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Energy prices often exhibit sudden, unexpected and discontinuous changes.  Jump behaviour, or ‘gapping’, is driven in many cases by fluctuations in demand and low elasticity of supply, reflecting rigidities in the transportation and transmission system and limited inventories.  Particularly good examples of this occur in electricity markets.  Figure 1 plots the Australian New South Wales (NSW) electricity pool price every half hour for the calendar year 1999.

Figure 1 : Australian NSW Electricity Pool Prices for the Period 

1 January 1999 to 31 December 1999

Figure 1 shows that the presence of jumps is a significant component of the behaviour of the NSW pool price.  However, it should also be noted that the price does not stay at the level to which it jumps, but, after a jump, rapidly reverts to its long-term level.  This type of behaviour can be modelled by using a combination of mean reverting and jump processes.  A simple and realistic model for the spot price, which captures both these effects is an extension of the mean reversion model we discussed in last months EPRM and which can be described by the following mean reverting jump diffusion (MRJD) model;
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(1)

The proportional jump size is  which is random and is determined by the natural logarithm of the proportional jumps being normally distributed;
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where 
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 is the mean jump size and  is the standard deviation of the proportional jump size which we call the jump volatility.  The annualised frequency of jumps is given by , which is the average number of jumps per year.  The jump process is a discrete time process – jumps do not occur continuously but at specific instants of time.  Therefore, for typical jump frequencies, most of the time dq = 0 and only takes the value 1 when a randomly timed jump occurs.  When no jump is occurring the spot price behaviour is identical to the simple mean reverting process and is only different when a jump occurs.  Similarly, if the jump volatility were very small, so that even if jumps were very frequent their size would be insignificant, then this would again result in a spot price behaviour virtually identical to that described in our last article.

The proportional jump returns in equation (1) are normally distributed and therefore symmetrical.  That is the number of positive and negative jumps and the range of sizes of the proportional jumps will be equal on average.  In reality the distribution of jump return sizes of energy spot prices is generally positively skewed.  A simple way to incorporate this property into equation (1) is to have the proportional jumps drawn from a normal distribution but with different jump volatilities for the positive and negative jumps. Another simple alternative would be to have the proportional jumps drawn from a negatively shifted lognormal distribution – this would give a lower limit on the negative jump returns.  These extensions are straightforward to incorporate into Monte Carlo simulation but lead to the loss of the analytical tractability of the MRJD model.

Recursive Filter Estimation of the Jump-Diffusion Parameters

The estimation of jump parameters for energy prices is complicated by the fact that the jumps can only be observed as part of a time series of prices which includes the “normal” non-jump behaviour of the price.  Typically, we will not have information on the exact time the jumps occur.  However, it is clear in figure 1 that the very large price “spikes” should be attributed to jumps because the probability of the normal Brownian motion type behaviour generating these large price changes is effectively zero.  This observation provides a clue to how we might estimate the jump parameters.  Consider figure 2 which shows the NSW pool prices returns for the data in figure 1.

Figure 2 : Australian NSW Pool Price Returns for 1 January 1999 to 31 December 1999
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If we assume that jumps are relatively infrequent and not too large then we can get an estimate of the diffusion volatility in the usual way by calculating the sample standard deviation of returns.  Based on this estimate of the volatility we can then look for actual returns that were larger than we would expect (for a chosen probability) in the absence of jumps and identify these extreme returns as jumps.  Given that we have identified some returns as jumps we should recompute the estimate of the diffusion volatility by recalculating the sample standard deviation of returns with the jump returns excluded.  This will gives us a lower estimate of the diffusion volatility.  Consequently, using this new estimate of the diffusion volatility, we can look for further returns which exceed the chosen limit.  This process can be repeated until the estimates converge and no new jumps are identified (typically well within ten iterations) - we call this approach a Recursive Filter.

Estimation of Jump Parameters for the NSW Electricity Pool Prices

The data set represented in figure 1 consists of 17520 price observations giving 17519 returns with t = 5.70776(10-5.  The sample standard deviation of the half-hourly returns is 0.1469.  The probability of returns greater than 3 ( 0.1469 = 0.4407 is less than 0.003 therefore we begin by identifying returns larger in absolute value than 0.4407 as jumps.  We find that there are 213 returns that exceed this limit.  The number of jumps divided by the total time period over which they occur (in this case 1 year) gives an estimate of the jump frequency.  The mean and standard deviation of the jump returns gives us estimates of the mean jump size and the jump volatility.  Thus we have the following relationships:


 = number of jump returns / time period of data
(3a)
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 = average of jump returns
(3b)


 = standard deviation of jump returns
(3c)

Table 1 shows the convergence of this process for the NSW electricity data.

Table 1: Iterative Estimation of the Jump-Diffusion Parameters of NSW Electricity

	Iteration
	SD
	Jumps
	
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	

	2
	0.1376
	429
	429.0
	-0.004794
	0.7007

	4
	0.1320
	590
	590.0
	-0.005259
	0.6392

	6
	0.1312
	614
	614.0
	-0.005550
	0.6304

	8
	0.1312
	616
	616.0
	-0.005550
	0.6298

	10
	0.1311
	618
	618.0
	-0.005551
	0.6293

	12
	0.1309
	624
	624.0
	-0.005599
	0.6273

	14
	0.1308
	626
	626.0
	-0.005554
	0.6270

	16
	0.1308
	626
	626.0
	-0.005554
	0.6270


SD is the standard deviation of the returns after removing the jump returns,

Jumps is the number of jump returns identified.

For this data we require roughly 14 iterations for the estimates to converge.  However, for most non-power data sets 3 or 4 iterations is usually enough to ensure convergence.  Note also that the mean jump size is often very difficult to estimate robustly and should therefore usually be set to zero.  Using data for the calendar year 1999 table 2 shows the jump parameter estimation for a range of spot energy prices; Brent crude oil, WTI crude oil, Henry Hub natural gas (HH nat. gas), NSW daily average spot electricity prices (NSW daily), NSW half hour spot electricity prices (NSW 1/2h) and California Power Exchange (CalPX) daily prices.

Table 2: Jump parameter estimates for a range of spot energy prices
	
	SD
	
	
[image: image6.wmf]k


	

	Brent crude
	0.0210
	8.0
	0.0039
	0.0659

	WTI crude
	0.0212
	8.0
	0.0035
	0.0573

	HH natural gas
	0.0233
	16.0
	0.0005
	0.0792

	NSW daily
	0.1512
	42.0
	-0.0043
	0.5221

	NSW 1/2 hourly
	0.0922
	2439.1
	-0.0079
	0.4123

	CalPX
	0.1362
	38.0
	-0.0043
	0.4388


Maximum Likelihood Estimation of Jump Parameters

Another, more formal, statistical method for estimating jump process parameters is maximum likelihood.  This is a popular method of estimating the parameters of a stochastic process when the probability density for the stochastic variable can be written down analytically.  It has been used successfully by Ball and Torous (1983) to estimate jump parameters for NYSE stock prices.  The idea behind maximum likelihood is based on the observation that for a given choice of parameter values, , we can compute the probability or likelihood, L(x;), that a given set of log price changes, x, would have occurred.  The probability is simply the product of the probabilities, 
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, for the individual observations in the data set.  By taking the natural log of the probability for the whole data set, L(x;), we obtain a sum of the logs of the probabilities for the individual observations.  If we maximise L(x;) with respect to the parameter set  we obtain the set of parameters which maximises the likelihood that we would have observed the set of price changes in our data set.

A potentially undesirable empirical property of this method of estimating jump parameters is that it tends to converge on the smallest and most frequent jump component of the actual data.  Energy price return time series can often be characterised has having numerous different jump components typically ranging from very high frequency, low volatility jumps to low frequency, high volatility jumps.  We would usually want capture the lower frequency, high volatility component with a jump model.  Maximum likelihood estimation may therefore not have the properties we are looking for in a jump parameter estimation procedure.

Time Varying Patterns

For energies other than electricity, jump frequencies and volatilities are in general relatively low and therefore a significant period of daily data (at least the order of a year) would be needed to obtain reasonable historical estimates.  However, for electricity data it is possible to obtain reliable seasonal estimates on a monthly or even weekly basis.  Figure 3a and 3b plot weekly estimates of jump frequency and jump volatility for the same NSW in figure 1.

Figure 3a : Jump Frequency of NSW Electricity Pool Prices on a Weekly Basis
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Figure 3b : Jump Volatility of NSW Electricity Pool Prices on a Weekly Basis
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Although the estimation error is relatively high when using only a week of data, a period of high jump frequency can be clearly seen over the period of February and March 1999.  Interestingly the jump volatility does not show a peak during the same period.  The peaks in the jump volatility correspond to the large price spikes in 1999.  In general the weekly estimates are quite noisy and do not have a simple pattern.  Parameter estimation methods are not a magic wand which can be waved at the data, they must be interpreted in the light of experience and knowledge of the conditions in the market at the time.
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