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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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collection and preparation)
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pynsUnAMUUTEEUAMTIgNIRS IR LAY
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/ Data Collection and Preparation \

Q Data Selection =
» Data Cleaning

Data Transformation

Cassava Data from
Cassava Database/
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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 /
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f Evaluation and Forecasting Models \

/

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

MAPE =
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learning rate 1A 0.3 A1 momentum L1IAY
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Input Layer

Cassava Price

Output Layer

Hidden Layer
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3.2.2 AMSWAILILUUIIABINITNEINT A
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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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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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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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AsNeINsaiRRUI U 3 35015 TauA 33
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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
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Aforaziade nmsuUana
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11-20 % wuudnaeInIswensaliiuseansnnedlunaeia
21-50 % wuudnaeensnensaliiuseansnineaglunaeiuiunans
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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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