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Survey of Crop Pests Prediction by using Machine Learning Techniques
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Abstract — This paper has aims to present the
prediction of crop pests by using and
comparing many algorithms of Machine
Learning techniques. This paper also classifies
and introduces Multiple Linear Regression
(MLR), Generalized Regression Neural
Network (GRNN), Support Vector Machine
(SVM), Bayesian Network, Neural Network,
and describes some cases of their utilization.
The predicted results can help the farms to
reduce damages and increase their income, and
also helpful in term of pest control and pest
eradication.
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2.1.Multiple Linear Regressions (MLR)
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2.2.Generalized Regression Neural
Network (GRNN)
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2.3. Support Vector Machine (SVM)
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2.5. Neural Network

@

Aoduuiraesmendiamnansvie luaan1a
AauImes dmsulsyuanamIaumaAdIeNg
o v A 4 - .
MumLUUADUIUATUTIda (connectionist)

a A 9 A Ay = '
uuAasuduYeamaiail launinmsane Inseiie
W39 (bioelectric network) Tuaues &3

4
Uszneudio ivaadszam (neurons) tag 90
v
dsgenulszam (synapses) awluaatl Ve
Uszanniannmsiyensesznasaddsyam au
<4 A 1 Ao ' o
Whwaievigimianus .

(% Y

3. mAduiifedes
3.1. minensaiansiiy Deoxynivalenol 1u
Y1ma Taels Multiple Linear
Regression (MRL)
nnuIdeves D. C. Hooker uay aag, 18
WAt szeznan 3 $u naz deulvvesmsiia
a3y Deoxynivalenol (DON) RN e
(Mycotoxin) Tasld Multiple Linear
Regression (MRL) iiowensalsasinisiie
a5y DON. Tagngqualedisnodoyail 1996-
2000 91nvhsu 399 uwe lusy Ontario naneuld
vos Canada; nqudeyavzniulilfiiladensann
01mA Fatlszneudae ﬂ?mml‘iwluﬂﬂ‘?u, gunqN
swiu dga/gaga,uas ﬁ1ﬂa1w§u€r’mﬁuﬁf@ia

¥ T34,

nnwamsnaassasl1dn, rnandvulaves
9 = a g’ A A
1118, Ysinanhwly tay gangl Bamlums
v & - 0o q Y a A
aiures1 (Mycotoxin) uaginldinamsny
Deoxynivalenol (DON). Tuvaizi@eanunaunui
d’l n ya A Y v W a a
anuiu lilatawnodesiudasimanaaisny

kY a o 9Yq Y [ o =
1ag, Tagd19991nmInennsal 18 Idanuuiung
89%.



3.2. msnensal szauanuduvedluld Tae
1% Generalized Regression Neural
Network (GRNN)

Younes Chtioui uazamz lanan1ilu
J @ d’l 9 ugxl
UNAMUURININN szauanuduueslu 1l Wy
duiladedfyuesmssznaveslsaiy, luanuise

dy Y o @ a a Y o

i 18 ziilatenegaieninet Tag laann
Generalized Regression Neural Network
(GRNN) tienennsaiszauanusuuealy.

a

v
wang luauddeil Aemsulseuiieu
Y Aa o T o ¢ =
TYoHANAIAYRINTIIWIBAdNYsalmay (Average

absolute value prediction errors) 52119435
Generalized Regression Neural Network

(GRNN) uay Multiple Linear
Regression(MLR). Tagl#ilaiendnae nal
(Mol 24 $2Tua), gangd, i ”uﬁu‘ﬁ:mm%yu
(Relative moisture), Anuisiay, Sadae1ing
(Solar radiation), /i, ﬁmﬁmwmjwﬁuluﬁu (Soil

Moisture Indexes) dsdoyanmeluiledy mariila

gl 14Ty test set uaz training set.

mInminaaesajlnasenni, MLR Tduaas
mdeRanaAveImstemduysalinge
(Average absolute value prediction errors) Ao
0.1414 dwsu test set az 0.1300 dwisy
training set. Tuvaizideany, GRNN lduaass
61’1'@ﬁﬂwmmmmiﬁmmﬁwﬁnyiﬁmﬁ'a (Average
absolute value prediction errors) fis 0.0491
15V test set uaz 0.0894 dvisu training set.

Feagileonu11ain GRNN Tanumiudigani
MLR.

@

ts Ay .
3.3. manensaifagie Tasldas Naive

Bayes wag Wireless Sensor Network

naegeluanuideves A. K. Tripathy uaz
Az, W laianszuuaemdaaulauuy
. £ ] o o A
real-time Gaamnsalinamanernsaidag iy Tag
o o o Ay Yo .
WumeumINuileddoya szgnlsny wireless
sensor network sanuuilu3s Gaussian Naive
Bayes wioung Rapid Association Rule Mining.
o oA YA S A 1o A
HAaNTN 1afe szuvamsaneInsai e lvsdanes
g9z5z11a laglddeyanin wireless sensor

network veduaazye.

3.4. mynennsal lsasratiuvosdunuvl Taeld
Bayesian Network
Cora B. Perez-Ariza uaz anz l@siimsise
HeIRVATMINGINTAIOATINMIINAYDI 15AT AT
vosdunuw Taeld3s Bayesian Network ua3hs
@ o ¢ & vy Y [
auuvusiaedlumanensal Falddoyangquaredia

) 1998 - 2006 v1n 13 ludsemeusisa, d2

4
@

wilsudnluanudsetineanineine.

3.5. mathwelsanaiunluvesdnmialag
msnfTeuieuds Regression nu SVM
Haiguang Wang uaz Zhanhong Ma ‘ldna
' o @ dyd $ Ao o
PBluunanun dmsulsathiuniialulsandiy
d‘ ~ v Y an @ 1 £
ngaludlszmadu mstlosnudreitnensaiaranihn
=2 & A o o d’la d’l A
vutludsdagun Taslsatinannyesyo
Puccinia recondita sinwulungilgndnaianii
y & a a £ 2 & vy £
91MAToudY Nunanavuuuly Fudesiaisvuin
' 9
e msvealsnvzisulsingnnlua udrawiull

AIUEDA UATHAMIANEINDINIT SVM &

JszanFamuinnn

2
r'd a
3.6. wensainsaareanuouseululaels

7% SVM



Wu Dake and Ma Chengwei ‘laduiiuau
v Fa
MeIvuMINnTaiveImsaaennrueuyeuly
ae35ms SVM lumsdnu afadoyalaeldns
szurananin image processing uazina lulag

a o @ -
msunszvianlnasy (spectrum analysis) tag
nMiumamIsimsaade Tasmssuunesmay
= A a & o o
@erinevesluitesnnmsaadenudlnasuiag
anuennauiazieunly wag nafuanms

£

nadoy ldoasanuuiudmnnnd 90% Tavisil

[l @ ' <
ﬂ']i]‘]f’f]ilcl‘lﬂlﬂﬁ@]i’]i]ﬁ’f]ﬂll,lla\?ﬁﬁz‘ﬁ%q%@EJNi’JﬂLi’J.

EA
il ldiwavemaila Near Infrared
Spectroscopy (NIRS) Wumsldndsnuaau
] I T A a A 1 1
wiidn lihdwanudlnddursusa fegeguu
v '
Wugmves SVM Taedes lldslunzidomaie 1
a A Y A ‘d' o/
amsganauuas udtimsnfasunlasveniusy
' A a A A a
szrdezaeNiiamMsta-wa wieia-10 Tugluuy
' Y o [ A A ] A £
a9 udnhnmsasavianaunasi hignganau &
9 A ] ] 9 I 1
azfounsoedevrinuesnin udrszananailuaims
A ~ A 1 a [ o Aa
qanautasianuennauae inailumlaasuiil

Fnyazmmizan morthuuieuduaeamnany

i@evinevedlu damaged degrees (DD)

3.7.Mupvdaeslasenedseamiion e
wensaimsinaasiy Deoxynivalenol
(DON) vosimad Taelddoyaanin

P17 1Az Yoyanoumsign

9
Tuanuided K. Klem uaz g 1dvims
o o ° A Y o a
WaduUsIaee e lylumsnernsal nsna

#1350y Deoxynivalenol (DON) westhiaa, Taw

TdYoyavesamweinia uaz anmituiineuing
§ g @ [l '
mzalgn edludulslumswernsal dulasee

iszamiien (Neural Network)

3.8. MINAGIUVTIa0INGINTAMIINA
#1350y Deoxynivalenol (DON) 4044172

a1a Taglddoyaaniwernia

Marie Vanova léihauvesduues K. Klem
INDYDALAINAILNA MV UM I NN BIFIL TAT I
Uszammidion, Taslasuunlddoyadnimeinasie

Y
wou Ty somas@e daunil 2002 - 2005. Menaa
o o & A o qu - o
Wannduss winm a5y vag Senszuuiiumn

. . =& o )
AgriClim, $aansaneInsalszezal 1ag ons
msiiavesansiiy Deoxynivalenol (DON) Tagld

ausuanuagnIneInIal.
4. vGoayll

Glumlmmﬁy"lﬁ’ﬁ%ﬁmmmﬂqmlmmﬁ
ferdestunmswensailaeld3s Machine
Learning i lusumiedninmsinyas, i
aunsaaglesnnldly msed 4. minnsdana

4
o @

Tagswi s nlslumsnensainiud
Vo sduyd v o ~
wanmate uanaansn ldiuadeiu Taefithnue
WANADAIINLNUST YOIMINGINTEL.. HANS
(dy | o 1 v A v o
wensaiil aziudielumsdadule msvam
9 4 £ a Z v 9 a
32UU Joyaiomainuas F9019NNIzAUNDIDY
01 a % a = (?: o o
FEAUNA Uaz sTAUUINNG, Bnnadsaunsnti
A wa s 4
Uszgalddnluusnljiaauneluesans wie e

auauwanan llvudamalswlswdagive.



No. | thmingvesmsnennsal nguddede | 33Ty wadans
1 MINENTAATNY faad Multiple Linear HAMINeNATal 1AM
Deoxynivalenol Regression (MLR) g
Yy 135181 89%
Y
2 szauaduveslylyl o'l GRNN Vs. MLR | GRNN #ianmmiuéigs
7171 MLR
3 MITURVRIAR Y 'l Gaussian Naive UAAINANETINT BN
Bayes, Rapid 4w e a
Association Rule | Real-time Juile lnsdniiy
Mining g9z3z110 Taelddoyanin
wireless sensor network
VOWAAL YA,
4 Tsasiaiy Aunum Bayesian Network | qyhsanennsaisnsins
inavealsald, ualuins
UsiiumannuuLug
5 Tsnsaiiu H1e1d SVM ANNTONBINTAOATING
inavealsald, ualilims
sziiiumaanuuiud
I
6 dasmsaayeIniueuyeuly SVM APNTONINTNOATINTAA
k4
wo'ld, ualiing
sziliumannuuLug
7 mstnaa1swy Deoxynivalenol | 917a1a Neural Network aunsoadeduuums
(DON) Nensal, ue luTng
Usziiuma
8 msiiaasiy Deoxynivalenol | $11a1d Neural Network annsaaw AgriClim

(DON)

£ o i
“H\THJHGI’JLLTJ‘]JﬂTiWEﬂﬂim,

e luimslsziiuma

319 1. msnfSeumeunan ldanaunneides




914909

D. C. Hooker. (2002). Using Weather
Variables Pre- and Post- heading to
Predict Deoxynivalenol Content in
Winter Wheat, Plant Disease, vol. 86,
pp. 611-619.

Younes Chtioui. (1999). A generalized
regression neural network and its
application for leaf wetness prediction
to forecast plant disease,
Chemometrics and Intelligent
Laboratory Systems, vol. 48, pp. 47—
58.

A. K. Tripathy. (2011). Data Mining
and Wireless Sensor Network for
Agriculture Pest/Disease Predictions.
In. 2011 World Congress on
Information and  Communication
Technologies, pp. 1229-1234.

Cora B. Perez-Ariza.  (2012).
Prediction of Coffee Rust Disease
Using Bayesian Networks. In: 6th
European Workshop on Probabilistic
Graphical Models, pp. 259-266.

Haiguang Wang. (2011). Prediction of
Wheat Stripe Rust Based on Support
Vector Machine. In: 2011 Seventh
International Conference on Natural
Computation, pp. 378-382.

Wu Dake. (2006). The Support Vector
Machine (SVM) Based Near-Infrared
Spectrum  Recognition of Leaves
Infected by the Leafminers. In: First
International Conference on
Innovative Computing, Information
and Control, vol. 3, pp. 448-451.

K. Klem. (2007). A neural network
model for prediction of
deoxynivalenol content in wheat grain
based on weather data and preceding
crop, Plant Soil and Environment, vol.
53, pp. 421-429.

Marie Vénova. (2009). Prediction
Model for Deoxynivalenol in Wheat
Grain Based on Weather Conditions,
Plant Protection Science, vol. 45, pp.
S33-S37.



