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Abstract  Exchange rate is the price of one currency in terms of another currency. Modelling exchange rate volatility can 

play an important role in macroeconomic management for stability and growth. This paper examine the forecasting accuracy 

of ARCH family models for the monthly BDT/ USD exchange rate data from Bangladesh Bank over the period from August, 

2004 to April, 2019. To find an appropriate model, several model selection criterion: Akaike information criteria (AIC) and 

Schwarz information criteria (SIC) and for measuring accuracy Root mean squared error (RMSE), Mean absolute error 

(MAE), Mean absolute percentage error (MAPE) and Theil inequality (TI) are used. Evaluation of models through these 

criteria suggest that GARCH (1,1) model is the best model for forecasting the monthly exchange rate volatility of Bangladesh 

and successfully overcome the leverage effect in the exchange rate. 
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1. Introduction 

Exchange rate is the price of one currency in terms of 

another currency. Over the last few decades, exchange rate 

movement and fluctuations has become an important subject 

of macroeconomic analysis and have received a great deal of 

interest from academics, financial economists and policy 

market. In an open and deregulated economic environment, 

exchange rates can play an important role in macroeconomic 

management for stability and growth. Depreciated exchange 

rate would reduce imports and increase exports and thereby 

contracting a country’s trade deficit. The rates are inherently 

noisy, non-stationary and deterministically chaotic. These 

characteristics suggest that there is no complete information 

that could be obtained from the past behavior of such 

markets to fully capture the dependency between the future 

rates and that of the past. As a result, the appropriate 

prediction of exchange rate is a crucial factor for the success 

of many businesses and fund managers. This research aims 

to analyze and compare the capacity of different 

mathematical models such as ARCH, GARCH, EGARCH, 

IGARCH and TARCH models. 
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2. Literature Review 

Quite a few studies have forecast the exchange rates (BDT 

vs. USD) of Bangladesh by econometric models. Different 

methods are used to predict exchange rates. These methods 

are distinguishable from each other by what they hold to be 

constant into the future. These methods includes moving 

average (MA), autoregressive (AR), Exponential smoothing, 

autoregressive integrated moving average (ARIMA), vector 

autoregressive (VAR). Well known and frequently applied 

models to estimate exchange rate volatility are the 

autoregressive conditional heteroscedasticity (ARCH) 

model advanced by Engle (1982) and generalized 

autoregressive conditional heteroscedasticity (GARCH) 

model developed independently by Bollerselv (1986) and 

Taylor (1986). Other models are: EGARCH model was 

proposed by Nelson (1991) and TARCH model introduced 

by Glosten, Jaganathan, and Runkle (1993) and Zakoïan 

(1994). 

Mandelbrot (1963) and Fama (1965) have shown that the 

time series of exchange rates are generally characterized by 

conditional heteroscedasticity, leptokurtic and volatility 

clustering. Various ARCH models have been applied by 

researchers to analysis the volatility of exchange rates in 

different countries. Such studies are: (Benavides, 2006) 

analyses the volatility forecast for the Mexican Peso- U.S. 

Dollar exchange rate, (Alam et. Al., 2012) analyses the 

exchange rates of Bangladeshi Taka (BDT) against the U.S. 

Dollar for the period of July 03,2006 to April 30,2012, 

(Musa et.al, 2014) forecast the exchange rate volatility 

between Naira and US Dollar using GARCH models. Ng and 
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McAleer (2004) used simple GARCH (1,1) and TARCH(1,1) 

models for testing, estimation and forecasting the volatility 

of daily returns in S&P 500 Composite Index and the Nikkei 

225 Index. Their empirical results indicate that TARCH (1,1) 

model seems to perform better with S&P 500 data, whereas 

the GARCH(1,1) model is better in some cases with Nikkei 

225. 

3. Material and Methods 

3.1. Data Source 

For this article, the data of monthly exchange rates of 

Bangladesh (BDT vs. USD) has been collected from 

Bangladesh Bank over the period from August, 2004 to April, 

2019. So there are total of 176 monthly observations.  

3.2. Methodology 

To determine the appropriate model for predicting the 

exchange rates of Bangladesh at first the stationary of the 

data will be checked using graphically, and unit root test i.e. 

ADF (Augmented Dickey-Fuller) test and Philips Perrons 

(PP) test are used here. If the series is stationary then using 

the ordinary least square (OLS) method foreign exchange 

rate moving pattern of Bangladesh is estimated. The foreign 

exchange rate moving pattern may autoregressive (AR) or 

moving average (MA) or combination of AR and MA 

(ARMA) or autoregressive integrated moving average 

(ARIMA). 

The AR (p) model can written as  

𝑌𝑡 = 𝜑1𝑌𝑡−1 + 𝜑2𝑌𝑡−2 + ⋯⋯ + 𝜑𝑝𝑌𝑡−𝑝 + 𝜀𝑡     (1) 

The MA (q) model can be written as  

𝑌𝑡 = 𝜀𝑡 − 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 − ⋯⋯𝜃𝑞𝜀𝑡−𝑞        (2) 

The combination of AR (p) and MA (q) model i.e. ARMA 

(p, q) model is expressed in the following form: 

𝑌𝑡 = 𝜃0 + 𝜑1𝑌𝑡−1 + 𝜑2𝑌𝑡−2 + ⋯⋯ + 𝜑𝑝𝑌𝑡−𝑝 + 𝜀𝑡 −

𝜃1𝜀𝑡−1 − 𝜃2𝜀𝑡−2 − ⋯⋯− 𝜃𝑞𝜀𝑡−𝑞        (3) 

Where, 𝑌𝑡  and 𝜀𝑡  are the actual value and random error 

at time period t respectively; 𝜑𝑖  (i=1,2,3,…….,p) and 𝜃𝑗  

(j=1,2,3,……..,q) are model parameters. The integer’s p and 

q are referred to as order of autoregressive and moving 

average respectively. Random error term 𝜀𝑡   are assumed to 

be independently and identically distributed (i.i.d) with mean 

zero and constant variance  𝜎2.  

Using backward shift operator the ARMA (p, q) model 

can be written in the following form 

𝜑 𝐵 𝑌𝑡 = 𝜃 𝐵 𝜀𝑡             (4) 

Where 𝜑 𝐵 = 1 − 𝜑1𝐵 − 𝜑2𝐵
2 − ⋯⋯⋯𝜑𝑝𝐵

𝑝  and 

𝜃 𝐵 = 1 + 𝜃1𝐵 + 𝜃2𝐵
2 + ⋯⋯ + 𝜃𝑞𝐵

𝑞 . 

If the time series is not stationary, then we convert it to 

stationary by taking it differencing. If d is the order of 

difference series then the ARIMA (p, d, q) model can be 

written as 

𝜑 𝐵 ∆𝑑𝑌𝑡 = 𝜃 𝐵 𝜀𝑡              (5) 

Afterwards heteroscedasticity test (ARCH LM test) on 

residuals of exchange rates are used to find the significance 

of the ARCH effect. If the ARCH effect is significant, 

several ARCH models like as Autoregressive conditional 

heteroscedasticity (ARCH), Generalized Autoregressive 

conditional heteroscedasticity (GARCH), Exponential 

generalized autoregressive conditional heteroscedasticity 

(EGARCH), Integrated generalized autoregressive 

conditional heteroscedasticity (IGARCH) and Threshold 

autoregressive conditional heteroscedasticity (TARCH) 

models are tested and compared based on the lowest values 

of Akaike information criteria (AIC) and Schwarz 

information criteria (SIC). Among them ARIMA are used as 

a mean model and the remaining model like as ARCH, 

GARCH, EGARCH, IGARCH and TARCH are used a 

variance model to forecast the volatility of exchange rate. 

3.3. Forecasting Performance 

In this article, to identify the best model for forecasting the 

exchange rate of Bangladesh we have used several measured 

such as Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE), Mean Absolute Percentage Error (MAPE) and 

Theil Inequality (TI). 

  The Root Mean Square Error: 
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  Theil’s inequality coefficient: TI = (RMSE of the 

forecasting model) / (RMSE of the actual model) 

Where, te  is the forecast error in time period t. 

ty  is the actual value in time period t. 

n is the number of forecast observations in the estimation 

period. 

The smaller values of MAE, RMSE and MAPE, the better 

the model is considered to be. A theil’s inequality is closer to 

0 indicates that better fit the model. 

4. Results and Discussion 

4.1. Stationary Test and ARIMA Model Selection 

Before modelling the exchange rate first we confirmed the 

series is stationary. Time series plot and unit root test (such 

as ADF and PP test) are used to check the series stationary or 

not. The time series plot of exchange rate series shown in 
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Figure 1(a) which shows an upward trend suggesting that the 

exchange rate series is non stationary since the mean of 

exchange rate has been changing over the periods but the 1st 

differencing series of exchange rate shown in Figure 1(b) 

suggest the series stationary since its mean and variance are 

constant over time. 

To confirm this we have used here Augmented Dickey 

Fuller (ADF) and Philips-Perron (PP) test. ADF and PP test 

suggest that the original series is insignificant (Table-1) but 

1st difference series is highly significant (Table-2) at 5% 

level of significance. Therefore the exchange rate series is 

non-stationary but after the non-seasonal 1st differencing, 

both test suggest that the series is stationary. Therefore for 

further analysis, we used the data in first difference. 

After the series has been stationarized by 1st differencing, 

the next step in fitting an ARIMA model is to determine  

how many AR or MA terms are needed to correct any 

autocorrelation that remains in the second differenced series. 

Therefore, the order of AR and/or MA terms that are needed 

to fit a model are tentatively identified by looking the ACF 

and PACF plots of the 1st differenced series. Since after 1st 

difference we get a stationary series so the order of d will be 

1. It is obvious from the sample ACF of the 2nd difference 

series (shown in figure 2) the most dominating spike at lag 1 

are statistically significant for ACF and PACF. Therefore 

based on the ACF and PACF plot we have selected ARIMA 

(1,1,1) as the best model among other ARIMA models as a 

mean model to forecast the exchange rate and this model are 

selected also based on the automatic ARIMA model on the 

basis of lowest values of AIC and SIC. 

After fit the model we have check that if there is an ARCH 

effect in this model by using residual plot and ARCH LM 

test. 
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Figure 1.  Time series plot of monthly exchange rate (a) and First difference of exchange rate series (b) 

 

Table 1.  Unit root test of exchange rate series 

𝐻0: 𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒 𝑟𝑎𝑡𝑒 ℎ𝑎𝑠 𝑎 𝑢𝑛𝑖𝑡 𝑟𝑜𝑜𝑡. 

Test 
ADF PP 

Test Statistic Critical value P- value Test Statistic Critical value P- value 

Intercept -1.759708 2.878212 0.3995 -1.694719 -2.877919 0.4322 

Intercept & Trend -2.709756 -3.436163 0.2341 -2.438142 -3.435708 0.3587 

Table 2.  Unit root test of exchange rate series 

𝐻0: 𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒 𝑟𝑎𝑡𝑒 ℎ𝑎𝑠 𝑎 𝑢𝑛𝑖𝑡 𝑟𝑜𝑜𝑡. 

Test 
ADF PP 

Test Statistic Critical value P- value Test Statistic Critical value P- value 

Intercept -6.468692 -2.878212 0.0000* -10.06912 -2.878015 0.0000* 

Intercept & Trend -6.504869 -3.436163 0.0000* -10.05592 -3.435858 0.0000* 

 Critical value for both test on level and 1
st
 difference at 5% level of significance. 

 * denotes significance at 5%. 
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Figure 2.  Correlogram of 1st difference of exchange rate series 
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Figure 3.  Residual plot of ARIMA (1,1,1) model 

Figure-3 shows that the volatility has changed after some 

periods i.e there may be an ARCH effect of the series. To 

make sure, we will run heteroscedasticity test. Table-3 

suggest that there is an ARCH effect since its p-value is  

less than 5% level of significance. Since ARCH effect is 

significant therefore ARCH family of models can be 

estimated. 

Table 3.  ARCH LM test 

F-statistic 12.09708 Prob. F(1,172) 
0.0006 

(significant) 

Obs*R-squared 11.43360 
Prob. 

Chi-Square(1) 

0.0007 

(significant) 
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4.2. ARCH Family Models Analysis and Comparisons 

In our study we have developed different ARICH family 

models i.e.ARCH, GARCH, EGARCH, IGARCH and 

TARCH and one of among them select to better forecast the 

exchange rate volatility based on the Akaike information 

criteria (AIC) and Schwarz information criteria (SIC) values. 

Table-4 suggest that among all models GARCH (1,1) is the 

best model since it has lowest value of AIC and SIC. 

The plot of ACF of residual and ARCH LM test of 

residual of the selected GARCH (1,1) model shown in 

figure-4 and table-6 respectively (see appendix). They 

suggest that there is no serial correlation in the residuals 

since all the p values are less than 5% and there is no ARCH 

effect in the model respectively. Therefore we have a good 

model GARCH (1,1) for forecasting the volatility of 

exchange rate.  

4.3. Forecasting Accuracy Comparisons 

To check the forecasting accuracy of different models, we 

have used 21 observations of exchange rate series from   

the period August, 2017 to April, 2019. The forecasting 

performance of different models are compared on the basis 

of root mean square error(RMSE), mean absolute 

error(MAE), mean absolute percentage error(MAPE) and 

Theil inequality (TI). Table-5 shows the forecasting 

comparisons of different model based on RMSE, MAE, 

MAPE and TI and suggest that ARIMA(1,1,1)-GARCH(1,1) 

is the best model since it has lowest values of RMSE, MAE, 

MAPE and TI are close to 0. Figure-5 (shown in appendix) 

shows the forecasted values and confidence intervals for 

different models. Therefore this paper suggest that ARIMA 

(1,1,1)-GARCH (1,1) is better model to forecast the 

exchange rate of Bangladesh. 

 

Table 4.  Comparisons of different ARCH family of models 

Models 
Coefficients 

(Prob.) 
AIC SIC 

ARCH(1) 
0.041882 

(0.0000)* 

4.069583 

(0.0000)* 
  0.820976 0.966220 

GARCH(1,1) 
0.007789 

(0.0000)* 

1.619732 

(0.0000)* 

0.337228 

(0.0000)* 
 0.699860 0.808793 

EGARCH(1,1,1) 
-1.289212 

(0.0000)* 

1.373518 

(0.0000)* 

0.005253 

(0.9572) 

0.778092 

(0.0000)* 
0.785401 0.912489 

IGARCH(1,1) 
0.260608 

(0.0000)* 

0.739392 

(0.0000)* 
  1.311946 1.384568 

TARCH(1,1,1) 
0.007644 

(0.0000)* 

2.326339 

(0.0000)* 

-1.487509 

(0.0062)* 

0.317208 

(0.0000)* 
0.704296 0.821385 

Note: The Prob. value are enclosed in bracket and * marked indicate that the estimated coefficients are significance at 5% level of 

significance. 

Table 5.  Comparisons of different models in out of sample forecasting accuracy 

Models RMSE MAE MAPE TI 

ARIMA(1,1,1)-ARCH(1) 0.293559 0.172657 0.208544 0.001769 

ARIMA(1,1,1)-GARCH(1,1) 0.285928 0.144853 0.175149 0.001723 

ARIMA(1,1,1)-EGARCH(1,1,1) 0.280469 0.151351 0.182836 0.001690 

ARIMA(1,1,1)-IGARCH(1,1) 0.293296 0.210939 0.254644 0.001766 

ARIMA(1,1,1)-TARCH(1,1,1) 0.287719 0.149313 0.180439 0.001734 

 

5. Conclusions 

In this paper we have built a model to forecast the 

exchange rate of Bangladesh. Since volatility of exchange 

rate has a significant impact on trade and remittance and 

consequently on the whole of economy. So it is important   

to select an appropriate model to forecast the volatility of  

the exchange rate. Monthly average exchange rates of 

Bangladesh for the period from August, 2004 to April, 2019 

are used for this study. After checking the stationary of the 

series by graphical method and unit root test we have select 

ARIMA (1,1,1) as a mean model for this study. Then this 

study tried to model the volatility of exchange rate using 

ARCH, GARCH, EGARCH, IGARCH and TARCH models. 

Among ARCH family models, GARCH (1,1) is found to be 

the best model since it has the lowest values of AIC and SIC 

compared to other models. In out of sample forecasting 

accuracy, ARIMA (1,1,1)-GARCH (1,1) is selected as a best 

model compared to others since it has the lower values of 

RMSE, MAE, MAPE and TI than others model. Finally the 

papers conclude that exchange rate volatility and forecasting 

can be adequately modeled by the ARIMA (1,1,1)-GARCH 

(1,1) model.  

  



188 Md. Shahajada Mia and Md. Siddikur Rahman:  Evaluating the Forecast Accuracy of  

Exchange Rate Volatility in Bangladesh Using ARCH Family of Models 

 

Appendix 

 

Correlogram of residuals 

 

Correlogram of square residuals 

Figure 4.  Serial correlation of ARIMA (1,1,1)-GARCH(1,1) model 

Table 6.  ARCH LM test of ARIMA (1,1,1)-GARCH (1,1) model 

F-statistic 0.104995 Prob. F(1,171) 0.7463 

Obs*R-squared 0.106158 Prob. Chi-Square(1) 0.7446 
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Figure 5.  Forecasting exchange rate volatility using different models 
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