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Abstract

Science and technological mowledge advancements have regalted I 2 vast mumber of data for the agrcultural mdustry. Crop yield
prediction (CYP) 13 a problemstic issue in the apnenlral field The proposed work constructs 2 hybnidization of the {GBoost-S VM-
C4.5 framework to forecast crop ield. Aleo, the propozed methodelogy iz emploved to predict different crop vields bazed on
temperature. rainfall and :oil parameters. The experimental setup was bazed on data gathered from the Indizn Meteorolopical
Department for vanous crops. Frve metnc: were anshzed to determine the performance of each approach under research:
Determination Coefficient. Root Mean Squared Error, Correlation coefficient, Mean Absolute Error and Mean Squared Eror
Experiments have been conducted to detenmine the most effective approach for predicting vanous crop vields. Additionally, the resulty
of thiz research give an appropriste method for forecastine the fumre of food production, allowing for & more precize plan for
agricultural production

Kevwords: Crop wield prediction, €4.5. Feature zelection, Machine learming SVAL XGBoost

1. Introduction

Accurate and timely forecasting of agnculhiral statistics. such az crop output, comtribetes preathy to 2 mation's development
Predictions made early and accurately boost fivhree vield 2nd profit. Prediction of Crop vield i= 2 complex subject that iz exzential for
tesource efficiency along with sustamable growth [1, 2]. Crop vield forecastz are helpfl to meny different parties involved m the apri-
food chain, m-:!udms .fﬂmlEIS agTononm s, pcl:c"maLers_ and commodities traders. Numerous factors, such as soil guabity, climate,
and fernilizer app]:catmn, bave an impact on the vield of crops [3, 4].

For the Crop Yield Prediction (CYP). there ars two major feature sets: one type of date confain: defails on how the land is nsed,
which ferfilizer 13 applisd. and how the cultivators water it. The.other comprizes elements of the natural world, like temperature. solar
radiation, and rainfall [3]. Neverihelesz. pathenmg mformation Televant to the CYP 12 a difficult and d.ra“u-curproces-z [5-71.

To produce p‘FECtBE forecasts based on available data, researchers are creating data-driven [6; 7]: To maximize reliability in data-
driven systems, machine leaming (ML) fechniqnes are essential [8]. Despite sionificant adva.ucemgnt.@ in machine leaming and its
applications across vanious domams, machine learming techmiques bhave mherent limitations when applied ir 2 purely data-duven
mannet [3-10]. The degree of reliance on the input and the vaniables of interest in the obtamed datasets, the zystem's capability, and
the quslity of the information all affect how acourate the forecastz and rezervabions produced by machine leaming alpomthms are
[9, 10]. The predictive capacity of zystems can be sionificantly reduced by high noize: maceurate data, biazez. outliers and maufficient
datasets [11, 121

The artificial mewral network (ANN) 15 the machme learnme method most commonly uhlized for CYP. The human bram is
replicated in'a neural network: One zdvantzse of arhficial newral networks (ANNz) i their zhility to leamn from cases directly, without
statiztical methods to estimate parametars [13 1£]. In recent research; ANNz have been uzed extensively to caleulate agricultural vields
for various creps, including paddy, wheat. basil. and kwifruit. Elavarazan and Vineent [11] investigate the way tillage practices affect
crop productivity and sonl properties using MLE and ANN. The dats are validated using the comelation coefficient of determination
(R} and the root mean square error (BMSE). To estimate vields from agriculture based on farm conditions, social venables: and
meteorological inputs; a modular newral network with two idden layvers was established [13, 16]. Shidnal et al. [12] and Sivanandhim
and Prakeash [13] evahuated the minimal mput parameters required to calculate the lint production using the performance asses=ment
statizfice B- and MAFE in ANN. Numerons studiez anahzed agrienttural data nsng ANN models: _—‘smcng theze works, Supamya etal.
[t4] uzed climatic and sl data to foreczst rain-fed wheat production, Gulati and Tha [13}used 2 multilaver feed-forward neral neswork
model to predict turmeric essentiel oil output and Obsie et al. [16] developed an intemet platform to predict apricot vield. Ma et al.
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[17].and Paudel et al. [18] used the Bayesian ensemble model (BM) o analyze histonical crop yield data and forecast crop vield, while
Huetal [19] and Motalez and Villalobos [20] used zymthetic datasets from biophyveical models of crops to Inveshzate the mopact of
data amount, data parthioning strategies; and predictive algonthm choice on predictive performance:

Climate zrd zo1l conditions are regarded fo be the primsery environmental factors influencing the development snd vanability of
agnculiural vields. The phonological cycle of plants 1z alzo mfluenced by chmate vanables. Numerous shedies on the yield prediction
of food crops such as Tice and grain mzize have been condnected m the southemn part of the Korean Peminsula: The same experiment
based on meteorological data were conducted onplants such as: zpple, Chinese cabbare. whole crop maize. whole crep rve and Itzlian
Tyegrass, [19.20]

The research preprocessed meteorological dzta to address cwment izsue: and put 1t mte the supgested XGBoost-SVM-C43
architecture: The proposed study 1z alzo uhilized fo bulld a hink between these three vanmzbles and determmne their effect on crop
producton. Thug, it is clear from the survey that the new machme-learming approsch provided here will be utilized to extimate crop
yields efficiently.

The kev contributions of this paper are a5 shown
Initially, the climate-bazed data and a large amommt of historical agrieulinral production are scquired and preproceszed.

We dezigned the Simulated Annesling (SA) for Feature Selection to obtain an optimal feature et for accurate clazsificshon
To gxplore the performance of hvbnd XGBooat-3VLI-C4.3 models and the accuracy of crop yield prediction.

To optimize the parameters of the C4.5 decision tre= to obtzin accurate crop prediction resulis.

We desioned a hybrid machine leaminz-bazed CYP model and evaluated their parformence on datz collected from the Indizn
Meteorclogical Department and various Maharashita sovernment websites.

» To develop an effective model for forecasting food production based on an analysis of the prediction performence.

The balanee of thiz stmdy i3 partitionsd mio the subzequent 2échons: Bac 3 dizensses relsted work. zrd Sec 3 hes the problem
statement ‘Sec 4 summanzes the proposed model for agricultural production forecasting. Section 3 discuszes the expeniments]
observations and sethngs and the propesed model's effectiveness 1n contrast to existing approaches. Sec § concludes with a dizcuszion
of the concluzion and future efforts.

YOV WYY

2. Materialz and methods

Here, the hybnid techniques for our propesed agniculinral information forecasting rezearch (crop yield and climshc temperatmure)
are diseussad . To begin, preprocessing of mput datz is carmied out o 1dentifi; miszing values, remove duplieates, normalize the datazet.
and convert target vaniables to factor atimibutes. Utihizing an optimization approach. essentiz] properties are retrieved from preprocessed
data Prior to collecting data, the optimel featores are subjected fo categorization algorithms Then Simulated Annezling (SA) 15
propozed to reduce the feature subset and tune the parameters of the C4.5 decision tree to improve the prediction result Finally, s crop
yield forecast 1z developed and the outcomes are analyvzed using varnous performance eriferiz. The research highlichted the most
effective methodolegy for zelectng features in combination with effective claszification alponthms.

2.1 Sefection af avea

The current study focuses on one of Nashik's most sisnificant acniculture-based districts. This research wall be conducted in the
Maharashira district of Nashik Nashik iz located at 745 36" E longrtude, and 73° 167 E. 207 32" latrude and 737 33" N, with a totz] area
of 15,382 lnlometers square and a population of 6,109.05, malang it Maharashira's third-biggest district. Dhule district borders it to the
north, Jalgaon to the east and Aurangzbad to the southeast [21, 22]. Nashik iz famous for wine production. The Godavan Fiver nng
through Nazhil Malegaon iz the biggest distnict in Nashik while Peth is the smallest Other districts m Naszhik melude Trimbak, Decla,
Niphsnd Dindori, Buglan. Yeola Surpans Simnner. Kalwan, Nendgaom, Chandwad and Izsfpun [23, 247 Fiome 1 i3 2 map of the
Maharazhtra diztrict of Naszhik

Figure 1 Map of Nashik disinict, Maharashira India
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However, the temyperature pesks between March and May, Thiz 13 glso the time of year when the stafe expeniences heat waves. The
monzoon seazon in Masik begins in the zecond week of June and lasts until Aupnst October through Febmaary are excellent weather
monthe:. Nashik's weather prediction 12 based on the coreent temperafure, rainfall wind speed . bumidity, and air qualite.

2.F Dmaser

The data for this research was pathered from the Nasik Meteorologizal Department, the Maharashira Statistical Department and
the website (httpsl// data gov.in). Government entities provide agnicultural datazets incorporating data from past years to these websites.
The data zet of Maharashira's districts has a buge record of vanous crops. Vanables in the dataset mclude temperature, rainfall,
apncaltural vield, soil. etc. Histonical records, remote sensing datasets. GPS-based datazets; and socizl datassts are generally emploved
in sgricultural vield prediction:

Data on food and agriculiure 1z provided by FAOSTAT (Food and Apnculture Orgamzation of the UN). Thiz resource has data
from 200 nattons. The final dataszset comprizes the following mput felds: Item collected, Country, Avea Production, Yield, Raindsll
zoil pH, and temperature (in degrees Celsing) [23]

Environmental so1l
Data Diata

[ Dempremocesssy |
»| - Vormalizaton
Arzzing values
Null values

i

Feature Selection
Smmlated Annealing

Hyper paramater
tuning

Figure 2 Propozed Methodology

The FAQ data repository kas vield statistics for zix major crops in Mzeharashivs Tndia. The gathered dats includes nation, item
vear, and vield value from 2000 to 2020. Environmental and so1l conditions impact crop output Ramfll and so0il guality also influence
the growth of the crop. Werld Data Bank provides annusl randsll statiztics for India. Each ttem's soil pH i3 obtained from the FAQ
data collection. The global dats bank has compiled the average temperature for Indiz To get an appropriate forecast, the scquired data
1z cleaned and rezcaled between 0and 1. The proposzed architecture iz shown in Figure 2.

2.2 Deta preprocessing

Tratially. in preprocessing. mizzing values are handled and detection of puthers and data normislization are performed.
2.3 1 Handling mizsing valies

Ignonng records & the simplest method to handle miszing values, but thiz sppreach 1zn't practical for 2]l dsta zetz. When prepaning
the information, the data set 1= examined to zee if any charactenatic values are mizzing. The mussing data for numenical charactenstics

waz esiimated using the statistical fechnique of mean mputation. Emploving the mode method, the abzent nominal characteristics were
teplaced.

2.3.2 Cutfier detection

An outlier 13 & single observation pomt that stands out from the rest of the data. Measunng vanastion can reveal a measurement
error of be the cause of an outlier. An outlier can potentially distort and fool the DL algomithm's leamning process In the end. this results
m longer framine times. lower model acouracy, and worze performance. This study oses an Interquartile Ranpe (IQR)-hased method
to eliminate outliers from the data before zending it to the leaming methed.
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2.3 3 Dty mormalization

Diats normalization wzuzlly has values of different magmitedes. A commenh: used technique for comvertine considerable data value
ranges into smaller range vahies is normalization. As in this sindvy, the mun-max method 12 widely used for data normalization because
ofits higher accuracy and short leammng curve. The distmbutionof F the data set is unaffected by pun-max normalization. The expressions
max(x} and mmn(x) represent the lewest and hichest values of 2 measure =
= 2—Min X}

R s v (1"
B Tax{ X —mnfa) i/

2.4 Feature selsction

Datazetz inchide duplicate information, which complicates categonzation. Selecting features 1z a significant 1ssue, mainly when
datasets have many features. Feature zelection is prmanly uzed to improve the traming of the ML algonithm (i1} reduce the models
complexity, and (i) facilitate interpretation: Additionally, it optimizes the model’s accuracy by zelecting the optimal subset and avoids
over-fitting. Thit study focuses on developing an optimization technique for extracting the most valuable features from raw data
Smmulated Annezlmg (SA) extracts the best feature: from the zoil and environment:

¥ The feature selection approach manally identifies the critical characteristics that influence crop productivity (targst).

#* By uzing featore selection. noizy and wrelevant data will be eliminated

¥ Due to this combination; the ML model's prediction accuracy Incresses.

Section 4.4.1 discusses the Smonlated Annealing (S54) methed for feature selechon.

24 ] Sonulated Anmealing (84)

3A was propesed by Kirkpatnick et al based on the solid annealing concept It 12 2 stochs=hc optimization approach that is based

on the hill-climbing technigue. Since a poor cutcome is approved with a fixed probability during every iteration, SA avoids the issue

of local optima T The algorithm starts with 2 random mitsal sobstion. In each cvele, 2 new zolution Wewsol) s found and anabyzed ahout

the exiziing soluticn (Cur:o!_# When a mew zolution's fitness iz better than I.he existing best solution's (Bestsed), the new solution

teplaces the existing solution. Otherwize, the Bolizmann probability indicates that the new solution is acceptable. Adoption of the new
zolution 1= thus shown as

1 &{Newsol) = &§(Bestsol)

p={ @

g

&
T O(Newsel} =< 8{Bestsol)

Where 8 1z the difference between & (Bestsell and & (Newsal), the fitness of a solution iz dencted az &. The temperature T drop
with each cycle. The starting temperature 70 is setat 0.1 n thiz paper. The zcmal temp iz compirted using the formunla T'= 5'5' "'
The' probability of choosing a poor zolubion decreases as the number of sterations mereases. Additiomally, the mumber of cycles
permutted in the A algonthen is set fo 50 in thiz paper.

Thiz approach extracts the best charactenshcs fom the 200l and environment.

After cleaning and selecting sigmficant characteristic: from the dataset, the final dataset melnding all of the festures that will be
utilized in the forecashing process i1 shown i the table below (Table 1). The data set's final characteristics are as follows: state. district,
year, ares, produchon, yvield. crops. rainfall, temperature. humidity, potassium phosphomus. and nitrogen; 3z well as soal pHL

Table 1 Sampie datazet

State District  Vear Crops Ares  Productivitr | Rainfall Temperaturs *C N P K pH
o pa) @) Memm  Mumew
".L-U-L-’.R_-": SHIRA Z\A?HE it Ofiizzed 13700 TR0 4 23 j=5 M4 49 63
MAHARASHIR A NATHIE it Wheat 33600 13008 13 F{] 174 B .38 1 i3
MAHARASHIRA NATHIE s Prulkees ] S0000% S 286 114 6 B o4 T
MAHARASHIEA NASHIE e Suzarcans 13100 6718000 - 258 21 T& 33 & 498
MAHARASHIEA NASHIE e Cotiom 14100 200008 - 301 247 41 41 142
MAHARASHIEA NASHIE e Hice 50800 TE2000 - 334 131 &2 37 42 107
AMAHARACHIRA NWASHIE I Crlzzed 7400 TIS000 ERN 385 181 62 3 3B 170
AMAHARACHIRA NWASHIE I Wheat 45600 718000 311 362 i 3 & 1T
AMAHARACHIRA NWASHIE I Trolzes B0 TO4000 L 3Le 126 | 34 3B 44
AMAHARACHIRA NWASHIE I Zuzarcanz 11100 30000 [am i 2z0 X1 68 3E 3B 433
AMAHARACHIFA NASHIE Cottan 12190 10000 1) 31 7E 113 b1 55 4 538
AMAHARALHIFA NATHIE Hire 40700 SO0 153 07 e W 46 41 73D

2.4.2 Classifier

After extracting the most relevant features, the classification technigue uzes hybrid approaches on the reduced datazet. such as
XGBoost 3V and C4.3. Then, it 1z farther divided into training and festing prior fo usmg the classifier method. The clazzifier
algerithm iz trained using the training dataset. which 1z cammied out in the testing phaze.

The resulting value 1= used to forecast agncultural vields for a particular area The subdivisions that follow provide detzils on the
clazsifiers emploved in this resezrch.
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2.4 3 Extreme gradient boosiing (AGBoost)

XGBoost iz used for regression and classification and 1z considered one of the best performing alzonthms for supernsed learming
known 23 gradisnt bn:rastl.ne machines (ghm). The operation of this approach 12 as follows: Consider the datazet (DIS) with features m

andn emmples, then DS = [{x; 100 = 1.0 ER™ Y € W) Let 7; be the ensemble tree model cutput predicted by the following
equations:;

Ay=9) = T AXDKET (3

L

Whers K 13 the tree count, 7 13-the (&-#% tree). We must minimize the loss and remulanzation objectives to address the given eguation.
o

i) = v Ay + ) 4

(@)= ) 10uds)+ T 00k (

Where [ iz the loss function, the difference between the expected ¥jand v actusl outputs. 11 13 3 model's complemity mezzure that helps
prevent over-fitting.

fe) =T + 5 Hwif? (3)

W is the weight of each leaf, and Tis the number of leaves in the tree. Boosting 12 used i decizien trees to make the model a= accurate
azpossible. Thiz 1z°done by including & new finction f&3 a= the model 1= being tramned With-each cvele, we 2dd & new function (fre=):

n &,
£ = Z (v A5+ R ) £ 00R) (6)
i=1
£ r“f—':.r' 'r'f-ln 1' X "E“-'nsl:': e (N
solis = —|.rlh.u Diaigiyan Sialghped ! I
o )
gi= &‘i r:—1'-E (}Il' A'Lt_lrj (8
ol oo
hi=0f pyl(3ia™9) @)

2.4 4 Support vector machine

A stable and effective multivanate non-linear regression method, support vector machines. Simple non-linear relationships between
vanablez may be atintbuted to linear relationships in higher-dimensional spaces. Linear optimization iz performed on the vanables of
interest in a high-dimensional space, and the resultant rectession analy=is iz retumed to the obzerved vanables' low-dimengional phaze
space. SVMe are eurrently widely emplovied zz very efficient non-linear regroszion models.

First, the mnputs are fixed (nenlinear) mapped into high dimensional feature space. and then & linear model 15 built m this feature
space. (x ¥) are two random vanables, (¥) bemz the dependent vanable and (x) 2 collechon of R traminz data points. SV sesks to
predict ¥, given x ‘Support vector regrezzion (SVE) 12 given a3

¥ =flx)+e (10)

The function fix) 1= estimated as
()= ¥ _ _yvio:E{xrx)+bhb 1
. J n:'l}l. J { = - b 11']

Where the arror term iz denoted as ¢, 2 constant scalar i represented a2 & and the kerne] finction iz indscatad by £ /%, x). The above
equation’s parameters are determined to solve the optimization equation.

n
mifly ; B +§Z _ V1912 K (%%} (12
e 0o Ci=12 0 ;
subjectto o 3
iy Ty =0 (13)
L ol SRR

The support vector parameter C defermines the opportanity cost between ermor minimization and margin maximizztion

But, 3z with any. advanced regression techmgue; overfitting 12 pozsible. The study utilized 20 vears of vield data 33 predictor
vanables were found, about equal to the amount of data. Using a flexible non-linear regreszion approach like SV, any random
combination of mdepeud&nt vanahles may achieve outstanding perfm;m:am:e It's hlce ﬁtimz a polynomal of degres n fo 2 data set of n
=1 obzervations. So the predictor varishles have to be I'E:Euced_
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2.4.5 C4 3 Approach

Quinlan miroduced Commercial Version 4.5 (C4.3), a commondy uzed machine lezming approach for buuldmg decizion treez’ The
method zelects entropy-based measires that vield high elazsificanon aceuracy ina short time. Tt 1= 2w expansion of the ID3 algorthm
The method's kev benefits mclude pruming and handling numernc characteristics, mizsing values, and noizy data Preparing the decision
tree and creating the rules are two steps in the C4.5 algerithm  After that, entropy iz measured and information gain is computed.

The following iz the entropy formsla: the output of the class proportion 13 denoted a3p and entropy 1= denoted 28 5.
Entropy(S) = X1 —pi % logap: (4

The'root attribute 13 alze the zfmbute wath the highest pain Gam (A_S) is expreszed in Equation (137 where the case sot is denoted as
&: the easze stinibute 1% represented as A; |51 1z zeveral cazes to 1 and |5} are several cases in the zet.

Gl T
Gain(s,4) = Entropy(5) Z T % Entropy(s) (13
f-1 151 :

The C4.5 method constructs 2 DT uging & recarsive-zpliting and top-down approach. C4.3 has leaf'nodes, imiemal nodes and root
nodes. The root node is the container for all mput data. Typically, an intetnal node contains multiple branches and includes 2 decizion
fumction. Meamwhile, the leaf node reprezents the resuli of the specified mput parameters.

2.3 Crop prediciion procedure

The procedure for CYF iz described as follows: Environmental conditions and o1l parsmieters are provided as mput and owtput to
pradict crop vield.

Step 1: Data collected from different websiies are given as input,-and then loaded the data set.

Step 1: The features m the data set are modified mto & specific range; pething the data set into 2 uniform condition therefore
elimimating mregularties. Any missing valmes are deleted. and the dats iz standardized via nommalizstion Owee redundancy is
elimimsted, the dataset'is crganmized and gathers efficient information for prediction analysiz.

Step 3: After preproceszing. the feature selection i camisd out.

Step 4: Training and testing are performed on the reduced datazet.

Step 5: First, 70% of the reduced datzset samples are used for training.

Step 6t As tesfing samples 30% of the samples are taken from the normalized dataset

Step T: The elassification: slgonthe iz spplied to the traming and the texting datazet for CYP.

Step 8: Fmally, generate vanious reports for the yield prediction of each crop.

3. Rezult and discussions

The predicted outcomes of Aice, wheat, pulze, oil-sesds; cotton; and sugarcane crops in Nashik District; Maharashtta Tndiz. m the
followne years are addressed in thiz secticn. In the current regearch 30% 12 used for testing and 70% of the data 1z zsed for training
to provide yield estimates for 2ll crops mentioned above. The model’s mputs melnde environmental and zonl parameters; the outputis
the vield achieved. The hybrid mechine learning algorithms are implemented 1 Python uaing the Tensor Flow open-souzce software
package 0 aswess the propozed methodology.

3 Digtaret description

In thiz paper, the dats are chtamed from vanous sources and are combmed, resulting m-a datazet larze enough for the research.
From 2004 to 2020, =01l and environmental parameters were obizined from the Maharashira povernment webstte (data.pov.in). pH iz
among the 201l characteristics. Rainfall and temperature are the enyironmental parameters. Smmlarly. dats gov i 1= used to gather crop-
related data for wheat, rice, pulsez, oilzeeds. cotton, and susarcans crops [26]. The crop vield is calenlated using the area farmed (i
hectares). the yield obtained (m kghectare) and production oufput (in tonnes) 2z mdicstors. The: dats obtained comprizes crop
information and meludes 10,000 rows, which are recorded ina C3V format as shown 1 Table | and descnibed 1n Table 2. Tt 15 required
to clean the data before analvrine it since the raw data 1s unstructured. noisy, and containg mizsing data. Az = result, the mitial stage n
maching lezming models is data preparstion. The experimentsl findings achieved for forecasting crop production usmg the X GBoost-
SVM-C4.5 model with optinvization technigue and comparzons with existing modsls are presented in the next zection.

3.2 Performance metrics

The effective parameters used to evaluate the performanece of the propozed modal are Mean Sguared Emor, Mean Absolute Ermor.
Deetermimation Coefficient. Comelation coefficient and oot Mean Squared Error.

321 Root Mean Squared Irror (RUEE}
The RMSE meazures the difference between the actual and estimates. exaggerating the prezence of outliers.

N e
RMSE = *JI:E% (16)
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3 2.2 Correlation coefficient (R}

E evahzates the linear relationship between actual values and regression model predichions.

o (1
R= TS

N o [
E = B y—y
-

N

3 23 Determination Coefficlent (R7)
Thiz parameter iz used to evaluate the poodness of the fitting aquation among the explicatory factors and the crop yield.

AL

L =3
El.-:l.-"'l

RP=1-
3.2 4 Mean Abzoiute Error fAL4E)
AAE 15 the average of differences ineshmations (in physical units).

MAE = (Belick)

325 Meagn Squared Errar {145E)
The MSE iz the squared difference among a variable’s obeerved and predicted values divided by the nnmber of values.

L n ol D
J-'!SE:ET=1|L'L"E—}‘1}

g

Table 2 Dataset dezenption
i Description

State 3tate of production

Diztrict Area of production

Crops Typeof crop

Year Year of production

He'ha wield Agnenltural production for the year i the country

Tenui Diatly puinimum temperature average for the vear

Tum Diaily mammum temperature average for the year

Pesticides tonmes Pesticidez uhilized on the crop that vear m terms of quantity

Ramfall Averape rainfall for the vesr

N (Nirogen) The overall guantity of nitrozen utthzed m agneekure during the year

P (Phosphorous) The overall quantity of phosphate utilized in agriculiure dunng the year
X (Polsssinn) —Zhepueill tyganicy of potesh uillzed hagtacu i s fhe year.

Table 3 Parameter setting of the proposed 5A algonthm

Description Value
Maximum iterzhony per temperature 3
Max. no.of succezsful reconfigurations 10D
Cooling rate 1%
Convergence crteria {1 < convergence) 1
Total iterations before reverting to the optimal configuration 50
3.3 Analysis

(17

(18)

(19)

20

The parameter setting of the proposed 34 algorsthm 1z shown m Table 3. Tenfold creozs-validation 1z nzed to validate the proposzed
hyvbnd moedel. The XGBoost can normalize and cheose the most enfical charactenistics on s own. Az a result the XGBoost medel 12
loaded with the whole datazet and obtained a nearly identical fit bt with 2 much poorer evaluation performanee. Smmulated Annealns
1z proposed to simplify and cptimire our technique by lowenmg the number of imported vamables. Uzing this feature zelection approach.

attributes are chozen to determine acourate envirormental snd soil factorsto predict the crop yield [27, 28

3 3] Comparizon based on zoil and ervironmental physiognomies

The performance analyvsis in Table 4 1= based on emvironmental and soil parameters such a5 pH, K, P. N, rainfill and avg. temp.
The resultz indicate that the bybnd XGBoost-S5VM-C4.3 obtaimed an accwracy of 80.50_ 81 23%, 76.12%, 77.15%4, 79.530% and 83 40%
for rice; wheat pulzez, oilseeds, cotton; end susarcane crops, respectively. Since the performsnce of the propozed clazsifier is far fom
zafizfactory, the SA-hybnd ML approach was emploved using the reduced dataset. Interestingly, the:accuracy ofthe classifier aloonithm
with zn optimal subzst mproves performance sipnificantly compared to the onginal feature set with a clzzsifier algonthm for vanous

ETOpE.
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Table 4 Companzor of accuracy with and without SA-hybnd ML approach for vanous crops

without SA-hybrid ML with SA-ybrid ML

Crops Original zet  Reduced - Original set Reduced Fr—
- of features feature subset =~ - of features featurezubzet T
Rice 33 - 2030% 33 8 06.12%
Wheat 22 - 8125% &2 7 9725%
Pulze 12 £ Ta.12% 12 é 05.14%
Oil-zzeds 14 - T7.13% 14 8 98.10%
Caotton 30 - T9.50% 30 T 2735%
Sugarcane 15 : 8340% 15 3 98.25%

Then, the XGBocst algerithm iz coupled with SVA and C4.5 classifiers. Theze enzemble approaches produce sequential predictions
and sesk to integrate weak predictive tree systems to learmn fom their flaws. Generally, decision trees have reduced biss and are mors
resigtant to overfiting. As a result emssmble approaches mvolving the execuofion of severa] frees are suited for malking scenrate
predictions. Using an optimization technique, the proposed approach effectively decresse: ias and variztion: The few ocourrences per
leaf (W) and pruning confidence (C} are the two most ezzential hyper-paramaters to select for the developed Tamework The value of
'C’ 1z set to 80, while the value of Al iz 22t to 20. The proposed schems achieves a good ouicome with this parameter value

3.4 Experimenial section

The outcomes of our work are dizcuszed in this section. The varions evaluation metrics RASE. MEE, MAE. B- and B metrics were
apphied to test the proposed models accuracy with four other existing techniques. Table 3, prezents the BMSE MSE and MAE of the
exizting are slightly hizher than the proposed model.

These results proved that the performance of optimized X GBoost-SVAI-C4 3 in the CYP has been better than Hybnd MLR-ANN,
Gradient Boosting, ANN and BF_ Bezides. Table 3 alao shows the reznlts for the metnic of B and B-. Since the averape memc of B and
B 1z preater for the proposed method than existing it iz interpreted that the performance of optimized XGBoost-5VM-C4.5 in these
metrics has been better. According to Table 5. the results reveal that the propozed model gets most of the best-comelated models.

Table 5 Metrics for evaluating the proposed hvbnd model’s performance in Companzor to exizting models

Algorithm RMSE MAE AP R R2
Hybnd MLR-ANN 0.051 0.041 = 0.99 2
Gradient Boosting 0.57 049 0.53 3 0.61
ANN 0.37 022 0.09 + 0.62
RF 0.72 0.62 0.51 - 037
Proposed 0.042 0.033 0.08 099 078

Accuracy measures the ratio of accurate predictions made by the model It 35 a term that refers to the degres to which the forecasted
value iz near the actual value. The accuracy meime for the forecasted dats predicted by the developed hyvbnd model 1= shovn m
Figure 3.
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Figure 3 Propozed model for accutacy measure
3.4 1 Prediciing the yvield of craps in Nasit, Maharasitra
Fizures 4-9 shows the predicted production of Rice; wheat oilseeds, cotton, Sugarcane and cotton in Mashik distnct, Mumba by

the propozed model in the years 2000 and 2020 The Figures show that the difference between the actual and the predicted vield 13 less,
which tends fo reveal that the srror rate is lezzer when mmplemented by the proposed model.
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Figure 4 Predicting vield of Rice
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Figure 5 Predhcting yield of Wheat
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Figure 6 Predictmg vield of Oilzzeds
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Figure 7 Predicting vield of Cotton
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Figure 9 Pradicting vield of Sugarcane
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Additionally, the results reveal that the immplemented method sves higher prediction accuracy inagnicultursl production forecasts
on cument mfprmation compared to the existine approaches due to itz decreazed root mean square error. Az a result. thiz model was
chozen to forecast India's agrienltural production: The results of the prediction of Indian agrienltural preduets for 20202050 nsing the
optimized technique are presented in Figure 10. It demonstrates that asneuliural products in India are likely to have 2 :imilar msing

tendency. Ths iz becausze the prediction model uzed for thiz research indicates that food production in India would nse over the next
decade. based on time-zenes data

0.0 2 Agricultaral Froduction

3.8
LN
5.4
&2
5.0
4.8
4.6
4.4

Food Production

4.2

‘ﬂwm:mm:m: 2035 2038 7041 044 2047 2050
Years

Figure 10 The remlt of predicting agricultural production for the mext 30 vears in India

The results of the expenments show that the proposed hyvbnd XGBoost-5VM-C4.5 with optimization 1z better than the other
machine leaming model. The analysis tevealed improved model performance by minimiring complexity and testing losses.
Additionally, th.ep_redas:u.uz accuracy of the model iz determined by its performance with minimized errors i.e,, RMSE, MSE and MAE
error measures and z greater value of cormrelation coefficient and determination coefficient.
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Figure 11 Differentiaticn of vanous ML approaches with propozed

The metrics like FASE and MAE are emploved to compare our proposed spproach. Compared with exizting spproaches. the
prezented approach yvields a better sclution The differentiation between the existimg approach and the proposed one 1z shown in
Figure 11. Smilarly, compared with prior approaches; the proposed spproach takes less fime fo execute; which 15 shown'in Figure 12
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Hybndimng the XGBoost, SVAL and C4.5 classifier slgorthms offers several benefits for crop vield predichor. Firsily, the
ensemble framework of a hybrid famework allows it fo leverage the benefit= of each unique alponthm SVM excels in managing
nonlinear relationships and highly dimensional feature spaces, while C4.3 decision trees offer mferpretability and perform well with
cateporical data. When it comes to spotting complex relationships and patternz in dats, NGBoost excels. By combining these
alg{:-mhm; the hybnd model can provide a more comprehenaive and dependable way to capiure the different factors mﬂuﬁnﬁmn CIOp
vield However, there are challenges with this bybrid approach. One significant drawback of combining multiple algorithms 1= the
increased computational intensity znd complexity. The traming and infarence procadures might need a 1312'{: amount of computational
power, which might limit the model’s application in low-Tezonrce scenarios: Moreover, the mmplemtg of the hybnid model mav make
it harder to understand When considering the combined effects of XGBoost, VM. and C4.5 on predictions. explaming the model's
decizsions to stakeholders or end uzers becomes challenoms It's crucisl fo sinke the comect balance between complexity and
interpretability.

4. Conclusion

Thiz study suggests & hybrid X GBecst-SVM-C4 5 mede] to precizely estimate crop production. Tt raises prediction aceuracy and finds
the near-opumal error minimum WMoreover, Simuolated Annealing 1= uzed to fine-tune the C4.3 classifier parameter and extract pertinent
features from the datazet Common metrics for performance were used to evaluate the mproved hybnd methods' predichion oatcomes. This
study was conducted primarity in Nazhik, Maharashira, India, but 1t could be extended to other aprarian areas. Predictions about India's
future vears may be provided fo the government. which can help plan and implement policies that will meet the nation's food needs. Future
studies may alzo look inte altemmative machine leamning models to improve the analyziz and efficacy.
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