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Abstract

This research aims to develop a forecasting model for Thailand’s frozen shrimp export volume for
January in 2026. The study applies machine learning techniques, namely Support Vector Machine Regressor
(SVR) and Random Forest Regressor, to analyze the relationship between historical export volumes
(measured in tons) and time variables in monthly format. The dataset used in this study is time-series data
that has been preprocessed and refined to improve data quality prior to model development. The results
indicate that the Random Forest Regressor model outperforms the SVR model in forecasting accuracy,
achieving a coefficient of determination (R2) of 0.8984 and a lower error value (RMSE = 1622.27). In contrast,
the SVR model demonstrates comparatively lower performance across all evaluation metrics. Furthermore,
the selected model effectively captures trends and fluctuations in export volumes. The findings of this
research can serve as a decision-support tool for strategic planning in production, supply chain
management, and marketing strategies, ultimately enhancing the competitiveness of Thailand’s fisheries

industry in the global market.
Keywords: Forecasting, Machine Learning, Support Vector Machine, Random Forest
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Fodrflumsinseideyaifianududeunariimuduiuduuulidady demaliussansamlumsmeinsaions
Ligenndesiuaninuindeumaasygiafiudsunlasedisrings JagtumeluladnisFoudveaniss (Machine
Leaming) lshdunslunumdrdglunisiiasgsivagneinsaldoyadelium iesainaiunsaidoudsuuuy
anudufusvesteyanndandsinaunnn uavaansaaiauuuiiassd danuusiudgdumsaanisaideyalu
UIAR mﬂﬁﬂmiﬁ'ﬂuiﬁumLﬂ%‘laqﬁiﬁﬁummﬁaﬂuﬂﬁwmmaﬁ‘ﬁa;&a 1AuA Support Vector Machine Regressor
(SVR) wa RandomForest Regressor squL‘f]ui%‘ﬁﬁ1J55?1%%:1wwiums%’mﬂ1Tﬁa;ﬂa'17|"ﬁmm%u%auuazamﬂfymmm
AnmLAdouYesMINeInTal Tag SVR danuannsalunisaiadungnsaifivnzandmivdeyaitanuduius
wuulaBadu vaus?l Random Forest Regressor @11504 L AIUMAIUEN YOI UUT RO N ILNTEUIUANTTILHANTS
Foaulaandulivaedu vlaatlayminisiia Overfitting wazifisadosnmvewadns 9109397 LN
Aenfumsuszgndldimadiadananlunsneinsal wu 1] manensaiistulngldimatianmsusuliseu weda
ARIMA waginaila Support Vector Machine [2] msnensalusinanudesnisiiihgegaseleesuszmalng
Tneusggndlfimadauuunanvesiunesannmoiunsiunard unoudsideiugnssy (3] manensainadugn’
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asuavlavenledluniavuds InsUssgndldimadetdy dnfunuidedejwiauuuuiasmismensoiviam
nsdseendudUszasussiandwessemalnglud wa. 2569 InsUsegndldinadanisisousveaniosineis
Support Vector Machine Regressor (SVR) Wag RandomForest Regressor Wi olUS suLisuUsEaNE nnves
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WHUNIHAR NMsUTsiantsiuladadind uaznisivuauleuieaunsdieanyednIAsguazAIAERAIMNT Y BU

wdrginTnmuausatunsktatuveslsemdalnglunanalansely

2. InQUITaeArRINUIY
2.1 Wiawmwwuudiassnisneinsallinunisdseenduduszusssiandsaaududs vesussmdlnely
wisuunsian U w.a. 2569 lneldinallan1siTeusaigia3 e (Machine Learning) Adgwnaila Support Vector

Machine Regressor (SVR) agtnaila RandomForest Regressor
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3.1 nsimualyviuazinguszasdniside
Adeliaseidym anudidey wazarudndureanisnensaluununisdseenduiussusseavian
wiifu nfeuviaimvuninguszasivesnuideliaonndesiunsounuAnnsimuiuuuiiasinisonneesignaia

Support Vector Machine Regressor (SVR) Wagnaila Random Forest Regressor

3.2 n337UTUtaya (Data Collection)
silun1ssiusndeyadoundsvesusuiunisdieandsanudiduvesd w.e. 2551 fv w.a.2568 lng
Usznaumesnlsaufaiial iadufeu) wazdinlsmudouSuiunisdsean (uaedudu) sisilldadunis

ATIRNADUANLATUAIU ATINGNABY UarAueliovesleyanauliluussiiana

3.3 MawsunasUszananadeyaiiasdu (Data Preparation)
{idevinnswioudoyauiieWimnzaudemslUldlunszuiunsaiauuudiass Ussneuse
3.3.1 mviAwazeIndeya (Data Cleaning) Wiodansanfively anunanindeu uasdeyainund
3.3.2 mawlasteyademnayliegluguuuuiiannsaidlueald

3.3.3 msuvsyndayavendugerln (Training set) uasganaaay (Test set) anudnduiivianzay

3.4 NMIRAILILUUTIARINITTBUTVDUATEY
NuIdeilauszgnaliniseuimenies (Machine Learning) Usslannisanng feinailn Support Vector
Machine Regressor (SVR) kagnaila Random Forest Regressor
3.4.1 FnnasanNmosuuTTU (Support Vector Machine (SVM))
) as Al ° v Y  aa o a L. o
Judanesiunldlumsduunngudeya dieisnsmsyuiunsdndula (Decision Hyperplane) vise
lawesmauiivunzay dwiunisuddeya 2 dwandulaesudeyadegradunanesiuligivensda wasinis

o 1

YFunamesteyaitedalildfngaduniaiseniilinesaily (Feature Space) Ingldinosaieidu (Kemel

U
3

Function) sfianee) wulwaludlsalsidu (Polynomial Function) lsiiigatud@aiandu (Radial Basis Function) tdu
fu wrdnhnnmesteya Medriluiwesasllilumssunardulssaviiungailunsaiisssuiuvansda
v3slarasinau (Hyperplane) telfifuuuusaesumsnuundoyalaefmauiignadreduifuduldfuunds
duuazliifudaduivegiueesiailiduiidenlisdmareussdninmuasuuudiaesine nsdonlewedin
aufiafignazidenanleodinauiiviilinanussogisseninslaodinauiidenluddeyaiieglndiulewadinau
viaFunindnwesnnnes (Support vecton) filndfianvesiaaasilsfidmniian (Maximum Margin) SVM 8sgn
thinuszgndldlunisaisaunisludszinamsailedfudadu Foo Aldunuszunudnduladwmosannnesiusiu
dmfunisannes v3e SVR azidunsihdeyateqiuuasteyalusndusuvianimsFeus (Training) el
sisgUuuudmiumansainadeaziintulusunan (7]

3.4.2 wmallAn15guUalel (Random Forest)

Bumadeiifaunanduuuiuliiadula (Decision Trees) lngagl#insutsdnausulivadula
sondunaeq Au (Tree) lneusdazduaiisnainnisduandnueae (Feature) wavdaya (Data) Unsdiume3Byna
un34 (Bootstrap Method) 9nAadnunzuasdayageiindusimun FuilildiuliFadulafiardudasssetu
w1y ndumamenseinnduldiFadulafildlusassiu vehaundresldswusiuliFadulansumuninun
windudsnguthmneiiauladnuiduiuundeine ddeindullgminsmeinisannes Tunsmeaweinsal

gavneaunsanilalaensiunamatadevesamensaivasulddndulannsiu [5]

702

a o o v a

WinnssunsITegdinudaniezuaznsiauieg19dsdy




NFUTEYNIYINTTLAUBIA AT 18 W InedessiguasUgy

9 - 10 n3ngAu 2569

3.5 N15UsEUUSLANTATNVR L UUINADY

1 o o A Yoo v 2 A v A a a a & 2 a

Funpudaumasnnilavinnsasadunatluiissusssrensuseliuysyansamuedlue Fenae Useidiu
ANUEINsakazANNkuelunsiauesiwa evnnmsdedulainlunanlavinnnsas1@unntumangauiay
lldvselsl viemsvihnmsuSuusidilianumnzauieu TunuldvatuiidesnsaanisaluSinunsdseantjaud

< & & v v Py Y a = Y] a s v

witwesUszmalne Fadudnvauzdoyaninsdrdanunaidaglddanesiulssianvenis annssuazazliia
nadnSludnuazvaIasiay auiun1susedivlieaasgldnisinssasiinatnnday (Error) daedsaenaluil (8]

3.5.1 duUs¥ansnsnuue (Coefficient of Determination: R2) wamanagsn1sy (1)

s -9)° (1)
T (-9

3.5.2 AMURANAINA18I8031a88 (Mean Square Error: MSE) WaAIfsauni1sn (2) uazsinianives

RZ

AUAANAIANNAIEDIRAY (Root Mean Square Error: RMSE) Wangaaunisi (3)

n

MSE =~ Z(yl i) 2

i=1

RMSE =

We  Y;  ApA1934 (Actual Value) 9099392879 L

AN

Y;  AeA1viung (Predicted Value) 9033387 {
Yy foAafgueiniata
n

Aeduutoya

4. Han133BUaTaAUTIENE

muﬁ?ﬁaﬁﬁ’uauawamﬁLﬂiﬁzﬁ%@ga Namiﬂ’m‘mLLUUﬁ’IﬁENﬂ’I'ﬁL%EJu%GUENLﬂ%‘lmﬁi}m%ﬂﬁﬂ Support Vector
Machine Regressor (SVR) haginalin RandomForest Regressor AABAIUNITUTLIULUUTIAD9R38AT MSE, RMSE
uay R’ yufsefunenadsinnisiiaenndesiuinguizasdvesidouazionanseadeiiisades toazviou
AMNEBY AINIEAY WazAuasalun1siwuudasdiussendldlunszuiunensaluiinanisdseands
anududsluifouunsian T w.f.2569

ﬂ153Lﬂswﬁ%a;&aﬁwmiﬁaufﬁuauﬂ?mé’mLmﬁﬂmsmaasé’wwlﬂﬁﬂ Support Vector Machine
Regressor (SVR) WaginAfla RandomForest Regressor gnihwlfifievianuiinladnwaziluvesngusaogns fe
USumnisdseendaaududslugaad w.a.2551-2568 d1uau 215 Toya lnedeyausznaudiediulsiuderial
wihaduidon) uaziuusmufeUiinanisdeeniianutuds iedui) lnsuvusiaeddvihnisuusyndeys:
1dndau 80:20 dwSuyarln (Train) 31u3u 172 Yosia YansIvaeu (Test) 31U 43 Toua uay uazdndiu 70:30

dwsuyailn (Train) 9117 151 Toya Yansaaeu (Test) 91U 64 Taya laguuudnasinisannegsieinaila

703

WinnssunsITegdinudaniezuaznsiauieg19dsdy




N15Us2YUIVINTTLAULIR ATIN 18 umAInendesuiguasuga 704

9 - 10 n3ngAu 2569

Support Vector Machine Regressor (SVR) aginailn RandomForest Regressor LLamwamﬁmswﬁ‘z’faiﬂa IGON

AHIAN599 1 ey 2

A399 1 Haansannsnensalemaiia Support Vector Machine Regressor (faat 80:20)

No. Month | Predict Value MAE RMSE R?
216 7466.31 2906.80 4455.10 | 0.2336

A15°99 2 waandannsneInsalfewmaila Support Vector Machine Regressor (§n@au 70:30)

No. Month | Predict Value MAE RMSE R?
216 7475.09 3310.18 4755.14 | 0.1957

NNaNIsHUTaLATENIRRNaaY (Train) uazyanaaay (Test) nuinniswusyntoyalaelddngu 80:20

! ' v
a )

Wanegnsaliiewatia Support Vector Machine Regressor likagnsfiiauaainndauaign anuulaviing

Wiguigudayarnats (Actual) uazAtnensal (Predicted) WansianIng 1

Actual vs Predicted Frozen Shrimp Export
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22500 4 & Predicted
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Wi 1 nsmuanauIeuisusenineAasaiuAImeInsalimewalia Support Vector Machine Regressor

1niug3seldvinsiasisidoyaii omeameinsaidaeimaiia RandomForest Regressor Ingdaya
UsznaumeiuUsiufonal mbaduiion) wazdulsnufeusununisdeondanududs (mieodudu) lae
wuudnaedldinisudsyateya: Tddnau 80:20 dwmsuyern (Train) Sruau 172 Toya ¥ans19a0y (Test) T
43 Jeya wazdadiu 70:30 dmTuyern (Train) 11U 151 Joya YanTIaaeU (Test) 9 64 To3a UAAIHANTT
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A1519% 3 HaaNSINATHEINSAlREMATlA RandomForest Regressor (fndau 80:20)

No. Month | Predict Value MAE RMSE R?
216 6641.79 1299.07 162227 | 0.8984

A399 4 waawsannITneInsalsaemalln RandomForest Regressor (&naau 70:30)

No. Month | Predict Value MAE RMSE R?
216 6684.64 1359.53 1718.92 0.8949

MnuaNsLUoyaTEninyaingay (Train) uazyanadeu (Test) nuitnsuwisyateyalaglddndiu 80:20

dl v a o U sda d' o al S vwyo a =
LNOWYINTUAIYNAUA RandomForest RegressorsLMNaa‘WﬁmJﬂ’J’uJﬂa’]@]Lﬂaaum’mﬁﬂ ﬁ]’]ﬂuu‘lmw’]ﬂ’]iLﬂiﬂ‘UL‘V]ﬁU

Toyar1934 (Actual) kazAmeNsal (Predicted) WanafanIni 2

Actual vs Predicted Frozen Shrimp Export

—e— Actual

22500 4 -8~ Predicted

20000 +
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15000 4

12500 7

Export Volume
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7500 1
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T T T T T T
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a = =~ ' I a v ¢ v a
AN 2 NINLEARLUTIUNEUTENINANRTINUATNEINTAUMBINAUA RandomForest Regressor

4.1 uamsiauILuUingaes

nsmukuuTiaedlaviinisulsyateya: Idndiu 80:20 dwsuyarin (Train) 311U 172 Toya ¥a
M539a0U (Test) 91U 43 Ta3a WUIIN1T0ANBEAIBNATIA Support Vector Machine Regressor #8113
Uszilunavinlagldgndoyanaaeu (Test Set) ilefasananuannsavesuuudiasdumsviue dnnudieends
wduds nansussidiumuin Arrugnees (R) ag#l 23.36% uinsiamiuuusiassdiemaiia RandonForest

Regressor Nan15UTELIUNUI A1AUYNAB (R®) 87 89.84% UARINAANSN1TIUSEUTIEY UARWIN1519N 5
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A15199 5 HaansannUSeuiguuwuuinges

Model Predict Value MSE RMSE R?
Support Vector Machine
7466.31 2906.80 4455.10 0.2336
Regresssor
RandomForest Regressor 6641.79 1299.07 1622.27 0.8984

91nM157°97 5 agunaladimanisuseiliunmsauuansiiiiuiuuusiaedaemnaila RandomForest
Regressor fiannumnzauausainlluszyndldiiotiedndulanensaluunanisdseandeanudunds Tnanimsiu
wAllA RandomForest Regressor iAuivanzauwazamsaussendldlunmsiungnisnensalldass

av

5. d@3Unan19398

¥
o

a aa
318U

[

ausEasAiovaLUUTResMIneInsalUT MM sdeenAufUsTIUsEIANA sanus LHuves
Usginelnglud w.e. 2569 Iﬂﬂi%lmﬂﬁﬂﬂ’]iﬁ&lui"ﬂadm%m laun walla Support Vector Machine Regressor (SVR)
wasinAtla RandomForest Regressor wamﬁﬁammmaqﬂié’ﬁqﬁ 1. LUUT1a99N190AN0AEINATA Support
Vector Machine Regressor (SVR) @alsienanuualugn Rz = 0.2336 wazila1uSunanisdseaniininnisaldmsu
WouunsIAN U w.A. 2569 MAU 7,466.31 AU 2. WUUIIa0Ia28inATlA RandomForest Regressor TA1AI1L
wiiug R? = 0.8984 waglinmensaidmsusiouunsiaulud we. 2569 winiu 6,641.79 fu 3. 1nnsiSeudieu
NadWSvesUUTaRIaas WUTUUTIABY RandomForest Regressor fiAmuusiugganitogisdniau visludnu
AAAaIALAA puaderndsaes (MSE) wazainmusiug (R2) Fvarunsoagdlédiuuusians RandomForest
Regressor Lz audmsunisnensaluSunansdsesnianugudawinnis lnenmsiu wans3deduduinmeda
mMs3ouivenaios lnslanizuuudiass RandomForest aansnihlulfiduedosdiolunsnaunudnagns fu
n3kAn MInann uazmsdseeniugaanunssulsvaslietnediszavsnm femAduausliimveaedfnada

PaneSTLIUTNLLAN 19 Gradient Boosting 30 Neural Network tieiiuaanuudiugwesnisnensallusuinn
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