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Abstract—This paper proposes a new technique to analyze Indexes

the electricity and transport sectors within a single integated
framework to realize an environmentally and economically ss-
tainable integration of plug-in hybrid electric vehicles (PHEVs) ¢
into the electric grid, considering the most relevant planing i, j
uncertainties. The method is based on a comprehensive robus ;
optimization planning that considers the constraints of boh the
electricity grid and the transport sector. The proposed moe! is
justified and described in some detail, applying it to the red v
case of Ontario, Canada, to determine Ontario’s grid potenial ¥
to support PHEVs for the planning horizon 2008-2025.
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Parameters

Index for vehicle type.

Index for constraint under uncertainty.
Index for zones.

Index for voltage angle block.

Index for Monte Carlo simulation.
Index for uncertain parameter.

Index for year.

Set of constraints subject to uncertainty.

Set of uncertainty.

Set of total uncertain parameters.

Set of uncertain parameters in constraint
Set of different types of light-duty vehicles.
Set of mixed integer feasible solution.

Set of planning years.

Set of planning years excluding the first year.
Set of zones.

Set of transmission lines.

Discount rate (8%).

PHEVS’ daily trip running on battery (km).
Constant value of C®emissions from burning
gasoline (2.3 kgl/liter).

Emission rate of CHP plants (ton/MWh).
Emission rate of coal plants (ton/MWh).

Fuel economy of the gasoline vehicle (km/liter).
Number of off-peak hours.

Number of Monte Carlo simulations.

Total number of light-duty vehicles.

Zonal base-load electricity demand (MW).
Maximum base-load generation power (MW).
Lower bound of zonal generation power (MW).

Maximum capacity of non-polluting base-load
generation resources (MW).

Maximum capacity of non-polluting plus CHP
generation resources (MW).

Upper bound of imported power (MW).

Lower bound of imported power (MW).

Upper bound of exported power (MW).

Lower bound of exported power (MW).

Total maximum PHEVs charging power.
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Fdijy, ﬁijy Maximum capacity of transmission corridor forfriendly energy resources. The impact of PHEVs on the elec-
direct and reverse power flows, respectiveliric grid should therefore be analyzed in detail, and appate

(MW). guantitative tools and optimization planning models for a
Sew Scaled deviation. transition to these vehicles should be developed in order to
SCco,P Social cost of C@ emission in the population maximize their environmental benefits and minimize their
area (CAD/ton). corresponding costs and negative effects.
SCco,9 Social cost of C@ emission of generation A review of the literature (e.g. [1]H6]) shows that trans-
(CAD/ton). mission system constraints have not yet been included in the
VSe Percent share of vehicle. analysis of the impact of PHEVs on the grid. At the generation
T. Budget of uncertainty. level, previous work has attempted either to derive the grid
€a,€b Small positive numbers. potential for the present support of PHEVs or to determiee th
Ee Constraint violation probability (%). gross generation capacity required for supporting a taajat
A A random parameter. of PHEV penetration at a specified future time. However,g¢hes
fly Maximum possible PHEV penetration (%).  studies do not consider the penetration of PHEVs as a tran-
Ty Internal or hourly Ontario energy pricesitional process, and a mathematical programming approach
(CAD/MWHh). especially with the consideration of parameter unceryahss
Tim, Import electricity price (CAD/MWHh). not been applied to study the grid potential for supporting
Tex, Export electricity price (CAD/MWh). PHEVs.
p Size of the relative perturbation (%). This paper explores the technical and economic feasibility
of improving the utilization of the electric grid during eff
Variables peak hours for PHEVs, and presents an optimization model for
FF, Feasibility factor. plan_ning the_transition_to tr_\ese types pf vehicles. Sineg&h
Ky, Binary variable to denote if the average zonattudies require the estimation of a variety of parametests, e

generation power is located in thith segment mation errors may substantially influence the optimal sofut
of the emission cost curve. and the optimal value. Therefore, the application of a rbbus
Desdews ™ Additional continuous variables used to develogPtimization approach is proposed, based on a sensitindy a
robust counterpart problems. ysis using Monte Carlo simulations to determine the impact
P Average zonal generation power (MW) of estimation errors on the parameters of the planning model

Continuous auxiliary variable for the averagémd identify the most relevant parameters to be considered i

iy zonal generation powel & 1,2, 3) the robust model. In the adopted robust methodology, detisi
P Power flow between zones 7(I\/I’W). makers can properly adjust Fhe level of c_on_ser\_/atism, which
pﬁ Zonal imported power (MW). is not possible in the_ classic robust optimization gpp_rpach
Pex:y Zonal exported power (MW). in which r_obugtness is ens_ured at. the_z cost of significant
p,osz Power loss (MW). Iosg c_>f optlmallty. The practlcal application of the propfjs
v, Continuous auxiliary variable fok, P . optimization framework is demonstrated by applying it to
W' A continuous variable used to rep;?es?éynt all thgma”p’ Canada, _W'th the purpose of detgrmmlng the optima
uncertain parameters in the constraints. potential pe_netratu_)n of PHEVS into Or?tar_lp’s transpoctt_ee
5. \oltage angle (rad). by 2025, without jeopardizing the reliability of the grid or

requiring the development of new infrastructure, and with
Il I NTRODUCTION consideration of the most relevant uncertainties. The gseg
' model builds on the authors’ previous work if [7] to offer the

CHALLENGES related to the Supply of oil have Iedfonowing new contributions:

governments and companies around the world to invest

in new transportation technologies and incentive progreoms 1) A model of the emission costs of generation.

encourage the purchase of alternative-fuel vehicles (AFVs 2) A comprehensive S_e”S'“V'ty anaIyS|s_ to identify the pa-
such as PHEVs, due to their environmental benefits and the rame_ter; that most mfluenc_e _the_optlmal value. .
technical advantages of electric drives. Although appneac 3) Appl|cat|or_1 of a robust_optlmlzanon ap_proach fo derive
such as distributed generation and demand-side management robust opt!mal penetratlons_of PHEVS into the_z transport
are being widely implemented, the optimal utilization oé th sector, which properly considers data uncertainty.
existing energy infrastructure in the context of its utlibn The remainder of the paper is structured as follows: Section
for transportation purposes must still be addressed. Feor EfIdiscusses the environmental effects of PHEVs with respe
ample, during off-peak hours, namely 11 pm to 7 am, the both the transport sector and generation sites, andniseae
underused electric grid infrastructure could be an efficiemodel of generation emission costs. Secfioh IV introdubes t
means of charging batteries for PHEVs. In return, battepptimization model used for planning the transition to PHEV
storage in PHEVs could provide dispersed storage capacBgction[\V discusses the impact of parameter uncertainty on
for the whole grid, which would help address the intermitterptimization models along with the methodologies used & de
nature of renewable energy sources (e.g., wind and solatjh this problem; the robust optimization approach addpte
and also facilitate the further development of environraiyt in this study to address data uncertainty is also described i
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To incorporate the cost function in Figl 1 into the opti-

g _ Coal mization model, three sets of binary variabls, ,, K,;, and
§ 3 K, corresponding to three segments of the cost function
5 } are defined. Also, three sets of continuous auxiliary véemb
g ! Py Fy, andPgs_ for the average zonal generation power
o | iy 1Y iy .
S CHP 1 F, ~are needed, and are defined as follows:
,— | Zonal ti iy
Nuclear and Renewables_ i_ L O:apif:::a ron P if Kl- —1
Pea. Peb. Pg 91y 27 ’
iy iy iy .
Pgiy = Pg2iy . |f K2'L'y = 1, (1)
Fig. 1. Emission cost function of generation. .
PQSiy . |f K3'L'y = 1

This results in the following C@®generation emission costs
this section. The application of the proposed methodology to be added to the objective function:

Ontario, Canada, is presented in Secfioh VI. Finally, $ecti . — S
[VITlsummarizes the main conclusions and contributions isf th EC :ZZ{ER”‘W [K%yPgw:y_K%yPgaiy+K3iy<P9biy_Pg%>]
study. YR Rcoah(K;,iypgiy—Kf,in_gbiy)}50002 g hx 365
@
1. ENVIRONMENTAL ASPECTS And in the following additional set of constraints:
A. PHEVs

Gasoline and diesel vehicles and fossil fuel plants release 0 < F,, < Klin_gaiy
CO_g |r_1to the atmosphere. Based on the social cost of carbon Koy <Ea-, +€a> <P, <K, <P_gb +€a)
emissions (SCC), the monetary value of the damage to the en- Y iy v
vironment can be estimated [8]. This study, therefore gassi K3, (P_gbiy + e+ eb> < Py, < Kaiy (Eiy + €+ eb>
an environmental credit for each PHEV introduced into the -~ p | g
transport sector, depending on the SCC, the fuel economy of ,, *“_ ™ L Y P
the light-duty vehicle (LDV) to be replaced by a PHEV, and ~ %v = %uv ~ =92 & " iy
the known value of C@emissions from burning gasoline (2.3 VieZhyeY )
kg/liter). An environmental cost is also assigned to eacligto To remove non-linear terms in(2), i.eKQingiy and
generation plant, based on the SCC, the power generati{ﬁglingw, to keep the model a mixed integer linear pro-
level, and the CQ emission rates of the plant. Disregardinggramming (MILP) problem, these terms are replaced by the
this environmental cost may lead to an overestimation of tN@riablesV;;, andV;, , respectively, plus the following con-
environmental benefits of PHEVs, because extra power ti$4aints:
may increase th_e CLQemissions must be generated to cover Vaiy > Py, — Pay, (1= Kaiy)
the energy requirements of PHEVSs. Vi > By, — Py, (1— Kayy)

High penetration of PHEVs into society’s vehicle fleet By = TGy 0y sy
would shift emissions from highly populated areas to a kwahit Vaiy 2 &iyKQiy

number of central generation power plants. Studies shotv tha Vaiy > &Z_y}'{gw

PHEVS result in Iowgr emissions than conventional gas_ollne VicZAyeY @)
vehicles even for regions with high GQevels from electric

generation[[R], [[3]. The present study thus differentiates IV. OPTIMIZATION MODEL

impact of CQ emissions based on their point of origin, With the goal of determining the potential optimal penetra-
as per [[9], and considers different values for social cogisn of PHEVs into the transport sector for each year of the
in densely populated areas versus sparsely populated, arpsning horizon, an MILP model is developed as explained
where power generation plants are typically located. Nlad¢ t next.

CO; emission is used as an indicator metric to represent the Objective Function

suite of emissions from power generation including,/NSQ,,

. ) ) The model's objective is to minimize the present value of
volatile organic compound (VOC), particulate matter (PH) &he net electricity and emission costs. Thus, the objeétine-
well as climate change gases such as,CiD view of all ’

. . . o .. tion consists of electricity generation and imported/exgpd
:Ezsr?a\nco:zlfd g(r)attéog.]Z’S%Téigtn%irzzzloge%oi[ St/hcéedc')ts Ilg lpower cost/revenue components, and emission cost and credi
g u ' populalg ponents for generation facilities and population greas

area where urban air quality is an issue, and the €ission . o L
cost of generation is assumed to be 10 CAD/{on [8]. ;glslgvigwely. The objective function is therefore expeesas

B. Emission Cost Model of Generation 1

Figure[1 represents a typical emission cost function during min Z (1+ DR)yv—w (Cry — Cay + Csy) ©)
ey

off-peak hours (e.g., Ontario), when the contributing base
load generation resources include nuclear, renewable®, CwWhereC;,,: € {1,...,3} are different cost or revenue compo-
and coal plants. nents as follows:
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1) Net Electricity Cost:C'y,, represents the net total elec- 3) Zonal Power Generation LimitsThese limits are the
tricity costs in yeary. Assuming that batteries are chargeghinimum and maximum effective generation capacities (in-

during a similar time frame on both weekdays and weekend$y ging the capacity factors) available in each zone dutfileg
this component can be expressed as follows: planning years

Cry =" (P, 7y + Piny, Tim, = Pox, Tox, ) X hx 365 (6)

= Py <Py, <Py, VieZAyeY (1)
2) Environmental Credit:C5, represents the environmentallhe lower bounds&w may be based on the operational
credits assigned to PHEVs in yegrand is stated as: considerations for base-load generation resources inzaeh
Z 4) Zonal Import/Export Power Limits:
Coyy = FFiy.fiy.Niy,, .DT.SCco,p.-Eco _
=1 R Pin,, < Pingy < Pngy
x0.365 Y VS &(iy < Pexiy < Fexiy (12)
FEq, VieZAyeY
cevT Wey

@) 5) Generation Emission Constraint3these constraints are
Note that appropriate credit in the objective function igegi expressed by{3) anfl(4) (SectionTl-B).
only to the charge depletion share of vehicle miles traveled 6) Penetration ConstraintsThese constraints are defined
denoted byDT and also referred to as the all-electric rangas:
(AER). Itis to be emphasized that, is fixed by the system 0<FFy,<1 VieZAyeY (13)
planner based on an assumed transition curve to account
for the time needed for the development of the required FFiym, — FFy 1, 1 >0 VieZAyeYr (14)

infrastructure[[7]. AlsoF'F;, determines the percentage of the . :
penetration levels set by the transition curve that is aethike where[IB) states that the penetration levels in each yeanta

s . . exceed the limitg:, set by the assumed transition curve, and
due to electricity grid constraints. Y. : .
3) Emission Cost of GenerationCs, represents the en- (I4) enforces the increase of the ultimate penetrationldeve
vironmental costs of generation in @e@r Based on the over time. For uniform PHEV penetration in all zones, the
mathematical formulation (Secti@nTII}B), this cost compat following constraints should also be considered:

is expressed as follows: o
L - FFy —-FF;, =0 Vi,jeZANyeY) (15)
Gy =3 {ERchpi [VQW — Koiy Py, + Ky (Pgbiy —Pgaz.y)]
i€Z

o V. ROBUST OPTIMIZATION
+ B Reoai, (Va,,, — KsiyPaoy, ) | SCc0,9 % h x 365

8 Optimization models often rely on some input parameters
B. Constraints ®) whose values must be estimated. The estimated parameter

1) Transmission Systen@iven that the presented planningralues, however, may be different from the true values be-
study, requires only an approximate representation of tRause of data limitations, biased data, unrealistic astong
grid, a dc optimal power flow model that accounts for thBUmerical errors in the estimation process or the nonstatjo
transmission system losses is adopted. Following the rdetH#ature of the data. On the other hand, errors in estimatimgfin
proposed in[[10], a linear approximation of power losses Rarameters may severely affect the obtained optimal swiuti
year y can be obtained using piecewise linear blocks f@nd its actual performance. Thus, as the data take values
voltage angle differences. This method results in the fatig  different than nominal or expected ones, several conssrain

ZO”a'_power-ba'ance constraints: may be Vi0|ated, and the Optlmal solution y|e|ded by the
nominal data may no longer be optimal or even feasible.
Pgiy = Py, = FEiyhiy Pen,, + P, — Pex,, Therefore, due to the impact of data uncertainty on the tuali
1 and feasibility of the optimization models, methodologies
- Z {QP'OSS(‘Siyv 0jy) = Pijy (8, 05,)| =0 should be adopted that appropriately deal with the unagytai
(B.5)eq of the parameters in the mod&l]12], [13].
VieZNyeY 9) Sensitivity analysis and stochastic programming are the
plus several other constraints related to the power loss Iffassical approaches for dealing with parameter unceytain
earization as discussed in [10] and][11]. optimization models[[14],[[15]. Sensitivity analysis meess

2) Transmission Capacity Constraint8ased on the trans- the sensitivity of a solution to stochastic changes in thpaiin

mission model, these constraints are defined as follows: ~Parameters; however, it provides no mechanism by which this
sensitivity can be controlled [15]. In the stochastic peogs

—Pijy (04, 0,,) + 1P.og,s(ziiy,éjy) < Puijy ming approach, probability distributions of the uncertpar
21 o rameters are needed which are difficult to estimate in practi
Pijy(d;,,0;,) + §Ploss(§iya 8jy) < Prijy Furthermore, only an expected value of the objective famcti
V(i,j) € QAy Y (10) is optimized.

o - In view of all the difficulties with sensitivity analysis and
The maximum limitsF;;,, and P;;, are obtained based onclassical stochastic programming approaches, one of tis¢ mo
standard thermal and stability considerations. attractive approaches to deal with parameter uncertairttyd
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optimization process isobust optimizationf16]. The classic simultaneously. Consequently the true valug df_, |s..| can
robust optimization method yields an uncertainty-immediz be assumed to be in a narrower range, i.e.,

solution, which remains feasible in all realizations of hut n

data, and the value of the objective function at this sofut Z |Sen| < T, Ve. (19)
the guaranteed value of the uncertain objective. The mais to =1

in the classic robust optimization framework aracertainty
setsand arobust counterpart problemThus, uncertainty in
the input data is described through uncertainty sets, Whif(,2

contain all or most possible values that may be realized fge{\t/iilj d?ef C;Otrr]\ze;\g?:?ssi?n?r:]gllgr?c?\l/\l;:r(zinl.;r:t:ser\t/:ilﬁte r_?gectg the
the uncertain parameters. Also, a deterministic problenighv indicates no “protection” anainst uncertaint yI. iﬁfﬂs
is called a robust counterpart problem, is associated vaigh ¢ very conserr\)/ative solutic?n since it can b)é’ intergrgtedllas a
uncertain problen[17]. Given the nonempty uncertain se’ﬁtI . . :

b ] by e the uncertain parameters’ taking their worst-case valuésea

U., the robust optimization yields a solution that optimizes

the worst-case performance when the input data belong to ffne time. For any values between 0 andthe decision-

uncertainty sets. More specifically, robust optimizatiotves Eniiet:a:?]?zisd ?h:a(;j:'?;feb;“ggﬁge:cztig;gtgfttﬁg sli\lljtlic?r: the
the following problem: g :

The uncertainty selV in this context becomes:

whereT'. € [0,n], referred to as théudget of uncertainty
Econstrainte, is used to adjust the robustness against the

min max fo(x, do) U = {(@e0) | Geo = few + AdeuSen; Ve, v, 5e € Se}, (20)

s.t. fe(X,de) > 0,Ve € E,Vd, € U, (16)
where:
where fore € EU{0}, the setl, is the uncertainty set of the n
parametede' Se = {Se = [86178621 ceey Sen] | |Sev| < 1,VU,Z |Sev| < Fe} .
Although this approach provides immunization to parameter v=1
uncertainty, its results are perceived to be too consewvati (21)

for real applications, i.e., robustness is ensured at tts co
of significantly losing optimality [[13],[[18]. To rectify ik
shortcoming of robust optimization, it has been suggested
intelligently shrink the uncertainty set (e.d.. [19]). Qufesuch min ¢'x
techniques was proposed in [12], which is also applicable to xex

discrete optimization model$ [20]. The main feature of this st &x+ min ZAaevIvSev > b, Ve 22)
v=1

A robust optimal solution can now be obtained from the
f?llowing counterpart problem:

formulation, which is used here as explained next, is that it Sc€8.

does not lead to nonlinear models; therefore, the tradabil

of the problem is not affected. Also, this approach offerslrough the application of strong duality, Theorem 1 of
full control on the degree of conservatism desired for a proves that[(22) is equivalent to the following linear

constraint[[12], [[13], [20]. programming model:
Consider the following general linear programming model:

min ¢'X
xeX
. /
min CX st &X—Tepe— Y Gey >be, Ve€E,
st &x>b., Ve (17) veVe
pe+qev ZAaeurv, VeEE/\vGVe,
where X' includes all mixed integer feasible solutions, and oy < Ty < Ty, Yo €V,
uncertainty is assumed without loss of generality to affect
; iante pe > 0, Ve € E,
only the constraint coefficientd.. Every element of the
vector &, i.e., dey, v € {1,2,...,n}, is assumed to be Gev = 0, Vee ENv eV,
subject to uncertainty and belongs to a symmetrical interva ry > 0, Vv e V. (23)

[Gey — Abey, ey + Aae,] known by the decision-maker, _ ) ) .
where™ and A are used to represent nominal values arigpserve that this robust formulation requires the detesition

deviation magnitudes, respectively. This interval is eesd ©f & budget of uncertainty. € [0, |V.|] for each constraint
at the point forecas,,, while Aa,, measures the precisionSUPJECt to uncertainty, as well as the definition of new denis

of the estimate. The scaled deviatien, of parametera,, Varablespe, g, andr,.

from its nominal value can then be defined as: In [12], it is shown that for constraint with n uncertain
_ . parameters to be violated with a probability of at mastit is

Sep = Gev T Gev ’ (18) sufficient to choose a budget of uncertaifityat least equal to

Adey 14+ &1 (1—¢.)/n, whered is the cumulative distribution

which belongs to [-1,1]. The aggregate scaled deviation f8f & Standard normal. Alternatively, the violation probipi
constrainte, >"_ |s., |, which is more accurate than indivig-of constrainte at a given budget of uncertainfy. can be
ual ones, can take any value between 0 antiowever, it is calculated ad — @ F—;lZ

unlikely that all of the coefficients,, take their worst cases Note that Problem (17) can be rewritten as follows:
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Moreover, two different emission rates of 1.1536 and 1.1966

i ton/MWh were found for the two coal plants located in the NW
min W

XEX zone. For simplicity, an average figure of 1.1751 ton/MWh was
st. W—cdx>0, used for the coal plants in this zone. Also, accordind t9,[23]
Ax > b (24) [24], an approximate COemission rate of 0.25 ton/MWh was

assumed for the CHP plants in Ontario. All these emission
This representation transfers the uncertainty in the ¢lbgc rates are considered to be constant during the planning.year
function to the constraints that allows the use of the afore-2) Electricity Demand: As per [25], [26], the average

mentioned robust optimization framework. base and peak-demand values in Ontario from 2007 to 2025
are expected to increase by 21% and 24%, respectively. On
V1. APPLICATION TOONTARIO, CANADA average, these load increases translate into 1.11% an@1.26

This section discusses the application of the robust opfil Pase and peak-demand annual growth rates, respectively,

mization model to Probleni(24) for the real-case of Ontarié’ @ll of Ontario. Considering these figures and based on a
Canada, considering the issue of data uncertainty. method discussed in[lL1], the annual base-load growth fate o
the whole Ontario was decomposed into different zones.&hes

) ) zonal base-load annual growth rates along with the Ongario’

A. Ontario's Electric Power System Data average demand in 2007 (for the time period between 23:00-

1) Transmission and GenerationOntario’s IESO repre- 7:00) were used to obtain the expected base-load demands in
sents the Ontario’s electricity network with 10 zonés] [21}ifferent zones of Ontario from 2008-2025.
These zones include Bruce, West, SW, Niagara, Toronto, East3) Electricity Imports and ExportsPower import and ex-
Ottawa, Essa, NE, and NW. This same representation is use@dnt possibilities exist in six of Ontario’s zones: Westabjara,
this study to develop the 10-zone simplified model of OntarioEast, Ottawa, NE and NW. In general, there is a 4,000 MW im-
network which considers the main grid load and generatigrt capability in Ontario from Manitoba, Quebec, Michigan
centers and transmission corridors. The model is mostlyNew York and Minnesota, and an additional 1,000-1,250 MW
500 kV network, with a 230 kV interconnection betweerfrom Quebec is being developed [21], [27]. No limitation on
the northern zones (NE and NW). Hence, the parameterspafver export is considered in this study; however, a maximum
this network are based on typical values of 230 kV and 5@} 750 MW of power imports from New York and Quebec
kV systems, considering the approximate distances betwdsiiween 2015-2022 was assumed for both the Ottawa and East
zones, and transmission capacities, as per general infiormazones. Moreover, a maximum of 500 MW of imports in both
provided by the IESOL[21] and line loading limits in percenNE and NW were assumed during the same period. Also, a
of surge impedance loading. Also, based on the existing améximum of 300 MW of imported power in NW was assumed
planned projects provided by the OPA, an approximate pattén other years within the planning period. These assumgtion
of transmission capacity enhancements are taken into atcoare consistent with the operational import limits found2];
for this simplified model with the details provided [ni [7]. o however, an upgrade of the import capability in NE is also
that the dc optimal power flow and zonal models used hesagsumed in this study. If no upgrade on the import capability
to represent the Ontario’s electricity system are adedisate of NE takes place by 2015, the assumed import power for
the long-term planning horizon under consideration, wisse this zone from 2015-2022 in excess of the import limit was
kinds of models being widely used in practice for these typ@ssumed to be covered by local dispatchable hydro units.
of studies. More detailed transmission system models ssich a4) Electricity Prices: Calculated average electricity prices
ac optimal power flow and nodal-based models are typically Ontario between 2003-2008 for the time period of 23:00-
used in short-term planning and dispatch, and lead to ratlep0 shows, in general, a declining trend (with the exceptio
complicated mixed integer nonlinear programming problengg 2005) [11]. However, the average electricity price in 00
in the context of the large multi-year model considered hefgas conservatively assumed to be the expected value of the
while resulting only on marginal improvements in the aceyra HOEP for all of the planning period. Also, the expected value

of the results, if at all solvable. of importing and exporting electricity prices were assurted
The maximum and minimum base-load generation powpeé the same as the HOEP.

in each zone were found based on a zonal pattern of base-

load generation capacity development between 2008 and 2025 .

contributing to base-load energy in Ontario][11]. The mix df- ©Ontario’s Transport Sector Data

base-load generation resources in this model includegagycl 1) Number of LDVs:In order to determine the Ontario’s
wind, hydro (only those units with limited dispatch cap#pil grid potential for charging the PHEVS, it is first necessary t
and small-scale units less than 10 MW), CHP, coal, and catetermine the number of LDVs during the planning period,
servation and demand management. The generation capacitibich in turn requires the zonal population levels and the pe
allowed finding the maximum capacity of polluting and noneapita number of vehicles during this period. Therefore, th
polluting base-load generation resources as requiredhi®r population of cities and towns of more than 10,000 inhaltstan
emission cost function. Also, as per [22], the average, CQvere used to find the population of each zone, considering the
emission rates of coal plants in the West and SW zones werographical location of the zones. The population of each
considered to be 0.9553 and 0.9881 ton/MWh, respectivelpne was then scaled up such that the sum of zonal population
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would equal to the 12,861,940 population estimate for Gmtawherep € (0, 1] indicates the size of the relative perturbation
on January 1, 2008, as pér [28]. The annual base-load growtid\ is a random parameter, which is assumed to follow a nor-
rate for each zone was approximately used to find the zomaal distribution with zero mean and unit standard deviation
population in the study period. Also, based onl[29], a pdtroughout this sectiom and M are fixed at 10% and 1000,
capita number of vehicle equal to 0.55 was assumed to tespectively, to represent a reasonable perturbation, laxe
valid for Ontario from 2008-2025. These figures were used since 1000 perturbations produce satisfactory resultsdba
estimate the expected number of LDVs in different zones abt change significantly with increased simulations. Atsdy
Ontario during the planning horizon. one parameter at a time is assumed to be perturbed while all
2) Vehicle TypesAs per [29], six types of LDVs including other parameters remain at their nominal or expected values
compact and mid-size sedan (each with 29% share), mid-sizén this sensitivity analysis, the following three quamiare
and full-size SUVs (each with 4% share), vans (16% sharepnsidered[34]:
and pick-up trucks (18% share) were assumed for the Orgario’1) Trye optimal value It is the value of the objective

LDV fleet. _ _ function (OF) using an unperturbed parametérat the
'3) Fuel Economy:The approximate fuel economies of the  gptimal solution obtained from the unperturbed parameter
different types of LDVs assumed to be replaced by PHEVs A; this is denoted by) Fp (Xa).

were calculated based dn[30]. Thus, the fuel economy of comz) Actual optimal value It is the value of the objective

size SUVs, vans and pickup trucks were assigned a similar thjs js denoted byD Fj (Xaian).

approximate fuel economy of 7.73 km/liter. Furthermore, in3) Estimated optimal valudt is the value of the objective
order to not overestimate the environmental credits of PBEV ~ fynction using a perturbed parametdr+ AA at the
it was assumed that these fuel economies improve by 20% by gptimal solution obtained from the perturbed parameter

the end of the pIar_ming_hor.izc_)n. _ A+ AA; this is denoted by Fa:aa (Xasan).
4) PHEV Charging Time:lt is assumed that the charging To quantitatively compare the sensitivity of the optimal

takes place during off-peak hours from 23:00-7:00 in bOt\I/']alue to perturbations of different parameters, the foitmy
weekdays and weekends.

5) PHEV Charging Demand:In order to evaluate the Average Deviation Index (ADineasure is proposed:

PHEVs charging demand, a 30-km-all-electric average daily 1 M

trip (referred to as PHEV30km), a 70% maximum allowable ADI = 5+ > |OFa (Xatan,) —OFa (Xa)|,  (26)

depth of discharge, a 1.4-kW connection power level, and an m=1

85% charging efficiency were assumed. Based on these where OFa (Xa1aa,, ) is the actual optimal value in sim-

sumptions and the specific energy (kWh/km) required for eaghation m. CalculatedADI values for different parameters

type of LDVs [30]-{32], the battery-charging requiremefuts of the optimization model are ranked to identify the most

different types of PHEV30km were calculated. influential parameters that can then be used to develop the
The interested readers are also referred to [7], [11] for fufobust counterpart problem. A comprehensive discussien re

ther details regarding the Ontario’s electric grid and ot garding the use of actual optimal value instead of estimated

sector data. one for the calculation ofADI in (28) can be found in[11],
[34]. It is also worth mentioning that typical methods used
C. Sensitivity Analysis in the literature for sensitivity analysis are valid for dma

The optimization model for planning the transition tderturbations([35], allowing thestimatedoptimal value to be
PHEVs in Ontario, involves many parameters with inheref€termined approximately. However, they are not apprégpria
estimation errors. A common approach to investigate th@ obtaining theactualoptimal value, in particular, given the
impact of estimation errors on the optimal solution and tHarger range of parameter variations considered here.
corresponding optimal value is to represent the errors as!he sensitivity analysis was performed considering 19 ef th
perturbations to the data in order to perform a sensitiv%ﬁ relevant single or group parameters of the model. AMPL
analysis on the optimal solutiof [33]. The results reveal tH36] and CPLEX [37] were used to solve all MILP problems
uncertain parameters that most influence the optimal val@d determine the true and actual optimal values. Note that
which can then be used for developing robust counterpMtLPs are classified in the category NP-hardproblems, and
problems. consequently one faces computational challenges wheimgolv

A sensitivity analysis using Monte Carlo simulation wadgrge-size MILP problems which can be addressed by a trade-
carried out to find the impact of estimation errors in theff between solution quality and computational time; tr8s i
parameters of the model developed in Section IV. Mofé€2alized by appropriately defining the optimality gap valune
precisely, given a parametet in an optimization problem, this paper, in order to achieve a high degree of precisian, th
M perturbations\ A are generated to represent the estimatigiPtimality gap was fixed at 0.02% for all the simulations.
errors in the parameterl. Here, it is assumed that the The results of the sensitivity analysis are illustrated in
perturbations have independent normal distributions, i.e  Tablell; observe in this table that all the parameters cenetl

are classified into two categories based on their correspgnd
Ad = pAA, (25)  ADI values and ranking. Based on these results, the elégtric
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TABLE |
AVERAGE DEVIATION INDEX OF THE PHEV TRANSITION MODEL FOR
DIFFERENT UNCERTAIN PARAMETERS

optimal value. These parameters can be expressed as follows

[ Rank | Uncertain parameter [ ADITCAD] | 0'911/ < F?’NS 1'17Ty’AA7Ty 0-17,, VyAE Y (27)
1 Price of export power 5.0598e+006 0'97Timy < Tim, < 1'17Timy’ A7Timy = 0'17Timy’ VyeY (28)
2 Hourly Ontario Energy Price (HOEP) 5.0523e+006 T, <7. <117 =017
3 Annual growth rate of LDVs in Toronto 3.3158e+006 0 97Tex“~’ = Tex, = ! 17TeXy’ Awexl’ 0 17Tex“~” ey (29
4 | Price of import power 2.4700e+006 In this case, based on{24), the following constraints ghoul
S | Annual growth rate of LDVs in SW 2.2047e+006| he added to those of the PHEV transition model discussed in
6 Annual growth rate of LDVs in Ottawa 1.4607e+006 Sectior[TV:
7 Annual growth rate of LDVs in West 1.0384e+006 ’ 1
8 Annual growth rate of LDVs in Essa 8.6978e+005 _ _
9 | Annual growth rate of LDVs in East 3.2441e+005 W Z (1+ DR)y—w (Cry = Oy + Cy)
10 | Annual growth rate of LDVs in NE 1.4591e+005 yey
11 | Annual growth rate of LDVs in Niagara 1.4146e+005 —Iip1 — Z q1o >0 (30)
12 | Annual growth rate of LDVs in Bruce 1.4817e+004 eV
13 | Annual growth rate of LDVs in NW 1.1417e+004 o . . .
14 Average fuel economy of GVs (Compact Sedan) 0 WhereCly, WhICh InC|Ude the |nﬂuent|a| uncertain parameters
15 | Average fuel economy of GVs (mid-size sedah) 0 is defined as follows, and’y, and Cs, are the same as the
16 | Average fuel economy of GVs (mid-size SUV 0 ones previously represented 4 (7) ah (8):
17 | Average fuel economy of GVs (full-size SUV) 0 N N N
18 | Average fuel economy of GVs (van) 0 Ciy = Z <Pgiy Ty + Bm,, Tim, — Pexiyﬁexy) X 8 x 365 (31)
19 | Average fuel economy of GVs (pick-up truck 0 i€z

P11+ qro 2 Aalvrm YveV = V1= {17 754}7 (32)

where the deviations of the uncertain parameters are deter-
prices and annual growth rates of vehicles in four zon&&ned to be as follows:

(Toronto, SW, Ottawa and West) are found to be the most —BX365 Ag Lo Vo € {1,...,18},
. ) . (1+DR) y1t+v
influential parameters. Observe in Talle | that the averagk f
economy of different types of gasoline vehicles have zeré AD  , _ 8x365 A . Wo e {19,...,36}
. 0 . A1y = (1+DR)”’19 My, +v—19 ° g ey s
values, which means that a 10% fluctuation of these parameter
have no impact on the optimal solution. This is expected, as 8365 A . Ve {37,...,54)
the share of each type of gasoline vehicles from the total (1+DR)"=5T =7 €Xyy fv—37 peeny IR
number of light-duty vehicles is limited. The large ADI vaki
of the electricity prices compared to other parameters @anb —r, < ZPgi B <r,, Yvedl,..,18} (33)
explained by the fact that the electricity cost and reverum$ i€z
in the objective function of the model are much larger than _ , < Zp. <r,, WYwe{l19,..36} (34)
. . . v = IM; yq4v—19 — 'V PR
the CQ, emission cost and credit terms. ez
Given the limitation of the robust optimization techniques _ , < Zp <r,, Yve{37,..,54} (35)
. . . v = Xi,yq 4v—37 — "V ’
including the one used here, uncertain parameters such as -t

ﬁ]n?rlﬁlti glreovc\:/g;lsrta:;?ritrsc)farlﬁ\tﬁe\,\ght:?ehctis\g?Sﬁgt?gr?sggni%?ear The performance of the robust solution as a function of
handledpby this methodology. hentJ:e nominal values of thg[he protectlon_ I(_evel 10 for_ a .COZ emission cost/credit of
’ ' S . 5 CAD/ton is illustrated in Fid]2, which demonstrates how
paf"?“."eters were ”S?d for the ro-bust optimization St.Ud'ES'optimality is affected as the budget of uncertainty or prbte
addmon, eIecFr|C|t_y prices are subject to more ﬂl.JCtmand level of the constraint with uncertain parameters increa®é-
:he|;hforecast|ngt IS S|gn|r:‘|cantly molre Ch?#en?'ng fcfg?/mréerve in Fig[R that increasing the protection level abiow80
tﬁeoseerregzgerlwr:eoerrilSgl(;ctﬁiig/n;lrjigegr?rrvtherii?sst c::ate glfsry Ras a negligible impact on the loss of op_timality, showirtgt_h
o . almost 56% of the uncertain parameters in the PHEV tramsitio
Tablell are considered for developing the robust countErp%Odel greatly influence the optimal solution. The trade-off
problem. between optimality and robustness is also illustrated in[Bi
observe that lower losses of optimality correspond to highe
probabilities of constraint violation, as expected. Ndtat thy
allowing an 8% loss of optimality, it is possible to make the
D. Robust Optimization Model probability of constraint violation less than 5% when ernaiss
constraints for generation are considered. It is also estarg
Based on the discussions in the previous sections, tieenote that the impact of emission constraints for genamati
robustness of the PHEV transition model is investigate@ hdsecomes more conspicuous for lower violation probabdlitie
with respect to perturbations in electricity prices. As HDE Studies showed that, in spite of the loss of optimality with
as well as export and import electricity prices are defined fthe increase in the budget of uncertainty, uniform PHEV
each individual year of the planning span (2008-2025),e¢hepenetration and the total number of PHEVs by 2025 are
are in total 54 parameters whose uncertainties can influbiecenot impacted by the constraint protection level and are lequa
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TABLE 1l
1.95“010 i SAMPLE RESULTS OF DETERMINISTIC AND ROBUSTPHEV TRANSITION
MODEL WITH SCco,p=50 CAD/TON, DISREGARDING EMISSION
CONSTRAINTS FOR GENERATION(DM: DETERMINISTIC MODEL; RM:
§ ROBUST MODEL)
B 1
% r Violation Optimal value Change Uniform  # of PHEVs
% probability penetration by 2025
3 [l [%0] [CAD] [%0] [%]
% DM - - 17,749,875,901 0 9.91 853,397
& 0 55.41 17,749,875,901 0 9.91 853,397
E 5 29.31 18,462,420,204 4.01 9.91 853,397
3 1 10 11.03 18,942,348,114  6.72 9.91 853,397
5} RM 14 3.84 19,213,595,806  8.25 9.61 827,938
E 24 0.09 19,513,035,695  9.93 0.68 58,284
E 34 3.5490e-004 19,548,443,500 10.13 0.68 58,284
g i 54 2.7489e-0011 19,550,124,730 10.14 0.68 58,284
without emission constraints for generation
with emission constraints for generation TABLE ”l
17 i i 0 0 0 SAMPLE RESULTS OF DETERMINISTIC AND ROBUSTPHEV TRANSITION
0 10 20 30 40 50 60 MODEL WITH SCco,p=50 CAD/TON, INCLUDING EMISSION

Budget of uncertainty [-] CONSTRAINTS FOR GENERATION

) . . r Violation ~ Optimal value Change Uniform  # of PHEVs
Fig. 2. Impact of the budget of uncertainty on the optimal value of the

probability penetration by 2025
robust PHEV transition model. [ [%] [CAD] [%] %]
12 . . . DM - - 18,024,967,839 0 7.93 682,994
0 55.41 18,024,967,839 0 7.93 682,994
5 29.31 18,732,050,321  3.92 7.93 682,994
| 10 11.03 19,208,575,792  6.57 7.93 682,994
RM | 14 3.84 19,475,404,857  8.05 1.55 133,548
24 0.09 19,772,818,146  9.70 0 0
| 34 3.5490e-004 19,808,225,951  9.89 0 0
54 2.7489e-0011 19,809,907,181  9.90 0 0

interesting to note that even setting the budget of unceytai
at '=14, i.e., assuming 14 out of 54 uncertain parameters
take their worst-case values at the same time, results in

Relative percentage change in objective function

wihout omission canstaints for generaton | ' a significantly low value of violation probability (3.84%).

vith emission constraints for generation Table[IIl presents similar results for the case of considgri

0 = e o .» emission constraints for generation. Observe that settieg
Violation probability [%] budget of uncertainty af'=14 results in a reasonable trade-

off between optimality and conservatism, since the coimgtra
Fig. 3. Relative change in optimal value of the robust PHEMgition model with uncertain parameters is protected with a probability 0
with respect to the probability bound of consraint viaati 96.16% at the cost of losing 8.05% of optimality. In this case

at least 1.55% uniform PHEV penetration can be obtained

which translates into 133,548 PHEVs that can be introduced
to 10.59% and 912,106, respectively. To investigate whiethato Ontario’s transport sector by 2025.
uniform PHEV penetrations remain independent of budget of
uncertainty for lower emission costs, further robust asedy
were performed using different values for social cost ofsemi
sions in the population area. These studies reveal thanthe i This study examined the optimal utilization of the elec-
dependence of the uniform PHEV penetration from the budget grid infrastructure during off-peak times for chargin
of uncertainty holds for even relatively large deviatioabqut PHEVs. Considering environmental issues, a comprehensive
50%) of the social cost of emissions with regard to the ilijtia optimization model for the transition to PHEVs was develbpe
assumed 125 CAD/ton. However, larger than 50% reductiotts determine the optimal electric grid potential that would
in the social cost causes the budget of uncertainty to greatupport these vehicles within a planning horizon. The issue
influence uniform PHEV penetration. This is demonstrated of parameter uncertainty was incorporated into the model,
Table[l where the robust results are found based on a so@ad a methodology based on Monte Carlo simulation was
cost of emission equal to 50 CAD/ton. Observe that under fydfoposed for identifying the parameters that most influehee
protection ['=54) of the constraint with uncertain parametergptimal solution. Using these uncertain parameters, astobu
the optimal value is increased by 10.14%; hence reducingtimization approach with the capability of adjusting the
the chance of constraint violation to zero can be realized lavel of conservatism/risk was then applied to derive rbbus
the cost of losing 10.14% optimality. In this case, the totalptimal penetration levels of PHEVs into the transport@ect
number of PHEVs is significantly reduced to 58,284. It i¥he usefulness of the proposed robust analysis methodology

VII. CONCLUSION
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was demonstrated by applying it to the real-case of Ontarjp4] Ontario Power Authority (OPA)Pollution Probe Interrogatory 94,
Canada.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

El

[10]

(11]

[12]

[13]

[14]
[15]
[16]
[17]
[18]

[19]

[20]

[21]

[22]

(23]

REFERENCES

P. Denholm and W. Short, “An evaluation of utility systeimpacts
and benefits of optimally dispatched plug-in hybrid electsiehi-
cles,” National Renewable Energy Laboratory, Golden, C&hT Rep.
NREL/TP-620-40293, October 2006.

K. Parks, P. Denholm, and T. Markel, “Costs and emissiassociated
with plug-in hybrid electric vehicle charging in the xcelezgy colorado
service territory,” National Renewable Energy Laborat@plden, CO,
Tech. Rep. NREL/TP-640-41410, May 2007.

S. W. Hadley, “Evaluating the impact of plug-in hybrid hieles on
regional electricity supplies,” irProc. Bulk Power System Dynamics
and Control VII Symposium, IRERharleston, South Carolina, August
2007.

M. Kintner-Meyer, K. Schneider, and R. Pratt, “Impactssessment
of plug-in hybrid vehicles on electric utilities and reg&nus power
grids part 1: Technical analysis?acific Northwest National Laboratory
2007.

M. D. Galus and G. Andersson, “Demand management of gniohected
plug-in hybrid electric vehicles,” ifProc. IEEE Conference on Global
Sustainable Energy Infrastructure (Energy 203B)lanta, GA, USA,
2008.

X. Yu, “Impacts assessment of PHEV charge profiles on pgiua
expansion using national energy modeling systemProc. IEEE Power
and Energy Society General Meetin@ittsburg, Pensylvania, USA,
2008.

A. Hajimiragha, C. Cafiizares, M. W. Fowler, and A. Elkelni‘Optimal
Transition to Plug-in Hybrid Electric Vehicles in Ontaricanada
Considering the Electricity Grid Limitations/EEE Trans Ind Electron
vol. 57, no. 2, pp. 690-701, 2010.

D. Pearce, “The social cost of carbon and its policy irgions,” Oxford
Review of Economic Policyol. 19, no. 3, p. 362, 2003.

M. Jacobson, “Enhancement of Local Air Pollution by Unb&0O,
Domes,”Environmental Science & Technolgogxol. 44, no. 7, pp. 2497—
2502, 2010.

A. L. Motto, F. D. Galiana, A. J. Conejo, and J. M. Arroydyetwork-
constrained multiperiod auction for a pool-based eletgricnarket,”
IEEE Trans. on Power Systemel. 17, no. 3, pp. 646-653, 2002.

A. Hajimiragha, “Sustainable convergence of eledifi@and transport
sectors in the context of integrated energy systems,” Pti€3ertation,
University of Waterloo, 2010.

D. Bertsimas and M. Sim, “The price of robustnes§€perations
Researchvol. 52, no. 1, pp. 35-53, 2004.

D. Bertsimas and A. Thiele, “Robust and data-drivenirojaation:
modern decision-making under uncertaintyiFORMS Tutorials in
Operations Research: Models, Methods, and Applicationénfeovative
Decision Making 2006.

P. Kall and S. W. WallaceStochastic Programming Chichester: John
Wiley & Sons, 1994.

J. Mulvey, R. Vanderbei, and S. Zenios, “Robust optatian of large-
scale systemsOperations Researctpp. 264-281, 1995.

A. Ben-Tal, L. El Ghaoui, and A. NemirovskRobust Optimization
Princeton, NJ: Princeton University Press, 2009.

S. Moazeni, “Flexible robustness in linear optimizat’ Master’s thesis,
University of Waterloo, 2006.

M. Sim, “Robust optimization,” Ph.D. dissertation, B&achusetts Insti-
tute of Technology, 2004.

A. Ben-Tal and A. Nemirovski, “Robust solutions of lexeprogramming
problems contaminated with uncertain datdfathematical Program-
ming vol. 88, no. 3, pp. 411-424, 2000.

D. Bertsimas and M. Sim, “Robust discrete optimizatiamd network
flows,” Mathematical Programmingvol. 98, no. 1, pp. 49-71, 2003.
Independent Electricity System Operator (IESOhtario Transmission
System, June 2006. [Online]. Available: http://www.theimo.com/
imoweb/pubs/marketReports/OntTxSyste2806jun. pdf

Ontario Power  Generation (OPG), Sustainable Devel-
opment Report 2007, Toronto, ON, Canada. [On-
line]. Available: http://www.opg.com/pdf/Sustainabl@®®evelopment
%?20Reports/Sustainable%20Development%20Report% 20200
Ontario Power Authority (OPA)Supply Mix Analysis Reportol. 2,
December 2005. [Online]. Available: http://www.powetaaitity.on.ca/
Page.asp?PagelD=122&ContentID=1141&SiteNodelD=127

Toronto, ON, Canada, June 2008. Submission to the Ontara&rgin
Board (EB-2007-0707, Exhibit I, Tab 31, Schedule 94), p..208line].
Available: | http://www.powerauthority.on.ca/Storage116360 7307
Tah 31 OPA _IRR_I-31_Pollution_Probe 20080702original.pdf

[25] Ontario Power Authority (OPA),Nuclear Resources for Base-
Load, Toronto, ON, Canada, 2007. Submission to the Ontario
Energy Board (EB-2007-0707, Exhibit D, Tab 6, Schedule 1).
[Online]. Available: http://www.powerauthority.on.&tbrage/53/4873
D-6-1_corrected071019.pdf

[26] Ontario Power Authority (OPA)Determining resource requirements,
Toronto, ON, Canada, 2007. Submission to the Ontario
Energy Board (EB-2007-0707, Exhibit D, Tab 3, Schedule 1).
[Online]. Available: http://www.powerauthority.on.&tbrage/53/4867
D-3-1_corrected071019.pdf

[27] Independent Electricity System Operator (IESOhtario Transmission
System,November 2009. [Online]. Available: http://ieso.com/wweb/
pubs/marketReports/OntTxSyste2009nov.pdf

[28] Statistics Canada. [Online]. Available: http://wvetatcan.ca/Daily/
English/080327/d080327d.htm

[29] Natural Resources Canadaanadian Vehicle Survey, Summary Report,
May 2007. [Online]. Available: http://www.oee.nrcan.cg/Publications/
statistics/cvs05/pdf/cvs05.pdf

[30] M. Duvall, “Comparing the benefits and impacts of hybetectric
vehicle options for compact sedan and sport utility vekitl&lectric
Power Research Institute (EPRI), Palo Alto, CA, Tech. R2pQ2.

[31] ——, “Advanced batteries for electric-drive vehicleglectric Power
Research Institute (EPRI), Palo Alto, CA, Tech. Rep., Mag20
[32] ——, “Electricity as an alternative fuel: Rethinkingfgfeak charging,”

in Proc. Plug-in HEV Workshqp2003.

[33] B. Bank, J. Guddat, D. Klatte, B. Kummer, and K. Tamni¢on-linear
parametric optimization Birkhauser Berlin, 1983.

[34] S. Moazeni, T. F. Coleman, and L. Yuying, “Optimal potib execution
strategies and sensitivity to price impact paramet&sM J. Optimiza-
tion, vol. 20, no. 3, pp. 1620-1654, 2010.

[35] A.J. Conejo, E. Castillo, R. Minguez, and R. GarciatBerd, Decom-
position techniques in Mathematical ProgrammingSpringer-Verlag,
2006, ch. 8 Local sensitivity analysis, pp. 304—346.

[36] R. Fourer, D. M. Gay, and B. W. KernighalAMPL: A Modeling
Language for Mathematical Programmingnd ed. Pacific Grove, CA:
Duxbury Press, 2002.

[37] IBM ILOG AMPL version 12.1 User’'s Guiddune 2009.

Amir H. Hajimiragha (S’09-M'10) received his BSc (1995) from K. N. Toosi
University of Technology, Tehran, Iran, MSc (2005) from Rbynstitute of
Technology (KTH), Stockholm, Sweden, and PhD (2010) fromWmiversity
of Waterloo, Waterloo, Ontario, Canada, all in Electricalgiheering. During
1996-2003 he worked in Niroo Research Institute (NRI), @ahrlran in
different research and managerial positions. Currentd, i involved in
research and development projects in the field of micrognd&E Digital
Energy, Markham, Ontario, Canada. His research interestsnathe areas
of integrated energy systems, hydrogen economy, micreggdd impacts of
alternative-fuel vehicles, and smart grids.

Claudio A. Cafiizares (S'86-M'91-SM’'00-F'07) received the Electrical
Engineer degree from Escuela Politécnica Nacional (ERM}to-Ecuador, in
1984 where he held different teaching and administrativ&@tipns from 1983
to 1993. His MSc (1988) and PhD (1991) degrees in Electricajilteering

are from University of Wisconsin-Madison. He has been wiie E&CE

Department, University of Waterloo since 1993, where he leld various
academic and administrative positions and is currently laFtofessor, the
Hydro One Endowed Chair, and the Associate Director of theewm

Institute for Sustainable Energy (WISE). His researchviies concentrate
in the study of stability, modeling, simulation, control darcomputational
issues in power systems within the context of competitiestekity markets
and smart grids. Dr. Cafizares has been the recipient abusarlEEE-

PES Working Group awards, and holds and has held severaéridag

appointments in IEEE-PES technical committees and subdtiems.


http://www.theimo.com/imoweb/pubs/marketReports/OntTxSystem_2006jun.pdf
http://www.theimo.com/imoweb/pubs/marketReports/OntTxSystem_2006jun.pdf
http://www.opg.com/pdf/Sustainable%20Development%20Reports/Sustainable%20Development%20Report%202007.pdf
http://www.opg.com/pdf/Sustainable%20Development%20Reports/Sustainable%20Development%20Report%202007.pdf
http://www.powerauthority.on.ca/Page.asp?PageID=122&ContentID=1141&SiteNodeID=127
http://www.powerauthority.on.ca/Page.asp?PageID=122&ContentID=1141&SiteNodeID=127
http://www.powerauthority.on.ca/Storage/116/16360_7307_Tab_31_OPA_IRR_I-31_Pollution_Probe_20080702original.pdf
http://www.powerauthority.on.ca/Storage/116/16360_7307_Tab_31_OPA_IRR_I-31_Pollution_Probe_20080702original.pdf
http://www.powerauthority.on.ca/Storage/53/4873_D-6-1_corrected_071019.pdf
http://www.powerauthority.on.ca/Storage/53/4873_D-6-1_corrected_071019.pdf
http://www.powerauthority.on.ca/Storage/53/4867_D-3-1_corrected_071019.pdf
http://www.powerauthority.on.ca/Storage/53/4867_D-3-1_corrected_071019.pdf
http://ieso.com/imoweb/pubs/marketReports/OntTxSystem_2009nov.pdf
http://ieso.com/imoweb/pubs/marketReports/OntTxSystem_2009nov.pdf
http://www.statcan.ca/Daily/English/080327/d080327d.htm
http://www.statcan.ca/Daily/English/080327/d080327d.htm
http://www.oee.nrcan.gc.ca/Publications/statistics/cvs05/pdf/cvs05.pdf
http://www.oee.nrcan.gc.ca/Publications/statistics/cvs05/pdf/cvs05.pdf

TO APPEAR IN IEEE TRANSACTIONS ON POWER SYSTEMS

Michael W. Fowler received his B.Eng. in Fuels and Materials Engineering
from the Royal Military College of Canada (RMC) in 1986, MASc
Engineering Chemistry from Queen’s University in 1988.I16wing a career
as Military Engineer in the Canadian Forces and working aSrarironmental
Management Consultant he completed a PhD at RMC in 2003. Eleriently
an Associate Professor in the Department of Chemical Ergimg at the
University of Waterloo with research interests in fuel afstem design and
reliability, fuel cell materials durability and green pawsystems. He has
also been involved with student teams in the design and Hafiltvo zero
emission vehicles, and design competitions for a numbeiffefent hydrogen
infrastructure projects.

Somayeh Moazenireceived the B.S. and M.S. degrees in Mathematics
from Tehran Polytechnic, Tehran, Iran in Feb and Mar 200Speetively,
and a MMATH in Combinatorics & Optimization, from the Unisiy of
Waterloo, Canada in 2006. She is currently a PhD candidatieeirschool of
Computer Science at the University of Waterloo. Her resemterest includes
optimization under uncertainty especially robust optaticn, computational
optimization and financial applications.

Ali Elkamel received the B.S. degree in chemical engineering and the B.S
degree in mathematics from Colorado School of Mines, Goldenl987,
the M.S. degree in chemical engineering from the UniversityColorado,
Boulder, in 1989, and the Ph.D. degree in chemical engingdrom Purdue
University, West Lafayette, IN, in 1993. He was with Purdueivdrsity;
P&G (Italy); Kuwait University, Kuwait City, Kuwait; and # University of
WisconsinMadison, Madison. He is currently a Professohwie Department
of Chemical Engineering, University of Waterloo, Waterld®N, Canada.
His research has focused on the applications of systemsemrgig and
optimization techniques to pollution problems and sustai| development.
He has contributed more than 200 publications in refereesngs and
international conference proceedings.

11



	Glossary of terms and Nomenclature
	Glossary of terms and Nomenclature
	Introduction
	Environmental Aspects
	PHEVs
	Emission Cost Model of Generation

	Optimization Model
	Objective Function
	Net Electricity Cost
	Environmental Credit
	Emission Cost of Generation

	Constraints
	Transmission System
	Transmission Capacity Constraints
	Zonal Power Generation Limits
	Zonal Import/Export Power Limits
	Generation Emission Constraints
	Penetration Constraints


	Robust Optimization
	Application to Ontario, Canada
	Ontario's Electric Power System Data
	Transmission and Generation
	Electricity Demand
	Electricity Imports and Exports
	Electricity Prices

	Ontario's Transport Sector Data
	Number of LDVs
	Vehicle Types
	Fuel Economy
	PHEV Charging Time
	PHEV Charging Demand

	Sensitivity Analysis
	Robust Optimization Model

	Conclusion
	References
	Biographies
	Amir H. Hajimiragha
	Claudio A. Cañizares
	Michael W. Fowler
	Somayeh Moazeni
	Ali Elkamel


