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Abstract—Accurate real-time load forecasting is essen-
tial for the reliable and efficient operation of a power
system. Assuming that the number of electrical vehicles
will increase substantially in the near future, the load
profiles of the system will become too volatile and un-
predictable for the current forecasting techniques. We
propose to utilize the accurate reporting of the emerging
Advanced Metering Infrastructure (AMI) to track the
incoming PHEV load requests and their statistics. We
propose a model for the PHEV loads statistics and an
optimization of the generation dispatch that uses the full
statistical information. This model offers an example of
the potential impact of the smart metering infrastructure
currently being deployed.

I. INTRODUCTION

The current trend in power systems is to have a
large degree of control over generation, an increasingly
accurate sensing of the arteries of the High Voltage
Distribution, but very unsophisticated control over the
load (via load shedding). In monitoring and predicting
the load, the current approach is sensing the bundled
request and accruing statistics to forecast the future
evolution of the random demand. Distributed generation
(DG), Plug-in (Hybrid) Electric Vehicles (PHEV), Smart
cooling/heating systems, and the introduction of active
loads like discharging EVs or Community Energy Stor-
age (CES), serving as a buffer or a source of energy,
increase the volatility in the power distribution network.
Recognizing that the electricity grid needs a fast overlay
communication network, the concept of Smart Grid has
emerged, to foster the changes that would overcome
the power distribution bottleneck. One core elements of
Smart Grid is the new Advance Metering Infrastructure
(AMI), whose technologies enable visibility of the elec-
tricity use, with precision and granularity. Along with
the participation of consumers via Demand Side Man-
agement (DSM) and Demand Response (DR) systems,
this is the advance that is assumed to render possible a
smooth transition to potentially much more flexible and
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volatile load and generation environments [1]. Our aim in
this work is to map insights gained in modeling network
traffic onto practical means of exploiting smart metering
information. We focus on the problem of tracking the
PHEV demand. Lacking real data to fit our parameters,
our model will represent exemplary scenarios.

Background work – A great number of techniques
have been introduced in the literature of power systems
for short-term load forecasting [2]–[6]. Traditional ap-
proaches use various statistical methods for processing
the data available to extract useful modeling parameters
for forecasting. Regression methods or time series anal-
ysis are very popular [7]–[10]. In these algorithms, the
load is assumed to consist of two parts: i) a predictable
slowly-varying component, and ii) a rapidly-changing
component with a small variation range in magnitude.
The latter is considered as noise, and usually ignored
in planning the generation dispatch. With PHEV loads
integrated into the grid, and active loads represented
by decentralized generation, neglecting the volatility can
lead to outages. Past experience with high wattage loads
like PHEVs is very limited and our traditional grid
control techniques were not designed considering loads
of this magnitude, that turn on and off randomly. Short
term load forecasting, which ranges from a few minutes
to hours, is our main concern here. The main contribution
of this paper is to provide a statistical approach to exploit
AMI metering information and forecast separately the
load imposed by PHEV, which much greater accuracy.
The predictions are integrated with the calculations of the
probability that line flow limits are violated during a look
ahead horizon T , to make sure that they are negligible
using the so called DC power flow linear model [11],
which is used to approximate the non linear AC power
flow equation [12] (see Section II).

The rest of this paper is organized as follows: First,
we introduce the power system model and discuss prob-
abilistic load flow techniques. Then we move on to the
main contribution of this paper, which is the modeling
of the specific part of the load due to PHEV and discuss
how to exploit the AMI measurements to forecast the
load as well as its uncertainty.
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II. DC LOAD FLOW

The DC power flow approximation is a standard
approach widely used in optimizing flow dispatch and
for assessing line overloads (see [11] for more details).

Consider a power grid transmission network with
n nodes interconnected by m transmission lines. The
nodes represent Generation buses (G), Load buses (L),
or Transmission substations (T ). Each network node is
associated with an input power Pi which is positive for a
generation bus, negative for a load bus, or equal to zero
for a transmission substation bus. Each transmission line
l = (i, k), between nodes i and k, has line impedance
zpr(l) = rl + jxl, with rl being the resistance and xl
the reactance. Usually for a high-voltage transmission
network, it holds that xl � rl, i.e., the reactance
dominates. Assuming that r(l) ≈ 0, that the voltage
magnitude at all buses approximate their specified base
values, i.e., ‖Vi‖ ≈ 1.0 (p.u.), and that the angular
separation across any transmission line is small enough
so that sin(θi−θk) ≈ θi−θk, the DC power flow equation
is given in the matrix form as follows:

P = B′θ, (II.1)

where P represents the vector of input real power, θ the
phase angles. B′ is defined as B′ = ATdiag (xl)

−1A,
where A := (Al,k)m×n is the line-node incidence matrix,
arbitrarily oriented, defined as: Al,i = 1; Al,k = −1,
if the lth link is from node k to node i and Al,k = 0
otherwise. From (II.5) we get

θ = B′
−1
P.1 (II.2)

and the power flow through each transmission line F is:

F = diag (xl)
−1Aθ = DP, (II.3)

where A is the line-node incidence matrix, and

D = diag (xl)
−1AB′

−1
. (II.4)

The transmission line capacity Fmax, defined as the
maximum power flow that a line can carry, is severely
limited by cost. According to [13], the capacity of line
l can be set as proportional to its initial load flow Fl(0)

Fmax
k = αk|Fl(0)|, k = 1, · · · ,m (II.5)

where αk > 0 is the tolerance parameter of the kth line.
We take the definition of the fraction of overloading from
[14] from which line is considered as overloaded if the
power flow through it line is within 5% of its capacity,
i.e., with |Fk| ≥ 0.95Fmax

k .

1Please note that in order to take the inverse of B′, we need to make
it non-singular by removing the row and column which correspond
to the reference bus. Without loss of generality, assume that bus 1 is
the reference bus with θ1 = 0, therefore the first row and column of
the original B′ matrix have been removed and the resulting matrix
has size of (n− 1) × (n− 1) [11].

A. Stochastic constraints

Most of the work on Optimal Power Flow (OPF) since
the early work in the ’60s [15] considers a deterministic
framework (see [16]). However, the load flow problem is
essentially stochastic because of the uncertainty of future
load and generation. More specifically, one can divide
the vector P in three parts, called generator powers,
renewable generators and load powers, and without loss
of generality set P = (GT , RT , LT )T . The volatile
(random) portion of the vector is L as well as a portion R
that includes renewable sources. We denote as G,L,R
the sets of generators, loads and renewable generators
respectively. Hence, we argue that rather than using
forecasted values in an OPF algorithm as if they were
deterministic, it makes more sense to forecast the load
statistics and impose probabilistic constraints. Denoting
the probability of event A as Pr(A), we can require

Pr(|Fk| < 0.95Fmax
k ) ≥ µF , k = 1, · · · ,m. (II.6)

Note that (II.6) allows temporary line overloading, by
a probability smaller than 1 − µFV , in order to accom-
modate the possible volatility in the network loads. This
is, in fact, consistent with the line tripping mechanism
adopted in power grid protective equipment, where some
degree of instantaneous overload is permissible and a line
will be tripped if the cumulative overload exceeds some
specified threshold:

∫ ∆T
0 (|Fl(t)| − Fmax

l )dt > dmax
F ,

where dmax
F is the maximum permissible cumulative

overload threshold during a time interval of ∆T . Assume
Fl(t) to be constant during the time interval; the the line
flow constraint becomes

|Fl| ≤ Fmax + dmax
F /∆T , (II.7)

which can be made equivalent to (II.6) as long as, the
longer the interval, the stricter one makes the constraint.
Although (II.6) does not specifically limit the range of
the flow violation, we show in section III that the load
has a monotonically decreasing tail, which means the
probability for a large increase in the loads, and hence
in the line flows as well, is very rare.

We also note that the DC flow model holds true only
if the phase angle difference across a line θ = AB′−1P
do not deviate excessively, say more than π/2; hence,

Pr
(
|{AB′−1P}k| < π/2

)
≥ µθ, k = 1, . . . , n−1.(II.8)

Also, only a short-term power imbalance is permissible
and can be handled by system’s automatic regulation
mechanism (such as AGC or energy reserve),

Pr
(∣∣1TP ∣∣ < ε

)
≥ µB, (II.9)

where 1−µB is the maximum acceptable rate of violation
of the power balance equation, and 1 is an all one vector.
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We can combine these constraints, by defining the vector
of boundaries η = (0.95FmaxT ,1Tπ/2,1T ε)T and

HT ,
(
DT , (AB′−1)T ,1

)
(II.10)

and imposing in a combined form

Pr (|{HP}k| < ηk) ≥ µk , k = 1, . . . , 2n− 1, (II.11)

where 1−µk is the maximum acceptable rate of violation
for the kth constraint. 2 An constraint that is not stochas-
tic is that the generators operating conditions should be
chosen so that 0 ≤ Gk ≤ Gmax

k .
In the following we assume that the load Li(t) ≤ 0

comprises a component `i(t) representing the traditional
type of loads, whose statistical variations are minimal
and therefore neglected compared to the prediction, and
a component represented by the PHEV LEVi (t) which
we wish to characterize statistically, i.e. Li(t) = `i(t) +
LEVi (t). After having characterized LEVi (t) we discuss
a possible constrained optimization problem and how to
approach its solution in Section IV.

III. INCORPORATING SMART METER DATA -
ELECTRICAL VEHICLE LOAD MODELING

Next we propose a model that can be used to predict
the behavior of high wattage load such as electrical cars,
using AMI data and provide a meaningful optimization
to exploit this model for the generation dispatch.

A. PHEV random load modeling

To capture the activity of the EVs, we utilize a
Mt/GI/∞ queue model: In an Mt/GI/∞ queueing
system, customers arrive with a time-dependent rate λ(t),
which is semi-periodic in our case, i.e., customers arrive
more frequently during the evening and early night hours
on each day. This complexity in the model is necessary,
since assuming that the arrival rate of cars is constant is
unrealistic and would lead to large errors in calculations.
Accurate prediction of this arrival function is an integral
part of our model, and we discuss a flexible model to
accurately estimate λ(t) in section III-B

The number of servers in the model Mt/GI/∞ is
assumed to be infinite, because each EV customer is
provided with energy immediately as it arrives in the

2Renewable sources are not generally independent random vari-
ables [17] and a great deal of effort has been devoted in modeling
them [18]. A common model consists in assuming that a small num-
ber of independent principal components describes their evolution
through a linear model, i.e. R = ΘR′ where Θ is a tall matrix.
Hence, one can simply rewrite (II.8) as a function of P ′ = (G,R′, L)
because MP = M(G,ΘR′, L) = M ′P ′. We will neglect this fact
though, and treat both R and L as vectors of independent random
variables.

system and no queue is actually ever formed.3 The
service time, or charging periods, of each EV arriving in
the system is an independent random variable S, ranging
between [0, Tmax), with CDF FS(u), where Tmax is the
maximum duration that an EV may need for charging.
Using a standard 120 V plug, the full charging time of
an electrical cars takes about 6 to 8 hours overnight.
Usually, a full charge is unnecessary and a 30 min
fast charge mode can be taken into account. Charging
typically starts with a power around 1000-1500 Watts
and then slowly goes down as the battery is nearly
full, which we will ignore. Hence, in our model the
load presented by the PHEV LEV (t) is assumed to be
proportional by a factor −g to the number of vehicles
N(t) actively charging at time t. Although S is a random
variable, its value is revealed when the car is plugged,
since the battery level of each PHEV allows to establish
beforehand how much time is needed for recharge. This
is important because there is no uncertainty about the
departure time. Hence, through the AMI information, it
will be possible to determine exactly what number of cars
will remain active during that period among the ones that
started, and the only uncertainty will be represented by
the new incoming requests Nnew(t). Since the arrival rate
of our model is time dependent, a stationary distribution
does not exist. If we assume that the system started at
t = −∞, an assumption usually made for initializing
nonstationary models, we can use established results
from the literature [19]. First, let Sc be a random variable
with the associated stationary-excess cdf FSc

(t) (a.k.a.
the equilibrium excess or stationary residual-life CDF):

FSc
(t) =

1

E[S]

∫ t

0
(1− FS(v))dv, t ≥ 0 (III.1)

The stationary-excess CDF frequently shows up in re-
newal theory [20]. The moments of Sc are such that:

E[Skc ] =
E[Sk+1]

(k + 1)E[S]
(III.2)

Then, the most important result for a Mt/GI/∞ system
is that the number of cars charging from the grid at time
t is a Poisson random variable with mean m(t):

m(t) = E[N(t)] = E

[∫ t

t−S
λ(u)du

]
= E[λ(t−Sc)]E[S]

(III.3)
3This can be later generalized to accommodate DR systems where

only a maximum number of PHEV is served, to maintain the load
that bundles several such demands within the desired limit Lmin

i that
are served by a specific transformer or substation. In this case the
model becomes a Mt/GI/Kt queue with only Kt servers available
at time t. Of course, if this model is considered, the assumption
that customers will access independently of each other that led to a
Poisson process is less valid and the tolerable delay in serving loads
that are denied the charge should be taken into account.
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This interesting result was proven by Palm (1943) and
Khinchin (1955) [21], [22]. The value of m(t) can
be approximated using a probabilistic generalization of
Taylor’s theorem [19]. If λ is (n+1)-times differentiable
and the (n + 1)st derivative is Reimann integrable on
[t − x, t] for all 0 ≤ x ≤ σ where σ is the maximum
support of S (maximum charge time of EVs), then
m(t) = mk(t) +Rk(t), k ≥ 0 where

mk(t) =
∑k

j=0(−1)j λ
(j)(t)E[Sj+1]

(j+1)!

Rk(t) = (−1)k+1E[λ(k+1)(t− S(k+2)
c )]E[Sk+2]

(k+2)!
(III.4)

In the next step, we want to consider different initial
conditions, i.e., instead of starting at t = −∞, we want
to assume that a certain number of of customers are
currently in the system, reported via AMI data, and we
want to consider this initial condition in the evaluation of
the statistics of the load in the following period. Suppose
that our system is initialized at time t = 0 with a
number of PHEVs charging, i.e. N(0) = n. Then, N(t)
is the independent sum of a Poisson random variable
Nnew(t) with mean m(t) given in III.3 and a second
deterministic term ν(t) describing the known evolution
of the number of cars that are present in the system,
minus the forecasted departures, at time t .

N(t) = Nnew(t) + ν(t) (III.5)

Thus, given the AMI data, and an accurate estimate
of λ(t) and FS(u), we will know the distribution of
Nnew(t) and have a model for LEV (t) = −gN(t), with
g equal to the energy per PHEV per unit of time. For
simplicity in the following we combine ν(t) with the
deterministic part of the load and have:

L(t) = `(t)− gNnew(t), (III.6)

where `(t) is known, and Nnew(t) is a Poisson random
variable with mean m(t).

B. EV Arrival rates as ARIMA and ARMA models

We proposed to use standard time series analysis
to track the expected rate of arrival of the EVs, λ(t)
and approximate the arrival function as being piecewise
constant for intervals lasting T (e.g. quarter or half
hours). Since the rate profiles are unobservable, we will
build our forecasting model on the corresponding count
profiles, C(t) ∼ Poiss(λ(t)). Forecasted counts Ĉ(t)
can be mapped onto rate profile estimates λ̂(t) simply
as λ̂(t) = Ĉ(t)T−1. It is obvious the time series C(t)
will have two major seasonalities in its intra-week and
intraday patterns. A time series with a seasonal pattern
is considered non-stationary. In the following, we will

introduce several univariate forecasting techniques that
can incorporate both of the seasonal patterns in our data.
Frequently, adequate representation and forecasting of
correlated stationary time series z(t) can be achieved
as z(t) = x(t) + µ where µ is the mean and x(t) is
an Autoregressive Moving Averaged (ARMA) processes.
Defining the backward shift operator B as Bx(t) =
x(t − 1), the ARMA(p,q) model can be economically
written as:

φ(B)C(t) = θ(B)a(t), (III.7)

where φ(B) is a polynomial (with variable B) of order
p and θ(B) is a polynomial of order q and a(t) is
a white process. The series C(t), is expected to ex-
hibits non-stationary statistical parameters and a variable
mean µ. A simple correction is to use periodic ARMA
models that allow the parameters in an autoregressive
model to vary with the seasons, as time varying filters.
Alternatively, this kind of homogeneous non-stationary
behavior is often represented by a generalization of
ARMA processes called ARIMA models [23]. ARIMA
stands for Autoregressive Integrated Moving Averaged
processes. In these models, it is assumed that some
suitable difference of the process, say w(t), is stationary
and ARMA models can then be used to represent this
difference. Define ∇ = 1−B as the difference operator.
Then we can write the (p× d× q) ARIMA model as:

φp(B)∇dC(t) = θq(B)a(t) (III.8)

In a seasonal time series with period s, the observations
that are s intervals apart should be similar. A model of
this form is able to relate these periodical observations,

Φ(Bs)∇Ds C(t) = Θ(Bs)α(t) (III.9)

Where ∇s = 1 − Bs. Note that the error components
in this model are no longer uncorrelated and we expect
that α(t) would be correlated with α(t− 1), . . .. To take
care of that, we add a second equation,

φ(B)∇dα(t) = θ(B)a(t) (III.10)

Which leads to the general multiplicative ARIMA model:

φp(B)ΦP (Bs)∇d∇Ds C(t) = θq(B)ΘQ(Bs)a(t)
(III.11)

This is said to be of order (p× d× q)× (P ×D ×Q)s
and is extended to contain two seasonalities as

φp(B)Φ
(1)
P (Bs1)Φ

(2)
P (Bs2)∇d∇D1

s1 ∇
D2
s2 C(t) =

θq(B)Θ
(1)
Q (Bs1)Θ

(2)
Q (Bs2)a(t)

(III.12)
To fit data available, one needs first to detect an adequate
order of the ARIMA model that can represent our data
parsimoniously. After that, a set of standard techniques
allows to estimate the unknown polynomial coefficients.
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IV. A STOCHASTIC OPTIMAL POWER FLOW (S-OPF)

As in the classical OPF, the generation capacity in
the system may be insufficient to meet the desires of
the customers. Hence, the optimization algorithm must
allow for load shedding and account of an associated
cost, which must scale with the magnitude of the load
that is shed. We call the positive amount of load shed
∆`i, such that 0 ≤ ∆`i ≤ |`i|. Note that, it is also
possible that a solution that meets the risks that we are
willing to take does not exist, in which case we need
to decrease our volatility, by observing what happens
at a faster pace, or by relaxing the constraints by some
other means (e.g using energy storage etc.). Overall, the
generation dispatch we propose is the solution of:

minG,∆`
∑

i∈G ciGi +
∑

i∈Lwi∆`i (a)
0 ≤ Gi ≤ Gmax

i , i ∈ G (b)
0 ≤ ∆`i ≤ |`i|, i ∈ L (c)
Pr (|{HP}k| < ηk) ≥ µk , l = 1, . . . , 2n− 1, (d)

(IV.1)
where ci ≥ 0 is the generation price and wi ≥ 0 the load-
shedding cost; (IV.1.a) is the objective of minimizing
the operation cost; (IV.1.b) limits the generation power
outputs with Gmax

i being the generation capacity;(IV.1.c)
limits the amount that can be shed; (IV.1 d) is (II.11).
Clearly, though we omitted it, all the variables except
possibly Gmax

i are functions of the time period.
Clearly, (IV.1 d) is what can potentially make the

optimization complex, since it is neither a convex nor
a concave constraint in general. This is pretty intuitive
reasoning as follows. Let fX(x) denote the PDF of the
random variable X , and let Xk = {HP}k −E[{HP}k]
then Pr (|{HP}k| < ηk) ≈ fXk

(E[{HP}k])2ηk. The
equation fXk

(E[{HP}k]) = µk

2ηk
will in general have

zero, one or many solutions, depending on the number
of modes of the function fX(x). If µk

2ηk
> maxx fXk

(x)
there are zero solutions, and the volatility is simply too
great to hope that one can operate within the desired risk
margins with the set boundaries. If µk

2ηk
= maxx fXk

(x)
and the maximum is unique, then there is only one
solution, leading to the strict constraint E[{HP}k] =
argmaxx fXk

(x). If fXk
(x) is unimodal (which would

be true if the central limit theorem applies, for example)
fXk

(E[{HP}k]) = µk

2ηk
will have two solutions, ak and

bk, including the mode of the distribution within; thus
(IV.1 d) will be in the form ak ≤ E[{HP}k] ≤ bk that
is the following linear constraint on G and ∆`

ak ≤ hGk G+hRk r(t)+hLk (∆`+ `−gm(t)) ≤ bk (IV.2)

where (hGk , h
R
k , h

L
k ) is the kth row of H and r(t) =

E[R(t)] while m(t) = E[Nnew(t)], given in (III.3).

V. SIMULATIONS

In this section we tested our theoretical model and op-
timization method on real load profiles, mixed with sim-
ulated energy requests that follow the model Mt/GI/∞
we proposed for the PHEV. For both simulations, we
used a half-hour time step. EVs are randomly arriving
(i.e. are plugged in) and their load is supported by a vir-
tual substation; their arrival rate λ(t) is a double-periodic
rate with 24-hour and one week periods, generated using
a (1×1×0)×(1×1×0)48×(1×1×0)336 ARIMA process.
The peak of the EV load is adjusted to be close to late
afternoon-early night hours as it is expected to be. The
rate is also adjusted such that the total number of cars
arriving daily for charging is reasonably proportional to
the size of the neighborhood. The load due to the EVs
is added to a scaled version of load data from [24].

A. Load Forecasting Methods

The first experiment shows the advantages of mod-
eling the EVs separately through real time, accurate,
smart meters data; we refer to the technique as the
smart prediction and compare it to what we refer to
as the classical prediction, which models the load as
an ARMA process [2]. As explained in III the smart
prediction uses traditional methods on the base load,
and estimates separately the load due to EV, which
is load is proportional to the sum of a deterministic
term ν(t) and a random term Nnew(t) with mean m(t)

Fig. 1. Comparison of Prediction Error MSE

Fig. 2. Distribution of EV charge times
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in (III.3). To evaluate m(t) via (III.3), we forecasted
the arrival rate of the cars using the same ARIMA
model parameters used in generating the λ(t) and then
evaluated the integral (III.3) numerically. Our test, in Fig.
1 shows the normalized Mean Square Error of a set of
load curves using the smart and the classical predictions.
For this experiment, we assumed that the charging time
S (see Section III-B) of each car will have a clipped
Weibull distribution, truncated at 8 hours, which is the
longest charging period for a PHEV (the density of S
is shown in Fig. 2). One can clearly observe that the
classical technique prediction has an MSE that grows up
to be an order of magnitude worse than the smart one,
when the highly volatile part of the load due to EVs
arrival rate climbs. As clearly shown in 1, our method
continues to be effective in forecasting the load no matter
the intensity of requests from PHEVs.

B. Optimal power flow for a Two-bus Power System

The following experiments compare the performance
of the S-OPF and classical OPF for the simplest power
grid system, which contains only one generation G
and one load L, connected by one transmission line
with the line reactance of X (see Fig. 3) and for
which the line flow equals to the load in magnitude,
F = |L|. The stochastic optimization (IV.1) for this
simple case can be written as minG,∆`cG + w∆` with
the constraints of {0 ≤ G ≤ Gmax, 0 ≤ ∆` ≤
|`|, P r (|L| < 0.95Fmax) ≥ µF , P r (|L| < 2π/X) ≥
µθ, P r (|G+ L| < ε) ≥ µP }. The load is model,
including shedding, is L(t) = `(t) + ∆`(t) − gN(t),
namely, the deterministic base load, the proactive load
shedding, and a random load corresponding to the PHEV
arrivals; g is the charge of a PHEV during T , and
N(t) ∼ Poisson(m(t)) a random integer representing
the total number of PHEV arrivals during this time
interval. For the deterministic OPF, the anticipated load
is the expected value of the random load, that is, L =
`(t)+∆`(t)−gE{N(t)} and the probabilistic constraints
are replaced with deterministic ones, hence we use at
least in part the information of our Smart forecasting
in the deterministic OPF. We consider |G + L| = 0
instead of |G+L| < ε for the deterministic OPF because
otherwise, the optimization tends to drive G to be |L|−ε

Fig. 3. Diagram of our simple power system

TABLE I
PARAMETERS OF THE POWER SYSTEM

Gmax Fmax Lbase g X
25 MW 21 or 25 MW 20 MW 150 kW 0.5Ω

c w µF µθ µP
10 15 10−3 10−3 10−3

to minimize the cost, which generates a large number of
violations.

The simulation parameters of the 105 Monte-Carlo
trials (random samples for samples of L(t)) are listed
in Table I. Fmax = 25MW corresponds to a large
transmission capacity (or equivalently, a light load sce-
nario), while Fmax = 20MW represents a limited
transmission capacity (or a heavy load condition). In the
simulations we evaluate numerically the violation rate
and the average normalized range of violation (violation
size) for the system under the S-OPF and OPF dispatch
versus the static rate of car arrival λ.

In the case of large transmission capacity Fig. 4
shows that both the S-OPF and the deterministic OPF
dispatches produce only power balance violations. The
violation rates and average size of the stochastic OPF are
slightly higher than those of deterministic OPF, however
they do meet Pr (|G+ L| ≥ ε) < 0.001 = 1− µP , and
the average violation size ||G+ L| − ε| is around 5kW
which is still very small. Further, Fig. 4 (a) shows that
the operation cost of the deterministic OPF is higher than
that of the stochastic OPF. In the limited transmission
capacity case, shown in Fig. 5 , the operation cost of the
deterministic OPF tends to match that of the stochastic
OPF and both can satisfy the requirement for power
balance constraint and phase angle deviation constraint.
However, (b) and (c) show that the deterministic OPF
dispatch will have about 50% of probability of violating
the line flow constraint, with an increasing average
violation range.

C. Dynamic Performance Comparison

In the next set of experiments wecompare the perfor-
mance of our smart approach and the classical approach
when we apply these algorithms to a dynamic load. For
the first scenario, referred to as smart approach, we uti-
lized our smart forecasting technique and then used the
half-hour ahead forecasts to plan the generation using our
stochastic OPF algorithm described in section IV. The
classical approach on the other hand incorporates using
classical ARMA predictions as the forecasts and then
using these forecasts and a deterministic OPF algorithm
to plan the generation dispatch.

The experiment is run for a 2-day long worth of
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(a) Cost of OPF and S-OPF

(b) Violation rates

(c) Average violation range

Fig. 4. Large transfer capacity (Fmax = 25MW )

half-hourly load which is applied to the same two-bus
system in Fig. 3, with Fmax = 25MW . Thus, the
load curve can be modeled as L(t) = `(t) + LEV (t)
for t = 1 : 96. The data used for `(t) is two of the
daily load curves from the database [24] scaled to have
a maximum of 1MW. LEV (t) was generated using the
Mt/GI/∞ queue described at the beginning of section
V, with the clipped Weibull distribution shown in Fig. 2
as the service time distribution. The rate of arrival Mt is
the same as what is described at the beginning of section

(a) Cost of OPF and S-OPF

(b) Violation rates

(c) Average violation range

Fig. 5. Limited transfer capacity (Fmax = 21MW )

V; generated by an (1×1×0)×(1×1×0)48×(1×1×0)336

ARIMA process and adjusted to have a reasonable peak.
Fig. 6 shows that there is not a noticeable difference
between the costs of the two approaches, indicating the
benefits of use AMI data with our approach to prevent
serious balance violations.

Fig. 7 compares the violation size for each constraint
to be violated when the two approaches are applied. As
it can be seen, the dispatch obtained from the smart
approach causes no violations. On the other hand, the
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classical approach has serious difficulty in generation
dispatch.

Fig. 8 predicts beforehand the probability that a
balance violation will occur half-hour later if we use
the classical approach to plan the generation given the
base load on each day, and the estimated rate of EV
arrival λ(t), which is semi-sinusoidal as assumed in
the first experiment. Then, we can find the probability
that a balance violation will occur at each point of
time using Monte Carlo trials. To do so, we generated
400 EV arrival patterns by the same rate and added
the corresponding EV load to the base load. Then, we
applied the classical approach to each of these load
curves and counted the balance violations that occurred
at each point in time. We can see that the probability of
balance violations increases substantially as the arrival
rate of the EVs goes up to reach its peak.

VI. CONCLUSION AND FUTURE WORK

In this paper, we introduced a new forecasting ap-
proach based on tracking separately the load generated
by EV, via an Mt/GI/∞ queue model for the arrival
and service times of cars. In order to handle the volatility
introduced by PHEVs or renewable energy resources, we
argued that the corresponding probabilistic information
should be incorporated into the generation dispatch or

Fig. 6. Optimized cost in the dynamic setting

Fig. 7. Violation sizes in the dynamic setting

planning. Therefore a stochastic OPF was proposed. We
then carried out multiple experiments that compared
the performance of our smart forecasting and stochastic
optimization techniques to their classic counterparts in
various scenarios. These simulations showed the benefits
of the smart use of AMI data in generation planning and
load forecasting.
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