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Abstract 

This study considers the generalized autoregressive conditional heteroskedastic approach in modeling 

exchange rate volatility of the five major currencies of Sri Lanka using daily observations over the 

period of 7th of May 2010 to 31st December 2019. The currencies considered are United States Dollar 

(USD), Euro (EUR), British Pound (GBP), Japanese Yen (JPY) and Indian Rupees (INR), all against 

Sri Lanka Rupee (LKR). The study applied symmetric ARCH (q) and GARCH (p, q) models that 

estimate exchange rate volatility with the normal distribution. The result of the study shows that the 

three currencies fulfill the conditions of volatility models and these currencies modeled by GARCH. 

ARIMA (2, 1, 2,) -GARCH (1, 1) specification is proven to be the best model to estimate GBP 

exchange rate volatility. ARMA (1, 1) –GARCH (1, 1) is more appreciate for JPY and USD exchange 

rate volatility and it is required to have a mean reverting variance process for JPY exchange rate. 

ARMA (2, 2) -GARCH (2, 1) is a best fit model for INR exchange rate volatility Finally the study 

concluded that the exchange rate volatility can be adequately modeled by GARCH model. 

 
Keywords: Exchange rate, Volatility, GARCH Model, Heteroscedasticity 

 

Introduction 

The exchange rate shows the country's international presence. International trade and 

investment decisions mostly depend on the exchange rate so that international trade and 

investment decisions more difficult due to highly volatile exchange rate. Because exchange 

rate increase risk. Therefore, movements of exchange rates can have a significant impact on a 

particular country and trading partners. Indeed, knowledge of volatility of exchange rate very 

important to balance the benefits and risks attached to international trade and also for Sri 

Lankan business environment. 

The last few years exchange rate has become the most important instrument that influenced 

on external sector performance in Sri Lanka. Researchers observed Exchange rates of Sri 

Lanka has depreciated continuously, ignoring small appreciations experienced from time to 

time. The depreciation of the exchange rate has a higher impact with respect to the Sri Lanka 

economy as more dependent on imports. These fluctuations of the exchange rate will lead to 

an instability and lack of confidence in the economy. Therefore, either increasing instability 

of international economies, it is highly important to attain a further understanding of the 

modeling exchange rate volatility. 

A number of models have been developed to estimate volatility of exchange rate. In present 

study researchers applied to estimate exchange rate volatility are the autoregressive 

conditional heteroscedastic (ARCH) model advanced by Engle and the generalized 

autoregressive conditional heteroscedastic (GARCH) model developed by Bollerslev and 

Taylor. 

The whole study is based on secondary data. The secondary source was Central Bank of Sri 

Lanka (CBSL). It is worth to explore exchange rate volatility between LKR and five major 

currencies of Sri Lanka which pointed by CBSL. As well as these currencies are mostly used 

in external transaction in Sri Lanka. The main objective of the study is to modeling exchange 

rate volatility using ARCH and GARCH models of major currencies of Sri Lanka using daily 

observations over the period of 7th of May 2010 to 31st December 2019.  
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Selected exchange rates will use for this study are (LKR 

against) United States Dollar (USD), Euro, British Pound 

(GBP), Japanese Yen (JPY) and Indian Rupees (INR). 

Researchers focus to develop a model determinate exchange 

rate volatility. In this model can be recognize and forecast 

exchange rate volatility. It will help to parties who are 

sensitive in exchange rate fluctuations such as policy 

makers, investors and government to decrease exchange rate 

risk. As well as who are interesting to do further researches 

similar or related studies about exchange rate, the results of 

this study may be helpful to them. 

 

Determination of Exchange Rate Volatility  

Exchange rate volatility is a measure of the fluctuations in 

an exchange rate. It is also known as a measure of risk, 

which could be the input to a variety of economic decisions, 

volatility provides an idea of how much the exchange rate 

can change within a given period (Abdalla, (2012) [1] and 

Ekanayake & Chatrna, (2010) [4]. It can be measured on an 

hourly, daily, weekly, monthly or annual basis. 

 According to Barguellil, Ben-Salha, & Zmami, (2018) [2], 

Abdalla, (2012) [1] and Ekanayake & Chatrna, (2010) [4] 

there are no consensus on an adequate measure of volatility 

and there is various measures of exchange rate volatility 

have been proposed in literature. Ekanayake & Chatrna, 

(2010) [4] identified some of these measures as follows, 

 The averages of absolute changes. 

 The standard deviation of the series. 

 Deviations from trend. 

 The squared residuals from the Autoregressive 

Integrated Moving Average (ARIMA), Autoregressive 

Conditional Heteroscedasticity (ARCH) or Generalized 

Autoregressive Conditional Heteroscedasticity 

(GARCH) processes. 

 The moving sample standard deviation of the growth 

rate of the exchange rate.  

In present study, researchers indent to estimate exchange 

rate volatility by using the conditional variance from the 

ARIMA, ARCH or GARCH model. 

 

Literature Review 

In this section researchers examined few studies in the area 

of volatility of exchange rates. Abdalla, (2012) [1] had 

modeling the exchange rate volatility using the daily returns 

of exchange rates series of nineteen Arab countries all 

against the US dollar over the period from 1st January 2000 

to 19th November 2011. The paper employs two univariate 

specifications of the GARCH model, including both 

symmetric and asymmetric models to capture most common 

stylized facts about exchange rate returns. The empirical 

results showed that the conditional variance (volatility) is an 

explosive process for the ten of nineteen currencies, while it 

is quite persistent for seven currencies which is required to 

have a mean reverting variance process. Furthermore, the 

asymmetrical EGARCH (1, 1) results find evidence of 

leverage effects for all currencies - except for the Jordanian 

Dinar (JOD). Finally, the paper concluded that the exchange 

rates volatility can be adequately modeled by the class of 

GARCH models. 

Epaphra, (2017) [5] applied univariate nonlinear time series 

analysis to the daily TZS/USD exchange rate data spanning 

from January 4, 2009 to July 27, 2015 to examine the 

volatility of exchange rate in Tanzania. To capture the 

symmetry and asymmetry effect in exchange rate data, the 

paper applies both ARCH, GARCH and EGARCH models. 

The results also suggested that exchange rate behavior is 

generally influenced by previous information about 

exchange rate. The paper concludes that the exchange rates 

volatility can be adequately modeled by the GARCH (1, 1) 

model. However, the fact that GARCH (1, 1) is symmetric, 

an asymmetric model, EGARCH estimation results suggest 

the presence of leverage effect in the exchange rate 

volatility.  

Omari et al., (2017) [8] are applied ARCH/GARCH in 

modeling exchange rate volatility of the USD/KES 

exchange rate using daily observations over the period 

starting 3rd January 2003 to 31st December 2015. The paper 

applies both symmetric and asymmetric models to capture 

most of the stylized facts about exchange rate return. The 

performance of the symmetric GARCH (1, 1) and GARCH-

M models as well as the asymmetric EGARCH (1, 1), GJR-

GARCH (1, 1) and APARCH (1, 1) models with following 

three residual distributions namely, normal, Student’s t-

distribution and Skewed Student’s t-distribution. The first 

two models are used for capturing the symmetry effect 

whereas the second group of models is for capturing the 

asymmetric effect. From the results the conclusion was that 

the AR (2) - APARCH (1, 1) model is superior in the 

estimating the volatility. 

 

Research Methodology 

Research Design 

The data which will be used in modeling volatility of 

exchange rate in this study are the daily returns of exchange 

rates on the all against Sri Lankan Rupee (LKR). The data 

span from 7th of May 2010 to 31st December 2019 resulting 

in a total of 1875 observation. The whole study is based on 

secondary data. All data are sourced from Central Bank of 

Sri Lanka.  

 

Methods of analyses 

Volatility Models  

The exciting models of volatility can be divided in to two 

main categories, symmetric and asymmetric models (Omari 

et al., 2017) [8]. In this study, symmetric models which is the 

conditional variance only depends on the magnitude, and 

not the sign, of the underlying asset used to calculated 

exchange rate volatility. 

 

Autoregressive Conditional Heteroscedasticity (ARCH) 

Model 

According to Dritsaki, (2018) Engle (1982) developed the 

ARCH model for testing the volatility of financial series. 

ARCH model is an autoregressive (AR) process and is 

written as follows, 

 

 
 

Where, 𝑧𝑡 is an independently and identically distributed.it 

means process with 𝐸(𝑧𝑡) = 0 and𝑉𝑎𝑟(𝑧𝑡) = 1. 𝜀𝑡 is not 

serial correlated and has a zero mean and the conditional 
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variance is 𝜎𝑡
2 assumed and also, because of variance is 

positive for all t, then these relations must be valid, 𝜔 > 0 

and 𝛼𝑗 ≥ 0. Dritsaki, (2018) [3] mentioned ARCH model can 

describe volatility since the conditional variance of 𝜀𝑡 is an 

increasing function of 𝜀𝑡−1
2 .Moreover, if 𝜀𝑡−1is large in 

absolute value, then also can expect 𝜎𝑡
2 and 𝜀𝑡 to give large 

values. 

 

TheGeneralized Autoregressive Conditional 

Heteroscedasticity (GARCH) Model 

Bollerslev (1986) enhanced the ARCH model in to GARCH 

that allows the errors of variance to depend on its own lags 

and lags of the squared errors (Dritsaki, 2018) [3]. Abdalla, 

(2012) [1] mentioned GARCH model has only three 

parameters that allows for an infinite number of squared 

errors to influence the conditional volatility. The conditional 

variance determined through GARCH is a weighted average 

of past squared residuals. The weight decline gradually but 

never reach zero. The GARCH (p, q) model can be written 

as follows. 

 

 
 

Where p is the number of lagged 𝜎𝑡
2 conditional volatility 

and q is the number of lagged 𝜀2 terms. 𝜔 is the standard 

notation for GARCH constant. 𝛼 is the GARCH error 

coefficient. 𝛽 is the GARCH coefficient. The assumptions 

of ARCH is also related to GARCH model too. (Dritsaki, 

(2018) [3], Omari et al., (2017) [8] and Abdalla, (2012) [1]. 

 

Estimating Exchange Rate Volatility 

This section will discuss the competing ARCH and GARCH 

models used to investigate volatility. There are two distinct 

specifications, the first one for the conditional mean which 

describes the data as a function of other variables adding an 

error term. The other one for the conditional variance which 

determines the development of error conditional variance 

from conditional mean as a function of the previous 

conditional variance of lagged error (Dritsaki, 2018) [3]. 

 Talwar & Bhat, (2018) [10] Dritsaki, (2018) [3] Omari et al., 

(2017) [8], Epaphra, (2017) [5], Abdalla, (2012) [1] and 

Lee‐Lee & Hui‐Boon, (2007) [7] also used following 

ARCH/GARCH methodology for their studies. According 

to them ARCH/ GARCH models provides a reasonably 

good model for analyzing financial time series and 

estimating conditional volatility. The ARCH/GARCH 

model is used in this study to investigate the volatility of 

exchange rate returns series. 

 

Conditional Mean Equation  

According to Omari et al.,( 2017) [8] and Abdalla, (2012) [1] 

conditional mean equation which might be an AR process, 

moving average (MA) process or a combination of AR and 

MA processes. The Autocorrelation Function (ACF) and 

Partial Autocorrelation (PACF) are used to determine the 

order of ARMA (p, q) models. For an example ARMA (1, 

1) process the conditional mean equation can write as 

follows. 

 

 
 

Where, Yt is a time series being modeled. In this study, the 

mean equation is modified to include appropriate AR term 

to control for autocorrelation in the data. After obtaining 

conditional mean equation the next steps were to test 

following tests. 

 

Testing for Heteroscedasticity  

Most important issue before applying the ARCH/GARCH 

methodology is to first examine the residuals of the 

exchange rate returns series for evidence of 

heteroscedasticity (Abdalla, 2012) [1]. To test for 

heteroscedasticity, the ARCH LM test is applied and also 

used the squared residuals of autocorrelation function. To 

developed ARCH/GARCH model there should be ARCH 

effect of conditional mean equation.  

 

Testing for Autocorrelation 

In here, researcher used two methods to test autocorrelation. 

Which were Q statistics and serial correlation test. The 

existence of serial correlation among residuals is a necessary 

pre requisite for apply ARCH/GARCH models. 

 

In-Sample Model Comparison Criteria/Lag Length 

Criteria 

The study has applied three information criteria namely 

Akaike information criteria (AIC), Schwarz information 

criteria (SC) and Hannan-Quinn information criteria (HQC) 

for model comparison. The model which gives lowest value 

of these criteria were selected. As well as Lag length is 

usually determined using above three main methods, which 

are considered to be the classical procedures for determining 

the lag length. The lag is lapse of time (Epaphra, 2017) [5]. 

 

Testing for Stationary  

Many economic data are non-stationary data. Therefore 

researcher has to convert those non stationary data in to 

stationary data (Rajakaruna, 2017) [9]. A series is said to be 

stationary if the mean and auto covariance’s of the series do 

not depend on time (Venkatesan & Ponnamma, 2017) [11]. 

The unit root test is carried out to test whether the series are 

stationary or not. The ADF and PP method were conducted 

to check the stationary and random walk of the variables. 

ADF and PP tests can be specified with intercept, and also 

intercept with trend. Hence study is used these two 

specification. 
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Source: Created By Researcher 

 

Fig 1: The Conceptual Frame Work of Building GARCH Model 
 

Results and Findings 

The currency exchange rates are transformed in to monthly 

log returns using following return formula. Exchange rate 

Volatility obtain from monthly log return of exchange rate. 

Where, 𝑒𝑥𝑟  is the monthly percentage return to the exchange 

rate and 𝐸𝑡 and 𝐸𝑡−1 denote the exchange rate at the current 

month and previous month, respectively.  

 

 
 

4.1 Descriptive Statistics 

To specify the distributional properties of the monthly 

returns of the exchange rates series, various descriptive 

statistics were calculated and reported in table 1.  

Table 1: Descriptive Statistics of Monthly Logarithmic Returns of the Exchange Rates 
 

 EUR GBP INR JPY USD 

Mean -0.018 -0.018 -0.00 -0.01 -0.02 

Maximum 3.503 5.31 5.110 8.735 2.2028 

Minimum -3.62 -3.24 -3.367 -6.706 -3.716 

Std. Dev. 0.62 0.61 0.553 0.668 0.225 

Skewness -0.20 0.54 0.764 0.322 -6.19 

Kurtosis 6.76 10.76 13.76 26.902 100.99 

Jarque-Bera 1118.4 4789.252 9219.79 44597.51 761851.7 

Probability 0.00 0.00 0.00 0.00 0.00 

 

According to table 1 all exchange rate return series used in 

the study (EUR, GBP, INR, JPY and USD) are leptokurtic 

which mentioned as important characteristics of financial 

time series data in past literature. This results is consistent 

with Dritsaki, (2018) [3], Omari et al., (2017) [8] and Abdalla, 

(2012) [1]. LKR showed presence of have long left curve 

(negative skewness) for EUR and USD. This is in consists 

with Talwar & Bhat, (2018) [10] who found positive 

skewness for USD/INR and EUR/INR. Similarly, long right 

tail (positive skewness) observed for exchange rate returns 

of GBP, INR, and JPY. All exchange rate returns showed a 

not significant departure from normality. The JB statistic 

confirms that the null hypothesis of normality for the 

exchange rate return is rejected at the 5% significant level. 

Further, all exchange rate returns do not confirmed to 

normal distribution. 

 Moreover, figure 2 presents the patterns of the exchange 

rate returns for the currencies used. It evidenced by 

relatively small positive and negative returns. On the other 

hand, there was far more volatility, when many large 

positive and large negative returns are observed during the 

sample time.  
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Fig 2: Daily Logarithmic Returns of Exchange Rates. 

 

4.2 Model Analysis 

The ADF and PP test results which used to investigate whether the monthly returns are stationary present in table 2.  

 
Table 2: Results of Stationary Test for Exchange Rate Returns 

 

Variable ADF PP 

 Intercept Intercept and trend Intercept Intercept and trend 

 
level(P) 1st dif(P) level(P) 1st dif(P) level(P) 1st dif(P) level(P) 1st dif(P) 

EUR_EX_RET 0.00* - 0.00* - 0.00* - 0.00* - 

GBP_EX_RET 0.00* - 0.00* - 0.00* - 0.00* - 

INR_EX_RET 0.00* - 0.00* - 0.00* - 0.00* - 

JPY_EX_RET 0.00* - 0.00* - 0.00* - 0.00* - 

USD_EX_RET 0.00* - 0.00* - 0.00* - 0.00* - 
Optimal lag length as determined by SIC 

* denotes statistically stationary at the 5% level.  

 

The ADF test and PP were conducted on both the intercept 

and intercept and trend. The result of the ADF tests present 

that all exchange rate returns are stationary at the level. As 

well as PP tests confirm that results. Thus, the variables are 

stationary and integrated of same order.  

Figure 3 showed the correlograms of exchange rate returns. 

According to figure 3 Q statistics are statistically significant 

with p values not greater than 0.05, indicating that the 

returns of INR, JPY and USD are not white noise, indeed 

the monthly exchange rate returns exhibits a correlation. 

Researchers had to take first difference of exchange rate 

returns of EUR and GBP then, the test statistics are 

statistically significant with p values not greater than 0.05, 

indicating that the returns are not white noise, indeed the 
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monthly exchange rate returns exhibits a correlation after 

taking the first difference of the above exchange rates. 

Researcher determine the form of the ARMA (p, q) from the 

correlogram of Figure 3. Parameters p and q can be defined 

from partial autocorrelation coefficients and autocorrelation 

coefficient, respectively. 

 

JPY/LKR   USD/LKR 

  
 

INR/LKR  GBP/LKR 
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GBP/LKR (d)  EUR/LKR 

  
 

EUR/LKR (d) 

 

 
(d) Denotes correlogram of first difference 

 

Fig 3: Correlogram of Daily Logarithmic Returns of the Exchange Rate 
 

Estimating Conditional Mean Equations  

Table 3 provides the estimations of all mean models of 

exchange rate returns and the p values of the parameters 

(coefficients) together with the values of model selection 

criteria, as well as the results of autocorrelation test, 

heteroscedasticity and normality test. According to model 

selection criteria which are AIC, SC, HQC are recorded as 

the lowest for JPY and USD exchange rate returns found 

ARMA (1, 1) model as the best fitted mean equation. It 

implies mentioned exchange rates integrated with both AR 
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and MA process. EUR exchange rate return found ARIMA 

(0, 1, 1) or MA (1) (the model may be referred to base on 

the non-zero parameter) model as the best fitted mean 

equation. It implies mentioned exchange rates had MA 

process only. GBP exchange rate returns found ARIMA (2, 

1, 2) model as the best fitted mean equation. 1,2As well as 

INR exchange rate found ARMA (2, 2) model as the best 

fitted mean equation.  

The AR part indicates that exchange rate returns are 

regressed on its own lagged values. The MA part indicates 

that the regression error is actually a linear combination of 

error term whose values occurred contemporaneously and at 

various times in the past. As well as the integrated indicated 

that there is one difference between exchange rate returns 

and the previous values of exchange rate returns. 

 
Table 3: Estimated Mean Equations 

 

  
EUR/ LKR GBP/ LKR INR/ LKR JPY/ LKR USD/ LKR 

Model 
 

ARIMA (0,1,1) ARIMA (2,1,2) ARMA (2,2) ARMA (1,1) ARMA (1,1) 

Coeff. 

C -0.00 -0.00 -0.00 0.019 -0.024 

P value 0.88 N/S 0.982 N/S 0.94 N/S 0.421 N/S 0.00* 

AR - 0.801 -0.53 0.907 0.694 

P value - 0.000* 0.004* 0.00* 0.000* 

MA -0.99 -0.819 0452 -0.880 -0.466 

P value 0.00* 0.000 0.02* 0.000* 0.00* 

Model selection criteria 

AIC 1.89 2.534 1.647 2.03 0.23 

SC 1.90 2.543 1.656 2.04 0.22 

HQC 1.89 2.538 1.651 2.03 0.23 

Serial correlation LM test Obs. R2 2.62 768.17 20.28 13.15 16.67 

 P value 0.857 N/S 0.00* 0.002* 0.041* 0.01* 

ARCH test Obs. R2 63.93 183.01 92.67 3.799 92.34 

 P value 0.00* 0.000* 0.00 0.051** 0.00* 

JB test JB 1113.35 971.51 30.49 41762.6 644929.9 

 P value 0.00* 0.00* 0.00* 0.00* 0.00* 

*and ** denotes statistically significant at 5% and 6% respectively. 

N/S denotes statistically insignificant at 5% and 6% significance level.  

The exchange rate returns which fulfill both conditions necessary to estimate exchange rate volatility mention in grids. 

 

Results of Heteroscedasticity Test  

The ARCH test which examine the residuals for evidence of 

heteroscedasticity the results provide an evidence for the 

existence of ARCH effect in residuals series in the all mean 

equations of the exchange rate returns.  

 

Results of Serial Correlation Test  

The serial correlation test which examine the residuals for 

evidence of autocorrelation, the results provide an evidence 

for the non-existence of autocorrelation in residuals and the 

fitted models are adequate for all exchange rate returns 

except EUR. 

 

Results of Normality Test  

JB test results confirm that all five exchange rate returns 

confirmed the null hypothesis of normality for the mean 

model is not rejected at the 5% significant level, which 

means residuals of the model are normally distributed.  

Exchange rate returns of GBP, INR, JPY and USD have 

satisfied the necessary conditions of the ARCH model 

which indicated that ARCH and GARCH effects and auto 

correlation exist in the mentioned exchange rate return 

 

Result of Estimated Volatility Models 

Since there are both ARCH effects and serial correlation on 

the returns of the GBP, INR, JPY and USD exchange rate, 

researchers proceed with the estimation of ARCH (q) and 

GARCH (p, q) models for above mentioned exchange rate 

returns. The parameters of estimated models, the results of 

test of normality, conditional heteroscedasticity of the 

residuals and value of the log likelihood function and model 

selection criteria presented in table 4. 
 

 

Table 4: Estimated Volatility Models 
 

Exchange 

Rate 

GBP/ 

LKR 

INR/ 

LKR 

JPY/ 

LKR 

USD/ 

LKR 

Mean 

Model 

ARIMA 

(2,1,2) 

ARMA 

(2,2) 

ARMA 

(1,1) 

ARMA 

(1,1) 

Volatility 

Model 

GARCH 

(1,1) 

GARCH 

(2,1) 

GARCH 

(1,1) 

GARCH 

(1,1) 

Coeff. 

Mean 

equation 

C -0.008 -0.004 -0.019 -0.016 

P Value 0.4679 0.595 0.272 0.00* 

AR 0.784 -0.987 0.993 0.682 

P Value 0.00* 0.00* 0.00* 0.00* 

MA -0.7844 0.993 -0.989 -0.503 

P Value 0.00* 0.00* 0.00 0.00 

Variance 

Equation 

Ω 0.167 0.001 0.022 0.004 

P Value 0.00* 0.00* 0.00* 0.00* 

α 0.363 2.61 0.234 2.347 

P Value 0.00* 0.00* 0.00* 0.00* 

β 0.429 0.935 0.757 0.085 

P Value 0.00* 0.00* 0.00* 0.00 

α + β 0.792 3.545 0.991 2.432 

Model selection 

criteria 

AIC 2.367 1.21 1.81 1.21 

SC 2.385 1.23 1.82 1.19 

HQC 2.374 1.22 1.81 1.20 

Log Likelihood -2206.8 -1128.6 -1686.6 1139.8 

ARCH LM test 

Obs. R2 2.013 0.046 0.148 0.03 

P Value 
0.1559 

N/S 

0.829 

N/S 

0.7 

N/S 

0.862 

N/S 

JB test 

Test 

statistic 
69.45 749.01 6982.03 396258 

P value 0.00* 0.00* 0.00* 0.00* 

Ω, α and β Represent constant, ARCH term and GARCH 

term respectively. 
* denotes statistically significant at 5%. 

N/S denotes statistical insignificance at 5% and 10% significance 

level. 
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ARIMA (2, 1, 2,)-GARCH (1, 1) is more appreciate for 

GBP exchange rate volatility and ARMA (1, 1) –GARCH 

(1, 1) specification is proven to be the best model to 

estimate both JPY and USD exchange rate volatility. It 

implies these exchange rates had first order GARCH model. 

Because the log likelihood value is the highest (A higher 

log-likelihood value yields a better fit) and model selection 

criteria which are AIC, SC, HQC are recorded as the lowest 

in the model. It implies these exchange rates had both 

ARCH and GARCH effect. GARCH effect concluded past 

volatility of GBP, JPY and USD exchange rates explain by 

42%, 76% and 8.51% in current volatility respectively. As 

well as for the JPY the sum of the two estimated ARCH and 

GARCH coefficient (α + β) is very close to one which is 

required to have a mean reverting variance process, 

indicating the volatility shock is quite persistent. This 

appears to show the shock to volatility is very high. (α + β = 

0.99).  

ARMA (2, 2)-GARCH (2, 1) is best fittest model for INR 

exchange rate volatility. It implies there is 2 lag variances 

and 1 lag residuals in GARCH model. All four exchange 

rates had Positive coefficients. Positive coefficient indicated 

there is positive impact of a magnitude of a shock (spillover 

effect). It can conclude there is positive impact on long term 

volatility for all four exchange rates. This result is quite 

different from Zakaria, (2013) [12] for Malaysia Ringgit/ 

USD and Talwar & Bhat, (2018) [10] for INR/USD.  

The ARCH LM test which examine the residuals for 

evidence of conditional heteroscedasticity the results 

provide an evidence for did not exhibit additional of ARCH 

effect in the volatility models for GBP, INR, JPY and USD. 

This shows that the variance equation is well specified. JB 

test which is a test for normality, confirms that residuals of 

the model are normally distributed for GBP, INR, JPY and 

USD. 

 

Conclusion and Recommendations  

This study has examined the daily returns of exchange rates 

series of five major currencies in Sri Lanka. The currencies 

considered are United States Dollar (USD), Euro, British 

Pound (GBP), Japanese Yen (JPY) and Indian Rupees 

(INR), all against Sri Lanka Rupee. The data span from 7th 

of May 2010 to 31st December 2019. The study employed 

symmetric models that estimate exchange rate volatility. 

The result of the study show that the four currencies fulfill 

the conditions of volatility models and these currencies 

modeled by GARCH. ARIMA (2, 1, 2,)-GARCH (1, 1) 

specification is proven to be the best model to estimate GBP 

exchange rate volatility. ARMA (1, 1) –GARCH (1, 1)is 

more appreciate for JPY and USD exchange rates volatility 

and ARMA (2, 2)-GARCH (2, 1) is best fittest model for 

INR exchange rate volatility. The study san concluded that 

the exchange rate volatility can be adequately modeled by 

GARCH model. As well as it is very import for Sri Lanka to 

make sure the stability of its exchange rate volatility. This is 

to ensure a steady growth of which, is vital for the long run 

economic growth of the country. Particularly, the role of 

respective authorities and market players in Sri Lanka is 

imperative in managing a viable capital market so as to 

ensue exchange rate stability. 
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