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Abstract — Utility-scale storage is key to providig the
means of better harnessing wind energy potential. his
paper proposes a probabilistic simulation approacttapable
of assessing - over longer time periods - the impacof a
utility scale storage unit on the economics and rigbility of
power systems with integrated wind resources. We gioy a
snapshot-based simulation approach to account forhe
time dependencies of the load, wind power outputsnd
storage operation as well as their impacts on thetilization
of the transmission resources as prescribed by theearing
mechanism of the hourly transmission-constrained da
ahead markets. We run Monte Carlo simulations in oder
to capture the uncertainty in thermal unit availabilities, the
load and the wind power outputs. The methodology iable
to represent the seasonal effects in loads and wirgpeeds,
the impacts of maintenance scheduling and the
ramifications of new policy initiatives. We illustrate the
benefits of storage exploitation with several apptiation
studies run on the IEEE 118 test system. Results @l that
storage can effectively help reduce the overall bey
payments and improve system reliability by storingenergy
in the low load hours and discharging at peak hours
thereby displacing more expensive units.

Keywords - Utility-Scale Storage Integration, Wind
Resources Integration, Transmission-constrained Day
Ahead Markets, Probabilistic Simulations, Locationd
Marginal Prices, Reliability.

I.  Introduction

Wind is a clean and renewable source of energy with
zero fuel costs. However, wind generation outputs a
highly variable, intermittent and not fully contieble/
dispatchable by the operator. The wind speed patter
presents a key challenge to integration of windueses

[1] since the wind may not blow during the peakdoa
hours when the system most needs it. The lack of
controllability over such wind speed patterns iraplthat
the integration of wind resources into the grid nieey
unable to realize the full potential of wind resms.
Moreover, there are concerns about “spilling” ofhdi
energy at night due to the insufficiency of thedoa
demand, not providing to the system, in such cabes,
benefits from this energy to meet the demand. Tdwcb
tool operators use to manage the wind variabibtyhie
raising of the reserve levels [2], which, typicalfgsults

in increasing the overall production costs,
notwithstanding the zero fuel costs of the wind
resources. Such situations create excellent apiplica
for utility-scale storage [3],[4] to facilitate themproved
harnessing of the wind resources by storing winergyn

for release during peak-load hours so as to displhe
costly energy from polluting generating units. Wavé

worked on the development of a probabilistic sirtiata
approach of systems with integrated wind and storag
resources over longer-term periods. The approaables

to evaluate the impacts of storage integration atyrid

with wind resources, taking explicitly into account
various sources of uncertainty, wind variabilitydan
intermittency as well as the impacts of the timeyiey
utilization of transmission resources on the detbdity

of the electricity to the loads. The methodologyynhe
used to quantify the variable effects of large-sqawer
systems with storage and intermittent wind resairce
operating in a market environment over longer-term
periods.

The approach uses an hour as the smallest
indecomposable unit of time and deploys a shapshot
representation of the resources and the grid. We
incorporate into the snapshot-based framework
probabilistic regimes [5] for modeling the time-
dependent wind resources at various sites and the
modeling of the storage operations taking into aoto
arbitrage and storage cycle efficiency and the otgaf
transmission constraints. The simulation methodplog
makes effective use of the widely-used concepts in
probabilistic simulation and deploys Monte Carlo
Simulation [6] with systematic sampling techniques
represent the various sources of uncertainty censit
The emulation captures effectively the synergies
between wind and storage to allow the assessmemt ov
the longer term of the impacts on reliability and
economics of storage integration into power systems
with multi-site wind farms. We represent the ecoimm
effects by clearing the 24 hourly transmission-
constrained day-ahead markets (DAMs) by determining
the solution of anOPF problem. From the sampling
performed in the framework of the Monte Carlo
simulation, we obtain the approximations to theioss
economic and reliability metrics, including locatéd
marginal prices MPs), the total buyer payments,
carbon emissions and th®LP and theEUE. We note
that these metrics implicitly account for the effen the
deliverability of the electricity. The methodology/able
to capture the seasonal effects in loads and wiedds,
the impacts of maintenance scheduling and
ramifications of new policy initiatives. We ensuifee
simulation scheme computational tractability
application in large scale systems and/or over ktngy
periods by making use of the Latin Hypercube samgpli
technique [6] to improve Monte Carlo simulation
tractability and by reducing the number of week$éo
simulated to a smaller number of representativekaiee
There are numerous applications of the approach to
broad range of planning, investment, transmission
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utilization and policy formulation and analysis dits

for systems with deepening penetration of wind and
storage resources. We illustrate the capabilitieshe
simulation approach using a modified version of the
IEEE 118-bus system model with historical wind data
Our extensive testing indicates that storage effelgt
displaces peaking units and causes a marked reduati
total buyer payments whereas system reliability is
improved. As storage capacity is increased, the
synergetic benefits of wind and storage become more
pronounced in terms of the better utilization a thind
resources generation, with favorable impacts omesys
economics and reliability.

The paper contains five additional sections. Irtisadl,

we address the modeling of wind resources as wehea
process through which we establish an averageg&ora
operating policy for use in the simulations. Sectld
describes the snapshot-based probabilistic sinowlati
approach and the obtaining of realizations of miarke
outcomes of interest and contributions to the bdliy
metrics. In section IV, we focus on the steps tat@n
ensure the computational tractability of the sirtiola
approach in practical cases. Section V demonstthtes
capabilities of the approach with case studiesamunhe
IEEE 118 bus test system. We conclude with a supmar
in section VI along with directions for future work

II. Incorporation of time-dependent resources in
probabilistic simulations

We devote this section to the modeling of wind and
storage resources in the probabilistic simulatiot toeir
integration in the framework of the hourly market
clearing mechanism. Load and generator availadsliti
are modeled accordingly to conventional approa¢fis
As such, the load is modeled as a random variable f
which we use the hourly forecasted data to estirfete
cumulative distribution function (c.d.f.), wherethgrmal
generator availabilities are modeled as multistate-
multiblock units. Note that our models make the
assumption that the wind resources, the thermal
generating unit availabilities are statisticallgépendent
from each other.

A. Wind Resources
The basic modeling of wind resources &
geographically dispersed wind farms is thoroughly
described in [5]. System wind speed patterns are
essentially modeled by a multivariate random vdeiab
for the purpose of capturing wind daily patternsnesl
as the cross-correlation existing between theme Nt
such cross-correlations which depend on the
geographical spread of the wind farms [8] — are of
importance since they determine the pattern of wind
power injections to the network and therefore intjthe
utilization of the transmission resources.
We denote the aforementioned multivariate r.v. by
“system wind speed daily pattern” and empiricallyld
its probability distribution based on historical tala
Realizations of such a r.wv. are none other than

supervectors of dimension 24*S that capture the
simultaneous wind farm wind speeds for each hour of
the day.

We go further in the structuration of the probabili
space by reprising the notion of wind regimes depyed

in [5]. The basic idea of regimes consists in giogp
supervectors of daily wind speed patterns intoselaf
“look-alike”. The result is an effective partitioof the
state space of the r.v. “system wind speed daitiepa

into mutually exclusive subsets for which we cafirge
specific random variables descriptive of our sdechl
regimes.

Also, for the need of the Monte Carlo simulatiorss a
presented in section lll, the joint probability dém
function of “system wind speed daily pattern” is
smoothed out and made continuous thanks to the
application of kernel smoothing techniques [9]. &3an
kernels are chosen for this purpose and the joint
probability density function is effectively turnedto a
Gaussian mixture from which realizations can easdy
sampled. Note that each sample of the wind speed
pattern random variable is a 24*S vector that dosta
the hourly realizations of each wind farm. As suah,
particular sample for the wind is drawn only onoe 24
hours of simulation.

Wind speeds are converted into corresponding power
outputs using well known wind farm characteristic
power curves [10]. The latter are non-linear magpin
whose characteristics clearly depend on the winliria
models and number within a given wind farm. It is
important to note that wind turbines within the sam
wind farm are all assumed to experience the samd wi
speed, i.e. wind turbines do not “cannibalize” eatier.
This means that two turbines of the same class and
within the same site are assumed to yield the esawie
power output at all time. Wind power outputs are
therefore obtained by feeding wind speeds as infmts
the appropriate wind farm power curve.

B. Sorage
In view of carrying out the proposed snapshot-based
simulations, we need to gain insight in how a ytili
scale storage unit may effectively be used econallyic
in a power system with integrated wind resources. T
this end, we make use of an algorithm relying on
probabilistic production costing methods to derveear
optimal way of deploying the storage unit econorhjca
in actual operations [11] — that is, operating sherage
unit in such a way that electricity prices are tliand
system reliability improved. The algorithm ignores
transmission constraints as it represents the \W#dits
duration curve (LDC). The thermal units are loaded
accordingly to a merit (cost-based) order that also
accounts for the costs associated with the unit
commitment. The algorithm is capable of assesdieg t
expected production costs and delivered energyach e
thermal unit based on their respective marginatscoé
energy and availabilities. The goal is to providistof
the thermal units that may be used to charge trage
unit, as well as the economical positioning of sterage



unit in the merit order. We account for the time-
dependent wind resources by modifying the load
accordingly to the wind power output patterns. Such
modification is achieved by conceptually subtragtihe
aggregated wind power output r.v. from the houdgd

r.v. for each given hour of the study period. Such
operation results in the controllable load, thathis load
left to be served by controllable thermal unitseaft
deducting the aggregated wind power output. Intgrac

the marginal cost of the cheapest unit displacedhey
storage, taking into account the efficieney of the

storage cycle. It is important to note that no usit
dispatched for the specific purpose of charging the
storage unit; in other words, the charging of tteage
must not increase the marginal cost of energy.

Third, the storage unit must be operated withinoitg
physical limits, i.e. capacity constraint and resér
constraint.

since the wind and load patterns are assumed t0 beGjyen those constraints, the algorithm determines

statistically independent from each other, the afian
may easily be performed by convolving the hourlgdo
with the hourly aggregated wind power output. Thae,
c.d.f. of the controllable load r.v. can be recitostd by
applying the law of total probability over the s#tthe
hours of the study period. The use of the contotdla
load allows for the representation of the wind asree-
dependent resource despite the time-abstracted
framework. However, such use clearly makes the
assumption that wind is the cheapest source ofggner
available and comes first in the merit order.

In such a framework, the storage unit is to be alegd

as a limited energy plant with the following spexsf
first, the storage unit must accomplish a full eyclver
the study period, that is, all stored energy must b
discharged before the end of the period. Taking int
account the efficiencyy, of the overall process of

storing and discharging energy, we obtain the Valhg
formulation

n.$ :,‘;— o0, =& - n & =&,
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with 7, the efficiency of the storage unit when charging,
1, the efficiency of the storage unit when discharging

& the excess energy taken from the thermal units to

charge the storage unit’the energy effectively

provided by the storage unit upon discharging.

Second, the storage must be used economically,ghat
the cost of storing one MWh must never exceed st c
of producing one MWh with the thermal unit(s) the
storage is supposed to displace. Therefore, thagso
unit is usually charged by absorbing the excessive
energy of otherwise-spilled wind energy or baseléah
thermal units that are not dispatched at full cépao
meet the controllable load during low peak hours. A
such, the cost of charging the storage unit is ydwa
associated with the actual price of electricity
(notwithstanding the transmission constraints), ite
marginal cost of the last thermal unit dispatchedntet
the load. Mathematically, we write such economic
criterion as follows:

of <n.f )

That is, the marginal costf of the most expensive
thermal unit used to charge the storage must Isethes

exactly the list/_ of thermal units that should be used

for charging the storage unit, the amount of tetaérgy
the storage is to store during a full cycle andgbsition
of the storage unit in the merit order list so thatmuch
expensive energy as possible is displaced. Fordutu
reference, we denote by the set of thermal units higher

in the merit order than the storage unit.

Such scheme therefore provides a good idea of the w
the storage unit should be operated despite its non
representation of the transmission constraints and
chronology of events. We use such solution as an
average operating policy in the emulation of theragie
unit in the snapshot-based simulations. Howeveg, th
consideration of the transmission constraints ighea
installment of the hourly day-ahead markets mayient
the modification of such a schedule so as to enthate

(1) holds in the MCS. We next introduce the market
clearing process and describe how storage is imtiegr
into such a framework.

C. The hourly market clearing mechanism
We adopt the dispatch mechanism used in homogenous
transmission-constrained day-ahead markets [12jhir
purpose of emulating system operation in a giveur lod
the simulation period.
The hourly DAM clearing mechanism is modeled by a
DC Optimal Power Flow (DCOPF) whose goal consists
in maximizing the social welfare (or minimizing the
social costs when the entire load is deemed taxes)f
under a set of DC power flow constraints that matlel
transmission network. The following model takesoint
account the wind power injections.
We denote byz the set of energy buyers awd the set
of controllable generators selling energy in therket

[ is the price at which buyeb is willing to buy

energy; )?is defined as the price offer of seller
(generator)g .

MatricesA, B, and B respectively designate the reduced
branch to node incidence matrix, the branch suaoept
matrix and the reduced nodal susceptance matrix
whereas hy, is the column vector of the augmented
susceptance matrix corresponding to the slack node.

P designates a vector of power injection. Supersarip

indicates seller (supply side players)buyers (demand
side players)g conventional generation (thermal units)
andw wind power.



@ is the vector of power angles (0 at the slack bnsl
f "™ is the vector of transmission line thermal rating.
Athe vector of dual variables associated with thdaho

power balance constraintd, is the dual variable of the

power balance constraint of the slack node.
Then the DC OPF formulation for hour (with no
reference tch for more clarity)is the following linear

program7Z (4%)], :

®3)

subject tc

Note that the first equality constraint highlighie fact
that sellers in the market are entities such asmthle
generating units or wind farms (plus storage umithie
relevant conditions as described in the following
paragraph).

The storage is operated based on the knowledgkeof t
resource dispatch provided by the solution

to#Z (4#)|,. If the most expensive thermal unit
dispatched to serve the load belongsitpthen excess

capacities from units belonging # are used to charge

the storage within its physical limits. On the othand,
if expensive thermal units belonging td, are

dispatched, then the storage unit must come in and
displace, within its physical ratings, as much ggeas
possible from the more expensive thermal unitsaln
congested network, the storage unit may be
bidded/offered both as a load and generator in \0éw
giving more degrees of freedom to the dispatchgsec
It can be shown that an optimal solution to the IREO
determines without ambiguity storage operationtohs
a mode. The DCOPF formulation is then run a second
time to take storage operation into account. Fds th
purpose, storage is bidded/offered at a price st®1di
with the economic criterion (2).
The next section is devoted to the use we makaasfet
models in the actual simulation process and thaioioiy
of realizations of market outcomes of interest a4l as
reliability indices.

Ill. The proposed simulation approach
The goal of the proposed simulation approach is to
emulate power systems with wind and storage ressurc

over longer term periods. We divide the study pério
into non-overlapping simulation periods — typically
weeks —to capture seasonal effects, changes in the
resource mix and the transmission grid, maintenance
schedules as well as the introduction of new pedici
Any system change must therefore entails switchong
another simulation period for which system
characteristics are required to remain constargidén
each simulation time period, we employ a snapshot-
based approach to accommodate the time varyingenatu
of the load, wind and storage cycle with a time
granularity of one hour. Therefore, we view thetsys

to be in steady-state in each hour of the simulatio
period. The resolution chosen does not allow fa th
representation of any phenomenon of duration shorte
than an hour and, consequently, such phenomena are
entirely ignored. The basic simulation process stsisn
clearing the hourly transmission-constrained

markets7Z (% %) |, for each hour h of the simulation

period, so as to obtain the load and generatiopattf
from which we derive the economic and reliability
effects. However, most inputs to the market arecssu

of uncertainty; the load, wind power outputs and
generator availabilities behave in unpredictablgsvae
need to account for. We run Monte Carlo simulatifams
each simulation periods in order to account for the
multiple possible (and likely) realizations of tligput
space - random variables associated with the Itheed,
wind power outputs and the generator availabilitiasd
obtain, via the solution of the corresponding hypurl
market clearing processes, representative reairmtof
the market outcomes. With such realizations, it is
possible to approximate the c.d.f.’s of market ouotes

of interest as well as some reliability metrics, ieth
provide us with a good picture of power system
economics and reliability over longer term periedgen
deep penetrations of wind power and a utility scale
storage unit are integrated to the grid.

In practice, for each hour of the simulation peritite
DAM clearing process is fed with deterministic itpu
that are particular realizations (samples) of thedom
variables associated with the wind power outpuis, t
load and the controllable generating unit availtaéd.
Other inputs are modeled deterministically from the
onset and therefore can be seen as having a unique
realization with probability 1. In this regard, adhat we
assume that sellers (generators) always offer at co
(wind is assumed to be offered at 0$/MWh) and
electricity buyers bid in a deterministic (and #fere

known) fashion. The solution t677” (%)}, (or rather

its solution after consideration of the storaget uas
described in the end of section II) yields corresping
realizations of the load and generation dispatadmfr
which we derive the realizations of market outcoroks

interest. Failure to solv@Z” (%.#)|,, that is infeasibility

of the linear program, is an occurrence of losgoaf

that counts towards the evaluation of the religpili
metrics LOLP and EUE. Such event is likely to occur
when most of the load is fixed (price insensitiva),



situation leading to potential shortfall in the alot
generation capacityor inability of the transmission
network to deliver energy at certain nodes of the
network.

We compute the economic outcomes of a particular
realization of the market for hour h, given the
realizations of wind power outputs, load and cdtahbe

generator availabilities fed as inputs¥8’(4.7)|, . We
provide the formulas for evaluating some market
outcomes and reliability metrics of interest.

The LMPs are given by the dual variabldsassociated
with the power balances at each node. Therefore, th
LMP at nodsd is given by A |, .

The total buyer payments are computed as

o 1=3{2] W] 1),

(4)

where, N is the total number of buses in the network.
The total payments to the supply side are given by

=S T e T o ) ©

where [ p* } |, is the storage power output when used

w,V/

as a generator. The hourly carbon emissiefisents are
evaluated by

eh=YxX[p] }.

: (6)

with y,the emission factor of unig (kg/MWh) and

& the set of thermal units. We assess the unsenatl lo
u, |, at each nodeof the network and the total unserved
energy due to loss of load in hduas in

N-1
UL=>ul. @
i=0
U |,is a realization of the unserved energy . for

which we havePr(U > 0) = LOLP and EUE =E(U).

Note that all aforementioned outcomes are merely on
realization of the associated random variables
conditioned on hour h. Monte Carlo simulations fiegu

a reasonable amount of such realizations to apmate

the associated random variables. We therefore thear
market for each hour of a simulation period mudipl
times in order to obtain a sufficient number of
realizations. In the end, we quantify the variadffects

of the system by evaluating the expected valuethef
market outcomes r.v.’s and the reliability metric3LP
andEUE.

We next discuss some methods for ensuring the
computational tractability of our simulation appchas
when emulating large scale systems over long term
periods.

IV. Implementational aspects
In this section, we discuss implementational aspett

the proposed approach and the steps taken to eitsure
computational tractability and applicability to dgr scale

power systems over long study periods. The main
concern lies in the computational burden associaitd

the Monte Carlo simulations of study periods spagni
many years. We consider simulation periods defiagd
168h weeks and notice the fact that both wind aadl |
patterns have a seasonal nature; the consequetitat is
weeks within a same season experience comparable
wind and load patterns. We effectively take adveataf

this fact by simulating only representative weeksao
season in order to reduce the computational burden.
However, scheduled maintenance may still diffelogsr
weeks with similar patterns, driving us to incredse
number of representative weeks to well accounthir
feature. Eventually, each group of similar weeks
effectively ends up being represented by a certain
number of representative weeks. The contribution of
those representative weeks to the metrics we etealua
over the whole study period is then weighted by the
number of weeks they represent. In practice, such
scheme can reduce the computational burden byterfac
3, as exemplified in our application studies in eththe

52 weeks of the year are reduced to a mere 16
representative weeks.

We can further enhance the overall computational
tractability by improving on the MCS sampling scheem
used in the emulation of each hour of a given satiomh
period. We make use of the Latin Hypercube Sampling
(LHS) technique to reduce the number of samples
necessary to obtain a representative coverages of put
probability space (i.e. representative samplesazal
tions). LHS is essentially a variance reductiorhiegue
that uses stratified sampling [5] to efficientlyveo the
probability space of r.v.s with known distributiogiven

the user specified number of samples (realizations)
Consider the one random variable case: the LHS
methodology divides the probability domain of the
random variable c.d.f. into a number of intervalalso
called strata — equal to the desired number of ksnp
Then the next step consists in extracting a sarnpta
each stratum by use of schemes such as the inverse
transform method. This simple scheme is easilyreldd

to the sampling of multiple r.v.s that are stadisy
independent from one another, as this is the caseat
least we assume it is in our modeling — with tlesrthat
model the wind, the load and the generator avditigisi
Unlike random sampling, LHS ensures that the entire
range of a distribution is sampled, thus makingriuest

out of the user specified number of samples when it
comes to providing a representative coverage of.the
probability space. We perform a sufficient numbér o
Monte Carlo runs to ascertain convergence. We use a
convergence criterion based on the standard efrtbreo
sample mean (similar to coefficient of variatiofdtve
standard error as seen in [12]). For the particakse
studies presented in Section V, extensive testirayvs
that 200 hundred runs allow the Monte Carlo siniohat

to converge for all random variables of interest.

The implementation of both representative week mehe
and Latin Hypercube sampling allows for substantial
reduction in the computational time required by the



simulation approach. We next introduce application
studies to illustrate our approach on a number of
sensitivity studies of interest.

V. Application studies

We illustrate the application of the proposed satioh
approach with some representative results forgeléast
system. We limit our analysis to a single year rideo to
gain insights into the nature of the results oladirwWe
build a base case with integrated wind resources an
study the system behavior when a utility-scaleagjeris
incorporated into the grid. We run sensitivity sasdto
assess the impacts of the storage nominal capenity
various metrics of interest.

Simulations are run on the IEEE 118 bus test sy$idin
with a load shape based on the 1996 IEEE RTS [A8] a
scaled so that the annual peak load is 8021MW. The
base system sports 99 controllable generators arnth
aggregated total nameplate capacity of 9914MW. A@ki
into account the seasonality effects, wind and load
patterns as well as maintenance schedules, wet délec
representative weeks out of the 52 weeks of the iyea
order to improve computational tractability. Theitun
commitment is performed for every one of the 16
representative weeks so as to maintain a reservginma
of 20%. The wind resources are modeled after 4 wind
farms whose wind speed data and wind turbine
characteristics (including power curves) are coddc
from NREL wind integration studies [16]. The
aggregated nameplate capacity of wind power amounts
to 2584MW (about 30% of the peak load) and is dgual
distributed between wind farms. Storage nominal
capacity is respectively taken as 0, 200, 300 ab@ 4
MW in each case study. Storage reservoir (energy
capability) is limited to 5000 MWh, while chargedan
discharge efficiencies are set to 0.89 in ordesiraulate
higher-end efficient utility-scale storage.

We examine storage behavior under various storage
nominal capacities. Fig.1 displays the average gghar
discharge cycles of the storage unit for variousinal
capacities (200, 300 and 400MW) as well as the load
pattern during the so-called “average week of &'y

Hourly average storage utilization

I case 3: storage 400MW
[ case 2: storage 300MW
[ case 1: storage 200MW

300 7000

200
~6000

100

~5000

Load (MW)

-4000

Storage charge and discharge (MWh)

-100

-200

L L . . 3000
96 120 144 168
hours

Fig. 1 Average charge-discharge cycles of the gtora
unit during the “average week of the year”

L h L
0 24 48 72

Note that we construct the ‘average week’ of ther yer

a specific metric using the results of the repregere
weeks in the simulation. For each of the 168 hatira
week, we determine the weighted average of theienetr
with the weight given by the fraction of the numimér
weeks in the year that correspond to that repratieat
week. In this way, for each hour of the week, veam

an estimate of the average value of the metrickBac
Fig.1, it can easily be seen that energy is stoaihg

the low load hours and released at peaking times.
Interestingly, week-ends are being used for thee sol
purpose of charging and in order to meet the high
demand of the second day onwards. Also, storage
utilization is obviously amplified as the nominapacity
increases. We next look at the expected total buyer
payments to determine whether increased storage
capacity (that is increased storage utilizatiors@sn in
Fig. 1) yield benefits for the buyers. We plot iig B the
duration curves of such expected buyer payments for
“the average week of the year” and observe that the
integration of the utility-scale storage unit hehgsluce

the total buyer payments during hours when payments
are generally highest. Such hours can be showe thé
peak hours by looking at the same data but keefhiag
chronological format.

x10°

Total buyer payment duration curve
18 T T T T T

= hase case: no storage

case 1: storage 200MW
case 2: storage 300MW
case 3: storage 400MW

\
\
10\

total buyer payment (in $)

80

0 I I
0 10 20

. . . . .
30 40 50 60 70
fraction of hours in the "average week" (in %)

Fig. 2 Total buyer payments duration curve for the
“average week of the year”. The plot displays alies.

90 100

The reductions in total buyer payments are siggifidn
regard to the yearly-averaged percentage of energy
served (and therefore charged) by a 400MW storage u
with respect to the supplied load that amounts.84%.
This directly results from the fact that storage is
primarily used to displace expensive thermal units,
thereby driving down LMPs. Also note that buyersare
have to pay more at any time, including for howrsrdy
which the storage charges. This is due to the tfzat
storage is only charged with the excess capadaifigise
marginal units (those that set the market price).nhore
expensive unit is dispatched for that sole purpose.
Looking more closely, we also notice that as sterag
capacity increases, so do the reduction in payments
although the effect becomes less and less prondusxe
greater capacities are selected. Such saturatifact ef



may be explained by the fact that the storage aligg
more units and therefore comes lower in the cositme
order as storage capacity is increased. However,
economic criterion (2) limits the number of basaded
units that can effectively charge the storage, effoee
resulting in the impossibility to fully take advage of

its large capacity.

We now present in Table 1 the impacts of storage
capacity on the average total buyer payment, aeerag
congestion rents, carbon emissions as well as the
reliability metricsLOLP andEUE for the all cases of the
sensitivity study.

average
congestion
rents ($)

average carbon
dioxide
(kg)

89,785

EUE
(MWh)

average buyer

LoLp
payment ($)

case

base case -

no storage
casel-
200MW
case2-
300MW
case3-
400MW

Table 1. Impacts of storage on various metric tdrigst

425,830 32,977 0.0019 3.0311

389,190 30,565 90,239 0.0014 2.1985

366,630 28,956 90,174 0.0013 2.1796

351,100 29,037 90,279 0.0011 1.7841

Having discussed the average total buyer paymeitits w
Fig. 2, we now examine the impact of the utilitylec
storage unit capacity on the average total corgesti
rents. Total congestion rents are computed as the
difference between the total buyer payments andotiad
seller earnings and may be interpreted as the abst
network congestion. From Table 1, we notice that th
integration of a storage unit consistently redubestotal
congestion rents. As such, storage tends to relieve
network congestion. However it is not exactly cledat
role storage capacity plays in this reduction, e
since those results also heavily depend on theaggor
location in the network.

Carbon dioxide emissions largely depend upon the
generation mix of the considered power system. & iger
always a trade-off between the emission factorshef
units used for charging and those of the units|acsul

by the storage. In the particular case of our stuldg
charging of the storage unit involves conventiomaits
that turn out to be more polluting than the ‘pegkin
units the storage displaces during peak hours.

The LOLP and EUE results from Table 1 show that
storage also contributes to system reliability. Téuger
can be seen to improve as storage capacity in@ease

VI. Conclusion

In this paper, we propose a probabilistic simulatio
approach capable of quantifying over longer term
periods the variable effects of wind and storage
resources on power system economics, reliabilitg an
environmental impacts. The methodology deploys a
snapshot-based simulation approach in order touetco
for the time varying natures of the wind, load and
utilization of the transmission network, and make of
Monte Carlo simulation techniques to represent the
various sources of uncertainty. As such, the pregos

approach allows the comparison of multiple resource
mixes and network configurations and is therefareful

in a variety of planning studies or policy analysige
present results that show that wind and storagauress
both contribute to effectively drive buyer’'s elécity
payments and congestion rents significantly, wherea
system reliability is improved. Carbon dioxide esn#s

do not vary significantly due to the particular ugetof

our generation mix that sports base-loaded units
generally more polluting than peaking units.

Future work includes the consideration of multiple
storage units, and the integration of wind, storage
demand response resources and solar power altogethe
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