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ABSTRACT 

The research is based on financial time series modeling with special application to modeling 

exchange rate. In particular the theory ofunivariate non- linear time series analysis is explored 

and applied to the exchange rate data spanning from March 2005 to February 2013. Time series 

models namely, theautoregressive conditional heteroscedasticity (ARCH) (with their extensions 

to thegeneralized ARCH (GARCH)) models were fitted to the data. The stages inthe model 

building namely, identification, estimation and checking has been explored and applied to the 

data. A best fitting model was selected based on howwell the model captures the stochastic 

variation in the data (goodness of fit).The goodness of fit is assessed through the Akaike 

information criteria (AIC ),Bayesian information criteria (BIC) and standard error (SE): Based 

on minimum AIC and BIC values, the best fit GARCH models tend to be GARCH(1,1) and 

GARCH(1,2): After estimation of the parameters of selected models, a seriesof diagnostic and 

forecast accuracy test were performed. Having satisfied all the model assumptions, GARCH(1; 

1) model was judged to be the best modelfor forecasting. Forecasting for twelve (12) months in-

sample period (that is from January 2010 to December 2010) was done using the GARCH(1,1) 

model. From the results, it was observed that the forecasted series are close to the actual series. 
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INTRODUCTION  

Volatility is the degree to which financial prices fluctuate and foreign exchange is the trade 

between two or more currencies. Exchange rate volatility has been a constant feature of the 

International Monetary System ever since the breakdown of the Bretton Woods system offixed 

parities in 1971-73. Not surprisingly, in the wake of the growing use of derivatives in other 

financial markets, and following the extension of the seminal work of Black-Scholes (1973) to 

foreign exchange by Ahiati (2007), currency options have become an ever more popular way to 

hedge foreign exchange exposures and/or speculate in the currency markets. 

Exchange rates movements generate business risks of many types, often complex and sometimes 

hidden, which alter the value of existing foreign assets and liabilities. Whilst movements in 

interest rates alter the value of a firm as it indirectly affects the size of future cash flows. The 

foreign exchange market has managed to be the largest financial market in the world owing also 

to some innovations like the introduction of electronic broking, Gourieroux  (2001).As a way to 

model persistent movements in volatility without estimating a very large number of coefficients 

in a high-order polynomial  L(α), Gourieroux, Monfort and Philips, (1997) suggested a GARCH 

model. He introduces a conditional Heteroscedasticity model that includes lags of the conditional 

variance. The first time-varying volatility model is the Autoregressive 

ConditionalHeteroscedasticity (ARCH) model of Harvey, (1991).Chong, Loo  and Muhammad 

(2002), investigated on the time series models but did not take into account the stylized facts of 

exchange rate like having contiguous periods of volatility and stability, leptokurtic unconditional 

distributions and foreign exchange rate series were assumed to be normally distributed. Using 

daily data on five different nominal U.S. dollar rates, Hsieh (1988) finds out that means and 

variances of exchange rate series change over time. In fact, the ARCH class of models is ideally 

suited to modeling such behaviors.  

 

In this context, Hsieh (1989) employs ARCH, GARCH and EGARCH models for five foreign 

currencies, using 10 years of daily data. He finds that GARCH (1,1) and EGARCH(1,1) are 

extremely successful at removing conditional heteroscedasticity from daily exchange-rate 

movements.  

Moreover he claims that EGARCH is fitted to the data slightly better than standard GARCH 
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using a variety of diagnostic checks. As stated by Amos (2010), exchange rate returns are well-

known to be unconditionally symmetric but highly leptokurtic. Standardized daily or weekly 

returns from ARCH type models also appear symmetric but leptokurtic; that is, the distributions 

are not only unconditionally, but also conditionally leptokurtic, although less than 

unconditionally.  

 

Accordingly, Meyler, Kenny, Quinn (1998),Akaike (1974) and Bollerslev (1989b) assert that 

whilst the simple symmetric linear GARCH (l, 1) model might provide a good description for 

most exchange rate series under free float, the assumption of conditional normality does not 

capture all the excess kurtosis observed in daily or weekly data. In order to deal with this 

problem, Bollerslev later on  successfully presents the leptokurtic property of daily data for 

foreign exchange rates and finds that the GARCH (1,1) model with Student-t distribution fits 

quite well though not fully removing leptokurtic property. In the same way, Baillie and 

Bollerslev (1989b) compare two leptokurtic distributions, Student-t and power exponential 

distributions, in order to produce a more adequate representation of data. They claim that the 

Student-t distribution compares favorably to the power exponential and captures the excess 

kurtosis for most of the rates. The Student-t distribution is also estimated by Hsieh (1989), 

together with the generalized error distribution, a normal-Poisson, and a normal-lognormal 

mixture distribution. As well as non-normality issue, very similar results are reported in 

Bollerslev (1987), Hsieh (1988), Baillie and Bollerslev (1989) and Hsieh (1989) concerning the 

persistence of the conditional variance. Sengupta and Sfeir (1996) argue that the market volatility 

measured by conditional variances follow a persistent nonlinear behavior.  

 

On the other hand, Lastrapes (1989) finds that the ARCH process is non-stationaryinthe sense 

that the unconditional variance changes significantly across policy regimes. That is, including 

dummyvariables in the conditional variance to capture for the changes in the policy of the FED 

reduces the degree of leptokurtosis in the standardized residuals.  

When modeling volatility of returns, the choice of the observation frequency and issues related 

to the effect of temporal aggregation arisenaturally. Generally, the model is said to be closed 

under temporal aggregation if the model keeps the same structure, with possibly different 
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parameter values, for any data frequency. In an insightful paper Drost and Nijman (1993) prove, 

theoretically and for a special case (for GARCH (1,1)) that volatility structure should be 

preserved through temporal aggregation. This means that the structure of the volatility does not 

depend on frequency of the data used. In other words, hourly, daily, or monthly intervals in the 

data would end up in the same volatility structure. However, it is well known that this is not the 

case in practice; volatility persistence, which is highly significant in daily data, weakens as the 

frequency of data decreases. In fact, Diebold (1988) shows that conditional heteroscedasticity 

disappears if the sampling time interval increases to infinity. While ARCH effects are highly 

significant withdailyand weeklydata, both Diebold (1988) and Baillie and Bollerslev (1989b) 

note that ARCH effects tend to weaken with less frequently sampled data. For example, Baillie 

and Bollerslev (1989b) find that there are neither significant ARCH effects nor any substantial 

departures from normality in monthly data concerning the properties of exchange rate series, 

Hsieh (1988) draws attention to how the unconditional distributions of exchange rate changes 

differ across different days of the week. In the related context, Baillie and Bollerslev (1989b) 

show the existence of day-of-the-week and vacation effects in the mean and the conditional 

variances. 

 

In order to explain the presence of ARCHeffects, some economists suggest the mixture of 

distributions hypothesis, in which the rate of information arrival is the stochastic mixing 

variable. In this context, Lamoureux and Lastrapes (1990) use the daily stock trading volume as 

a proxy for the information arrival time and show that volume has an explanatory power 

regarding the variance of daily returns. Moreover, they claim that ARCH effects tend to 

disappear when volume is included in the variance equation. In contrast to Lamoureux and 

Lastrapes (1990), Bollerslev and Domowitz (1993) employ the bid-ask spreads as a proxy for the 

information arrival and find out a positive relation between exchange rate and spreads in which 

persistence in GARCH parameter remains strong. Galati (2000) examines the relationship 

between foreign exchange rates and trading volumes and finds that in most cases unexpected 

trading volumes and volatility are positively correlated. Similarly, Bauwens, Rime and Sucarrat 

(2005) search the impact of information arrival on exchange rate volatility and find positive and 

statistically significant results.  
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Whilst the hypothesis that contemporaneous trading volume is positively correlated with 

financial market volatility is supported in the data, the result that a single latent variable jointly 

determines both is formally rejected by Lamoureux and Lastrapes (1994). 

Another issue, which takes attention of economists, is the effects of foreign exchange 

intervention by central banks on the behavior of exchange rates. The role of central banks is not a 

passive one in the foreign exchange markets. They continue to intervene to maintain an “orderly 

market”, through trading in exchange market. In the well-known study, Dominguez (1998) 

examines the effects of US, German and Japanese monetary and intervention policies on dollar-

mark and dollar-yen exchange rate volatility over the 1977-1994 period. In addition to the 

intervention variables, day-of-the-week and holiday dummy variables, dummy variables 

capturing exchange rate policy news and spread between country interest rates are included. 

According to the results, the sign and significance of the intervention variables measured in 

magnitudes or dummy variable form are often quite similar and confirm that just the presence of 

a central bank in the foreign exchange market influences volatility. 

 

On the other hand, Beine, Bénassy-Quéré and Lecourt (1999) claim that traditional GARCH 

estimations tend to underestimate the effects of central bank interventions and employ 

FIGARCH model. Compared to Dominguez (1998), their study covers shorter period of time, 

1985-1995.Their result suggests that official purchases of dollars increase the exchange rate 

volatility. The purpose of this study is to apply the Auto Regressive Conditional 

Heteroscedasticity (ARCH) models to characterize and model observed time series of Home link 

(Pvt Ltd) in Zimbabwe using financial time series using the Ljung and Box (1978) model. 

However, our approach differs from most in that we focus on why some models forecast better 

than others exploring four ways: 

o The relative weighting of recent versus older observations, 

o The importance of the estimation criteria, 

o The trade-off  in terms of forecasting error between simple, but possibly incomplete, 

forecasting models and more complex models which maybe more realistic but add 

estimation error 

o The emphasis placed on large shocks. 
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METHODOLOGY 

The researcher considered exchange rate between the United States Dollar (USD) and British 

Pound Sterling (GBP) because that is where most transactions emanate from. The period of study 

is from 1 March 2005 up to 28 Feb 2013. These observations exclude all weekends and major 

public holidays to avoid confounding data.The period of study selected were from the day the 

company started operating up to the day of data collection. The researcher carried out the most 

crucial testsi.e.stationarity, autocorrelation, heteroscedasticity and normality. The exchange rate 

series we had in this study was non-stationary we therefore converted the prices to returns by 

logarithmic transformations. This section uses a formal statistical test to establish the presence of 

ARCH effects in the data. The test for heteroscedasticity has been done using Ljung-Box-Pierce 

Q test and Engle's ARCH test. The Ljung-Box-Pierce Q test table shows data in the form of 

binary number that is 0 and 1: H = 0 implies that no significant correlation exists. H = 1 means 

that significant correlation exists. 

In practice one does not know whether a series is I (1) or not, a simple test for stationarity against 

that for non stationarity is provided by Dickey Fuller test of (1979).A more formal 

autocorrelation test is provided for by the Durbin-Watson test and we will look at first order 

autocorrelation and it is applied as follows using the model   𝑢𝑡 =  𝜌𝑢𝑡−1 + ℇ𝑡 .  

The GARCH (p, q) model was used to fit the exchange rate data. The researcher prepared a table 

which gives the suggested models with their respective statistics. The idea is to have a 

parsimonious model that captures as much variation in the data as possible. The simple GARCH 

model captures most of the variability in most stabilized series. Small lags for p and q are 

common in applications. TypicallyGARCH (1,1); GARCH(2,1) or GARCH(1,2) models are 

adequate for modeling volatilities even over long sample periods (Bollerslev, Chou and Kroner, 

1992). However in this research we have included GARCH (2, 2) in order to check if it is 

appropriate for modeling time varying variances of our data. The smaller the AIC and BIC the 

better. Larger AIC’s, BIC’s and standard error makes the model unfavorable for time series 

forecasting.Goodness of fit of the ARCH-GARCH model is based on residuals, more specifically 

on the standardized residuals. The residuals are assumed to be independently and identically 

distributed following either a normal or standardized t distribution. Plots of the residuals such as 

the histogram, the normal probability plot and the time plot of the residuals were used. If the 
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model fits the data well the histogram of the residuals should be approximately symmetric. The 

normal probability plot should be a straight line while the time plot should exhibit random 

variation. The ACF and the PACF of the standardized residuals are used for checking the 

adequacy of the conditional variance model. The Engle's test and the Ljung Box Q test were used 

to check the validity of the ARCH effects (Heteroscedasticity) in the data. Having established 

that our model fits the data well, we can now use the fitted model to compute forecasts.  

From previous studies, most research work has found that the selected model is not necessary the 

model that provides best forecasting. In this sense further forecasting accuracy test such as MAE, 

RMSE and MSE must be performed. Various measures of forecasting errors, namely the mean 

absolute error (MAE), the root mean squared error (RMSE), and Thiele's U statistic for two 

models (GARCH(1,1) and GARCH(1,2)) are calculated. The first two forecast error statistics 

depend on the scale of the dependent variable. These are used as relative measures to compare 

forecasts for the same series across different models, the smaller the error the better the 

forecasting ability of that model accordingly. The remaining two statistics are scale invariant. 

Thiele’s inequality coefficient always lies between zero and one, where zero indicates a perfect 

fit.  

The purpose of forecasting within the sample is to test for the predictability power of the model. 

If the magnitude of the difference between the forecasted and actual values is small then the 

model has good forecasting power.Using the selected model to compute forecasts for the foreign 

exchange return series 10 days into the future. 

1. Set the forecast horizon to 10 days: 

2. Call the forecasting engine, garchpred, with the estimated model parameters, coefficients, 

the foreign exchange returns, and the forecast horizon: 

3. [sigmaForecast,meanForecast,sigmaTotal,meanRMSE] = garchpred(coeff,foreign 

exchange, horizon); 

This call to garchpred returns the following parameters: 

 Forecasts of conditional standard deviations of the residuals (sigma Forecast) 

 Forecasts of the foreign exchange returns (meanForecast) 

 Forecasts of the standard deviations of the cumulative holding period foreign 

exchange returns (sigmaTotal) 
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 Standard errors associated with forecasts of foreign exchange returns 

(meanRMSE) 

The return series foreign exchange is a vector thus, all garchpred outputs are vectors. 

Garchpred uses iterated conditional expectations to successively update forecaststherefore all of 

its outputs have 10 rows. The first row stores the 1-period-ahead forecasts; the second row stores 

the 2-period-ahead forecasts. Thus, the last row stores the forecasts at the 10-day horizon.This 

output retains values which are returns hence they cannot be compared against the original data 

(prices). We convert these forecast returns to prices and then compare them to the original data. 

 

RESULTS AND ANALYSIS 

 Data Description and Basic Statistics 

Table 1 gives the descriptive statistics for daily consumer prices and returns.  

Table 1: Descriptive Statistics for the Exchange Rate Series. 

 Price Return 

Mean 1.71972187 -0.000115724 

Median 1.641916 0 

Standard Deviation 0.181291643 0.006478769 

Kurtosis -1.201474194 5.013488918 

Skewness 0.356794137 -0.353817542 

Max 2.1064 0.0389 

Min 01.3631 -0.0481 

Jarque-Bera 55.8432 53.8218 

ADF(level) -0.576881  

ADF(1
st
 diff) -11.642264  

 

The value for kurtosis is high so, the distribution is peaked relative to normal. So,the sample has 

all financial characteristics, that is, volatility clustering and leptokurtosis. Furthermore, in terms 

of stationarity the results from the AugmentedDickey Fuller (ADF) test in Table 1 indicates that 

the series has unit root andtherefore time series models can be used to examine the behavior of 

volatilityover time. 

jar:file:///C:/Program%20Files/MATLAB/R2011a/help/toolbox/econ/help.jar%21/garchpred.html
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Figure 1:Time Plot of Daily Exchange Rate 

 

The timeplot of the daily exchange rate for the period March 2005 through February 2013 in 

Figure 1, gives evidence that variances are changing with time. The exchange rate we have in 

this study is non-stationary we therefore convert the prices to returns. 

Testing for ARCH Effects and Serial Correlation in the Return Series 

 

 

Figure 2: First Difference Log of Exchange Rate 

 

Figure 2 illustrates the plot of return series converted from original data. The returns appear to be 

quite stable overtime and the transformation has produced a stationary process. This behavior of 

Mar 2005 Mar 2008 Mar 2011 Mar 2013 Mar 2005 Mar 2008 Mar 2011
1.3

1.4

1.5

1.6

1.7

1.8

1.9

2

2.1

2.2

2.3

Time

 E
xc

ha
ng

e 
Ra

te
(%

)

 British Pound/U.S Dollar Exchange rate 2005:3-2013:2

 

 

ans

Mar 2005 Mar 2008 Mar 2011 Mar 2013
-0.05

-0.04

-0.03

-0.02

-0.01

0

0.01

0.02

0.03

0.04

Re
tu

rn

British Pound/U.S Dollar Daily Returns



International journal of advanced scientific and technical research               Issue 4 volume 1, January-February 2014          

Available online on   http://www.rspublication.com/ijst/index.html                                                     ISSN 2249-9954 

R S. Publication, rspublicationhouse@gmail.com Page 352 

 

exchange rate series returns is in line with most financial theories and models which usually 

assume the prices to returns, to be a stationary process.  

 

Table 2: Ljung-Box-Pierce Q-test for Autocorrelation :( at 95% confidence) 

Lag H P – value Stat CriticalValue 

10 1.0000 0.0001 36.6322 18.3070 

15 1.0000 0.0000 71.0758 24.9958 

20 1.0000 0.0000 79.0320 31.4104 

 

Table 3: Ljung Box-Pierce Q-test for Squared Returns: (at 95% confidence) 

Lag H P – value Stat CriticalValue 

10 0.0010 0.0000 0.8069 0.0183 

15 0.0010 0.0000 1.0259 0.0250 

20 0.0010 0.0000 1.2643 0.0314 

 

Table 4: Engle ARCH test for Heteroscedasticity: (at 95% Confidence) 

Lag H P – value Stat CriticalValue 

10 1.0000 0.0000 307.1426 18.3070 

15 1.0000 0.0000 321.1639 24.9958 

20 1.0000 0.0000 342.0445 31.4104 

 

From Table 3 it can be verified that there is no significant correlation in the squared returns when 

tested for up to 10; 15 and 20 lags of the ACF at the 5% level of significance.However, there is 

significant serial correlation in the raw returns in Table 2 and Table 4,all the p values show that 

the Q test and the ARCH test at lag 10, lag 15 and lag 20 are significant showing presence of 

ARCH effects. 
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FIGURE 3: ACF with Bounds for Raw Returns 

At most all the spikes are bounded within the blue lines (acceptable range) but lag 15 is 

outstanding with sample autocorrelation close to 0.1. In Figure 3 the ACF provides no indication 

of the correlation characteristics of the returns.  

 

 

Fig 4: PACF with Bounds for Raw Returns 
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Most of the lags show negligible auto correlation except for lag 15 and lag 1. We can thus 

conclude that the PACF provides no indication of the correlation characteristics of the returns. 

 

 

Fig 5: ACF of the Squared Returns 

Fig 5 shows significant correlation and dies out slowly. This result indicates that the variance of 

returns series is conditional on its past history and may change over time. Each of these tests 

extracts the sample mean from the actual exchange rate series. This is consistent with the 

definition of the conditional mean equation of the default model, in which the innovations 

process is 𝜀𝑡 = 𝑟𝑡 − 𝐶 and 𝐶 is the mean 𝑜𝑓 𝑟𝑡 . 

 Model Estimation and Evaluation 

Table 5: Parameter Estimates for GARCH (1, 1). 

Parameter C K GARCH(1) ARCH(1) 

Estimates -1.1198e^-005 2e^-007 0.95879 0.03539 

Standard Error 0.00011695 7.7832e^-008 0.006106 0.0051534 

t   value -0.0958 2.5697 157.0236 6.8673 

 

The standard errors are used to assess the accuracy of the estimates, the smaller the better. The 

model fit statistics used to assess how well the model fits thedata are the AIC and BIC: Their 

corresponding values are: AIC = -1.5398 andBIC = -1.5377 with the log likelihood value of 

233.4 as shown in table 9. The standard errors arequite small suggesting precise estimates. Based 
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on 95% confidence level, the coefficients of the GARCH (1, 1) model are significantly different 

from zero and theestimated values satisfy the stability condition, that is, 𝛼1 + 𝛽1 < 1 with𝛽1 >

𝛼1 . 

Table 6: Parameter Estimates for GARCH (1, 2). 

Parameter C K GARCH(1) ARCH(1) ARCH(2) 

Estimates -1.2928e^-005 2e^-007 0.95876 0.035419 0 

Standard 

Error 

0.00011704 7.9646e^-008 0.0069943 0.014829 0.017034 

t   value -0.1105 2.5111 137.0779 2.3884 0 

 

A corresponding stochastic GARCH (1, 2) model was also seen not to fit the data well, as the 

𝛼2coefficient of the GARCH (1, 2) was not significant, the stationarity condition was also 

violated. 

Table 7: Parameter Estimates for GARCH (2, 1). 

Parameter C K GARCH(1) GARCH(2) ARCH(1) 

Estimates -7.0633e^-006 2e^-007 0.28881 0.65999 0.055758 

Standard 

Error 

0.00011529 1.0747e^-007 0.1919 0.18586 0.0094909 

t   value -0.0613 1.8610 1.4529 3.5509 5.8748 

 

The third model to be considered is the GARCH (2, 1) because it seemed to fit the data well, it 

has a small log likelihood function, small standard error and both the AIC and BIC are very close 

to that of GARCH (1, 1). However the model was found to be violating 

𝛼𝑖 + 𝛽𝑖 < 1,i,j ∈  𝑍+as 𝛼1  = 0.055758,  𝛽2= 0.65999,  𝛽1= 0.2888; that is 𝛼1 + 𝛼2 + 𝛽1 = 1; 

where i + j < 1 is a necessary  condition for the model to be stationary. The corresponding t 

statistics are: AIC = -1.53997668e^004and BIC =-1.53716395e^004 with log likelihood function 

of 232.8. Thus the GARCH(2,1) has bigger AIC and BIC values than the stochastic volatility 

GARCH(1,1) model, indicating that, GARCH(1,1) is superior in extracting statistical 

information from the data hence accommodating conditional variances. The parameter estimates 

given in Table 7 giving rise to the model, 
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𝑟𝑡 = −7.0633𝑒−006 + 𝜀𝑡   

                                             𝜎𝑡
2 = 2𝑒−007 + 0.28881𝜎𝑡−1

2 +0.65999𝜎𝑡−1
2 + 0.055758𝜎𝑡−2

2  

Table 8: Parameter Estimates for GARCH (2, 2). 

Paramete

r 

C K GARCH(1) GARCH(2) ARCH(1) ARCH(2) 

Estimates -7.2008e^-006 2e^-007 0.28625 0.65274 0.055554 0 

Standard 

Error 

0.00011529 1.1623e^-007 0.35799 0.3432 0.015787 0.024958 

t   value -0.0625 1.7207 0.7996 1.9020 3.5190 0 

 

Another candidate model fitted to data and tested was the GARCH (2, 2). The analysis showed a 

non significant 𝛼2 coefficient this implies that the ARCH (2) parameter has no explanatory 

power to the model. The fit statistics are: AIC =-1.53977688e^004 and BIC =-1.53640152e^004 

which are also greater than the GARCH (1, 1) model, suggesting that the GARCH (2, 2) is less 

appropriate than the GARCH (1, 1) model. 

Note also that the mean standard error under GARCH (2, 2) is bigger as comparedto the 

stochastic volatility GARCH (1, 1) model.At this point in time series, it can be established that, 

amongst all the identified models, the GARCH (1, 1) is proven to be the best fit model. The 

section below provides a comprehensive comparison of the identified models. 

 

 

 

 

 

A Comparison of the Fitted GARCH Models 

Table 9 Comparison of suggested GARCH Models. 

Model AIC BIC SE Log-Likelihood 

GARCH(1,1) -1.53981682e^004 -1.53756658e^004 0.0034993 233.4118 
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GARCH(1,2) -1.53961682e^004 -1.53680402e^004 0.0083292 232.7910 

GARCH(2,1) -1.53997668e^004 -1.53716395e^004 0.0776692 233.4118 

GARCH(2,2) -1.53977688e^004 -1.53640152e^004 0.1238517 232.5524 

 

The model given in bold is judged to be the most appropriate according to the criteria above. 

Table 9 shows the competing models to the data with their respective AIC, BIC and SE. From 

our derived models, using the method of maximum likelihood, the estimated parameters of the 

models with their corresponding standard error and other statistical tests are shown in the Table 

5; 6, 7 and 8. 

Table 9shows the competing GARCH models together with their corresponding estimates, 

standard errors, significant statistical tests, AIC and BIC for each parameter. The GARCH (1, 1) 

has the smallest AIC = -1.53981682e^004 and BIC = -1.53756658e^004 and all parameters are 

significant. The standard error of the GARCH (1, 1) is the smallest of the all models, suggesting 

that the model parameters are precise. 

Therefore this model is selected to be the best fit of all the models fitted. The other models have 

greater AIC, BIC and standard errors; therefore they were provided only for comparison 

purposes. Having constructed our model, the next task is to assess how well the model fits the 

data. This is done through residual analysis or model checking.  

 Diagnostic Checking of the GARCH (1, 1) Model 

Model checking is done through analyzing the residuals from the fitted model. In time series 

modeling, the selection of the best model fit to the data is directly related to whether residual 

analysis is performed well. One of the assumptions of GARCH model is that, for a goodmodel, 

the residuals must follow a white noise process that is if the model fits the data well; the 

residuals are expected to be `random; independent and identically distributed following the 

normal distribution. 
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Figure 6: Plot of Return, Estimated Volatility and Innovations (residuals)

 

Figure 6 inspects the relationship between the innovations (residuals) derived from the fitted 

model, the corresponding conditional standard deviations and the observed returns. We can see 

that both innovations (top plot) and returns (bottom plot) exhibit volatility clustering. 

 

Fig 7 Standardized Innovations 
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However if we plot the, standardized innovations, they appear generally stable with little 

clustering as shown in Figure 7. The time plot of the residuals above is used to check whether the 

residuals are random. The normality check is also done by analyzing the histogram of residuals 

and normal probability plot.  

 

Fig 8: (a) Histogram of Residuals Plot from GARCH (1, 1) 

Figure 8(a) gives the histogram of the residuals from the GARCH (1, 1) model. The histogram 

shows almost a symmetric bell-shaped distribution which is indicative of the residuals following 

a normal distribution. The slight positive skewness is expected since the residuals may also come 

from student`s t distribution. The positive skewness tendency is also supported by positive large 

residuals in Figure 6. 
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Fig 8( b) Normal Probability Plot from GARCH (1, 1) 

 

The normalitycheck of residuals can also be done by the normal probability plot. If the residuals 

come from the normal distribution the plot shouldbe a straight line. From figure 8(b), 

theresiduals are indeed normally distributed as evidenced by a straight line on which almost all 

the points have fallen along the dashed line. 

Moreover if the model is successful at modeling the serial correlation structure in the conditional 

mean and conditional variance, then there should be no auto-correlation left in the standardized 

residuals and squared standardized residuals. Figure 9 gives the plot of the ACF of the squared 

standardized innovations. 
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Fig 9 ACF of Squared Standardized Innovations 

The plot shows that there is no correlation. 

Table 10: Ljung Box-Pierce Q-test for Standardized Innovations: (at 95% Confidence) 

Lag H P – value Stat CriticalValue 

10 0.0000 0.3484 11.1184 18.3070 

15 0.0000 0.1063 22.0584 24.9958 

20 0.0000 0.0318 33.2309 31.4104 

Table 11: Engle ARCH Test on Standardized Innovations: (at 95% Confidence) 

Lag H P – value Stat CriticalValue 

10 0.0000 0.3974 10.5044 18.3070 

15 0.0000 0.1485 20.6481 24.9958 

20 0.0000 0.0622 30.4984 31.4104 

Table 10 and 11 compared the results of the Q test and the ARCH test with the results of the 

same tests in the pre-estimation analysis in Table3 and 4 respectively. In the pre-estimation 

analysis, both the Q   test and the ARCH test indicated rejection (H = 0 with p value = 0) of their 

respective null hypothesis showing significant evidence in support of GARCH effects. In the 

post estimation analysis using standardized innovations based on the estimated model, these 

same tests indicate acceptance (H = 0 with highly significant p values) of their respective null 
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hypothesis and confirm the explanatory power of GARCH (1, 1). The tests showed that no any 

ARCH effects left (no heteroscedasticity). Also from t test result Table 9, since the p-values of 

0.3974; 0.1485and 0.0622 are less than 5% alpha level; we fail to reject the null hypothesis that, 

there is no autocorrelation left in the residuals. Therefore we proceed to use the model to forecast 

future values of the in exchange rate series. 

 Forecast Evaluation and Accuracy Criteria 

Table 12: Forecast Accuracy Test on the Most Likely Suggested GARCH Models. 

Model MSE MAE RMSE Thiel’s U-test 

GARCH(1; 1) 0.5848 0.7483 0.8651 0.8528 

GARCH(1; 2) 0.6034 0.9812 0.7768 0.9821 

The Thiele's statistics is less than one, indicating that the forecasts are fairly accurate. From the 

results, it can be seen that most of the accuracy tests favor GARCH (1, 1) model.  

 Forecasting with the GARCH (1, 1) Model 

Table 13Ten-period Forecasts horizon of Exchange rate from GARCH (1, 1) 

Period Forecast Observed Value Forecast Error 

1 2.032343 1.39687 0.63547 

2 2.030861 1.39815 0.63271 

3 2.028019 1.45359 0.57443 

4 2.011173 1.44215 0.56902 

5 1.998704 1.75546 0.24324 

6 1.994678 1.7258 0.26888 

7 2.000286 1.72933 0.27096 

8 2.007728 1.73965 0.26808 

9 2.014771 1.56258 0.4522 

10 2.025111 1.58043 0.44468 

 

To measure the forecasting ability we have estimated within sample forecasts. The purpose of 

forecasting within the sample is to test for the predictability power of the model. From the table 

the least forecasting error is 0.243 and the greatest forecasting error is 0.635. Since the 
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magnitude of the difference between the forecasted and actual values is small (less than one), we 

conclude that the model has good forecasting power.  

 Summary, Conclusion and Recommendations 

The study has presented us with an opportunity to have an extensive under-standing of the theory 

of time series analysis in the area of non linear models and its application to real life situations. 

The stages in the model building (that is the identification, estimation and checking) strategy 

have been explored and utilized. In this study we formulated and analyzed the times series 

GARCH model. The model basically assumes that all parameters in the variance equation must 

be positive (to ensure non-negativity condition for the conditional variance), the current 

conditional variance depends on the previous observations and previous conditional variance and 

there must be heteroscedasticity in the data to be modeled. Based on minimum AIC and BIC 

values, the best fit model tendsto be GARCH (1, 1). According to the GARCH (1, 1) model 

fitted, 𝜶𝟏 reflects the influence of random deviations in the previous period on𝝈𝒕, whereas 𝜷𝟏 

measures the part of realized variance in the previous period that is carried over into the current 

period. The sizes of 𝜶𝟏and 𝜷𝟏 determine the short-run dynamics of the resulting volatility time 

series. Large GARCH coefficient 𝜶𝟏, measures that volatility reacts intensely to the inflation rate 

movements. Large GARCH coefficient 𝜷𝟏 indicates that shocks to the conditional variance take 

sometime to die out. Our results also show that there exists some persistence in volatility as 

measured by the sum of 𝜶𝟏and 𝜷𝟏. However, having satisfied with all underlying model 

assumptions GARCH model of (1, 1) was judged to be the best model for forecasting. 

In this study, our main goal was to model and forecast exchange rate data. The in-sample 

forecasting and accuracy of the forecasted future values are the core point for every forecaster. 

This is because the forecasted values will affect the quality of the policies implemented based on 

the forecast and the model used. With this motive, it is therefore recommended that future 

research on this topic is of great concern and it will be helpful to assess the performance of the 

model used in this research in terms of forecast precision as compared to other time series 

models. 

For future refinements although the application in this research study is based on exchange rate 

data, futureresearch can also consider; 



International journal of advanced scientific and technical research               Issue 4 volume 1, January-February 2014          

Available online on   http://www.rspublication.com/ijst/index.html                                                     ISSN 2249-9954 

R S. Publication, rspublicationhouse@gmail.com Page 364 

 

• The multivariate GARCH model, where other macro-economic variables such asinflation and 

money supply will be involved in the model 

• Other areas of application for instance are, environmental and pollution data,health researches 

in the context of longitudinal data, agriculture and geo-statistics just to mention a few. 
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