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Wind and solar can provide an endless supply of clean electricity, affording us

all the benefits that modern society has to offer without the debilitating and in-

equitable effects of pollution. Unfortunately, these distributed energy resources

stand in stark contrast to the central-station synchronous power plants of the

past, and we have yet to remember how to work with naturally occurring flows

of energy. In this future, both electricity demand and supply are inextricably

linked to the weather. In response, I present a collection of open-source tools

that center around meteorology – the underlying driver of future electrical grid

and air quality uncertainty. I begin with a spatial study focusing on solar de-

velopment and show how sunny winter days might cause as many problems

as cloudy summer ones. I then showcase novel tools that will lower the barrier

to entry for meteorological modeling and are aimed at giving each government

and non-profit agency access to in-house wind and solar forecasts. Building

upon these, I propose an integrated framework for quantifying air-quality co-

benefits associated with renewable energy development, which improves the

case for further investment.
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CHAPTER 1

INTRODUCTION

At this point in history, society at large has recognized that global warming

represents a clear and present danger to life as we know it. Despite a compli-

cated patchwork of geopolitical priorities, the vast majority of the world came

together to sign the Paris Accord in 2015. While not legally binding, this pro-

vided a good faith offering from nations of the world to begin to draw down

fossil fuel emissions whilst leaving vast reserves in the ground unburned. Many

U.S. states and cities gave teeth to their promises by penning legislation aimed at

rapidly decarbonizing their industries, their buildings, and their transportation

systems over the next 20 to 30 years. At the center of these laws and aspirations

lies the largest single machine ever built – the electricity grid.

But, this system – connecting thousands of power plants to millions of busi-

nesses and residences using bundles of thin steel wires – remains chronically

underfunded. Today, an average piece of U.S. grid infrastructure is forty years

old even alongside consistent increases in spending on transmission and dis-

tribution infrastructure. Damage from extreme weather, shifting patterns in

generation and consumption, and looming bankruptcies plague the players in

the modern electricity business daily. Therefore, we require new paradigms to

fund the grid and ensure its reliability. Furthermore, if we hope to use the grid

as the mechanism by which to decarbonize our society, then we require tools

that deepen our understanding of where and when emissions are produced and

what actions can displace the resources that cause them.

Fundamentally, a decarbonized grid must harness Earth's naturally occur-

ring �ows of energy, increasingly from the wind and sun, which requires not
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only accurate weather data products but the ability to act on the information

contained within these data. Figure 1.1 depicts the strong – and ever-growing

– in�uence of the weather on the grid. Public and private sector entities al-

ready apply a patchwork of weather forecasts and reanalysis data for grid plan-

ning and operations. But such fragmented approaches fail to capture key link-

ages putting future grid reliability at risk. In response, this thesis documents

open-source tools centered around meteorology to aid in renewable energy in-

tegration in a way that strategically reduces CO 2 and criteria air pollutants. My

methods strive for internal consistency and can easily be adapted to new regions

around the world.

Figure 1.1: Diagram depicting the in�uence of meteorology upon the power
system, air quality, and public health.

For much of this work, New York State (NYS) acts as a test-bed to demon-

strate these tools due to several attractive features. First, electric power markets

in NYS are deregulated and are operated independently from other states. This
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means that NYS doesn't have to contend with as many complicated interstate

dynamics during electricity planning. Rather, state policies can be directly im-

plemented by the New York Independent System Operator (NYISO). In 2019,

NYS passed the most ambitious state-level climate change policy to date, the

Climate Leadership and Community Protection Act (Climate Act), which re-

quires 100% zero-carbon electricity by 2040, 9 GW of offshore wind by 2035, and

10 GW of distributed solar by 2030. Finally, NYS is geographically and econom-

ically diverse with a majority of the population and energy demand concen-

trated Downstate surrounding New York City but with a majority of existing

power plants and prime land for renewable development located Upstate. This

con�guration represents a classic “centralized” approach to electricity gener-

ation and distribution, which increases the risk of catastrophic failures when

faced with extreme weather, cyber attacks, or simply deferred maintenance.

Therefore, reliably providing enough clean power to Downstate NY offers an

interesting challenge.

A brief summary of the four major projects featured in the coming Chapters

is as follows:

In Chapter 2, I assess the implications of utility-scale solar development. Af-

ter mapping available land across NYS, I designed development scenarios in

line with NYS's renewable portfolio standards. Through this study, we learned

that New York's species of “duck curve” will likely occur during sunny winter

days. During such periods, �exibility resources will become highly valuable

due to the potential for high ramps, but the wholesale cost of electricity will

likely remain in negative territory during the midday with large quantities of

zero marginal cost resources on the system.
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Chapter 3 addresses offshore wind resources in the Northeastern U.S. While

this region has the potential for vast wind farms, development remains nascent.

I assess a multiphysics ensemble of WRF-simulated horizontal wind speeds in

the New York Bight. This constitutes the most detailed analysis of WRF perfor-

mance for offshore wind in the Northeast completed to date. For the �rst time,

I had access to LiDAR data at multiple locations, which allowed me to com-

ment on WRF biases in four dimensions. As expected, WRF wind speed biases

increased with height, but biases also differed substantially between the two

buoys even in estimates generated by the same member. This offers additional

compelling evidence that extrapolating power generation from one location to

another offshore causes errors. In other words, electricity planners and oper-

ators in the U.S. lack the observational data necessary to determine the spa-

tiotemporal bias patterns in offshore wind, which are necessary to intimately

understand resource coincidence and availability. I found that no single mem-

ber performed the best in all stability classes but that the setup devised by Optis

et al. [1] performed the best on average. Finally, I reported that the ensemble as

a whole showed classical signs of underdispersion as well as a greater tendency

to underpredict wind speeds offshore.

In Chapter 4, I take the �rst steps at breaking down the barriers to entry for

customizing a WRF model for any application in any region called OptWRF.

Generally, WRF setups are iteratively improved by a team of experts over a pe-

riod of months to years putting in-house meteorological modeling out of reach

for many governments and nonpro�ts across the world. OptWRF optimizes

a WRF setup using a genetic algorithm. I showed that the setup found by

OptWRF for the dual purpose of wind and solar downscaling outperformed all

the setups recommended by NCAR in the WRF User's Guide for every month
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of the year. The novel �tness function that I designed for combined wind and

solar analysis featured a metric called wind power density, which allows for the

direct comparison of errors in wind and solar resources. Such a metric can aid

planners in investigating contingencies for periods of shortfall and excess gen-

eration alike. In other words, this combined metric offers a convenient way to

characterize errors in a future variable renewable energy-dominated system. In

addition to creating a database of viable WRF setups, I crafted a random-forest-

based postprocessing algorithm to shed light on the effect that the parameteri-

zation of each major physical process has upon total model error.

Finally, in Chapter 5, I present an integrated framework – named OneMet –

that uses consistent meteorology to forecast renewable energy generation, dis-

patch power plants or �exible resources to meet the remaining net load, and

assess air quality. I argue that this internal consistency can offer more consistent

bias patterns thereby making it easier to bias-correct using established statisti-

cal postprocessing techniques. Methods developed in Chapters 2-3 inform re-

newable energy development patterns, and their associated power generation

pro�les are derived from WRF. These pro�les are then fed into an in-house rep-

resentation of the New York State power system, and the resulting dispatch pat-

tern dictates CO2 and criteria pollutant emissions. Finally, updated emissions

estimates drive a chemical transport model, which elucidates the air quality

bene�ts – and trade-offs – associated with a particular renewable development

scenario. Therefore, OneMet can inform government incentives for renewables

seeking to encourage a pathway that will reap the greatest emissions and air

quality bene�ts.
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CHAPTER 2

STRATEGIC PLANNING FOR UTILITY-SCALE SOLAR PHOTOVOLTAIC

DEVELOPMENT – HISTORICAL EVENTS REVISITED

Abstract

Rapidly growing utility-scale solar photovoltaic (PV) holds promise for address-

ing energy and environmental challenges posed by high electricity demand

days (HEDDs). We assessed the implications on strategic planning of future

solar development in an emerging solar market, New York State (NYS) in the

U.S., by synthesizing information on electrical infrastructure, tax assessment,

geographical constraints and measured meteorological data. Considering three

solar PV penetration scenarios (4500 MW, 6000 MW, and 9000 MW), we exam-

ined the impact of distributed utility-scale solar farms on peak demand reduc-

tion and ramping requirements during historical peak events. Our results reit-

erate that, across NYS, a wealth of low-value land exists to support utility-scale

solar PV and that generation from these resources can reduce peak demand by

up to 9.6% under the 9000 MW scenario. In addition, peak demand reduction

displays locational and temporal dependency. Contingent upon local meteo-

rology, a solar farm can reduce demand during the peak hour by anywhere

between 10 and 74% of its rated capacity during summer HEDDs. However,

the highest ramping requirements are more likely to occur during winter than

summer. Furthermore, because developers cannot predict performance dur-

ing the annual system peak, current capacity valuation methodologies for solar

projects may not be adequate to promote a healthy competitive market for solar.

Incorporating a broader spectrum of peak demand conditions into variable re-
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source capacity valuation would improve strategic planning, not only in NYS,

but across quickly growing solar markets worldwide.

2.1 Introduction

High electricity demand days (HEDDs) are usually driven by intensi�ed us-

age of air conditioning during prolonged hot and humid summer periods. As

the climate changes, regional heat waves are predicted to become more fre-

quent [26], increasing the quantity of HEDDs and the magnitude of peak en-

ergy demand [31]. High energy costs, dangerous temperatures, and air pollu-

tion during HEDDs pose great challenges in maintaining grid reliability and

protecting public health [40]. Recent rapid development of distributed energy

resources (DERs) provides an economically viable opportunity to mitigate im-

pacts of HEDDs.

DERs broadly include distributed generation (DG), energy ef�ciency, de-

mand response, and energy storage. Driesen and Katiraei argue that restruc-

turing the electrical system to accommodate higher penetrations of DERs can

improve reliability [17]. Subsequent work showed the vast potential that re-

newable DERs possess in mitigation of greenhouse gas emissions [9]. However,

siting numerous small generation resources further complicates power system

planning, so an increasing amount of work has aimed to develop multi-objective

optimization techniques for locating various types of DERs to attain the greatest

overall bene�t [10]. On the demand side, energy ef�ciency measures, dynamic

pricing, and demand response programs have already been widely adopted

to slash peak demand [40]. New �exible technologies, such as Vehicle-to-Grid
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(V2G), may provide additional effective methods of reducing peak [37]. On the

supply side, solar photovoltaic (PV) is the most promising form of renewable

DG due to its comparatively low installed cost and because peak solar genera-

tion coincides with mid-day system peak demand [12].

The U.S. states that have dedicated carve-outs for solar within their renew-

able portfolio standards (RPS) (e.g. Arizona, Delaware, Nevada, Massachusetts,

New Mexico, etc.) installed 722% more capacity between 1997 and 2009, on av-

erage, than those without [33]. However, since these carve-outs are often spec-

i�ed on a statewide basis, they fail to value the location-based bene�ts of solar.

Similarly, traditional net metering incentives appear as a credit on a customer's

monthly utility bill. Such a mechanism cannot elicit responses from behind-the-

meter solar owners on time scales at which the day ahead or real time electricity

markets operate. Furthermore, high system ramping rates resulting from ag-

gressive solar PV penetrations may become an unintended consequence of high

solar penetrations [8]. Under such scenarios, diurnal peak load tends to shift

toward evening hours and many dispatchable generators remain idling during

the day to avoid incurring exorbitant start-up costs during the evening ramp

[16]. As such, steeper ramping requirements could lead to higher total emis-

sions from thermal generators as emission rates deviate considerably during

start-up, up-ramping, and part-load operation when compared with steady-

state operation [36]. As articulated by [27], integration of solar and wind re-

sources can only go so far given current system �exibility limitations - some-

thing that must be addressed in future legislation.

To fully realize potential bene�ts of DERs, solar PV in particular, on HEDDs

requires improved quanti�cation of several key impacts that DERs have on the
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power system during the planning stage. First, bene�ts of DERs are locationally

and temporally dependent due to existing power system network infrastructure

and patterns of electricity consumption. Also, since DERs are frequently inter-

connected within power distribution systems, independent system operators

(ISO) or regional transmission organizations (RTO) have neither visibility nor

control over distributed generation, which makes it necessary to account for in-

termittency to ensure bulk power system reliability [7]. Finally, the impact of

solar PV on system �exibility requirements should be assessed.

Various methodologies exist for siting intermittent resources and determin-

ing their impact. Previous studies have estimated solar PV resource potential

at national scale in the US [18], China [21], and Australia [30]. One study looks

speci�cally at environmental and health bene�ts associated with expanded so-

lar development in the US [38]. Nikolakakis et al. designed an optimization

model to determine the maximum penetration of intermittent resources in New

York under a speci�c grid �exibility scenario assuming no transmission con-

straints [27]. Trade-offs between siting PV farms to maximize energy production

or to minimize reserves were recently explored [35]. Pietzcker et al. used a cou-

pled energy-economy-climate model to determine what role solar technologies

might play in decarbonization of the power sector [29].

Speci�cally, GIS provides a useful aid in identifying and evaluating poten-

tial solar farm sites. One study, by Brewer et al., incorporates survey data to

assess site suitability based upon public attitudes about solar farm locations

[13]. Sanchez-Lozano uses a multi-criteria decision analysis (MCDA) technique

to evaluate alternative locations for solar farm development [32]. While both of

these studies offer developers valuable information on where they should site
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individual solar farms, they provide little insight into long-term renewable inte-

gration planning. Recently, Yushchenko et al. treated a larger scale by conduct-

ing a MCDA assessment across West Africa to identify areas for grid-connected

PV development [39]. However, they note that future estimates should include

an economic evaluation to accompany an estimate of technical potential.

As such, the two main objectives in this study are: a) implement a GIS-based

siting approach considering individual properties in a study region with non-

ideal solar resources, and incorporate locational and temporal resource char-

acteristics to estimate the impact of intermittent generation on peak load and

ramping requirement during HEDDs; b) assess the current valuation method

for installed solar capacity. The two objectives are closely connected because

the peak load reduction potential is a critical component in valuating installed

capacity. Using diverse data sources in a regional siting exercise can add to the

discussion among academics, developers, and policy-makers about best prac-

tices for regional solar development and what impact different development

trends may have upon electricity markets. Due to the capital-intensive nature

of solar projects, how solar capacity is valued could determine if utility-scale

solar projects remain viable investments. Furthermore, the energy value of so-

lar decreases with increasing penetration of zero marginal cost resources [22].

Therefore, characterizing the extent to which solar farms mitigate peak demand

and compensating them accordingly remains an open and vital task.

For this study, a bottom-up approach is de�ned as one that identi�es appro-

priate locations for solar farms by assessing individual contiguous tracts of land

of suf�cient size, slope, and property class to support solar farm development.

Such a method provides advantages over a top-down approach where an aver-

11



age capacity is speci�ed over a study region. Speci�cally, using substation loca-

tions and geographic information for each site, a judgment can be made about

which sites may be interconnected at relatively low cost. Finally, in knowing

the exact geographic location of each potential solar farm, it becomes possible

to target those sites for development which are located nearer to load pockets

or are in locations where the solar resources – dictated by local meteorological

conditions – are most favorable.

New York State (NYS) is taken as a testbed for demonstrating our method

introduced above due to several attractive characteristics. NYS's Clean Energy

Standard (CES) mandates that 50% of all electricity be generated via renewable

energy by 2030 – an estimated 70,500 GWh [7], which will provoke major in-

vestment in renewable energy infrastructure over the next decade. The New

York State Public Service Commission (NYSPSC) has transitioned away from

net metering to a new compensation mechanism for DERs known as the Value

of Distributed Energy Resources (VDER) framework [41], which seeks to en-

compass locational, temporal, and environmental values provided by DERs.

Therefore, results presented here can assist policy-makers with VDER imple-

mentation. Synthesizing granular datasets containing tax classi�cation, sub-

station location, and various geographic constraints, we estimated the spatial

distribution of solar farms across NYS and modeled hourly solar output during

HEDDs identi�ed between 2010 and 2015. Then, a comprehensive evaluation

of electricity system bene�ts provided by distributed solar farms, inclusive of

intermittency considerations, was conducted during times when the system ex-

periences the most stress. Finally, we recommend capacity valuation alterna-

tives which can potentially create a mechanism to achieve state RPS targets and

greenhouse gas reduction goals.
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The remainder of this article is organized as follows: Section 2.2 describes

our methodology. Net load pro�les, peak demand reduction magnitudes, and

ramping rate curves are presented and their implications discussed in Section

2.3. Finally, Section 2.4 draws conclusions as well as stipulates on future re-

search aimed at improving utility-scale solar farm development.

2.2 Method

Figure 2.1 illustrates the overall method. We start with NYS-wide tax prop-

erty data collected during assessment, and �lter, then rank all properties based

upon a set of criteria that affect the likelihood of those properties being devel-

oped into solar farms. Then, we model electricity outputs from the selected

solar farms under three penetration scenarios using historical meteorological

conditions and evaluate the impact on peak demand reduction and ramping

requirements.

Figure 2.1: Flow chart depicting a bottom-up approach for utilizing tax data to
draw conclusions about electricity system impacts associated with future solar
PV development.
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2.2.1 Utility-scale solar photovoltaic farm development

We utilized granular datasets including NYS-wide tax property classi�cations,

electrical substation locations, and geographic constraints to estimate a spatial

distribution of solar farms. Where solar farms are sited will determine whether

or not they displace electricity generated by conventional generators and there-

fore whether or not they mitigate greenhouse gas emissions. As predicting

precise locations encompasses numerous uncertainties, our focus lies on broad

trends rather than the likelihood of development for any individual site.

Site selection process

Property classes from the NYS real property system suitable for utility-scale so-

lar farms were identi�ed and compared against those hosting 15 existing solar

farms. Methods for �ltering and exclusion of land are summarized in Figure 2.2.

A 2015 statewide tax property dataset [3], obtained from the NYS Of�ce of In-

formation Technology Services, containing property boundaries and associated

tax information for every taxable piece of land within NYS formed the basis for

site selection. Figure 2.2a depicts property boundaries in a region near Buffalo,

NY.

Table 2.1 in Section 2.5 lists property classes considered appropriate for fu-

ture utility-scale solar farm development (listed as “Future” or “Both”), prop-

erty classes currently hosting solar farms, and explanations of any discrepan-

cies. Land that is fairly �at, clear of trees and buildings, and often vacant pro-

vides the simplest, most ef�cient, and most economical base for solar farm de-

velopment. Property classes re�ecting productive farmland were avoided due
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Figure 2.2: Properties remaining after each �lter has been applied are colored
in dark purple while light purple properties are those eliminated by the �lter.
(a) shows all original properties and their boundaries, (b) shows properties ex-
cluded due to unsuitable land classes, (c) shows which properties are larger
than 10 acres, (d) depicts which properties are within 1-mile of a distribution
level substation, and (e) shows all properties that have an average slope below
5%.

to anticipated future protection, but abandoned and vacant agricultural lands

were considered. Remaining properties after property class �ltering are shown

in Figure 2.2b.

Properties were also �ltered based on size, slope, and power system inter-

connection cost. Only solar farms of 2 MW (nameplate capacity) or above – re-
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quiring a minimum of 10 acres either on individual properties or collections of

contiguous properties – were considered as this capacity represents a common

threshold between utility-scale and commercial-scale solar. Since commercial-

scale solar installations often occur on different property classes than utility-

scale solar, this distinction is important. The 10-acre size for a 2-MW solar farm

is selected based on the National Renewable Energy Laboratory's (NREL) esti-

mate for solar PV installation density 39 MW km � 2 [28], which was con�rmed

by existing NYS solar farms. Land meeting both property class and size require-

ments are shown in Figure 2.2c.

Furthermore, properties were excluded if their average slope derived from

the US National Elevation Dataset [34] (the �nest resolution, 1/3 arc-second,

was used for the current study) exceeded 5% – see Figure 2.2d – as additional

costs incurred during initial development become prohibitive [4]. This fact was

con�rmed by examining existing NYS solar farms. Finally, properties were ex-

cluded if not located within a 1-mile radius of a distribution-level (up to 115 kV)

substation as depicted in Figure 2.2d. Locations for distribution-level substa-

tions within New York were obtained from Transmission Atlas TM for the East-

ern Interconnect region [2]. Euclidean distance to the nearest distribution level

substation was calculated and used as a surrogate to represent power system

interconnection costs, which are estimated by NREL at $500,000/mile [14]. Al-

though many studies assume no new interconnection lines will be installed for

projects below 10 MW, local developer feedback suggested that capital costs

for 2 MW farms become too great if the interconnection point is further than

one mile away. Note that we do not consider if lines have required capacity or

transfer capability to accommodate proposed solar farms.
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A major shortcoming inherent to the �ltering methodology is the exclusion

of all land within New York City (NYC). This occurs because no NYC properties

within property classes deemed appropriate for utility-scale solar development

meet size requirements. However, as this methodology seeks to strategically

deploy solar near load pockets, a solar PV capacity of 706 MW was assumed for

NYC under each scenario. The estimate was obtained by linearly interpolating

forecasted solar electricity production values reported for 2027 by the New York

Independent System Operator (NYISO) [6] out to year 2030. Although this ca-

pacity counted toward the total statewide PV penetration, no solar generation

values were calculated for Zone J (shown in Figure 2.3) as the model assumes

utility-scale PV installations.

Site Ranking

With a focus on peak demand reduction, sites were ranked based on surround-

ing population density derived from 2016 census data – a proxy for electricity

demand. Conversely, Yushchenko et al. considered a maximum distance from

human settlements favorable for utility-scale PV installations to allow for future

urban development [39]. Therefore, this study provides a perfect contrast and

can aid policy-makers balancing urban development costs with energy transi-

tion infrastructure costs. This quantity shows greatest sensitivity to the chosen

radius. For this study, we set this parameter to 5 miles around the centroid of

each proposed site location. To consider solar resource quality, the average pop-

ulation density was multiplied by a solar resource drought factor obtained by

dividing the annual average number of solar resource drought days at the near-

est meteorological station by 365. Solar resource drought days are de�ned as
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any day where daily average global horizontal irradiance (GHI) falls below 84

W m � 2 [20].

Solar penetration scenarios

The effect of different solar PV penetrations was investigated under three sce-

narios, i.e., 4500 MW, 6000 MW, and 9000 MW. These scenarios are based on

projections stemming from NYS' target of 3000 MW installed by 2023. The tar-

get capacities in the three scenarios were obtained through an adoption model

projecting explosive growth in solar PV installations in the short term following

by a leveling off of installations around 2025 as market saturation occurs [5].

Zonal allocation was achieved by calculating the average zonal peak load over

the 40 highest historical electricity demand days and assigning a fractional ca-

pacity to each zone by dividing the zonal average peak load by the state peak

load. The highest ranked sites in each zone were selected to meet zonal targets.

2.2.2 Hourly solar PV output

For each selected solar site, we used geographic coordinates at the centroid to

locate the closest of 32 airport-based meteorological stations across NYS shown

in Figure 2.3. Hourly solar GHI data were obtained from ASOS observations

processed using an adapted Meyers and Dale model [11] and made available

through the Northeast Regional Climate Center at Cornell University. GHI is

the sum of direct (DNI) and diffuse (DHI) radiation received on a horizontal

plane. Values for DNI were estimated using NREL's DISC model [25]. DISC is

a quasi-physical model that predicts DNI from GHI recognizing that air mass is
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the dominant parameter in the relationship between normal and global atmo-

spheric transmittance.

Figure 2.3: NYCA load zones depicted with letters A - K. Here, Zones A - F are
referred to as "upstate zones" and Zones G - K as "downstate zones". Weather
station locations are shown and identi�ed by their three character abbreviations.

Using ambient temperature, wind speed, GHI, and DNI at the clos-

est weather station, we employed NREL's solar PV System Advisor Model

(PVSAM), a robust model for estimating electricity production from grid-

connected solar PV arrays [19], to determine AC energy output at each site.

PVSAM evolved and incorporated functionality from Sandia National Labora-

tory's photovoltaic array performance model [23], which was later improved by

De Soto et al. [15], as well as a grid-connected inverter model [24]. This model

accounts for multiple loss assumptions, reported in Table 2.2 in Section 2.5, in its

estimate of electricity generation. Azimuth angles of 180° clockwise from due

north and array tilts equal to latitude were assumed. Each farm was modeled in

2 - 3 MW blocks composed of CS6X-315P modules manufactured by Canadian

Solar connected to a single SC2200-US 385V inverter manufactured by SMA So-

lar Technologies. This hardware pair was chosen because it appears in multiple
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projects approved for construction within the NY-Sun database [1], which con-

tains information about all operational solar projects across the state as well as

those in the interconnection queue.

2.2.3 Net load pro�les, peak demand reduction, and ramping

rates

The NYISO operates NYS's power grid (also known as New York Control Area,

NYCA) and wholesale electricity markets. There are eleven NYCA load zones

(A - K) as marked in Figure 2.3. Net load pro�les and ramping rates were calcu-

lated at a regional level bisecting NYS into upstate Zones A - F (shown in light

blue in Figure 2.3) and downstate Zones G - K (shown in dark blue in Figure

2.3). Zones were grouped in this manner due to the presence of the Central-

East transmission constraint within NYCA. When this constraint is active, no

additional power can be transferred across the interface between upstate and

downstate zones, thereby making it impossible for zones downstate to take ad-

vantage of resource �exibility within upstate zones. For example, if cooling load

during a HEDD in NYC increases by 5 MW when the Central-East constraint is

active, a resource within Zones G - K with an adequate response rate must be

dispatched to meet this load even if there is excess electricity being generated

by solar upstate that could otherwise balance this demand increase. Therefore,

as a system operator, the NYISO must ensure that suf�cient �exible ramping

capability exists independently within each of these two regions to balance the

bulk power system for all reasonable �uctuations in net load.

Since wholesale electricity prices are set at the sub-zonal level, peak demand
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represents a more local issue. However, because most end-use customers pay

zonal electricity prices, we chose to study peak reduction at the zonal level as

well.

Net load pro�les by NYISO zone

In order to analyze the impact of different solar PV penetration scenarios on

NYISO zonal and regional load conditions, we calculated the hourly net load

pro�les by load zone under each scenario. Historical load data are publicly

available through NYISO. Generation by each solar farm developed under a

scenario was estimated using the methodology described in Section 2.2.2. Elec-

tricity produced by all solar farms within each load zone was then summed

together and subtracted from the zonal load over the same period to obtain the

net load, as shown in Equation 2.1,

Zonal Net Load = NYISO Load �
NX

i=1

(Solar Farm Generation)i (2.1)

where N is the number of solar farms selected for development within the load

zone under the chosen PV scenario.

Zonal load duration curves and peak demand reduction

Net load pro�les are used to compute load duration curves (LDCs) and peak

demand reduction. LDCs are created by sorting net load from highest to lowest,

depicting what fraction of the time various generation capacities are required.

LDCs allow for long-term planning of what category of generation capacity –

baseload, load following, or peaking – should be developed to satisfy forecasted

demand changes.

21



Two distinct methods exist for de�ning peak demand reduction. A sim-

ple method takes total solar generation during a NYISO historical peak load

hour. The other method is to de�ne peak reduction as the difference, in MW,

between the maximum of the LDCs constructed from the NYISO historical load

and modeled net load during any given day, which accounts for shifting of peak

load toward evening hours when solar resources provide less electricity. This

`delayed peak' is what the NYISO must accommodate during future system op-

erations. The �rst method usually reports higher numerical values in peak de-

mand reduction, but the second method was used because it provides a better

metric to assess the peak demand reduction value of solar resources.

Ramping rate curves

Ramping rates were calculated by subtracting the net load during the previous

hour from the net load during the current hour as shown in Equation 2.2.

Ramping Rate =
(Net Load) t � (Net Load) t� 1

1hour
(2.2)

Ramping rates were calculated (in MW/h) and plotted over a temporal period

matching that for net load.

2.3 Results and Discussion

2.3.1 Spatial distribution of projected solar farm sites

As illustrated in Figure 2.4, different spatial distributions of solar PV farm sites

resulted from each capacity penetration scenario. In this study, spatial distribu-
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tion speci�cally refers to the organization of solar farms across the state. The

678 highest-ranked sites ful�ll the 4500 MW capacity scenario. The number of

sites under the 6000 MW and 9000 MW capacity scenarios are 920 and 1320,

respectively.

Figure 2.4: Solar farm distribution across NYS. Blue points correspond to sites
selected under only the 4500 MW scenario. Gold points correspond to sites
added moving to the 6000 MW scenario, and dark red points correspond to
sites added under the 9000 MW scenario.

The map clearly shows that a suf�cient quantity of low-value land exists

across the state where solar PV could be deployed – a feature consistent with

other GIS studies: Brewer et al. reported that between 43-71% of all land within

California counties chosen for the study was suitable for solar PV development

[13], and Yushchenko et al. reported a total PV generation potential of up to

686,686 TWh/year for West Africa [39]. Ranking sites primarily by population

density resulted in many sites clustered tightly together, which could cause local

over-generation decreasing the locational marginal price (LMP) of electricity at

the sub-zonal level. However, such sub-zonal level effects are tempered when

net load is aggregated at the zonal level. As mentioned previously, although

wholesale prices are set at the sub-zonal level, most end-use customers pay the
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zonal price justifying this aggregation. Regardless, future work must address

sub-zonal level analysis of distribution systems with high solar PV penetra-

tions. It should be noted that the distributions depicted depend on the �ltering

and ranking criteria presented in Section 2.2.1. Our study is focused on demon-

strating an integrated approach inclusive of market values, not on predicting

precisely where solar farms will be developed.

2.3.2 Implications for system �exibility and peak load reduc-

tion

Peak load requirements during summer

Table 2.4 in Section 2.5 lists the 40 highest electricity demand days, their peak

load, and GHI values during the peak load hour on each day. Historically, the

highest loads have occurred in early evening hours from June through Septem-

ber. To illustrate the effect that increased solar development will have upon

system peak, we selected an extreme summer episode running from July 15-19,

2013, which overlaps with one of longest historical heat waves ever recorded

– lasting for seven days. On July 19, 2013, NYS as well as NYC hit its high-

est historical electricity demand. For this episode, the LDC depicted in Figure

2.5c clearly shows that solar provides a valuable peak mitigation service for

the upstate region (Zones A - F) during the summer season. Similar trends for

the downstate region (Zones G - K) are observed in Figure 2.9c in Section 2.5.

Under the 9000 MW penetration scenario, solar causes slight and infrequent dis-

placement of baseload resources during mid-day in the upstate zones. Ramping

rates, shown in Figures 2.5b and 2.9b, are lower during morning hours but in-
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crease in the late afternoon for the upstate zones where the majority of solar

resources are installed.

Figure 2.5: (a) Shows net load pro�les for upstate Zones A - F under each of
the three scenarios during the heat wave spanning from July 15-19, 2013. Peak
load for this episode under the no solar scenario reached 12,573 MW. (b) De-
picts ramping rates for Zones A - F over the same temporal period. Solar farms
mitigate a signi�cant portion of peak load without causing signi�cant cycling
of thermal power plants. The highest ramping rate calculated (1,171 MW h � 1)
occurred under the 9000 MW scenario. (c) Gives load duration curves for Zones
A - F under each of the three scenarios during the heat wave spanning from July
15-19, 2013. These con�rm that peak load is reduced and shows that little to no
baseload capacity is displaced by solar generation from the baseline scenario.

Figure 2.7 provides a summary of historically observed peak loads and max-

imum ramping rates as well as those modeled for each scenario for both upstate
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and downstate regions in NYS. Over 40 historical HEDDs (listed in Table 2.4),

utility-scale solar PV resources reduce peak demand between 0.7-7.0%, 0.7-8.2%,

and 0.7-9.6% among different zones under the 4500 MW, 6000 MW, and 9000

MW scenarios, respectively. Mean peak demand reduction values within each

zone under each scenario are summarized in Table 2.3 in Section 2.5. Large de-

viations from the mean occur because output from a solar farm during a single

hour is highly sensitive to meteorological conditions. For example, a sudden

increase in local cloud coverage leads to a subsequent drop in solar PV output.

Ramping rates are physically constrained by an electricity network's existing

infrastructure, and peak demand reduction does not guarantee a reduction in

ramping rates. Although solar developers may seek to install solar PV in regions

with favorable resources or high LMP to increase their revenue stream, system

planners need to ensure that local power systems can accommodate changes in

ramping rates. Depicted in Figure 2.7, the maximum ramping rate in the upstate

region (Zones A - F) reached 1,096 MW h� 1 historically and could reach 1,694

MW h � 1 under the 9000 MW scenario. This ramping rate exceeds proven ramp-

ing capability by 55%. Therefore, utilities and operators should evaluate cur-

rently available ramping capability and estimate an optimal solar PV capacity –

or upper limit – within each region given existing grid infrastructure. Utilizing

current operational paradigms, the NYS electricity system can comfortably ac-

commodate 4500 MW of additional solar during summer months, but increased

�exibility becomes necessary before solar PV capacity reaches 6000 MW.
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Ramping requirements during winter

During winter months, diurnal peak electricity demand falls outside the gen-

eration window for solar PV. As a result, solar generation provides no peak

reduction but still affects ramping requirements. Therefore, it is prudent to ana-

lyze the impact of solar generation during the winter season. As in summer, we

illustrate this impact via an extreme winter episode.
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Figure 2.6: (a) Shows net load pro�les for upstate Zones A - F under each of
the three scenarios over a cold spell spanning from January 22-26, 2014. Peak
loads as high as 10,914 MW were observed and are not reduced by solar PV
generation. (b) Depicts ramping rates for Zones A - F over the same tempo-
ral period. The most drastic increases in required ramp rate occurs to meet the
evening peak load, which has more than doubled on some days. The highest
ramping rate – 2,356 MW h � 1 – occurs under the 9000 MW scenario. (c) Gives
load duration curves for Zones A - F for each of the three scenarios over the
winter cold spell spanning from January 22-26, 2014. No peaking capacity is
displaced by solar PV generation, but a signi�cant amount of baseload genera-
tion is displaced during mid-day if solar electricity is considered must-take.

A winter peak episode spanning from January 22-26, 2014 occurred during

a cold spell in the wake of a moderate snow storm. Most places across NYS

experienced temperatures remaining in the teens for the entire week. These

freezing temperatures were accompanied by sunshine on several days which
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can easily be seen in the net load curves plotted in Figure 2.6a for the upstate

region, and Figure 2.10a for the downstate region. Daytime solar production is

particularly evident on January 24. Accompanying strong solar production is an

equally strong up-ramp as peak load hits after the sun sets as shown clearly in

Figure 2.6b. As expected, solar generation does not aid in peak reduction during

the winter as is evident from common maximum values in LDCs depicted in

Figures 2.6c and 2.10c. However, solar generation under the 9000 MW scenario

often displaces upstate baseload generators around mid-day during winter.

With solar displaying deep displacement of baseload power generation dur-

ing the mid-day, load-following generators would need to be cycled in order to

avoid any solar curtailment during this episode. As noted previously, this can

lead to higher overall emissions if generators remain idle. Under the 9000 MW

scenario, depicted in Figure 2.7, the maximum up-ramping rate in the upstate

region (Zones A - F) could reach 2,754 MW h� 1 – a 151% increase from the max-

imum historical ramping rate observed within the region (1,096 MW h � 1). Con-

sequently, ramping requirements in the upstate region during winter represent

the greatest concern for future system planning. However, as a greater fraction

of the heating and transportation sectors become electri�ed, winter load pat-

terns may shift. Conjointly, introduction of new technologies such as a �exible

ramping product in the NYISO wholesale market, electrical energy storage, and

fast-response natural gas facilities will aid in accommodating increased ramp-

ing requirements on the supply-side to a certain degree.
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Figure 2.7: Bar chart depicting a summary of peak load ( left) and ramp rate
(right) split by region, season, and scenario over the entire temporal period from
2010 - 2015. Summer encompasses June through August, and winter encom-
passes November through March each year. Note that peak loads and maxi-
mum observed ramping rates do not generally occur during the same hour.

2.3.3 Implications for installed capacity valuation

In the draft VDER proposed by NYSDPS, there are three compensation op-

tions for the installed capacity of a DER project [41], which are directly associ-

ated with peak demand reduction and critical to the project's �nancial viability.

These options are: 1) a small $/kWh credit for every kWh injected to the grid,

2) a higher $/kWh value for each kWh injected to the grid between 2 and 6pm

from June 1 through August 31 (i.e., summer peak hours), or 3) a lump sum pay-

ment in terms of $/kW injected during the system peak hour (i.e., the one hour

each year when the NYISO system peak occurs). The �rst option is proportional

to the annual capacity factor. For the second option, we de�ne the summer peak

production factor (SPPF), as shown in Equation 2.3, to facilitate comparisons,

SPPFi =
P

h2H(Energy Generation)h

(Nameplate Capacity) � (460Hours )
; (2.3)
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where h represents each individual hour within the set H of 460 summer peak

hours occurring between 2-6 pm, inclusive, spanning June 1 through August 31

during a single year i. For the third option, we de�ne the peak hour production

factor (PHPF), shown in Equation 2.4 below:

PHPFi =
Energy Generationph

(Nameplate Capacity) � (1Hour )
; (2.4)

where ph represents the single hour for a given year i when the NYISO system

peak occurred.

Figure 2.8 shows the mean values (as points) and ranges (as error bars) of

annual capacity factors, SPPFs, and PHPFs calculated for each year between

2010 and 2015 at all NYS meteorological stations (locations shown in Figure 2.3).

Mean values of SPPFs at individual sites are within a narrow range between 0.24

and 0.33 – much higher than the corresponding annual capacity factors ranging

from 0.11 to 0.16. Thus, on average, a solar farm in NYS contributes between

24-33% of its capacity toward summer peak demand reduction. Mean SPPFs

(inclusive only of peak hours) are 65-171% higher than the average annual ca-

pacity factors (inclusive of all hours), con�rming that favorable solar resources

often coincide with peak load hours. PHPF values differ substatially among

different years at any given location and across different stations ranging from

0.10 to 0.74. Such variations remain unsurprising as cloud cover drastically de-

creases output during unlucky hours.

Our analysis implies several key challenges in developing sound valuation

methodologies for solar projects from a system planning perspective. Ideally,

a competitive market for solar development should incentivize projects to per-

form well during system peak hours thereby displacing power produced from

the most expensive fossil-fueled generators. As the annual capacity factors and
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SPPFs (corresponding to the �rst and second options described above) experi-

ence smaller �uctuations from year to year, these metrics provide solar devel-

opers with desired �nancial consistency. However, neither of these two options

truly capture the role that solar resources play in meeting system peak demand

– the underlying purpose of the installed capacity market. The merit of the tra-

ditionally required third option is its contingency on the single hour of the year

when demand peaks. Therefore, the effect of resource intermittency is implicitly

considered as evinced by the signi�cant variability observed in PHPFs. Unfor-

tunately, since the hour of the system-wide peak is unpredictable beforehand

and long-term solar forecasting remains wildly inaccurate, option three proves

too volatile to act as an effective market signal to solar developers.

As such, a combination of two options (options 1 and 3, or options 2 and

3) may be more effective than simply exempting DER generators completely

from valuation based on system peak performance – as currently proposed by

VDER. However, it is important to bear in mind that adding additional com-

plexity may erect a barrier hindering further solar development. The overall

approach presented in this chapter can assist system planners and solar devel-

opers with strategic resource siting. In this way, clear incentives may be de-

signed that ensure adequate system capacity, alleviate congestion, and provide

developers with predictable revenue streams.
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Figure 2.8: Scatter plot with points representing the mean value of the annual
capacity factor, the summer peak production factor (SPPF), and the peak hour
production factor (PHPF). Error bars show the range of each factor, which was
calculated using electricity generated by a 2 MW solar farm. Single factors were
calculated for each year between 2010-2015 at each of 32 NYS meteorological
stations. Stations are sorted by zone.

2.4 Conclusions

In this chapter, we assembled a set of comprehensive and spatially granular

datasets, combined with meteorological and electricity system data, to assess

the impact of utility-scale solar on power systems. The bottom-up approach

we adopted estimated the spatial distribution of solar farms across NYS in GIS

using tax classi�cation data, electricity network infrastructure data, and census

data to determine the effect of solar farm development on peak load and ramp-

ing rate within different regions using real-world meteorological data from his-

torical events.

We showed that on average, a solar farm in NYS generates between 24-33%

of its nameplate capacity during peak demand hours and con�rmed that favor-
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able solar resources are generally correlated with high energy demand hours. In

addition, peak demand reduction displays locational and temporal dependency.

During the system peak hours between 2010 and 2015, a solar farm generated

anywhere between 10 and 74% of capacity. Such variability in performance dur-

ing system peak creates uncertainty in a solar farm's installed capacity payment

thereby making it more dif�cult to obtain project �nancing. Therefore, an al-

ternative installed capacity compensation mechanism that values all summer

peak hours in addition to the system peak and sends a more predictable market

signal to developers should be established.

Our results clearly demonstrated the importance of evaluating ramping

requirements alongside peak demand reduction. While solar generation of-

ten reduces peak load during summertime, it tends to displace baseload re-

sources during wintertime. Examining historical summer peak and winter peak

episodes indicated that maximum ramping rates will likely take place during

wintertime under high solar penetration scenarios. As such, system �exibility

constraints during wintertime should be assessed.

Due to the highly uncertain nature of local public support surrounding so-

lar farms, a shortcoming of this and related research is its inability to consider

the social science aspect of solar siting. Clearly, public opinion must be char-

acterized fully before a truly accurate spatial distribution of solar farms can

be constructed. Further, substation location was the only electrical infrastruc-

ture data used in this methodology. Future work will consider more detailed

treatment of electrical infrastructure, imports and exports to and from adja-

cent electricity markets, and the role that electrical energy storage may play in

enhancing �exibility of grid-connected solar PV. Finally, future work will also
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encompass micro-meteorological conditions by supplementing meteorological

data obtained from weather stations with that obtained via numerical weather

prediction.

Although results presented here use NYS data, the approach can be gener-

alized to aid in developing or assessing compensation methodologies for the

demand reduction value and installed capacity value of solar projects in other

deregulated electricity markets.
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2.5 Supporting Information

Table 2.1 shows which property classes where solar farms have been developed

in the past as well as those were deemed adequate to support utility-scale solar

farms in the future. Less than 1% of properties within the tax dataset have no

assigned property class. A limitation of this dataset is that only one property

class can be assigned to each property, so only the code for the property class

that takes up a majority of the land is reported. Detailed information about all

NYS property codes can be obtained from the New York State Department of

Taxation and Finance.
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Figure 2.9: (a) shows net load pro�les for downstate Zones G - K under each
of the three scenarios during the heat wave spanning from July 15-19, 2013.
Solar generation clearly has a much smaller effect on net load downstate as far
fewer suitable properties are available here. Peak load for this episode under the
no solar scenario reached 21,705 MW. (b) depicts ramping rates in Zones G - K
under each of the three scenarios over the same temporal period. Highest ramps
remain during the morning ramp, and the highest ramp rate (1,520 MW h � 1)
occurred under the no solar scenario. (c) gives load duration curves for Zones
G - K under each of the three scenarios during the heat wave spanning from July
15-19, 2013. Peak load is reduced by a modest amount when compared with the
upstate zones.
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Table 2.1: The �rst two columns give property class codes and descriptions for
land either on which existing solar farms are located or that assumed suitable
for future utility-scale solar PV farm development. The third column identi�es
if a property class has seen solar development, is assumed to see solar devel-
opment in the future, or both. Lands classi�ed under all codes without “Fu-
ture” or “Both” listed in column three were excluded. Column four provides
a justi�cation for discrepancies between historically observed and future solar
development for a property class.

Code Description Existing/ Justi�cation
Future

140 Truck Crops – Not Muck-
lands

Existing Future protection expected

240 Rural Residence with
Acreage

Both N/A

241 Primary residential, also
used in agricultural produc-
tion

Existing Future protection expected

311 Residential Vacant Land Future Can be repurposed with PV

320 Rural Future Catch all category

321 Abandoned Agricultural
Land

Future Solar already exists on produc-
tive farm land

322 Residential Vacant Land
Over 10 Acres

Both N/A

323 Other Rural Vacant Lands Both N/A

330 Vacant Land Located in
Commercial Areas

Both N/A

340 Vacant Land Located in In-
dustrial Areas

Future Similar to 340

613 Colleges and Universities Existing Does not generally have enough
land for PV development

652 Of�ce Building Existing Does not generally have enough
land for PV development

714 Light Industrial Manufac-
turing and Processing

Both N/A

720 Mining and Quarrying Future Can be repurposed with PV af-
ter retirement

852 Land�lls and Dumps Both N/A

877 Electric Power Generating
Facility – Other Fuel

Existing Only classi�ed as this after con-
struction

43



Table 2.2: Loss factors assigned within NREL's System Advisor Model PV Mod-
ule

Description Loss

Average soiling 5.0%
Module mismatch 2.0%
Diodes and connections 0.5%
DC wiring 2.0%
Tracking error 0.0%
Nameplate 0.0%
DC power optimizer loss 0.0%
AC wiring 1.0%

Table 2.3: Mean and standard deviation of peak demand reduction values for
each load zone. Mean taken over the peak demand reduction on the 40 highest
electricity demand days, which explains the high standard deviation values (i.e.,
cloud cover and therefore solar irradiance on each high electricity demand day
shows a great deal of variability). All values are rounded to the nearest MW.
Values in zones H,I, and K do not change because so few sites were selected
that all available sites in these zones were developed under each scenario. No
sites in zone J were selected using the current methodology.

Load Zone 4500 MW 6000 MW 9000 MW

Zone A 179(� 54) 199(� 57) 227(� 63)

Zone B 135(� 37) 157(� 42) 185(� 42)

Zone C 155(� 56) 180(� 61) 203(� 66)

Zone D 15(� 9) 15(� 9) 16(� 10)

Zone E 70(� 37) 80(� 42) 92(� 45)

Zone F 103(� 57) 121(� 61) 138(� 63)

Zone G 118(� 58) 144(� 71) 173(� 81)

Zone H 14(� 7) 14(� 7) 14(� 7)

Zone I 3(� 1) 3(� 1) 3(� 1)

Zone J 0(� 0) 0(� 0) 0(� 0)

Zone K 38(� 11) 38(� 11) 38(� 11)
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Figure 2.10: (a) shows net load pro�les for downstate Zones G - K under each
of the three scenarios during a cold spell spanning from January 22-26, 2014.
Peak loads as high as 14,086 MW were observed and are not reduced by solar
PV generation. (b) depicts ramping rates in Zones G - K over the same tem-
poral period. Only small changes in ramping rates are seen in this region, but
the highest (1,117 MW h� 1) occurs under the 9000 MW scenario. (c) gives load
duration curves for Zones G - K for each of the three scenarios over a cold spell
spanning from January 22-26, 2014. No peaking capacity or baseload capacity
will be displaced by solar in this region under any of the considered scenarios.
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Table 2.4: Highest historical electricity demand days in NYS.

Rank Date Hour

1 July 19, 2013 17
2 July 22, 2011 16
3 July 21, 2011 17
4 July 6, 2010 17
5 July 18, 2013 17
6 July 17, 2013 17
7 July 7, 2010 16
8 July 15, 2013 17
9 July 17, 2012 17
10 July 16, 2013 17
11 July 18, 2012 14
12 June 21, 2012 15
13 July 12, 2011 15
14 Sept 2, 2010 16
15 Sept 1, 2010 17
16 July 8, 2010 17
17 June 20, 2012 17
18 Aug 31, 2010 17
19 July 20, 2011 17
20 Sept 11, 2013 17
21 July 29, 2015 17
22 Aug 5, 2010 17
23 Sept 8, 2015 17
24 June 29, 2012 17
25 July 16, 2012 17
26 Aug 4, 2010 17
27 June 9, 2011 14
28 July 11, 2011 17
29 June 8, 2011 17
30 July 20, 2015 16
31 July 6, 2012 17
32 July 19, 2011 18
33 Aug 17, 2015 17
34 July 5, 2012 16
35 July 16, 2010 17
36 July 28, 2015 17
37 July 23, 2013 17
38 Aug 1, 2011 16
39 July 8, 2013 17
40 June 28, 2010 14
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CHAPTER 3

SPATIAL BIASES REVEALED BY LIDAR IN A MULTIPHYSICS WRF

ENSEMBLE DESIGNED FOR OFFSHORE WIND

Abstract

Numerical weather predictions (NWPs) have become essential in offshore wind

energy planning and operations. Thus, rigorous assessments of NWP model

performance are critical to integrating offshore wind power into existing power

systems. Taking advantage of two LiDAR buoys launched off the coast of New

York in 2019, we assess the performance of a multiphysics Weather Research and

Forecast (WRF) model ensemble with a 1.33-km spatial resolution for estimat-

ing the power system impacts associated with New York's offshore wind target.

Our work is the �rst to report WRF horizontal wind speed biases not only at

multiple heights above sea level but at two locations while still considering all

seasons. WRF tends to overpredict wind speeds during spring and summer and

underpredict wind speeds during winter. However, the patterns in wind speed

biases differ substantially between the two buoys offering compelling evidence

against spatially uniform biases, which impacts the performance of numerous

bias correction methods frequently used to post-process WRF data. Therefore,

additional measurements of wind speeds throughout the lower atmosphere are

necessary to fully characterize bias patterns. With the recent goal set by the U.S.

to install 30 GW of offshore wind by 2030 – largely along the East Coast, mis-

predictions carry important policy implications. Absent accurate offshore wind

uncertainty forecasts, power system operators throughout the Eastern Intercon-

nection will be forced to dispatch their most expensive and likely high emitting
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power plants to compensate for periods of underperformance.

3.1 Introduction

Despite staggering global contractions across many industries, solar and wind

developers set records in 2020 [28]. The United States was no exception adding

19.2 GW of solar [44] and 14.2 GW of wind [13], which accounted for 81% of new

capacity. However, even with renewable portfolio standards in place and access

to technologies proven in other parts of the world, the United States remains

behind when it comes to offshore wind. Two proof-of-concept projects – the

Block Island Wind Farm totaling 30 MW and the Coastal Virginia Offshore Pilot

project totaling 12 MW – account for all the offshore wind connected to the US

power grid. Still, projects at various stages of the offshore wind development

pipeline have swelled to 35.3 GW [38]. Given the multi-year regulatory and

industrial timelines associated with these projects, governments and non-pro�t

agencies need robust assessment tools today in order to analyze the impacts on

energy and social systems as this transition happens.

As observational wind speed data above the surface level are dif�cult to

come by, numerical weather predictions (NWPs) provide vital insight into

boundary layer meteorology and wind power prediction. In particular, the

Weather Research and Forecasting (WRF) model [45] is ideally suited for con-

ducting everything from short-range forecasts [51, 6] to regional wind resource

assessments [11, 32]. Draxl et al. used WRF to create the WIND Toolkit for

the entire United States [11]. WRF's �exible framework can be attributed to the

staggering number of schemes available for parameterizing subgrid-scale pro-
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cesses, i.e., physical phenomena that are not directly resolved by the model at

the user-speci�ed grid spacing. For wind energy analyses, the choice of plane-

tary boundary layer (PBL) scheme likely has the highest impact on model results

as it controls how pro�les are represented in the lowest part of the atmosphere.

Speci�cally, turbulence is mostly a subgrid-scale process in mesoscale models,

and PBL schemes seek to capture the turbulent �uxes of heat, moisture, and

momentum that occur in the lower troposphere [9]. Previous work has looked

at how well different PBL schemes simulate winds under different atmospheric

stability conditions [12], conducted a WRF physics sensitivity analysis for winds

over complex terrain [14], created ensembles to improve wind speed prediction

near turbine hub height [10], and reported the value of downscaling various

global datasets with WRF for regional wind resource assessments [16]. Fitch

et al. introduced a wind farm parameterization (WFP) that represents an in-

dividual wind turbine with a turbulent kinetic energy source and momentum

sink, which captures turbine-turbine interactions, as well as the minor effect that

wind farms have upon mesoscale meteorology [15], which has subsequently

been evaluated for both onshore [33] and offshore [29] applications.

The number of studies applying WRF to offshore wind has exploded in re-

cent years compelling Banta et al. to suggest that offshore wind energy can pro-

vide a backdrop for making improvements to NWP models[4]. Broadly, these

studies fall into two main categories a) assessment, sensitivity, or validation

of offshore winds and b) longer-term wind resource assessments (e.g., regional

wind climatologies); often, the wind resource assessments offer some validation

thereby covering both categories. Gryning and Floors compare WRF forecasts

and downscalings to a LiDAR buoy in the North Sea [22]. Giannakopoulou and

Nhili assess four PBL schemes and two reanalysis products, ERA-Interim and
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NCEP FNL, using data from a 100 m mast in the North Sea [17]. A similar val-

idation was performed for an ERA-Interim downscaling using a larger domain

in the same region [5]. Kikuchi et al. use measurements from an offshore mast

in Japan to nudge WRF improving the modeled wind speeds [30]. Comparing

WRF to LiDAR measurements, Goit et al. found that WRF tends to overestimate

wind speeds at higher altitudes off the coast of Japan [21]. Several studies also

validate offshore wind produced by WRF using surface-level wind speed mea-

surements at buoys extrapolated to wind turbine hub heights [8]. Offshore wind

resource assessments were conducted using WRF for the North Sea [26, 35], the

North and Baltic Seas [23], Europe [25], Alaska [32], Northwest India [31], China

[34, 26], Japan [46], and Chile [36].

In the United States, Archer et al. expressed the need for more offshore ob-

servations and uncertainty characterization [3] later estimating offshore wind

forecast errors at wind turbine hub height by analyzing the forecast errors at

23 onshore wind farms across the U.S. East Coast [1]. Separately, Archer et al.

analyzed data collected at a meteorological mast during the 2000s in Nantucket

Sound and reported that unstable atmospheric conditions dominate [2]. Pichug-

ina et al. stress the importance of high-resolution LiDAR measurements by com-

paring two forecast models – the NCEP Rapid Refresh (RAP) and the North

American Mesoscale Forecast System Rapid Refresh (NAMRR) – each run over

the Gulf of Maine with and without ingesting data from ship and land-based

LiDAR measurements [41].

While many WRF studies consider offshore wind or the Northeastern U.S.,

few look at the intersection of these, and none have validated WRF wind speeds

using continuously available LiDAR data. Turbines rely on winds in the low-
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est part of the atmosphere where turbulent mixing creates complicated �ow

patterns not only in three-dimensional space but across time as well. There-

fore, a complete model validation should ideally assess each of these dimen-

sions. Of course, previous studies have made use of available data often relying

on land-based measurements, surface wind speed measurements, or reanalysis

data products, which cannot capture the complicated spatiotemporally vary-

ing behavior of wind speeds aloft. Here, we validate a multiphysics ensem-

ble of WRF models, each member (i.e., WRF simulation with a distinct set of

physics parameterizations) of which has been used for wind studies previously,

by comparing them to data from the two LiDAR buoys off the coast of New

York. The New York State Energy Research and Development Authority (NY-

SERDA) funded the LiDAR buoys, which went online in August and September

2019, respectively [18, 19]. These buoys give us insight into the trends in WRF

horizontal wind speed biases in four dimensions improving on previous data-

limited validation work.

3.2 Method

This section covers two major topics. First, we explain the WRF model, the

multiphysics ensemble created for this study, and how we chose representative

simulation periods. Then, we cover model validation – both from the perspec-

tive of individual members and from the ensemble as a whole.
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3.2.1 Offshore Wind Observational Data

In this study, we leverage a unique public offshore wind dataset that provides

wind speed observations up to 200 m. This data comes from two EOLOS FLS-

200 buoys that NYSERDA contracted DNV GL to deploy in the New York-New

Jersey Bight. The locations of these two buoys are shown in panel a) of Figure

3.1. For the remainder of this chapter, we will refer to the buoy further to the

north and east as the “north buoy” and the buoy further to the south and west

as the “south buoy.” The image in panel b) on the right in Figure 3.1 shows

what these buoys look like �oating on the ocean. Wind speed measurements

are available every 20 m up to 200 m above sea level (a.s.l.). Before deployment,

each buoy was tested to ensure that mean wind speeds did not deviate by more

than 1% from benchmark observations and that at least 90% of measurements

had an absolute wind speed difference of within 5% and less than 0.5 m s � 1 from

the benchmark observations [18, 19]. DNV GL reported a systematic uncertainty

on the order of 2% for the �oating LiDAR buoys for all heights that they com-

pared from wind speeds between 4 - 16 m s� 1. To the best of our knowledge, this

is the longest-running offshore wind dataset providing observations at multiple

heights and multiple locations within the same region anywhere in the United

States.

3.2.2 WRF Ensemble Setup

WRF's �exibility poses both challenges and opportunities. A staggering num-

ber of possible customizations make WRF the go-to tool for forecasting and

downscaling studies alike across myriad diverse regions and applications.
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Figure 3.1: a) on the left shows the locations of the north buoy and the south
buoy, respectively. b) on the right shows one of the EOLOS FLS-200 buoys in
operation (Photo provided by Ocean Tech Services Inc).

However, tracking WRF's performance over a set of studies considering the

same region or application becomes dif�cult as model setups are sometimes

institutionalized and gradually improved over multiple projects. This is espe-

cially prevalent in the case where institutional models are passed down from an

earlier study.

Here, we create an ensemble using WRF physics setups that already appear

in the WRF offshore wind literature. Five major physical processes cannot be

resolved by the WRF model and are instead parameterized. These include mi-

crophysics, radiation (separate schemes handle longwave (LW) and shortwave

(SW) radiation), the land surface (LSM), the PBL, and cumulus clouds. Note

that WRF run with a grid spacing below about 4 km begins to resolve clouds

directly, so we turn off the cumulus scheme below this grid spacing threshold.

A separate surface layer scheme parameterizes the �uxes exchanged between

the land surface and the PBL, but the choice of the surface layer scheme is heav-
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ily constrained by the PBL scheme. Several more minor parameterizations are

also available in WRF (e.g., lake physics and urban canopy), but we omit these

because they should have little to no effect on winds offshore, and therefore, it

is likely that these were left at the WRF defaults in previous studies.

Table 3.1 provides information about parameterization schemes used in the

�ve WRF setups from the literature adopted for this work. Each of these se-

tups was chosen for a speci�c reason. Optis et al. [40] and Veron et al. [50]

are the only studies that use WRF for offshore wind in the Northeastern US.

The domain con�guration used by Optis et al. is similar to the one we use in

this work except that our �nest domain has a horizontal resolution of 1.33 km

rather than 3 km. We included the Lee and Lundquist setup [33] because, al-

though they conducted their validation over the continental US, their work is

currently the most comprehensive evaluation of the WRF WFP, which can eas-

ily be implemented offshore. The �nal two setups were both taken from Draxl

et al. [12]. The difference between these two setups lies in the choice of PBL and

surface layer parameterization schemes. Speci�cally, Draxl et al. found that the

setup with the YSU PBL scheme (we call this setup Draxl 2014a) outperforms

the rest when the atmosphere is unstable at Høvsøre, and the setup with the

MYJ scheme (we call this setup Draxl 2014b) performs the best during stable

and very stable conditions. Given that previous work reported a high preva-

lence of unstable atmospheric conditions off the coast of Massachusetts [2], we

wanted to investigate if these trends in PBL scheme performance hold in the

Northeastern US as well.
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Table 3.1: WRF Model Setups

Optis 2021 [40] Veron 2018 [50] Lee 2017 [33] Draxl 2014a [12] Draxl 2014b [12]

Microphysics Thompson Thompson Thompson Aerosol Thompson Thompson
LW Radiation RRTMG RRTM RRTMG RRTM RRTM
SW Radiation Goddard Dudhia RRTMG Dudhia Dudhia
LSM Noah Noah Noah Noah Noah
PBL MYNN2 MYJ MYNN2 YSU MYJ
Cumulus None BJM Kain-Fritsch Kain-Fritsch Kain-Fritsch
Surface Layer Revised MM5 Eta Similarity Revised MM5 Revised MM5 Eta Similarity

WRF model domain and boundary condition data

The modeling domain, shown in Figure 3.2, consists of three two-way nested

domains with horizontal resolutions of 12 km, 4 km, and 1.33 km, respectively.

The largest domain, represented by the bounding box of Figure 3.2, is centered

over the Northeast United States. The intermediate domain (d02) is outlined in

white, and the �nest domain (d03), which we use for all analysis, is outlined in

red. All three domains have 36 levels in the vertical direction, and the pressure

at the model top is 5000 Pa. The eta levels were set manually (Table 3.4 in Sec-

tion 3.5.1 gives the exact eta levels) to ensure that 6 vertical levels represented

approximately the lowest 200 m above ground level. This should better accom-

modate the WRF WFP, which performs better when a greater number of cells

exist lower in the modeling domain [33]. We used a 45 second time step in the

coarse domain for all simulations, and for the �nest domain (d03), we changed

the output data resolution to 10 minutes to match that of the validation data (see

Section 3.2.3). Refer to Section 3.5.2 for the remaining constant WRF namelist

parameters. ERA5 data provided by the European Centre for Medium-Range

Weather Forecasts (ECMWF) was used as boundary condition data for each of

the �ve members [27].
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Figure 3.2: WRF domain con�guration. The largest domain has a horizontal
resolution of 12 km and is shown by the �gure's bounding box covering the
Northeastern US. Intermediate domain, d02, has a horizontal resolution of 4
km, and the smallest domain, d03, which we use for analysis, has a horizontal
resolution of 1.33 km.

Simulation periods

Given the computational cost of running WRF simulations at 1.33 km resolu-

tion, we selected four “representative weeks” in 2020 and ran each ensemble

member for a continuous period of 8 days initialized at 00:00 UTC. The �rst day

is used as a spin-up period and omitted from the validation data. We chose a

single representative week in each season by borrowing an optimization tech-

nique from energy-economy models aimed at integrating intermittent renew-

ables [42]. This is accomplished by minimizing the error between the duration

curves for the entire time series and for the representative period. To obtain

the duration curve from a given time series we sort the values in the time se-

ries in descending order. In this case, we used the 100 m wind speed at one of

the buoys for all of 2020 to select a single 7-day representative period in each

season. Here, we speci�ed the seasons as January - March, April - June, July -
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September, and October - December. We added the additional condition that no

more than 10% of the buoy time series could be missing during a representative

period, and we used the time series from the south buoy to select the represen-

tative period for the �rst three seasons, and the time series from the north buoy

to select the Winter period. This was done because the south buoy had a greater

quantity of missing data. However, as most of the data at the south buoy was

missing from mid-October through December 2020 we used the north buoy data

for the winter instead. The representative weeks are shown in Table 3.2.

Table 3.2: Representative Weeks for Simulations (all 2020)

Winter Spring Summer Fall

Feb 5 - 11 Jun 3 - 9 Jul 1 - 7 Nov 26 - Dec 2

3.2.3 WRF Ensemble Validation

For this study, we bisect ensemble validation by �rst assessing the performance

of each ensemble member separately before looking at the performance of the

�ve-member ensemble as a whole. Both use the same observational data source

for validation – from the two LiDAR buoys.

Individual ensemble member performance

We use several common veri�cation statistics to judge how well each ensemble

member performed based on data from both LiDAR buoys. We calculate the

mean bias in horizontal wind speed at each height for each member by �rst

determining the absolute error for each variable in each 10-minute interval and

then calculating the mean over each representative period. We also compute
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the root mean square error (RMSE) for each variable. Finally, we include the

wind pro�le error (WPE), introduced by Draxl et al. [12], which we compute by

averaging the RMSE errors at each height available from the buoy data between

40 m and 200 m. In each case, the WRF data was interpolated to match the buoy

heights. To visually communicate the relative performance of each ensemble

member with respect to the observations, we use a subset of the wind speeds

to create a Taylor Diagram. The statistics displayed on a Taylor diagram allow

for a quick visualization of how much of the RMSE can be attributed to poor

correlation and difference in variance between the model and the observations

[47].

Performance based on atmospheric stability

Previous work by Draxl et al. shows that different WRF PBL parameterizations

perform better under different atmospheric stability regimes [12]. Furthermore,

they found that no single PBL parameterization performs the best under all at-

mospheric stability regimes. As such, we determine the atmospheric stability

regime using the Obukhov Length, L, which compares mechanical effects to

buoyancy [39]. In other words, in a neutral atmosphere where buoyancy is ab-

sent, L is in�nite. Equation 3.1 de�nes the Obukhov length

(3.1)L = �
u3

�

� g
T0

H0
� cp

;

where u� is the friction velocity, � = 0:4 is the von Kármán constant, g is the

acceleration due to gravity, T0 is the temperature near the surface, H0 is the

surface heat �ux (upward de�ned as positive), and � and cp are the density and

speci�c heat of air, respectively.
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Since no direct measurements of the surface heat �ux are available, we esti-

mate the value of L using an iterative technique �rst presented by Van Vijk et al.

[48] but also used in more recent studies [37, 2]. Different studies often adopt

different thresholds for L to denote the stability regimes. Here we adopt the

thresholds used by Archer et al., which de�ne � 100 < L < � 5 as very unstable,

� 500 < L < � 100as unstable, jLj> 500as neutral, 100 < L < 500as stable, and

5 < L < 100as very stable [2].

Overall ensemble performance

Energy system planners could bene�t from ensemble forecasts. In fact, proba-

bilistic wind forecasts are already working their way into power systems opera-

tions within some regions of the US [7]. Therefore, we also validate the column

of wind speeds for our WRF ensemble using veri�cation rank histograms. Rank

histograms have long been a tool for assessing the quality of ensemble forecasts

and diagnosing errors in the mean and spread of an ensemble [24]. The rank

histogram seeks to verify the probabilities provided by an ensemble for a given

variable. Each of the n ensemble members gives one estimate of this variable,

and if these estimates are pooled into a vector and sorted in ascending order, the

observation should have an equal chance of occupying each rank between 1 and

n+ 1. A rank of 1 represents the case where all the estimates from all the ensem-

ble members are higher than the observation. Continuing this process, for each

point in a sample – e.g., for each time-step in the WRF simulation – should then

result in a uniform histogram created with the rank values. In other words, the

observations occupy each rank the same number of times in an ideal ensemble.

Biases show up in rank histograms as overpopulation of the highest or lowest
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ranks of the histogram, and dispersion errors produce concave or convex his-

tograms. We create a rank histogram at each buoy for horizontal wind speeds

at each vertical level.

3.3 Results and Discussion

3.3.1 Ensemble Member Validation

To our knowledge, this is the �rst WRF validation study that has had access to

data from multiple offshore buoys, which allows us to assess how biases in hor-

izontal wind speeds vary not only across time but across space as well. Biases

of the �ve WRF ensemble members are shown in Figure 3.3. From these plots,

we note that a slight positive bias in horizontal wind speed exists for all of the

members at nearly every level, and biases tend to be greatest in the lower to

middle levels. However, no member overestimates mean wind speeds by more

than 0.95 and 0.77 m s� 1 at the south and north buoy, respectively. The Draxl

2014a, Veron 2018, and Optis 2021 members have the lowest biases overall, but

Draxl 2014a and Veron 2018 underestimate wind speeds above 140 m whereas

Optis 2021 overestimates wind speeds at the �rst several levels. Since we ob-

serve a similar overestimation from Lee 2017, we partially attribute this to the

MYNN2 PBL scheme used by both of these two members.

These mean biases over the full simulation period cannot tell the full story.

When biases are plotted by season, as shown in Figure 3.4 for the north buoy,

more trends in the biases appear. Overall, the ensemble performs best during

the Winter, with a maximum absolute bias of 0.42 m s � 1. All members show a
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Figure 3.3: Mean bias of WRF ensemble members predicting wind speed (m s� 1)
averaged over all four seasons at the south (left) and north (right) buoys.

negative bias above 120 m, and Draxl 2014a, Draxl 2014b, and Veron 2018 all

have negative biases for the entire column. We attribute this to a prevalence of

higher wind speeds during the winter period, which WRF tends to underpre-

dict. Of course, this means that any wind energy analyses informed by WRF-

simulated winds, in turn, will underpredict wind power by a power of three

greater than the wind speed underprediction. In the case where an underpre-

diction of wind speeds fails to capture winds that exceed the cut-out speed of

wind turbines, available wind power may be drastically overestimated.

Most members performed worse during the Summer and much worse dur-

ing the Spring simulation periods, with positive biases reaching 1.72 m s � 1 for

Lee 2017. Still, during those seasons each member showed similar bias trends

(i.e., each member generally overpredicted wind speeds). Overpredicting wind

speeds during the Summer poses a particular challenge to operators grappling

with peak electricity demand. Therefore, positive biases in wind power pre-

diction would exacerbate already expensive electricity costs on high electricity

demand days. Biases during the Fall period proved the most unique varying

in both magnitude and direction across ensemble members. The Veron 2018
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