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ABSTRACT
The renewable energy generation will constitute an impor-
tant part of the next generation grid. As the variations of re-
newable sources may not match the time distribution of load,
energy storage is essential for grid stability. Supplemented
with energy storage, we investigate the feasibility of inte-
grating solar photovoltaic (PV) panels and wind turbines into
the grid. To deal with the fluctuation in both the power gen-
eration and demand, we borrow ideas from stochastic net-
work calculus and build a a stochastic model for the power
supply reliability with different renewable energy congura-
tions. To illustrate the validity of the model, we conduct a
case study for the integration of renewable energy sources
into the power system of an island off the coast of Southern
California.

1. PROBLEM STATEMENT
We consider a scenario where the electric network is

supplied by a combination of solar PV panels, wind tur-
bines and battery, which work together to satisfy the
energy demand. When the energy sources are abun-
dant, the excess generation will feed the battery until
it’s fully charged. Whenever there is a defficiency in
power, the battery will be discharged to cover the load
requirements until the energy storage is depleted. We
let b(t) to denote the state of battery storage at time t
(in MWh).

In the face of fluctuations in both power load and gen-
eration, we try to investigate the effects of battery stor-
age on the power supply reliability in congurations with
different levels of renewable generation. We are inter-
ested in quantifying the Loss of Power Supply Probabil-
ity (LPSP) at a given time, and the long-term expected
Fraction of Time energy Not-Served (FTNS) during a
time period. In general, the LPSP/FTNS is a function
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of the total area Np of PV panels, the number Nw of
wind turbines, and the capacity C of battery storage.

2. POWER SYSTEM MODELING
The stochastic nature of the load and renewable gen-

eration motivates us to build a system model based
on similar concepts in stochastic network calculus [1].
However, the concepts of stochastic network calculus
could not be directly applied to the power network,
we have to substantially adjust and modify the theory
framework so as to analyze the power system.

Consider a power system where the time axis T is
discretized into 1 hour. In time interval (0, t] (t ≤ T ),
we denote by D(t) the cumulative amount of energy
demand in the system (in MWh); by S(t) the cumula-
tive amount of energy supply in the system. We call
D(t) the energy demand process, and S(t) the energy
supply process of the system, with D(0) = S(0) = 0.
For any 0 ≤ s ≤ t, we denote D(s, t) = D(t) − D(s),
and S(s, t) = S(t)− S(s). In this paper, we use [x]+ to
denote the maximum of a given number of x and 0.

The energy demand curve implies a upper bound of
the cumulative energy demand. By introducing a vi-
olation probability, we can find its stochastic counter-
part. Throughout this paper, we assume all demand
curve, supply curve functions are non-negative and non-
decreasing, and all bounding functions are non-negative
and non-increasing. The proofs for the Lemmas and
Theorem below are omitted due to page limitations.

Definition 1. A energy demand process D(t) is said
to have a stochastic demand curve α(t) with bounding
function εd, denoted by D ∼ 〈εd, α〉, if for all t ≥ 0,
and all x ≥ 0, there holds P{ sup

0≤s≤t
[D(s, t)− α(t− s)] >

x} ≤ εd(x).

The energy supply curve defines a lower bound on the
energy provided by the power generator. By introduc-
ing a violation probability, we can make sure that the
power supply process is above some lower bound with
a high probability.

Definition 2. A energy supply process S(t) is said
to provide a stochastic supply curve β(t) with bounding



function εs, denoted by S ∼ 〈εs, β〉, if for all t ≥ 0, x ≥
0, there holds P{ sup

0≤s≤t
[β(t− s)− S(s, t)] > x} ≤ εs(x).

We then analogize the energy demand and supply to
a virtual queueing system. Regarding the power de-
mand as the arrival of the queue, the energy supply as
the service provided by the queue, then the buffering
process of the virtual queue could be considered as the
discharging process of the battery. We denote the buffer
for the virtual queueing system at time t as B(t), which
can be considered as the deficit energy storage of the
system, i.e., B(t) = C − b(t).

When the power generated is greater than the power
demand at a certain period of time, as long as the max-
imum battery capacity is not reached, the buffer de-
creases which means that the battery is charged. When
the load is greater than the power supply in a time pe-
riod, the buffer increases, i.e., the battery is discharged
until it decreases to the minimum level. We have:

B(t) = min[C(t), [B(t− 1) +D(t− 1, t)− S(t− 1, t)]+].

For a given battery storage capacity C, we are inter-
ested in the probability that the energy demand cannot
be met by the generation and the stored energy in the
battery. Without loss of generality, the battery is fully
charged initially, i.e., B(0) = 0. We also assume that
the energy demand that is not satisfied in a time slot
would be defferred to the next one. Then we can derive
a non-recursive identity for the virtual buffer size:

B(t) = sup0≤s≤t[D(s, t)− S(s, t)].

In time slot t (t ≥ 1), if [B(t − 1) + D(t − 1, t) −
S(t − 1, t)]+ > C, we call this loss of power supply at
time t, which is dependent on the storage capacity C (in
MWh). The Loss of Power Supply satisfies LPS(t) =
[B(t−1)+D(t−1, t)−S(t−1, t)−C]+. With the battery
storage capacity C, the LPSP (t) at time t equals to
P{LPS(t) > 0}. The FTNS(T ), is given by:

FTNS(T ) =
1

T
ΣT

t=1LPSP (t). (1)

We introduce the following Lemma for LPSP :

Theorem 1. For a virtual queue in the power net-
work, if the energy demand process has a stochastic
demand curve α with bounding function εd, i.e., D ∼
〈εd, α〉, and the system provides a stochastic supply curve
β with bounding function εs, i.e., S ∼ 〈εs, β〉, then for
all t ≥ 0, x ≥ 0, given storage capacity C, LPSP (t)
can be calculated by:

LPSP (t) ≤ εd ⊗ εs(C − α� β(t))[1], (2)

where the operator ⊗ denotes the min-plus Convolu-
tion, and � denotes the min-plus De-convolution.

3. PERFORMANCE EVALUATIONS
We consider the Santa Catalina Island, which is 26

miles off the coast of CA, and investigate the feasibility

Table 1: FTNS vs. Battery Storage Capacity
PV Units (×103) 2 3 4 5
Battery Capacity (MWh) 51.7 38.2 34.6 33.2

of replacing diesel generation with renewable resources.
We use hourly data profiles of 31 days in Jan, 2010 for
analytical study, which are obtained at locations near
the Island with similar meteorological characteristics.
The energy generation profile is based on the TMY data
sets derived from the NSRDB archives [2], the per unit
PV generation data for Long Beach, CA, is calculated
by SAM [3]. The data for a wind turbine located off an
island near Santa Barbara is obtained from the NREL
[4]. The load profiles are obtained by personal commu-
nication with researchers from SCE [5].

With the data given above, using curve fitting, we can
get the bounding function with respect to the stochastic
demand/supply curves according to Definitions 1 and 2.
The demand/supply curves is based on the long time
mean rate, and we use some convex exponential decay
functions to fit the bounding functions. To aggregate
heterogeneous power supply sources together, we have:

Theorem 2. (Aggregation Property) Consider a sys-
tem that consists N energy generators in parallel. If
each power generator (n = 1, 2, ..., N) provides a stochas-
tic energy supply curve Sn ∼ 〈εn, βn〉, then the power
system provides a stochastic supply curve S ∼ 〈ε, β〉
with β(t) = β1(t) + ...+ βN (t), ε(x) = ε1 ⊗ ...⊗ εN (x).

With difierent configurations of power generation, the
aggregate energy supply from the solar and wind power
can be calculated based on Lemma 2. For a given bat-
tery capacity C, the LPSP is provided by Lemma 1.
Together with (1), we can get the FTNS over the time
period of the given data profile. For a targeting FTNS
value of 0.01, Table 1 shows the FTNS versus battery
capacity for different levels of solar generation with a
single wind turbine. We notice that FTNS decreases
as the battery capacity increases. As Np increases, the
FTNS decreases with the same battery capacity. We
also notice that given a target FTNS value, further
increasing the PV panels would have less impact in re-
ducing the battery requirement due to the fluctuating
nature of the power sources.
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