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Abstract 

The present study emphasizes on a comparison study 

among the Mathematical models- GARCH, Parkinson, 

Roger Sactchell & Artificial Neural Network models for 

calculating the volatilities of NSE & BSE. The 

performance of data exhibits that, there is no significant 

difference in the volatilities of Nifty & Sensex estimated 

under the Mathematical models & ANN models. Hence 

ANN model can be used more than others for calculating 

volatilities due to its robustness & fault tolerance 

characteristics.  

Keywords:  GARCH model, Parkinson model, Garman -

Klass model, Roger -Satchell model, & ANN. 

 

1 Introduction:  

The Capital markets around the global play an important 

role in the process of economic growth and 

developments of a country by facilitating savings and 

channeling funds from savers to investors. There have 

been numerous attempts to develop the financial sector, 

small as well as emerging economies to face the 

difficulty of high volatility and low liquidity of Capital 

markets. Hence a good model of volatility (providing 

accurate forecasts) is extremely useful as volatility is 

used to measure the required rate of return of an asset as 

per the Capital Asset Pricing Model (CAPM); 

Construction of optimal portfolio through Markowitz 

model and Sharpe model; pricing of stock option and 

index option by using Black, Scholes and Merton model; 

hedging of systematic risk of a stock or of a portfolio 

through stock futures and index futures respectively; and 

evaluation of the performance of portfolio through 

Shape‟s and Trenor‟s model.  

                                  An extension of the ARCH(q) 

model is the Generalized ARCH (GARCH) model 

developed independently by Bollerslev (1986) and 

Taylor (1987) is mostly used by the mathematicians and 

the researchers & practitioners of financial sector to 

calculate the volatility of Stock market. Also  different 

class of volatility estimators, knows as the extreme-value 

volatility estimators‟ proposed by Parkinson (1980),  

 

 

Garman and Klass (1980), and Roger and Satchell 

(1991) are used to calculate it. But from the beginning of 

time it has been man‟s common goal to make his life 

easier. The prevailing notion in society is that wealth 

brings comfort and luxury, so it is not surprising that 

there has been so much work done on ways to predict 

and to calculate the volatility of  the  stock market using 

Artificial Neural Networks(ANN) model.  White [1988] 

was the first to be Neural Networks for stock market fore 

casting. Ripley [1993] claims that although comparisons 

of ANNs to other methods are rare, however, when done 

carefully, often show that statistical methods can 

outperform the state-of the art ANNs. His paper includes 

a comment from Aharnian [1992] on ANNs as financial 

applications. Sarle [1994] concludes it is unlikely that 

ANNs will supersede statistical methodology as he 

believes that applied statistic is highly unlikely to be 

reduced to an automatic process or expert system. Many 

more works have done to forecast stock market volatility 

using Neural Networks such as De Leone [2006],  

Xiaotan [2007], Al-Qahari [2008] and Bruce [2009], 

Mitra [2009]. But the statistical approaches -descriptive 

statistics, linear regression, framework GARH family are 

also used to compare the result of data analysis using 

NXI for stock market volatility by the researches such as 

Chan [2000], Popesic [2003], Sohn[2005], Mantri 

etl[2012],etc.     

                       

This paper tries to emphasize the comparison study 

among various mathematical models: GARCH model, 

Parkinson model, Garman -Klass model, Roger -Satchell 

model, & ANN models for calculating the volatilities 

being considering the indices of National Stock 

Exchange, NSE, Bombay Stock Exhange. 

 

 

1.2 Volatility Modeling and Performance Evaluation 

      a) GARCH Model: The GARCH model was 

developed independently by T. Bollerslev    in 1986 and 
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S. J. Taylor in 1987. They suggested that the conditional 

variance be specified through GARCH (q, p) model as  
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with the following constraints in order to ensure a 

positive conditional variance:  

α0 > 0; αi ≥ 0, for i = 1, …, q 

 βj ≥ 0, for j = 1, …, p. 

 

   b) Extreme-Value Volatility Estimators: A different class 

of volatility estimators, knows as the   extreme-value volatility 

estimators‟ is proposed by Parkinson (1980), Garman and 

Klass (1980), and Roger and Satchell (1991). In addition to 

the daily closing price data, these estimators take into account 

the daily opening, high and low prices for arriving at volatility 

of returns for the stock market indices 

 

Parkinson (1980) was the first to suggest the following 

estimator based on the highest and the lowest prices 

observed in a day, i.e., the trading range. 
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 Where, k = 0.601 or k = 1 

 Ht = Intraday High Price 

 Lt = Intraday Low Price 

 n = no. of observations 

  PV = Volatility of return as per Parkinson 

(1980) 

 

Garman and Klan (1980) extended Parkinson‟s (1980) 

work to include the opening and closing prices along 

with high and low prices in a trading day. Accordingly, 

they propose the model of volatility presented as 
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Where, n = No. of observations 

Ht, Lt, Ct, and Ot denote intra-day high, low, close and 

open values respectively. 

  GKV = Volatility of return on per German and 

Klass (1980) 

Roger and Satchell (1991) suggested yet another, more 

robust, volatility estimator that, unlike the two other 

estimators described above, does not assume a drift less 

Geometric Brownian motion of the prices between two 

points of observation. Their estimator is as follows: 
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 Where, GKV  = Volatility of return as per 

Roger and Satchell (1991) 

 

c) One of the most useful and successful applications of 

neural networks to data analysis is the multilayer 

perceptron model (MLP). Multilayer perceptron models 

are non-linear neural network models that can be used to 

approximate almost any function with a high degree of 

accuracy (White 1992). ANN- MLP contains a hidden 

layer of neurons that uses non-linear activation 

functions, such as a logistic function. The number of 

inputs and outputs in the MLP, as well as the number, 

can be manipulated to analyze different types of data 

 

1.3 Works done & analysis 

Daily closing, high, low and opening indices of BSE 

Sensex and NSE Nifty from January 1995 to December 

2008 are taken in to consideration for this paper.Table-1 

and table-2 exhibits the daily volatility under ANN 

model, with other mathematical models like Parkinson 

(1980), Roger- Satchell, German –Klass ,General 

statistical  model and GARCH(1,1) model of BSE 

Sensex and NSE Nifty respectively 
 

 

Table-1 

Year Volatility  

ANN 

Volatility 

CCV 

Volatility 

PKV 

Volatility 

GKV 

Volatility 

RSV 
GARCH 

(1,1)Sensex 

1995 1.123 1.267 0.719 0.632 0.626 1.094 

1996 1.201 1.522 1.165 1.063 1.053 1.485 

1997 1.32 1.638 1.293 1.237 1.239 1.381 

1998 1.402 1.885 1.404 1.346 1.362 1.884 

1999 1.436 1.809 1.439 1.388 1.377 1.779 

2000 1.841 2.191 1.916 1.799 1.742 1.869 

2001 1.315 1.721 1.516 1.488 1.485 1.961 

2002 0.849 1.104 0.965 0.931 0.923 1.098 
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2003 0.99 1.164 1.018 0.968 0.932 1.150 

2004 1.191 1.626 1.413 1.354 1.323 1.370 

2005 0.956 1.086 0.977 0.957 0.946 1.095 

2006 1.256 1.641 1.459 1.423 1.433 1.11 

2007 1.479 1.544 1.254 1.215 1.191 1.552 

2008 2.511 2.899 2.231 2.158 2.175 2.827 

 

Table 2: 

Year Volatility  

ANN 

Volatility 

CCV 

Volatility 

PKV 

Volatility 

GKV 

Volatility 

RSV 
GARCH 

(1,1)Nifty 

1995 1.1 1.529 0.979 0.861 0.861 1.342 

1996 1.231 1.285 1.148 1.076 1.064 1.516 

1997 1.306 1.769 1.309 1.220 1.180 1.801 

1998 1.371 1.795 1.516 1.421 1.435 1.789 

1999 1.42 1.864 1.582 1.517 1.498 1.682 

2000 1.469 1.998 2.016 2.024 2.098 1.879 

2001 1.286 1.692 1.571 1.547 1.572 2.161 

2002 0.803 1.066 1.016 1.002 1.004 1.05 

2003 0.964 1.296 1.201 1.181 1.162 1.118 

2004 1.192 1.986 1.633 1.582 1.558 1.413 

2005 0.962 1.117 1.085 1.068 1.047 1.109 

2006 1.294 1.741 1.612 1.592 1.596 1.052 

2007 1.425 1.589 1.515 1.478 1.506 1.612 

2008 2.341 3.334 2.626 2.541 2.632 2.705 

 

 

PKV: Volatility through Parkinson Model which uses 

high and low prices  

RSV: Volatility through Roger and Satchell Model 

which uses high, low, opening and closing prices 

GKV: Volatility through German and Klass Model 

which uses high, low, opening and closing prices 

CCV: Volatility from close to close price. 

 

It is clear from the table-1 that the volatility calculated 

by using closing data under descriptive statistical 

method is always higher than that of the volatility under 

ANN model. Volatility of descriptive statistic is 24 

hours volatility as it considers closing index levels of 

two consecutive days. ANN volatility is more rational 

than that of volatility under simple statistics for practical 

decision making purposes as it considers different price 

data such as high, low, opening and closing; it eliminates 

outliers while processing the data and considers the non-

parametric aspects like emotions, sentiments and 

psychological factors. 

Volatility under Parkinsons model which consider 

extreme values like high and low of the index in a day is 

higher than that of the ANN volatility. Volatility 

calculated under German –Klass model by considering 

high, low, opening and closing is mostly less than that of 

ANN model in most of the years. Similar conclusions  

 

are also made by comparing volatility under ANN model 

with that of the Roger –Satchell model. But the 

Volatility under ANN model is less than that of the 

volatility from GARCH model. The GARCH model is 

symmetric in nature and therefore gives equal weightage 

to both positive and negative shocks while calculating 

volatility. For this above reason, volatility under 

GARCH model may not appropriately find a place in 

option valuation and portfolio selection models. It is the 

volatility under ANN model which may be used for 

option pricing and portfolio selection as it takes care of 

non-linearity in data by removing outliers and sentiments 

of the traders. 

Whether statistically there is difference or not in the 

volatilities estimated under difference models is tested 

by using the Analysis of variance (ANOVA) test. Table-

3 shows the ANOVA results. It is observed from the 

above table that the calculated value of „F‟ is less that 

the critical value of „F‟. Therefore, it is concluded that 

there is no difference between the method in arriving at 

volatility. So, the traders, financial analyst and 

economists can use any method to get the volatility for 

its use in any type decision making like option valuation, 

portfolio construction & no risk hedging etc. 
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Table-3 BSE Sensex 

Anova: Single Factor           

        

SUMMARY       

Groups Count Sum Average Variance    

Column 1 14 18.87 1.347857 0.173961    

Column 2 14 23.097 1.649786 0.228134    

Column 3 14 18.769 1.340643 0.153228    

Column 4 14 17.959 1.282786 0.147837    

Column 5 14 17.807 1.271929 0.149687    

Column 6 14 21.655 1.546786 0.238717    

         

        

ANOVA        

Source of 
Variation SS df MS F P-value F crit 

Between Groups 1.680823 5 0.336165 1.847796 0.113259 2.331739 

Within Groups 14.19033 78 0.181927     

        
Total 15.87115 83         

 

In case of Nifty (Table-2) also similar results are 

obtained like that of Sensex. The volatility calculated by 

using closing levels of Nifty under simple statistics is 

higher than the volatility under ANN model. Volatility 

calculated under Parkinson formulae is less than that of 

ANN model in most of the years. It is also observed that 

the volatilities under German Klass and Roger – Satchell 

are less than the volatility of ANN model. Similarly 

Whether statistically there is difference or not in the 

volatilities estimated under difference models is tested 

by using the Analysis of variance (ANOVA) test. Table-

4 shows the ANOVA results. Also it is It is observed 

from the above table that the calculated value of „F‟ is 

less that the critical value of „F‟. It is concluded that 

there is no difference between the method in arriving at 

volatility. So, the traders, financial analyst and 

economists can use any method to get the volatility for 

its use in any type decision making like option valuation, 

portfolio construction & no risk hedging etc. 

 

Table-4 NSE Nifty 

Anova: Single Factor           

       

SUMMARY       

Groups Count Sum Average Variance    

Column 1 14 18.164 1.297429 0.129081    

Column 2 14 24.061 1.718643 0.307459    

Column 3 14 20.809 1.486357 0.192439    

Column 4 14 20.11 1.436429 0.194537    

Column 5 14 20.213 1.443786 0.221777    

Column 6 14 22.229 1.587786 0.221484    

ANOVA        

Source of 
Variation SS df MS F P-value F crit 

Between Groups 1.453032 5 0.290606 1.376436 0.242284 2.331739 

Within Groups 16.4681 78 0.211129     

         

Total 17.92113 83         
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Conclusion: 

The potential for Indian stock markets growth in the 

emerging countries has attracted qualified foreign 

institutional investor and global investors in recent years. 

However, this rapid growth is associated with high risk. 

Thus, accurate volatility estimation and forecasts are 

crucial issues. This paper lends support in favour of 

using neural network models in the study of finance 

engineering as some multi-layer and trainable ANN 

models emerged in the early 1980's. Despite having 

some inherent limitations, ANNs have been increasingly 

popular since then. They are feasible for those business 

applications which require the solution of very complex 

system of equations, recognizing patterns from imperfect 

inputs, and adapting decisions to changing environment. 

According to Philip D. Wasserman "artificial neural 

networks taking their place alongside of conventional 

computation as an adjunct of equal size and 

importance." as ANN software packages become 

increasingly user-friendly, they will attract more and 

more novice users. For better classification accuracy, 

Das and Chen [3] proposed a method of combining five 

natural-language processing techniques. Moreover, we 

do not analyze the context of word combinations. These 

are also future research topics. 
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