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Abstract
This paper presents a model to forecast the price of cassava. The cassava is a world’s

important crops. The prices fluctuates over time. The research used the data from the Thai Tapioca
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Starch Association and the Office of Agricultural Economics for 10 years from 2006 to 2015. The
model is developed based on the multi- layer artificial neural network technique using back
propagation learning forecast for the price of cassava. The performance of forecasting model
evaluation employs the mean absolute percentage error (MAPE), compared to the k-Nearest
Neighbor (k-NN) technique and the linear regression analysis technique. The result showed that the
multi-layer artificial neural network technique has a MAPE of 3.96, the k-Nearest Neighbor technique
has a MAPE of 7.11 and the linear regression analysis technique has a MAPE of 11.10. Therefore, it
can be concluded that the predictive model using the multi- layer artificial neural network
technique has the best performance. It can be applied and further researched to predict the price

of cassava better than other methods.

Keywords: multi- layer artificial neural networks; k- Nearest Neighbor; linear regression analysis;

cassava price; forecasting
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tionnist) tiiednaesdnvazn1sinuliagei
lasangUszamuesuywd Usenouniy 3 diu
d1Aty Ao LwadUszaimn (neuron #3e soma) e
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e ansesileNvzFouivdoandiguuuy (7] Tne
wdnnsvheuuUseentdidu 3 $u lud dududn

1%

Yaya (input layer) $1urunilaty dmsuidida

[ P

foyarfiooud duneuuss (hidden layen) LHudy
nsanarslnenigluaglsenaulumelnundnsuly
TunisUszuana wasdunadng (output layer)
§rununiletu Feldannsdszananaluduney

wil9 [8] ﬁqgﬂﬁ 1

Outputs

Hidden Layer

Input Layer Output Layer

JU 1 lassadauuudaedlasetigysyam

ey

FagUuuuvesaNNTANTaLAALlAAsENNIST (1)
n=Yiixw;+b D

108 n Ae waswAlaanilendunasiy; x A A1



15ar5mermansiasinalulad

77 25 avvil 3 waun1Ay - Jgurgu 2560

Foyaudail i w, Ao Adrsdwiinvasinsoudai
.z AD ﬁwuuuﬁasaa%u%;gaﬁw; b fia Aluwed; i
Ao A 1 89 2

@ atfdeisatuiues (k-Nearest
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(linear regression analysis)

N130ARELTLEU (linear regression)
Judsnsveadinenansfiendearnuduiusid

v [ =

Wdu Fufeadestunisfnuiuarinsziiuds
Baseiifidninadenisidsuntaosiuysni
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3.1 n13557UTaLasaseudaya (data

collection and preparation)

Foyaitltlumsiseananamauudeiy
duzudvlnenazd1dnauiasugianisinun s
117w 10 U Aifusurmdeyadusifouunsiay
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/ Data Collection and Preparation \

Q Data Selection =
» Data Cleaning

Data Transformation

Cassava Data from
Cassava Database/

(f

Thai Tapioca Starch Association and

Kﬂﬂ:e of Agricultural Economics

$

/ Build Forecasting Models \
Training Set 80 %

o Artificial Neural Network
o k-Nearest Neighbor

\ e Linear Regression Analysis /

) 4

f Evaluation and Forecasting Models \

/

Evaluation
Testing Set 20 %
Thoi [(A = FO/AT
= e
& Forecasting Cassava Models

MAPE =

JUN 3 NIBULNARYDINITITE

M990 1 fegeazideavesteyaiiunlilunisidy
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Industrial WANUNYDILTINUNSUT I UE 1 Uraa

Avg Percentage

USunaudosidusudslurmaiuddsndan 25 wWasidud

Avg Root T3udemituiugUznas mheailuumeeilansu)
Avg_Price TaeasvesntudUsndsuunazsm (mbeluuinaeilaniu)

Avg Price Percentage
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(n) miﬁ'mﬁaﬂﬁﬁaaﬂa (data selection)
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s1AsTudUsnde waRuiiveslsieuiisudety
dUzuds Uunandesifusutisluisiudizndsd
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Yoafatud Uz ndauuuaaz s wazsanaded
Usnandedidusuilands wazwaiiuiivedssny
FudoriudUsndsdwWsenaulude 9 waitud
Tdun wauilas1vmySusenuasdades waitui
Tasnsfunnuazdiafes waftufinwduiuas
Fades wauTinASauneuuy waluTiassuin
/AUNYS/RTUNT Lﬂumﬁuﬁ%aﬁ/iwaq it
aamiemaudts wnituitseys/maauyineuls
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(v) N15viAlnaze ndeya (data
cleaning) Ingnsastayailliigndeanielsiauys

Fanuinfideyaurnsanainnia1ineviedang

D 2 2:«
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9118 (missing value) mﬂm'ﬁaaumm@ﬁmmmw
Aedesdauhanaiovesmaiudvsnddduusas
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() NMsudasguiuuteya (data trans-
formation) lngudasulutoyaannguwuu spread-
sheetfile Iﬁayjlugmwu comma separate values
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(build forecasting model)

RHIINNIUNTLUIUNITIIVTIUUAE
wisudoya AngRIulALYIT split test vos
TUsunsu RapidMiner Studio 7 Faudunisuus
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Jayamienisdu lnguuagadeyaeendu 2 dw
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Liun gadayarnuu (training set) Anlusosas
80 Mndayatioun elidmsuimuuuusiass
msnensallagUszendld 3 38013 loun lasaiy
Uszamidflnuuunanedu iadosauues way
N1TIATIEVINTANARETUE dIuyndayanadoy
Andudesay 20 andoyatianua Liteldlunis
nageuUsEANSnMLUUSIaeInIsHeInTel 3914
Payautd1duIu 6 wonn3tad lagldlusunsy
RapidMiner Studio 7 t¥ulusunsudniagulu
nsimilesdayadmiun siauILuuIaeIng
Wensel
3.2.1 MINAILILUUTI809N1TNEIN Tl
Tnglilassneuszamitenuuumansda
WawwuuIassn swensallagly
TaseneUssamitenuuunaneduilddnvanns
SuskuuLNsnIEa1edaunau (back propagation)
lpgfimuadnsiiies leaming rate agluyas 0
19 1 A1 momentum agluga9 0 81 1 wazAn
training cycle ﬁ 300, 500, 800, 1,000 waz 1,500
INATTHAIUILUVUIIADINITHEINTAINUIN
LUUSIa0InsNeIN T RAUITY SavuaA
learning rate 1A 0.3 A1 momentum L1IAY
0.2 WagA training cycle Wiy 1,000 TAAIM
Aawaintfesiign lnsfiog1suuudianinig

nensallagldlasevneUsea e uLuunangtu

WellvayatudnasUseunana lag

Y
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UAE98 (weight, W) FaunuAIY
1Agyvestayatndudazdisiudualuned
(bias, b) %amammjwﬁ’agaﬁlﬁﬂ%’umdmﬁmﬁﬂ
warUiualukeaudiazgnaaludaflanduane
Tow (transfer function) defaunisdrnsunas
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Avg Root
Avg Price
Avg Percentage

Avg Price_Percentage

Input Layer

Cassava Price

Output Layer

Hidden Layer

UM 4 feguwuudnassnisnensallagldlassinedssamiienuuunaedunlanmunyu

a3 =f3(LW32fA LW 21f L ]W L1p. b)) + b2 + b3)

v
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Ty W fo Ardasintinfidonszuirsdutoya
Y uastugoud 1. WA fie adasimiinidon
seminadudoudivasdudeui 2, W de Ardns
ihniinfidensgminsdutudoud 2 uagdudoya
Hadns: b' Ao alunealusudeuit 1: b2Ae A
Tunealududoudt 2: b*Ae ﬁwluuaaiu%wﬁaaﬂa
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NAGNGS
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annsavualdmuninieud dawadniildas
Fuogivilaidunismelou [12] feaumsf @)
n=Wixi1, Wizxz, WIRXR. b (4)
Fendlveglusuumednlédfannsi (5)
n=Wi+b (5)
3.2.2 AMSWAILILUUIIABINITNEINT A
Inglgidnsiadetsaiuues
WAUILUUT1a89n1InenTailaely
wdoisauiued S munrmisived K saus 1
9 10 uazA1 measure type LUU mixed measure,

nominal measure, numerical measure ta g

bregman divergence 1ag@A10819NaNTITHAUN
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(3)

wuuINasInIsnensailaeldiaeLsaiuluesn
ATMUAAT measure type kUU mixed measure

WEARILARINNTIIN 2

A5 2 FBYIHANISHAILIWUUIIABINIS

nensailaelaaLdosauas

AMNIILNDF Root mean
Measure type
K square error
1 Mixed Measure 1.319
2 Mixed Measure 0.446
3 Mixed Measure 0.413
4 Mixed Measure 0.440
5 Mixed Measure 0.395
6 Mixed Measure 0.389
7 Mixed Measure 0.435
8 Mixed Measure 0.467
9 Mixed Measure 0.501
10 Mixed Measure 0.536
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3.2.3 ASWAILILUUIIABIN1TNEINTA]
Tagltn1siAsIEnIsanneeldaEy
WaLWUUIIaaIn1snensallagly
Msiessvonnesdadu alfuuniudimun
6 fuUs Farinuaen min tolerance oglute
0.01 89 1 Fadunsivuamaunaiaedeui
gousUle lnuaIunsauLanIfIng19NaNITHMUN
wuudiansnisnensadlagldn1sitAsgninng
annesLdadulsfmnsed 3
A5l 3 Fegeman ISWRILILUUS @8NS

nensallaelynisIAsIzvinig

OANDELTIEU
Min tolerant Root mean square error
0.01 0.040
0.02 0.040
0.03 0.040
0.04 0.040
0.05 0.040

3.3 n15Usztiudseansainuazuy
31899n15W81n58d (evaluation and forecast-
ting model)

UsetluUszdnsnIniuudnaninig
wensallaemaniesazindevesnIuAaInIAEoY
é’fmuuiaj (mean absolute percentage error, MAPE)
Faldyndeyannasuanduissay 20 9ndeya
wavun Tagdn MAPE fidnunaldmniiddosas
wanafeadugnaeanseiiadtuuiuglunis

NYINSAININ [14,15] Fauanasaaunis (6)

MAPE - Y1 [(Ar—Fp) /A (6)

n
1oy A, Aip A1939NLA el a1 t; F, A Amennsal

1381 £ n fip TUIUNGUAIBEWIIMNA
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W AlGlunshUaran1sUsELu
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wAgveIrUARIALAROUENY T [15] AaRn5199 4

4. Nan15398
4.1 #an15UszauUTZaNSAMNLUUINEaDY
ATNEINTA
Nan13UsELIUUSEANTAINLUUINEDS
AsNeINsaiRRUI U 3 35015 TauA 33
nslasstneUsvamifisunuuanedu taioisa-
WLUBS WATANSILATIZNNITON0DULTUEY 1ng
AUIUNIA1S oA IRA8Y0IAIUARTIALAR B
duysalndenn MAPE Fanuituuudiasinis
ne1nsal Laeldisni1slassvneUssanniiey

wuuvanedy fid1 MAPE deeilgalvindu 3.96 @

¢l

mei’waaamiwmﬂimwﬁmmmﬂmwmmﬁaaﬁqm
1n19A1MunA learning rate LYINAU 0.3 AN
momentum L¥1AU 0.2 WagA training cycle
Wiy 1,000 g@uisnisianetsaiiuasilann MAPE
59989UNIAY 7.11 Feuuusianenisnenselfia
Amnuiawaatiesfiagaiinisimuad k Wiy 6
WAZAT measure type WUU mixed measure Lay
M lATIEinIsanneeLdaduinn MAPE winiian
Wi 11.10 Fsuuusiassnisneansaiifiaran
ﬁmwamﬂ%ﬁqmﬁmiﬁmum A1 min tolerance
oeluta4 0.01 9 0.05 aNsaNARITITUT 5
4.2 wan1swennsalsnAtud1Usvas
HANISNEINTAUIIANTUE1UENaIa
w1 16 dUani laeluSeuliisunusianase (real
orice) wuinlasaeUszamiiieunuunais du
wensalldlndiAsafusinasanniiganiusie
LALELTALLUBDILAT NS IATIERNI SO0 B ELT LAY

TIUARINIFUN 6



Ui 25 avuil 3 wounias - dguigu 2560 MsarsInermansuasvalulad
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ANLAAIALATOUALY 0]

Aforaziade nmsuUana
0-10 % wuuaeanmsnensolisyavnmeglunausifies
11-20 % wuudnaeInIswensaliiuseansnnedlunaeia
21-50 % wuudnaeensnensaliiuseansnineaglunaeiuiunans
51-100 % WUUTIARINITNEINTUTANURANAIAUIN

wan1sUseliudseansnnwiuudtaasniswennsal

s
5 20
)
on
]
£ 15
g Good
qh) L
o Z10 — /%
22
2
2 5
_<c(: Excellent
c
® 0
> Artificial Neural Network k-Nearest Neighbor (k- Linear Regression
(ANN) NN) Analysis
—m— MAPE 3.96 7.11 11.1
= o a o .
E‘U‘VI 5 NaN1SUTLANININLUUINADINITNEINTD
3.00 NaNIIWEINsAUIIAINUdIUsnaea19uta 16 dUai
2 250
3
= 2.0
g
£ 150
g 100
a
s 0.50
(]
0.00
1t 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
—@— Real Price 240 230 240 225 230 225 220 200 225 225 225 225 215 225 225 215

Artificial Neural Network 240 232 237 227 234 226 220 200 225 225 226 225 214 228 225 215
---4m---- k-Nearest Neighbor 242 240 230 200 240 232 217 195 230 225 227 226 221 235 228 218
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