwblems and
for the sclection of significant features authors have made
us¢ of PSO-SVM. The authors have cxhibited the several
cyperiments on these datasets and it's ako giving more
penerated ruks and features selection with  PSO-SVM
algorithm and fuzzy deckion tree. In this rescarch, the
authors conchided that the proposed methodobgy achieves
the great accuracy for the classification using Maize and
Mango datascts with less cror and high posiive rate.
Although the methodolbgy used herc brings cfficient
outcomes as comparced totheotherexisting techniques.

Saced  Nosratabadi, Kawly  Szell,  Bertaln
Beszedes, Fele Inwe, Sina Awdabili, Amic Mosavi [3]
proposed a novel hybrid machine leaming model for crop
yicld prediction. In ths wesearch, the performance of
antificial neural networks -imperialist conypetitive alrorithm
(ANN-ICA) and attificial neural networksgmy wolf
optimizer (ANN-GWO) nvdeb are estimates for the crop
yield prediction. The research study & done in a large
imigated arca in Kerman, Iran. The dataset consists of the
nunkrous  attributes  like  mainfall,  solar  radiation,
temperatures and agriculural products like wheat, barley,
potato and sugar beets are taken from 1998-2006 in this
research study. This dataset & divided into two pants i.e.,
training and testing. For the years 1998-2005 is taken for
training phase whereas the dataset for 2005-2006 is taken for
testing phase. The system was cvaluated using different
performance criteria such as RMSE, MEA, R nutrices are
applied to cheek the accuracy for the ANN-ICA and ANN-
GWO in the cop yield perdition.  The accumey and
perfomunce of ANN-GWO & better than ANN-ICA. In the
meantime, a different set of features affect the performance
of the model, it is suggested that future rescarch perceive a
different set of features and do the conparson for suitable
outcomes. In future, the improvement of various hybrid and
ensemble machine learnmg algorithnys are done using deep
leaming models.

Shivi Sharmw, Geetanjali Rathee, Hemraj Saini [4)
2018 presents big data analytics for ciop prediction mode
using optimization technigue. The data comprises of the soil
and environment features i.c., average temperature, average
humidity, total rainfall and production yield are wsed in
predicting the two chsses. The classes can be termed as good
yield and bad yield. The proposed approach is divided into
three segments like the data preproecssing, grey woll
optimization-based feature sclection and SVM_GWO with
the support vector machine (SVM) and ako a hybrid
classifier model is used to enhancing the features. The data
set used here conprses of hitorical data, agriculural
equpment and sensor data, socil and web-based data,
strcamed data and busness, industrics and extemal data. The
authors tried their best 0 attain the best accuracy of
prediction models via different parameters for the future
precision agriculture. A combinational approach & used to
improve the classification accuracy, precision, recall and F-
mecasure by sclecting the optimal constrints. The result
shows that the proposed SVM_GWO method & better as

conpare to the SVMs classification algorithm. [n the future,
one can apply the various machine leaming techniques for
the different kind of challenges like artificial ncural network
(ANN), andom forest (RF) and use the hybrid algorithms to
sclect thebest features.

Ms. Shreya V. Bhosale, Ms. Ruchita A. Thombare,
Mr. Prasanna G. ‘Dhemey, Ms. Anagha N. Chaudhari (5]
done the analysis on the crop yield prediction using data
analytics and hybrxi apprach. The authors have made use of
various techniques  like  Kemeans chistering, Apriori
algorithm, Naive Bayes algorithm cte. This research work
will conssst of the various attributes such as district, land
area, soil type, season, crop name, production and rainfll,
The database & used for analyss and after that pre-
pwcessing takes place. The authors have studied the various
problens faced by the farmens i Indin and help the farmers
to merease the yield for their crops, Thercfore, authors have
created a system which will predict the name of crop and the
yield forparticular farm[5).

III. SYSTEM MODEL

Crop yield prediction very imporant for farmers and
governments i order to plan the various agriculure related
activities. Farmers are trusting on the traditional way ofcrop
management and crop yickl prediction based on belief,
physical viits and reports. Many techniques have proposed
for crop yvield prediction using machine leaming but the
accurate predictions are not achieved. With the nwotive to
help the farmer’s conmunity it is entrusted to develop some
model to optimize the predictions. This section covers the
system modcl required to realize the hybrid technique for
crop yield prediction. The algorithns used in this technique
arc describedas below:

A. Machine learning anddeeplearning algorithms

1) SV

A support vector machine (SVM) is a supervised
machne leaming  algorithm  that  uses  chssification
algorithnws tor two-group classification problems. The SYM
classifier b used to recognize the classes, which are nearly
associated to the known classes. Support vectors are nothing
but they are the pomts that & actually passing thwugh the
marginal plane that we have actually created in pamllel to the
hyperplane. It may be having number of points like two,
three and any number points that are passing through this
patticular marginal plane. We'll be considerng those as
support veclon. So, this helps us to determine the maximum
ditance of the nuiginal plne. It the hypeplme is having
the mussive distance to nearcst features of any type of chss,
then it’ll be considered as the good separation. Here, SVM
splis the data into deesion surface and deckion surface
further divides that data into hyperplane of two classes. So,
the ulinxte goal of SVM 5 to mercase the margins between
the hyperplane of'two classes [7]. Primavily, SVM can only
solve the problens related to bnary classification but now
they can abo solve the nulii chss problens. SVM (Suppont
VectorMachine) s a machine leaming algorithm that comes
under the supervised category and & used for bmnary
classifications problens. The objective of this algorithmis to
plot a hyper plane in an N-dimensonal space, where N is the
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number of features that are going to be in a dataset, that
distinctly classify the datapoints [13].

Maximal Margin Classifier: The distance between the
linc and closest data points & called a margin whercas the
best line that can scparate the two classes as the largest
margin is called as Maximal-Margin hypemplane. This & a
hypothetical classificr used to descrbe how SVM works.
Like. if we have two imput variables then #°l form a two-
dimensional space and hyperplanc i a linc used to splits the
input variable space. SVM consists of the two classes such as
class Oand class 1. So here to select the best separate points
for the input variabk space by their class one can create the
hyperplane. This canbe signified as in equation 1:

BO+ (B1+X1) +(B2xX2) =0 ()

Now, Bl and B2 regulate the slope of a line and BO &
intereept. X1 and X2 arc two input variables. By using this
line one can make the classifications. We can nake the use
of these mput variables  the line equation and estimate
whetheranewpoint is aboveorbelow theline.

Soft Margin Classifier: In real lifc problems. the two
class datascts arc only rarcly lincarly separable. The data in
the real life is snudged and this data cannot be casil
separated with the hypeiplane. There ar two types of
deviations: An istance nmy lic on the wrong side of the
hyperplane and be misclassified. Secondly, an instance may
be on the right side but may lie in the margn ic., not
sufficientlyaway fromthe hyperplane.

Suppont Vector Machines Kemels: SVM akorthns
make the use of sct of mathematical functions called as
kemel. The putpose of kemel is to take data as input and
convet it mto the required forme SVM aleorithns are
implemented using a kemel. In linear SVM, the leaming of
lincar hyperplane is done by transforming the problens
through the lincar algebra. Lincar SVM can be restated using
the inner product of any two given obscrvations. This &
calculatedas shown in equation?2:

f(x) = B0+ XL (a;* (x * X)) 2)

This & an cquation used to calculate the inner product of
a new mput vector (x) with all support veetors in the given
training data. BO is the coeflicient and a; for cach input
vaklies must bc assessed afier traning data by leaming
algorithms.

Lincar Kemel SVM: Linear kemel is used where the data
is linearly sepamble and can be sepamted by using a single
line. This is the onc of the most uscful kemek used in SVM,
This & used where it’ll comprise of hrge numberof features
for a cenam datasct. In this linear kernel, the traming of
SVM is faster as compare to other kemek. Thi can be
shownas equation3:

K, x) = X(x=*x)) (3)

Polynomial Kernel SVM: Polynomial kernel significs the
similarity of vectors for the training set of data in a feature
space over polynomials of the original variables used in
kemels. The degree of polynomial is given to the lcaming
algorithms. This is same as linear kemel. This polynomial
kemelis used forthe curvedlines in the input space.

Radial Kemel SVM: This & commonly used n suppont
vector machine classifications. This kemel is a type of
function which is used to approximate the other function as
shownin equation 4:

K(xx;) = e~gamma-x-xf) @

Here, gammma & used as pamneter that specify the
leamig algorithm and the default vale for gamna is 0.1
i.c., O<gamma<|].

2) RNN-LSTM

Recumrent neunl networks are the type of neural network
which & designed to captures the information about the
sequences or the time series data. They can take variable
sizc inputs and gives us variable size outputs and these RNN
works rcally well with time serics data. RNN were designed
to work with when the input data and output data is in the
form ot sequences like text of natural languages. Recurrent
neural network has input layer, one or more recurrent layers
and output layer. This recurrent layer depends upon the
previous layer's output [6]. RNN includes some examples of
sequence prediction problens  like One-to-One, One-to-
Many, Many-to-One and Many4o-Many ctc. The RNN is
used to assess the cunent feature on the basis of previous
features.

Long shoit-term nemory (LSTM) & special type of
deep RNN comprises of multiple layers. Traditionally, the
recurrent neural networks are difficult to train, The Long
Short-Term Memory (LSTM), network is the most
successful RNN because it overcomes the problems of
trining a recurrent neural network and in tum has been used
as a wide rnge of applications. LSTM remember the past
data in memory. The problem of vanishing gradicnt of RNN
is fixed in the vesion [16]). Back-propagation is used to
train the model. The LSTM network has three gates i,
input gate, forward gate and output gate,

3) PSO(Particle Swarm Optimization)

PSO is a population based stochastic algorithm inspired
by social behavior of bird flocking or fish schooling. Dr.
Kennedy and Dr. Ebethait intwduced the PSO algorithm in
1995. Particle is nothing but a small localized object which
has sonx property like physical and chemical. Swarm is the
collection of something that moves somewhere in large
nunbers and optimization i the action of making the best or
most effective use of a situation/source. We can consider
it as possible solution 1o a given problem. PSO can solve the
computationally harl optimization prblems. Thi is a
computatonal method that optimizes a  problem by
iteratively trying to improve a candidate solution with
regard to given measure of quality. It solves a problem by
having population of candidate solutions. There are two
conmmon swarm inspired approaches in  computational
intelligence arcas i.c., Ant colony optimization (ACO),
Particle swarm optimization (PSO)

PSO gives optimal solutions from a set of given
solutions where each patticipating element represents a
solution itself. Each participant has its own position and
velocity vector associated with it. In PSO algorithm, we
nced to calculate the fitness function to maximize or
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number of features that are going to be in a dataset, that
distinctly classify the datapoints [13).

Maximal Margin Classifier: The distance between the
line and closest data points & called a margin whereas the
best line that can separate the two classes as the largest
margin is called as Maximal-Margin hypemplane. This & a
hypothetical classifier used to descrbe how SVM works.
Like, if we have two iput varables then #'ll form a two-
dimensional space and hyperplane & a line used to splits the
input variable space. SVM consits of the two classes such as
class Oand class 1. So here to select the best separate points
for the input variabk space by their class one can create the
hypemlane. This canbe signifiedas in equation 1:

BO+ (B1=X1)+ (B2+X2) =0 M

Now, Bl and B2 regulate the shpe of a line and B0 &
intercept. X1 and X2 are two input variables. By using this
line one can make the classifications. We can nuke the use
of these mput variables in the line equation and estimate
whetheranew point is aboveorbelow theline.

Soft Margin Classifier: In real life problems, the two
class datascts are only rarcly lincarly separable. The data in
the real life is smudged and this data cannot be casily
scparated with the hypeplane. Ther are two types of
deviations: An nstance may lie on the wrong side of the
hypemplane and be misclassified. Sccondly, an instance may
be on the right side but may lic in the margn ic., not
sufticiently away fromthe hyperplane.

Suppon Veclor Machines Kemels: SVM akorihns
make the use of set of mathenmtical functions called as
kemel. The purpose of kemel is to take data as input and
convert it mto the mquired form SVM aleorithns are
implemented using a kemel. In linear SVM, the leamig of
lincar hyperplane is done by trnstorming the problens
thiough the lincar algebm. Lincar SVM can be restated using
the inner product of any two given obscervations, This &
caleulated as shown in equation2:

fOx) =BO+ZiL (a;* (x *x;)) @

This & an equation used to caleulate the inner product of
a new input vector (x) with all support vectors in the given
trainng data. BO is the coeflicient and a; for each input
values must be assessed afler traming data by leaming
algorithms.

Lincar Kemel SVM: Lincar kemel is used where the data
is linearly sepamble and can be separated by using a single
line. This is the onc of the most uscful kemneb used in SVM.
This & used where it’ll comprise of hrge numberof features
for a ceitan datasct. In this lincar kemel, the tramning of
SVM is faster as compare to other kemek. Thi can be
shownas equation 3:

Kx,xp) = X(x*x;) ()

Polynomial Kemel SVM: Polynomial kemel signifies the
similarity of vectors for the training sct of data in a feature
spacc over polynomials of the original variables used i
kemels. The degree of polynomial is given to the leaming
algorithms. This is same as lincar kemel. This polynomial
kemelis used forthe curvedlines in the input space.

Radial Kemel SVM: Ths & commonly used n suppon
vector machine classifications, Ths kemel is a type of
function which s used to approximate the other functonas
shownin equation 4:

K(x,x;) = e-gamma<Hx-xf) @

Here, gammm & used as pammeter that specify the
lcaming algorithm and the default valic for gamma is 0.1
i.c., O<gamma<l.

2) RNN-LSTM

Recurrent neuml networks are the type of neural network
which & designed to captures the informatien about the
scquences or the tine serics data. They can take variable
size inputs and gives us variable size outputs and these RNN
works really well with time serics data. RNN were designed
to work with when the input data and output data is in the
form of scquences like text of natural languages. Recurrent
neural network has input layer, one or more recurrent layers
and output laver. Thi recurrent layer depends upon the
previous layer’s output [6]. RNN includes some examples of
sequence prediction problens  like One-to-One, One-to-
Many, Many<o-One and Many-to-Many etc. The RNN is
used to assess the current Rature on the bass of previous
features.

Long short-term memory (LSTM) & special type of
deep RNN conprises of multiple layers. Traditionally, the
recurrent neural networks are ditlicult to train. The Long
Short-Term Memory (LSTM), network is the most
successful RNN because it overcomes the problems of
training a recurrent neural network and in tum has been used
as a wide range of applications. LSTM remember the past
data in memory. The problem of vanishing gradient of RNN
is fixed in the version [16]. Back-propagation is used to
train the model. The LSTM network has three gates ie.,
input gate, forward gate and output gate.

3) PSO(Particle Swarm Oprimization)

PSO is a population based stochastic algorithm inspired
by social behavior of bird flocking or fish schooling. Dr.
Kennedy and Dr. Eberhant introduced the PSO algorithm in
1995. Particle is nothing but a snull localized object which
has some property like physical and chemical. Swarm is the
collection of something that moves somewhere in large
nunbers and optimization & the action of making the bestor
most effective use ol a situation/resoutce, We can consiler
it as possible solution to a given problem. PSO can solve the
conputationally hard optimization problems. This is a
computatonal nicthod that optimizes a problem by
iteratively trying to improve a candidate solution with
regarl to given measure of quality. It solves a problem by
having population of candilate solutions. There are two
common swarm nspired appwaches in computational
intelligence arcas i.c., Ant colony optimization (ACQ),
Particle swamu optimization (PSO)

PSO gives optinul solutions from a set of given
solutions where cach patticipating element represents a
solution itself. Each panicipant has its own position and
velocity vector associated with it, In PSO algorithm, we
need to calculate the fitness function to maximize or
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minimize the positing of particles [23). ‘This is an iterative
algorithm for cach particle calculates the fitess and update
il fitness functionis betterthan theprevious one,

B. Data Set

Dataset is oblained from the website hitps/data.gov,in
and other govt, of Maharashtra websites. In these websiles
the agriculural datasets are uploaded by govemnent
ogencics containing data for previous years, The datascl file

has the huge records of various cmops of dbtricts of

Maharashira state of India, The dataset is having variubles
like tenperature, humidity, rminfall, crop yicld, and soil cte.
Generally, the data sets used in prediction of crop yicld may
be Historical datasets, Remote sensing datascts, GPS based
datascts, social datascts.

C.lProposed Model

The poposed model is findamentally a combination of

three machine leaming techniques ie., SVM, RNN-LSTM

and PSQ. Initially the data set is divided nito two parts in

order to train and test the model. The poposed model is

simulated as below|8):

Step-1: Data Pregnocessing Phase- Prepae the data to test

the model.

Step-2: Trainand test SVM-Input the data to SVAmodel

Step-3: Trainand test RNN-LSTM-Input the datato RNN

LSTM2

Step<: Combine the owput of - SVM and RNN-LSTM using
Hyvbrid function,

Step-5: dpply PSOalgorithm for final yicld prediction

Step-6: Recommendationto farmers based on model output

The complete illustration of the proposed model is shown in

Fig3.

Datanals

i

Data Pro-
procenssing

l Hybnd Modaol
Train/Tast
Data

MHNH-LSTM

= Hybrid
Function

— — — — — — o —— =] — — — — — — — — -

Yiold
Prodiction

Fig 3. Design ofbasic hybrid model

The SYM Madel is truined with three kemel functions,
The kemel function may be lincar, polynomial and radial
bus s functions, The outconxs of the functions are treated as
outputs, Similarly, the RNN-LSTM model is trained with
the same datwiets. After the traming of both the mxdek
separately, the output of both the models is average by
hybrid function as below:

=y w [
{

i
Here, i represent the index for an algorithm and w represents
the weight of f{x). The weighted average ouput &
calculated by this hybrid function in onler to make the
accurate piedictions. Ths output will be the input 1o the
PSO algorithm The PSO will declare the final prediction.

The main objective of ths mudel is to predict the
yicld for the forthcoming yeans to fucilitate the fanners and
other stake holders in the agriculture domain. Also, the
importance of the variables Tike temperature, rainfall cte,
can be formulated for various crops.

1V, EXPEIIMENT AL RESULTS

The proposed model is realized on dataset obtamed
from various govemment agencics. Afler cleaning the last
10 (2010-2020) year's data of crop yickl of Maharashtra
State of India. The data which we have collected consists off
the crop details and it comtains the 10,000 rows and the data
is stored in the esv format as shown in table 1. In onder 0
analyze the data it is necessary to clean the data because the
aw data 5 unstctured data, nowy and also conssts of
missing data. So, data prepmcessing is done as the first step
in nachine leaming models. With the preprocessed data, we
can casily find out the dependent and independent fuctors
for our modcelin this model production fuctor is dependent
factorand it changes with the various available independent
factors like temperature, cropnane, scasonand arca.

e A At Ef" Ak AL LI AT HUIII‘IIMIH‘. L] an

v g weon b s | and ome ol W Ll W gotiees
Uiwd o So e [y E O T T D D T
Wiy | &L e | o LR il ww il A Dy e
VAR L et L P I T e
Urwib o Dore v |1 L IR Y R T
vt e v [irie alows |l e A s e
viean  hipe @ oy ader | o w2l il u_ e
Vyanoa Yt ras (Njvrest Yolder | g L) Lo a Ii'J':m
Ly :'l!( Vews (Pmdatpie adave | al v o |)1 ’ Vo Dby e
virad g arr 1y oyt Lol e el il e onpsees
Vawuv s Paget feruas [apne Xase | oal ¥ 0l XY a9y Ndseen
Ly l’f weps | Fpluion ER LY i "y [ 13 (4] e L% I o #vire
vewr e wran |l ;;v-w { w w o gl U lps res
Vawinte Prage Cear 14 KAowr U or ye el xll Wl 4 Wdisees
LAy f“'l" weon [anptre oA I ”n Ab [ tj o4 [T
Uy Ragn wran vy xAcw u ¥ XY G 4 upsnm
Yerr= eud G (%y0iam FAdow: | | w0 ek B wl @ 0ieen
ey ::.ngn e (el LR A O T T T EERVEE
Uews e war Ly wanr | ool we o] W ol W 114 xm
Yewm-i Mgk G (s raee | Lt 2 0 [T WA ey
v prge e labite sdor | e o] s &l W s

Table 1. Crop Dataset
A. Yield Prediction using Test Data;

The main objective is to predict the yield for
various crops cultivatl across the Maharashtr, India, For
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the processing of the given model, the 70% of data is used
for training and 30% & used for testng dataset. The
prodicted values for the test data for the years 2010 to 2020
is shownin table and graphin table 2;

Table 2: Percentage error for Kharif crops using Hybrid
Model
Crop | Actual | Predicted | Difference | Percentage
Year | Yield Yicld (D) Exror
(AY) (PY)

2010 | 314.64 320.21 5.57 1.77
2011 | 297.16 312.86 15.7 5.28
2012 | 25144 276.66 25.22 10.03
2013 { 300.53 314.45 13.92 4.63
2014 | 186.51 190.32 3.81 2.4
2015 | 15044 167.98 17.54 11.60
2016 | 302.86 325.23 2237 7.39
2017 | 243.83 260.34 16.51 6.77
2018 | 200.31 226.83 26.52 13.24
2019 | 45.02 49.67 4.05 10.33
2020 | 28.95 3275 38 13.13

Bascd on above table it is found that the average percentage

crror i 7.84 for kharif crop using hybrid model. The year
wise actualand predicted yield is shownin fig.4.

L/
2018 | 156.11 | 159.67 3.56 2.28
2009 | 68.97 | 75.11 6.14 8.90
2020 | 46.14 | 50.34 4.2 9.10

Based on above table it is found that the average percentage
error is 4.13 for rabi crops using hybrid model. The year
wisc actualand predicted yield is shownin fig. 5.

B0 sttt e e e e e e

1L J S — | p—

500 ‘. T i / i
Ty S T [

¢~ actel neld
[LY]

——predictecvield
()

Yicld

300 ¢

!

f
100 %

l

ol
b Jre AR I % S SRt S B YR LS FL A 9]
Year

Fig 5. Percentageerror for Rabi crops using Hybrid Model
V. DATA ANALYSIS AND DISCUSSION

The outcome of the proposed model is evaluated with
the traditional machine leammg algorithms like SVM, KNN
and RNN-LSTM in order to cheek the effectiveness. The
metrics used to measure the performance of the model are
stated in Table 4. These matrices envisage about the

37 esmanaew,  accuracy and strengthofthe model.
) , —a—PrsTeaTed A
f @ Table 4: Performance Metrices
0
9 S.No. Matrices Equations
ol 1.| Mean Error Lici(Bi =AY
X PR NG DX NN DK W B WD wn (ME) . n
Yeer 2. Mean 1 l"} - A‘
Fig4. Percentage error for Kharit crops using Hybrid Percentage ;Z—P—-‘
Model Error (MPE) i1 !
Similarly, for rabi crops predictions are made using the 3.| Mcan 1w
hybrid modelis described in Table 3. as shown below: Absolute ;ZIP, = Ayl
Emror (MAE) =1
Table 3: Percentage crvor for Rabi crops using Hybrid 3.| Mean 1o P = Al
Model Absolute I—IZT
Crop | Actual | Predicted | Difference | Percentage Percentage =1 !
Year | Yield Yield (DF) Error Error
(AY) (PY) (MAPE)
2010 | 253.50 | 261.65 8.15 3.21 s.| CoelTicientof R .
2011 | 20886 | 21445 [ 5.59 268 Determination (R -R)Ir(a-4)
2002 | 157.02 163.11 6.09 3.88 (RY) 7 .
3013 [ 17923 | 164108 | 4.94 376 J (R -F)2Z (A - 4)2
2014 | 154.74 15946 4.72 3.05 o.| Root Mean Lo )
7015 | 149.78 | 15523 | 545 3063 Square Etror ~Xia(P - 4)
2016 | 798.38 | 815.23 16.85 2,11 (RMSE)
2017 | 216.58 | 224.78 8.2 3.79
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Accunaey TN+TF
TNATPA FN+FP

Sincere gutitade i given to my mentor Dr. Sajidullih
Khan, School of Conputer Sciences & Iiniginccrilu. Sand

Univerity, Nasik for their mwotivation and suppoit for thi

Whew, tdenotes the Tongth of testing datasets, P is the
prodicted data and A s the actual data, B, and Al are the

Machine Learning Model Overall Accurncy
SVM 84
KNN 15
RNN-LSTM 82
HYBRID (SVMAIRNN-LSTAD N

mean values tor the pradicted and actual datasets. The
hybrid model abways outpectoms than the machine leaming
model and the sanx way this proposed nxdel will have
great acvurey ws congparad e other madel, The overall
accuracy is shown in below table Sand figure 6,

Table S, Accurney of Machine Leaming Models

.95_,._@ e
»
&%
&)

%

N

(1)
Sv§ KNA RAN-LSTM MYBRID
(SVMIRN N LST N

ROve 2l vy

Fig. 6 Accuracy of Machine Leaming Models
VI. CONCLUSION

The early and accurate crop yield pradiction i
having great importance  tor various  stakcholders  like
fanmers, govemments, agencies ete. o plan the activities
assoctated  with yield ie.. market planning, insurance,
storage, tod security ete. The two-nuchine feaming and
deep leaming madel are combined and further optimize with
PSO to viualize the hybrid model. It is entiusted that the
hybrid madel is more powerful than the individual modeb.
The algorithns used in this study are having innunerable

advantages, thus perfornunce 8 excellent. The motive of

tht nscarch & that the efficient  algorithms  and
multidimens onal dataset can entrust farmers with early crop
yicld predictions and  reconmxendations. The  various
combnations of model can be combinad and tested for
complex prediction pwoblens. We will implement these
algorithnx in fulre for crop yiekl predictions 1o strengthen
the fammers by ereating asimple GUI
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Abstract

India is sccond larger producer for cotton in the world. Cotton is important crop in India where 80 to 90% diseascs
are on its leaves. Early leaf discase detection is important and initial stage to control the losses due to different
discases. In this work, cotton plant leaf discases detection on Alternaria, Grey mildew, Bacterial Blight,
Cercospora leaf spot. All of these diseases belong to fungal, viral or bacterial type of'the diseases. In our proposed
solution, images are captured from the farm of north Maharashtra, Cotton plant information such as area,
production and losses, discases name, and symptoms are verificd from Agriculture Development Office Zilla
Parishad, Nashik. Tnitially input images are transformed from RGB color space to HSV color space with fixed
scale resolution then affected area is found using thresholding algorithm and identify the discase using machine
learning classifiers. Our approach provides the result in minimum time span with maximum precision and

accuracy in comparison to other existing approaches.
Keywords: classification, detection, thresholding, machine learning
Introduction

The growth of crops in agriculture producing are reduced due 1o diseases, which may effect on quality and yicld
of crops product. Now a days, farmers and expents arc detecting and diagnosis the discases on manual recognition
strategy with judging the symptoms with their own experience. This manual recognition method requires
continuous observation on crops. This is not rapid, correct, and automatic method for huge yicld arca. There arc
80 to 90% discascs on cotton plant on its leaves. So leaf is major source of discases. Computer image processing
system has characteristic such as image recognition, high aceuracy, reliability. Machine learning algorithms such
as k-means, support vector machine, K nearest neighbour’s, decision tree, linear discriminant snalysis and neural
network algorithm such as convolutional neural network are used to detect the diseases on cotton plant,

Annual survey of the cotton corporation of India limited shows that as much as 25% of cotton production is
reduced due to numerous discases. The production of cotton is reduced due to fungal and bacterial discases with

contribution arc 40% and 30% respectively.
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Discases on cotton plant:

In proposed system, the following diseases are detected and classified on the leaves of cotton plant.

1.1.

There arc five main steps used for detection of cotton plant leaf discases as shown in fig. The proposed systcm
consists of image acquisition through digital camera, image pre-processing includes image color space conversion

and image segmentation where the affected and useful arca are segmented, feature extraction and classification,

Types Name of the Discases

Bactcrial Bacterial blight, Crown dall, Lint
degradation

Fungal Alternaria, Leaf spot, Fusarium wilt,
Whilte spot.

Viral Leal curl, Herbicide, Leaf crumple, Leaf
roll, Zinc deficiency.

Duc to insects White flics, leaf insccts.

SYSTEM ARCHITECTURE

Finally the presence of discases on the cotton plant leaf is identificd.

Proposed System work as follows:

] Input Test
put Tes
/ AIng / / Image
Images
1T L2
Preprocessing Training destng Preprocessing
Ir 7
Segmentation Segmentation
2 82
Feature Feature
Extraction Extraclion
7z I
— : Data
x . Test Data without
Train Data with Comparison labels
labels Classification
o /’B;;ns;dn 5y Yes N .
Healthy &< iealtny _c——Discasc Dotectign
- M_\?/"/

Figure 5; Proposcd System
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Python is used to implement all proposed algorithms in this work. The PyCharm Community 2019 3.5 is used for

implementation.

8, ISSUE |

2,202]

- -

(iD

PAGE NO: i



3 SCIENCE JOURNAL ISSN NO : 1869-9

2
.

1. Image Acquisition:

Images are collected from Nashik and Dhule region of Maharashtra. We have collected more than 700
images for cach discasc. In the first phase, the images of various infected leaves are taken by using digital
camera. Images are saved in system in the RGB color space. Images are manually separated with cach
other and give unique name and number.

2. Image pre-processing :

Image pre-processing operations such as resizing, color transformation, filtering, removing noise and
background arc required for finding meaningful contents from infected images. To find the infected
region, itis necessary to convert RGB color space into the device-independent color space. In the RGB
color space, the actual color is produced on the basis of tools used in the system. Whercas in a device
dependent color space, the co-ordinates specify the color and produce the same color regardless of the
device used to draw it. Therefore, convert RGB to HSV device dependent color space. In HSV color
space, H is hue the color portion of the modcl. S is the saturation, describes the amount of grey in a
particular color, V indicates value, works in a conjunction with saturation and describes the brightness
or intensity of the color[2].

o e e DI ¢ e o)

Figure 6. Qriginal RGB Image Figure 7: ISV Image

3. segmentation:

To find the infected region thresholding technigue is used. Set the threshold value for upper part and

lower part of image and mask the image accordingly.

Mask the infected part of discased image
Step 1: Update the lower brown and upper brown part of the image
Step 2: Find the Discased mask image using the thresholding upper and lower part

Step 3: Show the image using matplotlib

@
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Figure &: Segmented Image

Feature Extraction;

After segmentation, sct of features are extracted (o describe the infected region, In this step, significant

features are extracted, and those features can be used to determine the meaning of a given image. Color

features are calculated using histogram. Texture features such as 1u moments, larlick moments are

caleulated and stored in H5 file. H5 is open-source file to stored complex, huge dara. Hu Moments (or

rather Hu moment invariants) are a set of 7 numbers caleulated using central moments that are invariant

to image transformations. Haralick texture features are caleulated Irom a Gray Level Co-occurrence

Matrix, (GLCM). a matrix that counts the co-occurrence of neighboring gray levels in the image.

Haralick described 14 statistics that can be calculated from the co-occurrence matrix with the intent of

describing the texture of the image.

Following are the features are extracted from image:

Table 2: Summary of Feature Extraction

Feature Formula Features Formula
Mean N Homogenceity . .GLCM(i, )
= — P Ll ==
& ;. N 2]
Variation " Dissimilarity - PO ‘ -
c .. —J) GLCM i,
ai= LZ(P’J_“") ;(‘ J) 1 (’ J)
W
Skewness -1 3 Contrast = . i i
(Zi-p) ;(f J) GLeM (i, j)
ol= i=] f P(ZI)
ag
Chroma 2 Sum = gfs s
ch= V@ +b ; GLCM (i, j)
Hue Anglc | b Corrclation i (i-}uxj_/")GLCM (’. j)
HO= tan -‘; i=l oigf '
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Entropy i-1 Energy 1 :
2_GLCM (i, j)log GLCM (i, j) > 6Lem(i, j)

il =l

532 statislical features are calculaled for cach discase and healthy image. All these features are stored in HSPY

file. Target values and labels are stored in global feature vector array.

Target labels are [0,1,2,3.4] where 0 label indicates Bacterial Blight, 1 indicates Alternaria, 2 label indicates grey

mildew. 3" label indicates leafl spot and 4" indicates healthy images.

5. Classification and Diagnosis:

Itis final phase using image processing for detecting the diseases where we used different machine
leamning classificrs. Different machine algorithms have used to detect the discases. 97% accuracy is got
through the random forest. Train model accuracy is shown using following boxplot:

Machine Learning algorithm comparison
1.00 A
==

R B = -

o

o

0.90
0.8% -
0.80 -
o 75 1 %

LR LDA KNN CART RF NS svm

Figure 9: Algorithm Comparison

Conclusion:

Automatijc discases detection on cotton plant leaf is tested for four discases which majorly effect on cetton plant,
such as: Baclerial Blight, Cercospora Leaf Spot, Alternaria Leaf Spot, Grey Mildew and healthy leave, The
infected images arc preprocessed and scgmented using thresholding technique. Color, texture and edge features
are extracted, and segmented images are passed through different machine learning classifiers with 972. In future

it will be useful to detect other plant Ieaf discase detection,
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