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ABSTRACT  

 It has been almost a decade since the introduction derivatives instruments like Options and Futures 

trading in Indian bourses and almost two decades since the introduction and implementation of 

liberalization, privatization and globalization policies in Indian economy. This has resulted in sea change 

in growth and development of Indian economy and enhanced activity and trade in Indian stock markets. 

This paper measures and compares volatility in spot and futures markets through use of certain 

descriptive statistical measures first and then through measures of conditional variance modeled in 

different ARCH family of frameworks for NIFTY index as well as ten selected blue chip sensex stocks. 

Through the measure of standard deviation, we observed that variability is more for index and most of 

the stocks traded in futures market. Contradictory results are observed through the use of GARCH (1,1) 

model. It is observed that the unconditional as well as the conditional volatility is lower in futures market 

compared to spot market for the underlying index and nine out of ten stocks. Only exception is 

HINDALCO stock. Thus, it can be concluded that the returns in futures market exhibit lesser volatility 

than returns in underlying spot market considering GARCH class of models which process volatility over 

time.  

KEYWORDS :  Conditional & Unconditional Volatility, GARCH model, Volatility Forecasting 

INTRODUCTION 

 Indian capital markets have witnessed major transformations and structural changes since past one or 

two decades as a result of initiation of liberalization, privatization and globalization policies and 

consequential financial sector reforms. Introduction of derivative instruments like index futures, index 

options, stock options and stock futures in a phased manner starting from June 2000 in Indian stock 

exchanges is one such important step in the right direction, the aim of which was to abolish age old badla 
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transaction, greater stabilization of markets and introduction of sophisticated risk management tools. 

Worldwide, the futures trading on stock markets has grown rapidly since their introduction because it has 

contributed in achieving economic functions such as price discovery, portfolio diversification, enhanced 

liquidity, speculation and hedging against the risk of adverse price movements. 

 The advent of stock index futures and options has profoundly changed the nature of trading on stock 

exchanges. These markets offer investors flexibility in altering the composition of their portfolios and in 

timing their transactions. Futures markets also provide opportunities to hedge the risks involved with 

holding diversified equity portfolios. As a consequence, significant portion of cash market equity 

transactions are tied to futures and options market activity. In the Indian context, derivatives were mainly 

introduced with a view to curb the increasing volatility of the asset prices in financial markets; bring 

about sophisticated risk management tools leading to higher returns by reducing risk and transaction 

costs as compared to individual financial assets. However, it is yet to be known if the introduction of 

derivative instruments has served the purpose as was claimed by the regulators.  

 Today derivatives market in India is more successful and we have around one decade of existence of 

derivatives market. Hence the present study would use the longer period data to study and compare the 

behavior of volatility in the spot market after derivatives was introduced. The study would use indices as 

well as individual stocks for analysis.  

 The results of this study are crucial to investors, market makers, academicians, exchanges and 

regulators. Derivatives play a very important role in the price discovery process and in completing the 

market. Their role as a tool for risk management clearly assumes that derivatives trading do not increase 

market volatility and risk. Trading in futures is generally expected to reduce volatility in the cash market 

since speculators are expected to migrate to futures market (Antoniou and Holmes, 1995).  Again, the 

effect of futures on the underlying spot market volatility offers contradictory view. Another view is that 

derivative securities increase volatility in the spot market due to more highly leveraged and speculative 

participants in the futures market.  

 Since there is theoretical disagreement as to whether futures trading increases or decreases spot 

market volatility, the question needs to be investigated empirically and policy makers in India may also 

like to know its impact so that future policy changes can be implemented. Frequent and wide stock 

market variations cause uncertainty about the future value of an asset and affect the confidence of the 

investors. Risk averse and risk neutral investors may shy away from the market with frequent and sharp 

price movements. An understanding of the market volatility is thus important from the regulatory policy 

perspective.  

 The study is organized as follows. Section II discusses the theoretical debate and summarizes the 

empirical literature on derivative listing effects, Section III details the model and the econometric 

methodology used in this study, Section IV outlines the data used and discusses the main results of the 

model and finally Section V concludes the study and presents directions for future research. 
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LITERATURE REVIEW 

 There is a vast amount of literature on modeling as well as measuring the volatility of asset returns 

all over the world. Since our focus is mainly on the ARCH family of models, most of the literature 

reviewed in this section dealt with these models. The study relating to the estimation of volatility either 

in spot or derivatives markets includes Choudhury (1997), Speight et al. (2000), Lin B.H. et al (2000), 

Duarte (2001), Fung et al (2001), Peters (2001), Claessen and Mittnik (2002), Jacobsena and 

Dannenburg (2003), Bresczynski and Weife (2004), Malmsten and Terasvirta (2004) etc. All these 

studies are dealt with the modeling and estimation of volatility either in spot or in derivatives markets or 

in both. 

 Choudhury (1997) had attempted to investigate the return volatility in the spot and stock index 

futures markets. By applying GARCH-X model, they had tried to study the effects of the short run 

deviations between the cash and futures prices on the stock return volatility. The short run deviations 

between the two price series were indicated by the error correction term from the co-integration test 

between two prices. His results had indicated a significant volatility clustering in the stated markets and a 

strong interaction between the spot and futures markets. The study also had found a significant positive 

effect of the deviation on the volatility of spot and futures markets. 

 In order to examine the intraday volatility component of stock index futures, the authors Speight  

et al. (2000) had empirically tested for explicit volatility decomposition using the variance component 

model of Engle and Lee (1993) on the intraday data of FTSE 100 futures index. They had reported a 

direct evidence for the existence of such volatility decomposition in intraday futures return data at 

frequencies of one hour and higher. Though the transitory component to volatility exhibits a rapid decay, 

within the half day, the permanent component has been found to be highly persistent, that decays over a 

much longer horizon. 

 Lin and Yeh (2000) had studied the distribution and conditional heteroskedasticity in stock returns 

on Taiwan stock market. Apart from the normal distribution, in order to explain the leptokurtosis and 

skewness observed in the stock return distribution, they had also examined the student –t, the Poisson-

normal, and the mixed normal distributions, which are essentially a mixture of normal distributions, as 

conditional distributions in the stock return process. They had also used the ARMA (1,1) model to adjust 

the serial correlation, and adopt the GJR-GARCH (1,1) model to account for the conditional 

heteroskedasticity in the return process. Their empirical results had shown that GARCH model is the 

most probable specification for Taiwan stock returns. The results also showed that skewness seems to be 

diversifiable through portfolio. Thus the normal GARCH or the student-t-GARCH model which involves 

symmetric conditional distribution might be a reasonable model to describe the stock portfolio return 

process. 
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 The results of research by Duarte (2001) lead to the conclusion that GARCH volatility is the series 

that provides the better forecast of the PSI-20 series volatility. Under these circumstances, the Black and 

Scholes formula has not been found to be the most adequate to evaluate options on the PSI-20 futures, 

which is clearly proved by the difficulties in an attempt of modeling implied volatility. Modeling 

volatility with ARCH models is one among several alternatives to the Black and Scholes model. Within 

the ARCH family, their results revealed that the GARCH (1,1) model is the most adequate for the series 

under analysis. 

 By studying the behaviour of return volatility in relation to the timing of information flow under 

different market conditions influenced by trading volume and market depth, Fung and Patterson (2001) 

had tried to emphasise on the information flow during trading and non-trading periods that may represent 

domestic and offshore information in the global trading of currencies. Their results reveal that volatility 

was negatively related to market depth; that is, deeper markets had relatively less return volatility, and 

the effect that market depth had on volatility was superceded by information within trading volume. 

Their test results focusing on the timing of information flow revealed that in low volume markets, the 

volatility of non-trading periods return exceeded the volatility of trading period return. However, when 

trading volume is high, this pattern was reversed. They also observed a trend towards greater integration 

between foreign and U.S. financial markets; the U.S. market increasingly emphasized information from 

non-trading periods to supplement information arriving during trading periods. 

 Peters (2001) had tried to examine the forecasting performance of Four GARCH (1,1) models 

(GARCH, E-GARCH, GJR-GARCH, APARCH) used with three distributions (Normal, Student-t and 

Skewed Student-t). They explored and compared different possible sources of forecast improvements: 

asymmetry in conditional variance, fat tailed distributions and skewed distributions. Two major 

European stock indices (FTSE-100 and DAX-30) were studied using daily data over a 15 years period. 

Their results suggested that improvements of the overall estimation were achieved when asymmetric 

GARCH were used and when fat tailed densities were taken into account in the conditional variance. 

Moreover, it was found that GJR and APARCH give better forecasts than symmetric GARCH. Finally, 

increased performance of the forecasts was not clearly observed while using non-normal distributions.  

 Alternative strategies for predicting stock market volatility are examined by Claessen and Mittnik ( 

2002). GARCH class of models were investigated to determine if they are more appropriate for 

predicting future return volatility. Employing German DAX index return data it was found that past 

returns do not contain useful information beyond the volatility expectations already reflected in option 

prices. This supports the Efficient Market Hypothesis for the DAX-index options market. 

 Jacobsen and Dannenburg (2003) had investigated volatility clustering using a modeling approach 

based on temporal aggregation results for GARCH models in Drost and Nijman (Econometrica 61 

(1993). Their findings highlighted that volatility clustering, contrary to widespread belief, is not only 

present in high frequency financial data. Monthly data also found to exhibit significant serial dependence 
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in the second moments. They have shown that the use of temporal aggregation to estimate low frequency 

models reduce parameter uncertainty substantially. 

 Bresczynski and Weife (2004) in their paper have presented the factor and predictive GARCH (1,1) 

models of the Warsaw Stock Exchange (WSE) main index  WIG. An approach where the mean equation 

of the GARCH model includes a deterministic part was applied. The models incorporated such 

explanatory variables as volume of trade and major international stock market indices. Their paper 

exploits the direction quality measure that can be used as alternative measures to evaluate model 

goodness of fit. Finally, the in sample versus the out of sample forecasts from the estimated models were 

compared and forecasting performance was discussed.  

 Malmsten and Terasvirta (2004) had considered three well- known and frequently applied first order 

models viz. standard GARCH, Exponential GARCH and Autoregressive Stochastic Volatility model for 

modeling and forecasting volatility in financial series such as stock and exchange rate returns. They had 

focused on finding out how well these models are able to reproduce characteristic features of such series, 

also called stylized facts. Finally, it was pointed out that non of these basic models can generate 

realizations with a skewed marginal distribution. A conclusion that emerged from their observation, 

largely based on results on the moment structure of these models, was that none of the models dominates 

the other when it comes to reproducing stylized facts in typical financial time series.  

RESEARCH OBJECTIVE 

 First, an attempt has been made to estimate the volatility of spot and derivatives, i.e. futures markets 

separately in different modeling framework. Initially, time invariant measure of volatility tests like 

standard deviation, skewness and kurtosis are derived and compared for both the markets amongst 

different asset classes. Since it is a well established fact now that the time varying nature of volatility can 

be well captured in ARCH family of models, an effort has been made to estimate the volatility of both 

spot and futures markets utilizing different ARCH family of models. Then the forecasting power of 

different models are tested through different forecasting measures in order to find out the model with 

lowest forecasting error or maximum predictive accuracy. By comparing the return volatility in spot and 

derivatives markets, it is possible to find out whether the spot market possesses higher volatility 

compared to the derivatives market or vice versa.  

 Thus, the present research is being conducted with the following specific objective : 

 To test the volatility of spot and futures markets separately and  compare. Apart  from measuring 

volatility, we also tried to find out the best volatility forecasting model among different ARCH family of 

models utilized.  

 Therefore the hypothesis, attempted to be tested for this specific objective are: 

i) Volatility in spot and futures markets in India are indifferent, and 
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ii)  Different ARCH family of conditional volatility models are equally accurate and significant 

in forecasting the volatility of underlying indices and stocks, both in spot and futures market. 

DATA FOR MEASURING VOLATILITY OF RETURNS 

 Data used to test the volatility of return in both futures and spot markets are daily closing prices of 

assets traded and quoted at National Stock Exchange, Mumbai. The indices used here include NSE S&P 

CNX Nifty cash and futures index. The stocks selected for the purpose are RELIANCE INDUSTRIES, 

INFOSYS, HINDUSTAN UNILEVER, HDFC, HINDALCO, ACC, TISCO, L&T, SBI and TELCO.  

These are high turn over, high profit making blue chip stocks included for computation of popular 

sensitive indices like BSE Sensex and NSE CNX S&P Nifty representing diverse sectors of broad 

economy and continuously traded both in cash and futures markets of stock exchanges and provide 

enough liquidity to the system. As far as the frequency of index and stock data is concerned, it includes 

only daily data. Logarithmic returns are calculated from the daily closing price observations over a 

sample period starting from 1st January 2002, i.e the year after initiation of futures trading till 31st 

December 2010. The stock futures returns for near month or one month contracts are only taken into 

consideration. Data on the indices and underlying stocks have been collected from the NSE web site 

(www.nseindia.com). All the time series data are adjusted for non-synchronous trading effect, if any. The 

volatility measures for index and ten underlying blue chip sensex stocks are conducted within this sample 

period.  

METHODOLOGY 

 Volatility in spot and derivatives market are measured and compared in two different ways. The first 

approach is standard deviation approach which is a time invariant measure of volatility. The second 

approach deals with time variant and conditional volatility models like ARCH class of models.  

 In the first stage, standard deviation along with other descriptive statistical measures of daily index 

and stock returns in spot and futures markets are calculated and compared among the two markets. The 

descriptive statistical measures for ten underlying blue chip stocks are calculated within a sample period 

starting from 1st January 2002 till December 2010. The stock futures returns for near month or one month 

contracts are only taken into consideration.  

 The second stage deals with the modeling of time variant conditional volatility of index and stock 

returns both in spot and futures markets. The modeling of conditional variance or volatility of different 

security returns in spot and futures markets are made through the utilization of ARCH (1) and GARCH 

(1,1) class of models. 

 Auto Regressive Moving Average (ARMA) class of stochastic models are very popularly used to 

describe time series data. ARMA models are used to model conditional expectation of current 

observation Yt of a process,. Given the past information such that  

 Yt = f (Yt-1, Y t-2, ----------) + εt, where ‘εt’ is a white noise component and 
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 Var (εt) = σ2  

 Under standard assumptions, the conditional mean is considered to be non constant while 

conditional variance is a constant factor and the conditional distribution is also assumed to be normal. 

However, in some situations, the basic assumption of constant conditional variance may not be true. For 

example, consider the markets are experiencing high volatility, then tomorrow’s returns is also expected 

to exhibit high degree of volatility. If we model such stock return data using ARMA approach, we can 

not capture the behavior of time variant conditional variance in the model. This behavior is normally 

referred to as heteroskedasticity, i.e. unequal variance. A time series is said to be heteroskedastic if its 

variance changes over time. On the other hand, time series with time invariant variance is known as 

homeskedastic.  

 Engle in the year 1982 had developed a model called Auto Regressive Conditional 

Heteroskedasticity (ARCH) wherein today’s expected volatility is assumed to be dependent upon the 

squared forecast errors of past days. In other words, in a linear ARCH (p) model, the time varying 

conditional variance is postulated to be a linear function of the past ‘p’ squared innovations or residuals. 

The time series data relating to the return of a specific asset can be modeled as an Auto Regressive (AR) 

process where the forecast errors (εt) could be assumed to be conditionally normally distributed with zero 

mean and variance ht
2. 

 Therefore, the conditional mean equation, following an AR (p) process would be, 

          p 
  Spot t = £0 + Σ   £i Spot t-1 + εt          (1) 
        i=1    

 

 In the above equation, ‘εt’ is conditional upon a set of lagged information and also assumed to 

follow normal distribution with zero mean and time variant variance ht
2. Now, according to above 

process, the residuals ‘εt’ following an ARCH (p) model, could be used to form the variance equation 

such that  

                   p 
  h t

2 = β0 + Σ  βiε
2
t-1          (2) 

    i=1 
 
where, £0 > 0, £i >0 and i=1,2, ------- q. Above model clearly reveals that the variance of an asset return 

depends upon the past squared residuals of the return series. But the question is what would be the 

accurate no. of parameters, i.e squared residuals. In empirical applications, it is often difficult to estimate 

models with large no. of parameters, say ARCH (p). Therefore, to circumvent this problem, Bollerslev 

(1986) proposed the Generalised Auto Regressive Conditional Heteroskedasticity or GARCH (p,q) 

model.  
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 According to Bollerslev’s GARCH (p,q) model, today’s volatility is a weighted average of past ‘q’ 

squared forecast errors and past ‘p’ conditional variances, such that,              

                 p            q 
  ht

2 = β0 +Σ  βiε
2
t-i+Σ  γjh

2
t-j           (3) 

                            i=1          j=1 
 

Wherein, ‘β’ and ‘γ’ in the above mentioned equation represent Recent News Coefficient and Old News 

coefficient respectively.  If the value of ‘γj’ equals zero, then the GARCH (p,q) process will be converted 

into ARCH (p) process. Though there may be different specifications for ‘p’ and ‘q’, but it has been 

commonly observed that it can very nicely capture the heteroskedasticity in the asset return series. The 

summation of two types of coefficients, i.e. ‘β’ and ‘γ’ can be used to get the overall conditional 

volatility and also can reveal volatility persistence for the next period. Apart from these, the coefficients 

of conditional variance equation in a GARCH (1,1) framework, can be used to calculate the value of 

unconditional variance as shown below. 

  β0/(1- β1- γ1)           (4) 

 After estimating the asset return volatility by applying ARCH and GARCH class of conditional 

volatility models, the next task would be to test the forecasting power of different models. In other 

words, a good model should forecast or predict the future volatility up to a maximum accuracy level. The 

lesser the difference between the actual volatility and the forecast volatility, the stronger is the 

forecasting power of that model. The process of volatility forecasting can be done in two different ways; 

dynamic forecasting and static forecasting. In case of dynamic forecasting, forecasting is made by 

considering all the values in the series, whereas in static forecasting, estimation and forecasting is done 

though within a sample, but on different set of observations. Since dynamic forecasting considers all the 

values in the series, so we have tested the forecasting power using dynamic forecasting only. 

 The forecast performances of each volatility model are compared by using the following error 

statistics :  

                              n 
Root Mean Square Error (RMSE)  : √[1/n  Σ  (σ^

t –σt)
2]        (5) 

                                                        t=1 
 
                                                                   n 
Mean Absolute Error (MAE)   :  1/n Σ   | σ^

t –σt |            (6) 
                                                                  t=1 
 

                                                                             n 

Mean Absolute Percentage error (MAPE):  1/n  Σ   | (σ^
t –σt)/ σt |      (7) 

                                                                           t=1 
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      n                     n 
Theil – U Statistic:    Σ   (σ^

t –σt)
2 /  Σ   (σ^

t-1 –σt)
2     (8) 

                                                         t=1                  t=1 
 

In all the above statistics, ‘n’ represents the no. of observations used for forecasting, ‘σ^
t’ and ‘σt’ 

respectively represent the forecasted volatility and the actual volatility.  Therefore, any volatility model 

with the least value of any or all of the above errors is treated to possess the superior forecasting power. 

RESULTS 

 The volatility in both the cash and futures markets both for NIFTY index and selected ten blue chip 

stocks are compared with the help of some descriptive statistical measures first and then through 

measures of conditional variance modeled in different ARCH family of frameworks. 

 The descriptive statistical measures are presented in Tables 1 and 2 for cash market and futures 

market respectively. Though there are different descriptive measures included in the table, our focus will 

be only on measures of volatility like standard deviation, skewness and kurtosis. These measures 

represent variability in return series as well as the chances of positive or negative deviations from the 

mean and the chances of very large deviations.  

 Comparing with standard deviation of NIFTY spot and futures indices, it is observed that variability 

in the daily return series is more in futures market compared to that of spot market. Now, as far as the 

symmetricity of the return distribution is concerned, both the spot and futures index returns are found to 

be negatively skewed where the chances of negative deviations or drop in return than the mean is more. 

Looking at the kurtosis figures, both the return series are found to have a kurtosis of more than three and 

therefore found to be leptokurtic, the degree of peakedness is being found to be lesser for the spot index 

return.  

 The standard deviation measure of all stocks reveal that the variability in stock return of majority 

seven no. of stocks is low in spot market than the futures market except for INFOSYS, HINDALCO and 

TELCO. If we look into the skewness figures for all the stocks, then it is found that eight out of ten 

stocks show negatively skewed returns except for stocks like HINDALCO and TISCO which show 

positively skewed returns. Therefore, the chances of negative return deviation is more for almost all the 

stocks in both spot and futures markets. The kurtosis figures also reveal the same fact as skewness. 

Though the degrees of kurtosis are different for different stocks, these are nearly close for the same stock 

in spot and futures markets. All these figures represent a minor difference among the volatility in spot 

and futures markets in India, both at the underlying stock and index level. 

 Again, volatility in spot and futures markets for NIFTY index and ten underlying stocks are 

measured by using different ARCH family of models. Tables 3 and 4 represent spot and futures return 

volatility for underlying NIFTY index and stocks respectively measured through ARCH (1) process. The 

results of conditional variance equation clearly reveal that the ARCH coefficient for spot index is found 

to be significant. But the ARCH coefficients of underlying stocks in the spot market are found to be 
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significant for  majority seven out of ten stocks except securities like HINDUSTHAN UNILEVER, 

HDFC and SBI. As far as futures market volatility is concerned, the ARCH coefficient for futures index 

return is observed to be statistically significant. Again, the ARCH coefficient for measuring volatility of 

stock futures returns is found to be significant for  same seven stocks as was observed in case of spot 

market volatility. 

 Similarly, volatility results for NIFTY index and stocks in a GARCH (1,1) framework are presented 

in tables 5 and 6 for spot market and near month futures market respectively. Since GARCH (1,1) model 

is most parsimonious and widely applicable framework to model conditional volatility of returns, it has 

been observed that the GARCH coefficient for NIFTY index alike as ARCH coefficient is found to be 

statistically significant in both spot and futures market. The interesting observation here is that GARCH 

coefficient for all the stocks is found to be significant in the spot as well as futures market. If we compare 

the significance of ARCH and GARCH coefficients for the underlying stocks, then GARCH coefficient 

is significant for all the stocks whereas ARCH coefficient is significant for seven out of ten underlying 

stocks. This represents the stronger impact of old news comparative to the recent news in Indian spot 

market volatility.  

 Taking the GARCH (1,1) model as base, we have calculated the conditional and unconditional 

volatility in spot and futures markets as represented in tables 7 and 8 respectively. By comparing the 

unconditional and conditional volatility in both the markets, it can be inferred as to which market has a 

higher amount of unconditional and conditional volatility. The market with a lower figure is found to be 

significant. The comparison among spot and futures market clearly reveal that both the unconditional and 

conditional volatility is observed to be lower for futures index returns than NIFTY spot. Now, as far as 

the stock level results are considered, both the conditional and unconditional volatility have been found 

to be lower in futures market for nine out of ten underlying stocks except only the case for HINDALCO. 

Therefore, it can be said that on a whole, both the conditional and unconditional volatility are less in 

futures comparative to spot market in Indian scenario. 

 After estimating conditional and unconditional volatility in spot and futures markets, another attempt 

has been made to test the forecasting power of ARCH and GARCH family of models used as a measure 

of volatility forecasting. The test is made for returns in index and underlying stocks in both spot and near 

month futures markets. 

 Dynamic volatility forecasting techniques are presented in tables 9, 10, 11 and 12 for spot and 

futures returns under ARCH (1) and GARCH (1,1) models for underlying index and stocks respectively. 

As far as the forecasting results for the index as well as stock returns are considered, most of the test 

statistics reveal that GARCH (1,1) model has lesser forecasting error compared to ARCH (1) framework, 

though the difference is very marginal. Volatility forecasting for stocks in both spot and futures markets 

are observed to have little difference in the forecasting error among the ARCH (1) and GARCH (1,1) 

frameworks and also the result vary from one stock to another and also different in spot and futures 

markets respectively. 
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Table 1 :  Descriptive Statistics for Daily Spot Index and Stock Returns  

Index/Stocks MEAN MEDIAN MAX MIN STD. DEV  
SKEW 

NESS 
KURTOSIS 

JARQUE-

BERA 

CNX NIFTY 0.0007 0.0020 0.1897 -0.2081 0.0289 -0.9934 10.6440 5067 

RELIANCE 

INDUSTRIES 
0.0016 0.0014 0.1367 -0.1896 0.0521 -4.4987 58.6981 88936 

INFOSYS 0.0016 0.0012 0.1543 -0.9852 0.0462 -22.4563 867.8642 12479804 

HINDUSTHAN 

UNILEVER 
0.0004 -0.0003 0.1054 -0.2097 0.0183 -0.1982 29.5431 194200 

HDFC 0.0009 0.0005 0.2123 -0.9867 0.0447 -11.5167 235.9857 984567 

HINDALCO 0.0003 0.0002 0.0834 -0.8562 0.0256 2.4351 102.5633 10052 

ACC 0.0005 0.0019 0.0673 -0.1342 0.0283 -2.5987 29.8136 86539 

TISCO 0.0012 0.0004 0.1576 -0.1364 0.0409 0.0564 21.9346 874 

L&T 0.0019 0.0021 0.2015 -0.3894 0.0258 -20.5431 894.9165 9911227 

SBI 0.0013 0.0021 0.2012 -0.1453 0.0656 -0.6378 18.9454 9981 

TELCO 0.0013 0.0018 0.1235 -0.3278 0.0542 -2.5434 100.8680 5011 
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Table 2 :   Descriptive Statistics for Daily Futures Index and Stock Returns  

Index/Stocks MEAN MEDIAN MAX MIN 
STD. 

DEV 

Skew 

Ness 
KURTOSIS 

JARQUE-

BERA 

CNX NIFTY 0.0006 0.0018 0.1920 -0.2185 0.0296 -1.2176 12.8169 5482 

RELIANCE 

INDUSTRIES 

0.0016 0.0015 0.1356 -0.1948 0.0535 -4.9659 75.9473 86145 

INFOSYS 0.0016 0.0010 0.1541 -0.9653 0.0450 -22.6813 712.2235 12241886 

HINDUSTHAN 

UNILEVER 

0.0004 -0.0003 0.1068 -0.2175 0.0187 -0.1875 37.8761 185467 

HDFC 0.0009 0.0006 0.2083 -0.9974 0.0452 -11.8194 300.5148 961332 

HINDALCO 0.0003 0.0004 0.0845 -0.8648 0.0254 2.4478 123.4433 11164 

ACC 0.0005 0.0019 0.0697 -0.1376 0.0298 -2.6178 20.3132 83218 

TISCO 0.0012 0.0007 0.1582 -0.1418 0.0413 0.0982 25.8189 815 

L&T 0.0020 0.0020 0.2008 -0.3542 0.0259 -21.8875 807.5165 9818564 

SBI 0.0013 0.0025 0.2113 -0.1461 0.0663 -0.6932 13.9384 9345 

TELCO 0.0013 0.0018 0.1249 -0.3265 0.0541 -2.5084 107.9157 5547 

 

Table 3 :  Spot Return Volatility under Arch (1) 

Index/Stocks 

Conditional Mean Equation                           
2 

Spot t = £0 + Σ £i Spot t-1 + εt 
i=1 

Conditional Variance 
Equation 

h t
2 = β0 +β1ε

2
t-1 

 

 £0 AR(1) £1 AR(2) £2 β0 AR(1) β1 

CNX NIFTY 
0.0009 0.1564 -0.0189 0.0007 0.2623 

(1.5676) (3.9871) -(0.4563) (2.0098) (4.8988) 

Reliance Industries 
0.0015 -0.0254 -0.0342 0.0008 0.2345 

(2.3141) -(1.0234) -(0.9876) (1.0554) (3.3455) 

INFOSYS 
0.0021 0.9871 0.0562 0.0005 8.3379 

(3.7434) (1.9750) (1.1238) (10.9897) (1.5783) 

HINDUSTHAN 

UNILEVER 

0.0004 0.0345 0.0673 0.0001 -0.0006 

(0.7652) (0.7689) (1.5467) (6.7843) -(0.8967) 

HDFC 
0.0018 0.0556 -0.0254 0.0004 -0.0019 

(2.1373) (1.7781) -(0.6675) (3.4443) -(2.4453) 

HINDALCO 
-0.0002 0.0017 0.1988 0.0002 0.2261 

-(0.1547) (0.1787) (2.9967) (4.4986) (3.4410) 

ACC 
0.0004 -0.0456 -0.0187 0.0007 8.2210 

(0.9854) -(0.7450) -(0.5639) (9.8575) (2.4328) 
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TISCO 
0.0017 0.2144 -0.0179 0.0001 0.2908 

(2.3874) (4.5345) -(0.9875) (1.6784) (4.8761) 

L&T 
0.0030 0.2142 0.0764 0.0005 4.9883 

(5.9876) (3.9082) (1.0677) (6.9951) (1.7672) 

SBI 
0.0026 0.0865 -0.0788 0.0002 -0.0004 

(3.1768) (2.0891) -(2.2233) (1.9091) -(0.2155) 

TELCO 
0.0013 0.0234 -0.0156 0.0001 0.5167 

(2.3546) (0.8921) -(0.3457) (2.8676) (4.0010) 
 

Table 4  :  Futures Return Volatility under Arch (1) 

 

Index/Stocks 
Conditional Mean Equation 

Fut  t = £0 +  £1 Fut  t-1 + εt 

Conditional Variance Equation 

h t = ω +β1ε
2
t-1 

 £0 AR(1) £1 ω  AR(1) β1 

CNX NIFTY 0.0011 0.1168 0.0006 0.2631 

(2.0078) (3.2854) (8.1345) (4.5664) 

RELIANCE 

INDUSTRIES 
0.0030 -0.0367 0.0008 0.2175 

(5.0134) -(1.3186) (6.5547) (3.1291) 

INFOSYS 0.0025 0.7684 0.0008 0.2357 

(4.1185) (1.3502) (9.6452) (2.6489) 

HINDUSTHAN 

UNILEVER 
0.0007 0.0568 0.0001 -0.0018 

(0.9486) (1.0012) (3.2756) -(0.5327) 

HDFC 0.0032 0.0312 0.0004 -0.0037 

(5.8746) (1.0854) (6.2219) -(0.7412) 

HINDALCO -0.0001 0.0023 0.0003 0.2879 

-(0.0745) (0.2059) (9.9864) (3.8684) 

ACC 0.0010 -0.0621 0.0003 0.2175 

(1.9621) -(0.9850) (10. 7564) (2.9572) 

TISCO 0.0025 0.1834 0.0001 0.3163 

(3.9743) (3.2175) (3.5789) (4.9123) 

L&T 0.0042 0.1876 0.0003 0.3674 

(8.1221) (2.8755) (9.8574) (4.7892) 

SBI 0.0030 0.0662 0.0004 -0.0089 

(4.6254) (1.8710) (12.8781) -(0.4677) 

TELCO 0.0021 0.0296 0.0006 0.4923 

(3.1985) (1.0933) (5.6475) (4.1589) 
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Table 5 : Spot Return Volatility under Garch (1,1) 

Index/Stocks 

Conditional Mean Equation 

                               2 

Spot t = £0 +     Σ  £1 Spot t-1 + ε t 

                              i=1 

Conditional Variance Equation 

ht
2 = β0 +β1ε

2
t-1+β2ht-1 

 £0 AR(1)£1 AR(2)£2 β0 ARCH β1 GARCH β2 

CNX NIFTY 0.0015 0.1153 -0.0545 0.0001 -0.0015 0.6652 

(3.3345) (3.4562) -(1.8564) (3.4563) -(2.9893) (12.4986) 

RELIANCE 

INDUSTRIES 

0.0027 0.2098 -0.0015 0.0005 -0.0021 0.9986 

(5.1257) (6.8343) -(0.6457) (2.1765) -(1.5567) (28.5762) 

INFOSYS 0.0033 0.2245 0.0916 0.0010 0.1042 1.0054 

(6.9872) (6.3567) (0.9856) (3.9853) (3.4589) (50.3218) 

HINDUSTHA

N 

UNILEVER 

-0.0012 0.0757 -0.3322 0.0000 -0.0001 0.3232 

-(1.4587) (1.4592) -(1.8582) (3.6647) -(0.2268) (15.6430) 

HDFC 0.0019 0.1845 0.0463 0.0000 0.0152 0.8675 

(3.8865) (4.9542) (1.2635) (2.4582) (1.5491) (33.4934) 

HINDALCO -0.0008 0.0365 0.0134 0.0000 0.0004 0.4435 

-(0.8564) (0.9435) (1.1543) (4.1956) (0.9846) (8.8722) 

ACC -0.0016 0.0876 -0.0756 0.0000 0.0009 0.5547 

-(1.9832) (1.1176) -(1.4552) (2.8756) (1.3854) (22.9865) 

TISCO 0.0019 0.0542 0.0365 0.0002 -0.0943 0.7870 

(3.2783) (0.9545) (0.8897) (3.2189) -(2.4563) (40.3564) 

L&T 0.0035 0.3456 -0.0678 0.0005 0.1872 1.2346 

(8.5431) (7.8734) -(1.5347) (4.5645) (3.1786) (88.9597) 

SBI 0.0024 0.2676 -0.0531 0.0003 0.3726 0.8739 

(4.6744) (5.9858) -(2.3421) (2.8945) (5.9737) (20.3537) 

TELCO 0.0013 0.0892 0.1372 0.0001 0.1777 0.2245 

(2.3654) (1.2272) 1.4256 (1.6789) (2.8111) (4.9571) 
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Table 6  :  Futures Return Volatility under Garch (1,1) 

Index/Stocks Conditional Mean Equation 

Fut  t = £0 + £1 Fut t-1 + ε t 

Conditional Variance Equation                                                                          

h t = ω +β1ε
2
t-1+β2ht-1 

 £0 £1 ω β1 β2 

CNX NIFTY 0.0019 0.0232 0.0001 -0.1575 0.6093 

(3.6842) (0.7534) (2.2328) -(2.4783) (10.1132) 

RELIANCE 

INDUSTRIES 

0.0030 0.0618 0.0005 -0.0021 1.0172 

(6.7582) (2.1467) (3.4675) -(0.5489) (99.3472 

INFOSYS 0.0032 0.0739 0.0015 0.1172 1.0054 

(6.1723) (2.9458) (3.4897) (3.1932) (47.3167) 

Hindusthan 

Unilever 

-0.0008 0.0128 0.0000 -0.0017 0.5212 

-(1.0087) (0.4481) (2.5147) -(0.0420) (20.0009) 

HDFC 0.0019 -0.0552 0.0000 0.1163 0.5475 

(3.4762) -(1.8754) (0.8542) (1.8475) (8.1782) 

HINDALCO -0.0011 0.0312 0.0000 0.1212 0.3162 

-(1.2145) (0.8437) (2.3916) (0.9985) (3.2287) 

ACC -0.0012 -0.0876 0.0003 0.1701 0.6512 

-(1.6346) -(2.3642) (2.5418) (1.2081) (12.8465) 

TISCO 0.0028 -0.0542 0.0002 -0.0943 0.7877 

(4.7642) -(2.1638) (3.9451) -(3.4472) (47.1592) 

L&T 0.0025 0.0856 0.0007 0.1872 1.1177 

(5.5568) (2.8928) (3.1875) (2.1384) (123.8317) 

SBI 0.0020 0.0018 0.0003 0.3458 0.7728 

(4.0019) (0.0859) (2.4132) (4.1757) (20.8175) 

TELCO 0.0015 0.0892 0.0001 0.1237 0.6512 

(2.8176) (3.3423) (1.0039) (2.0132) (13.4873) 
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Table 7 :  Conditional & Unconditional Volatility i n Spot Market 

Index/Stocks C ARCH(1) GARCH(1,1) 
Unconditional 

Volatility 

Conditional 

Volatility 

CNX NIFTY 0.0000 0.1547 0.6653 0.0006 0.8465 

Reliance Industries 0.0009 0.4563 0.8187 0.0023 1.1086 

INFOSYS 0.0032 0.3764 0.3534 0.0027 0.9574 

Hindusthan Unilever 0.0001 -0.0023 1.0137 0.0002 0.4463 

HDFC 0.0000 0.2371 0.4586 0.0009 0.8573 

HINDALCO 0.0000 -0.0017 0.0563 -0.0005 0.6974 

ACC 0.0001 0.0985 0.2243 0.0012 0.7756 

TISCO 0.0022 0.2457 0.7489 0.0015 1.3476 

L&T 0.0015 0.3142 1.0016 0.0022 1.2108 

SBI 0.0003 0.1286 0.4476 0.0011 0.7675 

TELCO 0.0005 0.1756 0.2985 0.0007 0.9491 

 

Table  8 :  Conditional & Unconditional Volatility in Futures Market 

Index/Stocks C ARCH(1) GARCH(1,1) 
Unconditional 

Volatility 

Conditional 

Volatility 

CNX NIFTY 0.0000 0.1985 0.7013 0.0004 0.8165 

RELIANCE 

INDUSTRIES 

0.0003 0.3487 1.1054 0.0018 09934 

INFOSYS 0.0018 0.2648 0.8762 0.0022 0.8862 

HINDUSTHAN 

UNILEVER 

0.0001 -0.0011 1.5132 0.0002 0.4118 

HDFC 0.0000 0.2096 0.7689 0.0007 0.8074 

HINDALCO 0.0000 0.1571 0.3275 0.0004 0.8567 

ACC 0.0002 0.1213 0.5684 0.0010 0.7089 

TISCO 0.0005 0.1642 1.0018 0.0010 1.1231 

L&T 0.0003 -0.0032 0.8863 0.0016 1.0098 

SBI 0.0000 0.0988 0.6169 0.0010 0.7152 

TELCO 0.0001 0.1823 0.5086 0.0006 0.9189 
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Table 9 :  Dynamic Volatility Forecasting / Performance Evaluation Techniques for Spot Returns 

under Arch (1) 

Index/Stocks RMSE MAE MAPE Theil BP VP CoVP 

CNX NIFTY 0.0155 0.0152 126.8345 0.9544 0.0003 0.9952 0.0030 

Reliance 

Industries 

0.0265 0.0196 135.5621 0.9413 0.0025 0.9967 0.0024 

INFOSYS 0.0389 0.0207 184.2578 0.9728 0.0008 0.9927 0.0018 

Hindusthan 

Unilever 

0.0146 0.0126 98.6142 0.9252 0.0000 0.9901 0.0001 

HDFC 0.0276 0.0188 114.0034 0.9970 0.0012 0.9986 0.0010 

HINDALCO 0.0192 0.0109 165.9878 0.9813 0.0007 0.9965 0.0008 

ACC 0.0186 0.0156 108.7689 0.9921 0.0013 0.9923 0.0013 

TISCO 0.0364 0.0194 122.4564 0.9975 0.0016 0.9919 0.0032 

L&T 0.0225 0.0178 120.9856 0.9874 0.0023 0.9977 0.0027 

SBI 0.0198 0.0122 116.2143 0.9919 0.0010 0.9928 0.0009 

TELCO 0.0321 0.0187 149.8175 0.9984 0.0021 0.9952 0.0016 

 

Table 10 :  Dynamic Volatility Forecasting / Performance Evaluation Techniques for Spot Returns 

under Garch (1,1) 

Index/Stocks RMSE MAE MAPE Theil BP VP CoVP 

CNX NIFTY 0.0155 0.0152 125.8963 0.9548 0.0004 0.9955 0.0032 

Reliance Industries 0.0265 0.0196 128.5672 0.9578 0.0014 0.9980 0.0023 

INFOSYS 0.0389 0.0207 145.4571 0.9612 0.0010 0.9938 0.0016 

Hindusthan Unilever 0.0148 0.0126 102.8479 0.9213 0.0001 0.9927 0.0006 

HDFC 0.0276 0.0188 120.9874 0.9958 0.0011 0.9980 0.0013 

HINDALCO 0.0190 0.0110 160.9863 0.9845 0.0009 0.9954 0.0011 

ACC 0.0186 0.0156 124.1789 0.9927 0.0015 0.9917 0.0016 

TISCO 0.0370 0.0195 139.1752 0.9982 0.0015 0.9920 0.0038 

L&T 0.0225 0.0178 118.1767 0.9879 0.0028 0.9981 0.0030 

SBI 0.0199 0.0123 136.5438 0.9931 0.0011 0.9930 0.0011 

TELCO 0.0325 0.0189 140.9176 0.9967 0.0023 0.9955 0.0021 
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Table 11 :  Dynamic Volatility Forecasting / Performance Evaluation Techniques for Futures 

Returns under Arch (1) 

Index/Stocks RMSE MAE MAPE Theil BP VP CoVP 

FUTIDX 0.0168 0.0150 134.9875 0.9612 0.0008 0.9946 0.0019 

Reliance 

Industries 

0.0271 0.0199 142.5162 0.9438 0.0018 0.9984 0.0022 

INFOSYS 0.0355 0.0217 190.8471 0.9779 0.0011 0.9919 0.0024 

Hindusthan 

Unilever 

0.0172 0.0135 100.1511 0.9386 0.0002 0.9913 0.0003 

HDFC 0.0252 0.0173 122.7165 0.9914 0.0009 0.9980 0.0015 

HINDALCO 0.0208 0.0116 184.2319 0.9903 0.0009 0.9976 0.0018 

ACC 0.0191 0.0145 116.8168 0.9942 0.0017 0.9925 0.0016 

TISCO 0.0343 0.0199 142.4114 0.9989 0.0022 0.9930 0.0029 

L&T 0.0252 0.0184 132.9613 0.9867 0.0017 0.9987 0.0031 

SBI 0.0207 0.0132 128.4129 0.9928 0.0015 0.9956 0.0008 

TELCO 0.0314 0.0194 153.6417 0.9948 0.0026 0.9961 0.0022 

 

Table 12 :  Dynamic Volatility Forecasting / Performance Evaluation Techniques for Futures 

Returns under Garch (1,1) 

Index/Stocks RMSE MAE MAPE Theil BP VP CoVP 

FUTIDX 0.0168 0.0150 146.8832 0.9864 0.0010 0.9975 0.0016 

Reliance Industries 0.0271 0.0199 158.5193 0.9531 0.0015 0.9946 0.0020 

INFOSYS 0.0352 0.0218 174.1679 0.9770 0.0019 0.9923 0.0032 

Hindusthan Unilever 0.0170 0.0136 102.4687 0.9412 0.0012 0.9938 0.0013 

HDFC 0.0252 0.0173 133.7813 0.9975 0.0011 0.9961 0.0024 

HINDALCO 0.0208 0.0116 156.2008 0.9815 0.0007 0.9986 0.0021 

ACC 0.0191 0.0145 112.8095 0.9870 0.0024 0.9954 0.0019 

TISCO 0.0337 0.0197 154.4715 0.9912 0.0021 0.9919 0.0030 

L&T 0.0252 0.0184 116.9975 0.9924 0.0013 0.9928 0.0035 

SBI 0.0207 0.0132 130.4612 0.9871 0.0022 0.9965 0.0010 

TELCO 0.0308 0.0194 165.5519 0.9986 0.0023 0.9974 0.0029 
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CONCLUSIONS 

 Before going to measure conditional volatility utilizing different ARCH family of models, an effort 

has been made to compare the descriptive time invariant measures in both the markets. As far as the 

standard deviation of underlying NIFTY index in spot and futures markets are concerned, it has been 

found to be higher in the futures index. Underlying stock return variability in most of the stocks in the 

futures market is found to be slightly higher than that in the spot market.  

 Conditional volatility both in spot and futures markets are measured in different ARCH framework 

for the underlying index and stocks. The results from the ARCH (1) and GARCH (1,1) models clearly 

revealed that both the ARCH and GARCH coefficients for the underlying spot index and majority no. of 

stocks in the spot market are found to be significant. Apart from these, the old news (GARCH) 

coefficient is found to be stronger for more no. of stocks. 

 The results on the conditional volatility in futures market reveal that the ARCH and GARCH 

coefficients representing recent news and old news respectively in a GARCH (1,1) framework are found 

to be statistically significant for futures index as well as for most of the underlying stocks. Within these 

two coefficients, the old news (GARCH) coefficient is found to be significant for all the stocks. This is 

the same observation what we found in spot market also. 

 Volatility estimation separately in spot and futures markets is followed by a comparison of 

conditional and unconditional volatility in these markets in a GARCH (1,1) framework. It is observed 

that the unconditional as well as the conditional volatility is lower in futures market compared to spot 

market for the underlying index and nine out of ten stocks. Only exception here is HINDALCO stock. 

Thus, it can be concluded that the returns in futures market exhibit lesser volatility than returns in 

underlying spot market as being found through the utilization of GARCH class of models. 

 As far as the forecasting results for the index as well as stock returns are considered, most of the test 

statistics reveal that GARCH (1,1) model has lesser forecasting error compared to ARCH (1) framework, 

though the difference is very marginal. Volatility forecasting for stocks in both spot and futures markets 

are also found to have little difference in the forecasting error among the ARCH (1) and GARCH (1,1) 

frameworks.  
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