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Abstract: This article highlights a comprehensive and approachable perspective to 

stochastic volatility models for financial time series analysis. Financial time series 

represent a distinctive category in the economic field, with highly dynamic 

characteristics, especially in times of financial crisis. Beyond its highly empirical 

behavior, modeling volatility of financial asset returns aims to improve forecast 

accuracy. The stochastic volatility models analyzed in this article include the 

autoregressive conditional heteroscedastic model (ARCH), the generalized 

autoregressive conditional heteroscedastic (GARCH) model and the exponential 

generalized autoregressive conditional heteroscedastic (EGARCH) model. 
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1. Introduction  
Modeling and forecasting the volatility of time series represents a stringent 

priority in terms of financial market analysis. Beyond the highly empirical behavior of 
financial time series, volatility is often perceived as a measure of risk. However, 
volatility is difficult to identify accurately and it is therefore to be estimated based on an 
econometric model.  

Human understanding of financial markets is limited, because our capability in 
analyzing the time series is incomplete and empirical economic methods are not 
perfectly. The obvious complexity of the financial markets has been investigated by 
various researchers and a large amount of research papers has been published in recent 
past. Resolving such an applied complexity has been for many long years just an 
theoretical utopia (Birau, 2011b). 

Financial time series are extremely unpredictable and non-stationary, generally 
characterized by periods in which registered local and non-systematic trends. As a 
consequence, the premise of a stochastic arbitrage probability is in sharp contradiction 
with the efficient market hypothesis (Franke, 2004). 

Financial time series, such as daily financial asset returns are characterized by 
high-frequency and excessive volatility features known in the literature as “volatility 
clustering”. As a feature, financial asset returns exhibit an obvious extremely weak 
autocorrelation in the case of emerging capital markets, while they are completely 
uncorrelated in the case of developed capita markets. On the other hand, squared 
financial asset returns are strongly positively correlated. 

The continuously-compounded daily returns were calculated using the log-
difference, as follows:  
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where p was the daily closing price.  
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2. Stochastic volatility models 

 
 The univariate stochastic volatility models analyzed in this article include the 
autoregressive conditional heteroscedastic model (ARCH), the generalized 
autoregressive conditional heteroscedastic (GARCH) model and the exponential 
generalized autoregressive conditional heteroscedastic (EGARCH) model. Besides these 
models, volatility has many other applications which are based in part on mathematical 
finance and financial econometrics. 
 Financial time series exhibit periods of high volatility which alternate with 
periods of low volatility, as can be seen in the figure below that plots daily returns of 
BET index from January 2003 up to August 2012: 
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Fig.1 Plot of log returns of BET index 

 

 
An important issue regarding the volatility process is that it focuses on the 

evolution of conditional variance of the financial asset return in time periods. Another 
key feature aimed the fact that volatility is a continuous process that does not involve 
major disparities. Moreover, volatility does not converge to infinity, but varies within 
certain fixed limits. 

The Autoregressive Conditional Heteroskedasticity (ARCH) model was 
developed by Engle in 1982. The methodological innovation which sets it apart from the 
previous time series econometric models suggests that the variance of the error terms at 
the time moment t depends on the squared error terms from the past periods of time. 

The essence of the model was that it is much more efficient to be used 
simultaneously the mean and variance of a financial time series in the case that 
conditional variance is not constant. The ARCH model highlights that the financial asset 
returns (rt) depend on past information.  

Setting Ft the informational set at time t which includes xt and all other past 
realization of the process xt, the financial asset returns is calculated as:  
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 An ARCH (1) model is defined as the process te , tÎΖ, if [ ] 0/ 1 =-tt FE e , then:  
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In general, ARCH (q) model is defined as follows:  
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The generalized autoregressive conditional heteroscedastic (GARCH) model 
was developed by Bollerslev in 1986. The particular feature of this model was to 
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introduce and use the lagged conditional variance terms as autoregressive terms. 
Actually, GARCH (1,1) model highlights a parsimonious alternative option to a more 
complicated ARCH (q) model.  

An GARCH (p,q) model is defined as the process te , tÎΖ, if [ ] 0/ 1 =-tt FE e . 

The variance equation is the following:  
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The exponential generalized autoregressive conditional heteroscedastic 
(EGARCH) model was developed by Nelson in 1991. 

The variance equation has the following expression: 
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where tg and tb are deterministic coefficients and simultaneously ( )[ ] 0=tZgE . 

The analysis highlights an important aspect that differentiates in a certain 
manner the last two stochastic volatility models, namely GARCH and EGARCH. 
Volatility in the case of GARCH model is an additive function of the lagged error 
terms te , but on the other hand, volatility (conditional variance 2

ts ) is a multiplicative 

function of the lagged error terms te . 

 
3. Conclusions   
Stochastic volatility models for financial time series analysis marks an area that 

has grown significantly in the recent past. Reliable modeling and forecasting of 
volatility is an extremely important area of concern in terms of financial markets. 
Continuous time stochastic volatility models analyzed in this article are characterized by 
high accuracy estimation. The use of ARCH, GARCH and EGARCH models in applied 
financial econometrics provides an improved perspective on risk management, portfolio 
optimization and financial decisions process. 
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