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Overview
The daily power system has to deal with three main sources of uncertainty: demand uncertainty and load prediction errors, failure of power plants and uncertainty of wind. The growing share of wind and other intermittent generation sources in the European supply increases the uncertainty about power production in day-ahead and longer-term predictions. As EU member states increase the deployment of wind power and other intermittent renewable energy sources, the intraday and balancing market will gain more interest, as additional demand for reserve and response operations is needed. Hence, it becomes relevant to analyse the effect of wind power forecasting errors on intraday prices. A higher forecast error will increase the need of the use of intraday markets to balance out the oversupply or deficit of wind on an hourly basis. This oversupply or deficit can be corrected though flexible hydropower plants; however the power price is highly influenced by the fluctuations in the reservoir level (Huisman et. al. 2013). In this paper, we question to what extent hydropower a stabilizing effect has on the impact of wind forecasting errors on NordPool intraday prices. To do so, we examine the hourly imbalance power prices for the Scandinavian market (ELBAS) from 2011 until 2013 with a Markov regime-switching model for periods with low and high hydro reservoir levels during base, peak and off peak hours.
Methods
Let s(t) be the natural logarithm of the imbalance price for delivery of 1 MW during hour t. The spot price is assumed to be the sum of a deterministic component d(t) and a stochastic component x(t). d(t) is a highly predictable component accounting for the seasonality effects and x(t) is the random component reflecting unpredictable movements of the prices (Hamilton, 1994). The construction of the model is based on Mount et. al. (2006) and Huisman (2008).
	s(t) = d(t) + x(t)	(1)
The deterministic component consists of a mean price level μ1 and allows for a different price for the hour during weekend delivery reflected by . The parameter  is expected to be negative as weekend days normally exhibit lower prices than working days. ω(t) is the weekend dummy variable, which incorporates seasonality in the estimation process and is 1 if t is a weekend day and 0 if it is any other day.
	d(t) = μ + 1 ω t	(2)
The stochastic component in the normal state consists of a mean reversion component with speed of mean reversion  and the error term in state 1 є1,t. is assumed to be standard normally distributed multiplied with σ1 that represents the standard deviation of the error term. The mean reverting stochastic component then equals:
                                                                        x(t) = (1 − )xt−1 + σ1 є1,t.   |  St =1      			         (3)
The stochastic component in the second state consists of a mean price μ2, which is the increase or decrease in the price level. є2,t  is a normally distributed error term with standard deviation σ2.
					x(t) = μ2 + σ2 є2,t.   |  St =2     	   			              (4)
The transition probability is determined by a random variable that follows a Markov chain with different possible states. The transition probability for switching from one state to the other state as logistic functions ensures that predicted probabilities are between 0 and 1. The element Pi,j denotes the conditional probability that the process is in regime j at hour t given that the process was in regime i at hour t−1: pi,j = Pr{St = i | St-1 = j}. The transition probability 1-P1,1 equals the probability from being in state 1 at time t−1 and moving to the other state in the next hour. The transition probabilities for the regime-switching model are assumed to be depending on the realized wind and wind forecast error. In this model wind affects the probability of spikes through the forecasting error, which is the deviation between actual (rwndt) and forecasted wind (fwndt) levels. A higher forecast error will increase the need of the use of intraday markets to balance out the oversupply or deficit of wind on an hourly basis. This oversupply or deficit can be corrected though highly flexible hydropower plants. Huisman et. al [2013] argue that the marginal costs of hydro production varies depending on reservoir levels that determine hydro production capacity. The authors state that higher reservoir levels, more hydro capacity, leads to significant lower power prices and lower reservoir levels lead to higher power prices due to the marginal opportunity costs of the option to delay production. Therefore in this model we distinguish between high hydro reservoir levels, where this flexibility has low marginal production cost and price and low hydro reservoir levels for which the marginal production cost are certainly higher.
Pi,t = λi +κihp (rwndt −fwndt)IthItp + κihn(rwndt −fwndt)IthItn + κilp (rwndt −fwndt)ItlItp
[bookmark: _GoBack]                            + κiln(rwndt −fwndt)ItlItn  	                                                      				         (5)
To capture the effect of positive and negative wind deviations from expectations, in periods of high and low hydro reservoir levels, on the transition probability dummy variables are included in the model. For the high hydro reservoir level we include a dummy variable Ith that takes on the value of one when t is an hour with a hydro level higher or equal to 61.4%, which is the average hydro reservoir level in the analysed period. For the low hydro reservoir level we include a dummy variable Itl that takes on the value of one when t is an hour with a hydro level lower than 61.4% and zero elsewhere. Let Itp be a dummy variable that takes on the value of one when t is an hour with wind excess, the realized volume of wind power is higher than the forecasted volume of power generated with wind, and zero elsewhere. Let Itn be a dummy variable that takes on the value of one when t is an hour with a wind deficit, which means that the realized volume of wind power is lower than the forecasted volume of wind power and zero elsewhere. Hence, κihp and κihn captures the effect of positive and negative forecasting errors on the probability of non-normal prices during high hydro level and κilp and κiln captures the effect of positive and negative forecasting errors during periods of low hydro level.
Results
From analyzing the results we observe that μ1, which is the mean price level in the first state, is higher than the mean price level in the second state. This is due to μ2, which is negative. Meaning that in the second state the mean log price tends to be lower than the mean level during the first state and shows downward price spikes. The model distinguishes the regimes in terms of volatility. The volatility of the intraday price in the first state (σ1) is lower than the volatility in the second state (σ2). This means that the downward movement in prices is more volatile than the upward movements or than the first state as according to expectations. The results show that, while prices during state 1 are higher they have a low volatility, in state 2 they are characterized by higher volatility and lower levels. With respect to β1 we expect this to be negative as weekend days normally exhibit lower prices than working days and higher for the peak prices than for the off peak prices. The results are conform our expectation and there is more weekend seasonality in the peak hours than in the off peak hours. The speed of mean reversion under normal market conditions, α, indicates how long it will take to return to the mean price level. The results show that α is equal for peak and off peak hours (0.06). We clearly observe that the results for off peak hours with high hydro reservoir levels, which are significantly different from zero, are consistent with the expectations. Firstly according to expectation wind power excess should have a price decreasing effect. The results show that κ1hp is negative (-0.0010), which means that a positive error leads to a decrease of the probability that the prices will stay in the first state with higher prices. Next to this we observe a positive κ2hp (0.0018), which leads to an increase of the probability that the prices will stay in the second state with lower prices and also diminishes the probability of switching to the first state with higher prices. The effect we observe from κ1hn indicates that a wind deficit has a positive effect on the probability of staying in the first state with higher prices. When the forecasted wind power generation is higher than the actual production (negative error) there is a deficit of electricity supply planned day-ahead. This deficit needs to be covered to keep balance between supply and demand. In times with a high inventory of water hydropower plants have more willingness to cover this deficit on the intraday market. Therefore, under these circumstances this type of error is absorbed naturally by hydropower, hence, we would not expect an impact on the volatility since hydro has a stabilizing effect. Our results show that during high reservoirs levels a wind deficit has an increasing effect on the probability of staying in the first state with low volatility.
Conclusions
It is interesting to highlight the differences observed in the transition probabilities captured in this study. First, the hydropower capacity is a significant price volatility control mechanism mainly during off peak hours, which seems to come from the lower transmission congestion during off peak hours. Second, during high reservoir levels wind deficits are absorbed by hydropower but wind excess is not. This responds to the stronger incentive of the hydropower generators to produce electricity during high reservoir levels, willing to provide flexibility to the power system through its participation in the intraday market, which implies increasing their production with respect to the power committed day-ahead. Under wind forecast error, the use of hydropower capacity in intraday markets is proven to be an effective volatility control mechanism. However, additional flexible generation capacity is needed to act in times where, from the water management nature, hydropower it is not providing any stability.
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