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a b s t r a c t

In the United States, New England faces difficulties from severe winter weather, during which its power
grid simultaneously experiences high natural gas prices and electricity demand, leading to spikes in
wholesale electricity prices. In recent years, a significant amount of offshore wind power capacity has
been planned for the region, and previous studies have suggested the presence of offshore wind could
lower emissions and market prices during cold snaps. However, there has been limited consideration of
potential wind power losses during extreme winter weather due to excessive wind speeds, which could
lead to sudden losses of wind power. This aim of this study is to quantify risks associated with sudden
wind power losses during extreme winter weather, especially the potential for these events to cause
spikes in the wholesale electricity price. Results suggest that these so-called wind turbine “cut-out”
events likely represent a minor risk compared to the loss of wind power due to low wind speeds and
sudden drops in wind speeds during summer, when demand for electricity is higher. Overall, the benefits
of having offshore wind power during extreme winter weather appear to outweigh the risks associated
with relatively rare cut-out events caused by excessive wind speeds.

© 2022 Elsevier Ltd. All rights reserved.
1. Introduction

In electric power systems, increased integration of variable
renewable energy sources such as wind power will be a crucial
factor in satisfying targets for climate change mitigation [1]. In the
United States (U.S.), electricity generation from wind farms grew
from 6 thousand megawatt-hours (MWh) to 300 thousand MWh
between 2000 and 2019, and wind power currently comprises 7.3%
of total utility-scale electricity production [2]. Historically, land-
based wind power has been the technology of choice due to
lower capital costs. However, planned offshore wind capacity is
growing, while offering a number of advantages including higher
and less variable wind speeds and proximity to demand centers.

Despite a wide range of improvements that have allowed op-
erators to dampen and absorb the inherent variability of land-based
and offshore wind power production, supply intermittency still
presents significant challenges. In some cases, these challenges are
growing in severity due to ever-increasing installed wind capacity
[3]. Wind speeds fluctuate over multiple time scales (interannual,
).
seasonal, daily, and sub-hourly), leading to variable wind power
production [4]. Downswings in wind power availability typically
have to be compensated by dispatchable power sources like natural
gas, coal, or oil-fired power plants that have significantly higher
marginal costs and emit more CO2 and other air pollutants [5]. In
addition, meteorologists (and system operators) have limited ca-
pabilities to forecast wind speeds [6], as the atmospheric system
exhibits chaotic behaviors and is nonlinear in nature [4].

In addition to periods of low wind speeds that reduce power
production, excessively high wind speeds can also pose a threat to
the operation of wind power plants, especially in the offshore
environment, which is more prone to extremeweather events such
as tropical and extra-tropical cyclones [7], including severe winter
storms. High wind speeds during these types of events can have
physically damaging effects on wind turbines themselves [8]. As a
protective mechanism, after wind speeds exceed a certain
threshold referred to as a “cut-out” speed (often around 25 m per
second (m/s)), wind turbines stop generating electricity by pre-
venting their rotor shafts frommoving [9]. When extreme weather
events trigger wind speeds above the cut-out speed for many tur-
bines at once, it may lead to large, sudden decreases in electricity
generation [10].
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In general, if sudden losses of wind occur simultaneously with a
spike in demand for energy (for example, during a winter storm),
negative impacts for the grid may be compounded. The combined
effects would cause a sudden need for generation from more
expensive, dispatchable power plants at a time when the regional
grid and fuel supply may already be stressed. In the U.S., one system
that is susceptible to winter weather storms that simultaneously
create wind speeds above the cut-out speed of wind turbines and
very low temperatures (spikes in regional energy demand) is the
Independent System Operator of New England (ISO-NE) system in
the Northeastern U.S., which oversees bulk power system opera-
tions in six states. Over the last two decades, the generation mix of
ISO-NE has been gradually decreasing its reliance on coal and oil
and increasing its dependence on natural gas (Fig. 1) [11]. Installed
renewable energy capacity is growing, driven by falling costs and
Fig. 1. (Top) Percentage of different resources in total electrical energy generation in New
dependence on oil and coal; (bottom) impact of 2017e2018 cold snap on the average fuel m
very high natural gas prices.
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policy mandates. This includes the nation's first major offshore
wind farm, a 30 MW (MW) facility off the coast of Rhode Island.
Another 1600 MW of offshore wind is expected to be installed in
New England by 2027. As of February 2021, about 14,900 MW of
future offshore wind power has been proposed in the New England
region [12].

As ISO-NE increases its reliance on offshore wind power, there is
some urgency to understand the system's vulnerability to periods
of simultaneous, very high wind speeds and low temperatures. For
example, between late December of 2017 and early January of 2018,
the ISO-NE system experienced a severe winter weather event, a
cold snap due to an extra-tropical, or “bomb” cyclone, that resulted
in temperatures plummeting 10 �F below normal, which greatly
increased demand for natural gas heating [13]. Due to increased
demand and limited supply (pipeline constraints), natural gas
England [12]. New England has become more reliant on natural gas while reducing
ix of New England [12]. Cold weather leads to oil and coal generators being used due to
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prices increased dramatically, making electricity from natural gas
power plants much more expensive and leading to greater reliance
on electricity supplied from oil power plants (Fig. 1). As a conse-
quence, both market prices and CO2 emissions increased substan-
tially [14]. Preliminary research has suggested that the capacity
factor of planned/hypothetical offshore wind configurations would
have been around 70% over the course of the cold snap. The same
study also estimated that the presence of a 400 MW offshore wind
plant would have reduced market prices in the ISO-NE day-ahead
market by 4e6 dollars per megawatt-hour ($/MWh) [15].

However, previous analyses of the benefits of wind power in the
ISO-NE system during severe winter weather limit their consider-
ation to a few historical events, and they do not consider the risks of
sudden shortfalls in wind power generation due to excessive wind
speeds. The use of limited historical hydrometeorological obser-
vations to evaluate critical infrastructure performance has a long
history of misrepresenting risks from extreme events [16]. This
practice can be particularly problematic when considering risks
associated with compound events involving simultaneous ex-
tremes in two ormore fields (in this case, highwind speeds and low
temperatures). The need to more deeply study the risks of
extremely high wind/cold snap events on the New England grid
also mirrors a general lack of consideration of the hazards posed by
extremely high wind speeds in the power systems analysis litera-
ture [17].

Operations of wind power plants during extreme weather,
including high wind cut-out events, and the corresponding impacts
to larger electricity grids, have become a critical issue [10], and
several previous studies have investigated the relationship be-
tween extreme weather and wind power. Zhang et al. [7] studied
the importance of taking extreme weather events into account
when determining the environmental and economic effects of
wind integration, whereas Wang et al. [18] focused on evaluating
operational risks to the electricity grid with heavy wind power
deployment under extreme weather and uncertainties in wind
power prediction. A curtailment strategy was proposed by Wang
et al. [19] for offshore wind power plants during extreme weather
events to increase system stability, while Cai et al. [20] developed a
risk limiting unit commitment model to help harness wind power
and decrease dispatch costs during storms. Lastly, a case study
based on a historical cold snap event in Ireland was performed by
Leahy et al. [21] to assess this singular event's impact on demand,
wind generation, and electricity prices. However, there is at present
a research gap in probabilistic assessment of offshore wind power
losses during extreme winter storms and the impacts of these
events on wholesale electricity market dynamics. This study helps
close this current gap in knowledge by analyzing operations of the
ISO-NE system market using a newly developed open-source,
multi-zone unit commitment/economic dispatch (UC/ED) model,
which is validated against historical observations during a 2018
New England cold snap. The model is then used to simulate grid
performance over an expand 69-year ensemble of historical
weather data. The joint probability of the system experiencing se-
vere winter weather events marked by excessive wind speeds and
extreme cold temperatures is analyzed. These events' influence on
market prices is investigated, with the larger aim of understanding
whether high wind speed cut-out events' represent an overlooked
vulnerability that could alter longer term system planning efforts.

Section 2 of this paper starts with the methods used in this
study including details of the UC/ED model used, time series inputs
to the model, simulation of offshore wind speeds and wind power
production, and the design of our computational experiment. Re-
sults are presented in Section 3, which first discusses model vali-
dation using the 2018 cold snap simulation and then results from
the 69-year probabilistic risk assessment. Conclusions are
3

established in Section 4. Lastly, open-source software and data, and
funding resources are shared in Section 5 and Section 6,
respectively.

2. Methods

Discussion of methods begins with a description of the UC/ED
model used to represent the ISO-NE system and its interactions
with neighboring power systems. Then the meteorological data
used and pre-processing steps required are presented, followed by
a description of the approach used to extend limited historical
meteorological data to create the 69-year ensemble of weather
years tested.

2.1. Multi-zone UC/ED

For this study, a new, open-source UC/ED model is developed
specifically to evaluate hydrometeorological risks in the ISO-NE
system. The model accurately reproduces historical price dy-
namics in the ISO-NE wholesale market, and offers unique capa-
bilities for exploring the role of hydrometeorological forcings on
electricity market outcomes. Validation of the UC/ED model sug-
gests it can capture 71% of the variability in daily wholesale elec-
tricity prices (for details of validation, see Appendix F).

The UC/ED model's geographical scope covers the U.S. states of
Connecticut, Massachusetts, Rhode Island, Vermont, New Hamp-
shire, andMaine. It is formulated as a mixed-integer linear program
using the Pyomo (Python) mathematical optimization package and
solved by the commercial solver Gurobi. The model's objective
function is to minimize the cost of meeting hourly demand for
electricity and operating reserves in the ISO-NE market, subject to
constraints on individual generators, the capacity of transmission
pathways linking zones, and energy balance. The model represents
the ISO-NE market as a network of eight interconnected load zones
(Fig. 2), which also exchange electricity with systems adjacent to
the ISO-NE market. Apart from experimenting with the level of
installed offshore wind power capacity, 2018 grid resources [22],
including thermal generators, hydroelectric dams, and high voltage
transmission pathways are assumed.

The model iteratively minimizes operational costs associated
with meeting electricity demand over a user-defined horizon of
48 h, while being bound by numerous generator-specific and
system-wide constraints. The primary decision variables are binary
(on/off) and continuous electricity production variables that con-
trol the operations at “dispatchable” generators (coal, natural gas,
oil, imports, and hydro). Nuclear, onshore wind, solar, and other
renewable energy resources are regarded as “must-run” resources
due to their low operational cost, but can also be curtailed if
necessary. Model outputs include the least cost generation
schedule, identified down to the individual generator level, hourly
zonal electricity prices, hourly interchange between zones, and
hourly electricity production cost. A more detailed description of
the model and all its sub-components can be found in Appendix E.

2.2. Time series inputs

The primary inputs to the UC/ED model are simulated daily
amounts of available hydropower production (Fig. 3a), daily elec-
tricity imports from adjacent systems (Fig. 3b), hourly offshore
wind power production (Fig. 3c), and hourly time series of elec-
tricity demand in each zone of ISO-NE (Fig. 3d). Average monthly
records of hydropower production reported by the U.S. EIA for each
zone are downscaled to constant daily values, which are dispatched
optimally by the UC/ED on an hourly basis.

Air temperatures and wind speeds are used to simulate daily



Fig. 2. (Left) System topology of ISO-NE UC/ED model; (right) capacity mix of eight load zones. Dashed lines represent potential exchanges of electricity with neighboring systems,
which generally flow into ISO-NE.
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peak electricity demand via multivariate regression (Fig. 4a and b),
with model residuals represented via stochastic vector autore-
gressive (VAR) models; hourly values are conditionally resampled
from the historical record. Interchange data are simulated in a
similar statistical manner using meteorological variables as pre-
dictors (Fig. 4c). In statistical demand and interchange models, air
temperatures and wind speeds at major airports from the National
Oceanic and Atmospheric Administration (NOAA) Local Climato-
logical Data [23] are used. These variables are acquired from seven
stations located throughout eight load zones of the ISO-NE market
for the period 1949 to 2018. For detailed descriptions of the sta-
tistical models used to simulate electricity demand and in-
terchanges, see Appendix C and Appendix D.
2.3. Simulating offshore wind power

Analysis of offshore wind power production is based around the
planned construction of a real 800 MW offshore wind project
(Vineyard Wind) off the southern coast of Rhode Island and Mas-
sachusetts. Observed 10-min wind speed data at the proposed
VineyardWind project site are available for a range of different hub
heights (ranging from 53 m to 200 m) over the period of December
2016 through December 2018. Since only two years of wind speed
data are available at the proposed project site, a representative
weather station with a much longer observed record (Nantucket
Memorial Airport, MA, U.S.) is used to create an extended wind
speed dataset at the Vineyard Wind site. Hourly wind speed data
from Nantucket Memorial Airport were gathered for the period
1949e2018 from NOAA Local Climatological Data [23]. A power law
[24] was used to transform wind speeds recorded at Nantucket
Memorial Airport (elevation ¼ 13.7 m) to wind speeds at each hub
height:

v2 ¼ v1

�
h2=h1

�a

(1)

where,
4

v1 ¼ Wind speed at elevation h1 ðm = sÞ

v2 ¼ Wind speed at elevation h2 ðm = sÞ

a¼ Wind shear exponent

Observed wind speed data at the project site contain data for
hub heights of 53, 60, 80, 90, 100, 110, 120, 140, 160, 180, and 200m.
Between 13.7 m and 53 m, wind shear (a) is calculated by the
formula below [25]:

a¼
�
z0=h1

�0:2

½1� 0:55 logðv1Þ� (2)

where,
z0 ¼ Roughness length (m)
Roughness length is assumed as 0.03 m, which is selected based

on the geographic characteristics of Nantucket Island using the
WMO Guide [26]. At hub heights above 53 m, wind shears were
calculated by comparing time-series data from the project site. In
this study, a wind turbine hub height was selected as 110 m to be as
close as possible to Vineyard Wind project's approximate hub
height of 105 m [27]. Thus, the formula below is used to initially
calculate wind shear for every hour [25]:

a¼
ln
�
v2=v1

�
ln
�
h2=h1

� (3)

Wind shear values at a hub height of 110 m for every hour be-
tween 2016 and 2018 are then converted to an average 8760-h
profile for the calendar year, which is then applied across the full
1949e2016 Nantucket dataset when transforming wind speeds
from a height of 13.7 m to 110 m.

To extend the Vineyard wind data, a linear regression model on
daily wind speeds at the two sites (Nantucket and Vineyard Wind)



Fig. 3. Seasonality and uncertainty in: (a) daily average dispatchable hydropower; (b) daily dispatchable electricity imports (10-day moving average); (c) daily average wind speeds
(10-day moving average); (d) daily electricity demand (10-day moving average); (e) daily natural gas prices; and (f) seasonality of daily oil prices.
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is trained for the period 2016e2018 (Fig. 4d). Residuals from the
fitted regression do not exhibit statistically significant levels of
autocorrelation. Synthetic residuals are generated by fitting the
residuals toWeibull and Burr distributions, and randomly sampling
values for the period 1949e2016. These synthetic residuals are then
added to regression predictions for the same period, providing an
extended record of daily wind speeds at the Vineyard Wind site for
the period 1949e2016; this is then added to observed values at the
Vineyard Wind site for 2016e2018. Downscaled hourly wind
speeds are created by selecting hourly wind speed profiles based on
the closest daily wind speed match with the original Vineyard
Wind site data (see Appendix B for more detailed description).

Hourly wind speeds are then translated into hourly values of
wind power production. The power curve of the specific turbine
proposed for the project (9.5 MW MHI Vestas Offshore - V164) is
broken into five piecewise linear segments. Cut-in and cut-out
speeds of this turbine are 3.5 and 25 m/s, respectively [28],
meaning wind power output drops to zero when wind speeds are
below 3.5 m/s or above 25 m/s. Taking cut-in and cut-out wind
speeds into consideration, wind power production is simulated
between 1949 and 2018 by utilizing the piecewise linear regression
5

approach. Although the effects of alternative hub heights are not
explored, a sensitivity analysis is performed to understand poten-
tial tradeoffs between average generation and cut-out frequency. As
expected, average electricity generation and the frequency of cut-
out events increase as hub height increases, since higher hub
heights experience higher speeds.

2.4. Experimental design

First, the model is used to reproduce outcomes in the ISO-NE
system during the cold snap that occurred between late
December 2017 and early January 2018 (Fig. 1). Throughout this
period, electricity demand and natural gas prices increased sub-
stantially as a result of extremely low temperatures. Consequently,
dependence on oil power plants increased, which in turn caused a
sudden increase inwholesale electricity prices as well as emissions.
Considerable attention has already been paid to how this particular
event impacted the ISO-NE system [15]. The ability of the UC/ED
model to capture market price dynamics and resource usage re-
ported by ISO-NE is validated. Moreover, estimates of the potential
impacts of hypothetical offshore wind power plants on production



Fig. 4. (a) Relationship between demand and temperature in New England. Both high and low temperatures lead to high electricity demand; (b) regression used to model daily peak
demand; (c) regression used to model daily interchange; (d) regression used to model daily wind speeds at the proposed wind farm site.
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costs, emissions, fossil fuel use, and locational marginal prices
(LMPs) during this winter weather event are provided, and a
comparison of this study's findings with results from a high-level
analysis performed by ISO-NE is made. The response of the ISO-
NE system during the 2017e2018 winter weather event is
explored under three different offshore wind power integration
scenarios: 0 MW (historical system operations), 800 MW, and
4000 MW. Under each scenario, historical natural gas and oil prices
are assumed.

In the second part of this analysis, the behavior of the ISO-NE
system is simulated over a much longer time period (1949e2018)
using the extended hydrometeorological dataset, in order to
quantify risks associated with winter weather cut-out events
probabilistically. System behavior is again explored under five
different offshore wind power integration scenarios: 0 MW,
800MW, and 4000MW; in addition, for the 800MWand 4000MW
wind power scenarios, two more scenarios are considered inwhich
wind speeds above 25 m/s do not trigger cut-out events. These “No
Cut-out” scenarios are used to control for the specific impacts of
excessive wind speeds on system outcomes. For the 69-year sim-
ulations, 365-day profiles of oil and natural gas prices were created
from observed data between 2015 and 2017 for natural gas and
2015e2018 for oil. Fuel price profiles are applied uniformly across
each simulation year (Fig. 3e and f). The overall modeling approach
and scenarios explored are summarized in Fig. 5.
6

3. Results and Discussion

Discussion of the results is divided into two main sections. First,
outcomes from the validation of the UC/ED model based on the
2017e2018 cold snap that impacted the ISO-NE system are
explored. Then probabilistic results from the 69-year simulation
under different wind power scenarios are discussed.

3.1. Simulation of the 2017e2018 cold snap

Simulation results confirm that the 2017e2018 cold snap
significantly disrupted the ISO-NE market (Fig. 6). Without any
wind power capacity present (0 MW wind case), hourly electricity
prices rise in late December to around $150/MWh (driven by
increased fuel prices in expectation of the storm) and then to over
$340/MWh during the height of the event. Fig. 6 shows that the
presence of hypothetical offshore wind generation in the system
lessens the severity of these price spikes, even though wind power
is temporarily lost due to a cut-out event on late January 4 (Fig. 6b
and c). Note that under a 4000 MW case, the sudden loss of wind
generation due to the cut-out event causes a price increase ofþ$20/
MWh from 1 h to the next. However, compared to the relative
reduction in market prices caused by the steady presence of
4000 MW of offshore wind energy, the price increase due to the
cut-out event on January 4 appears negligible.



Fig. 5. Flowchart with inputs and outputs of ISO-NE UC/ED model and three statistical models for demand, interchange, and wind power.
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During the cold snap, lowmarginal cost wind powerwould have
displaced electricity generation from oil and natural gas power
plants in the ISO-NE market. 800 MW of offshore wind power (the
approximate size of the planned Vineyard Wind project) would
have displaced 49.8 GWh and 151.1 GWh of oil and natural gas
generation, respectively.

Table 1 compares the estimated effects of 800 MW of offshore
wind power on market prices and resource usage during the
2017e2018 cold snap from this analysis alongside results of a
previous study conducted by ISO-NE [15]. The results from this
study are similar, with differences likely explained by different
approaches for wind modeling, use of publicly available fuel price
information (coarser in spatial and temporal resolution than what
ISO-NE would use), and estimates of some generator specific
operating parameters. ISO-NE estimates a relative decrease in
market prices of $6e8/MWh with 800 MW in place, while our UC/
ED model predicts a relative decrease of $4.45/MWh. With
4000 MW of offshore wind in place, the model suggests a signifi-
cantly larger relative price drop of $28.81/MWh averaged over the
roughly 2-week period from December 24, 2017 to January 9, 2018.
Note in Fig. 6 that during the height of the cold snap on January 5,
7

the presence of 4000MWwould have reduced prices by as much as
$150/MWh. Thus, for this historical event, there is evidence that the
price (and emissions) reduction benefits of greater offshore wind
power capacity outweigh the risks associated with sudden wind
turbine cut-out events from excessive wind speeds.
3.2. Longer simulation under multiple wind integration scenarios

In order to probabilistically evaluate the role of wind turbine
cut-out events on the ISO-NE market, system behavior is simulated
over the period 1949e2018 (1959 is omitted due to lack of data, for
a total of 69 years or 604,440 operational hours) under the offshore
wind integration scenarios shown in Fig. 5. The specific wind tur-
bine proposed for Vineyard Wind project has a cut-in speed of
3.5m/s and a cut-out speed of 25m/s (Fig. 7a). Going below the cut-
in speed and above the cut-out speed causes wind power produc-
tion to fall to zero. Over the 69-year simulation period, hourly wind
speeds at a hub height of 110 m mostly fluctuate between 7 and
14 m/s, with an average speed of 10.7 m/s; the full range of wind
speeds simulated ranges between 0.1 m/s and 85.6 m/s. Over the
same period, the probability of experiencing wind speeds below



Fig. 6. (a) Hourly electricity prices during the cold snap under different wind capacity scenarios. Higher wind power lowers the electricity prices more; (b) hourly wind speed
fluctuations throughout the cold snap; (c) possible generation from hypothetical 800 MWoffshore wind power plant during the cold snap. Despite to instances of wind power losses
due to excessive wind speeds, capacity factor is generally very high at the height of the cold snap (early January).

Table 1
Comparison of the results for the January 2018 cold snap from ISO-NE study and the UC/ED model.

Performance Parameter ISO-NE Study (800 MW) UC/ED Model (800 MW) UC/ED Model (4000 MW)

Offshore Wind Power Generation (MWh) 215,569 201,103 1,005,517
Average Capacity Factor Over Cold Snap (%) 70 65.63 65.63
Displaced Natural Gas Generation (MWh) 114,600 151,212 699,913
Displaced Oil Generation (MWh) 56,000 49,866 282,807
Average Day-Ahead Electricity Price Change ($/MWh) �8 to �6 �4.45 �28.81
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the cut-in threshold in a given hour is 3.14%, whereas the proba-
bility of experiencing a cut-out event is 0.21% (Fig. 7b).

When the seasonality of cut-out events from excessive wind
speeds is examined, it is seen that most occur during winter, early
spring, and late fall (Fig. 7c). This outcome is somewhat expected
given seasonal wind speed trends in the New England region (see
Fig. 3c). The seasonality of cut-out events amplifies the probability
of ISO-NE facing sudden wind turbine losses from excessive wind
8

speeds during severe winter weather (Fig. 3d and e). To assess this
risk visually, the joint distribution of wind speeds and electricity
demand for the ISO-NE system is inspected (Fig. 7d). Despite the
fact that most cases are centered around 10 m/s wind speed and
14,000 MWh electricity demand, there is a considerable chance of
ISO-NE experiencing cut-out events during high demand periods.
Note as well that the occurrence of rare but plausible events in
which electricity demand and wind speeds increase to extreme



Fig. 7. (a) Power curve approximation of MHI Vestas Offshore - V164; (b) distribution of simulated hourly wind speeds (distribution of the wind speed above the cut-out speed is
shown in crimson). Wind speeds higher than cut-out threshold are rare; (c) seasonality of cut-out events. Cut-out events are more frequent in winter and early spring; (d) joint
distribution of hourly demand and wind speeds. Although cut-out events during high demand periods are infrequent, those can have a significant impact on the grid.
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levels can be seen (dashed box in Fig. 7d). A key focus of the analysis
is whether these events pose risks to the ISO-NE system that
outweigh the operational advantages of added wind power
capacity.

Over the expanded 69-year simulation period, integrating
offshorewind power to the ISO-NE bulk electricity system leads to a
significant reduction in average wholesale electricity prices, and
the extent of the relative price drop is most pronounced in the
4000 MW case (see Table 2, and Fig. 8a and b). Average electricity
prices throughout the simulation period are $35.15/MWh in the
0 MWwind power case. Adding 800 MWand 4000 MWof offshore
wind power capacity leads to decreases in average electricity prices
of $0.20/MWh and $2.1/MWh, respectively. However, Table 2 also
provides evidence that adding more offshore wind power to the
ISO-NE bulk power grid could increase the maximum prices
experienced, either due to price shocks from cut-out events, from
periods of extremely low wind speeds, or both.

In order to help identify the cause of these high maximum
prices, two additional scenarios are explored inwhich 800MWand
4000 MW of offshore wind power are installed, but wind speeds
above 25 m/s are assumed to not result in losses of wind generation
Table 2
Electricity price statistics for the five different scenarios in all hours and during cut-out

Scenario Electricity Price for All Hours ($/MWh)

Minimum Average M

0 MW 14.02 35.15 21
800 MW 10.37 34.95 29
800 MW No Cut-out 10.37 34.95 28
4000 MW 10.37 33.05 21
4000 MW No Cut-out 10.37 33.05 21

9

(i.e. “no cut-out” scenarios in Table 2 and Fig. 8). In other words,
even after wind speeds go above the cut-out speed, wind power
output is not disrupted, and the offshore turbines continue to
operate at their maximum rated power.

Table 2 shows that, across all hours (left-most columns), the no
cut-out scenarios exhibit very similar prices to their counterparts.
The specific effects of cut-out events become more apparent if
those hours are separated-out and analyzed (right-most columns of
Table 2, Fig. 8c and d). During cut-out events, dispatchable gener-
ators such as thermal power plants must quickly compensate for a
sudden loss of wind power, either by starting plants that are offline,
ramping-up production at plants that are online, or both. Conse-
quently, wholesale electricity prices increase and frequently sur-
pass prices that would occur with no wind power installed (0 MW
case) (see Fig. 8c and d).

During cut-out hours, the average impact of a sudden loss of
800 MW of wind generation is a price increase of þ$0.08/MWh
relative to the 0 MW case whereas prices would be -$0.71/MWh
lower under the 800MWcase if no cut-out had occurred. Under the
4000 MW case, cut-out events cause an average price increase
ofþ$0.89/MWh relative to the 0MWcase, whereas prices would be
hours for the expanded 69-year simulation.

Electricity Price for Cut-out Hours ($/MWh)

aximum Minimum Average Maximum

8.21 22.59 38.54 114.45
6.58 22.76 38.62 115.99
6.48 21.18 37.83 114.41
9.62 10.37 39.43 176.56
9.62 10.37 33.95 107.45



Fig. 8. (a) Electricity price distribution of 0 MW and 800 MW cases for all hours; (b) electricity price distribution of 0 MW and 4000 MW cases for all hours. Overall, higher wind
power decrease electricity prices more; (c) electricity price distribution of 0 MW, 800 MW, and 800 MW No Cut-out cases during cut-out events; (d) electricity price distribution of
0 MW, 4000 MW, and 4000 MW No Cut-out cases during cut-out events. Higher wind power increases the severity of price spikes caused by cut-out events.
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-$4.59 lower if no cut-out had occurred. The maximum observed
effects from cut-out events are þ$1.54/MWhwith 800 MWof wind
installed, and þ$62.11 with 4000 MW installed. Yet, the maximum
electricity price during cut-out hours is $115.99 $/MWh under
800MWof installed wind power and $176.56/MWhwith 4000MW
installed. At both of these wind capacity levels, the maximum price
observed in all hours is well above these levels. This suggests that
wind cut-out events from excessive wind speeds are not respon-
sible for the highest prices observed over the 69-year simulation
period. Rather, those prices are likely to be driven by a different
vulnerability associated with large scale wind integration, e.g. pe-
riods of very low wind speeds and/or high variability.

In order to disentangle the separate effects of multiple, wind
speed-related phenomena on the operations of the ISO-NE market,
the share of electricity price spikes due to cut-out events vs. those
due to other reasons (low wind speeds) is quantified. Here, a price
spike is defined as any hourly difference of more than $10/MWh
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observed between the 0 MW scenario and the wind power sce-
narios. Simulation results indicate that cut-out events are respon-
sible for 1.38% of the price spike events in 4000 MW case (Fig. 9a),
and that most price spikes caused by wind integration are caused
by other reasons in late summer.

Fig. 9b shows every wind-caused price spike observed over the
69-year simulation period under the 4000 MW installed wind
scenario, identified by its timing and magnitude. Each spike is also
colored according to whether it is associated with a high wind
speed cut-out event (red) or other reasons (e.g. low wind speeds,
gray). Note that the most damaging price spikes associated with
wind power occur during the late summer, when wind speeds are
lower on average and demands are higher, with cut-out events
being exceedingly rare. Similar trends are also observed under the
800 MW case.

Hours with observed price spikes are further evaluated to
identify, in each case, the precise combination of underlying forces



Fig. 9. (a) Seasonality and cause of electricity price spikes in 4000 MW installed wind scenario; (b) seasonality and magnitude of electricity price spikes in 4000 MW installed wind
scenario. Price spikes are calculated by subtracting prices under 0 MW from prices in other scenarios. Spikes are defined here as differences > $10/MWh. Gray designates spikes due
to other reasons (low wind speeds), whereas red shows the spikes due to cut-out events. Most frequent and damaging price spikes occur in late summer due to other reasons.
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causing them to occur. Fig. 10 shows the same price spike events
depicted in Fig. 9 as a parallel coordinate plot. Each individual line
in the plot shows data for a single hour (price spike event), and how
the magnitude (color, first column) corresponds to values in the
same hour for electricity demand, wind speeds, natural gas prices,
and day of the year can be investigated. Price spikes associated with
the adoption of 4000 MW of wind power concentrate in three
bands of severity. The highest severity band (colored dark red) is
generally associated with higher electricity demand and low wind
speeds (in some cases, lower than the cut-in wind speed) during
the summer.
Fig. 10. Parallel coordinate plot of all price spike cases in 4000 MW case with respect to d
discrete event. Black triangles in the wind speed column show the wind cut-in speeds and
damaging price spikes occur when demand is high, wind speed is low, and in late summer
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This trend is internally consistent with the seasonality of hy-
drometeorological and power system state variables observed in
the ISO-NE system. In New England, electricity demand is highest
during summer due to increased usage of air conditioning (Fig. 3d),
and daily average wind speeds are lower (Fig. 3c). In addition, hy-
dropower availability tends to be lower in summer (see Fig. 3a).
Higher electricity demand and lower hydropower availability in
summer combine to create scarcity conditions on the ISO-NE grid,
requiring system operators to move up-and-along the market's
supply curve, activating more and more expensive natural gas
plants to meet demand. Then, when the system suddenly loses
ifferent state variables. The color map is added to show price spike severity for each
cut-out speeds (below and above which wind power production drops to zero). Most
when natural gas prices are lower than average.
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wind power, the system operator must activate other plants with
significantly higher marginal costs (e.g. inefficient natural gas or oil
plants), causing a spike in the price of electricity (Fig.11a). Note that
these dynamics occur when natural gas prices happen to be lowest
due to higher air temperatures and a lack of regional heating
demand.

In Fig. 10, price spikes due to cut-out events, which are indicated
by the lines that fall above the 25 m/s mark in the wind speed
column (marked with a black triangle) can be isolated. Again, it can
be seen that price spikes caused by cut-out events tend to be less
severe (blue), confirming that the main vulnerability of a future
ISO-NE bulk power grid that is significantly more reliant on wind
power will be low wind speeds and sudden drops in wind speeds
during high demand hours in the summer. Note that price spikes
caused by cut-out events are less severe despite occurring during
periods of the year when natural gas prices are higher due to
greater demand for heating.

This result may at first appear somewhat confounding since on
average market prices tend to be significantly higher during winter
due to higher fuel prices (Fig. 11c and d). It is important to note,
however, that despite experiencing higher average prices inwinter,
the ISO-NE system experiences a higher degree of supply stress
Fig. 11. (a) ISO-NE electricity supply curve and demand in summer, shown to illustrate the
supply curve); (b) ISO-NE electricity supply curve and demand in winter, shown to illustrate
supply curve); (c) Seasonality of electricity prices in 0 MW case; (d) Seasonality of electric
months.
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during summer, forcing the system operator to utilize a steeper
portion of its supply curve, where sudden shifts in supply or de-
mand result in large step changes in marginal cost. This results in a
much greater potential for price spikes, even without any wind
power present (Fig. 11a). Since cut-out events tend to occur in early
spring, late fall, and winter, they generally coincide with electricity
demands much below the summer peak (Fig. 11b), resulting in
smaller price spikes when wind power is lost.

Finally, although increasing offshorewind capacity was found to
reduce average electricity prices, it can also cause transmission
congestion between zones to worsen. In the model, it is assumed
that all offshore wind power is connected to the Southeast Mas-
sachusetts (SEMA) zone of ISO-NE because the planned Vineyard
Wind project is going to be connected to Barnstable Switching
Station in SEMA zone [29]. Adding 4000 MW of offshore wind in-
creases the frequency of transmission congestion by þ22.2% be-
tween the SEMA and Rhode Island (RI) zones, and þ7.3% between
SEMA and Northeast Massachusetts (NEMA). Considering the
longer term vision of adding more than 14,200 MW of wind power
in the region, these results indicate new offshore wind plants may
need to be accompanied by new inter-zonal transmission capacity
to prevent transmission congestion issues and maximize system-
reason for more severe theoretical price spikes due to wind power losses (note steeper
the reason of less severe theoretical price spikes due to wind power losses (note flatter
ity prices in 4000 MW case. Extremely high prices are concentrated around summer
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wide benefits of offshore wind power.

3.3. Limitations

There are some limitations of this study's modeling approach
which may influence the results. For example, the UC/ED model
used simplifies the bulk electricity grid of ISO-NE into a system of
eight zones, which reduces the model's ability to capture higher
resolution performance issues, including transmission congestion
issues within each zone. In addition, lack of access to long-term fuel
prices and using a simplified approach to representing hydropower
resources in the region have an impact on the model's represen-
tation of the system. Moreover, due to the model's operating ho-
rizon approach and other assumptions on the generators, there are
some rare cases where cut-out events actually reduce market pri-
ces. This likely arises from the representation of the system as a
day-ahead market with perfect foresight (meaning the system
operator can in fact anticipate and plan for cut-out events within a
48-h scheduling horizon). This modeling assumption may also
reduce the severity of some of the observed impacts of cut-out
events in this study. In reality, successfully managing cut-out
events would rely on system operators' ability to allocate and use
sufficient supplies of operating reserves. In order to maintain sys-
tem reliability with increasing integration of renewables, the sys-
temwould likely allocate significantly more operating reserves as a
function of forecasted wind availability, which may lessen the price
reduction impacts of offshore wind power. In future work, adding a
representation of a real-time balancing market would enhance the
model's ability to capture the impacts of cut-out events. Lastly,
additional wind turbine energy losses like wake effects and wind
turbine hysteresis (in which wind turbines may not immediately
return to functionality after wind speeds fall below 25 m/s) should
be analyzed in future studies.

4. Conclusion

In this study, a unit commitment/economic dispatch (UC/ED)
model of the ISO-NE bulk electricity grid is developed and used to
simulate power system operations during the cold snap that
occurred in 2017e2018 winter, and over a longer period
(1949e2018). The main aim of this study was to explore the sys-
tem's vulnerability to sudden losses of wind power due to excessive
wind speeds, especially during severe winter weather events. The
model uses a zonal approach to represent power systems opera-
tions in New England, which is able to capture 71% of the daily price
variability in ISO-NE market.

The results of this study suggest that despite higher wind speeds
and more frequent cut-out events in colder months, the most
frequent and severe price spikes related to wind integration occur
during the summer when electricity demand is the highest due to
cooling needs. Moreover, the vast majority of wind related price
spikes are caused by sudden losses of wind power due to very low
wind speeds as well as sudden drops in wind speeds e not cut-out
events caused by excessive wind speeds.

Overall, sudden losses of wind power due to extremely high
wind speeds may not pose a major vulnerability to the ISO-NE bulk
electricity grid. This finding reinforces previous claims of benefits of
wind power during winter storms in New England, and it should
allow system planners to somewhat de-prioritize supply reliability
threats from very high wind speeds during cold snaps. Neverthe-
less, enhanced reserve requirements, quick ramp capabilities
including energy storage, and demand response practices should be
adopted in order to increase the system's reliability to power loss
related to both very high and very low wind speeds.

The frequency and severity of weather extremes are increasing
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due to anthropogenic climate change [30], with significant conse-
quences for bulk power systems. For instance, in February 2021,
winter storm Uri caused substantial damage to Texas, leaving
around 10 million people without electricity and causing financial
losses of around $130 billion for Texas [31]. As grids simultaneously
seek to decarbonize, it will be imperative for system operators,
including those in ISO-NE, to understand the compound risks of
integrating variable renewable energy under multivariate un-
certainties and a growing list of stressors, especially those related to
extreme weather events related to climate change.

Software and data availability

Themodel is open-source and publicly available. All codes of the
model and data used are available under the MIT free software li-
cense [32].
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APPENDICES

Appendix A. Completing Missing Hourly Wind Speed Data at
Vineyard Wind Site

In order to fill the missing hourly wind speed data at the
Vineyard Wind site, all days with a complete, 24-h record were
selected. For these days, the ratio of hourly wind speeds to
maximum hourly wind speed was found, creating a 24-h daily
profile of values between 0 and 1. Then the entire daily wind speed
record was examined and a different data interpolation operation
performed for each day, depending on the number of missing
hours. If the specific day contains 1e11 h of missing data, missing
hourly values are linearly interpolated. On the other hand, if the
specific day contains 12e24 h of missing data, a 24-h profile is
randomly sampled from a different day within the same month.
The selected profile is multiplied by the daily max wind speed for
the current day.

Appendix B. Downscaling Synthetic Daily to Hourly Wind Speeds at
Vineyard Wind Site

Hourly wind speed values for the extended 1949e2016 dataset
are calculated as follows. First, using the observed hourly Vineyard
Wind data for 2016e2018, hourly wind fraction profiles for each
day are determined by dividing every hourly wind speed on a
specific day by the sum of every hourly wind speed on that day. For
the extended 1949e2016 data set, daily wind speeds are compared
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alongside the 2016e2018 observed record and the closest match is
determined in terms of absolute difference. For the selected day,
total wind speed is found by multiplying daily wind speed by 24 h.
Then, the hourly profile for the identified day is used to determine
hourly values for the day in the extended dataset. Again, observed
values for 2016e2018 are added to the end to complete hourly wind
speeds at the Vineyard Wind site over the period 1949e2018 at
every hub height.
Appendix C. Modeling electricity demand

There are eight load zones in the ISO-NE market: Maine (ME),
Vermont (VT), New Hampshire (NH), Western/Central Massachu-
setts (WCMA), Northeast Massachusetts (NEMA), Southeast Mas-
sachusetts (SEMA), Rhode Island (RI) and Connecticut (CT). To
simulate demand in each zone and the overall system, hourly real-
time loads for these zones are gathered between 2011 and 2018
from ISO Express [33], and daily peak demand values are extracted
over this time period.

In general, electricity demand has a non-linear relationship with
air temperatures. Both very low and very high temperatures in-
crease demand, while mild temperatures decrease it (see Fig. 4a).
Wind speeds also have a somewhat complex relationship with
electricity demand; on low temperature days, high wind speeds
tend to increase demand, while high wind speeds on hot days tend
to decrease it. In order to account for these non-linear relationships,
daily records of temperature and wind speeds at each of seven
weather stations are split based on heating degree days (HDD) and
cooling degree days (CDD). Degree days are calculated by looking at
the absolute value difference between average daily temperature
and 65 �F. It is assumed that given the ambient temperature is 65 �F,
no heating or cooling is needed [34]. The impact of wind speeds in
HDDs or CDDs is estimated by using the below approach:

WHDDd ¼
�
0; if HDD ¼ 0
WSd; if HDD>0 (S1)

WCDDd ¼
�
0; if CDD ¼ 0
WSd; if CDD>0

(S2)

where,
WHDDd ¼ wind speed (given heating demands) on day d (m/s)
WCDDd ¼ wind speed (given cooling demands) on day d (m/s)
WSd ¼ average wind speed on day d (m/s)
Temperature data is binned into 5-degree Fahrenheit intervals

between 80 �F and 10 �F, and linear predictive models are fit for
each interval. Records of degree days, associated wind speeds for all
meteorological stations, and day of week (workday or weekend) are
used as independent variables in multivariate regressions of daily
peak electricity demand for each of the eight ISO-NE zones. The
multivariate regressions are trained on historical weather and daily
peak electricity demand data over the period 2011e2018. This
approach is able to produce accurate estimates of daily peak elec-
tricity demand (Fig. 4b). Residuals are simulated by using a VAR
model and added to estimated values to have a complete dataset of
daily peak electricity demand estimates between 1949 and 2018.

After simulating daily peak electricity demand for each zone,
hourly electricity demand is determined by multiplying peak de-
mands with 24-h load profiles for each zone and each calendar day.
These profiles, which are calculated using historical data, represent
the typical fraction of daily peak demand experienced in each hour.
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Appendix D. Modeling interchange flows with adjacent systems

There are six main interchange lines between the ISO-NE mar-
ket and the external systems, connecting to New York (ROSETON,
SHOREHAM, and NORTHPORT), Hydro Qu�ebec (HQ_P1_P2 and
HQHIGATE), and New Brunswick (SALBRYNB). Daily net inter-
change data for those six lines are gathered between 2012 and 2018
from ISO Express [35].

Since daily interchange is somewhat affected by electricity de-
mand in ISO-NE, an approach similar to electricity demand
modeling is adopted.Wind speed and temperature data from seven
weather stations are split into HDDs and CDDs and the impact of
wind speeds in HDDs or CDDs is estimated by using the same
approach (see S1 and S2). Net interchange values are separated
with respect to months and represented as linear models.

Records of degree days, associated wind speeds for all meteo-
rological stations, and day of week (workday or weekend) are used
as independent variables in multivariate regressions of daily net
interchange for each of the six interchange lines. The multivariate
regressions are trained on historical weather and daily net inter-
change data over the period 2012e2018. This approach is able to
produce accurate estimates of daily net interchange (Fig. 4c). Re-
siduals are simulated by using VAR model and added to estimated
values to have a complete dataset of daily net interchange estimates
between 1949 and 2018.
Appendix E. UC/ED Model Inputs and Their Usage

In this section, UC/ED model inputs and their place in the
model's working mechanism are explained in detail. Model inputs
consist of generator information, hourly demand, daily dis-
patchable imports, hourly exports, hourly solar, hourly onshore
wind, hourly offshore wind, daily dispatchable hydropower, inter-
change line limits (both within internal nodes and external sys-
tems), and fuel prices.
Generator Information
All generators operating in the ISO-NE market in 2018 and their

related information are gathered from Emissions & Generation
Resource Integrated Database (eGRID) [22]. The UC/ED model is fed
with generator names, types, zones, net capacities in MW, heat
rates in MMBtu/MWh, minimum capacities in MW, ramping ca-
pacities in MW, minimum up and down times in hours, no load
costs in U.S. dollars ($), variable operation andmaintenance costs in
$/MWh, and startup costs in U.S. dollars. Furthermore, in every load
zone, one slack generator, an unreasonably expensive unit that
would only be used as a last resort, is added to prevent blackout
scenarios that could impede model runs.

Average electricity generation in 2018 from nuclear, municipal
solid waste, landfill gas, and wood waste plants is fed to the model
as a zonal must-run time series. To prevent the model from over-
producing electricity, a minor price in USD/MWh is set for the
must-run generation. A static reserve requirement of the system is
assumed to be 4% of the hourly total demand, and the model
schedules non-spinning reserves from thermal generators for this
purpose.
Imports and Exports
From the daily net interchange estimates between 1949 and

2018, net import days and net export days are separated as follows
(Positive net interchange values represent net import days, and
negative net interchange values represent net export days):
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Importsi;j ¼
�
0; Pathi;j <0
Pathi;j; otherwise (S3)

Exportsi;j ¼
�
0; Pathi;j >0
Pathi;j; otherwise (S4)

where,
Importsi;j ¼ imports on path i on day j (MWh)
Pathi;j ¼ power flows on path i on day j (MWh)
Exportsi;j ¼ exports on path i on day j (MWh)
By utilizing this approach, daily total import time series are

created. Daily total import availability is distributed to the zones by
using the interchange line details [36]. The model dispatches
available daily imports optimally by using a UC/ED approach.

For the exports, daily and hourly net interchange data between
2008 and 2018 are gathered from ISO Express [35]. Net import/
export days and hours are distinguished with the same method
(see S3 and S4). Net export hours are divided by the total exports on
that day in order to create an hourly export profile for each inter-
change line. By taking the average of those hourly profiles in
different years, a 365-day hourly export profile is generated.
Missing days are filled by copying the nearest day's hourly profile.
These profiles are multiplied by the net daily export values to come
up with a 69-year time series of hourly exports. Hourly exports are
distributed to the zones using the interchange line details [36] as
well as interchange line limits, and effectively treated as additional
demand that must be met by the UC/ED model.

It is assumed that imports cost per MWh is the same as the
cheapest thermal generator's generation cost. Therefore, a cost of
4.3 USD/MWh is used in the UC/ED process for the imports. This
assumption is utilized to preclude the model from over generating
electricity as well as to make sure that extent of import usage in the
system is as similar as possible to the ISO-NE market.

Solar and Wind Power
Solar and onshorewind generation data for the ISO-NEmarket in

2018 is collected from ISO Express [37] and used for every simu-
lation year. Since the data consist of total generation in the system,
available generation is distributed among eight zones with respect
to solar and onshore wind capacity ratios of those zones. Capacity
ratios are found by taking the ratio of individual zone's solar and
offshorewind capacity and total solar and offshore wind capacity of
the ISO-NE market. Capacity information is gathered from 2018
eGRID dataset. The model dispatches or curtails available solar and
offshore wind power optimally by considering numerous system
conditions.

Offshore wind power is simulated for 69 years as discussed
before and a time series of available offshore wind power for
different hub heights are fed to the model. The model dispatches or
curtails available offshore wind power optimally by considering
numerous system conditions.

Hydropower
Monthly hydropower generation data between 2011 and 2018 is

collected from U.S. Energy Information Administration [38]. Hy-
dropower generators in this data are matched with 2018 eGRID
dataset and net monthly generation from those generators are
accumulated into eight zones. By taking the average of zonal hy-
dropower generation in different years, a 12-month available hy-
dropower time series is generated. Monthly hydropower is divided
equally into days. Consequently, a 365-day available hydropower
time series is created for each zone and used for every simulation
year.

Using the capacities in 2018 eGRID dataset, zonal (aggregate)
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hydropower generators are created and added to the generators
file. The model uses these generators and daily available hydro-
power time series to dispatch hydropower optimally.

Fossil Fuel Prices
Average daily natural gas prices at Algonquin Citygates between

2015 and 2017 are assembled from EIA Wholesale Electricity and
Natural Gas Market Data [39]. Fewmissing daily data are filled with
linear interpolation. By taking the average of daily natural gas
prices in different years, a 365-day natural gas price time series is
generated and used for every simulation year. This approach is used
in order to capture and use the natural gas price trend in New
England (high prices inwinter, low prices in summer) in the model.

For the oil prices, a linear regression model is developed be-
tween New York Harbor heating oil prices and wholesale heating
oil prices in the New England states. Daily New York Harbor No. 2
heating oil spot prices [40] and weekly heating oil prices in the six
states of the ISO-NE market [41] between 2015 and 2018 are
accumulated from EIA Petroleum&Other Liquids data. Fewmissing
daily data are completed with linear interpolation. Moreover, New
York Harbor prices are filtered with respect to dates included in
weekly heating oil prices, and a linear regression model is used
between these two to come up with daily heating oil prices in the
eight zones between 2015 and 2018 (with an R2 of 0.94). Oil prices
in SEMA,WCMA, and NEMA are considered the same as the price in
Massachusetts. Since 1 gallon of heating oil contains 138,500 Btu
energy [42], the fuel price for oil generators (in $/MMBtu) is
computed by dividing gallon prices by 0.1385. By taking the average
of daily oil prices in different years, a 365-day oil price time series is
generated and used for every simulation year.

Coal price is assumed to be static and taken as 2.2 $/MMBtu. This
is the average coal price in the U.S. between 2009 and 2018 [43].

Formulation of UC/ED Model
In this study, New England electricity market operations are

analyzed by using the Unit Commitment/Economic Dispatch (UC/
ED) modeling approach in terms of reliability under extreme
weather events and offshorewind integration. In Unit Commitment
(UC), power plants’ commitment is decided by taking electricity
demand and security constraints into account. On the other hand,
in Economic Dispatch (ED), power output from all online power
plants is determined while trying to minimize system costs and
meet constraints about transmission and other technical aspects
[44]. To put it simply, UC decides which power plants to start
operating and which power plants to stop operating in a specified
timeframe whereas ED determines the electricity to be generated
by each power plant in the grid [45]. This UC/ED model of ISO-NE
system utilizes mixed-integer linear programming and simulates
the system operations in an iterative manner.

Decision Variables
The UC/ED model contains both binary and continuous decision

variables, which are electricity generation amount from three heat
rate segments of individual generators, “on/off” status of genera-
tors, amount of spinning and non-spinning reserves offered by each
generator, renewable energy generation amount from solar,
onshore and offshore wind, generation amount from must-run
resources (nuclear, municipal solid waste, landfill gas plants, etc.)
and power flow between eight load zones. Binary variables are
employed to govern generator “on/off” status, and in turn controls
the no load, and startup costs in the objective function. Continuous
variables are utilized in order to decide electricity amount aswell as
reserves amount offered by each generator, which manages fuel
and variable operation and maintenance (O&M) costs in the
objective function. Other continuous variables govern electricity
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generation from renewable energy sources and must-run sources
and electricity transfer between eight zones of the model topology.
Objective Function
The model's objective function tries to minimize the cost of

meeting demand for electricity and operating reserves in the ISO-
NE market for every hour along the operating horizon:
Objective Function¼
XT
t¼1

XJ
j

XZ
z

�
Fuel Costst;j;z þ Variable O&M Costst;j;z þNo Load Costst;j;z þ Start Costst;j;z

�

þ
XT
t¼1

XS
s

XK
k

Power Flow Costst;s;k

(S5)
where,

t 2 operating horizon f1…Tg
z 2 set Z of zones fCT;ME;NEMA;NH;RI;SEMA;VT ;WCMAg
j 2 set J of generators fcoal1; coal2; gas1; gas2;oil1;oil2…Jg
s2 set S of zones fCT;ME;NEMA;NH;RI;SEMA;VT ;WCMAg
k2 set K of zones fCT;ME;NEMA;NH;RI;SEMA;VT;WCMAg

Individual elements of the objective function are itemized
below:

Fuel Costst;j;z ¼ FP � �P1j;z;t � S1j;z þ P2j;z;t � S2j;z þ P3j;z;t � S3j;z
�

(S6)

Variable O&M Costst;j;z ¼
�
P1j;z;t þ P2j;z;t þ P3j;z;t

�� VCj;z (S7)

No Load Costst;j;z ¼ONj;z;t � NLj;z (S8)

Start Costst;j;z ¼ SWITCHj;z;t � SCj;z (S9)

Power Flow Costst;s;k ¼ FLOWs;k;t � Hurdles;k (S10)
where,
P1j;z;t ¼ power produced in 1st heat rate segment of generator j
in zone z in hour t (MWh)
P2j;z;t ¼ power produced in 2nd heat rate segment of generator j
in zone z in hour t (MWh)
P3j;z;t ¼ power produced in 3rd heat rate segment of generator j
in zone z in hour t (MWh)
ONj;z;t ¼ binary; 1 if generator j in zone z is on in hour t;
0 otherwise
SWITCHj;z;t ¼ binary; 1 if generator j in zone z starts in hour t;
0 otherwise
FLOWs;k;t ¼ power flow from zone s to zone k in hour t (MWh)
FP ¼ fuel price (USD/MMBtu)
S1j;z ¼marginal heat rate for 1st capacity segment of generator j
in zone z (MMBtu/MWh)
S2j;z ¼marginal heat rate for 2nd capacity segment of generator j
in zone z (MMBtu/MWh)
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S3j;z ¼marginal heat rate for 3rd capacity segment of generator j
in zone z (MMBtu/MWh)
VCj;z ¼ variable O&M cost for generator j in zone z (USD/MWh)
NLj;z ¼ no load cost for generator j in zone z (USD)
SCj;z ¼ startup cost of generator j in zone z (USD)
Hurdles;k ¼ hurdle rate on power flows from zone s to zone k
(USD/MWh)
Constraints
The objective function is bounded by various constraints on

each generator and in addition to constraints on power balance and
power flow between load zones. For instance, there is a zero-sum
constraint to make sure that the summation of power produced
and reserves do not exceed the maximum capacity for each
generator. Moreover, there is a constraint that limits the hourly
power generation fluctuations with predetermined ramp rates.
Another constraint is set to make sure that generators abide by
predetermined minimum up (online) and down (offline) hours. On
the larger side, there are constraints ensuring at least 25% of the
electricity demand is supplied by generators within that zone, and
constraints restricting the power flow to individual line limits be-
tween each zone. Lastly, an energy balance constraint is utilized to
ensure that sum of power generated within a zone and imports to
that zone are equal to the sum of the demand of that zone and
exports from that zone. Energy balance constraint is detailed
below:

XZ
z

0
@XJ

j¼1

�
P1j;z;t þ P2j;z;t þ P3j;z;t

�þ Importsz;t þ
XS
s¼1

FLOWs;z;t

1
A

¼
XZ
z

 
Demandz;t þ Exportsz;t þ

XK
k¼1

FLOWz;k;t

!

(S11)

where,

Importsz;t ¼ imports into zone z from outside the eight load
zones in hour t (MW)
Demandz;t ¼ electricity demand in zone z in hour t (MW)
Exportsz;t ¼ exports from zone z to outside the eight load zones
in hour t (MW)
FLOWs;z;t ¼ power flow from zone s to zone z in hour t (MW)
FLOWz;k;t ¼ power flow from zone z to zone k in hour t (MW)
Appendix F. Validation of the Model

The model is validated by using day-ahead locational marginal
prices (DA-LMP) observed in the ISO-NE market between 2015 and
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2017. DA-LMP data is collected from ISO Express [33]. For the
validation, historical natural gas and oil prices are used rather than
the 365-day fuel price time series. As the model generates DA-LMP
data for eight load zones, an Elastic-Net linear regression model is
developed to compute a time series that represents the overall DA-
LMP at the ISO-NE system. The reasoning behind choosing the
Fig. A1. Comparison of historical and predicted daily day-ahead electricity price. Overall,

Fig. A2. Five piecewise linear regression lines and re

17
Elastic-Net model rather than an ordinary least squares model is to
make sure that all regression coefficients are higher than zero to
avoid negative prices as well as to represent every load zone in the
overall price determination. This approach is able to accurately
predict daily as well as hourly DA-LMP in the ISO-NE market (see
Figure A1).
ISO-NE UC/ED model can explain 71% variability in daily wholesale electricity prices.

lated equations for MHI Vestas Offshore - V164.



Fig. A3. (a) Relationship between turbine hub height and frequency of cut-out events; (b) relationship between turbine hub height and annual electricity generation. As expected,
average electricity generation and the frequency of cut-out events both increase as hub height increases, since higher hub heights experience higher speeds. In this sense, apart from
growing capital costs, there is an unavoidable tradeoff between electricity generation and the number of cut-out events when hub height of the wind turbines increases.

Fig. A4. (a) Generation mix for 0 MW case during the cold snap; (b) generation mix for 800 MW case during the cold snap; (c) generation mix for 4000 MW case during the cold
snap. Higher offshore wind integration to the system replaces mainly natural gas during the cold snap, as natural gas prices are high.
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Fig. A5. (a) Change in generation mix in 0 MW case in case of a cut-out event; (b) change in generation mix in 4000 MW case in case of a cut-out event; (c) change in wind speed
and electricity price during a cut-out event. (Price spike severity is calculated by subtracting 0 MW case prices from 4000 MW case prices.)

Fig. A6. (a) Seasonality and reason for electricity price spikes in 800 MW case; (b) seasonality and magnitude of electricity price spikes in 800 MW case. Price spikes are calculated
by subtracting prices under 0 MW from prices in other scenarios. Spikes are defined here as differences > $10/MWh. Gray designates spikes due to other reasons (low wind speeds),
whereas red shows the spikes due to cut-out events. Most frequent and damaging price spikes occur in late summer due to other reasons (low wind speeds).
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Fig. A7. The severity of the price spike depends on several factors including the duration of the wind power loss event, demand during and after the incident and, (weakly) import
and hydropower availability in the system. (a) Impact of demand and hydropower availability on the magnitude of price difference between 4000 MW and 4000 MW No Cut-out
case during cut-out hours. (Price difference is calculated by subtracting 4000 MW No Cut-out case prices from 4000 MW case prices. Color designates the daily hydropower
availability.); (b) impact of demand and import availability on the magnitude of price difference between 4000 MW and 4000 MW No Cut-out case during cut-out hours. (Price
difference is calculated by subtracting 4000 MW No Cut-out case prices from 4000 MW case prices. Color designates the daily import availability.)

Fig. A8. (a) Change in generation mix in 0 MW case during wind speeds lower than cut-in speed; (b) change in generation mix in 4000 MW case during wind speeds lower than
cut-in speed; (c) change in wind speed and electricity price during wind speeds lower than cut-in speed. (Price spike severity is calculated by subtracting 0 MW case prices from
4000 MW case prices.)
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