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Abstract

This research aims to identify the factors that influence the production of rice in the
lower northern Thailand and develop the models to predict rice yields in the lower northem
Thailand by using two popular models namely Regression model and artificial neural network
model. The data used in this project was collected by the Department of Agriculture in the
period from 2008 — 2010. We first evaluate the variables that influence the production of rice
using correlation analysis, and then the significant factors are brought to develop the predictive
models. In order to construct the models, the dataset is divided into 2 groups: training set and
test set respectively using the ratio 80:20. A training set is used to develop the model while the
test set is used to evaluate the accuracy of the models. The results show that the variables
that influence the rice production are rice-growing types of seeds, the use of chemical
fertilizers, planting season, and irrigable area. The results obtained from the comparative study
reveals that ANN provides higher accuracy than Regression model as ANN structure is non-linear
and it can capture the pattern of relationships between input variables and rice yield better

Regression model.
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nquifvuaanlyi wae nswennsal (Prediction) %vLﬂumsmu'mmmwmaqm‘smn%uawuaﬂ L’fJu
m'imngmaivuﬂsmnmammﬂmﬂﬂmauummae'sma WU ARG ST NRANIIATITNNLA
1 ffumsiialsn lnelideyadiasuasmsitafuveummdiniuly tethintaeitadelsraesitan uie
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3) msdangudeya (Clustering) Li‘Jut:wﬂﬁﬂmﬁaw’i’auau,wnﬁussma Wunailalumsanwun
wammamsswnaumuﬂswuanwmmmmnuhmanu Iﬂauuwauamuanwm gadeiusenidungy
wianguithemdulsadenfunadnuaizeinis mamhﬂ'uﬂsuiﬂ‘ﬁu"lumsaLﬂs"wmmmwmi‘m lng
frsanangiaeiiionisndendaiu

4) MIUTIBIBUAZIUATIAY (Dese:nptlon and visualization) Lﬂumﬂuﬂmuawauauuumi
U388 A m'immaﬁmamaamummsuu‘[mamﬁwauamnmu‘uaua uag Iuaviel  Ae n1stnEue
Poyalugduuunaiin mimLaua%ummfmwﬂmmnmﬁ 2 iR SzjwvammmavLaammaamiﬁ%aua
uava‘mmmmﬂﬂwmnw mmmawmauawsﬁamimuam‘uauamuummummu (Wikipedia, 2555
: afdnR wavyanadng wae A yaTng, 2550 ; Tithe %“meaﬂa 2550)

Tassvreuszamiien (Neural Network)

lasangUssamiion vse daseaildn  Ae lumannadamans wie lumanisneuiinmesd
dmsuussanaramsaumAGENIAUINLUUABATUTES (connectionist) iuwmaluladfiungin
nITen sy szivg (Artificial Intelligence : Al) Lﬁaisz’ﬂumsﬁmmmﬁqﬁ%’umﬂnﬁwﬁaua 35013
983 asealtin (Artificial neural networks #3e ANN) L‘Uu’lﬁm‘iﬁlmﬂiaﬂﬁﬂu‘iﬂ’lﬂm‘)ﬁ]EJ’NG]‘MLL%J‘U TG
n (train) ImuwI,m'ﬁﬁmmuﬂmmﬁmmm'msuu"m wnAnBITweamadailldnanmsanwlasatng
Wif@anw (bicelectric network) Tuaues dassnausewadussam (neurons) Wae wUsva
Uszdm (synapses) ) aulaaail Penulszaminnnnsidolressnitavalszam sulunieson
sy

lassadvasinsoailinazyssnoumelvundmiu deyainin (Input  value) uae maé’wé
(Output  value) msﬂsumawammvmaaaﬁu‘lﬂsaa‘imﬂwu 9 Taun o 'timamm (input layer) °uu
Ueyasen (output layer) uaz ‘du‘ﬂaua%u (hidden layers) finasimuaatian (weight) Tefun
Laumammeawauammumavm milssnanavesiinsealinagordensaimsviansinlnunnig
Tudu (layer) nanil TumsFeuvedlassdoyssamiion averdedanasfunsunsdaundu (Back-
propagation Algorithm) Iumﬁamm'ﬁLiau‘sé'nai'uiﬂ'samaﬂivmmmm ma’lmmmmmauaumqma

‘UULﬂ‘J’EJ‘U’}EJ (Network layer) ifuwdisluanniinenssuvaslassnoussamiion Tnsiituniote
selsznaude 3 du ldun Iuadayald (Input node) Tnuadoyadeu (Hidden node) uazlnundaya
88n (Output node)
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Input Node B Hidden Node Output Node

[ —— |

AW 2 UanalAsdasnsuesuRIeuie (Network Layer)

- msviuvedlnuadayaid avﬁwﬂﬂﬁ'Lmua*'aumaa%’auaﬁu ﬁﬂvnnﬂauvﬁwmﬂ?aﬁha
- nwmmumammav‘[wumauamamvﬂﬂm‘wuﬂiﬂamsmmwaﬂwumfuauawn LagAn
dminuuaudTuS T Inuateyaith uas nundeyadeu

. woAnssunsiuvesinuadeyasen %fuuaamJm'smmufuaa‘[wumamfdau uag A
mwunsumwﬂwumaua%au wag Iundsyasen

Usziamvaaniatsiilsnannsatuanisunusnlsiu Inuateyaitlaegedasy Anvinmiin
58117119 Wuntayatdl uaz TwumauafajauavmmmmLua‘[wumaua%aumaqmmu azunaniiule
mumun‘[wmwamamam gannsadeniteslsfafiisumudiaan

annsadmunseniiu 2 Usaan fe Tassthouuuduiien (Single-layer - perceptron) wag
Thsstnauuumanedi (Multi-layer perceptron)

Iﬂsqﬂwmmwgulﬁm (Single- layer perceptron) ) Wilassteyssamifiousgnaineiifioedu
swauaﬂauvm LLaJﬁuawauaaaanuu IwumluwsumauaﬂaummwmmwauaLfen wenditaya
mumuwa‘lﬂamm ﬂﬁiwum’lmjuawauaaaﬂ AU VDIFEY QI 3D Usmmauawmw’]ﬂwum‘lu
*uuawauaaaﬂvauaﬂﬂvmumuﬂwawuLaumaulem

Iwum‘twuawauaaan%uuwauawLmummmﬂﬂlma'l%ﬁ@ﬁ%’umaﬂﬂmmam%ﬁﬁand'} Hlandu
mswas (Transfer function) Awsnsaursutiyw mauuawaawswLmaaﬂmmwauamaan 01 HadNs
fifean1siliu 19~ wie “ild” zfadld Threshold function fail
(1)

A i x T2 - o
fx)= {ﬂ ifv <T T = Threshoid level

= w g oW l o 8 * . : . . .
w3e naansiuAiaviineliles 9¢l4 Continuous function 19y Sigmoid function

2

flx)=

1+ e™6%

[

2) Tasstenuunansda (Multi-layer perceptron) lulasstrefifidunounss (Hidden layer)
fausl 1 duduly Tassdrenvunanesuasldlunsdiigmilmmdudon fdasesuuududonl
annsauftgmld Safusunlnuaiidnmsdunn weduwsuwdslitulassine fegrwweddasating
wuumanetu W nsunddoundu (Back propagation), igafleaiunuluduaud (Self organizing maps)

ey
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waz tantlineinsevneindu (Counter propagation) (Husiu(Wikipedia, 2555 ; StySmi avawa, 2552 ;
Artificial Neural Network lassineussannidisy, 2555 ; 5UNMAl Usenauwa, 2552)

N1531A3129N1500088 (Regression analysis)

msinsizgimsonanesdumeaiiansinswimeadingminnldegrsunsnarslunisinuile
mizUuvumdusvrsailnduseninnguiinsdass (independent variable) sfnunudeiauys X
wazfuUin1u (Dependent variable) siunuseduys ¥ sntiuhguuuuauduiugissanaldly
wem'miﬁiwawﬁ’muwmlLﬁamwﬁfmajuﬁmﬂﬁms %54ﬂﬁﬁnmmgmmummﬁ'uﬁ’uéiswmﬁmﬂi
fanan wndumsnvians 2 Muds aande suwdsfmidaiusiusmuasiudssntufiuga
wUsdassiiivaiufenr Fennisfinunildn  nisiesisdnsannesidaduetisine (Simple linear
regression analysis) uidnidauusBasesaud 2 fMauly sxdennisinuUssnniinsinseins
annesldany (Multiple linear regression analysis)

fauuunmsonasevieflaidutes v et mundulsdass X, X, .., X annsadeulanaauns
(3)

Y= a+pX +B,X +. +BX +e (3)

uazilevhnsvaassvdeifudayavesiuusainasiulsdasuud annsadeugiuuulieglu

EUmaaLuw%ﬂﬂﬁﬁaﬁ

Y=Xp+¢
Y, b AN X,
. Yo T X4 e KXok
oo Y(n><1): a1 X(nxp): .
Yn 1 an XnkJ
Cor ] (51_
By &3
Bioxsy = s [ Btmegy =
| Ak | % |

Wo Y wiunawe fvesdannunn nx1
X U wvi3nduasmiulsdasyaun nXp e p=k+1
B ununamesvasrndulszdnsonaesauin p X1
£ WunAWeTTBIAMUARARABLIIN NX 1
lumsussnaudwnaiwesluaunisit 3) aunsevildlneld3didsanaiosiian (Least
squares method) Fsausaiisunasiumdsaeesmuaanadouldsil
n
SSE =Ye&
i=1
=ge
= —xB) (v —xp)




=vY-B'xY—vXB+ p'xxp

=vYy—28'x"y + B'xx B
1N Mnsmeuiusdesiioufunsiines f wirimualdaunisiiditdugud wasunu
ANSEiweIAILfUsTInM b agliin

OSSE i ;
— =2XY+2I2XXb=0
op b )
wlfaun1sun (Normal equation) Tuguveaimdndisil
Xxb=x"y

Weufaumsezldussnufdmentoeiigaves g fie
b=x%)"" X'y
Imamﬁﬁ“fﬂﬁﬂsﬂwmﬁﬁﬂmﬁmiwﬁmimaaaLfé‘hma%’ﬁaﬁmuuLﬁawmﬂifﬂwawﬁmfﬁmmzﬁw
waitldluiisudisuiuislasstnoussamifisnindauuulaianudugilunisnensennnittu
uenanififevsisudiouiinfummudeuielunsateianuy iiemifsaguifeaiutaiauauusly
msidenldmnuvdmsudldstely
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1. lansufaladednaiinasenisnensainandng
2. lafuvunensamanaadnluwnnawienauais
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NISWEINTAINANAND) uasmmﬁamt‘uLcJmmﬂwnummmmmuNmau‘iﬁl
waly
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vhn3ieiuy Retrospective study Tnalidayaiiiusiusaliudlagdinmuassgiomsinunsivn 2
mﬂuummsﬂmnsawauauavLLanauama‘[mm‘wﬂmmmwaﬂuLmamamswmﬂszumvaiwmmﬁ
Anssinnuduiusvesteyasaluiimsiaunduuuiionsnensallneldliusunsu R wazlusunsy
madmiunmsviunilesteya WeKA uenmniliflailiumsihranisidelulivselend & Y ey siRIu
swuuLwamswmmmmawammLwa‘lwummmsmummmmmLU’L*UL@ wazinnsAfiuiHeuns
wandfelunsasszduunnisnn 1 des lnsveunyeslnsansideannseagulawsl

1. findensulsiiildvswasienardndnlunniamianaugrslasldnsiinseianduiug
(Correlation analysis) tiedAmdenduusiditediymsednisysu 0,05 Tuaswaunsitoniswensed
2 wuuldun madnmzinisanass oy tasimaiialassneUszaniiioy
2. Ainvndesnnuuiudtunisneansalvesiawuuniada 2 fuuu fai
2.1 fMUUY Regression Iﬂﬂ’lfﬁ"ﬁgumauﬁ%’ﬂ’)imﬁwmmzauﬁqa‘tumsﬂﬁzmmﬂ'wmwﬁmai'
ﬁ?ﬂ%gﬁﬁé’aaaaﬁaﬂﬁw (Least square method)
2.2 fwuy ANN Aifllassairanuuiafaweimauntulaglusunsy WEKA

3. inusildlumsFeudisuaruaiugilumswensalldud

3.1 \neusi RMSE Jaanunsasunalldsai

RMSE =

(2.9)
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1. mawSeudeyaileaiafuuumensoinanaatnluwnmamilensuans lnsldinaians
vuniiesdeya lasvihnasdnuinezsiusiudeyatiing q Aiderdestunanandts arntenans wisde
M3a3 wagaideiieades dadumsidoanienans uufieadenseutunfeiidlunsite was
L"fJuLmeﬂum‘nﬁamwaaummgﬂﬁawauﬁam waziimsiaseudoyanisn1sageumAandunus
vosdioya (Correlations)  iilemimuduiusuasduisduiuiauusay waniteyaundinsziuas
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msduiumddeadailjaisuisuanuuiudilunisnensaivesfuuumeada 2 fuuy
oA fuuu Regression  way ANN  dwmdunennsolrandatiluwaniawmilanauaisiiudaulsi
\Readioaning 4 Tugaed wel. 2550 848 2553 Tnednidendudsasiioddymnadfidiluadefuuuie
nswensaikasyinisUSsulfisuanuuduglunmsnensalveauwdasiuuulasldinmet RMSE uay
et MAE Gainmsnausuaziuedunaulunisiiiuimide fa
Funounsive
mMssniuenide Sdunousil
1. ﬁmﬂﬁaq{?a;&aﬁﬁagjﬁ%ﬁm Imaﬁ'ﬂiagaﬁ'ﬁmqmmaaan mmﬁafﬁ'agaﬁgﬁ;’u 9,206 518015
wazuistoyasanibugatinaeu (Training set)  uazganaaou (Test set) Inglddinsndau 80:20
2. denshuusdaszifianuddysunandntnluwnnamilelnemsiinszkanduiutie
vduuuluniswennseifa Regression and ANN
3. @dduuuneana Leunfauuy Reeression uay fauuu ANN @il
3.1 @¥19I1uY Regression
ihdeyagetindeunaziindsifidodfyvnadfainesianuy Regression Ingiarndsdes
touiian Ineldlusuns R o5ty 3,1.2 wassilunisidendanuuiinnsaniianlngldinust Akaike
ariterion  agldaunsiftontswensailugunuuvesilsifunyuuindedes Second  order
polynomial model) fiseunseeluil
\ d d , dd
y&x) = fo +EI Bixi +i§l Biixi + X X fyix; @)
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3.2 @59ianuu ANN
aufuuunuIUuUUAIERUS AN
y=f(wp+b)
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Tnevhlumsviauuu ANN sinelTnuavanean (unsdifer ) faandunin 7
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2 s a & aa o 'Y deaia a 1 a o
mndeyaiildannnsinnses taginmeimeadiiondulsitidninasenandndniadess

] = 1 d‘ -] v ar = a o 1 o
15 luwnnrawmilonsuans Wisdanai1afuuumeadd wasAiuime RMSE  uay MAE  d1wsu
Wiuiiisuauusiugluniswennsalvesiauuulunswennsel via 2 fauuu Tdud Regression wag ANN
namsideildazinausluguuuumauenmuinmsiinsginiuanseiu

o

M1379 1 wansiudsnddeddamsaininazsudsey

o

Variable name Meaning Range r P-value
RiceType Rice seed type {1,2,34,5,6} 0.243 <0.001
Method Cultivating method {1,2,3} 0.258 <(.001
SeedPerRai Seed quantity, kg per rai Min=7, Max=160 0.194 <0.001
PuiPerRai Fertilizer used, kg perrai  Min=2.5, Max=116.7 0.287 <0.001
Period Period of cultivation Min=3, Max=8 -0.255 <0.001
InChon Irrigation area {0,1} 0.128 <0.001
ProdPerRai Rice yield, kg per rai Min=50, Max=1900,
Avg=562.22

MM 1 aiulddhidudsifiarddyonandndneddidddgmisaaalaug wugdnn
WnsUgn Vimnanudadnasiels Uiinadeild dasmanlunmsifiuifien uazsiwnvaussmu anudidu

dohusiiisvsnauadaduuulunsneinsal Suneuseliidunsuszanaemnsines
AngaudmiuinuuisazUseinm nagifaauy ANN giimamAnndivesimnzaulnenisvaasy
AmsilneseRunandnaty wazseiuiineliiindr RVMSE fssiignaziodniugamsiinesi
Wiz Tign A3y
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2045 | _.m
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|
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No. of Node
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M1579 1 wenIA RMSE wag MAE d1%3UAIUUU Regression wag ANN

Methods Training data Test data
RMSE MAE RMSE MAE
Regression  207.05172 0.450052 204.2636 0.443842
ANN 204 88462 0.293767 203.7862 0.297208

A58l v ANN farmsiugrluaswensalinnndndauuy Regression Lilssannlian
RMSE uazein MAE 7isnndislunsdiyaiindeuuazganngeu suuwannsaazulsdiduuy ANN &
mamnzaunasgniluldlumswennsolnardnadeselsveadnluunniamiionsuas
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2. weduunmslunsinuuasioudisuanuwiug lunismensaivesiuuy arsinud
WUUBY 9 Wiy Multivariate adaptive regression splines (MARS) sasilufisnsusudgslaseneysyam
WiBw (Artificial neural network: ANN) ﬁﬁmiﬂ%’uﬂqﬂﬂﬁa’%’wﬁﬁﬁﬁu

3. weduamdunisinvuasuSsudisumnuuauglunswennsaluasiauu Tsldinm
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maximum absolute error) UMY



UTINYNTY

nqunig Lely, Favun d9d3 wazsuniunt Snsssamnuun. (2544). msldimadaadrlnifaitewaun
qmmwmam‘a‘ﬁﬂiﬂﬂmﬁmn‘;mﬁﬁm‘i NECTEC Technical Juornal, 3(11), 134 - 142.

nsvinnilesdoya. (2555). fuduiile 5 fuaw 2554. 91 th.wikipedia.org/wiki/mshinilestoya.

n1slesiugifnasnes. (2555). uduidle 5 fuau 2554, 91n
http://www.benchama.ac.th/stdweb/sukabunyat/transport.html.

Tassdeuszamdioy. (2555). Auduiile 5 Suray 2554 910 thwikipedia.org/wikilasstneyssam
B,

Wwug I5lwmana. (2550). mavmilesdeyadmiumsiasieinisue, Ineadinug, uninerdusd
Uy, ngawme, Bududle 9 unsnu 2555, 910
http://dllibrary.spu.ac.th:8080/dspace/handle/123456789/96.

wad Malvenad. (26 dmray 2553). Confusion Matrix. uduiile 20 Suaeu 2555, 910
http://plagad.wordpress.com/2010/08/26/confusion-matrix/.

suldinasdndula. (2555). Auduiile 5 Suran 2554. 990 th.wikipedia.org/wiki/aulsinssaala.

sudll Usznauma. (2552). lasatiedszamifien Arificial Neural Networks. 215895 an.399019.
12(24), 73 - 87.

ugnus Jeadssruga. (2548). Wiwanzaudmiumsiinneduliidadulevasnmsinmiiostoya
NANINEIAERS. Ineniinug e, wmnvenaemaluladgsuns. Fudmile 9 unsay
2555, 970 http://dams.thailis.or.th/tdc//index.php.

yaydsu fedina. (2545). swavideaduauysal Tassmseeeil 7 Sanesunsinmiiostaya,
NFINN: PUIAINTOUM NGB,

a3 unail. (2552). unA1a DATAMINING. Fuduiile 9 unsaau 2555, 970
http://panjitpan.blogspot.com/2009/03/datamining.html.

19 uag alng vieussyu. (2548). ssuuiuinguuuuiisiu@eutasnmsuszgndliluniseysia
dudoiosdu Fuzzy Bayesian Classification System and Its Application for Basic Credit
Approval. 2158153¥INIINTLIBUNANSTUASIHMIS. 15(3), 32 - 40.

avislum ynmanaiua. (2551). msTauszAnBnimvasiuneuis dasauun C4.5, ADTree uas Naive
Bayes Tunsdwundeyamsgndeudaawindwmiulusudidsswinausumd. Ineniivug m.
U, AVINGIEUNYATAIANS, NTIVIN,

Tafin1 guia. (6 Asan 2550) wWisuifisumeiia Data Mining fiu wafindus. dududle 30 funay
2554, 31n
http://system5.multiply.com/journal/item/532&show_interstitial=1&u=%2Fjournal%2Fit

=
W 3

em.

dninanuAsugianisinuns. (2552). %’aa&aﬁugmmmgﬁmmsmws. dududle 4
donAu 2553, 970 http://www.oae.go.th

dnineussygianisinens, (2553) aamunsaidudununsiddguasuunliig 2553,
duduiile 10 Asau 2553, 910 http:/www.oae.go.th

N
i




, @ |
3)1‘}&( / (7%2/6950
4551 31 dfl. 2558
Artificial Neural Network lasewrg/szamiieu. (2555). duduidle 22 nuawius 2554, 910,
http://alaska.reru.ac.th/text/NN.pdf. .
Daniel T. Larose. (2005). Discovering Knowledge in Data An Introduction to Data Mining. Ur{](g(? Yonya

States of America
DANIEL T. LAROSE. (2006). Data Mining Methods and Models. United States of America
Data Mining. (2552). ufuiile 22 nuaiug 2554, a1n
http://wekathai.blogspot.com/2009/11/data-minine.html,
Henry C. C. and Boosarawongse, R. (2007). Forecasting Thailand’s rice export: Statistical

techniques vs. artificial neural networks. Computers & Industrial Engineering, 53, pages
610-627.

Knowledge Discovery in Databases. (2552). dufuiile 22 NUAIWUG 2554, 910
http://wekathai.blogspot.com/2009/11/data-mining.html.

Lertworasirikul, S. and Tipsuwan, Y. (2008). Moisture content and water activity prediction of
semi-finished cassava crackers from drying process with artificial neural network.
Journal of Food Engineering, 84, pages 65-74.

Mohamed A. Abdel-Aty and Hassan T. Abdelwahab. (2004). Predicting Injury Severity Levels in
Traffic Crashes: A Modeling Comparison. Journal of Transporting Engineering. pages 204
-1210.

Movagharnejad, K. and Nikzad, M. (2007). Modeling of tomate drying using artificial neural
network. Computers and Electronics in Agriculture, 59, pages 78-85.

Topuz, A. (2010). Predicting moisture content of agricultural products using artificial neural
networks. Advanced in Engineering Software, 41, pages 464-470.

Usama Fayyad, Gregory Piatetsky-Shapiro and Padhraic Smyth. (1996). From Data Mining to
Knowledge Discovery in Database. Al Magazine. 17(3). 37 - 54.

25



AMANUIN

1. unAanuitldsunisifiuwluansens Lecture Notes in Electrical Engineering 339,
DOI 10.1007/978-3-662-46578-3 88

26



A Comparison of Artificial Neural Network and Regression Model for
Predicting the Rice Production in Lower Northern Thailand

. * .
Anamai Na-udom"” and Jaratsri Rungrattanaubol?

'Department of Mathematics, Faculty of Science, Naresuan University, Phitsanulok, Thailand.
anamain@nu.ac.th
2Deparlment of Computer Science and Information Technology, Faculty of Science,
Naresuan University, Phitsanulok, Thailand.
jaratsrir@nu.ac.th

Abstract. Lower Northern Thailand is one of the main regions which can pro-
duce the highest rice yield. If the emphasis is on producing the rice yield in or-
der to meet the standard yield, then the key factors, such as characteristics of
rice farm, rice seed types, cultivation period, quantity of fertilizer usage, num-
ber of seeds, must be clearly studied and understood. This paper studies factors
influencing the rice products and develops a model to predict rice yield per rai
that can support farmers to plan their rice farming in Lower Northern Thailand.
The aim of this paper is to compare the prediction accuracy between two popu-
lar predictive techniques for modelling rice yield namely, artificial neural net-
work (ANN) and Regression. Root mean square of error (RMSE) and mean ab-
solute error (MAE) values are used to compare prediction accuracy of the pre-
dictive models. The result shows that ANN is superior over regression model in
terms of prediction accuracy and it is flexible to develop.

Keywords: Predictive Model; Artificial Neural Network; Regression model;
Rice product in Lower Northern Thailand.

1 Introduction

Over the past three decades, Thailand has been recognized as the largest rice exporter
in the world. In 2013, the department of agricultural extension reported that over 65
million hectares of land have been used to grow the rice field. There were 3.1 million
households with farmers cultivating rice crops. According to the export records,
Thailand earned more than a billion baht from rice export. Hence it is very clear that
rice productivity is the major source of income of the agricultural sector and the in-
dustrial sector which contributes the employment for several million households.
Normally Thai farmers cultivate rice twice a year, in rainy season and in summer
time, respectively. Hence rice production in Thailand can be classified into 2 groups
according to the season of cultivation. The first group is called major rice which cul-
tivated during June to December and another group is called second rice which nor-
mally grown during summer period. According to the empirical studies, it has been
observed that rice yield has been affected by two aspects: the environment and the
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farmer’s practice [1, 2]. Environmental factors include characteristics of cultivation
area, amount of water, climate etc. The farmer’s practice consists of selection of rice
grain, selection of the appropriate method of rice cultivation area, and choice of ferti-
lizer.

The lower northern Thailand consists of 8 provinces and it is suitable for rice culti-
vation as the landscape is very rich and moisture. Approximately 16.8 of cultivation
are situated in the irrigation areas. It was reported that lower northern Thailand can
produce the most major rice comparing to other parts in Thailand. Though the farm-
ers in this part can cultivate rice through the year but it has been observed that the
current yield of rice per rai is well below the standard yield (698 kg per rai). Hence
the challenging is to investigate the factors influencing the rice yield so a suitable plan
can be made prior to the cultivation time. This will benefit the farmers to increase
their yields and income,

The development of accurate prediction models of the rice yields is important for
the government organization to maximize the value to the farmer income [1, 3]. In
the past, mathematical model such as linear regression model was used to predict to
crop yield. However, the weakness of this method is that it relies on linear relation-
ship assumption. Hence, non-linear approaches such as artificial neural network
(ANN) and Bayesian classification are used to overcome the complex situation [1, 4].
Various modelling methods have been used to find an accurate predictive model. For
instance Ji et al. [5] compared the performance of ANN and Regression models for
rice yield prediction in mountainous regions and the results showed that ANN is supe-
rior over Regression. Shabri et al. [6] used time series forecasting technique to pre-
dict rice yield in Malaysia and compared the prediction accuracy with ANN and the
results showed ANN performs better than forecasting technique. Paswan and Begum
[7] discussed the performance of ANN and regression models in predicting the crop
production. Raorane et al. [4] claimed that reliable and accurate forecasting tech-
niques are required for decision making in the government office prior to pre-harvest
crop. Uno et al. [8] did a comparison between ANN and stepwise multiple linear re-
gression models in predicting corn yield and the results revealed that there was no
clear difference between the two methods in terms of prediction accuracy.

Hence the aim of this paper is to compare the prediction accuracy between the two
popular modelling methods including Regression and artificial neural network mod-
els. The selection of input factors will be presented and then the selected factors will
be taken to the predictive model, The prediction accuracy of each model is imple-
mented by using root mean square error (RMSE). In the next section, we present the
research method including details of statistical models used in this study. The results
based on prediction accuracy will be given in section 3 and the conclusion is summa-
rized in section 4 respectively.
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2 Research Method

In order to compare the prediction accuracy of Regression model and ANN, a data set
of rice production in Lower Northern Thailand collected during 2007 to 2010 is used
[9]. We first screen the important factors that influence the rice product using correla-
tion analysis when nonparametric correlation is used. Then the key factors are applied
to fit Regression and ANN models. The total number of 9,206 records is split into
training set and test set with 80:20 proportions; hence, 7,380 records for training set
and 1,826 for test set. The training set is used to construct a predictive model and the
test set is applied as an unseen data for testing. The prediction accuracy is validated
through RMSE and MAE values by using the training and test set. In this section, we
present the details of statistical models.

2.1  Regression Model

Regression analysis is one of the most effective methods that have been successfully
used in the context of yield prediction since it is simple to construct and provides
information on input variables sensitivity [10]. This method is based on the assump-
tion of random error arising from a large number of insignificant input factors. Given
an output response, y, and input variables = (x4, ..., x;), the relationship between y
and x can be mathematically written as

y=f(x)+e (1)

where & is a random error which is assumed to be normally distributed with mean
zero and variance o2, Since the true response surface function f(x) is unknown, a
response surface g(x) is created to approximate f(x). Therefore the predicted values
are obtained by using § = g(x), which g(x) can be treated as a polynomial function
of (X1,X3 ...,X4). The observed data set can be expressed in the matrix form using
the data matrix X as

Vo = ft=r (2)

where Yo = (V1,¥2,...,¥n)", X isan X a design matrix, B is a (a X 1) vector of the
regression cocfficients, and £ isa (n X 1) vector of random error. The number of

g)+1

The vector of least squares estimators, 3, can be determined subject to the minimiza-
tion of

unknown parameters in equation (2) is determined by @, where a = 2d + (

L=Zkael = 0o —XB)" (vo — XB) ()

Minimization of equation (3) yields

X"XB = X"y, 4)

Hence, the least squares estimator of § is
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B =X"X)"1XTy, (5)

, provided that (XTX) is invertible.
Once B is estimated, equation (5) can be used to predict the rice yield value at any
untried settings of input variables.

2.2 Artificial Neural Network Model

Artificial neural network (ANN) is commonly used in complex decision making prob-
lems [11]. Unlike a usual statistical approximation model, ANN does not require any
assumptions of the model, making it easy to use in many applications such as science,
engineering and health science [12]. The inspiration for neural networks was the
recognition that complex learning systems in animal brains consisted of closely inter-
connected sets of neurons. A particular neural may be relatively simple in structure
but dense networks of interconnected neurons could perform complex learning tasks
such as pattern recognitions and approximation models. ANN consists of input (p), a
data set, which is combined through a combination function such as summation )
then pass such information into an activation function (f) to produce an output re-
sponse (y) and b is a bias as shown in Fig. 1.

b (bias)

w
P f i 34
(input) (output)

Fig. 1. A basic layout of ANN

The summary of ANN process can be rewritten as

y=f(wp+b) (6)

, where w is the weight of each input variable.

Typically ANN is formed by multiple nodes (and probably multiple layers) as de-
picted in Fig. 2. Each node is symbolized by ). An activation function (f) can be the
same or different. Examples of activation function are a linear, sigmoid and symmet-
rical hard limit. In this rescarch, a sigmoid function is used. The weights between
each node are adjusted by back propagation method. Fig, 2 displays ANN structure,
which contains m input variables, one hidden » node layer and one output.
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2

Pz -

Pm

Fig. 2. ANN with multiple nodes

The entire process can be rewritten as,
Y= [2:1=1 w; X (f (i Z}'=1 Wiip; + bi))] + by (7)

, Where n'is the number of nodes and m is the number of inputs.

2.3  Statistical Data Analysis

The data set used in this study is secondary data of rice yield collected from 2007 to
2010 in 8 provinces in the lower northern part of Thailand. The data set consist of 12
variables, in order to conduct a reliable model, only important variables would be
included in the model. In this paper the spearman rank correlation coefficient (1) was
used as a criterion to select the variable for the model. The input variables that are
statistically related to the rice yield at the significance level of 0.05 are presented in
Table 1. There are only 6 input variables included in the development of the predic-
tion models, plus one output, which is a rice yield measured in terms of kilogram per
rai.

Table 1. The selected significant input variables and output.

Variable name Meaning Range r P-value
RiceType Rice seed type {1.2,3,4,5,6} 0.243 <0.001
Method Cultivating method {1,2,3} 0.258 <0.001
SeedPerRai Seed quantity, kg perrai ~ Min=7, Max=160 0.194 <0.001
PuiPerRai Fertilizer used, kg perrai  Min=2.5, Max=116.7 0.287 <0.001
Period Period of cultivation Min=3, Max=8 -0.255 <0.001
InChon Irrigation area {0,1} 0.128 <0.001

ProdPerRai Rice yield, kg per rai Min=50, Max=1900,
Avg=562.22
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To build a predictive ANN model, the key parameters to be considered are number
of inputs, a number of layers and number of nodes for each layer, activation function,
learning rate, momentum rate for weight calculation with back propagation method
and learning iterations. In this research, Weka [13] is used as a tool to create the ANN
model, by varying those parameters as shown in Fig. 3. The most optimized ANN
model is obtained with 13 inputs, 1 layer 6 nodes, a sigmoid function, 0.1 learning
rate and 0.1 momentum rate, and 500 learning iterations. The 13 inputs are formed by
6 RiceType, 3 Method, SeedPerRai, PuiPerRai, Period and InChon.

207 —

T —— Training

2065 - _ =4m--Testing

206

2055 -

RMSE 205

204.5

204 -

203.5 ag - =

203 =y —— — = —gr=s : | 1

No, of Node

Fig. 3. RMSE values of ANN models with different number of node.

The stepwise multiple regression models have been fitted through the least squares
method as described in section 2.1. The model that minimizes the RMSE is consid-
ered as the best searched model for predicting rice production.

3 Results

In this section the regression and ANN models are compared on the basis of RMSE
and MAE values. The performance of each model for both of training set and test set
are calculated using RMSE and MAE, defined as

'k re—1.)2
RMSE = I%—”— (8)

_ 15k I)’z-)‘ﬁ'
MAE ,{E¢=1 % 9)
» Where k is the number of test points, y; is the actual response of the it test point
and ¥; is the predicted response from statistical models for the i™" test point. Lower
values for RMSE and MAE imply a more accurate prediction model.
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In order to calculate the prediction accuracy of ANN and regression models, the
dataset is randomly split into training set and test set with a proportion of 80:20. Af-
ter the best model of each method is found, the prediction accuracy is validated and
the result is presented in Table 2.

Table 2. The RMSE and MAE for both methods on training and test data.

Methois Training data Test data
RMSE MAE RMSE MAE
Regression 207.05172 0.450052 204.2636 0.443842
ANN 204.88462 0.293767 203.7862 0.297208

It can be clearly seen from Table 2 that ANN performs better than regression as the
RMSE and MAE values obtained from both of training and test set are lower than that
of regression model. As the structure this data set is quite complex and most of the
input factors are qualitative data, hence the assumption free approach like ANN is
more suitable comparing to regression model.

4 Conclusions

This paper presents the performance of the two popular predictive models, regression
and ANN for predicting rice production in the lower northern Thailand. The results
on training and predicting the rice yield reveal that ANN performs better than regres-
sion. The ANN model is also flexible in order to set all related parameters. Further-
more ANN seems to be robust to different structure of complex data. Hence ANN
model would be recommended to use for modelling rice yield especially when the
information of factors is not known.
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