Flexible Wind Dispatch, System Reliability and EPA’s Clean Power Plan

Abstract
Forty percent of CO2 emissions from fossil fuel, in
the United States, are generated by the electric power
sector. In June 2014, the US Environmental Protection
Agency issued the Clean Power Plan under the Clean
Air Act Section 111(d), intended to reduce CO2
emissions caused by electricity generation. Reducing
CO2 emissions is one of the main motivations for
increasing wind power and other renewable energy
use, and this option is included in EPA’s Clean Power
Plan. This paper applies a Monte Carlo framework
with a two-stage OPF analysis to simulate the
implementation of EPA’s proposal. Potential CO2
emission reduction along with possible cost and
reliability concerns from increased use of wind power
and energy efficiency measures are quantified. The
results show that EPA's proposal does achieve
significant emission reduction, but also potentially
increases the cost of electricity and could force load
curtailment if significant wind is installed. Allowing for
recourse to flexible dispatch of wind power and to
real-time demand response along with EPA's Clean
Power Plan eliminates these concerns.

1. Introduction
Climate change events and increasing greenhouse
gas emissions have led to growing awareness of the
need to decrease pollutant emissions from the electric
power sector. In June 2014 the US Environmental
Protection Agency, EPA, released a proposed rulemaking for regulating carbon emissions from existing
power generators, under §111(d) of the federal Clean
Air Act. This paper analyzes the role of wind power,
energy efficiency and a carbon price in reducing power
system carbon emissions consistent with the EPA
proposal, in conjunction with additional strategies to
mitigate cost and reliability impacts.
Section 111 of the Clear Air Act defines distinct
methods of CO2 regulation for new versus existing
generating units, recognizing that limiting emissions
from existing units is more difficult than doing so from
new generating units. The proposed Clean Power Plan,
CPP, [1] therefore does not prescribe specific emission
limits for each existing generation unit. Instead EPA
recognized that existing plants may not be able to meet
technology specific emissions standards at reasonable
cost, and so proposed flexibility in meeting CO2

emissions reductions. To achieve the target reductions
and allow flexibility in meeting the targets, the Clean
Power Plan defines a “Best System of Emission
Reduction,” (BSER) composed of four building blocks.
Since the release of EPA’s Clean Power Plan a
variety of groups and individuals have responded to the
the proposal. Some discussion has revolved around the
statutory authority of the EPA in applying CAA
§111(d) to carbon emissions, and in allowing for the
flexibility contained within the BSER [2], [3]. Various
power industry groups [4], [5], as well as the North
American Electric Reliability Corporation [6] have
discussed the question of system reliability and cost
impacts of implementing the BSER.
This paper builds on previous analyses in [1], [2],
which introduce the concept of a flexible dispatch
margin, and conduct simulation analyses of the EPA’s
CPP, respectively. The results presented here combine
analysis of [2], with the flexible dispatch margin for
reliability enhancement, in answer to the concerns
raised by [4]-[6]. The findings consider the potential
for system-wide CO2 emission reductions, consistent
with the EPA proposed Clean Power Plan rulemaking,
focusing on the role of wind power, energy efficiency
and a carbon price. Reliability and cost impacts are
analyzed along with the fundamental interest in CO2
emission reduction.
The paper is organized as follows. Section 2
introduces the Clean Power Plan and the four building
blocks in the BSER. Section 3 describes how the
BSER building blocks are modeled for the analysis in
this paper and explores a carbon price as a means to
induce system-wide redispatch. Section 4 introduces
the two-stage optimization framework developed for
analyzing system CO2 emissions, using the IEEE 39bus test power system and defines the modeling
scenarios. Section 5 presents the results from
simulating the test system with wind power, energy
efficiency, demand response, a carbon price and a
flexible dispatch margin, with concluding remarks in
Section 6.

2. CO2 Emission Reductions From Existing
Sources
The Clean Power Plan [1] sets a nationwide target
of reducing CO2 emissions from the power sector to
30% below the 2005 level, by 2030. The plan focuses
on CO2 emission reduction, intending that other GHGs

will be reduced as well. The proposed BSER, consists
of the following four building blocks:
1) Decrease fossil fuel-fired generating unit carbon
intensity by improving heat rate,
2) Reduce system-wide emissions through system
re-dispatch to lower carbon intensive units (e.g.,
replace coal with natural gas combined cycle
plants),
3) Reduce system-wide emissions through redispatch to zero-carbon emitting plants (e.g.,
renewable energy or nuclear sources),
4) Reduce system-wide emissions through expanded
use of demand-side energy efficiency programs.
In additional to the range of options provided by the
BSER, EPA developed a range of expected statespecific reduction targets [1], [7]-[9]. And while
nominally focused at the state level, the requirements
of the Clean Power Plan can be met through multi-state
programs, and can accommodate electric utilities that
span state boundaries. The case-study used in this
paper nominally represents the New England region, so
these states are referenced in the discussion below.
Figure 1: Clean Power Plan 2030 Targets
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3. Modeling the BSER Building Blocks
For existing power plants, use of advanced
generating and emission control technologies are
unlikely to be cost effective. Possible improvements to
generating efficiency, in terms of improved heat rate,
are discussed in the Clean Power Plan and included as
building block 1 in the BSER. To allow for flexibility
in meeting emissions targets though, EPA defined
three additional strategies for reducing emissions in the
BSER building blocks 2, 3, and 4. The generating units
in the test system (Figure 2) are modeled as aggregated
units of each generating type. Since these generating
units are not individually modeled in the analysis,
building block 1 for improved heat rates at individual
units, is not modeled here. Instead, the analysis focuses
on the remaining elements of EPA's BSER, such that
the building blocks that focus on regional, or systemwide strategies, building blocks 2, 3 and 4, are
explored.
Table 1: Generator Technology Mix for 39 Bus
Test System, (MW)
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discussion of targets is provided. The use of demandside energy efficiency is shown in the final (yellow)
bars of Figure 1, ([1] table 7, [11] table 5-4). This
figure shows relatively consistent expectations by EPA
across the states for cumulative savings from demandside energy efficiency. Details of the EPA state goal
calculations are in [7]-[9].
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Figure 1 shows the 2030 final goals for reductions
in CO2 for the New England states and the states with
the minimum and maximum goals, North Dakota and
Washington state [7]. No goals are included for
Vermont, as this state lacks generating units affected
by the EPA plan. In addition to CO2 reduction targets,
Figure 1 includes targets for the expected use of the
BSER building blocks by the different states, including
generation from renewable energy and energy
efficiency programs. The variability among state
targets illustrates the regional flexibility envisioned for
achieving the nationwide reduction of 30% in CO2
emissions. For more detail, the reader is referred to [1],
or [10] where a more detailed breakdown and

Building block 2 of EPA’s Clean Power Plan
focuses on reducing emissions through the use of less
carbon intensive technologies or fuels. The goal of this
option is to modify the system dispatch so that lower
carbon-intensive units are used preferentially. This
goal is pursued in this analysis by employing a carbon
price [14]. The application of a carbon price changes
the merit order of the fossil fuel-fired generating units,
and so represents a proxy for system costs that would
be incurred through dispatching the system to use less
coal-fired generation as intended by EPA's building
block 2.
The amount of carbon released through electricity
generation depends upon the available technology mix.
Using data for the historical technology mix in the

New England region [12], Table 1 shows the each
technology modeled in the test system, with ‘North'
including Maine, New Hampshire and Vermont, ‘Mass'
showing the capacity in Massachusetts, and ‘South'
including Connecticut and Rhode Island. The total
generating capacity in the test system is scaled to
approximately 14% of the capacity in the New England
region.
The carbon content in the fuel is shown in Table 2,
along with generation costs [13] and variable costs
adjusted for a forecasted potential carbon price of
$52/ton (levelized across the study period of [14])
Calculation of the CO2 emissions from the
generating units follows the method and data from [15]
as shown below.

2.15GW and 4GW of installed wind capacity,
respectively.
Table 2: Generator Costs, Carbon Content and
Applied Carbon Price
$/MWH
Fixed Cost
Variable Cost
Var + Carbon Price
C Content (kg/MWh)

COAL
69.2
24.3
81.8
1004

OIL
24.6
115
162.2
824

NGCC
19.4
45.6
76.4
538

CT
49.5
71.5
123.2
902

3.3. Building Block 4: Demand-Side Energy
Efficiency

with ECO2 as kg of CO2 emissions, FC is the fuel
combusted, CC is the carbon content coefficient of the
fuel, FO is the fraction of carbon oxidized and 𝛽 is the
ratio of the molecular weight of carbon dioxide to
carbon [15] The value of parameters used are taken
from data in [15], and explained in detail in [2]. The
product of the average regional heat rate, the carbon
content coefficient and the molecular conversion to
CO2 is shown in the bottom row of Table 2.

The final element in EPA's BSER focuses on reducing
pollutant emissions through increased used of demand
side energy efficiency ([7] p34). For this building
block, our modeling framework includes energy
efficiency measures through reducing system load
proportionally across the network. The amount of
efficiency introduced varies across scenarios, assuming
there would be a greater motivation to promote such
measures as system variability increases. For the
analysis presented here, the amount of energy
efficiency utilized across the system ranges from 3.1%
to 11.5%, consistent with EPA’s targets, as shown in
Figure 1.

Figure 2: IEEE 39-bus Test System

3.4. Facilitating BSER: Real-Time DR
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3.2. Building Block 3: Wind Power
The third building block in EPA’s BSER focuses on
reducing emissions by using low- or zero-carbon
emitting generation. This option is modeled by adding
wind power as shown in Figure 2. For this project, four
wind farms are modeled, three on-shore and one offshore using data from [17]. Both 10% and 20% wind
penetration are modeled, representing a total of

The inclusion of high penetration of wind power
along with system redispatch of higher cost generators
is likely to increase the overall system costs and the
electricity market price. Additionally, the electricity
price may become more variable as wind power
fluctuations lead to increased net load variability. In
some situations, the system may be unable maintain
the energy balance without resorting to load
curtailment. In this situation, the use of interruptible
load by the OPF simulation is interpreted as a decrease
in system reliability. One method found to be effective
in ensuring system reliability is the use of real-time
demand response in place of forced load curtailment.
For the analysis presented here, interruptible load is
modeled as available for curtailment at a price of
$10,000/MWh. If demand response is available, that
may be used for a price of $100/MWh, up to a
combined total of 15% of demand. These prices allow
the system to curtail load as needed, with a clear
indicator that reliability was threatened in any scenario
with a price spike to $10,000. The price of $100/MWh
for demand response is consistent with historical
values for the New England region, and within the

range of generation costs, making demand response an
attractive yet not low cost option.

3.5. Facilitating BSER: FDM
A flexible dispatch margin, FDM, for wind
promotes the flexibility for wind generators to underschedule in the hour ahead energy market in order to
hold some of their expected, forecasted, output in
reserve. This is not firm, operational reserves from an
operator's perspective, as are spinning and nonspinning reserves. Instead a schedule is submitted at
the hour-ahead stage for less than the forecasted wind
generation, providing expected reserves for mitigating
system variability and uncertainty at the real-time
market stage.
The use of this dispatch margin is shown in Figure
3 in which the left-most box defines the flexible
dispatch margin, FDM, as a portion of the hour-ahead
forecast, so that the hour-ahead schedule is less than
the hour-ahead forecasted amount. After the hourahead schedule is set, a forecast error is realized closer
to the 10-minute market time frame. At this stage, the
central three boxes in Figure 3, the expected wind
power generation, Pw, can be (i) equal to the hourahead forecast, (ii) greater than the HA forecast, or (iii)
less than the hour-ahead forecast. If the forecast error
is 0MW, then the reserved flexible dispatch margin is
fully available to the system for balancing other
variability at the 10-minute market stage. If the 10minute Pw is greater than the HA forecast, then the
FDM plus the excess power is available for system
needs.
For the situation with Pw below the HA forecast,
there are two possibilities, as shown in the two rightmost boxes in Figure 3. If Pw remains above the HA
schedule, then no extra ancillary services are required
to balance the wind forecast error, and some portion of
the FDM is still available to the system. Only if the 10minute Pw is less than the schedule submitted HA will
the wind farm impose additional ancillary service
requirements on the system.
This concept is explored fully in [18], and is shown
to be effective in mitigating the impacts of wind
uncertainty.

4. Two-Stage Model Formulation
In order to simulate pseudo-realistic operational
decisions, the decision framework for this analysis uses
a two-stage sequence for optimal power flow and
economic dispatch. Specifically, the hour-ahead
decisions are determined based on forecasted load and
wind generation levels, determining initial operating

points for all generators in the system. Decision
flexibility is decreasing as the model system moves
into the intra-hour or “real-time” operations. In realtime, forecast errors are revealed, and constrained
recourse is available through generator reserve levels,
flexible dispatch margin for wind, and in some cases
responsive demand. The interested reader is directed
to [19] for a detailed description of the modeling
framework, summarized with limited detail below.
Figure 3: Flexible Dispatch Margin: HourAhead Forecast to 10-Minute Market
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4.1. Hour-Ahead Dispatch
The hour-ahead dispatch is based on the traditional
optimal power flow formulation, shown in general
form in equation (2).
!!

𝐶 𝑃!! 𝑥, 𝜉

min
!

!!!

subject to:

+ 𝐶 𝑄!! 𝑥, 𝜉

(2a)

!"#

!"
𝑥 ∈ 𝒞!"#" ⋂𝒞!"#"

𝑓 𝑥, 𝜉 = 0

(2b)
(2c)

The key components of this formulation are the
cost-minimizing objective function in equation (2a),
the sum of cost functions for real and reactive power.
Parameters for voltage and power at each bus include
the variables 𝑉! , 𝛩! , 𝑃!   and Q ! , represented by the
vector x while the vector 𝜉 represents the exogenously
forecasted wind output. Hour-ahead decision making
includes strictly static constraints on transmission and
!"#
!"
generation, represented by 𝒞!"#" and 𝒞!"#"
, equation
(2b), and 𝑓 𝑥, 𝜉 represents the standard power balance
constraint in equation (2c).

4.2 Representing Uncertainty

4.3 Modeling Framework Scenarios

The focus of this work is to determine the
combined impact of system operating decisions with
emerging environmental policy, under various sources
of uncertainty. The critical sources of uncertainty
modeling here include uncertainty in wind and load
forecasting, as well that introduced through forced
outages of traditional generators. Uncertainties are
incorporated through a Monte Carlo framework, which
allows sampling of random variables with each
iteration (k) of the simulation. The distributions are as
denoted in equations 3 through 5.

The analysis considers the impact of each of the
BSER strategies across a number of system scenarios
using the 39-bus system, illustrated in Figure 2. The
scenarios include the base case system with no wind
generation, followed by increases to 10% and 20%
wind penetration. Other parameters include wind and
load forecast levels, and the existence of transmission
constraints in the network, as well as the available
recourse variables, e.g., flexible dispatch margin and/or
demand response. The detailed combination of these
scenarios is outlined in Table 3.
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The uncertainty in wind generation is captured
through the updating of the forecast vector ξ, with
forecast errors sampled from an empirical distribution
based on wind data from [17] and an autoregressive
forecast model. Development of this forecast model is
discussed in detail in [20]. Load forecast errors are
obtained through the implementation of the neural
network load forecast model, described in [21].

4.3 Intra-hour Re-dispatch
In real-time, adjustments are made to the hourahead dispatch plan to account for updated system
information. This comprises the second stage of the
optimization, wherein system conditions are updated
with forced outages, as well as improved load and
wind generation forecast. Given updated information,
the optimal power flow problem is re-solved to adjust
for current conditions. This problem is similar to that
described in equation 2, with the addition of dynamic
generator constraints that specifically impose ramp
limits on the controllable generators within
technology-appropriate bounds of the previously
determined operating point. This is achieved via the
second stage optimization in equation (6).
min!

!!
!!! 𝐶
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(6)

𝑓 𝑥, 𝜔 = 0
Note that the parameter ξ from equations (2) is
replaced with ω  based on equation (7)
𝜔 !    = ξ!    +    𝑷!!"#$

(7)

Table 3: Modeling Scenarios
OPTIONS

Load Level
DSM

None
High
(>85%)
High
Nothing

10%
Medium
Medium
Efficiency

Wind FDM

Yes

No

20%
Low
(<11%)
Low
DR +
Efficiency
-

5. Simulation and Analysis Results
Simulation results include system performance in
terms of anticipated CO2 emission reductions as well
as potential increases in production cost and electricity
price, and decreased reliability. The beneficial roles of
real-time demand response and the wind flexible
dispatch margin are also analyzed.

5.1. Emission Reduction through Wind Power
The increasing popularity of wind power arises
significantly from its role in decreasing power system
emissions. Figures 4 and 5 show the test system CO2
emissions for no wind, 10% wind and 20% wind
penetration, for high load and low load respectively.
The left-most bar in each figure represents the carbon
emissions at the given load level. All scenarios include
load forecast errors and generator outages along with
wind uncertainty, which account for the small error bar
in emission levels with no wind installed.
The remaining bars in Figures 4 and 5 show the
carbon emissions for: 10% and 20% wind, wind + the
use of CO2 price, wind + energy efficiency measures,
and wind + CO2 price + energy efficiency. These
figures show that large reductions in emissions come
from the inclusion of wind power, with moderate
additional decreases from the additional BSER
building blocks.

Table 4 summarizes the CO2 reduction results. The
average across all load levels for 10% wind is a 20%
reduction in emissions, and for 20% wind is a 33%
reduction.
Figure 4: CO2 Emissions with BSER Building
Blocks 2, 3, 4: High Load Level

CO2$Emissions$(tons)$$

5000"
4000"
3000"
2000"
1000"
0"
No"Wind"

With"Wind"

"+"CO2"Cost"

10%"Wind"

"+"EnEﬀ"

"+"Both"

20%"Wind"

Figure 5: CO2 Emissions with BSER Building
Blocks 2, 3, 4: Low Load Level
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to the regional fuel prices, in order to ensure the carbon
price is high enough to induce a change in the merit
order between coal- and natural gas-fired units.
Table 2 shows the variable costs [13] for units in
this analysis, with and without carbon price. The third
row of Table 2 shows that with the carbon price
included, the merit order of the coal and NGCC is
switched. This switch in merit order will only be
effective to the extent that the system has sufficient
capacity to let some units remain idle while others
serve load.
For this analysis, the installed capacity relative to
the regional load is such that all units are needed to
serve the high load level (with no wind installed).
Comparing the 2nd and 3rd (pairs of) bars in Figures 4
and 5 shows that the use of the carbon price has some
impact on switching the merit order and so reducing
carbon emissions, at low load. For high load the
system does not have enough excess generating
capacity to see an impact from the use of the carbon
price. This is seen in figure 4 as almost no change in
CO2 emission level in the ‘with wind’ bars and the ‘+
CO2 cost’ bars, for both 10% and 20% wind.
The results in Figures 4, 5 and Table 4 show that
with sufficient generating capacity (i.e., at low load
levels) the system does substitute NGCC units for coalfired units in the dispatch order and so reduces systemwide CO2 emissions. The other BSER elements
contributed additional CO2 reductions.
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5.3. Energy Efficiency and Demand Response
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Table 4: CO2 Reductions with Wind (lbs)
NO WIND
10% WIND
% REDUCTION
20% WIND
% REDUCTION

LOW LOAD
3650
2815
-23%
2345
-36%

MED LOAD
5005
3825
-24%
3240
-35%

HIGH LOAD
5020
4260
-15%
3610
-28%

5.2. Emission Reduction with a Carbon Price
The EPA's proposed BSER addresses methods to
replace high CO2 emitting units with lower CO2
emitters. In this analysis a carbon price has been used
to induce the substitution of natural gas-fired plants for
coal-fired plants. The numerical value of the carbon
price is based on the analysis in [14]. The analysis
presented here examines the general use of a carbon
price along with the value of the carbon price relative

In order to analyze the EPA proposal to use
demand-side resources to reduce fossil fuel based
generation, this section examines the use of energy
efficiency measures along with real-time demand
response. The distinction between these resources
being a permanent reduction in demand with energy
efficiency programs, while demand response may only
shift of some part of the demand to a lower demand
period. Since the analysis presented here does not
specifically model the inter-hour interactions, load
shifting from demand response programs is not
represented. Nonetheless, the results demonstrate the
efficacy of the parallel implementation of EPA’s
building blocks 2 through 4 in conjunction with realtime demand response to provide greater emission
reduction.
Figures 6 and 7 show the CO2 emission reduction
results from implementing the proposed BSER
building blocks 2, 3 and 4, at 10% and 20% wind
penetration. These figures show that the use of a
financial penalty on carbon is effective in emission
reduction; though at medium and higher load scenarios
a carbon price alone is not sufficient to cause emission

Fig. 6: Impact of BSER on CO2 emissions at
10% wind penetration
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Fig. 7: Impact of BSER on CO2 emissions at
20% wind penetration
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Fig. 8: Use of DR without (top) and with
(bottom) Carbon Price
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therefore these units are dispatched preferentially over
demand-side resources. The difference is highlighted in
comparing the top and bottom panes of Figure 8, which
show that the implementation of a carbon price leads to
better use of demand side resources. As the energy
efficiency and demand response utilization increases,
CO2 emissions decrease.
Emission reductions from employing the carbon
price, energy efficiency and demand response together
achieve greater reductions than the sum of
implementing these measures individually. For
example, with 20% wind power and no carbon price,
the system does not utilize available real-time demand
response, with the result that DR alone leads to 0%
emission reductions (with the scenarios modeled in this
analysis). With the carbon price employed alone, an
average of 3% reduction in emissions is achieved.
Used together, the carbon price and demand response
achieve an average of 5% reduction in emissions,
which is clearly greater than 0% + 3%. Similar patterns
hold for 10% wind penetration.

Frequency (percent)

reduction at 10% wind penetration. The lack of
efficacy of carbon price alone for this representative
test system is due to the inability of the system to meet
higher demand without fossil-based generation, at
lower wind penetration.
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5.4. Recourse Variables to Mitigate Impacts
DR & En Eff on
25
15% DR
Reliability and Cost
No DR
Frequency

An interesting result of this analysis is that the
effectiveness of BSER measures may be improved
through the use of responsive demand. Figure 8 shows
the system utilization pattern for demand response, for
20% wind penetration and high load, with and without
the use of the carbon price. Without the carbon price
(top panel), demand response resources are under-used
even when they are available, because the presence of
a carbon price is required to make the cost of demand
response viable. The marginal cost of coal-fired
generation for existing units is below the demand
response price used in this analysis ($100/MWh), and

00
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15
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10
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units will lead to an increase in production
5
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intermittent
generating sources such as solar and wind
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TABLE 5: Frequency of Load Curtailment
Wind Level
10% Wind
20% Wind

Base
Case
0.2%
4%

CO2
Price
0.2%
4%

& with DR
Eliminated
Eliminated

As introduced in Section 3.5, a second option for
mitigating the need for load curtailment is use of a
wind flexible dispatch margin, FDM, analyzed in [18].
Employed here, along with wind power, a carbon price
and demand response, the analysis shows that recourse
to the flexible dispatch margin eliminates the need for
load curtailment as does demand response. To analyze
the impact of load curtailment, a mixture of normals is
used to represent bimodal characteristics of the data.
To illustrate, Figure 9 shows a bar chart of bimodal
data that can be characterized as a mixture of normals
(shown as the blue curve) [22].

Fig. 9: Mixture of Normals Example

Frequency)/)Probability)

electricity price as well as increased reliability
concerns [18].
As described in Section 4, the modeling framework
employs Monte Carlo Simulation to resolve the
uncertainty introduced into the system by the forecast
errors and generator outages. In re-balancing supply
and demand after these uncertainties have been
realized, the OPF simulation turns to load curtailment.
Thus for the analysis presented here, a threat to system
reliability, which occurs when the system cannot
maintain the supply-demand energy balance, is
represented via forced load curtailment at an electricity
price of $10,000/MWh. With the carbon price
employed, the frequency of load curtailment increases
(reliability decreases) marginally, as shown in Table 5.
However, with either or both of real-time demand
response and the wind flexible dispatch margin (see
also Tables 6 and 7), the need to resort to load
curtailment is eliminated – reliability is restored.
Specifically, Table 5 shows the effect on system
reliability of employing a carbon price and demand
response in the system with 10% and 20% wind
penetration. A potential degradation of system
reliability is represented in terms of the frequency of
price spikes to the $10,000/MWh required to call upon
load curtailment. Table 5 shows that the 0.2%
probability of load curtailment with 10% wind, and the
4% probability with 20% wind are eliminated when
demand response is made available.

Bimodal)System)Variable)(e.g.,)Price)in)$/MWh))

For the data in this analysis, the right-hand
distribution in Figure 9 would indicate a price spike to
$10,000MWh, while the dominant left-hand
distribution would be consistent with the lower range
of electricity prices. In the right-hand distribution, a
decrease in the mean of that distribution to well below
$10,000/MWh would indicate the elimination of load
curtailment and so an elimination of the threat to
reliability. Turning to the actual data from the
simulation results, Table 6 shows the mean of this
right-hand (RH) distribution for the system lambda
(electricity price) for scenarios with 10% wind
penetration with and without the use of a carbon price.
The table compares the mitigating effect of the FDM
and demand response on reliability concerns (i.e., the
occurrence of price spikes that result from calling on
interruptible load).
The top sub-table in Table 6 shows the results for
low system load while the bottom sub-table shows the
results for high load. For low load and this relatively
low wind penetration of 10%, no reliability concerns
arise (no need for load curtailment). However, the
bottom sub-table shows that at high load levels, with
no recourse to demand response or flexible wind, there
are price spikes (threats to reliability). This table
further demonstrates that with recourse to DR, FDM or
both, these reliability concerns are eliminated.
Table 7 shows similar scenario results for the 20%
wind penetration scenarios. With the higher wind
penetration there are threats to reliability at both low
and high load levels. As with Table 6, for 10% wind,
the results in Table 7 for 20% wind show that demand
response and the flexible dispatch margin are both
shown to be effective in eliminating the reliability
concerns.

TABLE 6: Mean System λ for RH Distribution:
Role of Flexible Dispatch Margin and Demand
Response with 10% wind
LOW LOAD
NO RECOURSE
WITH FDM
WITH DR
WITH FDM & DR

HIGH LOAD
NO RECOURSE
WITH FDM
WITH DR
WITH FDM & DR

NO CO2 PRICE
$75
$75
$75
$75

CO2 PRICE
$125
$95
$125
$80

NO CO2 PRICE
$10,000
$145
$1,050
$40

CO2 PRICE
$10,000
$125
$715
$125

TABLE 7: Mean System λ for RH Distribution:
Role of Flexible Dispatch Margin and Demand
Response with 20% wind
20% WIND
NO RECOURSE
WITH FDM
WITH DR
WITH FDM & DR

NO CO2 PRICE
$10,000
$480
$60
$55

CO2 PRICE
$10,000
$290
$90
$90

In addition to a concern over reliability impacts, the
EPA's Clean Power Plan addresses the need to achieve
the target emission reduction at a reasonable cost. The
test system used here does not represent an actual
power system, and therefore actual production cost
values are not reported. However the relative increase
and decrease is meaningful. With the fuel and
technology costs used in this analysis [23], the $52/ton
carbon price, with no wind installed, imposes a cost
increase of approximately 25%. As shown in Table 8
these increases are mitigated by the availability of
demand response, which significantly increases the
flexibility of the system to respond to the increased
variability from wind power.
TABLE 8: Production Cost Impacts
Wind Level
10% Wind
20% Wind

Base
Case

CO2
Price

& with DR

−
−

é
é

ê 20% of increase
ê 11% of increase

6. Conclusions
These results have focused on determining the
combined impact of system operating decisions with
emerging environmental policy, under various sources
of uncertainty. The analysis examines the use of EPA's
proposed best system of emission reduction for

regulating greenhouse gas emissions from existing
power plants. The analysis in this paper focuses on
building blocks 2 to 4, via a carbon price, installing
wind power, and utilizing energy efficiency. As
proposed in EPA’s Clean Power Plan, there are
concerns that implementation of the BSER could
threaten system reliability and/or be achieved only with
harmful cost and price increases. To address these
concerns, our analysis includes recourse to two
additional options in the overall emission reduction
strategy: real-time demand response and a wind
flexible dispatch margin. The results demonstrate that
these additional options significantly mitigate the cost
and reliability concerns raised by implementation of
building blocks 2, 3 and 4.
The results show, as expected, that increasing
penetrations of wind power lead to increasing
reductions in CO2 emissions. BSER building blocks 2
and 4, substituting NGCC units for coal (via the use of
a carbon price), and increasing energy efficiency, lead
to additional emission reduction. To maximize the
benefits from a carbon price, it must be set high
enough both to induce a switch in merit order between
NGCC and coal-fired units, and to promote the use of
demand response. The results also show that all
options implemented together lead to net emission
reduction that is greater than summing the reductions
from the options implemented singly. This emphasizes
the fact that the system for emission reduction works
best when implemented as a system.
In summary, though effective in reducing
emissions, the BSER alone, particularly with building
block 3 implemented via significant wind power
penetration, could lead to reliability and cost concerns.
The results shown here demonstrate that these issues
are successfully mitigated with the addition of recourse
to real-time demand response and a wind flexible
dispatch margin. This expanded system for emission
reduction leads to even greater reductions in CO2
emissions, significantly decreases price volatility,
eliminates concerns for system reliability and also
decreases the increase in system production cost
brought about through internalizing the emissions
costs.
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