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Abstract—The strive for sustainable energy systems will most ~ The vehicles cannot independently offer their services as
likely lead to an increased use of renewable energy sourcesigh |arge storages of several MWs and hours are demanded by
to a large extent are fluctuating. Therefore, a larger demandor the bulk power system. An aggregator [10] could manage

balancing capacity will be required to maintain system secrity. ' .
Plug-in Hybrid Electric Vehicles (PHEV) represent a potenial 2r9€ number of cars. The entity would need to control its

storage which could offer additional balancing power. Here the ~resources efficiently, depending on the balancing signedrgi
applicability of PHEVs for this purpose is investigated. The study by the system. So far, not much attention has been paid to the
is performed in a system including a wind farm. The PHEV gactual control of the individual cars in dependence of their
storage management approaches are based on a heuristic- a”down and the system objectives [11]. Here, a simple heuristic

on a model predictive control scheme. They are compared in h is d | d d lidated Vi . ith
studies. It is shown that the heuristic scheme is scalable \ita SCN€ME IS GEveloped and validated via a comparison wi

both schemes are able to balance the forecast error of renewe Model predictive control of each PHEV. The heuristic scheme

sources to an acceptable level. offers the potential to be implemented in real time usingdwvin
Index Terms—PHEV, V2G, balancing energy, MPC, wind forecasts. The next sections will introduce the system mode
power forecast, energy hub, heuristic the balancing signal based on wind data, PHEVs as storage

and the two control algorithms. Case studies are performed

and a summary concludes the paper.
I. INTRODUCTION

The members of the EU decided in 2007 that 34% of Il. MODEL
electricity shall come from renewable generation by 2020 The model consists of a power system including a wind
[1], [2]. The suggested sources are wind, solar, geothermadwer plant. The system is modelled by use of the energy
hydropower, and others [3]. Although this goal is ambitiousiub approach. PHEVs are connecting only at one node for
the plan will certainly lead to a higher renewable energsimplicity. Wind forecasts are used to plan and simulate the
production and subsequently to a larger stochastic conmongystem power flow in the base case. The deviations from the
in power generation planning and operation [4]. Hence, tlierecast and the actual wind production are balanced by the
demand for balancing services ensuring system security WAHEVs considering system constraints.
increase [5]. These services are costly and often, as in e.qg. hub
Germany, wind power producers are not obliged to contribu'tAe' Engrgy u system ) )
in bearing them. This is likely to change as [6] suggestsThe investigated system includes different energy ca;rﬁ_er
participation schemes possibly affecting wind power prea  defined by (1) and a set of network nodes(2). Each node is
competitiveness. Therefore, balancing the forecast epold 'ePresented by an energy hub (3). PHEVs, expressed through
become crucial. set (4), are assumed to connect throughout the day. The set
Plug-In Hybrid Electric Vehicles (PHEVs) offer one pos®©f connected PHEVs is defined for each time intetvaind
sible source of balancing energy. These use mostly electfRNSists of several subsets (5) which represent vehiclashwh
energy for propulsion and can be connected to the power gtf arriving (), already parkedK) or departing 0) in ¢.
in order to recharge their batteries [7]. These distribited . ¢ 1, .. e & = {electricity, natural gashydrogen...} (1)
mobile batteries can be envisioned to both draw power from
and feed power into the grid, the latter called V2G services m,n,... € N ={1,2,..., Ny} (2)
[8]. Hence, they could be u_sed as a possible storage for power ije. €M =1{1,2.. . Ny} 3)
systems. The storage persists while the PHEVs are connected
to the grid. Acquisition costs of the PHEVs could be offset knyln ... € PHEV,(t) ={1,2,...,Npugv, } 4)
by offering balancing power at market prices possibly todvin
power producers or other entities, possibly the Independen
System Operator (ISO) or to Balance Group Responsibleg)HEV”(t) - PHgVﬁ(t) UPHEY, (1) UPHEV, (1) (5)
(BGR). A potential average income between&@nd 80€  The complete system is depicted in figure 1. It consists of
per PHEV per month was found [9]. four interconnected hybrid energy hubs. The system could be
_ _ understood to model urban agglomerations within a balance
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are presumed only to be connecting to n@dé hub includes C. Integration of a wind farm
conversion of input energy carriers for a certain area t@sup
its loads. Here, electricity and natural gas are fed intohthie
at the input side and are converted to supply electricityatein
on a lower voltage level and heat. Since electric power ¢

be produced by using natural gas through, for instance, C onsortium for Small-Scale Modeling (COSMO). The avail-
turbines, the electricity and gas networks are linked whig le forecasts facilitate numerical weather predictiondmo
re;ults in a hybrid system. See [12] for a general discussig& with equations, based on physical laws, modelling the
of interconnected hub networks. weather behavior [15]. Both forecasts use a geographiail gr
Industrial @ &= COSMO-7 uses a spacing of 6.6 km, considers Central and
Area Western Europe and predicts the weather for the next 72

Wind forecasts are used for power production planning
typically performed by BGRs. In Switzerland two forecasts
are available, officially published by the Federal Office of

teorology and Climatology in Switzerland, backed by the

! hours. COSMO-7 is published twice a day, at 01:45 a.m. and
Hub 1 @ 01:45 p.m. winter time. COSMO-2 uses a 2.2 km spacing and
N+ offers a 24-hour forecast. It is published, i.e. updateerev
Business T Residential three hours beginning at 01:45 a.m. winter time [16]. The
Area L o & Area smaller spacing allows for a more accurate forecast.

aﬁ In electricity markets bids for day ahead production typi-

N cally have to be submitted until 10:30 a.m. An example on

how production schedules could be planned with the COSMO

forecasts is given in figure 2. The graph shows the wind power
production forecast using COSMO-7. Here, the day ahead
‘ o . schedule 11:00 a.m. (hour 34) to 8:00 a.m. (hour 56) needs to

Hub 4 @[] Electricity .
T ~~~ Natural gas be submitted. As can be seen, the forecast range of COSMO-2
— - Heating is too small. The more accurate COSMO-2 cannot be used for
Residential day ahead planning. Hence, the imprecise COSMO-7 needs to
= ==0 Area

be utilized introducing a potential larger error.

Fig. 1: 4 Hub network including wind generator

CaSMO—é ‘ Max. Wind_
In equation (6), the hubs are specified. It models a trans- 2 Production.._; Poer Productiog

former, a CHP and a furnace within each hub. The input
powers are given by? and the output byl.. The electricity
and gas input powers are denoted byand g. The output
powers, electricity and heat, are given byand k. The time
step is denoted withand is important in optimization schemes
presented in II-E. The variabledenotes the dispatch factor. It I T
is used to determine the fraction of natural gas flowing ihto t Bid for the next day  Time [h]
CHP and the furnace, respectively. The coupling factorbén t
coupling matrixC' contain the efficiencies of all conversions Fig. 2: Planning of wind power production
in one power path. The transformer efficiency is denoted by
nLE while ngCeHP andnthHP are used for the CHP. In the model, the produced wind power depends on the
‘ wind speed according to a simplified but nonlinear model
Le(t) [13]. Minimal wind speeds are needed for production. Betwee
{ La(t) ] = minimal and maximal turbine output power, the wind power
L —— depends nonlinearly on the speed. After the maximal output
TR L CHP (6) power is reached, production saturates at a constant level.
|: nee V‘](t)n :| |: Pe(t) :|

1.5

Power [p.u.]
N

0.5

j ge Upon reaching the upper limit for wind speed, the turbine
CHP _ F
0 vy(mg + (1= vs(t)ngn N , is shut down. Here, the maximal wind power is defined to
C P be 2 p.u. Figure 3 exemplifies forecast deviations from the
B. Power transmission Lelal kWind hpr_(;guction ﬂﬁn)h art] nod(e:g,ssﬂig?;lg%jd r?y the
. ack graph. The grey graph shows whereas
The electric power flows are computed by a DC power flow1e dgshgd greyggra);)g dgnotes the COSMCPEln() power

[1h3]s;c:;| ?rllrggglc:tnycllljr:r? guasstfe(z);vn?raggvgiol\?vn(l?rnevaerg frr(;rsn uar%roduction forecast. The dotted horizontal line denotes th
Py gup press ximal wind power production. As expected, the COSMO-

. a
compressors z_;md Pipeline constants for the gas streams. gh‘%recast is more accurate. The difference between farecas
exact formulations for the complete network models are doun

in [12], [14]. Grid constraints were introduced to visuglithe and real production can be substantial for large shares of

applicability of the model though the focus of the paper is 0vr\]nnd power and needs to be balanced. Clearly, for fluctuating

the PHEVs and their management. generation aggregated over a large area the error might be




smaller. However, with rising wind power shares ancillagy-s N e, [Storage IMWHL
vices such as primary-, secondary- and tertiary- contrelgro d o peading
introduce high costs [17] and hence create an opportunity fo 1 HHHHH HHHHHH

PHEVs to profit by supplying parts of these services. '*‘i[[ﬂ m%»

25— T T T T T T T T T T T T T
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Fig. 4: Presence of PHEVs at hidb
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1NN RN derived from the SOC, with,ﬁL being the battery capacity.
1012 14 16 18 20 22 24 Equation (8) gives the final power connection boundaries.

Time [h]
Fig. 3: Example: wind forecast and real power production kP t =cp Vk, € PHEVE (t)
TP —(t—1)t
D. PHEVs as energy storage devices kD” 0 =G, s | Vhn € PHEV: (1)
9y storag po () =cp QT o € PHEVI (1)
The PHEVs in this study are all presumed to include a ", A

_ T, =T, A D
3.5 KW connection and are used for system services onlfk, (1) = Ci, 5= Yk, € PHEV, (1) UPHEV, (1)
(sockn—sockn(t))ckn

Charging and discharging are considered to be free of costﬁk t) = Vk, € PHEV,(L)

i.e. the PHEVs do not need to pay for received energy since, (SOCkn(t)—SOC ., )CE,

they provide a service. Individual recharging demands arBkn ) = t ; Vkn € PHEV(?) )
neglected under the presumption of PHEVs being contracted _ PR

only for ancillary services and compensated for the disadva Pi, () = mm{’i’gn( )P _2(15)}

tage not to be recharged individually. This is based on the fa P, (t) = maz{—py, (t), =Py, (1)} (8)
that PHEVs can utilize their combustion engine if their eatt with & € {4, D, P}

should be depleted. The connection area (i.e.H)ubassumed
to include smart interface devices providing informatimoat E- OPtimal production planning
arrival and departure times as well as individual state afgh ~ Production planning is presumed to be performed by a
(SOC) [18]. central entity. Here, the Distribution System Operator (IpS
The hub at which the PHEVs are connecting represerigsassumed to assesses network security while performéng th
an area dominated by commercial customers. Hence, vehiglanning. The DSO considers electricity as well as heatdoad
presence is assumed to be according to figure 4. Availabilitf the system and the planned wind infeed based on COSMO-
during night is neglected. Arrival and departure times af wg (P,.},) forecasts. Total energy costs (9) for the system are
as their SOC at arrival were individually simulated by theninimized by the central entity.
model described in [19]. The SOC lies between 20% and 100%T he entire wind production is fed into the system ensuring
and battery capacities are 10 kwWh. The availability, thoughaximal use of renewable energy generation. This scheme
simplified, is consistent with earlier findings showing thadst takes into account fixed feed-in tariffs for wind power
secondary cars in Germany are parked at the working locatipfeducers. In case the wind power exceeds system demand,
from approximately 6:00 a.m. until 6:00 p.m. [20]. Balargin the remaining power is fed into higher network voltage Isvel
power can only be offered during this time frame. In figure through the slack node. Planning errors can be compensated
the dashed black line denotes the evolution of total aviglaldhrough the slack node, typically done when no or not
PHEV storage (in MWh) while the black bars show availablenough PHEVs are present. The planning algorithm is derived
feedback power (in MW) for secondary reserve. The dash#tfough the optimal power dispatch scheme denoted in
grey line and the grey bars show total demand and maxinf@)-(12). It is independently performed for every time step
loading power, respectively. The presumed maximal dumati¢ in a multi-step optimization. The superscrifpt indicates
for balancing services i.e. secondary control reserve nis othe base case. Equations (10)-(11) denote the system tgquali
hour. constraints expressing that load needs to be met at each
The time steps in figure 4 and in following simulations arbub i € H and each node equation needs to be fulfilled
chosen to be 15 minutes long. Cars can arrive during one tidie every noden € A. The inequality constraints in (12)
interval and hence would not be connected for the whole timgssure that all line capacitieB®, (¢), compressor pressure
Therefore, their power connection is determined through (Boost factorspp¢, ., ;(t), node pressureg}“(t), converter
whereC? is the connection power of PHEX at noden, t; inputs P5(t), Pg¢,(t), P&y p.(t), dispatch factors/)(t) as
is the mterval time length in seconds afig , T2 are arrival- well as slack node mfeedE’ebg( ), P (t) stay W|th|n their
and departure time in seconds, respectively. in the caseawhpredefined limits. Based on this dispatch base system states
total chargeable energy during one interval exceeds theiamosuch as line flows, etc. are determined.
to fully charge/discharge the battery, the maximal power is



Wind

Minimize
Business
F(Pei(t), Pyi(t) = Y me(t) Peyilt) + 7y (t) Pyi(t)  (9) e
i PO >
subject to [} \/
LZ,Cz (t) _ %HE\/S% — I\EAII?r;:;ricity
20
Nee's vy (g r ] [ PY(t) Fig. 5: Network with wind deviation as input
0 wr(tmGHEE + (L= vk, | | P
(10)  A. Heuristic
Con () = 2onen, oy Femn(t) =0 One possibility to schedule PHEVs for balancing services
Fbe () — ZnGN/{m} Fbe .(t) =0 (11) dependent on their individual demands can be achieved via
0t = heuristics. Heuristics and meta-heuristics are applied/éo-
and ious problems in power systems [21]. Heuristics have the
., advantage to be fast. However, they do not necessarily fmd th
P (1) < P (1) < P (1) global optimum. Meta-heuristics have proven to deliverajoo
P ) < () < Plees(t) results in unit commitment problems [22] and have recently
pl?c(t)7 < pbe(t) < Pt been utilized for PHEV scheduling [11]. Heuristic schemas ¢
;bc () - Phe(t) < P () be useful as the aggregating entity, contracted for batgnci
_i’ci - zl = el services, needs to decide in short time intervals how torobnt
Pr;(t) < PE1t) < Ppy) its vehicles optimally or at least with acceptable perfonce
Plypi(t) < Péyp,t) < ??pri(t) (12) (r)]ng gcg(s:ibill_i;y cogld bedt_o sor; thhe cot?nebctled PHEVs after
Bg,cs(t) < chs(t) < Pe,S(t) t el_rt_ . ent,_ eriﬁn In?]_V\: et _tehr ;[he h_a ﬁnclng pﬁ)\;vver is
b - b (1) - P 0) positive or negative, the vehicle wi e highest- or lowes
%@S(t) = 9.5 = s SOC could be scheduled first in order to compensate. This,
vg(t) s v < 7 however, does not take into account when the particular PHEV
VieH will actually leave. Hence, a better scheme would account fo
v m’vnte N both aspects. Such a priority list can be expanded depending

the product of individual SOC and departure time. In case of
positive wind power deviation the car with the lowest praduc
value will be recharged first. In the other case, when the
deviation is negative and the cars need to discharge, simply

In section II-E, the optimization of the system with théhe one with the highest SOC is scheduled first. Equation
COSMO-7 wind power forecast has been formulated. Hol3) summarizes this approach, which does not considerefutu
ever, the real wind power production, as described in sectigvents.

IIl. BALANCING WIND DEVIATIONS WITH PHEVS

II-C will deviate from the planned production, sometime ) :{ >0;  sortascending min{SOC, (t) - TP}
substantially. Therefore, the PHEVs shall be used for walan " <0; sortdescending max{SOCy, (t)}
ing, whenever they are available without sacrificing system Yk, € PHEV,(L)

security by violating technical constraints. The systeatest ) . ] i

during which the PHEVs are active is clearly dependeR: Using MPC for wind balancing with PHEVs

on the base case calculated before. In order to investigat&he heuristic method presented in the previous section
the PHEV impact on the system while balancing the winghinimizes the balancing costs only for one time step dadliner
deviation, the system from figure 1 is reduced to the omeost likely a suboptimal solution. A different approachas t
depicted in figure 5. The gas network as well as the loads arge available information about the future in order to scifeed
removed. Hence, the wind power differende’,, ,,, defined the PHEVs optimally. An optimization scheme could incorpo-
in (17), is here exclusively balanced by PHEVs and the slackte known PHEV departure times as well as the more accurate
node. CHPs are not considered for balancing services. Twimd forecast COSMO—ZRIE?R) at noden. Here, although
balancing signal is presumed to be communicated from themputationally demanding, model predictive control (MJPC
proper entity (e.g. the BGR) to the DSO. The base case[28] is used to determine optimal PHEV scheduling. In MPC,
considered through net line- and transformer capacitigstwhan optimization problem is solved using an internal system
are here used as constraints. This is achieved by addingnawdel to find actions which give the best performance for the
subtracting the base case transformer and line loads to thsistem over a predefined time horizon. It is solved using a
respective total capacity. The wind power difference ndedsfinite horizon of N predicted time steps in a receding horizon
be effectively allocated to the connected PHEVs considerifashion, i.e. at each time step measurements and prediction
their individual SOC and departure time. Two methodologieare performed on which adequate actions of a central cdetrol

a simple heuristic one and one based on model predictaee based. The problem formulation is derived similar as in
control, are investigated and compared in the following.  [24].



For each time steg an algebraic state vecte(¢) and from the previously submitted schedule. Balancing energy
a dynamic state vectox(t) can be defined. The algebraigorices are presumed to be known in advance and to be variable
state vector refers to variables derived from the poweresyst [9]. The price could be seen as an incentive from the ISO to
state, whereas(¢) refers to the dynamic state of each PHE\provide more PHEV control power during certain periods of
battery considered as storage. Hence, the dynamic statiar vethe day, e.g. like during nights when the load is low and the

is composed of the SOC of all connected PHEV$.in fluctuating generation has a large production share.
() = [SOCyx, (£)] The vehicle scheduling penalty ensures a reasonable use of
Yk, PHEVZ(t) (14) the batteries and degradation can be partly avoided. Withou

these costs the batteries could periodically charge and dis
z(t) = [Po(t) Py(t) APy (1) 0(t) vy(t) p(t) Proost(t)'] charge _maintaining the same SOC over th_e prediction horizon
(15) Tn. This penalty is chosen to be magnitudes smaller than
where the balancing costs in order not to interfere with the main
- Pe(t) = [Pei(t), ... Pe,ny (t)] are the electricity inputs to objective. The function enables minimizing expensive bala

the hubs in the balancing case _ ing power from higher network levels in order to compensate
- Py(t) = [Pya(t),... Pyny(1)] are the gas inputs to theforecast errors [9], [17].
hubs in the balancing case

- AP (t) = [AP, 1(t),... AP, ny (t)] are the wind power %1&? J&(E+1),2(0), 6(¢) (18)
input errors to the system subject to
- 0(t) = [61(t)...0n, (t)] are the angles of electricity buses

 the balanc, x(t +1) = £(x(1),2(1), a(t))
in the balancing case | | g(X(),2(), @(t)) = 0 (19)
-v(t) = [vi(t)...vn, ()] are the dispatch factors of hubs in R(x(1),7(t), @(t) < 0
the balancing case _ B -
- p(t) = [pi(t)... pny(t)] are the nodal pressures at ga¥ith in Ny
nodes in the balancing case J= {5ign[APy ()] (72 (t) P.. s (1))
- Phoost(t) = [Proost,1(t) . ..] are the compressor boosts. ;;
The control variables at each time stépre defined to Neupv, NPHEVn
include the active PHEV power consumption or supply and +sign| Z P, ( Z Pr, (t
the balancing energy drawn from the bulk system. En (20)
u(t) = [Pe.s(t) Fult)) 16 and ) .
Here Vn e N an(t) S Pmn(t) S imn(t) (a)
- P, s(t) denotes the electricity injection from the bulk systemp; (t) < Proost,i(t) < Ppoost.i(t) (b)
mn( ) = [pl (t).. pNPHEVn( )] Vn e N, where 33,, (1) 5% 5 5
denotes the power capacity connections of the connected c£j (t) S = P (?) ()
in ¢ at noden according to (7). The additional information P/ ;(t) Vi # 2 = 0 (d)

on the predicted time horizon is derived from the different  _ HEVn N
forecasts. In the actual time step actions are undertakan th—2Fuw,n () Z APyn(t) ()
balance the error of the real wind power productidfi,, and ken

the COSMO-2 forecasP,? . The information on the future PF( ) < Pp(t) < ﬁ;(t) (f)
wind production error is derived by the difference betweenp ¢ < P N o< P (i g
COSMO-2- and COSMO-7 forecast in (17) as, contrary to th%CHP( ) ; pCHIZ( ) ; ﬁ,?f“;( ) (h)
latter, COSMO-2 is updated frequently L., s(t) < ~e,S( ) < Li’S( ) (h)
PR —[PR (1),...,PR (Ty)] P, 5(t) < Pys(t) < Pys(t) (4)
Prl [PFI (1),.. Prl L (Tw)] Q; (t) < Ug(t) < 7,,t) ()
Prz [PE (1), PFl " (Ty)] SOCE (t4) < SOCy, (t*) < SOCH (1) .. (k)
APy = [PR,(1) = PIL (1), PLT (2) - P2 (2), ¥k, € PHEVA(t)
. .,Pi}n(TN)—Pw?n(TN)(]17) SOC, (t) < SOC,.(t) < SOCk,(t)... ()
P D
Now, the control problem including electricity- and gas-net _ ijl € PHEV, (1) g PHEV, (1)
work as well as hub equations can be formulated for thé,, (t) < P, (1) < P, (@) (m)
system in figure 5 according to (18) with the objective Y kn € PHEV(t)
function in (20). Variables indicated with a tilde represen VneN
vectors with variable values over the prediction horizag, e VieH
a(t) = [u(t),u(t+1) ... u(t+Tny—1)]. The objective function Vit
J is divided into two parts. The first introduces balancing (21)

costs of the slack, the second represents costs induced bEquation (21) gives an overview of the system inequality
vehicle scheduling. The slack costs constitute more expensconstraints including wind infeeds and PHEV power balagcin
balancing services?(t), typically paid to the ISO for differing and can be derived from (12). Here, the constraints with a



PHEV 1 PHEV 6

star as superscript denote variables where the actual #sorc o{ j o]
are constructed from their particular capacities and thee be : PHEV 2 N PHEV 7
adk o = ~
case loading, e.@P,,,(t) = Pn(t) — P (t). The tilde °'j- i °
again indicates a constraint vector over the predictioizbor g o PHEV.3 ! K PHEV 8
Constraint (21(d) denotes that the electric power consumptio @ o . ° BHEV S
at all but hub number 2 has to be zero. Recall that tt O& i o
PHEVs are connected to hub number 2, only. Constrai o1 PHEV 5 ’ PHEV 10
(21)(e) indicates that the total PHEV power consumption ¢ o.% j o
production is maximally compensating the introduced fastc SaEEEse e o Step‘)mlvf sase T s voni
error defined in (17). Constraint (4k) assures that the _ . o
SOC at arrival, denoted by superscrigt of all PHEVs is Fig. 6: Study 1: SOC calculated with the heuristic
considered in the respective time step as the starting Vatue PHEV 1 . PHEV 6
all following steps withinTy. The SOC of already parked o u
or departing PHEVs is considered in constraint (21)It is PHEV 2 ; PHEV 7
bounded between the maximal and minimal possible SO o °-
Lastly, the power of each PHEV in each time stépbounded o PHEV 3 Y PHEV 8
through constraint (20)n) taking into account (7) and the @ °] Lty 0 SHEV
three sets oPHEV,,(t). . 0_ |'
° PHEV 5 : PHEV 10
IV. CASE STUDIES COMPARING THEMPC-AND THE o I [TT—

o
=1 2345678 910111213 123456 7 8 9101112

HEURISTIC METHOD Time step I'n]

The performance of the two algorithms described in Ill-Arig. 7: Study 1: SOC calculated using MPC with complete
and 1lI-B is compared in the following case studies. The information
base loads as well as energy carrier- and balancing energy
prices for the period under investigation are presumed to be ) o )
constant and known. The focus is laid upon balancing th&PC schemes is shown in figure 7. Both figures plot the SOC
error introduced by renewable energy generation. In order Q' the vehicles over the prediction horizon. Figure 6 clearl
compare the results of both methods with the global Optim|gpstrates the dlsadvantage_ of the heuristic method irhsuc
solution, the scheme in 11I-B can be employed with complefX{reme cases. The future, i&P, 5(t = 2)... APy 2(Tn),

information, e.g. the COSMO-2 information is substitutad b'S N0t taken into account at all. Aftér= 4 PHEV 6-10 leave
the actual real wind speeds, i.e. powef, . In such a case and the following negative wind error cannot be compensated

in which the future is completely known, the allocation of'rough the PHEVSs apparent because their batteries ase full

energy to the cars can be optimally computed. The results&iP!€ted. Hence, balancing services need to be fully peedr

the optimal solution can be used as reference point to estim3y the slack node. On the other hand, the MPC approach
the quality of the results of the other algorithms. does consider the future production. The scheme distsbute

available power from cars 6-10 to cars 1-5 as long as no
balancing services are demanded. Clearly, this redisimibu
A. Study 1: Small PHEV number, simple PHEV time schedu@senergy under PHEVs impacts the low voltage network
and simple wind data and introduces battery losses. However, they are both not
In this example, a comparison between the heuristic ag@nsidered here. The redistribution takes the respectwep
the MPC algorithm is performed using complete informatioigonnections of the PHEVs according to (7) and (21) fully into
The study is conducted for ten PHEVs. Cars 1-5 are fulgccount. The results are shown in figure 7, which indicates
depleted at their arrival (i.e. SOC=20%) whereas cars 6-fitat PHEV 1-5 are recharged throughout time steps 1-4 to
are fully charged. All ten cars are present from the begignife utilized for balancing services during the later timepste
of the time interval. PHEV 1-5 stay parked and connected fbtence, the PHEVs can offer balancing power after 4
the whole prediction horizon. PHEV 6-10 leave after one houeducing total balancing costs. The computation time was
The system is simulated including the following presummgio found to be 90 times higher for the optimization.

e T =12 (i.e. 3 hours)

e AP, o(t)=0int=1-4 B. Study 2: Small PHEV fleet and real wind data
o APyp(t)<Ofort=5...Ty This study shows a realistic example and compares both
« Constant balancing energy priceg. (= const) schemes. It is conducted with 60 PHEVs and for 12 time

Obviously, this situation poses a worst case scenario ftir bsteps. The wind poweP! !, forecasted by COSMO-7 is shown
schemes since all PHEV resources are either at their lower-io figure 8a. During the first 6 time steps the wind speed
upper bound, the PHEVs which would be capable of supplyitg forecasted to be not sufficient for power production. The
balancing services leave exactly at the time when theiligesv calculated wind power using actually measured wind speed
are demanded and the overall forecast error is negative. Tikeshown in figure 8b. Obviously, the wind speed increased
result of the heuristic is visualized in figure 6 whereas th@oner than forecasted therefore the power productiomtiesyi
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Fig. 9: Study 2: Resulting powers using the MPC witf?' Study 3: Large PHEV fleet and real wind data

COSMO-2 (r%): (a) COSMO-7 forecast, (b) This example discusses balancing services of a PHEV fleet
COSMO-2, (c) real wind (d) wind deviation () PHEVwith a large number of cars. Here, in contrary to the former
balancing power case studies, 7000 are utilized. Clearly, more balancingepo

can then be supplied to the system. The time horizon is chosen
to be a full day (96 time steps). The departure times as well
in time step 4 and the following from the forecasted. Thias the arrival times correspond to the behavior discussed in
forecast error is depicted in figure 8c. The balancing befravisection II-D. The system load, electric- as well as heat load
of the PHEVs is depicted in figure 8d. Clearly, the heuristis assumed to be higher during the day than during night. It
finds a good solution in this case as almost all of the demandsdnot depicted here. Whenever the wind power production
balancing power is supplied by the PHEVSs. is larger then total system demand the power is fed back to
Figure 9 shows the solution which the MPC algorithrthe bulk system through the slack node. During the first 20
delivers. Figures 9a and 9b depict the COSMO-7 forecdsne steps PHEVs are not connected to the system. The wind

PLY and the COSMO-2 forecasP?, respectively. Here deviation (fig. 10c) resulting from the COSMO-7 forecast.(fig

as well, COSMO-2 provides a more accurate forecast thafia) and the actual production (fig. 10b) is fully compersgate

COSMO-7. Figure 9c displays the real wind power productidhrough the slack node as visualized in figure 10d. Shortly

P, and figure 9d shows the wind production error. Thafter time step 28 more and more PHEVs are connecting and

resulting balancing behavior is shown in figure 9e. It depicare available for balancing services. Until time step 75ugo

the same PHEV balancing as found in 8d. Obviously, the MP@lancing power from the PHEVs is provided to completely

algorithm and the heuristic deliver the same PHEV balanciwgmpensate the planning error. Hence, balancing serviges b

behavior since the resulting total PHEV balancing power tbe slack node are not demanded. Then, the cars leave from

the same in both cases (i.e. fig. 8d and fig. 9e). Howevemrk lowering total offered balancing power to a level that
the methods do differ in the actual, individual PHEV setnly allows for partial production error compensation.

points of energy consumption. Here, as the goal is to fully The MPC algorithm does not deliver results for this case

balance the error, both are capable of finding this optimas memory constraints are violated. It can only be employed

solution, since the slack is not utilized at all. The heigistfor cases with large numbers of distributed storages when
scheme is capable of delivering the global optimum althouglygregating them intelligently. Here, a big advantage ef th
less information is utilized, e.g. no second forecast (C@8M heuristic method is accentuated. This algorithm finds duick

2) is used. It is easily understood that it finds the optimal solution likely close to the global minimum in terms of

solution because enough balancing power is available afiodecast error correction. For practical cases, where wind

no worst case scenario is apparent. The batteries are noerors lie in the region of MWs and large numbers of PHEVs
their respective bounds during the balancing interval their need to be employed, it can easily be utilized. However, no



attention has been paid here to investigate the maximat erfts] A. J. del Real, M. D. Galus, C. Bordons, and G. AnderssOptimal
possible to be corrected by the PHEV fleet.

This paper introduces an approach to supply balancing
power for stochastic wind generation using a large number &F!
PHEVs. Wind generation planning is based on a long term
forecast COSMO-7. The balancing of the forecast error [i&5]
managed using two different approaches. Here, a heuri
based on individual SOC as well as departure time of PHE

V. SUMMARY AND OUTLOOK
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the PHEVs possibly reducing balancing costs in the futur
Clearly, PHEVs offers a means to regulate the wind power

future systems.
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