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Abstract—In this paper, we study how to utilize forecasts to
design online EV (electrical vehicle) charging algorithmghat can
attain strong performance guarantees. We consider the scano
of an aggregator serving a large number of EVs together withts
background load, using both its own renewable energy (for fee)
and the energy procured from the external grid. The goal of tte
aggregator is to minimize its peak procurement from the grid
subject to the constraint that each EV has to be fully charged
before its deadline. Further, the aggregator can predict tle future

demand and the renewable energy supply with some levels of

uncertainty. We show that such prediction can be very effedte
in reducing the competitive ratios of online control algorithms,
and even allow online algorithms to achieve close-to-offla:
optimal peak. Specifically, we first propose a2-level increasing
precision model @-IPM), to model forecasts with different levels
of accuracy. We then develop a powerful computational apprach
that can compute the optimal competitive ratio under 2-IPM
over any online algorithm, and also online algorithms that @an
achieve the optimal competitive ratio. Simulation resultsshow
that, even with up to 20% day-ahead prediction errors, our
online algorithms still achieve competitive ratios fairly close
to 1, which are much better than the classic results in the
literature with a competitive ratio of e. The second contribution
of this paper is that we solve a dilemma for online algorithm
design, e.g., an online algorithm with good competitive rao

may exhibit poor average-case performance. We propose a new

Algorithm-Robustification procedure that can convert an online
algorithm with good average-case performance to one with kb
the optimal competitive ratio and good average-case perfonance.
The robustified version of a well-known heuristic algorithm based
on Model Predictive Control (MPC) is found to demonstrate
superior performance via trace-based simulations.
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demand [5], which is a typical example of deferrable demands
[6]. As reported in [7], the sale of EVs is expected to inceeas
exponentially, and 50% of new cars will be EVs by 2040.
Thus, the future EV demand can potentially be huge, which
could be used to compensate the variability and uncertainty
due to high penetration of renewable energy.

Towards this end, in this paper we study how to develop
robust online EV charging algorithms that minimize the iipa
of variability and uncertainty of renewable energy to thil gr
Specifically, we consider a demand-aggregator who has its ow
background demand and renewable energy supply (the latter i
assumed to be of no cost), and who manages a large number of
EVs. Such an aggregator could represent an apartment o offic
building with a parking garage, a campus, or a micro-grid [8]
As the EVs arrive and are connected to the charging stations,
each of them specifies a deadline for the charging request to
be completed. The aggregator will first use its own renewable
energy to serve its background demand and EV demand, and if
that is not enough, it will purchase additional energy frdma t
grid. We model the objective of the aggregator as minimizing
the peak consumption from the grid under the constraints tha
all EVs must be charged before their deadlines. Our choice of
the peak-minimization objective is motivated by the follog
two considerations. First, a large peak consumption-lexel
quires the grid to provision the corresponding generatiwh a
transmission capacity in order to meet the demand. Thus, a
large peak not only increases the overall cost of supplying
energy, but also poses danger to grid-stability. Seconlityut
companies have already developed peak-based pricing sshem
to encourage large customers (including aggregatorsytaces
their peak and smoothen their demand. In this type of pricing

Replacing fossil fuels by renewable energy is a majorschemes, the customers are charged based on not only the tota

priority all over the world (see, e.g., [2][3] and the refeces

usage in a billing period, but also the maximum (peak) usage

therein). However, high penetration of renewable energy-ch at any time in the billing period. Specifically, if a custorser

lenges the reliable and efficient operation of the power.gri

g€nergy consumption is given as a seque(ge, E, ..

S En),

Specifically, renewable energy from wind and solar is knowrfn€n the total bill is of the forme, ), Ei + ¢y max,{E;}

to exhibit high variability and uncertainty. As renewabkngr-
ation varies, the grid needs additional flexibility to badarihe

demand and supply [4]. In this paper, we focus on balancin
the variability and uncertainty of the renewable supply by

exploiting the flexibility from electric vehicle (EV) chairtgy

An earlier version of this work has been presented at IEEEQNBM
2015 [1].

9]. As one can see from an example of such a peak-based
pricing scheme from the National Grid [9], the average charg
éﬁr peak usage: (8.32$/kW-month) is over 100 times more

an the unit charge for total usage (0.07$/kWh). As a
result, the peak charge can constitute a large fractiorgiingn
from 30% to 50% [10]) of the total electricity bill. Under thi
type of pricing schemes, when the aggregator reschedules EV
charging jobs, the total energy consumption from the grielsdo



not change. It is the peak demand that is changed. Hencenline algorithms either are based on very simple models of
minimizing the aggregator’s operating cost is also eqenal future uncertainty [19], or do not assume any model at all.
to minimizing its peak consumption. Further, the potentialAs a result, the worst-case performance and the correspond-
benefit of peak reduction is huge. For campus-level aggoegat ing competitive ratio are often quite poor. In practice, tbot
(e.g., [8]), the peak energy is usually on the order of 20MW.renewable supply and EV demands can be predicted to a
Then, every one percent of peak reduction will correspond taertain degree. Intuitively, such prediction can providayv
0.01 x 20MW x $9/kW-monthx 12 = $21600 saving per year. useful information for eliminating uninteresting worstses,

The main difficulty in the above EV charging problem and thus sharpening the competitive ratio of online alharg.
comes from thesequentially-revealedncertainty in both the However, to the best of our knowledge, there is no systematic
demand and the renewable supply. If all the demand and th@ethodologies for designing competitive online algorithm
supply could be precisely predicted in advance, one could ha under more sophisticated models of future uncertainty. The
used an offline algorithm to compute the optimal chargingsecond challenge, which in fact applies to typical robust-
schedule that minimizes the peak. Specifically, there &xidt  optimization results as well [16], is that the algorithme ar
centralized algorithms (e.g., the YDS algorithm in [11])dan only optimized for the worst-case. As a result, their averag
decentralized algorithms (e.g., the valley-filling alglom in  case performance can be quite poor [19]. Given that the worst
[12]) for peak-minimizing EV-charging in an offline setting case input may only occur very rarely, the aggregator may the
However, in reality both the future demand and supply carbe hesitant to endorse the resulting algorithm.
exhibit significant uncertainty. Further, such uncertaiig In this work, we make two contributions that precisely
typically sequentially revealed. That is, at any point im¢i  address these difficulties. First, from theethodologypoint
the past demand and supply are revealed, the future urmdgrtai of view, we extend the framework of online algorithm to
is still unknown, yet the aggregator must make decisiorincorporate available future knowledge captured by ptatic
right away. Model Predictive Control (MPC) can be used toSpecifically, we propose a more general set-based model,
modify an offline algorithm to deal with sequentially-relesh  called 2-IPM (2-level increasing precision model), to capt
uncertainty [13]. However, as readers will see in the examplthe sequentiallyrevealed uncertainty of renewable supply, EV
in Section 1I-C, an MPC-based algorithm could lead to muchdemand, and background load. Compared to the traditiotal se
larger peak consumption levels (a similar observation i&s a based model used in robust optimization [15], a key novelty
reported in [12]). of 2-IPM is that it can model theequentiahature of multiple

There are various approaches in the literature to deal witlpredictions, i.e., predictions can be made at multipleaimtst
control problems with uncertainty. However, as we elalrat (e.g., day-ahead prediction versus intra-day predictiany
below, these existing approaches are not suitable for thk-pe the predictions closer to the target time tend to be more
minimizing EV-charging problem that we study in this paper. accurate (e.g., intra-day prediction is usually more aateur
a probabilistic model is known for future uncertainty, thbe  than day-ahead prediction). For any given 2-IPM model, we
problem can be cast as a stochastic control problem. Howevehen develop a powerful computation procedure to find the
obtaining an accurate probabilistic model of uncertairdy ¢ smallest competitive ratio in terms of the peak consumption
be challenging, especially when the renewable supply is nonThis smallest competitive ratio can thus be viewed as a
stationary and highly-correlated across time. Furthercim-  measure of the “price of uncertainty” under tBdPM. As
plexity of solving the optimal control decision for a giverop-  readers will see in Section V-B, o@rIPM yields much lower
abilistic distribution, e.g., using Markov Decision Preses price-of-uncertainty compared to the uncertainty models i
[14], is extremely high. Another way to deal with uncertgint [19].
is robust optimization [15][16], where future uncertairity Second, from thealgorithm point of view, we propose a
modeled in a set. The resulting solution is designed to apdm general “robustification” procedure to design online ailgpons
the worst-case performance for all possible realizatidrth®  to address both worst-case performance and average-aase pe
uncertainty in this set. However, robust optimization tgly =~ formance. Specifically, given any online algorithm with doo
does not deal with sequential decisions. average performance (in terms of the peak), this robudtifica

The third approach, which we adopt in this work, is to designprocedure can convert it to one with not only good average-
competitive online algorithms [17]. In the computer scienc case performance, but also the optimal competitive ratie. W
literature, online algorithms are specifically designeddéal  apply this robustification procedure to a well-known online
with the case where the decisions must be made sequentialiygorithm, called Shrinking Horizon Model Predictive Cranit
based on uncertain input that is sequentially revealed. I§SH-MPC), which demonstrates good average-case perfor-
a peak-minimizing problem closely related to ours [18], itmance, but poor worst-case competitive ratio. Our numkrica
was shown that, even without any future information of jobresults in Section V-C indicates that the robustified-SHEMP
arrivals and deadlines, one can design a competitive onlinalgorithm achieves both good average-case and worst-case
algorithm whose peak consumption is at most a constantrfactgerformance.

e = 2.718 above the offline optimal (where the latter assumes The rest of the paper is organized as follows. Section I
that the future information is known in advance). This canst defines the system model that captures the renewable uncer-
factor is referred to as the competitive ratio of the onlinetainty, and motivates the design of online algorithms with
algorithm. However, this line of research also encounters #he optimal competitive ratio. We derive a fundamental lowe
number of challenges. First, existing results on competiti bound on the competitive ratio in Section Ill, and propose



a general framework based on Algorithm Robustification inother words, the future value of(¢) must lie within
Section IV to design online algorithms that achieve the abov L U

lower bound. Real-trace based simulation results are geovi x7(0,) <x(t) <x7(0,1). (1)
in Section V to demonstrate both the improvement on the 0pThen, at a later timeu;,1 < w; < t, another intra-day

timal competitive ratio and the effectiveness of our Algum  regiction is performed. (One example of could bew, =
Robustification procedure. In Section VI, we conclude. max{1,¢ — L}, i.e., the intra-day prediction is performed
time-slots ahead.) The intra-day prediction provides lagot
two (T —t+2) x 1 vectorsg” (uy, t), XY (uy, ), that arebetter
lower and upper bounds t(t) than the day-ahead prediction
We consider an aggregator serving its EV demand angsee Fig. 1 (b)). In other words, the following will hold:

background demand using both its own renewable energy _, N U U

(which is assumed to be cost-free) and the energy procured * (0,8) <%%(u, t) < x(t) <X (ur, 1) <X7(0,8).  (2)

from the external grid. We assume that time is slotted, and Obviously, a key difference between the day-ahead predic-
index a time-slot by an integer it = {1,...,T}, whereT 5 and the intra-day prediction is that they are performagd
is the time-horizon considered. We represent the EV demangistarent times. Thus. while the value of day-ahead préafict

by aT x T upper-triangular matrva = la;;], Whereai; gL 1) U (0, 1) for all t, are known even before time-slot
is the total deferrable (EV) demand with arrival tinieand (i the value ofk”(us,t) and %V (u,¢) will not be known

deadlinej > i. We represent the net nqn-deferrable deman ntil time-slot u,. (We will say that the value ok’ (uy,t)

by aT x 1 vectorb = [b;], whereb; is the background 5.4 &Y (uy, t) are revealed at time,.) However, from time-
demand at time/ minus the renewable energy available atg|qt () g time-slotu, — 1, although the aggregator does not
time i. Note that when the penetration of renewable energy o,y the future intra-day prediction fox(¢) that will be

is high, the net non-deferrable demand will exhibit sigaifit o formed at timeu,, it does know that this future intra-
uncertainty. Using the flexibility in the EV demand, the goal yay hrediction will be more accurate. In order to model this
of the aggregator is to schedule EV charging jobs again$t h'gknowledge we assume that there exist¢Za— ¢ + 2) x 1
renewable uncertainty such that the peak energy procuved fr ooy W(u’t,t) < %U(0,t) — %%(0,¢), which is known at
the grid is minimized. time 0, that bounds the (future) intra-day prediction gap

Y (uy,t) — % (uyg, t) (see Fig. 1 (b)), i.e.,

%Y (ug, t) — % (ug, t) < Wuy, t). (3)

Il. SYSTEM MODEL

A. Model for Prediction and Uncertainty

In practice, there exists considerable uncertainty in both
the net non-deferrable demand and the deferrable demank other words, the aggregator knows the (increased) poecis
Specifically, we define &7 — t + 2) x 1 vector x(t) = level of future intra-day predictions that will be perforchat
[at.t, .- as 7, b) 7 to include both the EV demand with arrival time u,, even though it does not know the exact bounds of this
time ¢ and the net non-deferrable demand at timdlote that  intra-day prediction before time;.
the aggregator will know the precise valuexdf) only at and Remark 1:The novelty of our 2-IPM is in modeling the
after time-slott. In the rest of this paper, we will say that increasing precision of interval predictions. Note thatneo
“the value ofx(t) is revealed at time”. At a time s < ¢, pared to point predictions [20], interval predictions (i.El)
the value ofx(t) is uncertain to the aggregator. However, theand (2)) provide additional information on the accuracyelev
aggregator can use various sources of information (such & the prediction. While there have been many recent studies
weather forecast) to predict the future values of thesentmioe  of interval predictions [21][22], the 2-IPM allows us to ¢ape
guantities in order to improve its decision. In practiceglsu the increasing precision as time evolves and to rigoroustyys
predictions can be taken multiple times, e.g., if the ojegat its effect on the corresponding sequential decision proble
time-horizon is a day, one prediction can be made before the Remark 2:Readers may question what happens when the
day (called “day-ahead” prediction), and another predicti real valuex(¢) or the bounds for the intra-day prediction
can be made a few hours before timdcalled “intra-day” falls outside of the day-ahead predicted interval (1). Tikis
prediction). In general, intra-day prediction is more aete  indeed possible in practice, because some predictions may b
than the day-ahead prediction because it is closer to tHe rewrong. Nevertheless, for ease of theoretical analysis, vile w
time. Next, we will present a model, calledlPM (2-Level  assume that (1) and (2) are always satisfied. This assumption
Increasing Precision Model), to model the uncertainty @isso is justified because in practice these bounds are usuallsecho
ated with such prediction procedures. We note that, althougsuch that the value aof(¢) will fall into the predicted intervals
for ease of exposition the model below only assume one intrawith high probability, and we can always tighten the intra-
day prediction, botl2-IPM and the subsequent results can beday prediction bounds so that (2) is satisfied. The case where

easily generalized to multiple intra-day predictions. these bounds are violated will be studied in Section IV-C and
Specifically, we assume that at tifigbefore the first time-  Section V-D.
slot), a day-ahead prediction is available for evefy), ¢ € T. We now define a few vector notations that summarize how

For each future time-sldt, the day-ahead prediction provides the variables defined above are revealed in time. At tintbe
two (T —t+2) x 1 vectorsk”(0,¢), %Y (0,t), which are lower  aggregator only know¥ = [£2(0,t), %Y (0,t), W (uy, ), t =
and upper bounds, respectively, 2gt) (see Fig. 1 (a)). In 1,2,...,T] (see Fig. 1 (a)). At the end of the time horiz@h
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(a) For any future quantity:(¢) of interest, the day-ahead prediction (b) The true value ofc(u¢) and the intra-day prediction af(t) are
and the width of the future intra-day prediction gap are knat time revealed at timei;. We denote all the information revealed from tirme
0. We denote all such information hy. to u¢ by Z.,. We useZ to denote all information that will be revealed

at the end of the time horizof.

Fig. 1. lllustration of day-ahead prediction and intra-gagdiction.

the aggregator knows not only, but also all revealed EV the grid,based only on the knowledge ¥fand Z,. (Note that
demand, net non-deferable demand, and intra-day forecastse have assumed that is fixed. Hence, we have omitted
Z = [x(s),s = 1,2,..,T, %" (us,s),8Y (us, 8),us < T). in the notationE;(Z;,n) for simplicity, but the dependency
Thus, we refer to this vectoZ as a realization, which of E;(Z;,w) onY is implicitly assumed.) In other words, the
will only be revealed at the end of the time horizon. Fordecision at timg cannot be based on the values of any com-
any realizationZ, let Z; denote the sub-vector containing ponent ofZ-,;, which will only be revealed in the future. The
only those components revealed at or before titnd.e.,  online algorithmr is said to be feasible if all the EV demands
Z; = [x(5),5 = 1,2,....t,%%(us, 8), %Y (us, 5),us < t. can be completely served before deadlines using the seguenc
Note that the dimension of this sub-vect®y increases with of energy-procurement decisiori&,(Z;,7),t¢ € T] minus
time t. Similarly, we useZ-; to denote the sub-vector of the revealed non-deferrable demand (i.e., background mgma
Z containing all components that are revealed after ttme minus renewable energy). LeE?(Z) = max{Fi(Z;, 7)}
Thus, at timet, the aggregator knows bothi and Z;, but be the peak energy drawn from the grid using a feasible
not Z-.. Clearly, the set of components @%;, Z-.] is the online algorithms. The aggregator is interested on reducing
same as that ofZ. However, the order of the components E?(Z). However, it is not possible for one online algorithm
of [Z:, Z~:] can be different from that of. Therefore, we to minimize E?(Z) for all Z’s. Instead, we consider affline
write Z = 11:([Z:, Z~+]), wherell; is an appropriate one-to- solution provided by a “genie” that knows the entire futufe
one mapping that maps the componentsZf, Z-.] to the in advance. This genie can set the energy procuremgii)
corresponding components . at each time-slot based onZ. This genie can then solve the
Throughout this paper, we will view as given, because following problem offline:
Y is known day-ahead (before any scheduling decisions are .
made). The uncertainty comes entirely from the realizafion All demand can be completely Ser\f&aX{Et(Z )}- (4)
Even though we do not know the exact realizatior¥dfefore- i ) )
hand, the knowledge df (the day-ahead prediction) restricts L€t Eoit(Z) be the optimal offline solution to (4). Clearly, for

7 into a smaller sample space. Specifically, for a givery ~ any online algorithmr, we will have E¢y(Z) < ER(Z). We
and a possible realizatiod must satisfy constraints (1)-(3), ¢an then evaluate the performance of an online algorithiy

and all such possibl€’s form a demand-trace sy, i.e. comparing it to the above offline optimal. Specifically, for a
SR fixed Y, define the competitive ratio (CR) (7) of an online

Zy={Z : Z=|x(s),s=1,2,..,T,%"(us,s),%" (us,s), algorithmr as the maximum ratio betwed#?’(Z) and E:;(Z)

us < T}, the components of satisfy under all possibleZ € Zy, i.e., v (m) = max {_gﬁgg}
) 1 ;
(1) — (3) for the fixedY'}. In other words, the competitive ratio characterizes hiow

In this paper, we aim to design policies that can attain gronthe worst caseéhe online algorithm can perform more poorly

performance guarantees for all possible realization difa@m compared to the offline optima!. e .
Zy. In the rest of the paper, we will first find an achievable lower

bound on the competitive ratigy (7) under 2-IPM, which

N characterizes the fundamental limits havevel prediction can

B. Objective improve the worst-case performance. Then, we will propose a
We are interested in designing online algorithms for schesystematic approach to design online algorithms with blo¢h t

duling EV demand that minimize the peak energy drawn fromoptimal competitive ratio and good average-case perfooaan

the grid. At each timg = 1,2,..., T, an online algorithmr Remark 3:Related to the above peak-minimization objec-

must determine the amount of ener@y(Z,, 7) drawn from tive, another approach is to set an upper limit for the peak



16 ‘ ‘ : this example is simplyt8/48 + 11 = 12. If we apply the SH-

—— Net Nondeferrable Demand ] MPC algorithm to this example, the resulting peak willltse5
o 15[ . Day-ahead Prediction / (see Fig. 2), and thus the worst-case competitive ratio avoul
% 141 < Schedule of the SH-MPC algorithmfz/ be no smaller than5.5/12 = 1.29. In contrast, applying the
5 —e— Optimal Offline Schedule computational approach in Section Il to this uncertairgy, s
g 13¢ o the optimal competitive ratio can be shown tolb@s, which is
T 15 ===:=:::=================;=;:-;;-:========= much smaller than.29 in the case of SH-MPC. As shown in
g oot Fig. 2, the poor performance of the SH-MPC algorithm can be
2 11 passee understood as follows. In the first time-slot, SH-MPC sees th
10k ] the current non-deferrable demand (i.e., 11) is higher than
‘ ‘ ‘ predicted value (i.e., 10). However, SH-MPC still assunhes t
0 12 24 36 48 the future non-deferrable demand is the same as the prddicte
Time Slots value (i.e., 10). Because the EV demand is flexible, SH-MPC

computes a schedule that smoothens out the future demand.
Fig. 2. Poor performance of the SH-MPC algorithm. In thisregke, the ~ Thus, the charging rate at the time-slot 1 only increasghtyi
day-ahead prediction consistently underestimates thederaand, and the and the corresponding amount of EV demand is deferred to
SI;I'.'MPC aligo”thm leads to a peak.thalt is |1.-29 tlime_shhigrgmt.ha Optima'k the future. This procedure is repeated, until towards the en
offline peak. In comparison, an optimal online algorithm leve a peal . . . P
that is at most 1.06 times higher than the optimal offline peak of the horizon, S_H'MPC realizes that the earlier pl’edl(E_tI(_)n
have been consistently wrong. However, now the decisions
in the earlier time-slots cannot be reverted. SH-MPC has

power consumption, and schedule EV charging within theh0 choice but to increase the peak to accommodate the EV

power limit [23]. However, this approach does not minimizedemand deferred from the past. In summary, since SH-MPC
peak demand charges. fails to account for the possible future deviations from the

predicted values, it leads to poor performance in the worst
L case. In contrast, the methodology that we propose below
C. A Motivating Example will explicitly account for future uncertainty, and hencellw

Before describing our main results, we use an example tprovide much better worst-case guarantees.
illustrate that it is not trivial to design an online algdii with
good competitive ratio.

Consider Model Predictive Control (MPC) [13], which is . . s
a popular approach for dealing with sequential-revealed un For ease of reference, we list all the notations in this paper
certainty. At each time-slot, using the offline solution, @p N Table I.
computes the entire schedule for the future based on past
information that has been revealed and most-recently gtestli ~ Il.  FUNDAMENTAL LiMIT OF THE COMPETITIVE RATIO
future demand/supply. However, MPC only executes the first |n this section, we extend the computation framework in [19]
step of the schedule in the current time-slot. Then, in theo find a fundamental lower bound on the competitive ratio
next time-slot, as new information is revealed, MPC repeats (7) of any algorithms. This lower bound will be given by
this procedure with the newly-revealed information andimga the solution of the optimization problem (9). However, $ody
applies the first step. Note that, since our model assumes (8) is much more difficult than that in [19]. In Section IIl-Bg
finite time-horizon, the time window considered by MPC will will develop a general convexification technique to confyexi
shrink by one at each time-slot. Thus, this version of MPC(9). Such a convexification technique generalizes fraation
is referred to as Shrinking-Horizon MPC (SH-MPC) in the |inear programs [25], and thus may be of independent intteres
literature [24]. Clearly, if the future demand/supply ies# to We need the following three lemmas throughout this section.
their predicted values (which likely holds in the averagseda Lemma 1:Given a demand realizatiof, a sufficient and
the performance of SH-MPC will be quite good. However, thenecessary condition for a service proffie= [E;, Es, ..., E7]
following example illustrates that the worst-case perfance to be feasible, i.e., all demand can be completed before the
of SH-MPC can be very poor, especially when the futurecorresponding deadlines, is that for all< to,t,,ts € T, the
prediction is persistently wrong. Specifically, there &sdime-  following inequality holds,
sloés. One Ethhar%in% job arrLit\;ies a'athhe begilnging oféir‘m-s - t "

1, departs at the end of time-slf, and the total demand 4.

(In other words, there is no uncertainty for the EV demand.) Z Zatvs + Z by < Z Ey. (5)

The day-ahead predictions of the net non-deferrable desnand
are 10 for all time-slots, with an uncertain interval ¢f, 12], Proof: See Appendix A. [ |

i.e., future non-deferrable demands are assumed to faiirwit Lemma 1 is a generalization of Lemma 6 in [19]. It states
this interval. Suppose that the real values of non-deférabthat, in order for a service profil®& = [F;, Es, ..., Er] to
demands turn out to bél for all time-slots (note that this be feasible, the total energy procured from the grid plus the
realization falls within the uncertainty set, and thereasntra-  renewable energy supply in any time intera,t2] must
day prediction in this example). The offline optimal peak forbe no smaller than the total demand that must be served in

D. Summary of Notations

t:t1 s=t t:t] t:t1



TABLE I. L IST OF NOTATIONS. . . . . .
the maximum intensity over all possible intervals. The osas

T Total Number of time-slots. that we have a “0” term in Eqn. (7) is that the power procured
a=la; ;] | AT xT matrix representing EV demand. from the grid must be non-negative. Lemma 2 is easy to prove.
b = [b;] A T x 1 matrix representing net norj- Clearly, the offline optimal peak must be no smaller than the
deferrable demand. maximum intensity given by (7). Otherwise, the demand iasid
x(t) Demand variable revealed at timginclud- the interval with the maximum intensity cannot be finished
ing at ¢, ...,ar, 0 andby. before the end of the interval. Further, there exists annefli
%7(0,1), | Lower bound and upper bound of(t). solution with a peak (_axactly equal Yt (Z). Specifically, we
£Y(0,t) Known at time 0 (day-ahead prediction). can construct an offline solution that always prociig(Z)
% (us,t), | Lower bound and upper bound of(). amount _of energy at ec_';\ch tl_me-slot. .Accord|_ng to Lemma 1,
%V (ug,t) | Known at timeu, (intra-day prediction). the service profile of this offline solution can indeed fini¢h a

Maximum gap betweenx’(us,f) and the demand before the corresponding deadlines.

W (ug,t) | %Y (uy,t). Known at time0 (day-ahead pre

diction). A. Lower Bound
Y Al quantities known at time 0, including Consider an online algorithmr with competitive ratio
%2(0,), x(0,1) andW(uy, t) for anyt. ny (7). We first study the maximum value fd#, (Z,, ) given
Z A vector containing all the uncertain quap- 3 realizationZ. Recall that the decisiof, (Z;, 7) should only
tities not known at time). _ depend onZ,. Further, we note that there may exist different
Z A sub-vector of Z that contains realizationsZ = I1,([Z,, Z~,]) that yield the same value of
the quantities revealed at or befofe 7  pecause the futurg., can vary given the past; up to
time ¢, including [x(s),s < ¢ and time ¢. Thus, the value ofZ;(Z;, 7) must be chosen such that
(%" (us, 5), %Y (us, 5), us < 1. ] it is no greater thamy (7) times the offline-optimal peak for
>t A sub-vector of Z that contains any possible future realizatiofi-,;. Let
the quantities revealed after time
t, including [x(s),s > t] and EY(Z,) = z/eziyn-fz'—z, ot (Z'), (8)

(&L (us, 5), XY (us, 8), us > 1. . o
E,(Z;,7) | Total amount of energy drawn fromthe grjd ~ where the superscript “pe” stands for “peak estimation”teNo

under an causal online algorithm that the infimum in (8) is taken over all possible realization
wx(2) Offline optimal peak energy consumption ZZ' € Zy that has the same revealed components at time
(assumingZ is known at time 0, which ig asZ,;. Then, we have the following lemma. The detailed proof
non-causal). is in Appendix B.
Ny () Competitive ratio of the online algorithm Lemma 3:Given an online algorithmr with competitive

ratio ny (), we must haveF; (Z;, ) < ny (7)EY(Z).
We now apply Lemma 1. Ifr is feasible, then for alf €

the same interval. Further, the condition (5) is also seffici 2v and allty < ts,1,¢; € T, we must have

Specifically, if we use the Earliest-Deadline-First (EDB)igy ta ta ta ta
to serve the demand, then all the demand can be finished befoE Z ars+be | < Z Ei(Z,m) < ny(m) Z EP°(Zy).
the corresponding deadlines. t—=t1 \s—=t t=t, t=t;

Clearly, Lemma 1 also applies to an online algorithm

Specifically, a feasible online algorithm must be able to Define the following optimization problem:

support all possible demand tragec Zy-. Then, according to t2 (th g + bt)
Lemma 1, the service profilgZ;: (Z;, 7),t = 1,2,...,T] must e (Y) = sup t=t; s=t Ot,s ©
satisfy (5) for all possible demand tragec Zy . n ZeZy 2 EY(Zy)

When studying online algorithms, we usually compare theL . © (YL Th . id |
peak of an online algorithm with the peak of an offline optimal -t 7y = t1<£}ﬁ’§2ﬂ{”tutz( )} Then,n;. provides a lower

algorithm. The following lemma gives a close-form formufa 0 bound on the competitive ratio, which is stated below.

the offline optimal peak. Theorem 4:For any feasible online algorithm, its com-
Lemma 2:Given a realization of, for anyt; < ts,t1,t2 € petitive ratio must be no smaller thag-, i.e., ny (7) > 5.
T, define the intensity of an interval = [t1,t2] as The above arguments share some similarity to Theorem 4
t t in [19]. However, computing)j- here is much more difficult
9(2) = iy, (Do ars + be) ©6) than that in [19]. The computation @f requires solving the
to—t1+1 ' optimization problem (9). Like in [19], the denominator of

the objective function in (9) is the optimal value of another
optimization problem. In general, such a bi-level optintiza
oif(Z) = max{0, max{gs(Z)}}. (7)  problem is NP-hard [26]. In [19], special structures of the
7 problem are exploited to convert a similar bi-level optiatian
Lemma 2 states that the offline optimal peak is equal tgroblem to a convex problem, which is then easier to solve.

Then, the offline optimal peak is given by



However, the techniques in [19] critically rely on the prdye Lemma 6 can be viewed as an extension of the result in
that the uncertain quantities (i.e., the EV demand matrixSection 3.2.5 of [27, p. 87], with the difference that the set
can be freely scaled up or down without violating systemD, now changes withz. Readers can refer to [28] for the
constraints. Unfortunately, this property does not holdhis = complete proof of Lemma 6.

paper. Specifically, if all the uncertain quantities i is It only remains to prove the convexity df’“(Z;). Since
component-wise multiplied by a large constant, it may #®la Z = I1,([Z;, Z-.]), we slightly abuse notation and write
the bounds from day-ahead prediction in (1). In the nextE(Z) = Exx(Z;, Z~.). We now viewZ, asz, and Z~; as
subsection, we will develop a more general convexificationy. Then, based on (8), we can rewri&“(Z,;) as EF“(z) =

technique than that in [19] to convexify the optimization inf,.., , ez, {Egs(z,y)}. The region of(z,y), i.e., 2y, is

problem (9). a convex set because all the constraints in (1)-(3) arerlinea
constraints. Further, according to (7), it is easy to vetifst
B. Convexification of Problem (9) sw(x,y) is a convex function ofz,y) over the convex set
We present the key convexification technique in Lemma 52y - Therefore,7(Z,) is a convex function.
Lemma 5: Consider the following optimization problem: Remark 5:Although the 2-IPM in this paper assumes only
one intra-day prediction, the results in this section cao &le
M, = sup ("Z+a)ly generalized to general prediction models, with multiphean
STy day predictions. Specifically, each intra-day predictian be
subjectto  y = f(Z), AT <b, (10)  characterized by a similar set of inequalities as (2)-(3. A

a result, the setZy of all possible realizations can still be
described by a set of linear constraints. Thei; (Z;) is still

a convex function based on Lemma 6, and thus the optimal
competitive ratio in (9) can be computed efficiently using th
convexification technique in Lemma 5. Further, due to the
same reason, the Algorithm Robustification procedure to be
developed in Section IV will also work for such more general
prediction models.

whereZ, c aren x 1 vectors,A is am x n matrix,b is am x 1
vector, anda, y are scalars. Suppose that the following two
conditions hold:

(@) f(-) is a convex function of?, and f(Z) > 0 over the

entire constrained region ofz < b;

(b) There existg satisfyingAx < b, such that” £+a > 0.
Then, the optimal valué/; of (10) is equal to the optimal
value M, of the following optimization problem:

M3 = sup 7+ au IV. ALGORITHM DESIGN AND ROBUSTIFICATION
z'u .
subjectto 1> uf(#/u), AZ < bu,u>0. (11) Note that we have obtained a lower bougd for the com-

petitive ratio of any online algorithm, the next step is taida

Remark 4:The optimization problem (11) can be trans- an online algorithm that can attain this lower bound. It surn
formed from (10) as follows. First, we l&f = #/y,u =1/y.  out that we can use the idea of the EPS algorithm proposed
Then, the resulting optimization problem will be similar to in [19]. Specifically, at each time, an online algorithm can
(11), except that we have a constraint= uf(7'/u) instead  set F,(Z;,w) = 0y EF°(Z;). We also refer to this algorithm
of 1 > wf(Z'/u). Note that f(¥) is a convex function. as the EPS (Estimated Peak Scaling) algorithm because it
uf(Z’'/u) must also be convex if,u) because it is the always scales up the estimated valig®(Z;) of the lowest
perspective of (-) [27]. Therefore, after relaxing the constraint possible future peak by the competitive ragip. Like in [19],
1 = uf(Z'/u), the optimization problem (11) becomes ait is not difficult to prove from the definition ofi;. that this
convex problem, and can be efficiently solved. The result oEPS algorithm is feasible for any inplf € Zy because
Lemma 5 can be viewed as a generalization of fractionakline the condition (5) is always satisfied. Thus, the EPS algarith
program [25], which requireg () to be linear. The detailed attains the optimal competitive ratig; .
proof is available in Appendix C. The problem of this EPS algorithm, however, is that al-

We are now ready to convexify (9). We assume that thehough it achieves the optimal competitive ratio for the stor
condition (b) holds in our problem, i.eZ?:tl( “ ais+  caseinput, its average-case performance can be quiteigopr,
b;) > 0 for someZ € Zy. In other words, we cannot serve its peak can be high for many other inputs. To understand this
all the EV demand and the background demand using only theilemma, note that according to Lemma 3, any online algo-
renewable energy. This assumption is reasonable, bedaatse trithm with optimal competitive ratigj should set?;(Z;, 7) to
the renewable energy is highly variable, and we need to peocu be no larger thani EY°(Z;). In the case of the EPS algorithm,
energy from the external grid when the renewable energturnit always setF;(Z;, v) to the highest possible value. Thus, it
out to be low. It remains to show that the condition (a) alsocan be viewed as the mostnservativalgorithm. If the future
holds for (9), i.e.,Z‘f:t1 EY°(Z,) is a convex function oZ.  input indeed followed the worst-case, such conservatisoiavo
Obviously, it is sufficient to show thak?“(Z;) is a convex have been essential to attain the optimal competitive :ragio
function of Z,. The convexity of EY“(Z,) is ensured by the serving more demand up-front, the EPS algorithm avoids a

following lemma. potentially large peak in the future. However, if the future
Lemma 6:Suppose thaf(x, y) is a convex function defined input is different from the worst case, the EPS algorithm wil
on a convex seD. Let D, = {y : (x,y) € D}, theng(z) = likely be too conservativeFor example, if the future input

infyep, f(x,y) is also a convex function. followed precisely the one that produces the vali¥ (Z;)



in (8), then using a ratés;(Z;,7) = E{°(Z;) would have where o ,,b, are the corresponding elements &f. Let
been sufficient. Thus, one could argue that, since the wors;. (Z;,¢1) be the optimal value of (15). Then, in order to
case perhaps occurs very rarely, using EPS may turn to beatain the optimal competitive ratio, the following mustidho
poor choice in most scenarios. .

This conflict between worst-case performance and average- Ey(Zym) 2 i + Ry, (2, 1) (16)
case performance is not uncommon in the context of COMEijnally, the above inequality must hold for ath > t.
petitive online algorithms [17]. An algorithm designed for Therefore, we obtain the following lower bound 8¢ (Z;, 7):
the worst-case can exhibit poor average-case performance, ’
making it less appealing for practical implementation altle Ey(Zy, ) > max{ris, + Ry (Zi,t1)}- a7

. . . . t1>t Y
we would like to design an algorithm with both good worst- =
case and good average-case performance. In the rest of thisRemark 6:Note that E¢(Z’) is a convex function (see
section, we will present a novel “robustification” proceelt®o  Section 11I-B). Therefore, the objective of (15) is a coneav
design such an algorithm. Our key idea is as follows. We firsfunction. Further, both constraint&€{ € 2y and Z; = Z;) of
identify not one, but a class of algorithms that all attaie th (15) are linear constraints. Hence, (15) is a convex opttion
optimal competitive ratio. Then, starting from any alglonit  problem, and thus can be efficiently solved.
with reasonable average-case performance, we “robustgy” We summarize the above discussion into Lemma 7.
decision by comparing it to the above class of algorithms. Lemma 7:For any feasible n}-competitive online
The resulting algorithm will then achieve both the optimal algorithm, we must have

competitive ratio and good average-case performance. . R
max{re, + Rye (Zi, 1)} < E(Zy,m) < iy B (Z)-
1=

A. Online Algorithms with the Optimal Competitive Ratio Remark 7:We note a key difference in the qualitative nature

Suppose thatr is an optimal online algorithm with com- ©f the upper and lower bounds. The upper boun&'gt”;, )
petitive ratior. For any realizationZ € Zy, we next study ~depends only on the optimal competitive rai¢ and the
all possible values of;(Z,, ) that the algorithmr can take. past realizationZ;, but is independent of the past decisions

The upper bound off,(Z;, ) is given by Lemma 3, i.e., Es(Zs,m),s < t. In contrast, the lower bound df;(Z;, )
PP Wz is g y also depends on the past energy procuremigf, 7), s < t.

E(Zy,m) < ny EF<(Zy). (12)  Due to this reason, the lower bound is mamaptive if the
energy procured from the grid in the previous time-slots is
large, we will have less remaining demang,,, and thus
have a smaller value for the lower bound. Such an ability to
adjust based on the past decisions is the key reason thatnwe ca
robustify an algorithm with good average-case performaoce
have optimal competitive ratio.

Next, we derive a lower bound fdr,(Z;, r).

At time ¢, we user; , to represent the total not-yet-served
demand with deadline no greater than which includes all
the remaining demand (with deadline no greater tharirom
the previous time-slots, the newly arrived net demand, had t
newly arrived EV demand with deadline no greater than
Consider any time instany > ¢, given any inputZ with the

first part beingZ;, we must have Input: Time-slott¢, the remaining demand ;, and the
. . . part Z, that has been revealed.
. X e - : 1 Compute the lower bound (17) and upper bound (12),
Ey(Ze, m)+ny Z EY(Zs) = T4, + Z <Z Gs,w + b5> : and letE,(Z,, ) be any value in between.
s=t+l s=t+l \w=s (13) 2 The aggregator purchasés(Z;, 7) amount of energy

D

from the external power grid, and uses the renewabl
energy and the purchased enet@y Z;, v) to serve the
existing demand. The aggregator first serves the
background demanti, and then serves the deferrable
demand by thearliest deadline firstEDF) policy (i.e.,
demand with earlier deadline gets served first). The

We move the term sy >°00, | EP*(Z,)" from the left- ; : : :
: Las= s\ aggregator will stop serving demand if all the available
hand-side of (13) to the right-hand-side, and then we have dg%agd at ime isrzzompletgely served or the amount bf

ty ty energyE,(Z;, ) is exhausted.
( )) . (14)

Here,a, ., andb; are the elements df. The right hand side is
the total demand that has to be served within, |, while the

left hand side is the maximum possible energy procurement
from the grid (assuming that each future energy procuremenmnt
rate is set to the upper bound in (12)).

E(Zi,m) > e+ 3 | Y asw + bs — 15 BP(Zs Algorithm 1. A Class of Optimal Online Algorithms

s=t+1\w=s

Note that (14) must hold for all possible future inputs. Defin ~ Motivated by Lemma 7, we define a class of online al-

the following optimization problem that maximizes the figh gorithms, called ABS (Adaptive Bound-based Scheduling), i

hand side of (14) over all possible future inputs: Algorithm 1. We first show that all ABS algorithms are well-
defined. Specifically, we show that the lower bound (17) is

t1 t1 .
’ Y — ptEPe(Z! 15 always no greater than the upper bound (12). Therefore, it is
z/ezsuzg/:z Z (Z Qo + B = 1y B 5)> (15) always feasible to pick a value fdt;(Z;, ) at each slot.

YL t g=t+1

w=s



Lemma 8:Given Z € Zy and an algorithmr in the class
ABS, at each time-slot, we must have

max{rt,tl + R;;* (Zt,tl)} < n;Efe(Zt) (18)
t12>t Y

Lemma 8 is the key of this section, and its proof is non-
trivial. We can see that both sides of (18) dependndn In
fact, n} is the smallest value such that (18) always holds. Fo
anyn < n3, it is possible to construct a cas€ € Zy such
that max, >¢{re,¢, + E;(Zs,t1)} > nE{“(Z;) for somet.

Proof: Recall thatmax;, >{r¢s, + R;. (Z:,11)} is the
smallest value ofF;(Z;, ) that satisfies (14) for all possible
t1's and all possible future realizations. Therefore, in orie
prove (18), it suffices to show thag E°(Z,) also satisfies

(14), i.e.,
(). o

nY Z Epe Z Qs w + bs
for all t; > ¢, and all possible:, ,, andbs.

We prove by induction ont. Whent = 1, 74
by + ZS L a1,5. Therefore, the right hand side of (19) is
S (00" ag., +bs). Based on the definition of; in (9),
(29) holds tr|V|aIIy for allt; > ¢t whent = 1.

s) > Ty + Z

s=t+1

Assume that (19) holds for a giveérand allt; > ¢. We will
show that (19) holds fot + 1 and allt; > ¢+ 1. Note that

ty

Tegit, = (T — E(Zy,m) T +beyr + Z Qat+1,s,
s=t+1
where (z)* = max{z,0}, (1, — E(Z;, 7)) is the re-

ma|n|ng demand with deadline no greater tharandb;; +
ZS sl Ottls is the new arrival demand with deadline no
greater thanty. If (ry:, — Ei(Z;,7))" = 0, then (19) holds
trivially based on the definition of}.. In the rest of this proof,
we only need to considér, ;, —F:(Z;,))" > 0. In this case,

t1

— Ei(Z,m) + b1 + Z Aiy1,s-
s=t+1

Tt+1,t1 = Tt,t1

£1, a5, bs, such that(r, ; — Ey(Z;, )™ > 0 and
t~1 t~1 El -
n;‘/ Z Ege(ZS) < Tt—‘,—l,fl + Z Z ds,w + bs
s=t+1 s=t+2 \w=s

Then,
0
fl 2?1 2'{1
< Tegprg T Z as,w +bs | =Ny Z EY(Zs)
s=t+2 \w=s s=t+1
i
= Ti — Et(Zzh ™) + bt+1 + Z ati1,s
s=t+1
r f] t~1 ~ t~l
+ Z Zas,w+bs —77;; Z EEE(ZS)
s=t+2 \w=s s=t+1
f] t~1 B gl
= 2 | X tb | —w > BE(Z)
s=t+1 \w=s s=t+1
+Tt,1§1 — Et(Zt,w)
< Ry (Zith) + g, — Bo(Zy,m).

The last inequality holds based on the definition of the opti-
mization problem (15). The above derivation implies that

Et(Zt, 7T) < R;; (Z~t7 El) + Tt,fl ’

which contradicts to our choice (Et(Zt, ).
Hence, (19) holds fot+ 1 and allt; > t+ 1. By induction,
(19) holds for allt’s and¢; > ¢. Thus, Lemma 8 holds. =
Next, we show that all ABS algorithms are indeed optimal.
Lemma 9:Any algorithm in the class of ABS is feasible
and achieves the optimal competitive ratiorgf.

Proof: The proof is straightforward. First, based on the
choice of E,(Z;,w), it is easy to see that the peak of the
algorithm never exceeds;. times the offline optimal peak.
Thus, the algorithmr is 7j--competitive. Second, let, = ¢
in (16). It is easy to check thaR;‘*/(Zt,t) = 0. Therefore,
E(Z,m) > 1+, Which implies that no demand will violate
its deadline at time. This completes the proof. [ ]

B. Algorithm Robustification

We have characterized the structure of optimal online al-
gorithms. It only remains to find an online algorithm in ABS
that also has good average performance. Our strategy ikeo ta
any algorithm with reasonable average-case performance, a
convert it into one in the class ABS. We call this procedure
Algorithm-RobustificationThe Algorithm-Robustification pro-
cedure is formally stated in Algorithm 2. Specifically, Stép
of the procedure states that, A (Z;, 7) is between the upper
bound and the lower bound, then we use the decision of the
original algorithm=. Otherwise, we “robustify” the decision
by setting E;(Z;, mrobus) t0 One of the bounds, so that the
resulting “robustified” algorithm belongs to ABS. Intuigly,

We prove by contradiction. Assume that there existthis procedure implies that for most inputs the robust versif

= will likely behave in the same way as the original algorithm.
Hence, the average-case performance will likely be similar
However, if there is a danger that the competitive ratio may b
violated in the future, the robustified algorithm will theake
the more conservative decision represented by the bounds.



Input: A realizationZ € Zy, the optimal competitive
ratio n;- and any online algorithn.
Output: An optimal online algorithmrgpyst and its
schedulesF: (Z;, mrobus -
1 fort=1:Tdo
2 Computea = maxy, >¢{res, + R;;; (Z,11)},
B =n3y EP°(Z:), and the schedul&;(Z;, r) of the
online algorithms.
3 SetEt(Zt,ﬂ'Robus‘) = ]\/fg(Et(Zt,ﬂ')), where
MPB(z) = max{min{z, 3}, a}.
4 end
Algorithm 2: Algorithm-Robustification Procedure

Fig. 3. Synthesized EV demand [29]. For any pair of disceetiarrival time
tstart and discretized departure ting,q, this figure plots the total EV demand.

In practice, in Section V-C, we will robustify a well-known
online algorithm, called Shrinking Horizon Model Predieti  (Parameter-Tuning Step):If a > 8, increasepy until o < 3.
Control (SH-MPC). The SH-MPC algorithm usually exhibits  with the above parameter-tuning step, the algorithm robus-
good average-case performance [24]. However, its wosst-ca tification procedure can proceed even when the predictions
competitive ratio can be very poor (see Section II-C). Weare incorrect. Of course, incorect predictions could rieght
then apply this Algorithm-Robustification procedure to 8t¢-  impact the performance of the system. We will study this
MPC algorithm. This robustified SH-MPC algorithm will then impact using simulation in Section V-D.
achieve optimal competitive ratio in the worst case. Furthe
our numerical results demonstrate that the robustified S¥cM V. SIMULATION
algorithm achieves almost the same average-case perfoeman

as the SH-MPC algorithm. We conduct simulation using real traces from two data sets.

Elia [30], Belgium’s electricity transmission system ogter,
provides day-ahead predictions and real-time values dk-bac
C. Accommodating Incorrect Predictions ground demand and renewable energy for every hour of each
day. (However, Elia [30] does not provide data for intra-day

su%érd ?r:g?It(rzltleoganjgﬂzgtljnar?c?(i:rglt?g-o:gp\ rr]:jiclt?(])ﬂ?glry al?/\-/ aprediction.) The National Household Travel Survey (NHTS)
> et Yy A yp YRV ataset [29] provides vehicle driving records 60147 house-
correct.” This assumption implies that the upper and lower,

bounds of intra-day prediction are always within the uppet a holds. By assuming that future EV driving patterns are simil

lower bounds of dav-ahead prediction. and the real-im I it is not difficult to use the data in [29] to synthesize a model
of day P ’ NBS&!  for the EV demand (see Fig. 3, and refer to our technical tepor
are always within the upper and lower bounds or intra-da

)f28] for more details), including EV arrival time, deadlinad

predictions. Then, under this assumption, Lemma 8 guagante : : :
that the robustification procedure in Algorithm 2 will alvay \f;lvrgﬁ(gnitnogselr}ergy charging demand, as has been done in earlier

work, i.e., the lower limitoe computed by Step 2 of Algorithm
2) is always no greater than the upper limdit ) _ )
What if the predictions are incorrect? In reality, the pre-A. The importance of Accounting for Uncertainty
dicted bounds are based on some confidence intervals. Thus,We note that the day-ahead prediction in @dPM consists
there will always be some small probability that the futureof an upper bound and a lower bound for each time-slot. In
realization falls outside of these bounds. In that case,rham contrast, the day-ahead prediction in Elia data-set [30¥ on
8 may not hold, and we may have > g in Algorithm 2.  contains one predicted value. Nonetheless, by compariag th
Obviously, our robustification procedure will fail. difference between day-ahead predicted value and the real-
Interestingly, Lemma 8 also suggests a way to “fix” thetime value over long periods of time (e.g., a year), it is easy
robustification procedure when the above situation happenso compute upper and lower bounds of the prediction error
Essentially, whena > g in Algorithm 2, it implies that (for a given confidence level). Combining them with the day-
the originally-computed competitive ratigi- (assuming that ahead predicted values of [30], we can then generate the uppe
the day-ahead prediction is correct) is no longer the correcand lower bounds for day-ahead predictions as requirediin ou
competitive ratio for the amount of uncertainty faced by themodel (see our technical report [28] for more details). 1g.Fi
aggregator. The value of; will have to be increased. We 4 (a), we apply this methodology to Elia’s data on background
note the monotonicity ofx and 8 with respect ton*: it is  demand and renewable energy oveR4hour period from
easy to check that is a monotone decreasing functionsgf, 8am 02/05/2013 to 8am 02/06/2013, and plot the following
while  is a monotone increasing function gf. Thus, if we  versions of net non-deferrable demabhdas the background
keep increasingy;, eventually we can make < 5. Based on demand minus the renewable energy): the real-time valee, th
this discussion, we add the followingarameter-tuning step day-ahead predicted value directly from [30], and the upper
between Step 2 and Step 3 in Algorithm 2: and lower bounds of the real-time values as constructedeabov
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(a) Net non-deferrable demand and its day-ahead prediction (b) The decision of the open-loop deterministic controloakipm

(including both point prediction and interval prediction) vs. the EPS algorithm. The open-loop control algorithm poesd

from 8am 02/05/2013 to 8am 02/06/2013. a large peak, when the demand turns out to be higher in real tim
In contrast, the peak of the EPS algorithm is much lower.

Fig. 4. The EPS algorithm vs. the open-loop deterministictrabd algorithm.

From Fig. 4 (a), we can see that the gap between the uppef most EV demands are 8am (see Fig. 3). In contrast, since
and lower bounds can be quite large (up to 20% of the daythe EPS algorithm increases the amount of energy procured
ahead predicted value). The dataset in [30] does not providearly on, it avoids this last-minute peak. (We will see slyort
explicit intra-day prediction. Hence, in our first experimave  that algorithms in the class of ABS will tend to have even
only consider day-ahead prediction. Lastly, for EV demavel, lower peak than that of the EPS algorithm.) Hence, this figure
scale up the synthesized model (see Fig. 3) by a fac0y  clearly illustrates the importance of explicitly accoungtifor
and assume that the day-ahead prediction of the EV demandfisture uncertainty in the system.
always accurate. In other words, we consider the unceytaint
of background demand and renewable energy only. _ B. 2-IPM and the Price of Uncertainty

We next demonstrate that, even for the scenario with low i )
uncertainty, an algorithm that is oblivious to future uria@ty We next evaluate the merit of the proposgdPM in
may lead to large peak consumption levels. Specifically, w&apturing the uncertainty of prediction. Note thatglveemfng_
consider the following open-loop deterministic contrajyal ~ Parameters o2-IPM, we can calculate the lowest competitive
rithm. At day-ahead, this algorithm assumes that the dapah atio over all online algorithms (see Section IlI). This ol
predicted values of the background demand, the renewabf®Mpetitive ratio can thus be viewed as a measure of the
energy (both from [30]) and the EV demand, are all accurate. | Price of uncertainty”, i.e., it represents the increasecast
thus computes the offline optimal peak and the correspondingfompared to the offline optimal peak) due to the inherent
charging schedule (e.g., one possible schedule is to procu ncertainty captured by-IPM._Note that we have simulated
at each time-slot the amount of energy equal to this offlin ased entirely on real traces in Section V-A. In the rest ef th
optimal peak), and then applies this schedule during ree-t numerical experiments, we will manipulate the trace to olese
operation. Note that there is a chance that this schedule mal)® performance in different settings.
not meet the deadline constraints of some EV demands because/Ve first compare the competitive ratio undetPM versus
the real-time values will differ from the predicted values. hat under the prediction model in [19]. Note that the uncer-
In that case, this open-loop deterministic control aldorit tainty m_odel_ln [19] assumes that the_ ratio between the é_utur
will then need to procure additional energy at the time ofuncertainty (i.e., the walk-in demand in [19]) and the peéeti
the deadlines to meet the requirement of these EV demandé@/ue (i-e., the reserved demand in [19]) is bounded. Howeve
Intuitively, this open-loop deterministic control algtmin will the absolute quantity of the p_redlcted value is not sp_emfled
perform poorly even if there is only a slight deviation beeme ~ ThUS, we refer to the uncertainty model in [19] asetative
the real-time values and the predicted values becausedyalw Uncertainty modelin contrast, ire-IPM the absolute quantities
wait until the last minute to remediate the prediction error for the predicted upper/lower bounds are specified. Henee, w
This is confirmed from Fig. 4 (b), where we plot the energy"®fer t02-IPM as anabsolute uncertainty modeDne can map
procurement schedule of this open-loop deterministic repnt 2PSolute uncertainty in this paper to relative uncertaim{y 9]
algorithm versus the EPS algorithm (discussed at the bagjnn PY Using only the ratio between the prediction error and the
of Section IV). The open-loop deterministic control algom ~ Predicted value. For instance, suppasé(t) is the day-ahead

suffers a large peak at the last minute because the deadlinB&dicted value. I2-IPM, the upper and lower bounds of day-
ahead prediction are specified as

This EV trace [29] is obtained based d0147 households. However, X (0,t) = xPA(t) x (1—¢), %Y (0,1) = xPA(t) x (1+¢). (20)
Belgium has 4 million households. Scaling the EV demand uywill ) ) ] )
correspond to the future scenario where all vehicles iniBeigare electrified.  In contrast, with the relative uncertainty model in [19] )yl



is specified, but nokPA(t).

Intuitively, absolute uncertainty contains more inforiaat 1.2 _a—Relative Uncertainty
than relative uncertainty, and th2slIPM should yield lower —s— Day-ahead Only
competitive ratios. To confirmed this point, we use the day- =0)
ahead predicted values as shown in Fig. 4 (a), but varies "
the upper/lower bounds of day-ahead prediction by varying
e in (20). In Fig. 5, we plot the optimal competitive ratios
under both2-IPM and under the relative uncertainty model
from [19], ase varies from0.05 to 0.2. We can see that,
even with only day-ahead prediction, the optimal compaiti
ratios under-IPM are lower. For example, when= 0.2, the ¥ - 12-hour-ahead (g, )
competitive ratio reduces from2 to 1.16, which corresponds T' - < - 18-hour-ahead(,, .=0.08)

1

| —e— Hour—-ahead (sin

Optimal Competitive Ratio

to approximately 4% reduction on the peak demand (which - A-18-hour-ahead(s_=0)

is significant as 1% reduction correspond®91ol x 20MW x ‘ .

$9/kW-monthx 12 = $21600 saving per year for campus-level 0.05 0.1 045 0.2
aggregators [8] with peak energy in the order of 20MW). In Day-ahead Prediction Error

this sense, we argue that the price of uncertainty urder

IPM is lower than that under a comparable model of relatlveFig. 5. Price of Uncertainty. Here, we compare the optimahpetitive

uncertainty as in [19]' ratios between having only day-ahead prediction vs. habioilp day-ahead
We next evaluate the impact of intra-day prediction. Note& intra-day predictions.

that the Elia data set [30] does not have intra-day predictio

data. Thus, in the following we will artificially vary the - . . - .

eters of intra-day predict?on and evaluateytheycorrelgnn@di operator to evaluate which type of intra-day predictior! e

optimal competitive ratios. Such an evaluation methodplog most useful, i.e., in reducing the cost of uncertainty.

has a unique advantage: even before the operator carries out

the intra-day prediction, our methodology will be able teeal  C. Worst-case vs. Average-case Performance

hOW Useful SUCh information W|” be in terms Of reducing the Until now we have focused on eva'uating the worst-case

optimal competitive ratio. Again, this knowledge of “pricé  competitive ratio. This worst-case competitive ratio itiae-

uncertainty”, i.e., how much the cost can be reduced by-ntragpje py the EPS algorithm. However, as we discussed in Sec-

day prediction, could be very useful in deciding which typés  tjon |V, the EPS algorithm has poor average-case performanc

intra-day prediction to perform and how accurate they need t|n Section IV, we also present a robustification proceduat th

be. Specifically, we evaluate three types of intra-day jotexh,  can pe used to design algorithms with both good average-

i.e., hour-ahead prediction2-hour-ahead prediction antB-  case performance and worst-case guarantees. Our next set of

hour-ahead intra-day prediction. For each type of intra-da sjmulations will demonstrate this point.

prediction, we vary the intra-day prediction gap as Specifically, we will robustify a well-known heuristic algo
o , DA(;\ oU _ oL rithm, called Shrinking Horizon Model Predictive Contr&iH-

W (s, t) = min{26mea x x75(), %70, ) = %20, )} MPC) [24]. Empirically, the SH-MPC algorithm is often found
where %2 (0,t), %Y (0,t) are the day-ahead predicted boundsto exhibit good average-case performance, especially wien
specified in (20), andina is the parameter we can vary. In future values of uncertain quantities are close to the ptedi
Fig. 5, we plot the corresponding optimal competitive ratio values. Nevertheless, we have also constructed a scemario i
under several choices of.ra, as thee (i.e., error of day- Section II-C where the SH-MPC algorithm performs much
ahead prediction) varies from.05 to 0.2. We can make a poorer than the optimal competitive ratio achieved by th& EP
number of interesting observations. First, even if the houralgorithm.
ahead prediction is perfect (i.ecinga = 0), the optimal We next show that the robustified version of the SH-MPC
competitive ratio barely changes from the case with only-dayalgorithm (according to Section 1V-B), will achieve bothagb
ahead prediction. Intuitively, this is because the howash worst-case and average-case performance. We will use two
prediction is too late: most of the decisions have alreadyraces (see Fig. 6). In both traces, the day-ahead predicted
been made well before such hour-ahead prediction becomeslues of background demand and renewable energy, and
available. In contrast, a perfetR-hour-ahead prediction re- their corresponding upper-bounds and lower-bounds, ae th
duces the optimal competitive ratio by 2%. Interestingiigre  same and are obtained using the methodology in Section V-A
an imperfect18-hour-ahead prediction can be very helpful. (see Fig. 4 (a)). Both traces also employ the same intra-
For example, where = 0.2, 18-hour-ahead prediction with day prediction model that uses the values of the respective
einra = 0.08 reduces the optimal competitive ratio froml6 guantities one time-slot ahead as the slot-ahead predifdio
(no intra-day prediction) td.13, which is comparable to the the next time-slot, and the intra-day prediction d&f{u,,t)
gain from a perfect 2-hour-ahead prediction. In practice, the is set according to the maximum difference between the cor-
earlier the intra-day prediction is performed, the lessugmte  responding quantities in adjacent time-slots (see oumieah
it will likely be. Thus, the results in Fig. 5 will allow the report[28] for more details). Further, both traces use Hraes
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(a) Easy trace. The day-ahead predicted values are clo$e to t (b) Difficult trace. The day-ahead predicted values desiate
real-time values of the net non-deferrable demand. significantly from the real-time values of the net non-defble
demand.

Fig. 6. Net non-deferrable load of two Simulation traces.
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(a) Easy trace. Note that the curve for “robustified-SH-MPC” (b) Difficult trace. The SH-MPC algorithm cannot handle t&rg
overlaps with that of “SH-MPC”. Compared to the SH-MPC uncertainty gracefully, and may lead to a large peak towtrds
algorithm and the robustified-SH-MPC algorithm, the EPS al- end. Our robustified-SH-MPC algorithm can take actionsiexarl
gorithm produces an unnecessarily larger peak. to prevent a large peak in the future.

Fig. 7. Schedules under two Simulation traces.

EV traces. Specifically, we use the EV demand shown in Figeasy trace, when the day-ahead prediction is fairly aceurat
3 as the day-ahead predicted value, and assume that the ré&dwever, its performance in the difficult trace is very pdar.
demand vary uniformly randomly between 0.8 to 1.2 times thehe difficult trace, the day-ahead predicted values caarsist
day-ahead predicted value. (We do not use intra-day piedict underestimate the net non-deferrable load. As a resulSlthe
for EV demand.) However, the two figures differ in their MPC algorithm sets its service rate too low at the beginning,
revealed values of the net non-deferrable demand. In Fig. 8nd has to use a much higher rate when all the EV demand
(a), the revealed values of the net non-deferrable demand aapproaches the deadlines. Our robustified-SH-MPC algorith
closer to their day-ahead predicted values, while in Figh)e ( on the other hand, inherits the benefits of both the EPS
the difference is much bigger (particularly at the end of thealgorithm and the SH-MPC algorithm. For the easy trace,
time-horizon). We will also refer to the trace in Fig. 6 (a) asthe robustified-SH-MPC algorithm gives virtually the same
the “easy trace”, and the trace in Fig. 6 (b) as the “difficultschedule as the SH-MPC algorithm. For the difficult trace,
trace”. the robustified-SH-MPC algorithm detects that the service
In Fig. 7, we compare the schedules of the EPS algorithmfate of the SH-MPC algorithm is too low at about 6pm.
the SH-MPC algorithm and the robustified-SH-MPC algorithmlt then increases the service rate afterwards, and avols th
under both traces. By comparing Fig. 7 (a) and 7 (b), Wdaotential peak.in the end. In summary, the robustified-SHaMP
observe that the EPS algorithm cannot distinguish betweeglgorithm achieves both good average-case and good worst-
the easy trace and the difficult trace, and its peaks areaimil case performance.
high in both traces. In other words, the EPS algorithm is o
too conservative: it treats every trace as the worst trace, a D- Impact of Incorrect Predictions
scales UpE}“(Z,) by the maximum valueyi.. In contrast, The above simulations have assumed that the predictions are
the SH-MPC algorithm produces a much lower peak in thealways correct, i.e., future realizations always fall witlthe
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(a) Difficult trace. (Note that the net-demand is higher tliae (b) Schedules of the Robustified-SH-MPC algorithm under 3
day-ahead predicted upper bound after about 10pm.) different parameter settings. Intra-day prediction beesmore

useful when day-ahead prediction is wrong. For exampleh wit
6-hour-ahead intra-day prediction, even though the optonm-
petitive ratio only reduces by 1.7% (from 1.081 to 1.063g th
real peak is reduced by 10%.

Fig. 8. Impact of wrong day-ahead predictions.

bounds of earlier predictions, in which case the Robustified VI. CONCLUSION

We next simulate a setting with incorrect day-ahead prezn aggregator to reduce the peak procurement from the grid.
dictions, in which case we use the parameter-tuning stepye model the uncertainty of the system using @PM,
introduced in Section IV-C. Interestingly, our key obséiv@a  \yhich captures both day-ahead and intra-day predictiotiseof
below is that, although finer intra-day predictions playlea  gemand and the renewable energy supply. We then develop a
role when all predictions are correct (see Fig. 5), they peed  powerful computation approach that can compute the optimal
a bigger impact on the system performance when day-aheggmpetitive ratio unde2-IPM over any online algorithms, and
predictions may be incorrect. Specifically, our simulatien 50 develop a class of online algorithms that can achieve
based on the difficult trace in Fig. 6 (b), except that we Bght the optimal competitive ratio. Noting that algorithms with
the day-ahead predicted upper/lower bounds to simulate afe optimal competitive ratio (e.g., the EPS algorithm) may
incorrect day-ahead prediction (see Fig. 8 (a)). Thus, & r have poor average-case performance, we then propose a new
net-demand may go beyond the bounds. The simulation setygorithm Robustificatioprocedure that can convert an online
for EV demand and intra-day prediction are the same as that igigorithm with reasonable average-case performance to one
Section V-C and Section V-B, respectively. We choose différ ith poth the optimal competitive ratio and good average-
parameter settings for the intra-day prediction, and compa case performance. We demonstrate the superior performance
the performance of the Robustified-SH-MPC algorithm. Fromgf sych robustified algorithms via trace-based simulations

Fig. 8 (b), a key observation is that intra-day predicticetiuce There are a number of interesting directions for future work
the peak significantly when day-ahead predictions are wrongrirst, we can study the impact of batteries on peak shedding.
As a reference point for comparison, we compute the optimajn this paper, we assume that EVs can only be charged. In
competitive ratios under the three scenarios (day-ahedd on contrast, dedicated batteries can not only be charged giurin
half-hour-ahead intra-day prediction withhwa = 0, and 6-  idle hours, but also be discharged during peak hours. This
hour-ahead intra-day prediction withwa = 0.05), and find  additional flexibility could further reduce the peak demand
them to bel.081, 1.077, and 1.063, respectively. In other Second, in this work we have focused only on one aggregator.
words, intra-day predictions only reduce the competita#or  |n practice, such an aggregator needs to participate in the
slightly when all day-ahead predictions are correct. Int@st,  overall electric power market. Then, it would be interegtin

when day-ahead predictions are incorrect, the resultiikpe to study the potential benefits of smart EV charging schemes
in Fig. 8 (b) can differ substantially. For example, if we Bav for the entire power grid.

intra-day prediction that is 6 hours ahead withy = 0.05,

the peak can be reduced by as much as 10% compared to ACKNOWLEDGEMENTS
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APPENDIX

A. Proof of Lemma 1

Proof: The necessity is obvious. We focus on the suffi-
ciency in the following proof.

Suppose that the condition (5) holds for all< to,t1,t5 €
T. Recall thatZ contains entries that specify the EV demand,
the net non-deferable demand, and the intra-day predgtion
We will show that the earliest-deadline-first policy can $hi
all the demand specified i@ before the corresponding dead-
lines.

We prove by contradiction. Suppose that some demand
misses its deadline. Without loss of generality, we assurat t
this demand’s deadline is at time-slét We say a time-slot
t < dis good if and only if all the energy; is used to serve
the demand with deadline no later thanlt is easy to see that
the time-slotd is always good.

If all the time-slotst = 1,2,...,d — 1 are good, then there
is no energy wastédduring the firstd time-slots, and all the
energy is used to serve demand with deadlines no later than
d. Note that> ¢ >°¢_ a, o+ 30, b, <20, E;. Then, all
demand with deadline no later thanhcan be finished before
the end of the time-slat, which contradicts to our assumption.

If there exists some time-slots< d that is not good, let, =
max{t < d|t is not good. Then, in time-slots = ¢,+1, ..., d,
no energy is wasted, and only demand with deadline smaller
or equal tod is served. Furthermore, all demand with arrival
time no later thant;, and deadline no later thah must have
been completed before or at time-sigt (Otherwiset; would
have been good because the enefgy could have been used
to serve this part of demand according to the earliest-deadl
first policy.) Therefore, only demand with arrival time larg
than ¢, and deadline no later thad is served from¢, + 1
to d. On the other hand, we note thﬁtfl:wrl S ans +

Zf:th by < Zfzth E;. Then, all demand with deadline
no later thand can be finished before the end of the time-slot
d, which contradicts to our assumption again. [ ]

2|f at somet, the available demand to serve is less thgn we will say

that part of E; is wasted.



B. Proof of Lemma 3
Proof: Recall the definition (8) that

EF(Z) = inf  E(Z)).

Z'€Zy: 2=,

Since E}¢(Z’) is nonnegative EY“(Z;) is also nonnegative,
and thus is greater thanoco. Then, for anye > 0, there must
exist Z¢ € Zy satisfyingZ; = Z;, such that

ot (Z2€) < E{°(Z;) + €.

Thus, in order for the online algorithmto have a competitive
ratio ny (w) for the input Z¢, its decision E;(Z;, ) must
satisfy

E(Ze,m) <y (m) Ege(Z°) < ny (m) (B (Ze) + €).
Letting ¢ — 0, we immediately have
Ey(Zy,m) < ny (m)EP*(Zy).
[ |

C. Proof of Lemma 5

Proof: We first show thatMy > M. Let {M]'} be an
increasing sequence satisfyidd;* > 0 for anyn = 1,2, ...,
and lim,,_,, M{* = M;. Since M; > 0 (this can be easily
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such a sequencéM]'} always exists. Recall that/; is the

optimal value of the optimization problem in (10). Then, for

any n, there existg,, y,) satisfying the constraints of (10),
such that(c’#, + a)/y, > M?. Note thaty,, = f(#,) > 0
(by condition (a) of this lemma). Let

Then, (2, u) satisfies the constraints in (11), aflt’ +au =
(T, + a)/y, > M. Noting that M, is the optimal value
of (11), we must havél/, > M. Lettingn — oo, we then
have My > M; > 0.

We next show thatVl, < M;. Since My > 0, there must
exist an increasing sequeng®/'} satisfyingMZ' > 0 for any
n=1,2,.., andlim,_,,, M3* = M. Then, according to the
definition of Ms, for anyn, there exist$z,, u,,) satisfying the
constraints of (11), such that #, + au,, > M% > 0. Note
thatu,, > 0. Let .

L T
T = Y= —"
Up
Then, it is easy to check that > f(#) and AZ < b. Let
yo = f(¥) < y. Then,

T+ > T2+ o
Yo Y
Noting that M is the optimal value of (10), we must have

M, > M3. Lettingn — oo, we then havell; > M.
Combining the above analysis, we then hadve = M. B

£l

_ T n
=c' Z, +oau, > M.
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