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Exchange Rate of Thai Baht against the US Dollar Forecasting

using Support Vector Machines Technique
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Abstract

Currently, there is a new statistical technique called “Machine Learning”
which has been applied widely in the field of science and social science. This
technique is use for analyzing and synthesizing data to spotlight its significant
information. Moreover, it is used to describe and classify patterns of data through
the “Pattern Recognition” according to the purpose of researches. This
technique can also create algorithms which used to learn information directly
from data and then predict future outputs. The application of these learning
techniques has a great influence on economic studies and business analytics
especially in forecasting economic variables such as exchange rate. The study of
forecasting exchange rate is a challenge to the traditional thought. The main
idea of the believe is when the market is efficiency, foreign exchange rate and
financial asset prices follow a random walk. As a result, this study is focus on
using machine learning technique to (1) predict daily exchange rates of BHT/USD
by Support Vector Machines technique (SVM), and (2) compare the efficiency of
the forecasting models among Support Vector Machines technique, Random
Walk model and Autoregressive Moving Average model (ARMA).

The result of the study shows that the forecast of the BHT/USD exchange
rate based on directional accuracy illustrate that SVM techniques are more
efficient than ARMA models and random walk models. On the other hand, for
RMSE value, ARMA models are most efficient comparing to SYM and Random

Walk models.

Keyword: Exchange Rate, Support Vector Machine (SVM), Forecasting
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a

fnAuua im0 Vapnik Tl 1992 masuundszianieg WuRavzeesmsisiguuuudii
anwnzfLuuouresdoyayanilay (Recognizing certain pattern) Tnsanunsasuunlalunany

. ; ° Yy o 13 v i o w4 o
AaTE (Multiple classes) $an1sduunvos SVMs aedosiinnsduunseninsdeyaiidnduieria

} 4 - v A o o 3 > Q‘j ¥
n3i5eu3 (Training data set) wazdoyaivinisagounuudiass (Validation set) st} SVMs

=] i

174 9 1 v R o [l [ o .
14 Hyperplane Iummuwamvamaug (Training set) nuagoantUu 2 UseLan (Binary
Classification) eananfulsiedwauysaludnvuzidadu ndndndonisde Teyavionundd
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AatanIULHUN 1L ldlaenisvn Optimal Separating Hyperplane: OSH &aldiunainnis
ﬁmsmwauﬁwmLé’uLLﬂﬁas‘J’a (Margin) 55%319 Hyperplane H* way H'

nsdwundeyasendu 2 Ussiam Binary dlassification) Ineiluvsenauluse 2 nsel
A 1) Suunliognadudaudu (Linearly separable) uag 2) ldausaswunliosradudaudu
(Linearly inseparable) Tuusunwdrsfunanddidiuionssuunludnvasnsdusnio suunld
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