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Abstract—Large-scale integration of plug-in electric vehicles

without the costly upgrade of the existing infrastructuoe,

(PEV) in power systems can cause severe issues to the exigtinfailing that, successfully defer a major upgrade. In otherds,

distribution system, such as branch congestions and signifint
voltage drops. As a consequence, smart charging strategiese
crucial for the secure and reliable operation of the power sgtem.
This paper tries to achieve high penetration level of PEVs wh the
existing distribution system infrastructure by proposing a smart
charging algorithm that can optimally utilize the distribu tion
system capacity. Specifically, the paper proposes a max-wgéit
PEV dispatch algorithm to control the PEV charging rates,
subject to power system physical limits. The proposed max-
weight PEV dispatch algorithm is proved to be throughput
optimal under very mild assumptions on the stochastic dynarics
in the system. This suggests that the costly distribution sfem
infrastructure upgrade can be avoided, or failing that, at least
successfully deferred. The proposed PEV dispatch algorith
is particularly attractive in integrating the renewable energy
sources in the distribution system, by successfully absofg their
intermittency.

Index Terms—Plug-in electric vehicle, smart charging, max-
weight algorithm, distribution system, renewable energy surces,
fluid limits.

I. INTRODUCTION

LUG-IN electric vehicles (PEV) are widely envisioneqP
Pto be the key solution to the society’s energy securi
challenges([1], due to its great potential in reducing theleh
society’s dependence on foreign oil or petroleum, as well %

improving the carbon footprint of the transportation secis

major automakers are planning to produce a diverse range 0
PEVs in the near future [1], utility companies are becomin
increasingly concerned with the adverse impacts of the -un
ordinated PEV charging to the power system, in particular\éﬁ

the distribution levell[2]. Several studies have shown {Bht

[3], the current distribution system, which was planned al
built based on historical load demand decades ago, can ol
accommodate arount0% PEV penetration level in typical P
scenarios if all PEVs charge in an uncoordinated fashiof.
As the PEV penetration level increases, the uncoordinattgd
charging can cause severe impacts on the distributionrayst
such as significant branch congestion and large voltageﬁdrtg

[2], [4]. Thus, in order to achieve large-scale deployment

PEVs in the existing power system, it is crucial to desig
smart PEV charging strategies, so that not only the P
energy demands can be successfully satisfied, but also b
power system can operate in a secure and reliable mam%ﬁ

the ‘physical’ structure can be reused or efficiently uitiz
through intelligent design of the ‘cyber’ infrastructurre the
future cyber-physical electric power system.

In the past research, the coordinated PEV charging has been
investigated by many researchers, such as([2],[[4], [5],0&}
spite these interesting research results, there arevediafew
research addressing the coordinated PEV charging coimgider
the physical limits in the power system. On the other hand,
it is important to notice that such constraints are vital tfoe
reliable operation of the power system, in particular beeau
a PEV will become the biggest energy-consuming device in
the household [7], which is very likely to cause severe grid
stress if managed inappropriately [2]. A brief summary & th
past research papers that consider such physical cortstisin
as follows. [8] proposes a heuristic method for real-tim&/PE
charging scheduling considering the voltage constramtbe
system, where the PEVs are selected in a greedy manner. In
[Q], a deterministic optimization is adopted to compute the
PEV charging schedules, assuming perfect knowledge of non-
EV loads and all PEV driving patterns ahead of time. A
al-time PEV charging algorithm is also proposed [in! [10]
or low-voltage distribution systems, where the overalhlgis
Q deliver the maximum amount of total power to the PEV
atteries, subject to power system constraints.

s a result of the fundamental power system constraints, the
ccessful integration of PEVs into the existing powereayst
well as the capability of utilizing PEVs to provide arenijt
hicle-to-grid services| [11], relies crucially on the sma
arging algorithm’s ability to utilize the ‘capacity regi’ of

r{ge existing power system. Informally, such ‘capacity oggi

8pefined as the set of feasible PEV loads, subject to the
wer system constraints, such as branch rating, voltagsli
d charging circuit rating. Note that it is highly challémgy
utilize the ‘capacity region’ efficiently, since it canrya

ggnificantly over time due to various random factors, sugh a

e non-PEV loads and distributed generation with renesvabl
nergy sources. Whereas the later is both time varying and
ighly intermittent, and therefore is very difficult to pred

I.:§}1ead of time, the former can also be hard to characterize and

dict, as it can respond to the time varying electricitiggr
the implementation of demand responisel [12].
h this paper, we take a rigorous approach to design smart
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‘capacity region’ optimally. As a major contribution of #hi
paper, we propose a max-weight PEV dispatch algorithm,
based on a queueing formulation of the PEV charging problem.
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According to the algorithm, the PEV charging rates are comerea;(n) the indicator that PEV is allowed to draw energy
puted in real time, based on the current PEV battery staés drom the power grid during time slat. This is specified by
the other related system parameters, such as non-PEV lobadth the physical availability of PEYfor the charging circuit,
and renewable generation. The PEV dispatch can efficientlg., whether PEV: is plugged into the power grid, and the
coordinate the PEV charging rates subject to power syst@marging control signals by the DSO. In the later case, it
constraints, and therefore can always guarantee the saodreis possible that the DSO will curtail the charging processes
reliable operation of the power system. More interestintflg of certain PEVSs, in order to provide vehicle-to-grid seesc
proposed PEV dispatch algorithm is guaranteed to optimaMote that such ‘on-off’ assumption is not without loss of
utilize the ‘capacity region’ of the distribution systerm i generality for vehicle-to-grid services, since the granity

the sense that the algorithm achieves the optimal throughpfi an individual PEV load is relatively small][7] in terms
asymptotically. Specifically, we develop a theoretic framek, of providing vehicle-to-grid services. Finally, as the o
which guarantees the throughput optimality of the proposé#uis paper is to achieve the largest capacity region, the PEV
PEV dispatch algorithm under very mild assumptions cavailability a;(n) in this paper is modeled as an external
the stochastic dynamics in the power system. This impliesntrol signal, which is given in each time slot.

that, intuitively, with such algorithms, the existing pavggid

can accommodate the highest PEV penetration level with@it Charging Constraints

COStIY upgrade on the existin_g infr_as'gructure. Fgrthe:rs th As a PEV is the biggest energy consuming device in a
algo_nthm s also very valuable in ach_|evmg the vehmleg_t(_lj household, it is crucial that not only the PEV batteries can
ser\{lllc es, by prowdl'r:lg Ifillrgetrh caplacn_)t/hma_rgm for prom_g_ be successfully refilled, but also that the power system can
ancillary services. Finaly, the algorithm 1S very promgl operate in an efficient, reliable and secure manner. In this

to be implemented with.the. advent of the widely availapl aper, we model the physical constraint in the distribution
information and communication technology (ICT), such as t stem as the voltage limits for each bus:

advanced metering infrastructure (AMI), which enables thél ' '

distribution system operator (DSO) to efficiently manage th Vet < Vi(n) < V" for each busk. (4)
PEV loads in real time. |
f Thel rtestﬂ:)f thet_ pallogrEl\f ‘:{gaf?'zed akSJ| fO”OWSO'l SSegnl ignificant voltage drop to buses in the power sysiem [2]s Thi
porz)ngﬁsaezstheen?;xl-?v:ight Péva(;?slggtgfalgcr;itﬁ?n Sg @2 i%/ specified by the network coupling, which is as follows. For
proves the throughput optimality of the algorithm, and Rexct each time slot, the impact of the PEV load on the power system

. ) . tates can be described by the AC power flow equations:
[Vl demonstrates the simulations results. Finally, Sedfidh v y P g

is well-known that the PEV charging power can cause

concludes this paper. P+ Py = Vi > Vj[Grjcos(0k — 0;) + By sin(0x — 0;)]
JENK
1. OPTIMAL PEV CHARGING PROBLEM net— 1 Z V;[Grj sin(0y — 0;) — By cos(0x — 0;)]  (5)
A. PEV Battery Queueing Model FEN,

A discrete-time system is considered in this paper, where I.Wh?fe Py(n) represent the PEV load at buis P*(n) and
length of each time slot matches the sampling and operati@i’ (») are the net injection of active and reactive power for
time scale of the DSO, which is on the order of minufes [4]he non-PEV load:

10]. As the PEV loads are delay tolerant, it is natural to elod net \ _ pbase,_\ _ prenew

Ppf(n) = P*(n) — PE"(n) (6)
the battery of each PEV as a quelign) of ‘energy jobs’, ];et ias l:enew
which has the following dynamics: Qi(n) = Q¥*n) — Q"(n) 7

. where P*™Wn) and Q'*"*(n) are the active and reactive
Ui(n) = [Us(n - 1) - mAtPi(n)ﬁ +Ai(n), Vin (1) renewabkle g(en)eration flz)r a(b)lkSWith distributed generation,

In above, the queue lengthi;(n) represents the amount ofand zero otherwise. Thus, if the charging processes of PEVs
‘energy jobs’ that needs to be served by the PEV charg@fie uncoordinated, it is well possible that the PEV charging
to successfully refill the battery of PEX [-]* = max(-,0), at one bus can make the voltage constraint at a remote bus
since queue lengths can not be negatitgn) is the amount become violated. On the other hand, if the charging prosesse
of external ‘energy job’ arrivals during time slot, due to Of all PEVs are coordinated carefully, it is very promising
the energy consumption from driving?(n) is the charging that not only the power system can operate reliably, but
power,; is the efficiency of the charging circuit, arixt is the also the highly intermittent renewable energy sources @n b
length of the time slot. The charging powg(n) is subject successfully ‘absorbed’ to refill the PEV batteries.

to the charging circuit rating constraint: Note that, intuitively, the above constrain$ (Z), (8), 1
in o , (B specify a ‘capacity region’ on the PEV charging rates
P < Pi(n) < P, for all PEV i (2) in each time slotn, which is not only time varying, but

él\§0 highly stochastic, because of the changes in the base
load PPasqn), Q%34 n), the intermittent renewable generation
PE"®n), Q" (n), as well as the PEV availability;(n).
Pi(n) =0 if a;(n) =0, forall PEVi (3) It is also important to note that the charging rate can vary

Further, the charging process is also constrained by the P
availability, so that



significantly over the locations of the PEVs. For exampl®ptimality of Algorithm[d, with very mild assumptions on the
the voltage drops at all buses in the power system are mustbchastic dynamics in the power system.

less sensitive to a PEV located close to the substation than
a PEV located at the end of the main feeder. Thus, in order
to efficiently utilize the capacity region that is available

is crucial for the DSO to specify the PEV charging rates For the ease of demonstration, we first convert the original
judiciously, in order to successfully refill all PEV battesi  system to a system with discrete modes. Note that all symbols

in bold fonts, such ad®> andQ, represent vectors.

IV. A THEORY ON THROUGHPUTOPTIMALITY

1. MAX-WEIGHT PEV DISPATCHALGORITHM

As stated in the Introduction, this paper advocates a mak- An Equivalent Discrete System
weight PEV dispatch algorithm for efficient control of the Tpe ‘capacity region’ of the distribution system in each
PEV charging rates in each time slot. It will be showgme siot depends crucially on both non-PEV loads and PEV
later that the algorithm can optimally utilize the time-eage  ayailability at each bus. In order to analyze the perforneanc
‘capacity region’ of the power system asymptotically, e¥en of the PEV dispatch algorithms in a rigorous manner, we
the presence of the highly intermittent renewable ger@mati formally denote these external parameters in a compact form

The real-time PEV dispatch algorithm is illustrated in Alys the vector of system ‘mode’= (P Q"™ a). It is also
gorithm[1. The charging rates are computed by DSO for eagBsumed that all real power and reactive power in the system
time slot, after it collects system-wide information ussmart gre discrete. Note that this is only for the ease of analgsid,
metering infrastructure, such as AMI. The central step & ths without loss of generality, since the quantization steps
optimization in (8), which essentially solves an optimaied can be made arbitrarily small. Thus, the system ‘mode’ wecto
flow problem, by treating the PEV charging powemegjative 5 take values in a discrete set, which we denoteSagor a
generation. The charging weight (or negative generatia) Cofixed discrete system mode € S, the PEV charging power
for each PEV is specified by;(n). Thus, a PEV with larger yectorP are only allowed to take values in a bounded, discrete
energy queue length is more likely to draw energy from thgapacity region’C(s), according to the physical limits. This
power grid, in order to decrease its energy queue length, 88 discretized region of the feasible region[ih (8). Witk th
vice versa. above notations, the PEV battery queueing dynamics can be
rewritten in a very compact form as follows:

Algorithm 1 Max-Weight PEV Dispatch

1: At the beginning of each time slat, DSO collectsz;(n), U;(n) = U;(0) — Z Z TP (n)yn; P;,At + As(n)  (9)
U;(n) for all PEV i, and the non-PEV load profile*(n) s P
and Q7®(n) for all buses. ZTSP(H) = Ty(n), (10)
2: DSO computes charging rat¢®;(n)} as follows: )
N Ts(n) =n, (12)
maximizq p,} Y _ Ui(n)n: P; ;
i=1 TP (n) is non-decreasing (12)
subject to Charging circuit constraint {@]), VPEV ¢
PEV availability in (), VPEV i In above,TF(n) is the total number of time slots that a

o particular PEV charging rate profil® is chosen when the

Voltage constraint infd), vbus k system mode iss during the firstn time slots. Note that
AC power flow in (5), Vbus k (8) P e ((s), due to physical limits. Thus_(1L2) follows naturally.
The role of DSO is to control the PEV charging rate profiles
intelligently, as represented by (n), to make all queue
lengths small.Ts(n) is the total number of time slots that
the system is in mode, according to the definition if(10).

The PEV dispatch algorithm is easy to implement, as Tthus, [I1) follows naturally, since the system has to be i on
is executed in real time, based on only current system statede during each time slof\;(n) represents the cumulative
information. Note that the optimization ifl(8) utilizes tka- external energy job arrivals to the energy queue of PEV
ergy queue length as the weight for computing charging ratelsiring the firstn time slots.
This is the key to guarantee that the algorithm can achieveThe system specification ih]l(9)=(12) includes many stochas-
throughput optimality over the long term. Other algorithmgic processes, such as the net lagEf*, Q" the PEV avail-
in particular the one that maximizes the unweighted chargatility a, and the PEV energy job arrivals. Such processes
energy in one time slot, is well known to be sub-optimal iare driven by very complex external dynamics, such as the
the literature. In this case, the batteries with large energtermittent wind power generation, and the PEV driving
gueue lengths are essentially ‘penalized’, which may gropatterns, which are very challenging to model accurateéiysT
very large, as the algorithm always tries to serve PEVs with this paper, instead of specifying restricted assumgtiom
small queues in the worst case scenario. In the next sectitilese stochastic processes, we only the following very mild
we will develop a theory to formally prove the throughputechnical assumptions on these processes, as follows:

3: DSO sends the charging ratés(n) to each PEV;.




Assumption 1:The number of energy job arrivals in eactB. Fluid Sample Paths
time slot is uniformly bounded:

Ai(n) = Ai(n — 1) < Ky,Vn,i (13)  The following continuous-time, deterministic system is re
ferred to as a Fluid Sample Path (FSP)|[14] of the original

where K, is a positive constant. discrete-time, stochastic system:

Assumption 2:The Strong Law of Large Numbers (SLLN)
applies to all external stochastic processes in the system:

nh_)rrgo A;(n)/n = );, with probability 1y (14) Ui(t) = U;(0) — Z Z TP () PAL + Mi(t)  (18)

lim Ts(n)/n = w5, with probability 1Vs € S (15) s P

noee S TE(t) = mat (19)
where )\; is the average energy job arrival rate to the battery P
of PEV i, and, is the average time fraction that the system Tf(t) is non-decreasing. (20)
mode is ats.

Note that such assumptions are very mild, and can be

used to model many sources of uncertainties in the power _ L _ :
system, in particular the random PEV driving patterns aote that in order to distinguish between the functions io tw

intermittent renewable generation. Based on the describdfiems, a functiory(-) in the original system is denoted

system model above, we are now able to quantitatively specﬂ‘s f(-) in the FSP; It is important to nqtice the differences
the ‘throughput region’ of the PEV charging in the distribat 2etween the FSP i (18)-(20) and the discrete systerfilin (9)-
system, in the following theorem. (I2). In FSP, both energy job arrivals and system modes

Theorem 1: (Throughput Regioithe PEV battery queues"]lre det_erministic, which can be seen froiﬂ_](18) a@] (19),
are rate stable only if there is a static resource allocgtaicy respe(_:tl_vely, whereas these processes are h'ghly stm:hl_ast
(4P}, which satisfies that? > 0,5 p 4P = 7, and that the ongmal system. Such determ|n|st|c behavior draraﬂyo

simplifies the design and analysis of the PEV charging algo-
A < Z Z uPn P At (16) rithm. Further, such system is rigorously constructed ftben
PR original system. The detailed construction is highly nivist,
and is briefly illustrated in Appendix]A. The following themm
shows that the max-weight property [d (8) is still preserired
_ Ui(n) _ N the FSP:
lim ———= =0, with probability 1 a7 , )
n—oo M Theorem 2: (Max-Weight Property in FSFpr any FSP
Intuitively, (I8) specifies that the average energy jobivair associated with the max-weight schedulifig; (t) = 0 if
rate’ at each PEV can be successfully served by the average
energy job ‘departure rate’ under certatatic policy which
is specified by the resource allocation decisiépg }, where N
uE specifies the time fraction that PEV charging rate prafile P ¢ arg maxz Us(t)n: P! (21)
is adopted when the system mode issafThus, if the battery L
energy queues are not rate stable under any resource altocat
decisions{;.F’}, it is clear that the existing distribution system

cannot accommodate the corresp_on_ding_ PEV penetratioh Ie\ﬁm& for any FSP associated with the max-weight algorithm,
and that an upgrade on the existing infrastructure may h?echarging mod® always maximizes the fluid energy queue

A battery energy queu¥;(n) is defined as ‘rate stable’ if

necessary. . length weighted PEV charging rate.

Proof: The proof of the theorem is a standard result, and _ )
therefore is omitted due to space limit. One can find a stahdar Proof: See Appendik B. .
proof, for example, in[[13]. u Based on the above theorem, we can now analyze the

Although the capacity region in Theorérh 1 is well definedptimality of the max-weight algorithm in any FSP.
it is highly challenging to characterize, even if one hasqur
Size of the problem 1t 5 e"v""ei?r&eéféihd;flin‘;’m‘;‘eto'aéﬂiiggfmand rata, any flud limit under the max-weight charging
optimal scheduling algorithms to achieve such region. As gorithm satisfies thall;(t) = 0,vt > 0 if U;(0) = 0, V.
major contribution of this paper, we prove that the max- Proof: For a fixed fluid limit sample path, define the
weight PEV dispatch in Algorithmil1 is throughput optimafollowing Lyapunov function
asymptotically. Before stating the formal proof, we pravid
intuitive explanation by transforming the original systéma
continuous system, where the analysis is much easier. Later N
we will show that such transformation preserves the opttgnal L(t) = 1 Z( 7,(1))? (22)
guarantee of the algorithm. 2~

Theorem 3: (Optimality in FSPFor any feasible energy



It is sufficient to prove thaf.(t) < 0. We have
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(b) Fig. 1. The topology of the standard IEEE 13-bus test feautrd case study.

< 0. (23) The colored nodes are associated with residential loadsind generator is
placed in the system at bus 671 (the gray node).
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where(a) is because the energy job arrival ratas feasible,

and therefore can be stabilized by a static policy, accgrdi Wind Generation
to Theorem[IL.(b) is because the max-weight property o 257
the Algorithm[d in FSP, which is guaranteed by Theofém .
Therefore, the theorem follows. [ | 2r
C. Performance Guarantees §157

With the introduction of the FSP above, we are no g
ready to prove the main result in this paper, which specifi @ Al
the throughput optimality of the max-weight PEV dispatc 5
algorithm in Algorithm[31.

0.5

Theorem 4: (Optimality in Original SystentJnder Algo-
rithm[d, for a feasible energy demand rateall battery energy
queues are rate Stabl_e Wlth pl’Obabl'lty 1. l%:OO 20;00 21;00 22;00 23;00 24;00 Ol;OO 02;00 03;00 04;00 05:‘00

Proof: The proof is in Appendix . ] Time (Hour)
Thus, we have established a theory to guarantee the opymali
of the max-weight PEV dispatch algorithm. The performanddg. 2. The wind generation output profile in the case study.
of the algorithm will next be investigated in the case stualy i
the following section.

2) PEV SpecificationThe PEVs are allocated to the buses
V. CASE STuDY associated with residential loads, according to Fig. 1. The
A. Simulation Setup numbe.r of PEVs associated with each bus is proportional fo
the estimate of the number of households for each bus, which

1) System LoadsThe standard IEEE 13-bus test feeder

[5] is studied in this paper, which corresponds to a red? obtained according to the average daily load specifioatio

world distribution system. The topology of the test feeder in the case file of the test feeder. For this simulation, thal to

shown in Fig[dl, where the colored (black and gray) nod néjmber of PEVs in the system is 2185, which corresponds to

o . . : )
represent the buses associated with residential loadsdbr o € 50% penetration scenario. It is assumed that the maximum

to demonstrate the potential of PEVs in integrating intéient charging power of each PEV charger is 1.92kW, which cor-

renewable energy sources, it is assumed that a wind generg?gponds to the standard 120V, 16A charger. For the charging

. L . Simulation, it is assumed that the energy queue lengthslifor a
|s.|nstalled at_ bus 671, which is thg gray node n Elg LT EV batteries are 8.8 kWh. This is according to the national
wind generation pattern for the simulation period is shown

in Fig. [, which is obtained from a real-world data trace igurvey of 25 miles average daily commute distance, and the

a Pennsylvania wind farm_[16]. The simulation considers aBEV consumptiop_ ratg of 34 k\.Nh/.100 m.iles.[1.8]. A summary
: or* the PEV specification for this simulation is in Talile I.

over-night charging scenario from 7pm to 5am in the next
day. It is assumed that all PEVs are always already plugged- )
in during the simulation period, and are always available f&- Simulation Results

charging. Thusg,(n) = 1 for all PEV i and time slot:. The 1) Solution Method:As the PEVs are large loads, it is
non-PEV residential load profile is specified by the realfdiorno longer accurate to model its impact on the power system
data trace from the SCE website [17]. For each time slot, tidth conventional linear approximation techniques. Fas th
load at each bus is obtained by scaling the SCE load profilienulation, the optimal AC power flow il}8) is computed
proportionally according to the case file description/ [15]. by the technique of sequential convex programmingl [19],



TABLE | Minimum Voltage (Phase A)

VEHICLE FACTS 1.02r
Parameter Value
Battery Capacity 16 kWh
Energy Usage per 100 miles 34 kWh -
Charging Rate (120 V, 16 A) 1.92 kW s
Average Daily Commute Distance 25 miles o
Daily Consumption 8.75 kWh <
Charging Efficiency 0.90 >
Total Load 0.95 L L L L L L " L L ,
70 19:00 20:00 21:00 22:00 23:00 24:00 01:00 02:00 03:00 04:00 05:00
————— Non-PEV Load - Wind| Time (Hour)
PEV Load Minimum Voltage (Phase B)
1.061
= 1.04}
g 3
= =Y
2 o 1.02f
g B
o s
0.98 . . . . . . . . . ,
19:00 20:00 21:00 22:00 23:00 24:00 01:00 02:00 03:00 04:00 05:00
Time (Hour)
Minimum Voltage (Phase C)
13:00 20:00 21:00 22:00 23:00 24:00 01:00 02:00 03:00 0400 05:00
Time (Hour)
0.99
Fig. 3. The load profiles according to the PEV dispatch afgori ; 0.981
%
£ 097t
>
which works as follows. At each step, the algorithm tries to 0.961
obtain a local convex approximation of the original noneanv
optimization problem, and then tries to solve the approxeda 993:00 20:00 2100 2200 23:00 24:00 01:00 02:00 03:00 04:00 05:00
convex problem in a local region and obtain the PEV charging Time (Hour)

rates. The algorithm then solves the AC power flow with th&g. 4. The profiles of the minimum three phase voltages inctige study.
updated PEV charging rates, and continues to approximate
the nonconvex probleni](8) at the new operating point, and
search for locally optimal solutions. The algorithm wilbptif  particular, as the dotted load suddenly drops around 2am, du
certain convergence criterion is satisfied. For this situfa to the sudden increase in the wind power generation output,
the AC power flow is solved using the standard OpenDSfhe can clearly identify a very similar increase in the total
software. The total computation time is arourit seconds on PEV charging profile. This immediately implies that the PEV
a workstation with 64-bit Windows operating system runnindispatch algorithm can successfully integrate the renkwab
with 2.26GHz Intel Duo processor and 8GB RAM. wind generation by absorbing its intermittency. Finallyjeo

2) System Load Profilesthe resulting system load profilescan observe the sharp decrease in the total PEV load in the
are shown in Fig[]3, where the dotted line illustrates thmorning of the next day. This indicates that most PEVs are
non-PEV load minus the wind generation, and the solid lirmuiccessfully refilled.
corresponds to the total PEV load. Note that the dotted load3) Voltage Profiles:The minimum voltage profiles for each
profile is no longer smooth, due to the integration of the lyighphase in the case study are shown in Elg. 4. One can clearly
intermittent wind generation. From the figure, one can ¢yearobserve that, the phase C is the bottle neck of the system, as
observe that the PEV charging is ‘smart’, in the sense thiahas the lowest magnitude among all three phases. Notg that
the total PEV load profile changes very adaptively to bothterestingly, even if the voltages in the other two phages a
the wind generation and non-PEV load profiles. For examplay away from the limit (0.95 per unit in this case study), the
during the peak hour (around 8pm), when the non-PEV loadderresponding PEV loads are still not allowed to charge more
very large, the PEV load is quite small, in order to guarantekie to the coupling between the phases. Further, note that th
that the physical limits are not violated and that the poweninimum voltage in the entire power system is always above
system can operate in a secure and reliable manner. Furtkieg, physical limit. Thus, we conclude that the PEV dispatch
one can easily observe a ‘symmetry’ between the net loalfyorithm in Algorithni can successfully control the chingy
profile and the PEV load profile, in particular during the midrates of all PEVs in the power system to maintain reliable
night, in that an increase in the dotted load profile usuallyperation of the power system. This also partially explains
results in a decrease in the PEV load profile, and vice vensathe symmetry between the dotted load profile and the PEV



Maximum Energy Queue Length power system. Based on the queueing formation, a max-
Phase A weight PEV dispatch algorithm is formulated, and is proved

to be throughput optimal, under very mild assumptions on the
stochastic dynamics of the power system. Simulation result

demonstrate that, the proposed PEV dispatch algorithm can
not only successfully integrate the PEVs into the existing

power system, but also absorb the highly intermittent wind

power generation, as well as guarantee the secure andleeliab
operation of the power system.

S ol =2
T T T

w
T

Energy Queue Length (kwWh)

APPENDIXA
CONSTRUCTION OFFLUID LIMITS

Given the network dynamicdJ (n), A(n), TF (n))se,, we

- . . ? S. .
o ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ AN first extend the support fron¥ to R, using linear interpo-
19:00 20:00 21:00 22:00 2320$im264éa(())u'(.))1200 02:00 03:00 04:00 05:00 |at|0n FOI’ a f|Xed Sample pam' deflne the fOIIOW|ng ﬂUId
scaling:
Fig. 5. The profile of the maximum energy queue lengths foheamse in frtw) = flrt,w)/r, (24)

the case study. where the functionf(-) can beU;(-),A;(-) or TF(.). It
can be verified that these functions are uniformly Lipschitz

load profile in Fig[B, in that such constraint essentiallggels continuous, i.e., there is a positive constaft > 0 such that

an upper bound on the total load in the power system, so that fr(t+8)— f7(1)] < Koo (25)

when the net load decreases due to wind power generation, _ )

the PEV load will increase, and vice versa. However, it #r anyr, t >0 andg > 0. Thus, these functions are equi-

important to notice that one cannot simply substitute tHgntinuous. According to the Arzela-Ascoli Theoreml [y

constraints in[{8) with an upper bound on the total systef®duence of functiongf™(¢)}72, contains a subsequence
. . .. . . Tn

load, since such simplistic method will be very likely toutts {/""*()}72,, such that w.p.1,

in_ exces_sive voltage drops at certai_n buses,_as sugge_sted in lim sup |f™(r) — f(r)| =0 (26)

Fig.[4. Finally, one can observe the increase in the minimum k=00 r¢[0,1]

voliage near the end of the overnight charging period. Tj“s\hheref_(t) is a uniformly continuous function, and therefore

because many PEVS finish charging. differentiable almost everywherg [20]. Define any such dimi
4) Battery Statesin order to demonstrate the performanc?[—](t) A(t), TP (1)) as a fluid limit

of the PEV dispatch in refilling the PEV batteries, we plo N th i - 8 19) foll turally f
the profiles of the maximum energy queue lengths for eaﬁ% oW, the equations rL(18) and{19) follow naturally from

N
T

[
T

. ) . . because of the SLLN, by assumption.
figure also confirms the coupling of the charging processes

betwe_en the three phage_s, which is suggested i Fig. 4,tn tha APPENDIX B

even if the voltage limit in the phase A and B are far from PROOF OFTHEOREM[Z

the boundary, the PEV loads are not allowed to charge further

during the charging period, due to their coupling effecthe t

voltage in phase C, which is the bottleneck of the networ

Thus, the maximum energy queue lengths in all three phases N o N

behave very similarly, with the PEV loads in phase B finish ZUi(t)Pini <> U(t)Pn; +¢ (27)

relatively earlier, due to the fact that it is the least comised =1 =1

in voltage, according to Fig4. Similarly, the PEV loads ifior some constant > 0. Since all functions in FSP are

phase A also finish earlier than phase C. Further, a mdtgiformly continuous, there i$ > 0, such that for any

careful inspection reveals that at the beginning of thegihgr 7 € (t — d,¢ + J), we have

period, the charging rate is relatively low, in order to althe N N

power system congestion. The charging rate becomes much ZUi(T)sz' < Z U;(T)Pn; +§

higher near the end of the charging period. This is because, i=1 i=1

during such period, the charging processes are esserdfdlly Now, since all scaled functiong™ (¢) converge to the fluid

constrained by the rating of the PEV charging circuits. limits uniformly on compact set along the subsequeficgl,
there is a constank’, such that for anyt > K, we have

Proof: According to [21), there is another feasible sched-
Kle P’ €(C(s), so that

(28)

VI. CONCLUSION

N N
This paper proposes a queueing based scheduling approach Z U™ ()P < Z U (7)Pln; + £ (29)
to achieve large-scale integration of PEVs into the exgstin —~ = ’ 4



for any 7 € (¢t — 4,t + ) in the scaled system. Recall thg12] H. Saele and O. Grande, “Demand response from houselstomers:

definition of fluid scaling, the above implies that Experiences from a pilot study in NorwaylEEE Trans. Smart Grid
vol. 2, no. 1, pp. 102-109, Mar. 2011.

N N [13] L. Tassiulas and A. Ephremides, “Stability properties constrained
Z U (7')Pi77i < Z Ui(T)Pilm + 7’n4,55 (30) queueing systems and scheduling policies for maximum ghput in
i=1 i=1

multihop radio networks,IEEE Trans. Autom. Contrplol. 37, no. 12,
pp. 1936-1948, Dec. 1992.

. . [14] J. G. Dai and W. Lin, “Maximum pressure policies in stastic
foranyr € (Tmc (t_(s)’rnk (t+5)) in the original unscaled sys- processing networks,Oper. Res.vol. 53, no. 2, pp. 197-218, Mar.

tem. According to Algorithnill, the PEV charging rate profile  2005.

P is never scheduled duringe (Tnk (f—é)ﬂ”nk (t+5)), which [15] W. Kersting, “Radial distribution test feeders,” iroc. IEEE Power

implies thatTF (r,, 7) is a constant for any € (t — §,t + )
and k > K. Thus, after takingk — oo, we conclude that
TF(r) is also constant durin¢t — §,¢ + §), from which the
theorem follows. [ |

APPENDIXC
PROOF OFTHEOREM[4]

19
Proof: Assume that the claim does not hold. Then, ac-

cording to the definition of rate stability, there is a suhsste
{rx} and some;, such that

lim U;(ry)/ri > € (31)
k—oo

for somes > 0. Now, according to Append[x]A, we can obtain
a subsequencgr,, } which converges to a FSP. Note that in

this case, we have

Ui(1) > e, (32)
which contradicts Theoref 3. Therefore, the network is rate
stable and the theorem holds. [ |
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