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The Effectiveness of Machine Learning Forecasting of the Smooth Cayenne

Pineapple.
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Abstract

The research aims to develop and compare the performance of machine learning
techniques for building predictive models of the Smooth Cayenne Pineapple. Data were collected
monthly from January 2016 to December 2020, totaling 60 months, and analyzed using the Regression
Model technique along with four techniques. Including Linear Regression, k-Nearest Neighbors, Neural
Network, Neural Network, Support Vector Machines and Deep Learning. The research findings indicate
that the most suitable technique for constructing a predictive model of pineapple yield is k-Nearest
Neighbors, which yields an average Mean Squared Error (MSE) of 23.982, Root Mean Square Error
(RMSE) of 11.991, Absolute Error (AE) of 14.575, and Squared Error (SE) of 320.716. The findings of
this data analysis can be utilized to develop a model for building an information system for
forecasting the Smooth Cayenne Pineapple production in the future and can be extended to forecast

the production of other agricultural commodities in the future.

Keywords: 1) Forecasting 2) Smooth Cayenne Pineapple 3) Machine learning
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Fifevinmassuiisuaniinaaeulstavsnwesiauuneinsaluandndulzn femaianig
Boufveaades 5 wada léun (1) madian1sanaosiadu (Linear Regression) (2) adlauiteutulng
flan (k-Nearest Neighbors) (3) inafialasstnsUszamiiion (Neural Network) (4) imadaduwasn
LNWBSLUYTU (Support Vector Machines) kaz (5) imnallAn15i38usL¥9an (Deep Leamning) wazyin
nMsnadeulsEAnsa nvesUszanuAisAmALAaIAARouf1dsaeady (Mean Squared Error) A1
s1nflansweinIunaInlAfeuLadefidsans (Root Mean Squared Error) A1AataLAdouduysa)
(Absolute Error) wazAAMAAALAGeuBNA&saes (Square Error) HAMTIATIEAdoYALAN IS
fi 2
1397 2 mawSeuiisudsyanBamussiuuunsyszinamdeya

Regression Regression Performance
Model MSE RMSE AE SE
Linear Regression 31.180 15.590 12.846 265.273
k-Nearest Neighbors* 23,982 11.991 14.575 320.716
Neural Network 29.752 14.876 11.432 231.725
Support Vector machines 31.902 15.951 12.988 301.608
Deep Learning 25.176 12.588 9.963 181.306

* fe walandanuwansandusuihuiadsnuuunsnensalianandulrsadnniiie

91nM15197 2 nuimadeffanumngauiigadmiunsaisauuunensainandndulyse Ae
madansuszanuadoyafieiBmadaiieutulnddian (k-Nearest Neighbors) @ala1aany
AaaLAABUdsaacady (MSE) Wiy 23.982 Aauaaaledeulndeindsaes (RMSE) winfu 11.991
AnanaLdeuduysal (AE) Wiy 14.575 wazAAnuAaLAdeusnidsasd (SE) iy 320.716
FiselsinsiToudisudeyanandnsevineiildandeyatiewomananduuzse uagAmensaived
wandndulrsasomaianisussnaadoyafeifmadaieutulndiian felndiAsatuinn G
wansliiuinnadaifiuszanianlunmsiluldwensainandnduvzsatonide fe maianis
UszanuedeyasmeTBiedaileutnilndfigailiaussans amusiudiiiae

dsduazanusiena
NTngUITaIdveINITITunsaikuuLazilSsuWsuUsEavEammluudmiun e sal
nanAndUUzsdande semadansiseuiveaaies mnsansidsanansa aguldiumadaiifaang
mnzauigndmunisaisuuunensainandndulzsaiinade e wadanisussanudeyasme s
wadaieutulndfian (k-Nearest Neighbors) IngliiAnanunaiaindeutiosigaileifivuiumaie
3 AAnuAaaedeuiddenade (MSE) wiiu wirfu 23.982 Ararueanindouladsfidaass

[

(RMSE) 111U 11.991 ﬁmamﬂ%auamysﬁﬁ (AE) WINAU 14.575 kagAIAINUARIALARDULNANDIEDY

(SE) winfu 320.716 Wudwdstatenisenandndulssadanienldlunisasrswuunennsal wely
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donanapafiuayasal surlay 5w SRS wasyunsy Tanuiiua (2559 : 110 - 118) AildAnwiluiges
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