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ABSTRACT 

       This thesis is a collection of three essays discussing the incentive for 

generation investment in deregulated electricity markets in Texas and 

California.  

       Essay one: Ex post payoffs of a tolling agreement for natural-gas-fired 

generation in Texas. To explore the problem of insufficient investment incentive 

for natural-gas-fired generation in Electricity Reliability Council of Texas 

(ERCOT), I use a large sample of over 134,000 15-minute observations in the 

46-month period of 01/01/2011 – 10/31/2014 to estimate the effects of several 

fundamental drivers on the ex post payoffs of three hypothetical tolling 

agreements by heat rate. Our assumed heat rates reflect those of a new combined 

cycle gas turbine (CCGT), a new combustion turbine (CT) and an old CT. The 

fundamental drivers are postulated to be the natural-gas price, regional loads, 

nuclear generation, and wind generation. We find rising natural-gas price and 

non-West regional loads tend to increase the agreements’ ex post payoffs. These 

payoff increases, however, were reduced by rising West regional load, nuclear 

generation and wind generation. Finally, we find a substantial payoff decline due 

to large-scale wind generation development in Texas, lending support to the 

suggestion of ERCOT’s transition from an energy-only market to an 

energy-and-capacity market. 

       Essay two: Wind generation’s effect on the ex post variable profit of 

compressed air energy storage: Evidence from Texas. We use 1401 daily 

observations in the 46-month period of 01/01/2011 – 10/31/2014 to estimate 

wind generation’s effect on the daily per MWH arbitrage profits of 
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compressed air energy storage (CAES) in the four regions of Houston, North, 

South, and West in the Electricity Reliability Council of Texas (ERCOT). 

We find an increase in wind generation’s MWH output in the discharge 

hours tends to reduce a CAES system’s profits. The same MWH increase in 

the charge hours, however, tends to increase profits. Hence, a wind 

generation capacity expansion that increases wind MWH in both discharge 

and charge hours has offsetting profit effects, implying that a CAES unit’s 

profitability is unlikely affected by wind generation development. Sharply 

contrasting the “gone with the wind” profitability problem faced by 

natural-gas-fired generation, our findings lend support to the financial 

attractiveness of CAES, whose development is useful for integrating a rising 

share of wind generation capacity into an electric grid. 

       Essay three: Renewable generation’s impact on pumped hydro storage’s 

profitability in California. We use a sample of 860 daily observations over the 

28-month period of 12/12/2012 – 04/30/2015 to estimate the effect of renewable 

generation development on pumped hydro storage’s (PHS’s) profitability in 

California. We find that rising renewable generation does not significantly ( = 

0.01) diminish a PHS system’s daily operating profits from energy sales at the 

California Independent System Operator’s (CAISO’s) day-head and real-time 

market prices, chiefly because renewable generation’s merit-order effect on the 

market prices cuts the system’s output revenue in a discharge period and input 

cost in a charge period. The system, however, faces severely inadequate 

investment incentive because its annual operating profit can hardly pay for its 

annual fixed cost. Hence, California should continue its adopted procurement 
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process for long-term contracts with adequate fixed cost recovery, so as to 

promote PHS to reliably integrate increasing amount of renewable generation into 

the state’s electric grid.  

 

Keywords: Tolling agreement, Ex post payoffs, Natural-gas-fired generation, 

Investment incentive, Wind generation, Compressed air energy storage 

(CAES), Pumped hydro storage (PHS), Profit effect, Electricity Reliability 

Council of Texas (ERCOT), California 
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CHAPTER 1   INTRODUCTION 

This thesis is motivated by the two transformative events already taken 

place in the electricity industry: (1) market reform and deregulation; and (2) large 

scale renewable energy development. The first event has led to competitive 

wholesale electricity markets with volatile prices (Borenstein, 2005; Li and Flynn, 

2006; Tishler et al., 2008). Along with occasional price spikes, this price volatility 

is attributable to the following factors: (a) daily fuel cost variations, (b) 

weather-dependent hourly demands with diurnal fluctuations, (c) planned and 

forced outages, (d) renewable energy development, (e) river flows when a system 

has rich hydro resources, (f) carbon price variations, and (g) transmission 

constraints (Borenstein, 2005; Li and Flynn, 2006; Tishler et al., 2008; Woo et al., 

2012, 2016). Figure 1 to Figure 4 aid visual understanding to these factors.  

It engenders extensive research in four major areas: (a) price behavior and 

dynamics (e.g., Deng and Xia, 2003, 2005; Deng and Oren, 2006; Inderfurth et al., 

2013), (b) derivatives and risk management (e.g., Eydeland and Wolyniec, 2003; 

Deng and Oren, 2006; Benth and Eriksson, 2013), (c) revenue adequacy and 

investment incentive (e.g., Joskow, 2013; Woo et al., 2012, 2016), (d) inefficiency 

due to market power abuse (e.g., Wolfram, 1999; Borenstein et al., 1999, 2001, 

2002; Knittel, 2002; Bushnell, 2007; Jha and Wolak, 2013). 

The second event is large scale renewable energy development, 

especially for wind generation because of its abundance and government policies 

such as subsidies and tax credits that aim to promote resource diversity and 

security (Sensfuss et al., 2008; Sioshansi et al., 2009, 2010, 2011), cut emissions 

of NOx, SOx and particulates, achieve the carbon reduction targets (Texas State 
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Legislature, 2005; Green and Vasilakos, 2010; EPA, 2014), and meet the 

renewable portfolio standards (RPS) (Woo et al., 2011a, 2011b, 2012, 2013, 2016). 

Figure 5 reports the global anticipated installed generation capacity by fuel type.  

Within the context of a deregulated market environment, the extant 

research encompasses: (a) the merit-order effect of wind generation that displaces 

thermal generation, thereby reducing market prices (Sensfuss et al., 2008; 

Zarnikau, 2010; Steggals et al., 2011; Woo et al., 2011b); (b) the potential use of 

wind generation to offset the price increase caused by nuclear plant shutdown 

after the 2011 Fukushima accident (Traber and Kemfert, 2012; Woo et al., 2016) 

and retirement of aging coal-fired generation plants (ERCOT, 2014; Manz et al., 

2014); (c) the diminishing investment incentive for natural-gas-fired generation, 

whose flexibility is required for wind energy integration and reliable grid 

operation (Traber and Kemfert, 2011; Woo et al., 2016); and (d) the impact of 

wind generation development on a market’s locational price difference that 

measures the market’s transmission congestion cost (Woo et al., 2011a).  

This thesis extends the extant literature by answering the following 

questions in three separate essays: 

Essay one: Ex post payoffs of a tolling agreement for natural-gas-fired 

generation in Texas. This essay improves our understanding of generation 

investment incentive, thereby contributing to the on-going debate of electricity 

market design: energy-only market vs. energy and capacity markets (Cramton and 

Stoft, 2005; Brattle, 2012; Joskow, 2013). 

Essay two: Wind generation’s effect on the ex post variable profit of 

compressed air energy storage: Evidence from Texas. This essay improves our 
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understanding of compressed air energy storage (CAES) investment incentive, 

thereby contributing to the public policy development in promoting CAES as a 

flexible resource for wind generation integration (Hall and Bain, 2008; Drury et al. 

2011; Ghofraniet al., 2014; Heier, 2014; Zafirakis et al., 2014). 

Essay three: Renewable generation’s impact on pumped hydro storage’s 

profitability in California. This essay enhances our understanding of pumped 

hydro storage (PHS) investment incentive. It contributes to the development of 

PHS as a flexible source for renewable energy integration (Ummels et al., 2008).  

All three essays will be empirical investigations based on the large data 

file of: (a) a 15-minute observations for the period of 01/01/2011-10/31/2014 

collected from the ERCOT market’s website, and (b) daily observations over the 

28-month period of 12/12/2012 – 04/30/2015 collected from the California 

Independent System Operator (CAISO) website.  

The proposed essays estimate regressions to explore these concerns, 

made possible by the large data base constructed from the files provided by Dr. 

Zarnikau and Eric Cutter, two frequent coauthors of Professor C.K. Woo. We use 

the regression-based approach because of its transparency and ease of 

implementation, yielding results based on actual market data. We do not use other 

approaches, which may include: (a) descriptive analysis (e.g., Ibrahim and Ilinca, 

2013) that lacks statistical details; (b) engineering simulation models (e.g., Wen et 

al., 2014) that are computationally cumbersome and difficult to implement; and (c) 

stochastic process models (e.g., Mousavi and Glynn, 2013) that do not yield 

insights that can directly address the state’s concerns.  

We organize the rest of this thesis as follows. Chapter 2 presents Essay 
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One: Ex post payoffs of a tolling agreement for natural-gas-fired generation in 

Texas. Chapter 3 presents Essay Two: Wind generation’s effect on the ex post 

variable profit of compressed air energy storage: Evidence from Texas. Chapter 4 

reports Essay Three: Renewable generation’s impact on pumped hydro storage’s 

profitability in California. Each individual essay compromises sections of: 

methodology, data, results, and conclusion. And Chapter 5 concludes the thesis 

with policy recommendations.  
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Figure 4: Hourly wind output in Texas: 05/01/2014-05/31/2014 

 

Figure 5: Global anticipated installed generation capacity by fuel type
1
 

  

                                                      
1
 Source: U.S. Energy Information Administration, available from: 

http://www.eia.gov/todayinenergy/detail.cfm?id=3270.  

0

2000

4000

6000

8000

10000

12000

O
u

tp
u

t 
(M

W
H

) 

0

500

1,000

1,500

2,000

2,500

S
o

u
r
c
e
 (

G
ig

a
w

a
tt

s)
 

Petroleum

liquids

Natural gas

Coal

Nuclear

Hydro and

other

renewables

http://www.eia.gov/todayinenergy/detail.cfm?id=3270


7 
 

CHAPTER 2   ESSAY ONE: EX POST PAYOFFS OF A 

TOLLING AGREEMENT FOR NATURAL-GAS-FIRED 

GENERATION IN TEXAS
2
 

2.1  Introduction  

In a deregulated electricity market, the “missing money” problem of 

inadequate generation investment incentive arises when the revenue from energy 

sales at wholesale spot market prices falls short of the required revenues by a 

merchant plant owner (Joskow, 2013). We explore this problem through an 

econometric analysis of the payoffs of a tolling agreement for natural-gas-fired 

generation.
3
 The agreement is a capacity contract that may be used by a local load 

distribution company (LDC) to manage its procurement cost risks (Eydeland and 

Wolyniec, 2003; Deng and Oren, 2006; Deng and Xia, 2006; Woo et al., 2006; 

Benth and Eriksson, 2013).  

After making an upfront lease payment to an owner of natural-gas-fired 

generation, the LDC obtains the right, but not the obligation, to dispatch the 

contracted capacity, rather than to buy from the spot market (Eydeland and 

Wolyniec, 2003; Deng and Xia, 2006). The LDC’s least-cost dispatch decision’s 

payoff is the positive difference between the market price and the contracted 

capacity’s per MWH variable cost. The expected sum of such payoffs over the 

agreement’s duration mirrors what the LDC is willing to pay for the contracted 

capacity, thus portraying the market-based investment incentive for 

                                                      
2
 The revised version of this chapter is published in Journal of Energy Markets, 9(1), 21-45. 

3
 We use the tolling agreement solely as a numerical vehicle for analyzing the natural-gas-fired 

generation’s payoffs, thus not suggesting that a new plant’s construction necessarily depends on a 

signed agreement. 
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natural-gas-fired generation. 

To see how the investment incentive for natural-gas-fired generation may 

move with the fundamental drivers (e.g., natural-gas price, system loads and wind 

generation), this paper estimates the drivers’ effects on the ex post payoffs of three 

hypothetical tolling agreements. These agreements correspond to the heat rates of 

7 MMBTU/MWH for a new combined cycle gas turbine (CCGT), 9 

MMBTU/MWH for a new combustion turbine (CT), and 11 MMBTU/MWH for 

an old CT.
4
  

Based on the payoff formula for a call option, we define each ex post 

payoff per MWH as max(recorded spot market price – recorded per MWH 

variable cost of the contracted capacity, 0). Since the per MWH variable cost 

declines with the heat rate, a new CCGT has the highest ex post payoffs, followed 

by a new CT and an old CT.  

Our analysis purposely includes an old CT, which may be needed to 

maintain an electrical system’s resource adequacy. A case in point is the 2014 

planning reserve margin of 9.8% projected by Electricity Reliability Council of 

Texas (ERCOT), well below the reserve margin target of 13.75% of peak load 

(Brattle, 2012; ERCOT, 2014a). ERCOT’s latest forecast, however, paints a less 

dire future of the state’s reserve margin.
5
  

Our interest in ERCOT is driven by the electricity features of Texas. First, 

                                                      
4
 Our heat rate assumptions are based on the information available from 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.

xls 
5
 See 

http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveR

eport-May2015.pdf 

 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
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Texas is large, with an annual peak demand of 66,454 MW in 2014.
6
 Second, the 

state’s total installed capacity in 2014 is around 74,000 MW, which is dominated 

by natural-gas-fired generation (55%).
7
 Third, natural gas is the state’s marginal 

fuel, except for the hours of low system loads that are typically met by coal-fired, 

nuclear and wind generation. Fourth, the state’s installed wind capacity in 2014 is 

more than 12,000 MW, the largest among all states in the U.S. Finally, Texas is 

considered to have the most competitive electricity markets in the U.S. For further 

details on the state’s electricity features, see Potomac Economics (2014) and 

ERCOT (2012b, 2014b).  

Our exploration is also motivated by concerns of insufficient generation 

investment to maintain system reliability in an energy-only market like ERCOT 

(Brattle, 2012; ERCOT, 2014a). Such concerns reflect: (a) no major new 

generation is under construction (ERCOT, 2014a);
8
 (b) several planned projects 

are postponed (Brattle, 2012; ERCOT, 2012a); and (c) there has been substantial 

retirement of generation units since 2009 (Brattle, 2012; ERCOT, 2014a); and (d) 

the possible impact of federal environmental regulations (e.g., the Clean Power 

Plan) upon the state’s large coal plants.  

We fully recognize that despite the absence of a capacity market, the 

lights are staying on and new power plants are getting built in Texas. Nonetheless, 

ERCOT may eventually need to establish a capacity market, as already done in 

other deregulated markets in the U.S. (e.g., New York, PJM and New England) 

(Spees et al. 2013). This is because the state’s projected wind generation 

                                                      
6
 See http://www.ercot.com/news/press_releases/show/51654.  

7
 See http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf.  

8
 This concern is lessened by the recent plant additions documented in 

http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveR

eport-May2015.pdf  

http://www.ercot.com/news/press_releases/show/51654
http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
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development may have a potentially large adverse impact on generation 

investment incentive.  

Thanks to government policies designed to promote renewable energy 

development (Alagappan et al., 2011), rising wind generation suppresses the spot 

market price through the merit-order effect of displacing thermal generation units 

with relatively high marginal fuel costs (EWEA, 2010). As its projected price 

reduction adversely affects a generator’s market-based revenue, wind generation 

development exacerbates the missing money problem (Sensfuss et al., 2008; 

Bushnell, 2010; Steggals et al., 2011; Fan et al., 2012; Woo et al., 2012; Hach and 

Spinler, 2014). Extant research also finds that natural-gas-fired generation’s 

payoffs and therefore profitability moves with such fundamental drivers as the 

natural-gas price, system loads and nuclear generation (e.g., Traber and Kemfert, 

2012; Woo et al., 2016).  

One may model the stochastic process of market price data to valuate a 

tolling agreement (e.g., Deng and Xia, 2003; Ryabchenko and Uryasev, 2011; 

Inderfurth et al., 2013; Thompson, 2013). Here we implement a regression 

approach based on Woo et al. (2015) to analyze a tolling agreement’s ex post 

payoffs, so as to transparently find the fundamental drivers’ likely impact on its 

valuation and therefore the incentive to invest in natural-gas-fired generation.  

Using a large sample of over 134,000 15-minute observations in the 

46-month period of 01/01/2011 – 10/31/2014, we find an increase in ERCOT’s 

non-West regional loads tends to increase the ex post payoffs. Although a 

natural-gas price increase raises the agreement’s fuel cost, it likely enhances the ex 

post payoffs. Similarly, declining nuclear generation tends to increase the ex post 
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payoffs. However, these payoff increases may vanish because of rising wind 

generation. Taken together, these findings lend support to a suggestion of 

ERCOT’s eventual transition from an energy-only market to an 

energy-and-capacity market, so as to mitigate the missing money problem 

magnified by the state’s large-scale wind generation development.  

Our main contributions are as follows. First, our analytical framework is 

comprehensive, encompassing the payoff effects of several fundamental drivers. It 

extends the extant studies which mainly consider a single resource: wind 

generation (Traber and Kemfert, 2011; Steggals, et al., 2011; Woo et al., 2012).  

Second, we document the diminishing investment incentives due to wind 

generation development in Texas. The negative payoff effects of wind generation 

corroborate the empirical evidence found for Great Britain (Steggals, et al., 2011), 

California (Woo et al., 2016) and Germany (Traber and Kemfert, 2011).  

Finally, we enrich the extant studies by illustrating an approach that can 

be used to analyze the ex post payoffs in other deregulated power markets. For 

example, the approach can be adapted to analyze how the investment incentives 

for natural-gas-fired generation may be affected by the phase-out of nuclear plants 

in Germany and elsewhere in the aftermath of the 2011 Fukushima nuclear 

disaster.  

The rest of this paper proceeds as follows. Section 2 presents our 

methodology. Section 3 describes our data sample. Section 4 reports our results. 

Section 5 concludes.  
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2.2 Methodology 

2.2.1 Payoff formula 

To define the ex post payoff of a hypothetical 1-MW tolling agreement in 

Texas, consider the per MWH fuel cost of natural-gas-fired generation on day d (= 

01/01/2011 – 10/31/2014 for our chosen sample period) at the daily natural-gas 

price Gd: 

Cd  = H × Gd                          (1) 

where H = heat rate (MMBTU/MWH) specified in the agreement. Ignoring the 

likely small per MWH non-fuel cost,
9
 the agreement’s per MWH payoff can be 

expressed as:  

Vtd  = max(Ptd – Cd, 0),  

where Ptd = 15-minute spot market price ($/MWH) of interval t = 1, …, 96 on day 

d. 

An OLS regression analysis of the Vtd data likely yields biased estimates 

because of the series’ many zero values (Maddala, 1983), as shown in Table 1 that 

reports the payoff distributions in ERCOT’s four main electric regions
: 
Houston, 

North, South, and West.
10

 Figure 1 is a scatter plot of the state’s 15-minute total 

wind generation (MWH) vs. a new CCGT’s payoffs ($/MWH) in ERCOT’s 

                                                      
9
 As part of our investigation, we verify that including the typically small non-fuel variable cost of 

less than $5/MWH has no material effects on our findings. 
10

 For a map of the four major regions and their resource mixes, see Woo et al. (2011b, p.3930).  

When ERCOT switched to a nodal market, Austin Energy, CPS Energy of San Antonio, the 

Lower Colorado River Authority, and Sam Rayburn Coop all got their own zones. But these zones 

tend to be smaller “carve-outs” and there is no retail competition within these newly-created zones. 

The West region has noticeable high mean payoff values over the 46-month period: 

$15.391/MWH for a CCGT, $13.563/MWH for a CT, and $12.302/MWH for an old CT. This is 

chiefly because the spot price patterns of the West region have changed very dramatically over the 

years from 2009 to 2011. Around 2009, the West zonal prices were relatively low and even bore 

negative values (Woo et al., 2012) since there was more wind output than could be possibly moved 

out of the zone. Starting from 2010, because of the boom in oil and natural-gas production, 

population in the West region swelled and the spot price for electricity soared. 
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Houston region for the 46-month period of 01/01/2011 – 10/31/2014. It 

exemplifies the challenge in estimating a fundamental driver’s payoff effect. To 

wit, the nearly zero adjusted R
2
 reflects a very poor regression fit that precludes 

any meaningful statistical inference.  

To circumvent the estimation challenge, we use an alternative approach 

proposed by Woo et al. (2015). Define the per MWH procurement cost of a LDC 

that practices least-cost dispatch of the contracted natural-gas-fired MW: 

Ytd = min(Ptd, Cd). 

The resulting Ytd data series have few zero values (which occur only when Ptd = 0), 

thus amenable to a standard regression analysis, sans concerns of sample 

truncation bias detailed in Maddala (1983). 

We can compute the per MWH payoff as:  

Vtd = Ptd – Ytd.                               (2) 

We verify the numerical validity of equation (2). When Ptd > Cd, Ytd = min(Ptd, Cd) 

= Cd, implying Ptd – Ytd = Vtd = max(Ptd – Cd, 0) = Ptd – Cd > 0. When Ptd ≤ Cd, Ytd 

= min(Ptd, Cd) = Ptd, implying Ptd - Ytd = Vtd = max(Ptd – Cd, 0) = Ptd - Ptd = 0. 

Using equation (2), we can find the marginal payoff effect of a 

fundamental driver Xktd:  

Vtd/Xktd = Ptd/Xktd - Ytd/Xktd.                  (3) 

To apply equation (3), we first estimate a market price regression to explain the 

variations in Ptd and a per MWH procurement cost regression to explain the 

variations in Ytd. We then use the two regressions’ coefficient estimates to infer the 

payoff effect of a given driver, as demonstrated by the next subsection below.  
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2.2.2 Regression model 

For region j in ERCOT (j = 1 for Houston, 2 for North, 3 for South, and 4 

for West), equation (4) below is the market price regression. Equation (5) is the 

per MWH procurement cost regression that corresponds to each of the three heat 

rates of 7, 9 and 11 MMBTU/MWH.  

 𝑃𝑗𝑡𝑑 = 𝛼𝑗𝑡𝑑 + 𝛼𝑗𝐺𝐺𝑑 + ∑ 𝛼𝑗𝑘𝑋𝑘𝑡𝑑
6
𝑘=1 + 𝜀𝑗𝑡𝑑 ,             (4) 

𝑌𝑗𝑡𝑑 = 𝛽𝑗𝑡𝑑 + 𝛽𝑗𝐺𝐺𝑑 + ∑ 𝛽𝑗𝑘𝑋𝑘𝑡𝑑
6
𝑘=1 + 𝜇𝑗𝑡𝑑 .             (5) 

In equation (4), αjtd is a time-varying intercept that accounts for the 

residual price variations not captured by other RHS variables. We assume αjtd to 

be a linear function of the binary indicators for a price observation’s hour-of-day, 

day-of-week, and month of year. The time-dependent intercept jtd in equation (5) 

is specified analogously.  

Following Woo et al. (2011a) and Zarnikau et al. (2014), the 

right-hand-side (RHS) variables are the following fundamental drivers:  

 Gd = daily natural-gas price ($/MMBTU). We do not know a priori the payoff 

effect of a natural-gas price increase that raises both the market price and the 

per MWH procurement cost.  

 (X1td, …, X4td ) = 15-minute total loads (MWH) of ERCOT’s four regions. We 

expect rising loads to increase payoffs because of their demand effects on 

market prices. 

 X5td = 15-minute total nuclear generation (MWH) from the Comanche Peak 

Nuclear Power Plant and South Texas Project. We expect an increase in 

nuclear generation to reduce payoffs because of its supply effect on market 

prices.  
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 X6td = 15-minute total wind generation (MWH). A majority of wind farms in 

Texas reside in the sparsely populated West region (Woo et al., 2011b). We 

expect an increase in wind generation to reduce payoffs because of its 

merit-order effect on market prices. 

The random errors εjtd and μjtd are assumed to be contemporaneously 

correlated and follow an AR(n) process. We use the iterated seemingly unrelated 

regression (ITSUR) method of PROC MODEL in SAS (2004) to efficiently 

estimate each region-specific system. Since there are three per MWH procurement 

costs, each system has four equations to be estimated.  

We use the ITSUR results to estimate the k
th

 driver’s marginal payoff 

effect hk and its variance Var(hk): 

ℎ𝑘 = �̂�𝑘 − �̂�𝑘,        (6) 

Var(ℎ𝑘) = Var(�̂�𝑘) + Var(�̂�𝑘)-2Cov (�̂�𝑘, �̂�𝑘).  (7) 

Three reasons support our model specification. First, a linear 

specification is a first-order approximation of an unknown nonlinear specification. 

Although a double-log form can account for nonlinearity and provide elasticity 

estimates, the presence of negative market prices denies us that opportunity. 

Second, we can readily apply equations (6) and (7) to perform a t-test of the null 

hypothesis of zero payoff effect. Finally, Section 4 below shows that our proposed 

specification yields plausible estimates that are meaningful and statistically 

significant (α = 0.1). 
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2.3 Data 

Our data construction makes the following assumptions: 

 Sample period. It is 01/01/2011 to /10/31/2014. Its beginning date is one 

month after ERCOT first adopted its current nodal market structure on 

12/01/2010. We decide not to use the December 2010 data because of 

ERCOT’s data reporting issues in the first month of nodal pricing. Its ending 

date reflects the data available at the time of our writing. 

 Heat rate (MMBTU/MWH). It is 7 MMBTU/MWH for a new CCGT, 9 

MMBTU/MWH for a new CT, and 11 MMBTU/MWH for an old CT.
11

  

 Natural-gas price ($/MMBTU). It is the daily Henry Hub natural-gas price 

because the local Houston Ship Channel Natural Gas Price may be 

endogenous, and the two natural gas price series are highly correlated (r > 

0.95). 

 Electricity price. While the day-ahead market (DAM) prices and real-time 

market (RTM) prices are available from ERCOT, we decide to use the RTM 

prices to circumvent the difficulty of obtaining day-ahead forecasts for the 

RHS variables to match the DAM prices (Woo et al., 2013). More importantly, 

the RTM prices are more volatile than the DAM prices. Based on the payoff 

formula of a call option, the RTM prices yield higher payoffs than the DAM 

prices (Woo et al., 2015). 

 Regional loads. They are the four major regions’ 15-minute total loads (MWH) 

provided by ERCOT. 

                                                      
11

 See 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics

.xls 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
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 Nuclear generation. It is the total 15-minute nuclear generation (MWH) 

provided by ERCOT.  

 Wind generation. It is the total 15-minute wind generation (MWH) provided 

by ERCOT.
12

  

Panel A of Table 2 shows the descriptive statistics for the RTM prices and 

the per MWH procurement costs. We apply the Phillips-Perron unit root test 

(Philips and Perron, 1988) to determine data stationarity, so as to address concerns 

of spurious regression (Granger and Newbold, 1974). The RTM price and per 

MWH procurement cost series are found to be stationary at the 1% significance 

level. 

The RTM prices have means of $34.719/MWH for the Houston region, 

$38.332/MWH for the West region, $34.220/MWH for the North region, and 

$35.544/MWH for the South region. These prices are highly volatile, as reflected 

by the standard deviations of $100/MWH to $106/MWH, maximum values of 

$4924/MWH to $5282/MWH, and minimum values of -$87/MWH and 

-$31/MWH. The per MWH procurement cost data have smaller means and 

standard deviations than the RTM price data, chiefly due to the least-cost dispatch 

decision of a tolling agreement’s buyer. 

With the exception of the Henry Hub natural-gas price series, Panel B 

shows all drivers are stationary. Ranging from $1.820/MMBTU to 

$8.150/MMBTU, the mean natural-gas price is $3.697/MMBTU. The load data 

are volatile, with standard deviations between 129 MWH and 966 MWH. With a 

mean of around 1,112 MWH and standard deviation of 205 MWH, nuclear 

                                                      
12

 We do not consider other types of renewable generation (e.g., small hydro, solar, and biomass), 

which are negligible in ERCOT. 
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generation is relatively stable when compared to regional loads. Finally, wind 

generation is highly volatile, with a mean of 894 MWH, standard deviation of 547 

MWH, minimum of 1 MWH and maximum of 2555 MWH.  
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2.4 Results 

2.4.1 Regression results 

Table 3 reports our regression results for the Houston and North regions 

and Table 4 the South and West regions. These tables show that albeit the noisy 

15-minute data, the adjusted R
2
 for the RTM price regressions exceed 0.6 for the 

four regions. The adjusted R
2
 for the per MWH procurement cost regressions is 

about 0.9 because the per MWH procurement costs are far less volatile than the 

RTM prices.  

Based on the significance criterion of α = 0.01 used throughout the rest of 

this paper, most AR parameters are statistically significant. All the 

regression-specific AR processes are stationary, with a regression-specific sum of 

AR(1) to AR(5) parameter estimates less than 1.0. Hence, our regression residuals 

do not follow a random walk, obviating concerns of spurious regression 

(Davidson and MacKinnon, 1993).  

Most of the slope-coefficients are statistically significant with the 

expected signs. Consider the estimates for the Henry Hub natural-gas price, which 

measure the market-based marginal heat rates (Woo et al., 2015). For the 

non-West price regressions, the market-based heat rates are estimated to be 8.55 

MMBTU/MWH to 9.38 MMBTU/MWH, nicely matching our assumed heat rate 

of 9 MMBTU/MWH for a new CT. The West region’s heat rate estimate is low at 

around 4 MMBTU/MWH, reflecting that the region’s wind generation accounts 

for over 50% of the region’s total generation capacity of about 12,000 MW, thus 

causing the West region to have fewer hours of natural-gas being the marginal fuel 

than the non-West regions. 
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Rising non-West regional loads tend to significantly raise the market 

prices. An increase in the West regional load, however, tends to reduce non-West 

regional market prices because it helps to reduce the occasional inter-regional 

transmission congestion caused by the wind export from the West region (Woo et 

al., 2011b). Finally, the estimated marginal effects of wind generation on the RTM 

prices are all significantly negative, confirming wind generation’s merit-order 

effects.  

The coefficient estimates for the per MWH procurement cost regressions 

have smaller size and the same sign as those in price regressions. This is expected 

because of the procurement cost being capped by the electricity market price.   

Before using the ITUSR regression results to quantify the various payoff 

effects, we perform several final checks: 

 Order of the AR process. We consider an AR(6) process in our regression, 

finding that the AR(6) parameter estimates are generally insignificant. Hence, 

we retain the AR(5) assumption.   

 Time-dependent variance. We assume the error terms to follow an AR(5)/ 

GARCH (1, 1) process. The estimated process, however, is non-stationary. 

Hence, we do not adopt the GARCH process. 

 Time-of-day (TOD) effects. We include interactions terms in our regressions 

to allow for the TOD effects. Each interaction term is the product of a RHS 

driver and the on-peak period indicator = 1 for 08:00-22:00, Monday to 

Saturday, 0 for the remaining hours.
13

 As a great majority of the interaction 

terms’ estimates are statistically insignificant, we decide to exclude the TOD 

                                                      
13

 Our on-peak period definition is based on the period’s relatively high loads. Changing the 

definition (e.g., 07:00-21:00, Monday to Friday) does not materially alter our regression results. 
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effects. 

 Nonlinearity. We include squared terms of the drivers as additional RHS 

variables. A majority of the expanded regression’s coefficient estimates are 

statistically insignificant, indicating over-specification. Hence, we retain our 

simpler linear specification. 

2.4.2 Marginal payoff effects 

Table 5 reports the estimated payoff changes due to a marginal change in 

a given driver. All of the statistically significant estimates have the expected signs. 

This table leads to the following inferences: 

 A $1/MMBTU increase in natural-gas price tends to increase the payoffs by at 

least $3.72/MWH in the non-West regions. However, it does not have a 

statistically significant impact on the West regional payoffs.  

 The statistically significant estimates for regional loads suggest that a 1-MWH 

increase in the non-West loads tends to raise the payoffs in all regions by at 

least $0.016/MWH. The same 1-MWH increase in the West regional load, 

however, tends to reduce the non-West regional payoffs, chiefly due to the 

negative price effects of the West regional load reported in Tables 3 and 4.  

 A 1-MWH increase in nuclear generation tends to reduce the regional payoffs, 

but its estimated effects are insignificant.  

 A 1-MWH increase in wind generation tends to cut the payoffs by about 

$0.01/MWH for the non-West regions, approximately half of the estimated 

effects for the West region.  

2.4.3 Payoff changes 

We estimate the payoff changes triggered by several hypothetical events. 
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Rather than a prediction of the future, our estimation aims to shed light on what 

may occur when a plausible event takes place.  

The first hypothetical event in Table 6 is a $1/MMBTU increase in 

natural-gas price, possibly due to the U.S. economic recovery, a slowdown in 

shale gas exploration, or an increase of the U.S. export of LNG to such 

natural-gas-poor countries as Japan and China. All non-West regions are projected 

to see significant payoff increases that are over 45% of their average payoff levels 

shown in Table 1. The same $1/MMBTU increase, however, does not have a 

significant effect on the average payoff level in the West region.  

The next hypothetical event is a 100-MWH regional load increase, which 

may result from a region’s economic growth. We observe statistically significant 

payoff increases in non-West regions. For example, raising the Houston load by 

100 MWH may increase the payoffs of an old CT in Houston by as much as 

36.99%. However, a 100-MWH load increase in the West region tends to reduce 

the payoffs in the non-West regions.  

The third hypothetical event is the state’s loss of nuclear generation equal 

to the mean 15 minute nuclear output of 1,112 MWH (or 4,448 MW over the 

60-minute interval). While the estimated increases in the payoff levels are 

insignificant, they can be as much as 88.14% for a new CCGT in the West region.  

The final hypothetical event is the completion of the 5000-MW Mariah 

project that may increase the state’s 15-minute total wind generation by 

406-MWH (= 5000 MW * 0.33 capacity factor * 15 minutes / 60 minutes).
14

 The 

406-MWH increase may substantially reduce the payoff levels, ranging from 

                                                      
14

 The capacity factor value 0.33 is the state’s average annual wind generation (MWH) in the 

sample period divided by [8760 hours * the state’s average annual wind capacity (MW) in the 

sample period]. Source: http://www.ercot.com/news/presentations.  

http://www.ercot.com/news/presentations


23 
 

-$3.13/MWH [-44.41%] for an old CT in the Houston region to -$8.3005/MWH 

[-53.93%] for a new CCGT in the West region.  
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2.5 Conclusion 

Table 6 suggests plausible events (e.g., the loss of nuclear generation and 

an increase in the natural-gas price) that can improve the investment incentives for 

natural-gas-fired generation in Texas. However, this improvement can be negated 

by the state’s known wind generation development. Hence, there may be 

insufficient investment incentives for natural-gas-fired generation units that are 

critical for renewable integration and system reliability. Hence, ERCOT may 

eventually need a capacity market to resolve its inadequate reserve margin and 

stalled investments in natural-gas-fired generation units; this is notwithstanding 

that the investment in new natural gas plants no longer seems to be stalled, 

possibly due to newly adopted the $9,000/MWH price offer cap on 01/01/2015.  

We would be remiss had we failed to acknowledge the potential pitfall in 

our analysis. In particular, our data sample has not seen large changes (e.g., mass 

retirement of old generation units and large development of wind generation) that 

can render our regression results inaccurate. Such changes imply that ERCOT’s 

spot market price dynamics in the future may greatly differ from those in the past. 

That said, our regression-based approach remains valid and useful, as additional 

data can be collected in the next few years to update our payoff analysis.  
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LIST OF TABLES FOR ESSAY ONE 

Table 1: Payoff ($/MWH) distributions under heat rate assumptions of H = 7 MMBTU/MWH for a new CCGT, H = 9 

MMBTU/MWH for a new CT, and H = 11 MMBTU/MWH for an old CT for the period of 01/01/2011 through 12/31/2014 

Distribution 
H = 7 MMBTU/MWH H = 9 MMBTU/MWH H = 11 MMBTU/MWH 

Houston North South West Houston North South West Houston North South West 

Percent of zero 

payoffs 
68.22% 70.03% 69.41% 66.53% 84.70% 85.28% 85.01% 77.56% 92.00% 91.86% 91.90% 82.24% 

Mean 9.24 8.80 10.41 15.39 7.71 7.36 8.94 13.56 7.06 6.71 8.29 12.30 

5 percentile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

25 percentile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

50 percentile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

75 percentile 2.42 1.71 2.00 5.12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

95 percentile 21.07 21.21 21.71 48.64 16.09 17.09 17.86 41.76 8.71 10.20 12.40 35.55 
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Table 2: Descriptive statistics under heat rate assumptions of H = 7 MMBTU/MWH for a new CCGT, H = 9 MMBTU/MWH 

for a new CT, and H = 11 MMBTU/MWH for an old CT for the period of 01/01/2011 through 12/31/2014 

Panel A: RTM prices and per MWH procurement costs 

Variable Mean Median Maximum Minimum S.D. Stationary at 1% level? 

15-min price ($/MWH): Houston 34.719 25.820 4924.830 -63.580 102.552 Yes 

15-min price ($/MWH): North 34.220 25.630 5282.840 -31.800 100.047 Yes 

15-min price ($/MWH): South 35.544 25.660 5001.900 -87.960 106.840 Yes 

15-min price ($/MWH): West 38.332 25.800 5186.830 -44.820 107.222 Yes 

15-min procurement cost ($/MWH) at H = 7: Houston 25.992 25.250 62.050 -63.580 6.526 Yes 

15-min procurement cost ($/MWH) at H = 9: Houston 27.564 25.710 78.350 -63.580 8.407 Yes 

15-min procurement cost ($/MWH) at H = 11: Houston 28.232 25.810 94.650 -63.580 9.603 Yes 

15-min procurement cost ($/MWH) at H = 7: North 27.325 25.550 78.350 -31.800 8.274 Yes 

15-min procurement cost ($/MWH) at H = 9: North 27.991 25.620 94.650 -31.800 9.524 Yes 

15-min procurement cost ($/MWH) at H = 11: North 25.859 25.160 62.050 -31.800 6.447 Yes 

15-min procurement cost ($/MWH) at H = 7: South 25.811 25.090 62.050 -87.960 6.591 Yes 

15-min procurement cost ($/MWH) at H = 9: South 27.316 25.550 78.350 -87.960 8.427 Yes 

15-min procurement cost ($/MWH) at H = 11: South 27.980 25.650 94.650 -87.960 9.642 Yes 

15-min procurement cost ($/MWH) at H = 7: West 23.515 24.940 62.050 -44.820 10.760 Yes 

15-min procurement cost ($/MWH) at H = 9: West 25.385 25.600 78.350 -44.820 12.529 Yes 

15-min procurement cost ($/MWH) at H = 11: West 26.675 25.770 94.650 -44.820 14.141 Yes 
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Panel B: Payoff drivers 

Variable Mean Median Maximum Minimum S.D. Stationary at 1% level? 

Daily Henry Hub natural gas price ($/MMBTU)  3.697 3.760 8.150 1.820 0.810 No 

15-min Houston load (MWH) 2558.842 2402.375 4587.280 1525.930 616.942 Yes 

15-min North load (MWH) 3542.707 3292.270 6982.410 1933.140 966.230 Yes 

15-min South load (MWH) 1089.474 1025.200 2037.000 512.600 281.109 Yes 

15-min West load (MWH) 743.986 718.100 1197.000 464.620 129.279 Yes 

15-min nuclear generation (MWH) 1111.612 1254.800 1350.400 336.630 205.633 Yes 

15-min wind generation (MWH) 894.537 832.100 2555.400 1.120 547.250 Yes 
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Table 3: Houston and North regressions with standard errors in (  ) under heat rate assumptions of H = 7 MMBTU/MWH for a 

new CCGT, H = 9 MMBTU/MWH for a new CT, and H = 11 MMBTU/MWH for an old CT for the period of 01/01/2011 through 

12/31/2014 

Variable Houston  North 

15-min price 

($/MWH) 

15-min 

procurement cost 

($/MWH) at H = 

7 

15-min 

procurement cost 

($/MWH) at H = 

9 

15-min 

procurement cost 

($/MWH) at H = 

11 

15-min price 

($/MWH) 

15-min 

procurement cost 

($/MWH) at H = 

7 

15-min 

procurement cost 

($/MWH) at H = 

9 

15-min 

procurement cost 

($/MWH) at H = 

11 

Adjusted R
2
 0.6680 0.9605 0.9593 0.9500 0.6874 0.9662 0.9641 0.9552 

Root mean squared 

error 
59.0895 1.2975 1.6951 2.1475 55.9395 1.1845 1.5671 2.0149 

AR(1) parameter 0.7572 

(0.0027) 

0.7496 

(0.0019) 

0.7641 

(0.0017) 

0.7437 

(0.0018) 

0.7729 

(0.0027) 

0.7813 

(0.0020) 

0.7875 

(0.0017) 

0.7615 

(0.0018) 

AR(2) parameter 0.0197 

(0.0034) 

0.0676 

(0.0024) 

0.0454 

(0.0021) 

0.0496 

(0.0023) 

0.0043 

(0.0034) 

0.0802 

(0.0025) 

0.0519 

(0.0021) 

0.0595 

(0.0023) 

AR(3) parameter 0.0496 

(0.0034) 

0.0521 

(0.0024) 

0.0485 

(0.0021) 

0.0487 

(0.0023) 

0.0631 

(0.0034) 

0.0309 

(0.0025) 

0.0361 

(0.0021) 

0.0397 

(0.0023) 

AR(4) parameter 0.0033 

(0.0034) 

0.0577 

(0.0024) 

0.0572 

(0.0021) 

0.0610 

(0.0023) 

0.0060 

(0.0034) 

0.0541 

(0.0025) 

0.0572 

(0.0021) 

0.0563 

(0.0023) 
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AR(5) parameter -0.0091 

(0.0027) 

-0.0214 

(0.0019) 

-0.0184 

(0.0017) 

-0.0109 

(0.0018) 

-0.0142 

(0.0027) 

-0.0315 

(0.0020) 

-0.0261 

(0.0017) 

-0.0152 

(0.0018) 

Gd: Daily Henry Hub 

natural gas price 

($/MMBTU)  

9.1928 

(1.2315) 

4.6093 

(0.0493) 

4.8039 

(0.0594) 

4.9794 

(0.0722) 

8.5563 

(1.2415) 

4.4966 

(0.0495) 

4.6556 

(0.0601) 

4.8343 

(0.0739) 

X1dt: 15-min Houston 

load (MWH) 

0.0350 

(0.0056) 

0.0032 

(0.0001) 

0.0067 

(0.0002) 

0.0089 

(0.0002) 

0.0222 

(0.0056) 

0.0023 

(0.0001) 

0.0046 

(0.0002) 

0.0061 

(0.0002) 

X3dt: 15-min North load 

(MWH) 

0.0227 

(0.0027) 

0.0013 

(0.0000) 

0.0021 

(0.0001) 

0.0028 

(0.0001) 

0.0283 

(0.0027) 

0.0020 

(0.0000) 

0.0036 

(0.0001) 

0.0048 

(0.0001) 

X2dt: 15-min South load 

(MWH) 

-0.0114 

(0.0109) 

0.007 

(0.0003) 

0.0084 

(0.0004) 

0.0081 

(0.0005) 

-0.0045 

(0.0109) 

0.0068 

(0.0003) 

0.0080 

(0.0004) 

0.0076 

(0.0005) 

X4dt: 15-min West load 

(MWH) 

-0.0552 

(0.0185) 

0.0016 

(0.0006) 

0.0020 

(0.0008) 

0.0017 

(0.0010) 

-0.0520 

(0.0185) 

0.0015 

(0.0006) 

0.0018 

(0.0008) 

0.0011 

(0.0010) 

X5dt: 15-min nuclear 

generation (MWH) 

-0.0104 

(0.0058) 

-0.0043 

(0.0002) 

-0.0056 

(0.0002) 

-0.0062 

(0.0003) 

-0.0094 

(0.0059) 

-0.0045 

(0.0002) 

-0.0056 

(0.0002) 

-0.0061 

(0.0003) 

X6dt: 15-min wind 

generation (MWH) 

-0.0135 

(0.0016) 

-0.0037 

(0.0000) 

-0.0051 

(0.0000) 

-0.0058 

(0.0000) 

-0.0140 

(0.0016) 

-0.0040 

(0.0000) 

-0.0055 

(0.0000) 

-0.0063 

(0.0000) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001). 
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Table 4: South and West regressions with standard errors in (  ) under heat rate assumptions of H = 7 MMBTU/MWH for a new 

CCGT, H = 9 MMBTU/MWH for a new CT, and H = 11 MMBTU/MWH for an old CT for the period of 01/01/2011 through 

12/31/2014 

Variable South West 

15-min price 

($/MWH) 

15-min 

procurement cost 

($/MWH) at H = 

7 

15-min 

procurement cost 

($/MWH) at H = 

9 

15-min 

procurement cost 

($/MWH) at H = 

11 

15-min price 

($/MWH) 

15-min 

procurement cost 

($/MWH) at H = 

7 

15-min 

procurement cost 

($/MWH) at H = 

9 

15-min 

procurement cost 

($/MWH) at H = 

11 

Adjusted R
2
 0.6846 0.9536 0.9515 0.9409 0.7152 0.9377 0.9356 0.9292 

Root mean squared 

error 
60.0043 1.4196 1.8550 2.3449 57.2199 2.6849 3.1792 3.7625 

AR(1) parameter 0.7728 

(0.0027) 

0.7065 

(0.0019) 

0.7187 

(0.0016) 

0.7027 

(0.0018) 

0.7927 

(0.0027) 

0.6959 

(0.0017) 

0.6835 

(0.0016) 

0.6774 

(0.0017) 

AR(2) parameter 0.0046 

(0.0034) 

0.1167 

(0.0023) 

0.0874 

(0.0020) 

0.0814 

(0.0022) 

-0.0050 

(0.0034) 

0.1425 

(0.0021) 

0.1330 

(0.0019) 

0.1269 

(0.0021) 

AR(3) parameter 0.0543 

(0.0034) 

0.0270 

(0.0023) 

0.0348 

(0.0020) 

0.0428 

(0.0022) 

0.0604 

(0.0034) 

0.0316 

(0.0022) 

0.0366 

(0.0019) 

0.0387 

(0.0021) 

AR(4) parameter -0.0017 

(0.0034) 

0.0767 

(0.0023) 

0.0688 

(0.0020) 

0.0648 

(0.0022) 

0.0015 

(0.0034) 

0.0366 

(0.0021) 

0.0391 

(0.0019) 

0.0396 

(0.0021) 
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AR(5) parameter -0.0008 

(0.0027) 

-0.0308 

(0.0019) 

-0.0236 

(0.0016) 

-0.0116 

(0.0018) 

-0.0074 

(0.0027) 

0.0094 

(0.0017) 

0.0142 

(0.0016) 

0.0180 

(0.0017) 

Gd: Daily Henry Hub 

natural gas price 

($/MMBTU)  

9.3853 

(1.3092) 

4.5534 

(0.0494) 

4.6996 

(0.0592) 

4.8217 

(0.0714) 

4.4254 

(1.3465) 

4.6631 

(0.1129) 

4.7646 

(0.1211) 

4.7774 

(0.1358) 

X1dt: 15-min Houston 

load (MWH) 

0.0175 

(0.0059) 

0.0029 

(0.0001) 

0.0054 

(0.0002) 

0.0069 

(0.0002) 

0.0237 

(0.0060) 

0.0028 

(0.0003) 

0.0046 

(0.0004) 

0.0063 

(0.0005) 

X3dt: 15-min North load 

(MWH) 

0.0297 

(0.0029) 

0.0012 

(0.0001) 

0.0023 

(0.0001) 

0.0031 

(0.0001) 

0.0246 

(0.0030) 

-0.0003 

(0.0002) 

0.0007 

(0.0002) 

0.0016 

(0.0002) 

X2dt: 15-min South load 

(MWH) 

0.0404 

(0.0115) 

0.0076 

(0.0003) 

0.0098 

(0.0004) 

0.0107 

(0.0005) 

-0.0150 

(0.0118) 

0.0029 

(0.0008) 

0.0039 

(0.0008) 

0.0027 

(0.0010) 

X4dt: 15-min West load 

(MWH) 

-0.1076 

(0.0195) 

0.0023 

(0.0006) 

0.0022 

(0.0008) 

0.0013 

(0.0010) 

0.0387 

(0.0200) 

0.0268 

(0.0014) 

0.0307 

(0.0016) 

0.0348 

(0.0018) 

X5dt: 15-min nuclear 

generation (MWH) 

-0.0084 

(0.0062) 

-0.0041 

(0.0002) 

-0.0051 

(0.0002) 

-0.0056 

(0.0003) 

-0.0167 

(0.0064) 

-0.0045 

(0.0005) 

-0.0060 

(0.0005) 

-0.0071 

(0.0006) 

X6dt: 15-min wind 

generation (MWH) 

-0.0150 

(0.0017) 

-0.0037 

(0.0000) 

-0.0052 

(0.0000) 

-0.0060 

(0.0000) 

-0.0274 

(0.0018) 

-0.0069 

(0.0001) 

-0.0089 

(0.0001) 

-0.0104 

(0.0001) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001).  
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Table 5: Marginal payoff effect estimates based on ITSUR with standard errors in (  ) under heat rate assumptions of H = 7 

MMBTU/MWH for a new CCGT, H = 9 MMBTU/MWH for a new CT, and H = 11 MMBTU/MWH for an old CT for the period of 

01/01/2011 through 12/31/2014 

Variable Houston North South West 

H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 

Gd: Daily Henry Hub 

natural gas price 

($/MMBTU)  

4.5834 

(1.2311) 

4.3888 

(1.2290) 

4.2133 

(1.2255) 

4.0596 

(1.2413) 

3.9006 

(1.2391) 

3.7219 

(1.2356) 

4.8318 

(1.3084) 

4.6857 

(1.3059) 

4.5635 

(1.3019) 

-0.2376 

(1.3447) 

-0.3391 

(1.3414) 

-0.3519 

(1.3372) 

X1dt: 15-min Houston 

load (MWH) 

0.0314 

(0.0056) 

0.0283 

(0.0056) 

0.0261 

(0.0056) 

0.0199 

(0.0056) 

0.0175 

(0.0056) 

0.0160 

(0.0056) 

0.0146 

(0.0059) 

0.0120 

(0.0059) 

0.0106 

(0.0059) 

0.0209 

(0.0060) 

0.0191 

(0.0060) 

0.0174 

(0.0060) 

X3dt: 15-min North 

load (MWH) 

0.0214 

(0.0027) 

0.0205 

(0.0027) 

0.0199 

(0.0027) 

0.0262 

(0.0027) 

0.0247 

(0.0027) 

0.0235 

(0.0027) 

0.0284 

(0.0029) 

0.0273 

(0.0029) 

0.0265 

(0.0029) 

0.0250 

(0.0029) 

0.0239 

(0.0029) 

0.0230 

(0.0029) 

X2dt: 15-min South 

load (MWH) 

-0.0184 

(0.0109) 

-0.0199 

(0.0109) 

-0.0195 

(0.0109) 

-0.0113 

(0.0109) 

-0.0125 

(0.0109) 

-0.0122 

(0.0109) 

0.0328 

(0.0115) 

0.0305 

(0.0115) 

0.0296 

(0.0115) 

-0.0180 

(0.0117) 

-0.0190 

(0.0117) 

-0.0178 

(0.0117) 

X4dt: 15-min West 

load (MWH) 

-0.0569 

(0.0184) 

-0.0573 

(0.0184) 

-0.0569 

(0.0184) 

-0.0536 

(0.0185) 

-0.0538 

(0.0185) 

-0.0532 

(0.0184) 

-0.1099 

(0.0195) 

-0.1098 

(0.0195) 

-0.1089 

(0.0194) 

0.0118 

(0.0199) 

0.0080 

(0.0199) 

0.0039 

(0.0198) 

X5dt: 15-min nuclear 

generation (MWH) 

-0.0060 

(0.0058) 

-0.0048 

(0.0058) 

-0.0041 

(0.0058) 

-0.0049 

(0.0059) 

-0.0038 

(0.0059) 

-0.0032 

(0.0059) 

-0.0043 

(0.0062) 

-0.0033 

(0.0062) 

-0.0028 

(0.0062) 

-0.0122 

(0.0064) 

-0.0106 

(0.0064) 

-0.0095 

(0.0064) 

X6dt: 15-min wind 

generation (MWH) 

-0.0098 

(0.0016) 

-0.0084 

(0.0016) 

-0.0077 

(0.0016) 

-0.0100 

(0.0016) 

-0.0085 

(0.0016) 

-0.0077 

(0.0016) 

-0.0112 

(0.0017) 

-0.0098 

(0.0017) 

-0.0090 

(0.0017) 

-0.0204 

(0.0018) 

-0.0184 

(0.0018) 

-0.0170 

(0.0017) 

Note: Bold font indicates 1% statistical significance.  
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Table 6: Estimated payoff changes ($/MWH) under heat rate assumptions of H = 7 MMBTU/MWH for a new CCGT, H = 9 

MMBTU/MWH for a new CT, and H = 11 MMBTU/MWH for an old CT; each number in [  ] = estimated payoff effects ÷ mean 

payoff in the third row of Table 1 

Event description 
Houston North South West 

H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 H = 7 H = 9 H = 11 

$1/MMBTU increase in the daily Henry 

Hub natural gas price 

4.5834  4.3888  4.2133  4.0596  3.9006  3.7219  4.8318  4.6857  4.5635  -0.2376  -0.3391  -0.3519  

[0.4958]  [0.5694]  [0.5972]  [0.4615]  [0.5298]  [0.5546]  [0.4643]  [0.5244]  [0.5507]  [-0.0154]  [-0.0250]  [-0.0286]  

100-MWH increase in the 15-min Houston 

load  

3.1400  2.8300  2.6100  1.9900  1.7500  1.6000  1.4600  1.2000  1.0600  2.0900  1.9100  1.7400  

[0.3397]  [0.3672]  [0.3699]  [0.2262]  [0.2377]  [0.2384]  [0.1403]  [0.1343]  [0.1279]  [0.1358]  [0.1408]  [0.1414] 

100-MWH increase in the 15-min North 

load  

2.1400  2.0500  1.9900  2.6200  2.4700  2.3500  2.8400  2.7300  2.6500  2.5000  2.3900  2.3000  

[0.2315]  [0.2660] [0.2821]  [0.2979]  [0.3355]  [0.3501]  [0.2729]  [0.3055]  [0.3198]  [0.1624]  [0.1762]  [0.1870]  

100-MWH increase in the 15-min South 

load  

-1.8400  -1.9900  -1.9500  -1.1300  -1.2500  -1.2200  3.2800  3.0500  2.9600  -1.8000  -1.9000  -1.7800  

[-0.1990]  [-0.2582]  [-0.2764]  [-0.1285]  [-0.1698]  [-0.1818]  [0.3152]  [0.3413]  [0.3572]  [-0.1170]  [-0.1401]  [-0.1447]  

100-MWH increase in the 15-min West load  
-5.6900  -5.7300  -5.6900  -5.3600  -5.3800  -5.3200  -10.9900  -10.9800  -10.8900  1.1800  0.8000  0.3900  

[-0.6155]  [-0.7434]  [-0.8065]  [-0.6094]  [-0.7307]  [-0.7927]  [-1.0560]  [-1.2288]  [-1.3142]  [0.0767]  [0.0590]  [0.0317]  

1112-MW loss of the nuclear generation 
6.6720  5.3376  4.5592  5.4488  4.2256  3.5584  4.7816  3.6696  3.1136  13.5664  11.7872  10.5640  

[0.7217]  [0.6925]  [0.6462]  [0.6195]  [0.5739]  [0.5302]  [0.4594]  [0.4107]  [0.3758]  [0.8814]  [0.8691]  [0.8587]  

Completion of the 5000-MW Mariah project 
-3.9875 -3.4178 -3.1330 -4.0689 -3.4585 -3.1330 -4.5571 -3.9875 -3.6620 -8.3005 -7.4867 -6.9170 

[-0.4313] [-0.4434] [-0.4441] [-0.4626] [-0.4697] [-0.4668] [-0.4379] [-0.4462] [-0.4419] [-0.5393] [-0.5520] [-0.5623] 

Note: Bold font indicates 1% statistical significance. 
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Figure 1: 15-minute total wind generation (MWH) in Texas vs. 15-minute ex post 

payoffs ($/MWH) of a new CCGT with heat rate H = 7 MMBTU/MWH in ERCOT’s 

Houston region for the 46-month period of 01/01/2011 – 10/31/2014   
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CHAPTER 3   ESSAY TWO: WIND GENERATION’S 

EFFECT ON THE EX POST VARIABLE PROFIT OF 

COMPRESSED AIR ENERGY STORAGE: EVIDENCE FROM 

TEXAS
15

 

3.1. Introduction  

Electric energy storage (EES) converts electrical energy input into a 

storable form for subsequent generation of electrical energy output (Ibrahim et al., 

2008; Chen et al., 2009; Ibrahim and Ilinca, 2013; Cutter et al., 2014). An 

example is the Bethel Energy Center compressed energy air storage (CAES) 

project in Texas, whose 2019 completion will yield 317 MW of fast ramping 

capacity that helps meet the state’s grid operator’s need for flexible resources to 

integrate and manage the intermittent renewable generation (Cutter et al., 2014 

and references thereof).
16

 This project consumes electricity to compress air for 

storage and uses natural gas to heat the compressed air to generate electricity. 

In a wholesale electricity market such as the Electricity Reliability 

Council of Texas (ERCOT) with locational marginal pricing (LMP) (ERCOT, 

2012a), an installed EES unit can improve economic efficiency by consuming 

electricity during the low-price hours for later generation during the high-price 

hours. Since LMP prices track marginal costs, the efficiency gain is the 

incremental cost saving, which is the positive difference between (a) the unit’s 

incremental revenue from selling the net MWH output (= MWH input – MWH 

                                                      
15

 The revised version of this chapter will be published in the Journal of Energy Storage (9), 

25-39. 
16

 See http://www.apexcaes.com/project.  

http://www.apexcaes.com/project
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loss due to conversion) and (b) incremental cost of procuring the MWH input and 

other inputs (e.g., labor and materials for operating and maintaining the unit). As 

the incremental cost saving is same as the operating profit earned by the unit’s 

owner, construction may occur only when the unit is projected to have sufficiently 

large operating profits to cover its fixed costs that include the returns on and of 

investment.  

EES is useful for integrating intermittent wind energy into an electric grid 

because of its operational flexibility in charging and discharging (Jenkin and 

Weiss, 2005; Sioshansi et al., 2009, 2011; Drury et al., 2011; Gabash and Li, 2012, 

2013). It implements market price arbitrage, offers operation reserve, improves 

system reliability, defers transmission investment, absorbs wind generation during 

the low-demand hours, and reduces emissions by displacing thermal generation 

during the high-price hours (Sioshansi, 2010; Sioshansi et al., 2011; Gabash and 

Li, 2012; Ibrahim and Ilinca, 2013; Luo et al., 2015). Its use in the world will 

likely expand, thanks to the deep de-carbonization commitments made by the U.S., 

China and other countries in the 2015 Paris Climate Change Summit (Rhodes, 

2016). 

EES has been available since early 20
th

 century. CAES, pumped hydro 

storage, flow battery, and flywheel are systems that are now commercially 

available (Hall and Bain, 2008; Chen et al., 2009). The performance metrics of a 

typical EES system are MW size, MWH output, and cycle efficiency (= MWH 

output ÷ MWH input). Similar to hydro pumped storage that requires the 

locational availability of reservoirs, CAES may be limited by the presence of 

low-cost storage sites (e.g., caves and depleted salt mines) (Fertig and Apt, 2011). 
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Nevertheless, the commercial viability of CAES is evidenced by the Bethel plant 

in Texas, as well as the Mclintosh plant in Alabama.
17

 When compared to 

flywheel and flow battery that are relatively costly, CAES is more suitable for 

large-scale energy management with longer storage duration and life cycle 

(Ibrahim et al., 2008; Chen et al., 2009; Ibrahim and Ilinca, 2013).  

For integrating additional wind energy into the electric grid, CAES can 

be an attractive alternative to natural-gas-fired generation, whose investment 

incentive has been found to be “gone with the wind” because of large-scale wind 

energy development. With zero fuel costs, wind generation displaces thermal 

generation in a grid operator’s economic dispatch to meet electricity demands 

(Bushnell, 2010; EWEA, 2010), resulting in its extensively documented 

price-reduction (or merit-order) effect (Sensfuss et al., 2008; EWEA, 2010; Woo 

et al., 2011; Woo et al., 2014 and references thereof).  

The wind-related reduction in electricity prices erodes the per MWH 

revenue and therefore operating profit of a thermal generation plant typically 

fueled by coal and natural gas. Hence, a new thermal plant’s construction unlikely 

occurs when the diminished operating profit from market-based energy sales is 

projected to fall short of the plant’s per MWH fixed costs, including the required 

returns on and of investments (Steggals et al., 2011; Traber and Kemfert, 2011; 

Woo et al., 2012, 2016; Liu et al., 2016). 

To see how wind generation development may affect a CAES system’s 

investment incentive in Texas,
18

 this paper uses a regression-based approach to 

                                                      
17

 The 110-MW McIntosh CAES project which has been running for over 20 years, see: 

http://www.powersouth.com/mcintosh_power_plant.  
18

 We do not consider other types of renewable generations (e.g., small hydro, solar, and biomass), 

which are negligible in ERCOT. 

http://www.powersouth.com/mcintosh_power_plant
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estimate wind generation’s effect on the system’s daily ex post variable profit 

(“profit” hereafter) per MWH of electricity input under three charge/discharge 

durations of 1, 2 and 4 hours. These chosen durations aim to reflect the technical 

characteristics of CAES described in Ibrahim and Ilinca (2013). Our focus of ex 

post profits reflects our interest in using recorded data that describe actual market 

conditions, thereby painting a realistic picture of CAES’s profit variations in 

response to wind generation fluctuations.   

We define the profit per MWH of electricity input as the difference 

between the per MWH revenue from on-peak discharge (= average on-peak price) 

and the per MWH cost of off-peak charge (= average off-peak price): 

π = Cycle efficiency × Average on-peak price – Average off-peak price.  

Hence, π is a variable profit based on the on- and off-peak price differential, 

without accounting for the system’s non-electric variable O&M costs that tend to 

be relatively small. To the extent that these variable O&M costs are stable, their 

inclusion has immaterial effects on how π may vary with market price changes 

caused by wind generation’s as-available random output variations.   

For empirical illustration, we choose ERCOT because of Texas’ salient 

electricity characteristics (ERCOT, 2012a; Potomac Economics, 2014; ERCOT, 

2014a). First, the state is large, with an annual peak demand of 66,454 MW in 

2014.
19

 Second, the state’s installed wind capacity in 2014 is over 12,000 MW, 

the largest among all the states in the U.S.
20

 Third, Texas has highly volatile 

market prices that can become negative and have large spikes (Zarnikau, 2010). 

                                                      
19

 See http://www.ercot.com/news/press_releases/show/51654.  
20

 See http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf.  

http://www.ercot.com/news/press_releases/show/51654
http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf
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Finally, Texas faces potential deterioration in its system reliability.
21

 It currently 

sees little construction of new thermal generation plants (ERCOT, 2014b),
22

 has 

experienced substantial plant retirements, encounters delays of newly planned 

projects (Brattle, 2012; ERCOT, 2012b, 2014b), and likely faces federal 

environmental regulations that adversely impact the state’s large fleet of 

coal-fired-generation plants.
23

 

While wind generation’s merit-order effect suppresses the off-peak prices 

in the charge hours
24

 and increases the per MWH profit of an EES like battery 

and CAES, it also reduces the on-peak prices in the discharge hours and cuts the 

system’s per MWH profit. The profitability of battery EES has been widely 

investigated, finding that the system’s profitability could be greatly improved by 

implementing a flexible optimal operation within the context of an active-reactive 

optimal power flow (A-R-OPF) (Gabash and Li, 2012, 2013, 2016a, 2016b).  

Turning our attention to CAES with substantial wind penetration, a case 

study of the 2008 ERCOT zonal market of the Houston region shows that 

operating a CAES system is unprofitable in a wind-rich state like Texas (Fertig 

and Apt, 2011). Nonetheless, wind generation’s profit effect on CAES in the 

ERCOT market since the adoption of a nodal market structure in 2010 has 

                                                      
21

 For example, the 2014 planning reserve margin of 9.8% projected by ERCOT is well below the 

reserve margin target of 13.75% of peak load (ERCOT, 2014b). A recent forecast depicts an even 

worse future of the reserve margin, see 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.

xls.  
22

 For the latest plant additions, see 

http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveR

eport-May2015.pdf.  
23

 ERCOT at times experienced generation capacity shortfalls amid soaring demand and plant 

shortages, see 

http://www.bloomberg.com/news/articles/2015-07-30/texas-power-hits-21-week-high-as-grid-war

ns-of-reserve-shortage.  
24

 Rising wind generation suppresses the off-peak spot market prices through the merit-order 

effect by displacing the natural-gas-fired generation units with relatively high marginal fuel cost 

(EWEA, 2010; Liu et al., 2016). 

http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
http://www.ercot.com/content/meetings/lts/keydocs/2011/0405/Generic_Database_Characteristics.xls
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
http://www.ercot.com/content/gridinfo/resource/2015/adequacy/cdr/CapacityDemandandReserveReport-May2015.pdf
http://www.bloomberg.com/news/articles/2015-07-30/texas-power-hits-21-week-high-as-grid-warns-of-reserve-shortage
http://www.bloomberg.com/news/articles/2015-07-30/texas-power-hits-21-week-high-as-grid-warns-of-reserve-shortage
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received little attention in the extant literature, unlike the case of natural-gas-fired 

generation (Steggals et al., 2011; Traber and Kemfert, 2011; Woo et al., 2012, 

2016; Liu et al., 2016).  

Using a sample of 1401 daily observations for the 46-month period of 

01/01/2011 to 10/31/2014, we estimate the relationship between a CAES system’s 

per MWH profit and the fundamental drivers of natural gas price, system demands, 

nuclear generation and wind generation that tend to move ERCOT’s market prices 

(Woo et al., 2011, 2012, 2016; Zarnikau et al., 2014; Liu et al., 2016). We find that 

a 1-MWH increase in wind generation in the discharge hours statistically 

significantly (p-value < 0.01) reduces the per MWH profits.
25

 However, the same 

MWH increase in the charge hours tends to improve the per MWH profits. As the 

discharge and charge profit effects are offsetting, a wind generation MW capacity 

expansion’s net profit effect is statistically insignificant at the 1% significance 

level used throughout this paper, highlighting CAES’s natural hedge against the 

profit risks caused by the wind generation’s capacity expansion. This natural 

hedge characteristic makes CAES attractive in its promotion for integrating wind 

energy in ERCOT.  

Our contributions are as follows. First, our CAES analysis is new. We use 

historical data to quantify the magnitude and significance of wind generation’s 

effect on investment incentive, thereby complementing the extant studies on the 

problem of investment incentives of natural-gas-fired generation (Steggals et al., 

2011; Traber and Kemfert, 2011; Woo et al., 2012, 2016; Liu et al., 2016).  

                                                      
25

 A p-value is the probability used to test the null hypothesis that an estimate is equal to zero. 

Hence if the p-value < 0.01, the hypothesis is rejected at the 1% significance level. By the same 

token, if the p-value > 0.01, the null hypothesis cannot be rejected even at the 10% significance 

level. 
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Second, our regression-based approach uses up-to-date market data to 

offer an alternative look at EES’s financial performance, thus augmenting and 

complementing the engineering/simulation approaches used in the EES literature 

(Jenkin and Weiss, 2005; Swider, 2007; Poonpun and Jewell, 2008; Roberts and 

Sandberg, 2011; Gabash and Li, 2012, 2013, 2016a, 2016b).  

Third, not all generation technologies suffer from the “gone with the 

wind” problem. Our empirical evidence on the insignificant effect of wind 

generation development on the investment incentives of CAES sharply differs 

from the findings for natural-gas-fired generation technology in Texas (Woo et al., 

2012; Liu et al., 2016), California (Woo et al., 2016), Germany (Sensfuss et al., 

2008; Traber and Kemfert, 2011), and Great Britain (Steggals, 2011). This is 

because for a CAES system, rising wind generation simultaneously reduces the 

system’s per MWH discharge revenue and charge cost. In contrast, rising wind 

generation only reduces a natural-gas-fired generation plant owner’s per MWH 

revenue, without an offsetting effect on the plant owner’s per MWH fuel cost.
26

  

Finally, we present an approach for investigating the ex post variable 

profits of other types of EES in a deregulated electricity market. For example, one 

may adapt the approach to analyze wind generation development’s effect on the 

investment incentive for pumped storage and batteries in markets such as 

California, New York, PJM, New England in the U.S., Alberta and Ontario in 

Canada, as well as Demark, Germany and Spain in Europe.  

                                                      
26

 In a deregulated energy-only market like ERCOT, market-based investment incentive of 

natural-gas-fired generation is determined by a local distribution company (LDC)’s least-cost 

dispatch decision. A LDC can choose between dispatching the natural-gas-fired generation 

capacity and buying from the spot market (Liu et al., 2016). The per MMBTU fuel cost of the 

LDC’s marginal generation faced by the LDC is chiefly the natural-gas price that is unaffected by 

the LDC’s least-cost decision.  
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The rest of this paper proceeds as follows: Section 2 presents our 

methodology and data construction. Section 3 describes our data sample. Section 

4 reports our results. Section 5 concludes.  
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3.2. Methodology 

3.2.1. Per MWH profit formula 

We begin by defining a hypothetical CAES system’s daily per MWH 

profit, the left-hand-side (LHS) variable in our proposed regression analysis:  

𝜋𝑛𝑑 = [𝜌(∑ 𝑃1,ℎ𝑑ℎ ) − ∑ 𝑃0,ℎ𝑑ℎ ]/𝑛;               (1) 

where ρ = cycle efficiency; P0,hd = spot market price ($/MWH) in charge hour h on 

day d; P1,hd = spot market price ($/MWH) in discharge hour h on day d; and n = 

duration of charge and discharge.
27

  

We use equation (1) to calculate πnd based on: (a) a simple operational 

rule (Gu et al., 2013), and (b) perfect price foresight. While πnd under the simple 

rule may be negative, it is positive under perfect foresight because the CAES 

operator can decide not to operate the system. The simple rule yields a profit floor 

readily obtainable in a real-world market environment. The perfect foresight 

yields a profit ceiling when a CAES operator can accurately forecast electricity 

prices and operate the system to maximize the system’s profit. Thus, the 

regression results based on (a) and (b) bookend the profit effects of the 

fundamental drivers.  

In addition to on-peak energy, a CAES device may provide ancillary 

services (AS) (Walawalkar et al., 2007; Fertig and Apt, 2011; Gu et al., 2013). 

Increasing wind generation tends to the increase the value of AS, since more 

operating reserves are needed when intermittent wind resources are added to the 

market. We do not consider AS provision by a CAES system because calculating 

                                                      
27

 Technically, ERCOT settles the storage’s MWH input and output at nodal prices. Our use of 

zonal prices reflects that our hypothetical CAES system is located inside a given zone whose price 

is a weighted average of all the nodal prices within the zone. See 

http://www.puc.texas.gov/agency/rulesnlaws/subrules/electric/25.501/25.501.pdf.  

http://www.puc.texas.gov/agency/rulesnlaws/subrules/electric/25.501/25.501.pdf


44 
 

the profits from AS provision greatly complicates the mode of operations for a 

CAES device,
28

 well beyond the scope of our study. Further, our study’s results 

can be readily compared to those of the regression-based analyses of 

natural-gas-fired generation’s profitability (Liu et al., 2016), which also do not 

consider the AS revenue sources. 

3.2.2. Simple rule 

To derive the simple rule for operating a hypothetical CAES system in 

Texas, we first compute the state’s hourly price as an equally-weighted hourly 

average of ERCOT’s 15-minute spot prices for the period of 01/01/2011 – 

10/31/2014. We then examine the price patterns by hour-of-day and month-of-year, 

find that price spikes are likely to occur in the morning hours in the winter months 

and in the afternoon hours in the summer months. Hence, we take the consecutive 

hours with the most frequent highest (lowest) prices as the discharge (charge) 

period in a month. To illustrate, we use Figure 1 to set 14:00-18:00 as the 4-hour 

discharge period and 02:00-06:00 as the 4-hour charge period for Houston region 

in July.
29

  

Table 1 summarizes the simple rule’s charge/discharge periods based on 

the observed price patterns.
30

 Assuming a cycle efficiency of ρ = 0.8 (Ibrahim and 

Ilinca, 2013), Table 2 compares the mean per MWH profits under the simple rule 

with those under perfect foresight. The simple-rule-based profits are 69% to 85% 

                                                      
28

 For example, a CAES device providing both on-peak energy and AS may have at least 9 

operation modes under three operation durations because each operation duration can have three 

operation modes (on-peak only, AS only, and mixed mode). 
29

 We have tried the hourly price distributions by month for identifying the monthly hours with 

high and low prices. The resulting charge and discharge periods can have overlapping hours. To 

wit, the morning hour of 08:00 – 09:00 may have low and high prices in a given month. Hence, we 

abandon the price distribution approach. 
30

 For brevity, we will not display the tables for the North and South regions (and hereinafter). 

These tables are available upon request: Liuy050229@gmail.com.  

mailto:Liuy050229@gmail.com
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of the perfect-foresight-based profits. Further, notwithstanding the large profit 

differences between simple rule and perfect foresight (see Figure 2), the two profit 

series are highly correlated (r ≥ 0.78).  

3.2.3. Regression model  

Our model specification follows those of Woo et al. (2011, 2012, and 

2016). For region j in ERCOT (j = 1 for Houston, 2 for North, 3 for South, and 4 

for West) on day d = 01/01/2011-10/31/2014, equations (2) to (4) below are the 

per MWH profit regressions corresponding to operation duration of 1, 2, or 4 

hours.  

𝜋1,𝑗𝑑 = 𝛼𝑗𝑚𝑑 + 𝛼𝑗𝐺  𝐺𝑑 + ∑ 𝛼𝑗𝑘
8
𝑘=1 𝑋1,𝑘𝑑 + 𝜀𝑗𝑑 ,           (2) 

𝜋2,𝑗𝑑 = 𝛽𝑗𝑚𝑑 + 𝛽𝑗𝐺  𝐺𝑑 + ∑ 𝛽𝑗𝑘
8
𝑘=1 𝑋2,𝑘𝑑 + 𝜖𝑗𝑑 ,           (3) 

𝜋4,𝑗𝑑 = 𝜃𝑗𝑚𝑑 + 𝜃𝑗𝐺  𝐺𝑑 + ∑ 𝜃𝑗𝑘
8
𝑘=1 𝑋4,𝑘𝑑 + 𝜇𝑗𝑑 .           (4) 

For clarity, the LHS variables are assumed to be the per MWH profits under the 

simple rule. As part of our analysis, however, we also perform a similar regression 

analysis on the profits under perfect foresight, see Section 4 below. 

Equations (2) to (4) assume time-varying intercepts to account for the 

residual profit variations not captured by other right-hand-side (RHS) variables. 

For example, αjmd is a linear function of the binary indicators for a profit 

observation’s day-of-week (denoted by subscript d) and month-of-year (denoted 

by subscript m). The objective is to capture the day-of-week and month-of-year 

effects not accounted for by the other regressors. The intercepts in the other 

equations are defined analogously.  

The remaining right-hand-side (RHS) variables are the fundamental 

drivers of the simple-rule-based profits. Except for the daily natural gas price that 
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is constant throughout the day, the daily values for the remaining RHS variables 

vary with the charge and discharge periods:  

 Gd = Daily Henry-hub natural-gas price ($/MMBTU). As a natural-gas price 

increase raises the spot market prices in the charge and discharge periods, we 

do not know a priori its net profit effect given by the coefficients Gjd, Gjd 

and Gjd. 

 Xn1d = Daily average of the region’s own hourly load (MWH) in a charge 

period of n (= 1, 2, 4) hours. Rising load in the charge period tends to raise 

market prices and reduce profits. Hence, its coefficient estimates are 

expected to be negative.  

 Xn2d = Daily average of the other regions’ hourly load (MWH) in a charge 

period of n (= 1, 2, 4) hours. While an increase in region j’s load influences a 

CAES system’s profit in the same region, we do not know a priori the profit 

effect of other regions’ loads on the system.  

 Xn3d = Daily average of the state’s hourly nuclear generation (MWH) in the 

charge period. Rising nuclear generation in the charge period tends to reduce 

market prices and improve profits. Hence, its coefficient estimates are 

expected to be positive. 

 Xn4d = Daily average of the state’s hourly wind generation (MWH) in the 

charge period. Rising wind generation in the charge period tends to reduce 

prices and improve profits. Hence, its coefficient estimates are expected to be 

positive. 

 Xn5d = Daily average of the region’s own hourly load (MWH) in the discharge 

period. Rising load in the discharge period tends to raise market prices and 
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improve profits. Hence, the coefficient estimates are expected to be positive. 

 Xn6d = Daily average of the other regions’ hourly load (MWH) in a discharge 

period of n (= 1, 2, 4) hours. As in the charge period case, we do not know a 

priori its profit effect on a CAES system in region j. 

 Xn7d = Daily average of the state’s hourly nuclear generation (MWH) in the 

discharge period. Rising nuclear generation tends to reduce market prices and 

cut profits. Hence, its coefficient estimates are expected to be negative. 

 Xn8d = Daily average of the state’s hourly wind generation (MWH) in the 

discharge period. Rising wind generation tends to reduce market prices and 

cut profits. Hence, its coefficient estimates are expected to be negative. 

Under the assumption that the random errors 𝜀𝑗𝑑 , 𝜖𝑗𝑑, and μjd are serially 

correlated, we apply the maximum likelihood (ML) method of PROC AUTOREG 

in (SAS, 2004) to estimate each region-specific regression, yielding the results 

reported in Section 4.  

Four reasons justify our model specification: 

 Linear regression. A linear model is a first-order approximation of an 

unknown nonlinear form. Our preference of a linear model specification over 

a logarithmic model is due to the presence of negative profits under the 

simple rule.  

 Easy interpretation. Our model specification aids easy interpretation of a 

profit driver’s effect. For example, the coefficient αjG is the marginal profit 

effect of the natural gas price on the 1-hour profit. 

 Serial correlation. Our data firmly reject the null hypothesis of no serial 

correlation at the 1% significance criterion used throughout this paper.  
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 Empirical reasonableness. The regression results in Section 4 show 

statistically significant slope coefficient estimates for wind generation. These 

estimates have the expected signs, indicating that rising wind generation in 

the charge (discharge) period tends to increase (reduce) the CAES profit. 

Further, the coefficient estimates for the remaining RHS variables also have a 

pattern consistent with our expectations. 

3.2.4. Impact of rising wind generation 

We use the ML results to quantify the impact of rising wind generation on 

the variable profits, entailing the following steps:  

 Step 1: Assume wind generation capacity increases by W MW.  

 Step 2: Find ω = W/K, the ratio of the new wind capacity W to the installed 

wind capacity K = Average of the annual installed capacities in the sample 

period = 10,993 MW.
31

 

 Step 3: Find the Y MWH produced by the W MW capacity in the charge 

period, which is reported in Table 4 and Table 5:  

Y = Sample mean wind MWH in the charge period × ω. 

 Step 4: Find the Z MWH produced by the W MW capacity in the discharge 

period, which is reported in Table 4 and Table 5:  

Z = Sample mean wind MWH in the discharge period × ω. 

 Step 5: Estimate the profit effect () and its variance (V
2
). To illustrate, 

consider equation (2) whose wind coefficient estimates are found to be a4 

and a8. An unbiased estimate of is (a4 Y + a8 Z), whose variance is V
2
 = Y

2
 

Var(a4) + 2 YZ Cov(a4, a8) + Z
2 

Var(a8). The profit effects based on equations 

                                                      
31

 See http://www.ercot.com/gridinfo/resource.  

http://www.ercot.com/gridinfo/resource
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(3) and (4) can be found analogously.   
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3.3. Data 

3.3.1. Data construction 

We use the sample period of 01/01/2011 to /10/31/2014 available from 

the ERCOT website. The period’s beginning date reflects that while ERCOT 

adopted its current nodal market structure in December 2010, the data reporting 

issues in the first month of nodal pricing discourage us from using the December 

2010 data. The ending date mirrors the data available at the time of our writing. 

To construct the profit in equation (1), we make the following 

assumptions based on (Schoenung, 2001, 2011; Jewell and Poonpun, 2008; Chen 

et al., 2009; Ibrahim and Ilinca, 2013):  

 Cycle efficiency. We assume 80% cycle efficiency (ρ = 0.8) for the 

hypothetical CAES system (Schoenung, 2011; Pimm et al., 2015).  

 Size. To match the per MWH profit computation, we assume 1-MW CAES 

ownership. This assumption is reasonable because the typical CAES system 

has a capacity between 50 and 300 MW (Chen et al., 2009) and its 

installation should not impact the market price because the state has more 

than 74,000 MW to serve its peak demand.
32

 Even for the large 317-MW 

Bethel Energy Center CAES project, the capacity addition is less than 0.5% 

of the state’s total capacity. 

 Constant charge and discharge operation. We assume constant charge and 

discharge durations of 1, 2, and 4 hours, which are within the normal 

operating duration of a typical CAES (Chen et al., 2009; Ibrahim and Ilinca, 

                                                      
32

 See http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf. 

http://www.ercot.com/content/news/presentations/2015/ERCOT_Quick_Facts_52215.pdf
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2013).
33

 The assumption of operating durations makes sure that charge and 

discharge take place within one day, so as to circumvent the need to use 

stochastic dynamic programming that is well beyond the scope of our paper.  

 Spot market price. Although ERCOT website publishes both the day-ahead 

market (DAM) prices and real-time market (RTM) prices, we choose to use 

the RTM prices because: (a) they lead to higher per MWH profits; and (b) 

they circumvent the difficulty of obtaining day-ahead forecasts for the RHS 

variables to match the DAM prices (Woo et al., 2013).  

 Cycle of operation. The system is assumed to operate within 24 hours a day, 

365 days a year. Consistent with the simple rule formation, this assumption 

keeps our sample size as large as possible.  

 Location. As suggested in (Fertig and Apt, 2011), we assume a load-sited 

CAES in each region (the Gulf Coast Basin for the Houston region, the 

aquifers surrounding Dallas for the North region, the South Texas Basin for 

the South region, and the Delaware and Midland Basins for the West region), 

so as to achieve higher variable profit with larger transmission capacity.  

We make additional assumptions for constructing our RHS variables:  

 Daily natural-gas price ($/MMBTU). We use the daily Henry Hub 

natural-gas price as the local Houston Ship Channel Natural Gas Price may 

be endogenous, and the two natural gas price series are highly correlated (r > 

0.95) (Liu et al., 2016). 

 Hourly load. It is the hourly sum of the 15-minute system load data available 

from the ERCOT website.  

                                                      
33

 The average operating duration of the McIntosh CAES plan is less than 3 hours. See 

http://www.ercot.com/content/gridinfo/etts/compressedair/presentations/Haddington_2nd_ERCOT

_CAES_Presentation_100824-a_drm.pdf.  

http://www.ercot.com/content/gridinfo/etts/compressedair/presentations/Haddington_2nd_ERCOT_CAES_Presentation_100824-a_drm.pdf
http://www.ercot.com/content/gridinfo/etts/compressedair/presentations/Haddington_2nd_ERCOT_CAES_Presentation_100824-a_drm.pdf
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 Hourly nuclear generation. It is the hourly sum of the state’s 15-minute 

nuclear generation data available from the ERCOT website.  

 Hourly wind generation. It is hourly sum of the state’s 15-minute wind 

generation data available from the ERCOT website.  

3.3.2. Descriptive statistics  

Panel A and Panel B of Table 3 report the descriptive statistics for the ex 

post variable profit data. Using the Phillips-Perron unit root test (Phillips and 

Perron, 1988), we determine that all the series in Panel A and Panel B are stationary 

at the 1% significance level, thereby obviating the concern of spurious regressions 

(Granger and Newbold, 1974).  

The daily profit data based on simple rule have means ranging from 

$19/MWH for the North region under 4 hours’ operation, to $45/MWH for the West 

region under the one-hour operation. These data are highly volatile, as reflected by 

their standard deviations of $134/MWH to $219/MWH, minimum values of 

-$160/MWH to -$28/MWH and maximum values of $1972/MWH to $3654/MWH. 

Relative to the price data based on simple rule, the profit data obtained from perfect 

foresight have higher means, minimum values and maximum values, and lower 

standard deviations. This makes sense because perfect price foresight captures 

extreme price hours and the per MWH profits are non-negative.  

Table 4 reports the descriptive statistics for the profit drivers under the 

simple rule. The natural-gas price data are non-stationary with means of 

$3.70/MMBTU and standard deviation of $0.81/MMBTU. The remaining series 

are stationary. For brevity, we focus on the Houston region, the load pocket in 
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Texas,
34

 to discuss the descriptive statistics. With standard deviations between 

2977 MWH and 3133 MWH, the Houston regional load data for discharge periods 

are more volatile than those for charge periods. Relative to regional loads, nuclear 

generation is stable, with means ranging from 4440 MWH to 4451 MWH and 

standard deviations between 819 MWH and 827 MWH. Wind generation series are 

highly volatile with standard deviations ranging from 2004 MWH to 2103 MWH. 

The maximum values of wind generation can be 100 times its minimum values. For 

brevity, we do not report the statistics for the “other regions’ load” data, which can 

be calculated from the daily regional load data. 

We omit the discussion of the descriptive statistics displayed in Table 5 for 

the RHS variables under perfect foresight, because they have comparable statistical 

characteristics.  

 

  

                                                      
34

 Moreover, Houston region will be most likely to be concerned of the proposed environmental 

regulations on the system. Much of the planned retirement of 10,000 MW natural-gas-fired 

generation units are located in the Houston region. See: 

http://www.ercot.com/content/news/presentations/2014/Impacts%20of%20Environmental%20Reg

ulations%20in%20the%20ERCOT%20Region.pdf and 

http://www.ercot.com/content/news/presentations/2011/ERCOT_Review_EPA_Planning_Final.pdf

.  

http://www.ercot.com/content/news/presentations/2014/Impacts%20of%20Environmental%20Regulations%20in%20the%20ERCOT%20Region.pdf
http://www.ercot.com/content/news/presentations/2014/Impacts%20of%20Environmental%20Regulations%20in%20the%20ERCOT%20Region.pdf
http://www.ercot.com/content/news/presentations/2011/ERCOT_Review_EPA_Planning_Final.pdf
http://www.ercot.com/content/news/presentations/2011/ERCOT_Review_EPA_Planning_Final.pdf
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3.4. Results  

3.4.1. Regression results  

Table 6 to Table 9 report the regression results for the Houston, North, 

South, and West regions. These results have been subject to the following checks: 

 Order of the AR process. We consider an AR(2) process, finding that the AR(2) 

parameter estimates are generally insignificant. Thus we retain our AR(1) 

assumption.  

 Nonlinearity. We add squared terms of the profit drivers as additional RHS 

variables. As 78% of the expanded regressions’ coefficient estimates are 

statistically insignificant, we retain our linear functional form.  

These tables suggest that the total R
2
 is around 0.20,

35
 chiefly because of 

our sample of noisy daily data. While all AR parameter estimates are statistically 

significant, they are less than 0.65, indicating that all the AR processes are 

stationary.
36

 Therefore, our regression residuals do not follow a random walk and 

the regression results are not spurious (Davidson and Mackinnon, 1993).  

We now turn our attention to the wind generation’s coefficient estimates 

that lead to the following findings. Our discussion will focus on the wind effects in 

all of the load pocket regions (non-West regions) and the West region where most 

wind farms are housed, leading to:  

First, the estimated profit effects of wind generation in the discharge 

periods under the simple rule for the non-West regions are negative and significant, 

                                                      
35

 It measures how close the data are to the fitted regression line. The SAS PROC AUTOREG 

procedure calculates the total R
2 
as: 1 – SSE/SST; where SST is the sum of squares for the original 

response variable corrected for the mean and SSE is the final error sum of squares (SAS, 2004). 
36

 An AR process is stationary if: (a) its mean and variance are both finite and must not depend on 

time; and (b) its covariance between pairs of random values derived from the AR process must not 

depend on the value of time itself (Box and Pierce, 1970).  
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ranging from -$0.0151/ MWH (North, 1-hour charge and discharge) to 

-$0.0072/MWH (Houston, 4-hours charge and discharge). While wind generation 

tends to raise the profit in the charge periods, its estimated effects are mostly 

insignificant.  

Second, the estimated profit effects of wind generation under the simple 

rule for the West region are significant. A 1-MWH increase in wind generation in 

the discharge period tends to cut the profit by at least $0.013 but raise the profit by 

at least $0.007/MWH in the charge period.  

Third, the estimated profit effects of wind generation in the discharge 

periods under perfect foresight for the non-West regions are insignificant and 

between -$0.0054/MWH and -$0.0024/MWH. Rising wind generation in the 

charge periods may increase profit by up to $0.0023. These estimated effects, 

however, are insignificant.  

Finally, the estimated profit effects of wind generation in the discharge 

periods under perfect foresight for the West region are significant. Increasing wind 

generation by 1-MWH may reduce the profit by more than $0.0049. The estimated 

effects for the charge periods are insignificant.  

The remaining non-wind coefficient estimates suggest that an increase in 

the Henry Hub price tends to raise profits. Rising nuclear generation in the charge 

(discharge) period tends to increase (reduce) profits. Finally, the estimated profit 

effects of a regional load increase in the charge (discharge) periods are mostly 

negative (positive).  

3.4.2. Profit changes  

We estimate the profit changes triggered by three possible cases of wind 
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generation development: 1 MW, 313 MW, and 5,000 MW. The first case 

corresponds to the average size of a wind turbine;
37

 the second case signifies the 

average size of a wind farm in Texas,
38

 and the last case reflects the completion of 

the 5,000-MW Mariah project in Texas.
39

 Rather than being predictive, this 

estimation aims to indicate what may occur for a hypothetical case of wind 

generation development. 

Table 10 describes the estimated profit changes under the ceteris paribus 

assumption. For the 1-MW increase in wind capacity, the estimated profit effects 

range from -$0.0025/MWH to -$0.0001/MWH. Increasing wind capacity by 313 

MW will suppress the profit by as much as $0.7885/MWH. The completion of 

5000-MW Mariah project may reduce the profit by as high as $12.5962/MWH. 

Thanks to an insightful referee, we use two compact plots in Figure 3 to aid visual 

understanding of the profit changes due to wind development.  

Table 10, however, also indicates all estimated profit reductions are 

statistically insignificant. This is understandable because a CAES system uses 

electricity as its input and the impact of rising wind on the unit’s variable cost 

offsets the unit’s revenue from selling the electricity subsequently generated.  

  

                                                      
37

 See https://renewables.gepower.com/wind-energy/turbines.html.  
38

 See http://www.treia.org/pdf_files/Wind%20Plant%20Chart.pdf.  
39

 See http://www.scandiawind.com/scandiawindsouthwest.html.  

https://renewables.gepower.com/wind-energy/turbines.html
http://www.treia.org/pdf_files/Wind%20Plant%20Chart.pdf
http://www.scandiawind.com/scandiawindsouthwest.html
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3.5. Conclusion 

The profit reduction estimates in Table 10 suggest that raising wind 

generation by 1 MW tend to reduce the variable profit by at least $0.0001/MWH (4 

hours’ operation under perfect foresight of the West region); however, it is unlikely 

to have statistically significant (p-value > 0.01) impact on the investment incentives 

of a CAES system in Texas. Our finding sharply contrasts the “missing money” 

problem that plagues the natural-gas-fired generation units of combustion turbine 

(CT) and combined cycle gas turbine (CCGT) (Traber and Kemfert, 2011; Woo et 

al., 2012, 2016; Liu et al., 2016). This is because rising wind generation tends to 

reduce a CAES system’s revenue and cost at the same time, unlike the case of CT 

and CCGT in which rising wind generation only suppresses these natural-gas-fired 

generation units’ revenue.  

Our finding documents that the “gone with the wind” phenomenon is not 

universally true for investment incentive in the power industry, at least not for 

CAES that uses electricity as an input (Pimm et al., 2015). This makes a CAES 

system financially attractive in its development for integrating a larger share of 

wind energy into the grid, corroborating the evidence found for Germany 

(Walawalkar et al., 2007). This finding complements the studies for the ERCOT 

market such as (Fertig and Apt, 2011) after its use of nodal pricing. Our analysis 

can be well extended to other types of EES such as pumped storage and battery.  

We would be remiss had we failed to acknowledge a potential pitfall in this 

paper. Due to the inevitable use of historical data, our regression-based results may 

be inappropriate for long-term inferences on the profitability of an EES system in 

the presence of large and rapid development of wind generation. After updating our 
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data sample in the next few years, however, our regression-based approach can be 

used to assess the EES system’s profitability.  
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LIST OF TABLES FOR ESSAY TWO 

Table 1: Charge and discharge period definitions under the simple rule by month and ERCOT region in the 46-month sample 

period of 01/01/2011 – 10/31/2014 

 

Panel A: Houston  

Month 
Discharge period Charge period 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

January 6:00-7:00 5:00-7:00 5:00-9:00 2:00-3:00 1:00-3:00 0:00-4:00 

February 6:00-7:00 5:00-7:00 5:00-9:00 1:00-2:00 1:00-3:00 23:00-3:00 

March 6:00-7:00 5:00-7:00 
5:00-7:00, 

17:00-19:00 
2:00-3:00 1:00-3:00 1:00-5:00 

April 15:00-16:00 15:00-17:00 
12:00-14:00, 

15:00-17:00 
2:00-3:00 2:00-4:00 1:00-5:00 

May 15:00-16:00 14:00-16:00 12:00-16:00 3:00-4:00 2:00-4:00 1:00-5:00 

June 15:00-16:00 14:00-16:00 13:00-17:00 3:00-4:00 3:00-5:00 2:00-6:00 

July 15:00-16:00 14:00-16:00 14:00-18:00 3:00-4:00 3:00-5:00 2:00-6:00 

August 15:00-16:00 15:00-17:00 14:00-18:00 3:00-4:00 3:00-5:00 2:00-6:00 

September 16:00-17:00 15:00-17:00 13:00-17:00 3:00-4:00 2:00-4:00 1:00-5:00 

October 15:00-16:00 14:00-16:00 13:00-17:00 2:00-3:00 2:00-4:00 1:00-5:00 

November  17:00-18:00 16:00-18:00 15:00-19:00 2:00-3:00 1:00-3:00 0:00-4:00 

December 17:00-18:00 16:00-18:00 16:00-20:00 2:00-3:00 1:00-3:00 1:00-5:00 
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Panel B: West  

Month 
Discharge period Charge period 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

January 6:00-7:00 5:00-7:00 
5:00-7:00, 

17:00-19:00 
1:00-2:00 1:00-3:00 0:00-4:00 

February 6:00-7:00 5:00-7:00 5:00-9:00 1:00-2:00 1:00-3:00 23:00-3:00 

March 6:00-7:00 5:00-7:00 
5:00-7:00, 

15:00-17:00 
1:00-2:00 0:00-2:00 23:00-3:00 

April 15:00-16:00 14:00-16:00 13:00-17:00 2:00-3:00 2:00-4:00 1:00-5:00 

May 15:00-16:00 14:00-16:00 13:00-17:00 3:00-4:00 2:00-4:00 1:00-5:00 

June 15:00-16:00 14:00-16:00 13:00-17:00 3:00-4:00 3:00-5:00 2:00-6:00 

July 15:00-16:00 15:00-17:00 14:00-18:00 3:00-4:00 2:00-4:00 1:00-5:00 

August 15:00-16:00 15:00-17:00 14:00-18:00 3:00-4:00 2:00-4:00 1:00-5:00 

September 15:00-16:00 15:00-17:00 13:00-17:00 3:00-4:00 2:00-4:00 1:00-5:00 

October 15:00-16:00 14:00-16:00 13:00-17:00 2:00-3:00 2:00-4:00 1:00-5:00 

November  17:00-18:00 16:00-18:00 
7:00-9:00, 

16:00-18:00 
1:00-2:00 0:00-2:00 22:00-2:00 

December 17:00-18:00 16:00-18:00 
5:00-7:00, 

16:00-18:00 
1:00-2:00 1:00-3:00 1:00-5:00 
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Table 2: Ex post per MWH profits by charge/discharge duration and ERCOT region for the 46-month sample period of 01/01/2011 

– 10/31/2014; simple rule profit = average discharge price – average charge price; perfect foresight profit = average of max(hourly 

discharge price – hourly charge price, 0)  

Region Charge/discharge 

duration  

Mean profit 

($/MWH): simple 

rule 

Mean profit 

($/MWH): perfect 

foresight  

Simple rule profit ÷ 

Perfect foresight 

profit  

Correlation 

coefficient 

Houston 
1 hour 37.45 44.21 0.85 0.79 

2 hours 28.89 38.24 0.76 0.87 

4 hours 20.30 28.43 0.71 0.92 

North 
1 hour 34.47 43.01 0.80 0.80 

2 hours 27.05 34.73 0.78 0.83 

4 hours 19.36 27.30 0.71 0.91 

South 
1 hour 39.40 47.68 0.83 0.78 

2 hours 30.95 39.15 0.79 0.82 

4 hours 21.95 31.77 0.69 0.92 

West 
1 hour 45.09 57.70 0.78 0.78 

2 hours 36.13 50.96 0.71 0.84 

4 hours 28.65 41.64 0.69 0.89 
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Table 3: Descriptive statistics for the daily per MWH profits by charge/discharge duration and ERCOT region for the 46-month 

sample period of 01/01/2011 – 10/31/2014; unit root test results for data stationarity at the 1% level are based on the 

Phillips-Perron tests (Phillips and Perron, 1988)  

 

Panel A: Simple rule profit = average discharge price – average charge price 

Region  Duration  Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston 

1 hour 37.45  215.95  -36.73  2398.07  Yes 

2 hours 28.89  189.57  -41.21  2378.41  Yes 

4 hours 20.30  137.07  -39.30  2105.29  Yes 

North 

1 hour 34.47  213.01  -37.45  2385.27  Yes 

2 hours 27.05  173.34  -36.51  2378.41  Yes 

4 hours 19.36  134.23  -39.31  1972.75  Yes 

South 

1 hour 39.40  215.08  -29.62  2379.11  Yes 

2 hours 30.95  175.03  -28.98  2378.41  Yes 

4 hours 21.95  138.41  -29.97  2105.85  Yes 

West 

1 hour 45.09  219.15  -70.76  3654.42  Yes 

2 hours 36.13  194.76  -160.05  2691.38  Yes 

4 hours 28.65  140.69  -41.05  2117.50  Yes 
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Panel B: Perfect foresight profit = average of max(hourly discharge price – hourly charge price, 0) 

Region  Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston 

1 hour 44.21  205.46  0.00  3310.93  Yes 

2 hours 38.24  179.78  0.00  2462.27  Yes 

4 hours 28.43  132.71  0.00  2213.11  Yes 

North 

1 hour 43.01  195.99  0.00  3696.40  Yes 

2 hours 34.73  174.67  0.00  2700.18  Yes 

4 hours 27.30  130.43  0.00  2214.27  Yes 

South 

1 hour 47.68  205.51  0.00  3356.67  Yes 

2 hours 39.15  182.95  0.00  2522.63  Yes 

4 hours 31.77  137.35  0.00  2203.46  Yes 

West 

1 hour 57.70  199.45  0.00  3654.42  Yes 

2 hours 50.96  177.46  0.00  2691.38  Yes 

4 hours 41.64  133.50  0.00  2210.87  Yes 
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Table 4: Descriptive statistics for daily profit drivers under simple rule by charge/discharge duration for the 46-month period of 

01/01/2011 – 10/31/2014; unit root test results for data stationarity at the 1% level are based on the Phillips-Perron tests (Phillips 

and Perron, 1988)  

 
Panel A: Charge – Houston  

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Henry Hub natural gas price ($/MMBTU) All 3.70 0.81 1.82 8.15 No 

Houston load (MWH) 

1 hour 8133.94  1234.14  3605.00  11263.80  Yes 

2 hours 8155.42  1240.20  3168.09  11185.51  Yes 

4 hours 8253.39  1255.64  4701.24  11339.78  Yes 

North load (MWH) 

1 hour 11007.24  2248.91  6369.00  20944.47  Yes 

2 hours 11012.40  2211.01  4887.61  21046.35  Yes 

4 hours 11172.91  2237.62  7252.14  20795.55  Yes 

South load (MWH) 

1 hour 3421.03  654.15  1675.00  6350.10  Yes 

2 hours 3420.26  641.01  1434.75  6118.25  Yes 

4 hours 3462.99  651.32  2142.23  6338.35  Yes 

West load (MWH) 

1 hour 2604.01  328.44  1565.00  3944.80  Yes 

2 hours 2602.05  326.32  1236.92  3865.85  Yes 

4 hours 2619.73  327.21  1849.04  3918.43  Yes 

Nuclear generation (MWH) 

1 hour 4442.62  826.87  1347.34  5187.30  Yes 

2 hours 4440.42  827.38  1347.15  5185.10  Yes 

4 hours 4442.25  824.18  1623.94  5186.70  Yes 
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Wind generation (MWH) 

1 hour 4144.62  2103.66  43.86  9693.60  Yes 

2 hours 4113.53  2040.32  51.15  9290.10  Yes 

4 hours 4113.74  2004.72  70.56  9287.90  Yes 
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Panel B: Discharge – Houston 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston load (MWH)  

1 hour 11922.25  3073.26  6363.92  18189.52  Yes 

2 hours 11802.75  3133.96  6398.08  18237.26  Yes 

4 hours 11794.76  2977.33  6466.85  18081.56  Yes 

North load (MWH) 

1 hour 16857.35  4598.44  8219.33  27847.23  Yes 

2 hours 16596.77  4680.04  8116.18  27873.84  Yes 

4 hours 16587.61  4548.13  8565.05  27712.43  Yes 

South load (MWH) 

1 hour 5152.88  1344.85  2527.66  8138.00  Yes 

2 hours 5081.83  1377.20  2483.36  8092.00  Yes 

4 hours 5088.86  1296.34  2617.47  8021.25  Yes 

West load (MWH)  

1 hour 3336.66  607.62  2013.62  4775.00  Yes 

2 hours 3300.40  616.02  1997.76  4774.00  Yes 

4 hours 3296.06  598.49  2042.25  4750.00  Yes 

Nuclear generation (MWH) 

1 hour 4451.91  819.44  1747.61  5387.70  Yes 

2 hours 4451.90  819.07  1736.37  5384.60  Yes 

4 hours 4450.63  820.28  1732.66  5386.90  Yes 

Wind generation (MWH) 

1 hour 3232.03  2093.58  131.20  9485.73  Yes 

2 hours 3217.95  2091.21  110.57  9417.72  Yes 

4 hours 3197.27  2025.00  89.31  9351.02  Yes 
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Panel C: Charge – West 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Henry Hub natural gas price ($/MMBTU) All 3.70 0.81 1.82 8.15 No 

Houston load (MWH) 

1 hour 8138.55  1231.78  1596.14  11258.80  Yes 

2 hours 8163.49  1252.60  3168.09  10988.35  Yes 

4 hours 8297.81  1231.46  4926.85  11314.93  Yes 

North load (MWH) 

1 hour 10980.69  2236.20  2469.20  20944.47  Yes 

2 hours 11056.48  2263.49  4887.61  21046.35  Yes 

4 hours 11244.58  2232.82  7273.32  20795.55  Yes 

South load (MWH) 

1 hour 3418.35  649.78  727.52  6350.10  Yes 

2 hours 3439.32  658.10  1434.75  6118.25  Yes 

4 hours 3500.07  643.89  2196.79  6338.35  Yes 

West load (MWH) 

1 hour 2597.15  330.57  621.14  3944.80  Yes 

2 hours 2610.61  331.27  1236.92  3865.85  Yes 

4 hours 2630.33  326.52  1827.30  3918.43  Yes 

Nuclear generation (MWH) 

1 hour 4433.45  840.00  947.00  5187.30  Yes 

2 hours 4440.30  827.16  1347.15  5185.85  Yes 

4 hours 4441.73  823.31  1745.60  5184.50  Yes 

Wind generation (MWH) 

1 hour 4133.97  2105.11  42.70  9639.20  Yes 

2 hours 4167.54  2030.74  51.15  9290.10  Yes 

4 hours 4180.57  1996.24  70.56  9287.90  Yes 
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Panel D: Discharge – West 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston load (MWH)  

1 hour 11929.09  3077.67  6363.92  18189.52  Yes 

2 hours 11798.49  3137.46  6398.08  18237.26  Yes 

4 hours 11782.95  3001.16  6722.62  18081.56  Yes 

North load (MWH) 

1 hour 16850.82  4595.78  8219.33  27847.23  Yes 

2 hours 16598.37  4710.84  8116.18  27873.84  Yes 

4 hours 16534.96  4547.82  8565.05  27712.43  Yes 

South load (MWH) 

1 hour 5153.92  1345.59  2527.66  8138.00  Yes 

2 hours 5078.42  1380.92  2483.36  8092.00  Yes 

4 hours 5072.70  1311.29  2780.57  8021.25  Yes 

West load (MWH)  

1 hour 3335.30  607.50  2013.62  4775.00  Yes 

2 hours 3300.41  621.09  1997.76  4774.00  Yes 

4 hours 3289.03  599.69  2042.25  4750.00  Yes 

Nuclear generation (MWH) 

1 hour 4451.90  819.44  1747.61  5387.70  Yes 

2 hours 4451.40  819.75  1736.37  5384.60  Yes 

4 hours 4448.61  820.06  1557.33  5374.67  Yes 

Wind generation (MWH) 

1 hour 3224.68  2095.46  89.94  9485.73  Yes 

2 hours 3217.59  2075.95  110.57  9417.72  Yes 

4 hours 3169.67  1959.05  89.31  9370.61  Yes 
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Table 5: Descriptive statistics for daily profit drivers under perfect foresight by charge/discharge duration for the 46-month period 

of 01/01/2011 – 10/31/2014; unit root test results for data stationarity at the 1% level are based on the Phillips-Perron tests (Phillips 

and Perron, 1988)  

 
Panel A: Charge – Houston  

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Henry Hub natural gas price ($/MMBTU) All 3.70 0.81 1.82 8.15 No 

Houston load (MWH) 

1 hour 11033.25  2933.83  1596.14  17817.00  Yes 

2 hours 11021.47  2902.17  4063.73  17706.45  Yes 

4 hours 9915.98  2080.40  5238.22  15795.50  Yes 

North load (MWH) 

1 hour 15364.16  4401.65  2469.20  26511.48  Yes 

2 hours 15357.97  4363.72  6272.74  26418.63  Yes 

4 hours 13641.18  3187.79  7409.20  22443.75  Yes 

South load (MWH) 

1 hour 4744.64  1343.47  727.52  8074.00  Yes 

2 hours 4742.49  1331.54  1850.44  8050.50  Yes 

4 hours 4238.06  1033.93  2262.15  7291.25  Yes 

West load (MWH) 

1 hour 3137.78  655.22  621.14  4775.00  Yes 

2 hours 3136.24  650.60  1567.87  4743.00  Yes 

4 hours 2924.63  514.82  1898.56  4344.00  Yes 

Nuclear generation (MWH) 

1 hour 4442.14  827.31  947.00  5390.80  Yes 

2 hours 4443.61  823.02  1529.35  5388.40  Yes 

4 hours 4445.51  819.26  1638.33  5277.50  Yes 
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Wind generation (MWH) 

1 hour 3158.19  2016.15  42.70  9415.60  Yes 

2 hours 3122.35  1960.09  63.70  9325.70  Yes 

4 hours 3669.32  1711.27  217.30  9259.30  Yes 

  



71 
 

Panel B: Discharge – Houston 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston load (MWH)  

1 hour 11870.59  2887.62  6477.91  18189.52  Yes 

2 hours 11813.28  2836.88  5960.22  18127.54  Yes 

4 hours 11703.31  2752.74  6551.97  18081.56  Yes 

North load (MWH) 

1 hour 16673.60  4415.55  9204.50  27900.45  Yes 

2 hours 16588.26  4346.00  9340.98  27873.84  Yes 

4 hours 16409.75  4231.87  9949.50  27712.43  Yes 

South load (MWH) 

1 hour 5107.31  1244.77  2564.99  8138.00  Yes 

2 hours 5081.03  1212.49  2749.81  7953.50  Yes 

4 hours 5034.38  1175.58  2829.16  7796.25  Yes 

West load (MWH)  

1 hour 3298.95  580.40  2189.42  4752.00  Yes 

2 hours 3286.28  566.81  2214.61  4726.00  Yes 

4 hours 3263.06  548.40  2200.13  4615.00  Yes 

Nuclear generation (MWH) 

1 hour 4445.56  824.38  1692.06  5377.00  Yes 

2 hours 4446.51  822.71  1708.59  5386.60  Yes 

4 hours 4445.99  822.59  1634.94  5340.12  Yes 

Wind generation (MWH) 

1 hour 2828.02  1989.59  18.48  9527.00  Yes 

2 hours 2829.68  1942.31  22.27  9741.90  Yes 

4 hours 2871.06  1923.04  54.77  9652.38  Yes 
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Panel C: Charge – West 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Henry Hub natural gas price ($/MMBTU) All 3.70 0.81 1.82 8.15 No 

Houston load (MWH) 

1 hour 11004.87  2826.70  1596.14  17817.00  Yes 

2 hours 11008.55  2793.29  4063.73  17675.50  Yes 

4 hours 10043.63  2034.78  5238.22  16031.75  Yes 

North load (MWH) 

1 hour 15342.99  4226.79  2469.20  26346.08  Yes 

2 hours 15353.32  4193.73  6272.74  26417.41  Yes 

4 hours 13850.66  3101.62  7409.20  22397.75  Yes 

South load (MWH) 

1 hour 4740.01  1301.69  727.52  8057.00  Yes 

2 hours 4744.91  1291.26  1850.44  8063.00  Yes 

4 hours 4305.44  1011.12  2262.15  7332.50  Yes 

West load (MWH) 

1 hour 3136.97  630.45  621.14  4727.00  Yes 

2 hours 3136.74  627.39  1567.87  4714.00  Yes 

4 hours 2950.72  496.89  1898.56  4350.75  Yes 

Nuclear generation (MWH) 

1 hour 4442.34  828.71  947.00  5397.40  Yes 

2 hours 4444.12  824.72  1719.84  5388.40  Yes 

4 hours 4445.17  818.09  1733.71  5273.10  Yes 

Wind generation (MWH) 

1 hour 3102.81  1990.04  42.70  9483.90  Yes 

2 hours 3090.38  1942.78  73.75  9274.60  Yes 

4 hours 3735.09  1684.52  217.30  9203.82  Yes 
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Panel D: Discharge – West 

Variable Duration Mean  Standard 

deviation 

Minimum Maximum Stationary? 

Houston load (MWH)  

1 hour 11690.55  2864.37  4740.03  18189.52  Yes 

2 hours 11646.34  2810.64  5773.95  18127.54  Yes 

4 hours 11542.99  2725.74  6317.23  18081.56  Yes 

North load (MWH) 

1 hour 16382.38  4408.22  7306.03  27900.45  Yes 

2 hours 16328.31  4322.95  8803.96  27873.84  Yes 

4 hours 16163.75  4201.48  9017.66  27712.43  Yes 

South load (MWH) 

1 hour 5031.40  1246.34  2141.97  7956.00  Yes 

2 hours 5011.42  1216.60  2688.94  7883.00  Yes 

4 hours 4964.13  1181.89  2797.73  7753.75  Yes 

West load (MWH)  

1 hour 3263.51  585.71  1852.70  4705.00  Yes 

2 hours 3256.30  570.89  2103.04  4683.50  Yes 

4 hours 3234.46  552.39  2094.28  4590.00  Yes 

Nuclear generation (MWH) 

1 hour 4447.91  823.94  1725.12  5391.40  Yes 

2 hours 4448.68  821.19  1718.09  5386.60  Yes 

4 hours 4447.88  821.25  1702.59  5340.12  Yes 

Wind generation (MWH) 

1 hour 2720.76  1948.96  39.61  9527.00  Yes 

2 hours 2754.77  1911.88  54.91  9741.90  Yes 

4 hours 2803.79  1888.55  112.84  9652.38  Yes 
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Table 6: Houston profit regressions with standard errors in (  ) under the simple-rule by duration for the 46-month period of 

01/01/2011 - 12/31/2014 

Variables: definition Simple rule  Perfect foresight  

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Total R
2
 0.1689 0.2287 0.2677 0.3403 0.3806 0.3575 

Root mean squared error 201.1560 169.9968 119.7606 170.5179 144.5316 108.6621 

AR(1) parameter 
0.2963 

(0.0262) 

0.3753  

(0.0255) 

0.4236  

(0.0249) 

0.4791  

(0.0244) 

0.5331 

(0.0235) 

0.5365  

(0.0235) 

Gd: Henry Hub natural gas price ($/MMBTU) 
6.6151 

(10.1787) 

2.4764 

(9.5586) 

1.4117 

(7.2298) 

13.5131 

(11.1141) 

11.3723 

(10.3307) 

11.3720 

(7.7605) 

Xn1d: Houston load (MWH) in the charge hours 0.0043 

(0.0151) 

-0.0026 

(0.0133) 

-0.0053 

(0.0095) 

-0.0083 

(0.0061) 

-0.0067 

(0.0053) 

-0.0041 

(0.0056) 

Xn2d: Other regions’ load (MWH) in the charge 

hours 

0.0041 

(0.0057) 

0.0090 

(0.0051) 

0.0078 

(0.0037) 

-0.0027 

(0.0028) 

-0.0014 

(0.0024) 

0.0005 

(0.0025) 

Xn3d: Nuclear generation (MWH) in the charge 

hours 

0.0456 

(0.0299) 

0.0138 

(0.0291) 

0.0276 

(0.0234) 

0.0199 

(0.0194) 

0.0116 

(0.0178) 

0.0081 

(0.0165) 

Xn4d: Wind generation (MWH) in the charge hours 0.0033 

(0.0033) 

0.0041 

(0.0030) 

0.0036 

(0.0022) 

0.0023 

(0.0025) 

0.0023 

(0.0022) 

0.0015 

(0.0020) 

Xn5d: Houston load (MWH) in the discharge hours 0.0098 

(0.0073) 

0.0128 

(0.0063) 

0.0110 

(0.0047) 

0.0042 

(0.0060) 

0.0058 

(0.0053) 

0.0051 

(0.0044) 

Xn6d: Other regions’ load (MWH) in the discharge 

hours 

0.0069 

(0.0036) 

0.0040 

(0.0032) 

0.0022 

(0.0024) 

0.0056 

(0.0027) 

0.0046 

(0.0024) 

0.0027 

(0.0021) 

Xn7d: Nuclear generation (MWH) in the discharge 

hours 

-0.0462 

(0.0305) 

-0.0172 

(0.0294) 

-0.0301 

(0.0234) 

-0.0172 

(0.0198) 

-0.0121 

(0.0179) 

-0.0085 

(0.0162) 

Xn8d: Wind generation (MWH) in the discharge 

hours 
-0.0128 

(0.0033) 

-0.0107 

(0.0028) 

-0.0072 

(0.0021) 

-0.0048 

(0.0025) 

-0.0032 

(0.0021) 

-0.0026 

(0.0016) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001).  
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Table 7: North profit regressions with standard errors in (  ) under the simple-rule by duration for the 46-month period of 

01/01/2011 - 12/31/2014 

Variables: definition Simple rule  Perfect foresight  

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Total R
2
 0.2137 0.2139 0.3091 0.3994 0.4265 0.3950 

Root mean squared error 192.8563 156.9350 113.9112 155.2016 135.1232 103.6418 

AR(1) parameter 
0.3031 

(0.0261) 

0.3240  

(0.0260) 

0.4392  

(0.0247) 

0.5473 

(0.0233) 

0.5857 

(0.0225) 

0.5739  

(0.0227) 

Gd: Henry Hub natural gas price ($/MMBTU) 
11.9606 

(9.9591) 

6.1499 

(8.3379) 

4.4939 

(7.0781) 

14.9578 

(11.2168) 

12.7957 

(10.5201) 

11.3105 

(7.8702) 

Xn1d: North load (MWH) in the charge hours 0.0471 

(0.0071) 

0.0210 

(0.0059) 

0.0246 

(0.0043) 

0.0027 

(0.0035) 

0.0029 

(0.0032) 

0.0049 

(0.0033) 

Xn2d: Other regions’ load (MWH) in the charge 

hours 
-0.0443 

(0.0086) 

-0.0124 

(0.0073) 
-0.0194 

(0.0054) 

-0.0077 

(0.0034) 

-0.0058 

(0.0031) 

-0.0038 

(0.0032) 

Xn3d: Nuclear generation (MWH) in the charge 

hours 

0.0786 

(0.0318) 

0.0142 

(0.0243) 

0.0353 

(0.0215) 

0.0175 

(0.0177) 

0.0112 

(0.0165) 

0.0081 

(0.0153) 

Xn4d: Wind generation (MWH) in the charge hours 0.0099 

(0.0033) 

0.0039 

(0.0028) 

0.0051 

(0.0020) 

0.0019 

(0.0023) 

0.0015 

(0.0020) 

0.0010 

(0.0019) 

Xn5d: North load (MWH) in the discharge hours 0.0015 

(0.0046) 

0.0086 

(0.0037) 

0.0023 

(0.0028) 
0.0093 

(0.0034) 

0.0066 

(0.0031) 

0.0051 

(0.0026) 

Xn6d: Other regions’ load (MWH) in the discharge 

hours 

0.0116 

(0.0051) 

0.0027 

(0.0041) 

0.0059 

(0.0032) 

-0.0007 

(0.0036) 

0.0003 

(0.0034) 

-0.0006 

(0.0029) 

Xn7d: Nuclear generation (MWH) in the discharge 

hours 

-0.0794 

(0.0326) 

-0.0158 

(0.0245) 

-0.0374 

(0.0215) 

-0.0131 

(0.0183) 

-0.0108 

(0.0168) 

-0.0083 

(0.0150) 

Xn8d: Wind generation (MWH) in the discharge 

hours 
-0.0151 

(0.0034) 

-0.0097 

(0.0026) 

-0.0076 

(0.0020) 

-0.0050 

(0.0022) 

-0.0032 

(0.0020) 

-0.0026 

(0.0016) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001).  
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Table 8: South profit regressions with standard errors in (  ) under the simple-rule by duration for the 46-month period of 

01/01/2011 - 12/31/2014 

Variables: definition Simple rule  Perfect foresight  

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Total R
2
 0.2372 0.2445 0.3712 0.3935 0.4370 0.4421 

Root mean squared error 191.7693 155.0931 111.8135 163.5228 140.2076 104.7782 

AR(1) parameter 
0.3776  

(0.0255) 

0.3796  

(0.0255) 

0.5191  

(0.0235) 

0.5521 

(0.0233) 

0.6071 

(0.0222) 

0.6329  

(0.0215) 

Gd: Henry Hub natural gas price ($/MMBTU) 
3.4564 

(11.0360) 

13.8373 

(8.8728) 

7.2146 

(7.9762) 

19.7803 

(12.2029) 

17.4524 

(11.6052) 

12.8002 

(9.0948) 

Xn1d: South load (MWH) in the charge hours 0.0754 

(0.0268) 

-0.0105 

(0.0201) 
-0.0833 

(0.0171) 

0.0032 

(0.0135) 

-0.0019 

(0.0119) 

0.0071 

(0.0115) 

Xn2d: Other regions’ load (MWH) in the charge 

hours 

-0.0031 

(0.0048) 

-0.0019 

(0.0039) 
0.0174 

(0.0030) 

-0.0032 

(0.0024) 

-0.0006 

(0.0022) 

0.0007 

(0.0022) 

Xn3d: Nuclear generation (MWH) in the charge 

hours 

-0.0072 

(0.0275) 

0.0241 

(0.0214) 

0.0253 

(0.0207) 

0.0106 

(0.0184) 

0.0123 

(0.0171) 

0.0120 

(0.0158) 

Xn4d: Wind generation (MWH) in the charge hours 0.0043 

(0.0029) 

0.0029 

(0.0024) 

0.0028 

(0.0020) 

0.0006 

(0.0024) 

0.0010 

(0.0021) 

0.0002 

(0.0019) 

Xn5d: South load (MWH) in the discharge hours -0.0318 

(0.0174) 

-0.0013 

(0.0132) 
0.0414 

(0.0119) 

-0.0024 

(0.0133) 

0.0028 

(0.0123) 

0.0008 

(0.0100) 

Xn6d: Other regions’ load (MWH) in the discharge 

hours 
0.0145 

(0.0029) 

0.0124 

(0.0023) 

0.0016 

(0.0019) 
0.0068 

(0.0024) 

0.0052 

(0.0021) 

0.0034 

(0.0017) 

Xn7d: Nuclear generation (MWH) in the discharge 

hours 

0.0021 

(0.0282) 

-0.0211 

(0.0218) 

-0.0247 

(0.0208) 

-0.0024 

(0.0189) 

-0.0078 

(0.0173) 

-0.0087 

(0.0155) 

Xn8d: Wind generation (MWH) in the discharge 

hours 
-0.0137 

(0.0030) 

-0.0100 

(0.0023) 

-0.0072 

(0.0020) 

-0.0054 

(0.0023) 

-0.0035 

(0.0020) 

-0.0024 

(0.0015) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001).  
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Table 9: West profit regressions with standard errors in (  ) under the simple-rule by duration for the 46-month period of 

01/01/2011 - 12/31/2014 

Variables: definition Simple rule  Perfect foresight  

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Total R
2
 0.1976 0.2445 0.2852 0.3790 0.4081 0.3703 

Root mean squared error 200.2970 172.6897 121.2331 160.5290 139.4003 108.1310 

AR(1) parameter 
0.2985  

(0.0262) 

0.3616  

(0.0256) 

0.4087  

(0.0250) 

0.5043 

(0.0239) 

0.5455 

(0.0231) 

0.5201 

(0.0235) 

Gd: Henry Hub natural gas price ($/MMBTU) 
-0.7182 

(10.6114) 

-0.1790 

(9.9759) 

0.5368 

(7.5207) 

23.4113 

(11.1307) 

20.0689 

(10.4049) 

17.7264 

(7.6928) 

Xn1d: West load (MWH) in the charge hours -0.0587 

(0.0562) 

-0.0875 

(0.0518) 

-0.0696 

(0.0398) 
-0.0858 

(0.0287) 

-0.0823 

(0.0261) 

-0.0827 

(0.0267) 

Xn2d: Other regions’ load (MWH) in the charge 

hours 
0.0135 

(0.0049) 

0.0134 

(0.0043) 

0.0085 

(0.0032) 

0.0024 

(0.0022) 

0.0029 

(0.0020) 

0.0042 

(0.0021) 

Xn3d: Nuclear generation (MWH) in the charge 

hours 

0.0093 

(0.0240) 

0.0026 

(0.0292) 

0.0005 

(0.0216) 

0.0213 

(0.0181) 

0.0123 

(0.0168) 

0.0132 

(0.0175) 

Xn4d: Wind generation (MWH) in the charge hours 0.0101 

(0.0033) 

0.0079 

(0.0031) 

0.0075 

(0.0022) 

0.0053 

(0.0024) 

0.0046 

(0.0022) 

0.0035 

(0.0021) 

Xn5d: West load (MWH) in the discharge hours -0.0035 

(0.0429) 

0.0083 

(0.0385) 

0.0014 

(0.0298) 

-0.0326 

(0.0289) 

-0.0239 

(0.0265) 

-0.0237 

(0.0233) 

Xn6d: Other regions’ load (MWH) in the discharge 

hours 

0.0083 

(0.0033) 

0.0074 

(0.0029) 
0.0065 

(0.0023) 

0.0077 

(0.0022) 

0.0069 

(0.0020) 

0.0058 

(0.0017) 

Xn7d: Nuclear generation (MWH) in the discharge 

hours 

-0.0175 

(0.0250) 

-0.0090 

(0.0295) 

-0.0072 

(0.0217) 

-0.0223 

(0.0186) 

-0.0158 

(0.0171) 

-0.0163 

(0.0170) 

Xn8d: Wind generation (MWH) in the discharge 

hours 
-0.0201 

(0.0034) 

-0.0154 

(0.0029) 

-0.0134 

(0.0022) 

-0.0083 

(0.0024) 

-0.0050 

(0.0021) 
-0.0049 

(0.0017) 

Note: Bold font indicates 1% statistical significance. For brevity, this table does not report the time-dependent intercept estimates, which 

are highly significant (p-value < 0.0001).  
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Table 10: Estimated changes in per MWH profits by region and duration due to wind generation development with standard errors 

in (  ) for the 46-month period of 01/01/2011 - 12/31/2014 

Panel A: Simple rule 

New Capacity 
Houston North South West 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

1 MW 
-0.0025 -0.0016 -0.0007 -0.0007 -0.0014 -0.0003 -0.0024 -0.0018 -0.0010 -0.0021 -0.0015 -0.0010 

(0.0012) (0.0010) (0.0007) (0.0011) (0.0010) (0.0007) (0.0011) (0.0010) (0.0007) (0.0011) (0.0019) (0.0007) 

313 MW 
-0.7885 -0.5002 -0.2338 -0.2205 -0.4330 -0.1054 -0.7543 -0.5719 -0.3243 -0.6567 -0.4734 -0.3166 

(0.3624) (0.3157) (0.2234) (0.3392) (0.2977) (0.2073) (0.3511) (0.3055) (0.2054) (0.3544) (0.6078) (0.2324) 

5000 MW 
-12.5962 -7.9903 -3.7348 -3.5228 -6.9165 -1.6843 -12.0499 -9.1353 -5.1798 -10.4903 -7.5630 -5.0577 

(5.7888) (5.0423) (3.5682) (5.4178) (4.7553) (3.3117) (5.6091) (4.8807) (3.2816) (5.6612) (9.7096) (3.7117) 

Panel B: Perfect foresight 

New Capacity 
Houston North South West 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

1 MW 
-0.0005 -0.0001 -0.0002 -0.0008 -0.0004 -0.0004 -0.0014 -0.0006 -0.0006 -0.0004 0.0003 -0.0001 

(0.0012) (0.0011) (0.0009) (0.0011) (0.0010) (0.0008) (0.0012) (0.0010) (0.0008) (0.0012) (0.0011) (0.0009) 

313 MW 
-0.1703 -0.0238 -0.0610 -0.2353 -0.1178 -0.1232 -0.4256 -0.2019 -0.1940 -0.1382 0.0878 -0.0256 

(0.3912) (0.3413) (0.2695) (0.3572) (0.3180) (0.2560) (0.3700) (0.3274) (0.2559) (0.3763) (0.3377) (0.2775) 

5000 MW 
-2.7205 -0.3804 -0.9744 -3.7593 -1.8813 -1.9676 -6.7980 -3.2255 -3.0988 -2.2082 1.4022 -0.4091 

(6.2488) (5.4524) (4.3052) (5.7061) (5.0800) (4.0896) (5.9101) (5.2308) (4.0881) (6.0119) (5.3949) (4.4329) 

Note: Bold font indicates 1% statistical significance. 
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Figure 1: The charge (indicated by the solid lines) and discharge period 

(indicated by the dotted lines) definitions for the Houston region in July 

under the simple rule in the 46-month sample period of 01/01/2011 – 

10/31/2014 
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Figure 2: Simple rule profit (horizontal axis) vs. perfect foresight profit 

(vertical axis) for the Houston region of 1 hour’s charge and discharge under 

the simple rule in the 46-month sample period of 01/01/2011 – 10/31/2014 

  

 

Perfect foresight profit = 0.75*simple rule profit + 4.39 

R
2
 = 0.62 
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Figure 3: Estimated changes in per MWH profits by region and duration due 

to wind generation development by region in the 46-month sample period of 

01/01/2011 – 10/31/2014 
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CHAPTER 4   ESSAY THREE: RENEWABLE 

GENERATION’S IMPACT ON PUMPED HYDRO STORAGE’S 

PROFITABILITY IN CALIFORNIA 

4.1. Introduction  

This paper is motivated by the two transformative events already taken 

place in California’s electricity industry. The first event is the industry’s reform 

that has led to competitive wholesale electricity markets with volatile prices. 

Along with occasional price spikes, this price volatility is attributable to: (a) daily 

fuel cost variations; (b) weather-dependent hourly demands with diurnal 

fluctuations; (c) outages of major electrical facilities; (d) intermittent renewable 

generation; (e) seasonally-varying hydro conditions; and (f) frequent transmission 

constraints (Woo et al., 2016a, 2016b). The state’s wholesale electricity is mainly 

transacted in the day-ahead market (DAM) and real-time market (RTM) operated 

by the California Independent System Operator (CAISO) based on the theory of 

locational marginal pricing (Stoft, 2002). Over 95% of the CAISO’s energy 

transactions are settled at the hourly DAM prices and the remainder the 5-minute 

RTM prices (CAISO, 2016). 

The second event is California’s large-scale renewable generation 

development, due mainly to the state’s abundance of wind and solar resources, as 

well as the state’s aggressive renewable portfolio standards (RPS) designed to 

promote resource diversity and mitigate climate change.
40

 Renewable generation 

reduces the CAISO’s market prices via the order-merit effect, exacerbating the 

                                                      
40

 http://www.cpuc.ca.gov/rps_homepage/ 
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inadequate investment incentive for flexible generation units (e.g., combustion 

turbine (CT) and combined cycle gas turbine (CCGT)) that are necessary to 

reliably integrate the an increasing amount of randomly intermittent solar and 

wind energy into the California grid (Woo et al., 2016a, 2016b). Electric energy 

storage (EES) has been widely used since the early 20
th

 century (Chen et al., 

2009). Highly useful for renewable energy integration, it converts electricity as an 

input into a storable form for later generation (Ibrahim et al., 2008; Ibrahim and 

Ilinca, 2013). It facilitates market price arbitrage, offers operational reserve, 

defers transmission investment, and absorbs excess non-dispatchable generation 

during hours of low system demands.  

EES is useful for reliable integration of solar and wind generation into an 

electric grid (Farret and Simões, 2006). When compared to other EES systems 

like battery and flywheel, pumped hydro storage (PHS) has a longer storage 

duration and life cycle, higher cycle efficiency, and lower per MWH capital cost. 

A real-world case in point is California’s 1300-MW Eagle Mountain Pumped 

Storage Project. 

This paper answers the following substantive question: how may 

renewable generation development impact a PHS system’s profitability in 

California? This question’s geographic focus reflects the following considerations: 

 Size and resource diversity. As the eighth largest economy of the world, 

California has the highest state GDP of $2.45 trillion in 2015 among the 

U.S.
41

 The state’s vast electric system has an installed generation capacity of 

                                                      
41

 http://www.latimes.com/business/la-fi-california-world-economy-20150702-story.html 
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roughly 80,000 MW in 2015,
42

 with a diverse fuel mix of natural gas 

(~59%), large hydro (~16%), renewable (~22%),
43

 and nuclear (~3%). 

Hence, our findings offer insights into PHS’s profitability that are of interests 

to academics, policy makers and practitioners.  

 California’s system load profile. Since 2013, California has been seeing a 

“duck curve” of low mid-day net load due to high solar generation (CAISO, 

2014). Leading to relatively low mid-day market prices, the “duck-curve” 

will likely persist because of the rapid solar development in response to 

California’s aggressive RPS goal of 50% of retail consumption by 2030. As 

the CAISO mid-day market prices drop, they can adversely affect a PHS 

system’s profitability because of the decline in the system’s daytime revenue. 

 .California’s resource adequacy. California’s concerns of resource adequacy 

stem from (a) the substantial retirements and environmental upgrades of near 

16,000 MW generating capacity in the next decade,
44

 and (b) the need for 

flexible generation caused by the state’s ambitious RPS goal. As a result, 

PHS is potentially a capacity remedy to the state’s projected resource 

inadequacy.  

 California’s data availability. The state has abundant data suitable for an 

analysis of PSH’s profitability. Specifically, we use the 860 daily 

observations constructed from the ~21,000 hourly observations described in 

Woo et al. (2016a, 2016b) for the sample period 12/12/2012 to 04/30/2015. 

The period’s start date is when the CAISO first published its renewable 

                                                      
42

 http://energyalmanac.ca.gov/electricity/electric_generation_capacity.html 
43

 The ~22% renewable capacity is the sum of biomass (1.6%), geothermal (3.4%), small hydro 

(2.1%), solar PV (5.9%), solar thermal (1.6%), and wind (7.5%). 
44

 https://www.caiso.com/planning/Pages/ReliabilityRequirements/Default.aspx.  

https://www.caiso.com/planning/Pages/ReliabilityRequirements/Default.aspx
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generation’s day-ahead forecast. The end date reflects the data available at 

the time of our analysis. The resulting sample contains sufficient data 

variations to statistically assess PHS’s profitability, as well as its dependence 

on the fundamental drivers such as the natural gas price, nuclear capacity 

available, system loads, renewable generation, and hydro conditions. The 

same cannot be said about other states in the US. 

The two key findings from our regression analysis are as follows: 

 Renewable generation development is unlikely to have a significant ( = 

0.01) marginal impact on a PHS system’s profitability in California. This 

makes sense because renewable generation’s merit-order (or price reduction) 

effect tends to reduce the system’s daily operating revenue and cost, thus 

leaving the system’s profitability largely unchanged.  

 Changes in the other profit drivers such as the natural gas price, non-local 

system loads, nuclear capacities available, and hydro conditions are found 

not to significantly impact the system’s profitability. This is understandable 

because of these drivers’ offsetting marginal effects on the system’s daily 

operating revenue and cost. 

Our newly documented findings, however, do not mean that PHS does 

not suffer from a severe problem of inadequate investment incentive because a 

PHS system’s annual operating profit is woefully insufficient to pay for its annual 

fixed cost. Although price spikes, and therefore, the price differentials, may rise 

with larger solar capacity (Milstein and Tishler, 2015), the annual fixed cost will 

unlikely to decline absent significant technology improvement. As a result, 

California should continue its adopted procurement process for long-term 
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contracts, so as to promote the use of PHS for reliable integration of renewable 

generation into the state’s electric grid. 

       We organize the rest of the paper as follows. Section 2 provides 

methodology and constructs the variables for use. Section 3 presents the results. 

Section 4 discusses the results. Section 5 concludes with policy recommendations.  
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4.2. Methodology  

4.2.1. Per MWH profit formula 

Let πnt denote a PHS system’s daily profit per MWH of electricity input 

on day t. This profit is assumed to be the difference between the revenue earned in 

an n-hour discharge period and the cost incurred in the preceding n-hour charge 

period:  

              𝜋𝑛𝑡 = [𝜌(∑ 𝑃1,ℎ𝑡ℎ ) − ∑ 𝑃0,ℎ𝑡ℎ ]/𝑛;     (1) 

where ρ = cycle efficiency; P0,ht = energy market price ($/MWH) in charge hour h 

on day t; and P1,ht = energy market price ($/MWH) in discharge hour h on day t. 

The variable πnt in equation (1) is the left-hand-side (LHS) variable used 

throughout our regression analysis. We omit the non-electric variable O&M costs 

that tend to be relatively small. To the extent that the variable O&M costs are 

stable, including them does not materially alter how πnt varies with renewable 

generation.  

We construct πnt as follows. The DAM-based profit is the daily average 

of Max(hourly DAM discharge price × cycle efficiency – hourly DAM charge 

price, 0), so as to reflect a PHS operator’s decision not to operate at a loss under 

perfect foresight. The RTM-based profit is based on a simple operational rule 

(Walawalkar and Mancini, 2007), thereby avoiding the need for a complicated 

algorithm based on stochastic dynamic programming. The RTM-based profit is 

the daily average of (hourly RTM discharge price × cycle efficiency – hourly 

RTM charge price).
45

 It can be negative, as it does not preempt the possibility of 

                                                      
45

 We recognize that PHS may provide ancillary services (AS) (Walawalkar and Mancini, 2007). A 

PHS operator providing both peak energy and AS may have up to nine operation choices, the 

product of three operation durations and three operation modes (peak energy only, AS only, and 

mixed mode). We do not consider PHS’s AS revenue, whose calculation is well beyond the scope 



88 
 

operating losses. 

To derive the simple rule, we use the hourly RTM price (= average of the 

5-minute RTM prices in a given hour) pattern for the period of 12/12/2012 - 

04/30/2015 by hour-of-day and month-of-year. We first find that price spikes are 

likely to appear in winter mornings and summer afternoons. We next identify the 

consecutive hours with the highest (lowest) prices as the discharge (charge) period 

in a month. For example, Figure 1 illustrates that for the NP15 RTM in July, 

16:00-20:00 is the 4-hour discharge period and 1:00 – 5:00 the 4-hour charge 

period. Table 1 summarizes the simple rule’s charge/discharge periods based on 

the observed RTM price patterns. To complete our profit data’s construction, we 

make the following assumptions:  

 Cycle efficiency. We assume 80% cycle efficiency (ρ = 0.8) for the 

hypothetical PHS system (Ibrahim et al., 2008; Chen et al., 2009).  

 Size. We assume 1-MW PHS ownership to match the per MWH profit 

computation. Because a typical PHS is relatively small (Chen et al., 2009), it 

should not impact the CAISO’s market prices, as the state has sufficient 

installed capacity to serve its peak demand of 65,468 MW.
46

 Even for the 

1300-MW Eagle Mountain Pumped Storage project, the capacity addition is 

less than 2.0% of the state’s peak demand. 

 Equal charge and discharge durations. We assume equal charge and discharge 

durations of 1, 2, and 4 hours, so as to circumvent the need to use stochastic 

dynamic programming that is well beyond the scope of our paper.  

 Cycle of operation. We assume the hypothetical PHS device to operate within 

                                                                                                                                                 
of our study. 
46

 http://energyalmanac.ca.gov/electricity/historic_peak_demand.html.  

http://energyalmanac.ca.gov/electricity/historic_peak_demand.html
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24 hours a day, 365 days a year. Consistent with the per MWH profit 

formation, this assumption maximizes our sample size. 

Table 2 reports the descriptive statistics for the RTM- and DAM-based 

profits, showing they are high volatile with large standard deviations and wide 

ranges defined by their minimum and maximum values. Further, these profits tend 

to decline the charge/discharge period’s duration, chiefly because of the averaging 

of hourly prices in the period.  

Table 2 suggests that a PHS system’s annual operating profit is less than 

$29.2/kW-year (= under $20/MWH per hour of daily operation duration × 4 

operation hours per day × 365 days per year ÷ 1000 kW per MW), well below 

the system’s annualized cost of installation at a new site. To see this point, 

consider a conventional hydro capacity upgrade at an existing site, whose 

annualized cost is ~$100/kW-year based the California Energy Commission’s cost 

data for new generation capacity.
47

 

While Table 2 conveys a crystal-clear message of PHS’s insufficient 

investment incentive based on energy trading, it does not tell how this incentive 

may vary with renewable generation development. If a PHS system’s profitability 

is found to decline with a renewable generation capacity expansion, it will likely 

be worsened by the state’s RPS implementation in the coming years.  

4.2.2. Regression model 

Following Liu et al. (2017), our model aims to explain how a PHS 

system’s profit may move its fundamental drivers. For the sake of readability, the 

descriptive statistics of the data used in our regression analysis are given in the 

                                                      
47

 http://www.energy.ca.gov/2009publications/CEC-200-2009-017/CEC-200-2009-017-SF.PDF 



90 
 

appendices. The SAS data file and program used to produce the regression results 

are available upon request. 

For a given CAISO market on day t = 12/12/2012 - 04/30/2015, equation 

(2) depicts the per MWH profit regression corresponding to operation duration of 

n = 1, 2, or 4 hours:  

𝜋𝑛𝑡 = 𝛼 + ∑ 𝛽𝑘𝑛
4
𝑘=1 𝑋𝑘𝑡 + ∑ 𝛾𝑘𝑛

6
𝑘=1 𝑌𝑘𝑛𝑡 + ∑ 𝜃𝑘𝑛

6
𝑘=1 𝑍𝑘𝑛𝑡 + 𝜀𝑛𝑡,  (2) 

The non-intercept RHS variables are the fundamental drivers: {Xjt}, {Ykt} and 

{Zkt}. These drivers’ marginal effects are measured by {jn}, {γkn} and {θkn}.
48

 

Listed below the variables’ definitions and expected impact on a PHS 

system’s daily profits:  

 X1t = Daily Henry-hub natural-gas price ($/MMBTU) published by the U.S. 

Department of Energy’s Energy Information Agency.
49

 We do not use the 

CAISO’s natural gas prices, chiefly because: (a) the Henry-Hub natural-gas 

price is highly correlated with the local gas prices with r ≥ 0.83; and (b) the 

local natural-gas prices are endogenous and can lead to estimation bias(Woo 

et al., 2016b). As a natural-gas price increase raises the CAISO market prices 

in the charge and discharge periods, we do not know a priori its net profit 

effect given by the coefficient 1n. 

 X2t = Daily nuclear capacity (MW) available at the 2150-MW Diablo Canyon 

plant owned by PG&E. Our analysis excludes the 2160-MW San Onofre 

plant which was shut down in January 2011, almost two years before our 

sample period’s start date. We use the plant availability data published by the 

                                                      
48

 Our initial empirical exploration finds that the binary indicators for an observation’s 

day-of-week and month-of-year have highly insignificant coefficient estimates. Hence, we exclude 

these indictors from our final regression specification.  
49

 http://www.eia.gov/dnav/ng/hist/rngwhhdd.htm.  

http://www.eia.gov/dnav/ng/hist/rngwhhdd.htm
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Nuclear Regulatory Commission.
50

 As a nuclear plant’s increased 

availability reduces the CAISO market prices in the charge and discharge 

periods, we cannot a priori determine the sign of its net profit effect 2n. 

 X3t = Daily nuclear capacity (MW) available from the 3739-MW Palo Verde 

plant located in Arizona partly owned by SCE, the Southern California 

Public Power Authority, and the Los Angeles Department of Water and 

Power. As in the case of X2t, we are unable to sign its profit effect 3n. 

 X4t = Daily California hydro index ranging from 1 (= driest) to 7 (= wettest) 

based on the USGS’s comparison of the daily stream flows at the state’s 

hydro stations to their historical values.
51

 As an increase in this index affects 

the prices in the charge and discharge periods, we cannot a priori determine 

if 4n is positive or negative.  

 (Y1nt, Y2nt) = Daily averages of PG&E’s and SCE’s hourly loads (MWH) in a 

charge period of n hours. Since rising loads in the charge period tend to raise 

market prices and reduce profits, we expect their coefficient estimates γ1n and 

γ2n to be negative.  

 Y3nt = Daily average of the CAISO’s solar generation (MWH) in a charge 

period of n hours. We use the CAISO’s day-ahead solar forecast to develop 

Y3nt for the DAM-based profit regressions and actual solar data for the 

RTM-based profit regressions. We include Y3nt in the profit regressions even 

though a charge period may only contain nighttime hours when the sun does 

not shine. This is because Y3nt can be negative due to onsite plant use of 

                                                      
50

 http://www.nrc.gov/reading-rm/doc-collections/event-status/reactor-status/index.html.  
51

 The station-specific data is available from: 

http://waterwatch.usgs.gov/index.php?r=ca&id=pa01d&sid=w__table2.  

http://www.nrc.gov/reading-rm/doc-collections/event-status/reactor-status/index.html
http://waterwatch.usgs.gov/index.php?r=ca&id=pa01d&sid=w__table2
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electricity. Further, Table 1 shows that a charge period for the RTM case may 

contain daytime hours. Still further, some charge periods for the DAM case 

have daytime hours. Rising solar generation in the charge period reduces the 

CAISO market prices and therefore a PHS system’s input costs, γ3n is 

expected to be positive.   

 Y4nt = Daily average of the CAISO’s wind generation (MWH) in a charge 

period of n hours. The data construction of Y4nt is the same as that of Y3nt. We 

expect γ4n to be positive because rising wind generation in the charge period 

tends to reduce the CAISO market prices and therefore a PHS system’s input 

costs.  

 (Y5nt, Y6nt) = Daily averages of the hourly discharges (000 ft
3
/second) of the 

hydro stations at the Sacramento River and Klamath River in a charge period 

of n hours. As rising hydro discharges in the charge period tends to reduce 

the CAISO market prices, we expect (γ5n, γ6n) to be all positive. 

 (Z1nt , …, Z6nt) = Variables corresponding to (Y1nt , …, Y7nt) in a discharge 

period of n hours. Their marginal revenue effects are (θ1n, …, θ6n), which are 

expected to have signs opposite to those of (γ1n, …, γ6n). 

       The random error εnt is assumed to follow an AR(2) process, so as to 

recognize that the daily profit data are time series and a random event on days t-1 

and t-2 (e.g., a transmission line’s forced outage) can impact the profit on day t. 

As Table 3 shows that the RTM- and DAM-based profits are contemporaneously 

correlated, we use the ITSUR method in PROC MODEL (SAS, 2004) to jointly 

estimate the system of 12 daily profit regressions formed by (a) two CAISO 

markets: NP15 and SP15; (b) two price types: RTM and DAM; and (c) three 
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charge/discharge durations: 1, 2 and 4 hours.  

Of our primary interest is the marginal impact of renewable generation 

development on PHS’s profitability. Hence, we use a two-tail t-test to test the 

following hypotheses: 

 H1: Rising solar generation in the charge and discharge periods due to a solar 

capacity expansion does not affect a PHS system’s profitability, implying a 

marginal profit effect of (γ3n + θ3n) = 0. 

 H2: Rising wind energy in the charge and discharge periods due to a wind 

capacity expansion does not affect a PHS system’s profitability, implying a 

marginal profit effect of (γ4n + θ4n) = 0.   
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4.3. Regression results 

Table 4 displays the profit regression results for NP15. 

The RTM-based profit regressions have much lower adjusted R
2
 values 

than the DAM-based profit regressions, reflecting that the RTM price data are 

much more volatile than the DAM price data. Each regression’s sum of the two 

AR parameter estimates is well below 1.00, allaying the concern of spurious 

regressions caused by the random errors following a random walk (Davidson and 

MacKinnon, 1993). Finally, some of the AR(2) parameter estimates are highly 

significant (p-value < 0.0001), thus justifying our AR(2) assumption.  

Looking at the coefficient estimates of our primary interest yields the 

following findings: 

 Panel A shows that rising solar generation tends to reduce a charge period’s 

cost and a discharge period’s revenue. Based on the t-test results for H1, 

however, only one of the estimated marginal profit effects in Panel B is 

insignificant (p-values > 0.01). 

 Rising wind generation tends to reduce a charge period’s revenue and 

discharge period’s cost. Nevertheless, all of wind generation’s estimated 

profit effects are insignificant (p-values > 0.01). 

 The remaining profit drivers have coefficient estimates that are empirically 

plausible. To wit, an increase in the natural gas price tends to have positive 

but insignificant effects on the PHS system’s profitability. The profit effects 

of nuclear capacities available are mostly insignificant. Rising local system 

loads in the charge (discharge) period tend to reduce (increase) the system’s 

profit. Finally, hydro conditions do not significantly impact the system’s 
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profits. These statistically insignificant estimated profit effects mirror the 

drivers’ offsetting marginal revenue and cost effects. 

Table 5 reports the profit regression results for SP15. As these results are 

similar to those in Table 4, their interpretations are omitted for brevity.  
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4.4. Discussion 

Tables 4 and 5 suggest that the state’s future renewable generation 

development is unlikely to exacerbate PHS’s severely inadequate investment 

incentive that presently exists, chiefly because renewable generation’s merit-order 

effect tends to simultaneously reduce a PHS system’s operating revenue and cost. 

The profit drivers’ small coefficient estimates in the same tables also imply that 

future movements in these drivers will unlikely remedy the system’s currently 

inadequate investment incentive. This finding sharply contrasts that for 

natural-gas-fired generation, whose profitability tends to increase with natural-gas 

price escalation, system load growth and nuclear plant shutdown (Woo et al., 

2016a). 

4.5. Conclusion 

The paper has good news and bad news. The good news is that renewable 

generation development is unlikely to worsen PHS’s profitability in California. 

The bad news is that the annual operating profit of a PHS system can hardly pay 

for the annual fixed cost. Hence, the state should continue its adopted 

procurement process described in Woo et al. (2006a, 2006b) for PHS and other 

forms of flexible generation, so as to support the reliable integration of a rising 

share of renewable energy in the state’s resource portfolio.  
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LIST OF TABLES FOR ESSAY THREE 

Table 1: Charge and discharge period definitions under the simple rule by month and CAISO region in the 28-month sample 

period of 12/12/2012 - 04/30/2015 

Panel A: NP15  

Month 
Discharge period Charge period 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

January 7:00 – 8:00 7:00 – 9:00 
7:00 – 9:00 

18:00 – 20:00 
2:00 – 3:00 2:00 – 4:00 

2:00 – 4:00 

13:00 – 15:00 

February 20:00 – 21:00  19:00 – 21:00  17:00 – 21:00 2:00 – 3:00 2:00 – 4:00 1:00 – 5:00 

March 21:00 – 22:00  20:00 – 22:00  18:00 – 22:00 3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

April 18:00 – 19:00  18:00 – 20:00  18:00 – 22:00 3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

May 19:00 – 20:00  18:00 – 20:00  17:00 – 21:00 3:00 – 4:00 3:00 – 5:00 1:00 – 5:00 

June 16:00 – 17:00  16:00 – 18:00  16:00 – 20:00  3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

July 18:00 – 19:00  17:00 – 19:00  16:00 – 20:00  3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

August 16:00 – 17:00  16:00 – 18:00  16:00 – 20:00  3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

September 19:00 – 20:00  18:00 – 20:00  17:00 – 21:00 3:00 – 4:00 3:00 – 5:00 1:00 – 5:00 

October 17:00 – 18:00  17:00 – 19:00  16:00 – 20:00  2:00 – 3:00 1:00 – 3:00 1:00 – 5:00 

November  18:00 – 19:00  17:00 – 19:00  17:00 – 21:00 2:00 – 3:00 2:00 – 4:00 1:00 – 5:00 

December 20:00 – 21:00  20:00 – 22:00  
17:00 – 19:00 

20:00 – 22:00 
2:00 – 3:00 2:00 – 4:00 1:00 – 5:00 
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Panel B: SP15  
Month Discharge period Charge period 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

January 7:00 – 8:00 18:00 – 20:00 17:00 – 21:00 2:00 – 3:00 1:00 – 3:00 1:00 – 5:00 

February 17:00 – 18:00  17:00 – 19:00  17:00 – 21:00 2:00 – 3:00 2:00 – 4:00 2:00 – 6:00 

March 21:00 – 22:00  20:00 – 22:00  18:00 – 22:00 3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

April 20:00 – 21:00  19:00 – 21:00  18:00 – 22:00 3:00 – 4:00 3:00 – 5:00 2:00 – 6:00 

May 19:00 – 20:00  19:00 – 21:00  17:00 – 21:00 3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

June 16:00 – 17:00  19:00 – 21:00  
15:00 – 17:00  

19:00 – 21:00 
3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

July 16:00 – 17:00  16:00 – 18:00  16:00 – 20:00  3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

August 13:00 – 14:00  15:00 – 17:00  13:00 – 17:00  3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

September 19:00 – 20:00  16:00 – 18:00  16:00 – 20:00 3:00 – 4:00 2:00 – 4:00 1:00 – 5:00 

October 17:00 – 18:00  17:00 – 19:00  16:00 – 20:00  2:00 – 3:00 1:00 – 3:00 1:00 – 5:00 

November  6:00 – 7:00  19:00 – 21:00  17:00 – 21:00 2:00 – 3:00 2:00 – 4:00 1:00 – 5:00 

December 22:00 – 23:00  21:00 – 23:00  19:00 – 23:00 2:00 – 3:00 2:00 – 4:00 1:00 – 5:00 
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Table 2: Descriptive statistics for the daily per MWH profits by charge/discharge duration and CAISO region for the 28-month 

sample period of 12/12/2012 - 04/30/2015; unit root test results for data stationarity at the 1% level are based on the Phillips-Perron 

tests (Phillips and Perron, 1988)  

Panel A: Simple rule RTM profit = average discharge price × cycle efficiency – average charge price 

Region  Duration  Mean  Standard 

deviation 

Minimum Maximum Stationary? 

NP15 

1 hour 17.11 54.05 -65.67 602.22 Yes 

2 hours 13.72 39.54 -118.75 585.63 Yes 

4 hours 10.97 24.97 -55.26 296.29 Yes 

SP15 

1 hour 19.28 59.57 -73.80 625.47 Yes 

2 hours 16.00 49.55 -500.55 438.79 Yes 

4 hours 13.48 36.07 -257.39 440.35 Yes 

Panel B: Perfect foresight DAM profit = average of max(hourly discharge price× cycle efficiency – hourly charge price, 0) 

NP15 

1 hour 15.07 8.34 0.00 110.43 Yes 

2 hours 13.35 7.71 0.00 105.53 Yes 

4 hours 10.51 6.73 0.00 94.27 Yes 

SP15 

1 hour 18.78 9.49 0.00 110.40 Yes 

2 hours 16.88 8.73 0.00 103.01 Yes 

4 hours 13.69 7.49 0.00 91.54 Yes 
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Table 3: Profit correlation coefficients; “*” = “significant at the 1% level” 

Variable Charge / 

discharge 

duration 

NP15 RTM-based profit NP15 DAM-based profit SP15 RTM-based profit SP15 DAM-based profit 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

NP15 

RTM-based 

profit 

1 hour 1.00  0.90* 0.78* 0.13*  0.14*  0.14*  0.52*  0.34*  0.46*  0.10* 0.11* 0.11* 

2 hours 0.90* 1.00  0.88* 0.15* 0.16* 0.16* 0.48* 0.42* 0.50* 0.12* 0.13* 0.13* 

4 hours 0.78* 0.88* 1.00  0.18* 0.19* 0.19* 0.42* 0.46* 0.55* 0.14* 0.16* 0.17* 

NP15 

DAM-based 

profit 

1 hour 0.13* 0.15* 0.18* 1.00  0.99* 0.97* 0.08  0.03  0.10* 0.77* 0.77* 0.76* 

2 hours 0.14* 0.16* 0.19* 0.99* 1.00  0.99* 0.09  0.04  0.10* 0.77* 0.78* 0.78* 

4 hours 0.14* 0.16* 0.19* 0.97* 0.99* 1.00  0.08  0.05  0.11* 0.75* 0.77* 0.79* 

SP15 

RTM-based 

profit 

1 hour 0.52* 0.48* 0.42* 0.08  0.09 0.08  1.00  0.63* 0.67* 0.07  0.08  0.08  

2 hours 0.34* 0.42* 0.46* 0.03  0.04 0.05  0.63* 1.00  0.87* 0.04  0.05  0.04  

4 hours 0.46* 0.50* 0.55* 0.10* 0.10* 0.11* 0.67* 0.87* 1.00  0.10* 0.10* 0.10* 

SP15 

DAM-based 

profit 

1 hour 0.10* 0.12* 0.14* 0.77* 0.77* 0.75* 0.07  0.04  0.10* 1.00  0.99* 0.96* 

2 hours 0.11* 0.13* 0.16* 0.77* 0.78* 0.77* 0.08  0.05  0.10* 0.99* 1.00  0.98* 

4 hours 0.11* 0.13* 0.17* 0.76* 0.78* 0.79* 0.08  0.04  0.10* 0.96* 0.98* 1.00  
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Table 4: NP15 profit regressions with standard errors in (  ) by duration for the 28-month period of 12/12/2012 - 04/30/2015 

 

Panel A: Regression results 

Variable: definition [coefficient] RTM-based profit DAM-based profit 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Adjusted R
2
 0.0549 0.0772 0.1095 0.5373 0.5213 0.5259 

Root mean squared error 52.7293 38.2756 23.7239 5.6854 5.3523 4.6631 

AR(1) parameter 
0.0029 

(0.0220) 

0.0137 

(0.0205) 

0.0504 

(0.0221) 

0.3813* 

(0.0168) 

0.3778* 

(0.0161) 

0.3739* 

(0.0168) 

AR(2) parameter 
0.0073 

(0.0217) 

0.0262 

(0.0205) 

0.0306 

(0.0222) 

0.1631* 

(0.0166) 

0.1554* 

(0.0158) 

0.1458* 

(0.0166) 

Intercept [ 
-3.0449 

(33.1997) 

-6.6195 

(23.2313) 

-2.3596 

(13.9056) 

2.4725 

(4.4515) 

2.2008 

(4.1338) 

-2.1595 

(3.5754) 

X1t: Daily Henry Hub natural gas price ($/MMBTU) 

[1n]  

3.3978 

(2.6679) 

2.8913 

(1.9276) 

1.6306 

(1.2271) 

1.4233* 

(0.5076) 

1.1308 

(0.4727) 

0.9250 

(0.4055) 

X2t: Daily nuclear available from Diablo Canyon 

(MW) [2n] 

0.0076 

(0.0044) 

0.0061 

(0.0032) 

0.0029 

(0.0021) 

-0.0001 

(0.0008) 

-0.0001 

(0.0008) 

0.0001 

(0.0006) 

X3t: Daily nuclear available from Palo Verde (MW) 

[3n] 

-0.0006 

(0.0036) 

0.0003 

(0.0026) 

-0.0004 

(0.0017) 

-0.0014 

(0.0007) 

-0.0011 

(0.0006) 

-0.0008 

(0.0005) 

X4t: Daily California hydro index (1 = driest, …, 7 = 

wettest) [4n] 

-4.1107 

(4.3512) 

-2.3213 

(3.1533) 

-1.0177 

(1.9898) 

-0.6959 

(0.5481) 

-0.8236 

(0.5151) 

-0.7682 

(0.4490) 

Y1nt: Daily averaged system load of PG&E (MWH) 

in the charge hours [1n] 

-0.0050 

(0.0048) 

-0.0035 

(0.0034) 

-0.0021 

(0.0023) 

-0.0001 

(0.0003) 

-0.0001 

(0.0003) 

-0.0001 

(0.0003) 

Y2nt: Daily averaged system load of SCE (MWH) in 

the charge hours [2n] 

-0.0017 

(0.0045) 

-0.0036 

(0.0031) 

-0.0035 

(0.0020) 

-0.0005 

(0.0003) 

-0.0004 

(0.0003) 

-0.0002 

(0.0002) 

Y3nt: Daily averaged solar generation (MWH) in the 

charge hours [3n] 

0.0452 

(0.0736) 

0.0335 

(0.0414) 

0.0086* 

(0.0023) 

0.0005* 

(0.0001) 

0.0004* 

(0.0001) 

0.0005* 

(0.0001) 

Y4nt: Daily averaged wind generation (MWH) in the 

charge hours [4n] 

0.0168* 

(0.0030) 

0.0141* 

(0.0021) 

0.0125* 

(0.0014) 

0.0005 

(0.0002) 

0.0006* 

(0.0002) 

0.0006* 

(0.0002) 
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Y5nt: Daily averaged discharge of Sacramento River 

(000 ft
3
/second) in the charge hours [5n] 

-0.3843 

(0.2755) 

-0.3859 

(0.2022) 

-0.1038 

(0.1372) 

-0.0161 

(0.0151) 

-0.0132 

(0.0134) 

-0.0025 

(0.0142) 

Y6nt: Daily averaged discharge of Klamath River 

(000 ft
3
/second) in the charge hours [6n] 

0.9952 

(0.4014) 

0.6783 

(0.3004) 

0.4383 

(0.1992) 

0.0144 

(0.0331) 

0.0191 

(0.0313) 

0.0350 

(0.0273) 

Z1nt: Daily averaged system load of PG&E (MWH) 

in the discharge hours [1n] 

0.0043 

(0.0024) 

0.0042 

(0.0018) 

0.0031* 

(0.0012) 

0.0015* 

(0.0002) 

0.0014* 

(0.0002) 

0.0014* 

(0.0001) 

Z2nt: Daily averaged system load of SCE (MWH) in 

the discharge hours [2n] 

0.0010 

(0.0019) 

0.0010 

(0.0014) 

0.0012 

(0.0009) 

-0.0001 

(0.0001) 

-0.0002 

(0.0001) 

-0.0002 

(0.0001) 

Z3nt: Daily averaged solar generation (MWH) in the 

discharge hours [3n] 

-0.0041 

(0.0028) 

-0.0067* 

(0.0021) 

-0.0061* 

(0.0023) 

-0.0003 

(0.0001) 

-0.0002 

(0.0001) 

-0.0001 

(0.0001) 

Z4nt: Daily averaged wind generation (MWH) in the 

discharge hours [4n] 

-0.0182* 

(0.0026) 

-0.0137* 

(0.0019) 

-0.0110* 

(0.0013) 

-0.0010* 

(0.0002) 

-0.0010* 

(0.0002) 

-0.0010* 

(0.0002) 

Z5nt: Daily averaged discharge of Sacramento River 

(000 ft
3
/second) in the discharge hours [5n] 

0.2558 

(0.2729) 

0.3560 

(0.1963) 

0.0571 

(0.1374) 

0.0091 

(0.0154) 

0.0036 

(0.0131) 

-0.0057 

(0.0140) 

Z6nt: Daily averaged discharge of Klamath River 

(000 ft
3
/second) in the discharge hours [6n] 

-0.3818 

(0.4057) 

-0.3031 

(0.3042) 

-0.1549 

(0.2015) 

-0.0168 

(0.0310) 

-0.0146 

(0.0298) 

-0.0312 

(0.0261) 

 

Panel B: Marginal profit effects of renewable generation 

Marginal profit 

effect 
RTM-based profit DAM-based profit 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Solar generation = 

(3n + 3n) 
0.0411 

(0.0739) 

0.0269  

(0.0416) 

0.0025  

(0.0031) 

0.0002 

(0.0002) 

0.0002  

(0.0002) 

0.0004  

(0.0002) 

Wind generation = 

(4n + 4n) 
-0.0014  

(0.0026) 

0.0005  

(0.0019) 

0.0015  

(0.0012) 

-0.0004 

(0.0002) 

-0.0004  

(0.0002) 

-0.0004  

(0.0002) 
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Table 5: SP15 profit regressions with standard errors in (  ) by duration for the 28-month period of 12/12/2012 - 04/30/2015 

 

Panel A: Regression results 

Variable: definition [coefficient] RTM-based profit DAM-based profit 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Adjusted R
2
 0.0388 0.0283 0.071 0.4263 0.4477 0.4677 

Root mean squared error 58.2291 49.2522 34.8642 7.1714 6.4841 5.4823 

AR(1) parameter 
0.0175 

(0.0257) 

0.0250 

(0.0230) 

0.0018 

(0.0220) 

0.2826* 

(0.0167) 

0.3098* 

(0.0159) 

0.2983* 

(0.0168) 

AR(2) parameter 
0.0068 

(0.0257) 

0.0023 

(0.0231) 

0.0311 

(0.0220) 

0.1770* 

(0.0167) 

0.1558* 

(0.0157) 

0.1516* 

(0.0167) 

Intercept [ 
22.0215 

(42.6085) 

-4.5307  

(31.2007) 

-24.1818 

(22.4577) 

7.8514 

(5.1358) 

8.6328 

(4.6867) 

5.8553 

(3.9498) 

X1t: Daily Henry Hub natural gas price ($/MMBTU) 

[1n]  

2.1162 

(3.0318) 

1.6607 

(2.4634) 

3.4855 

(1.7461) 

1.0271 

(0.5762) 

0.7522 

(0.5287) 

0.5636 

(0.4397) 

X2t: Daily nuclear available from Diablo Canyon 

(MW) [2n] 

0.0042 

(0.0050) 

0.0004 

(0.0041) 

0.0024 

(0.0029) 

-0.0005 

(0.0009) 

-0.0005 

(0.0008) 

-0.0002 

(0.0007) 

X3t: Daily nuclear available from Palo Verde (MW) 

[3n] 

0.0042 

(0.0041) 

0.0002 

(0.0033) 

0.0005 

(0.0024) 

-0.0012 

(0.0008) 

-0.0009 

(0.0007) 

-0.0007 

(0.0006) 

X4t: Daily California hydro index (1 = driest, …, 7 = 

wettest) [4n] 

-3.2081 

(4.9041) 

-1.4013 

(4.0263) 

-1.6011 

(2.8525) 

-0.8411 

(0.6676) 

-0.9665 

(0.6069) 

-0.9061 

(0.5128) 

Y1nt: Daily averaged system load of PG&E (MWH) 

in the charge hours [1n] 

-0.0082 

(0.0058) 

0.0059 

(0.0046) 

0.0013 

(0.0034) 

-0.0001 

(0.0003) 

-0.0003 

(0.0003) 

-0.0001 

(0.0003) 

Y2nt: Daily averaged system load of SCE (MWH) in 

the charge hours [2n] 

-0.0008 

(0.0057) 

-0.0075 

(0.0045) 

-0.0045 

(0.0033) 

-0.0003 

(0.0003) 

-0.0003 

(0.0003) 

-0.0005 

(0.0003) 

Y3nt: Daily averaged solar generation (MWH) in the 

charge hours [3n] 

0.2657 

(0.1170) 

0.1180 

(0.0947) 

0.0321 

(0.0645) 

0.0005* 

(0.0002) 

0.0007* 

(0.0002) 

0.0009* 

(0.0001) 

Y4nt: Daily averaged wind generation (MWH) in the 

charge hours [4n] 

0.0197* 

(0.0034) 

0.0174* 

(0.0027) 

0.0164* 

(0.0020) 

0.0012* 

(0.0003) 

0.0012* 

(0.0003) 

0.0013* 

(0.0002) 
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Y5nt: Daily averaged discharge of Sacramento River 

(000 ft
3
/second) in the charge hours [5n] 

-0.0837 

(0.3306) 

0.0035 

(0.2561) 

0.0690 

(0.2089) 

-0.0165 

(0.0183) 

0.0010 

(0.0163) 

0.0097 

(0.0174) 

Y6nt: Daily averaged discharge of Klamath River 

(000 ft
3
/second) in the charge hours [6n] 

0.0959 

(0.4853) 

0.0286 

(0.3814) 

0.3261 

(0.2771) 

0.1118 

(0.0463) 

0.0988 

(0.0416) 

0.0872 

(0.0353) 

Z1nt: Daily averaged system load of PG&E (MWH) 

in the discharge hours [1n] 

0.0013 

(0.0027) 

-0.0060 

(0.0023) 

-0.0029 

(0.0016) 

0.0003 

(0.0002) 

0.0004 

(0.0002) 

0.0003 

(0.0002) 

Z2nt: Daily averaged system load of SCE (MWH) in 

the discharge hours [2n] 

0.0034 

(0.0022) 

0.0078* 

(0.0019) 

0.0064* 

(0.0014) 

0.0010* 

(0.0002) 

0.0008* 

(0.0002) 

0.0008* 

(0.0001) 

Z3nt: Daily averaged solar generation (MWH) in the 

discharge hours [3n] 

-0.0075 

(0.0030) 

-0.0092* 

(0.0026) 

-0.0094* 

(0.0019) 

-0.0011* 

(0.0002) 

-0.0006* 

(0.0001) 

0.0000 

(0.0002) 

Z4nt: Daily averaged wind generation (MWH) in the 

discharge hours [4n] 

-0.0186* 

(0.0029) 

-0.0148* 

(0.0024) 

-0.0141* 

(0.0017) 

-0.0007* 

(0.0002) 

-0.0009* 

(0.0002) 

-0.0011* 

(0.0002) 

Z5nt: Daily averaged discharge of Sacramento River 

(000 ft
3
/second) in the discharge hours [5n] 

0.2947 

(0.3186) 

0.1869 

(0.2435) 

0.0730 

(0.1994) 

0.0261 

(0.0201) 

0.0131 

(0.0174) 

0.0170 

(0.0178) 

Z6nt: Daily averaged discharge of Klamath River 

(000 ft
3
/second) in the discharge hours [6n] 

0.1965 

(0.4901) 

0.1871 

(0.3850) 

-0.0396 

(0.2790) 

-0.0978 

(0.0484) 

-0.0892 

(0.0440) 

-0.0826 

(0.0368) 

 

Panel B: Net profit effects of renewable generation 

Marginal profit 

effect  
RTM-based profit DAM-based profit 

1 hour 2 hours 4 hours 1 hour 2 hours 4 hours 

Solar generation = 

(3n + 3n) 
0.2583  

(0.1173) 

0.1088  

(0.0948) 

0.0227  

(0.0647) 

-0.0006  

(0.0002) 

0.0001  

(0.0002) 

0.0010* 

(0.0002) 

Wind generation = 

(4n + 4n) 
0.0011  

(0.0030) 

0.0025  

(0.0024) 

0.0024  

(0.0017) 

0.0005  

(0.0003) 

0.0004  

(0.0003) 

0.0003  

(0.0002) 
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LIST OF FIGURES FOR ESSAY THREE 

 
Figure 1: The charge (indicated by the solid lines) and discharge period (indicated by the dotted lines) definitions for the NP15 

region of CAISO in July under the simple rule by hour in the 28-month sample period of 12/12/2012 - 04/30/2015  
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Appendices  

Table A1: Descriptive statistics for daily profit drivers in RTM by charge/discharge duration for the 28-month period of 12/12/2012 

- 04/30/2015; unit root test results for data stationarity at the 1% level are based on the Phillips-Perron tests (Phillips and Perron, 

1988)  
Panel A: Charge – NP15  

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

X1t: Daily Henry Hub natural gas price ($/MMBTU)  
1, 2, 4 

hours 
3.86 0.73 2.50 8.15 No 

X2t: Daily nuclear available from Diablo Canyon (MW)  
1, 2, 4 

hours 
2016.69 430.40 280.50 2240.00 Yes 

X3t: Daily nuclear available from Palo Verde (MW)  
1, 2, 4 

hours 
3449.38 553.18 1249.00 3747.00 Yes 

X4t: Daily California hydro index (1 = driest, …, 7 = wettest)  
1, 2, 4 

hours 
3.20 0.54 0.00 5.30 Yes 

Y1nt: Daily averaged system load of PG&E (MWH) in the charge hours 

1 hour 9894.07 804.48 8246.00 12919.00 Yes 

2 hours 9927.54 823.23 8302.00 13108.00 Yes 

4 hours 10083.42 838.38 8365.50 13203.75 Yes 

Y2nt: Daily averaged system load of SCE (MWH) in the charge hours 

1 hour 9480.45 793.53 8017.00 12818.00 Yes 

2 hours 9520.13 826.19 7997.00 12793.50 Yes 

4 hours 9719.30 863.77 8070.50 13121.25 Yes 

Y3nt: Daily averaged solar generation (MWH) in the charge hours 

1 hour -5.04 15.99 -21.82 342.61 Yes 

2 hours -5.08 15.77 -21.67 333.06 Yes 

4 hours 61.27 237.88 -20.52 1485.04 Yes 

Y4nt: Daily averaged wind generation (MWH) in the charge hours 

1 hour 1111.12 844.18 -20.25 3502.36 Yes 

2 hours 1116.75 850.55 -19.60 3465.18 Yes 

4 hours 1133.23 850.97 -17.07 3455.26 Yes 

Y5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the charge hours 

1 hour 12.35 10.06 -4.17 70.58 Yes 

2 hours 12.29 10.00 -4.43 70.70 Yes 

4 hours 12.23 9.74 -2.98 69.96 Yes 
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Y6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the charge hours 

1 hour 10.32 12.33 2.01 146.50 Yes 

2 hours 10.32 12.33 2.01 144.88 Yes 

4 hours 10.32 12.32 2.02 144.88 Yes 
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Panel B: Discharge – NP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

Z1nt: Daily averaged system load of PG&E (MWH) in the discharge hours 

1 hour 13474.82 1996.83 9625.00 20619.00 Yes 

2 hours 13537.28 1972.96 9837.00 20697.00 Yes 

4 hours 13617.98 1846.86 10593.25 20545.50 Yes 

Z2nt: Daily averaged system load of SCE (MWH) in the discharge hours 

1 hour 13499.59 2492.70 8621.00 22187.00 Yes 

2 hours 13576.10 2459.99 8748.50 22229.50 Yes 

4 hours 13653.84 2257.18 10157.25 22217.50 Yes 

Z3nt: Daily averaged solar generation (MWH) in the discharge hours 

1 hour 302.43 561.82 -21.68 2569.04 Yes 

2 hours 305.63 504.42 -21.62 2181.22 Yes 

4 hours 242.36 338.19 -18.00 1340.83 Yes 

Z4nt: Daily averaged wind generation (MWH) in the discharge hours 

1 hour 1148.21 897.39 -19.06 3764.81 Yes 

2 hours 1152.22 895.65 -19.15 3712.40 Yes 

4 hours 1170.40 888.34 -17.92 3609.52 Yes 

Z5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the discharge hours 

1 hour 12.60 9.92 -3.09 71.18 Yes 

2 hours 12.55 9.89 -3.21 71.31 Yes 

4 hours 12.50 9.55 -2.33 70.31 Yes 

Z6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the discharge hours 

1 hour 10.31 12.20 2.03 168.25 Yes 

2 hours 10.30 12.18 2.02 168.63 Yes 

4 hours 10.30 12.18 2.02 169.81 Yes 
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Panel A: Charge – SP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

X1t: Daily Henry Hub natural gas price ($/MMBTU)  
1, 2, 4 

hours 
3.86 0.73 2.50 8.15 No 

X2t: Daily nuclear available from Diablo Canyon (MW)  
1, 2, 4 

hours 
2016.69 430.40 280.50 2240.00 Yes 

X3t: Daily nuclear available from Palo Verde (MW)  
1, 2, 4 

hours 
3449.38 553.18 1249.00 3747.00 Yes 

X4t: Daily California hydro index (1 = driest, …, 7 = wettest)  
1, 2, 4 

hours 
3.20 0.54 0.00 5.30 Yes 

Y1nt: Daily averaged system load of PG&E (MWH) in the charge hours 

1 hour 9896.80 800.84 8246.00 12919.00 Yes 

2 hours 9978.79 857.93 8302.00 13543.00 Yes 

4 hours 9992.27 836.46 8365.50 13203.75 Yes 

Y2nt: Daily averaged system load of SCE (MWH) in the charge hours 

1 hour 9485.49 789.64 8023.00 12818.00 Yes 

2 hours 9605.83 902.98 8074.50 13449.00 Yes 

4 hours 9610.06 849.37 8070.50 13121.25 Yes 

Y3nt: Daily averaged solar generation (MWH) in the charge hours 

1 hour -5.02 15.98 -21.82 342.61 Yes 

2 hours -4.86 16.05 -20.92 342.86 Yes 

4 hours -5.13 15.92 -20.52 338.15 Yes 

Y4nt: Daily averaged wind generation (MWH) in the charge hours 

1 hour 1112.76 845.44 -20.25 3502.36 Yes 

2 hours 1159.14 873.25 -19.36 3465.18 Yes 

4 hours 1130.78 854.59 -18.21 3455.26 Yes 

Y5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the charge hours 

1 hour 12.38 10.06 -4.17 70.58 Yes 

2 hours 12.50 9.94 -3.75 70.70 Yes 

4 hours 12.37 9.73 -2.98 69.96 Yes 

Y6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the charge hours 

1 hour 10.32 12.33 2.01 146.50 Yes 

2 hours 10.32 12.33 2.01 148.50 Yes 

4 hours 10.32 12.32 2.02 144.88 Yes 
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Panel B: Discharge – SP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

Z1nt: Daily averaged system load of PG&E (MWH) in the discharge hours 

1 hour 13070.60 2090.37 8791.00 20916.00 Yes 

2 hours 13574.44 1862.95 10469.50 20882.00 Yes 

4 hours 13571.37 1782.15 10593.25 20545.50 Yes 

Z2nt: Daily averaged system load of SCE (MWH) in the discharge hours 

1 hour 13165.47 2649.48 8324.00 22187.00 Yes 

2 hours 13733.98 2436.08 10326.00 22911.50 Yes 

4 hours 13714.35 2288.35 10445.25 22570.50 Yes 

Z3nt: Daily averaged solar generation (MWH) in the discharge hours 

1 hour 365.34 711.06 -21.68 3206.55 Yes 

2 hours 270.05 588.11 -21.62 2802.08 Yes 

4 hours 314.55 550.11 -18.00 2973.20 Yes 

Z4nt: Daily averaged wind generation (MWH) in the discharge hours 

1 hour 1067.12 882.85 -18.72 3659.98 Yes 

2 hours 1127.19 883.83 -19.64 3632.55 Yes 

4 hours 1121.70 874.90 -18.73 3609.52 Yes 

Z5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the discharge hours 

1 hour 12.89 9.90 -2.98 70.05 Yes 

2 hours 12.85 9.72 -3.21 70.75 Yes 

4 hours 12.87 9.52 -2.33 70.67 Yes 

Z6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the discharge hours 

1 hour 10.30 12.18 2.00 172.00 Yes 

2 hours 10.30 12.19 2.02 171.00 Yes 

4 hours 10.30 12.19 2.01 169.81 Yes 
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Table A2: Descriptive statistics for daily profit drivers in DAM by charge/discharge duration for the 28-month period of 12/12/2012 

- 04/30/2015; unit root test results for data stationarity at the 1% level are based on the Phillips-Perron tests (Phillips and Perron, 

1988)  
Panel A: Charge – NP15  

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

X1t: Daily Henry Hub natural gas price ($/MMBTU)  
1, 2, 4 

hours 
3.86 0.73 2.50 8.15 No 

X2t: Daily nuclear available from Diablo Canyon (MW)  
1, 2, 4 

hours 
2016.69 430.40 280.50 2240.00 Yes 

X3t: Daily nuclear available from Palo Verde (MW)  
1, 2, 4 

hours 
3449.38 553.18 1249.00 3747.00 Yes 

X4t: Daily California hydro index (1 = driest, …, 7 = wettest)  
1, 2, 4 

hours 
3.20 0.54 0.00 5.30 Yes 

Y1nt: Daily averaged system load of PG&E (MWH) in the charge hours 

1 hour 9710.80 835.91 8336.51 13011.33 Yes 

2 hours 9726.18 813.76 8325.54 13057.84 Yes 

4 hours 9839.98 791.57 8469.05 12524.34 Yes 

Y2nt: Daily averaged system load of SCE (MWH) in the charge hours 

1 hour 9520.80 827.59 7959.83 12049.00 Yes 

2 hours 9537.77 810.48 7925.37 12024.07 Yes 

4 hours 9653.52 794.72 7997.42 12338.25 Yes 

Y3nt: Daily averaged solar generation (MWH) in the charge hours 

1 hour 213.43 728.78 0.00 4258.60 Yes 

2 hours 212.89 693.83 0.00 4100.67 Yes 

4 hours 241.59 656.94 0.00 4042.48 Yes 

Y4nt: Daily averaged wind generation (MWH) in the charge hours 

1 hour 1207.87 756.39 53.95 3187.20 Yes 

2 hours 1209.62 755.86 53.99 3166.90 Yes 

4 hours 1205.87 755.30 59.51 3142.73 Yes 

Y5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the charge hours 

1 hour 12.19 10.05 -4.39 70.58 Yes 

2 hours 12.24 9.95 -4.43 70.70 Yes 

4 hours 12.31 9.73 -2.98 68.92 Yes 

Y6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the charge hours 1 hour 10.30 12.11 2.02 145.25 Yes 
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2 hours 10.30 12.15 2.01 147.38 Yes 

4 hours 10.31 12.19 2.02 150.81 Yes 
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Panel B: Discharge – NP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

Z1nt: Daily averaged system load of PG&E (MWH) in the discharge hours 

1 hour 13944.39 1806.40 10424.69 23092.60 Yes 

2 hours 13870.76 1808.18 10435.98 22772.65 Yes 

4 hours 13681.75 1845.35 10411.51 22584.55 Yes 

Z2nt: Daily averaged system load of SCE (MWH) in the discharge hours 

1 hour 14059.09 2363.53 10058.99 23994.91 Yes 

2 hours 13963.54 2353.85 10174.43 23903.18 Yes 

4 hours 13760.73 2393.60 10334.18 23412.50 Yes 

Z3nt: Daily averaged solar generation (MWH) in the discharge hours 

1 hour 322.13 610.48 0.00 3062.97 Yes 

2 hours 324.66 583.18 0.00 3095.85 Yes 

4 hours 376.68 543.65 0.00 2769.82 Yes 

Z4nt: Daily averaged wind generation (MWH) in the discharge hours 

1 hour 1229.11 798.85 41.07 3393.70 Yes 

2 hours 1225.75 786.40 42.68 3355.85 Yes 

4 hours 1198.74 765.56 58.73 3362.18 Yes 

Z5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the discharge hours 

1 hour 12.49 9.86 -3.64 68.93 Yes 

2 hours 12.44 9.79 -3.49 69.31 Yes 

4 hours 12.62 9.55 -2.03 69.95 Yes 

Z6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the discharge hours 

1 hour 10.27 12.22 2.03 170.00 Yes 

2 hours 10.31 12.19 2.02 171.00 Yes 

4 hours 10.31 12.22 2.02 169.81 Yes 
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Panel A: Charge – SP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

X1t: Daily Henry Hub natural gas price ($/MMBTU)  
1, 2, 4 

hours 
3.86 0.73 2.50 8.15 No 

X2t: Daily nuclear available from Diablo Canyon (MW)  
1, 2, 4 

hours 
2016.69 430.40 280.50 2240.00 Yes 

X3t: Daily nuclear available from Palo Verde (MW)  
1, 2, 4 

hours 
3449.38 553.18 1249.00 3747.00 Yes 

X4t: Daily California hydro index (1 = driest, …, 7 = wettest)  
1, 2, 4 

hours 
3.20 0.54 0.00 5.30 Yes 

Y1nt: Daily averaged system load of PG&E (MWH) in the charge hours 

1 hour 9859.13 900.49 8302.43 13348.00 Yes 

2 hours 9868.78 878.73 8360.75 12818.00 Yes 

4 hours 9967.81 842.09 8469.05 12644.25 Yes 

Y2nt: Daily averaged system load of SCE (MWH) in the charge hours 

1 hour 9658.73 917.40 7959.83 12829.17 Yes 

2 hours 9669.71 896.61 7925.37 12990.62 Yes 

4 hours 9781.36 872.49 7997.42 12728.46 Yes 

Y3nt: Daily averaged solar generation (MWH) in the charge hours 

1 hour 428.76 1075.25 0.00 4292.50 Yes 

2 hours 416.45 1020.63 0.00 4259.75 Yes 

4 hours 445.92 990.72 0.00 4250.80 Yes 

Y4nt: Daily averaged wind generation (MWH) in the charge hours 

1 hour 1187.10 753.05 53.95 3187.20 Yes 

2 hours 1188.96 752.36 59.66 3166.90 Yes 

4 hours 1192.01 749.56 59.83 3192.90 Yes 

Y5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the charge hours 

1 hour 12.37 9.97 -5.05 70.58 Yes 

2 hours 12.41 9.87 -4.43 70.70 Yes 

4 hours 12.45 9.63 -3.05 69.96 Yes 

Y6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the charge hours 

1 hour 10.33 12.43 2.02 168.50 Yes 

2 hours 10.34 12.48 2.01 170.13 Yes 

4 hours 10.33 12.43 2.02 168.25 Yes 

  



115 
 

Panel B: Discharge – SP15 

Variable Duration Mean  Standard deviation Minimum Maximum Stationary? 

Z1nt: Daily averaged system load of PG&E (MWH) in the discharge hours 

1 hour 13911.43 1798.74 10661.00 23092.60 Yes 

2 hours 13837.49 1801.50 10575.19 22772.65 Yes 

4 hours 13666.28 1826.11 10411.51 22584.55 Yes 

Z2nt: Daily averaged system load of SCE (MWH) in the discharge hours 

1 hour 14059.28 2371.78 10534.88 23972.00 Yes 

2 hours 13975.27 2384.92 10606.02 23903.18 Yes 

4 hours 13788.13 2401.22 10454.90 23619.68 Yes 

Z3nt: Daily averaged solar generation (MWH) in the discharge hours 

1 hour 320.95 606.82 0.00 2762.50 Yes 

2 hours 333.88 566.86 0.00 2889.90 Yes 

4 hours 374.71 509.49 0.00 2486.70 Yes 

Z4nt: Daily averaged wind generation (MWH) in the discharge hours 

1 hour 1207.75 801.98 41.07 3393.70 Yes 

2 hours 1191.39 785.69 42.68 3366.75 Yes 

4 hours 1174.52 769.60 42.37 3367.88 Yes 

Z5nt: Daily averaged discharge of Sacramento River (000 ft
3
/second) in the discharge hours 

1 hour 12.64 9.84 -3.64 68.93 Yes 

2 hours 12.63 9.78 -3.49 69.31 Yes 

4 hours 12.75 9.54 -2.03 70.02 Yes 

Z6nt: Daily averaged discharge of Klamath River (000 ft
3
/second) in the discharge hours 

1 hour 10.26 12.14 2.02 170.00 Yes 

2 hours 10.29 12.14 2.02 171.00 Yes 

4 hours 10.31 12.21 2.02 169.81 Yes 
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CHAPTER 5   CONCLUSION AND POLICY IMPLICATION 

       This thesis explores the incentives for generation investment issue in two 

typical competitive and deregulated power markets: the ERCOT and California. 

By focusing on renewable generations we document significantly adverse impacts 

on natural-gas-fired generation and bulk energy storage device such as pumped 

hydro storage. Essay One detects significant “missing money” problem in Texas, 

notwithstanding that loss of nuclear generation and/or an increase in the 

natural-gas price will improve the investment incentives for natural-gas-fired 

generation in Texas. In particular, the state’s known wind development tends to 

significantly negate the incentives for investment. Thus, insufficient investment 

incentives for natural-gas-fired generation units may impede renewable 

integration and system reliability. Therefore, a capacity market for ERCOT can 

aid to resolve its inadequate reserve margin and stalled investments in 

natural-gas-fired generation units (ERCOT, 2014). 

       Essay Two documents a “natural hedge” mechanism for a compressed air 

energy storage (CAES) device which uses electricity as input and output. It 

concludes that raising wind generation has statistically insignificant impact on the 

investment incentives of a CAES system in Texas, chiefly because increasing 

wind generation tends to reduce a CAES system’s revenue and cost at the same time. 

This finding contrasts the “missing money” problem for the natural-gas-fired 

generation units of combustion turbine (CT) and combined cycle gas turbine 

(CCGT) (see for example, Woo et al., 2012, 2016). Corroborating the case for 

Germany (Walawalkar et al., 2007), this paper detects that the “missing money” 

problem triggered by wind generation development is not universally true for all 
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types of investment incentives in a deregulated electricity market. The exception 

of CAES makes it alluring for integrating a greater share of wind penetration to 

the electric grid in Texas.  

       Essay Three concludes that the pumped hydro storage (PHS) device in 

California is unlikely to suffer the “missing money” problem caused by renewable 

generation development. However, given high annual fixed costs, this essay paints 

a pessimistic picture for California to maintain its grid reliability and to integrate a 

rising share of renewable energy in the state’s resource portfolio by flexible 

generation technology such as PHS.  

       The three essays together provide some sobering cold-water reality to the 

policy makers of a deregulated electricity market: investment incentives of 

natural-gas-fired generation are “gone with the wind”, constructing a CAES may 

be restricted by location, and developing a PHS may be costly. As long as current 

generating capacity continues retiring, the policy objective of developing 

renewable generation tends to work against the grid reliability. Under ceteris 

paribus conditions of fuel price, regional load, and nuclear generation, the 

aforementioned facts together highlight the needs for a capacity market (in Texas) 

and resource-adequacy requirements (in California). For instance, a local 

distribution company (LDC) in California may issue a request for proposals (RFP) 

to procure generation resources.
52

 Under the RFP an LDC and a potential 

generation plant developer will sign a long-term contract, which contains 

sufficient revenues to cover the annualized total costs and thereby enabling the 

construction (Woo et al., 2016). 

                                                      
52

 See: http://www.cpuc.ca.gov/WorkArea/DownloadAsset.aspx?id=6442450957.  

http://www.cpuc.ca.gov/WorkArea/DownloadAsset.aspx?id=6442450957
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       We would be remiss had we failed to acknowledge a potential pitfall in this 

thesis. Due to the inevitable use of historical data, our regression-based results may 

be inappropriate to make long-term inferences. Because the data sample for both 

Texas and California have not experienced dramatic changes (e.g., mass retirement 

of conventional generation units and sharp increase in wind penetration), which 

may render the market price dynamics in the future substantially diverge from the 

data used in this thesis. Nonetheless, we can easily re-estimate the coefficients after 

updating the data sample in the next few years. 
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