By accessing data and material (information) through this website, you agree to be bound by the full terms and
conditions available here and any applicable third party website terms and conditions.
You must only use particular information if permitted by and subject to the relevant licence or use terms, if any,
specified for that information, and in any event only for non-commercial purposes. If no licence or use rights are
specified, the information is available for viewing only. No rights are given to any trade marks, inventions or
patents through this website.
This website and the information is made available on an 'as is' basis. If you use or download any information from
this site, you do so at your own risk and you acknowledge that such information:




may contain statements based on scientific research and is subject to the usual uncertainties of advanced
scientific and technical research;
is not professional, scientific, medical, technical or expert advice; and
should not be relied upon as the basis for doing or failing to do something.

To the extent permitted by law, the University of Adelaide excludes all warranties, guarantees, conditions and
representations accuracy, completeness, currency, integrity, value and quality of the information, or suitability of
this website and any information for your purposes.

Dispatchability of Wind Power with Battery
Energy Storage in South Australia
Silvio Tarca, Matthew Roughan and Nigel Bean

Nesimi Ertugrul

Australian Research Council Centre of Excellence
for Mathematical & Statistical Frontiers
The University of Adelaide
South Australia, 5005
Email: {silvio.tarca,matthew.roughan,nigel.bean}
@adelaide.edu.au

School of Electrical & Electronic Engineering
The University of Adelaide
South Australia, 5005
Email: nesimi.ertugrul@adelaide.edu.au

Abstract—The Government of South Australia (SA) has
pledged to increase the state’s electricity generation from renewable energy sources from 41% in fiscal year 2015 to 50% by
2025. At the level of intermittent renewable energy penetration
in SA the challenge is to economically supply baseload power
of acceptable quality. This study measures the improvement in
the dispatchability of intermittent renewable energy from an SA
wind farm with battery energy storage using model predictive
control and real-world data published by the Australian Energy
Market Operator. The process of wind power dispatch with
battery energy storage is represented as an incremental statespace model. The state-space model properly accounts for battery
charge/discharge efficiency, and its incremental formulation
allows the controller to penalise control effort.
Wind power dispatch; battery energy storage; baseload power;
model predictive control; state-space model; process control law

I. I NTRODUCTION
The Australian Energy Market Operator (AEMO), the independent system operator of the National Electricity Market
(NEM), reports that in fiscal year 2015, 41% of 12,352 GWh
of electricity generated in the state of South Australia (SA)
came from intermittent renewable sources — 34% wind and
7% solar photovoltaic (PV) [2]. Through fiscal year 2015
the SA government had already invested AUD 6.6 billion
in renewable energy, and plans to increase its investment to
AUD 10 billion to achieve its target of 50% renewable energy
generation by 2025. With the closure of SA’s last two ageing
coal-fired power plants in May 2016, it now seems likely that
SA will reach its renewable energy generation target well in
advance of 2025. Compared with other leading international
jurisdictions for renewable energy, SA ranks second behind
Denmark on the share of electricity generation from wind,
and second behind Germany on installed capacity of solar PV
per capita [4]. SA is a real-world laboratory for the study
of intermittent renewable energy technology, economics and
public policy.
Conventional “scheduled” generators submit dispatch offers
with the quantity of electrical power for sale by price band to
the NEM, which conducts a single-price reverse auction to set
dispatch levels and price. However, due to the intermittency
of wind energy, wind generators submit only price offers

and AEMO determines their wind power output offered for
dispatch. Improving the dispatchability of wind power with
battery energy storage could lead to a reclassification of
wind farms as scheduled generators, which would permit time
shifting of wind power dispatched to the electricity grid.
This time shifting capability would enable wind generators
to supply baseload power to the grid, exploit energy arbitrage,
and provide ancillary services to the power system.
This paper examines the dispatchability of intermittent
renewable energy from an SA wind farm with battery energy
storage using state-space model predictive control (MPC) and
real-world data published by AEMO. The contribution of this
research is both theoretical and empirical. Our theoretical
contribution represents the process of wind power dispatch
with battery energy storage as an incremental state-space
model. The state-space model properly accounts for battery
charge/discharge efficiency, and its incremental formulation
allows the MPC controller to penalise control effort. On
an empirical level, we demonstrate the improvement in the
dispatchability of intermittent renewable energy by computing
the baseload power dispatched by an SA wind farm coupled
with a utility-scale battery at varying levels of confidence.
Using real-world data published by AEMO, we find that
the probability of power dispatched to the grid supplying a
target baseload power is moderately higher with battery energy
storage than no energy storage.
A number of recent studies use state-space MPC to demonstrate the improvement in wind power dispatch with battery
energy storage. Their common objective is to minimise the
tracking error of actual power dispatched to the grid relative
to reference signals generated using, among other data, wind
power forecasts. They implement MPC controllers that enable
wind farms to: schedule power dispatched to the grid [5, 9];
minimise cost by prolonging battery life [6, 10, 11]; maximise
revenue by exploiting energy arbitrage [7]; or supply quality
power through the provision of ancillary services [12]. The
state-space models developed in prior papers are not of the
incremental type, and do not penalise control effort. Nor do
they properly account for battery charge/discharge efficiency,
instead, either assuming 100% efficiency or approximating

power losses independent of the power stored or discharged
during the dispatch interval.

II. S TATE -S PACE MPC OF W IND P OWER D ISPATCH WITH
BATTERY E NERGY S TORAGE

time t. Then, the single-period incremental state-space model
representing an abstract process may be expressed as




x(t+1)
x(t)
z(t+1) =
=A
+ B (u(t) − u(t−1))
u(t)
u(t−1)
= Az(t) + B∆u(t),
(1)
y(t+1) = Cz(t+1)

Our research examines the dispatchability of intermittent
renewable energy by simulating the electricity dispatched by
an SA wind farm coupled with a battery energy storage
system using state-space model predictive control (MPC). The
cornerstone of state-space MPC is a prediction model that
captures the process dynamics by describing process outputs
as a function state variables, which depend on control signals
or process inputs. The MPC controller determines a sequence
of control signals over a given control horizon that results
in a sequence of predicted process outputs over a specified
prediction horizon, which tracks a sequence of reference
signals or set points. We refer to the sequence of control
signals as the process control law. The resulting trajectory
of predicted process outputs is an outcome of optimising
a performance index, or minimising a cost function, that
penalises the tracking error of the predicted process outputs
relative to their reference trajectory and the control effort
involved in tracking the reference trajectory. MPC applies the
receding horizon principle. At each time step, the sequence
of control signals over the control horizon is determined by
optimising the performance index over the prediction horizon,
but only the current-time control signals are implemented.
Then, at the next time step, the MPC algorithm is rerun
incorporating new non-anticipatory information with control
and prediction horizons shifted one time step into the future.

A. Incremental State-Space Model
We begin by formulating a single-period incremental statespace model in the standard notation typically used to represent an abstract process. Then, we define the process outputs,
state variables and control signals that capture the process
dynamics of wind power dispatch with battery energy storage,
and formulate the representative incremental state-space model
for a single period. Finally, the single-period model is extended
to accommodate multi-period prediction and control horizons.
Time in the incremental state-space model is represented as
discrete time steps, or intervals, t ∈ N. Suppose that discrete
times t−1 and t, respectively, translate to clock times ς and
τ . Then, “at time t” refers to clock time τ , and “during time
interval t” refers to clock time interval (ς, τ ].
Let y(t) ∈ Rm be the process output vector at time t,
x(t) ∈ Rs−q the state vector at time t, and u(t) ∈ Rq the
control signal vector at time t. In the incremental formulation
of the state-space model the control signals become additional
internal state variables, and control increments serve as process
inputs. Denote by z(t) ∈ Rs the augmented state vector at
time t, and ∆u(t) ∈ Rq the control increment vector at

= CAz(t) + CB∆u(t),
s×s

s×q

where A ∈ R , B ∈ R
and C ∈ R
defining the incremental state-space model.

m×s

(2)
are matrices

Our incremental state-space model for wind power dispatch
with battery energy storage includes two process outputs, four
state variables and three control increments. Let e(t) ≥ 0 be
the state of charge (SOC) of the battery at time t, pb+ (t) ≥ 0
the battery charge command given at time t, and pb− (t) ≥ 0
the battery discharge command given at time t. The noun
“command” is used in reference to control signals determined by the MPC controller. We assume that the battery
charge command diverts wind-generated power to the battery,
while the battery discharge command dispatches battery power
to the electricity grid. Denote by η ∈ (0, 1] the one-way
charge/discharge efficiency of the battery, and δ > 0 the conversion factor from MW to MWh for a given dispatch interval.
Then, the battery SOC is given by
δ
e(t+1) = e(t) + δηpb+ (t) − pb− (t).
η

(3)

Notice that the increase in battery SOC is less than the energy
diverted from the grid by the battery charge command over the
dispatch interval by the factor of efficiency η. Conversely, the
decrease in battery SOC is greater than the energy supplied to
the grid by the battery discharge command over the dispatch
interval by the factor of efficiency η. Also, factor δ converts
the battery charge/discharge command (MW), which applies
over the dispatch interval, to energy (MWh).
Let pd (t) ≥ 0 be the power dispatched from the wind farm
to the grid during time interval t, and pw (t) ≥ 0 the wind
power generation command given at time t. In the context of
the empirical analysis presented in this paper, pd (t) represents
baseload power, which we broadly define as the dependable
supply of electricity to meet a minimum continuous level of
operational demand [8]. Then, power dispatched to the grid is
given by
pd (t+1) = pb− (t) − pb+ (t) + pw (t),

(4)

pb (t) = pb− (t) − pb+ (t)

(5)

where
is the battery power command given at time t. Accordingly, we
follow the convention that pb (t) takes a positive value whenever battery power is discharged and dispatched to the grid,
and takes a negative value whenever wind-generated power is
diverted from the grid to charge the battery. Decomposing the
battery power command into charge and discharge commands
correctly accounts for battery charge/discharge efficiency, as

well as accommodating different ranges for charge and discharge rates. Note that control signals pw (t) and pb (t), and
hence pb+ (t) and pb− (t), given at time t apply during time
interval t+1.

Accordingly, we define the augmented state, control increment, and process output vectors at time t as

T
z(t) = e(t) pb+ (t−1) pb− (t−1) pw (t−1) ,

T
∆u(t) = ∆pb+ (t) ∆pb− (t) ∆pw (t) , and

T
(6)
y(t) = e(t) pd (t) ,
respectively, where control increments ∆pb+ (t), ∆pb− (t) and
∆pw (t) ∈ R. Notice that battery SOC is modelled as a process
output and a state variable. SOC of the battery reached at the
end of the current dispatch (time) interval, a process output, is
the SOC at the beginning of the next dispatch interval, a state
variable. The matrices defining the single-period incremental
state-space model are then given by


1 δη −δ/η 0
0 1
0
0
,
A=
0 0
1
0
0 0
0
1


δη −δ/η 0
1
0
0
 , and
B=
0
1
0
0
0
1


1 0 0 0
C=
.
(7)
0 −1 1 1
We represent the process of wind power dispatch with battery
energy storage by substituting (6) and (7) into incremental
state-space model (1)–(2). This substitution leads to a singleperiod representation, however, our implementation of statespace MPC accommodates multi-period prediction and control
horizons.

Let ny be the number of time intervals or periods in the
prediction horizon, and nu the number of time intervals in
the control horizon. Assume coincident prediction and control
#» ∈ Rmn the process
horizons, n = ny = nu . Denote by y
t
output vector over the prediction horizon starting at time t,
# »
and ∆ut ∈ Rqn the control increment vector over the control
horizon starting at time t. Then, the multi-period version of
(2) may be expressed as
# »
#»
y
(8)
t+1 = Kz(t) + L∆ut ,
where

T
#»
y
,
t+1 = y(t+1) y(t+2) . . . y(t+n)

T
# »
∆ut = ∆u(t) ∆u(t+1) . . . ∆u(t+n−1) ,
and K ∈ Rmn×s and L ∈ Rmn×qn are matrices defining
the multi-period incremental state-space model. By recursively

applying (1) and (2) over the n-period horizon, it follows that
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B. Performance Index and Process Constraints
The process control law is determined by optimising a
performance index, which penalises tracking error and control
effort. Let #»
r t ∈ Rmn be the reference signal vector over
the prediction horizon starting at time t. Then, we define the
Euclidean length, or `2 -norm, of the predicted process outputs
#» k , as the tracking
relative to the reference signals, k #»
rt − y
t 2
error. Similarly, the control effort is defined as the norm of the
# »
control increments, k∆ut k2 . Optimisation of the performance
index amounts to minimisation of a quadratic cost function that
assigns weights to tracking error and control effort:
√
# » 2
#» ) 2 + λ √Ψ ∆u
f=
Ω ( #»
r t+1 − y
,
(9)
t+1
t
2

2

where

#»
r t+1 = r(t+1) r(t+2) . . .

r(t+n)

T

,

λ ≥ 0 is a scalar weighting coefficient, and Ω ∈ Rmn×mn
and Ψ ∈ Rqn×qn are positive semidefinite diagonal weighting
matrices.
MPC systematically accounts for process constraints by
incorporating them into the optimisation of the performance
index. Here, constraints take the form of upper and lower
bounds on state variables and control increments:
x

x(t+k)

 x,

u  u(t+k−1)  u,
∆u  ∆u(t+k−1)  ∆u,

k = 1, . . . , n,

(10)

where the  operator represents the component-wise inequality between vectors. Section III specifies upper and lower
bounds on variables including battery SOC, and battery charge
and discharge rates.
#»
Substituting for y
t+1 in (9) with (8), expanding the cost
function, dropping the constant terms and incorporating constraints (10), we write the quadratic program for wind power
dispatch with battery energy storage in standard form:
# »
1 # »T T
argmin
∆ut L ΩL + λΨ ∆ut
# »
2
∆ut
# »
T
+ (Kz(t) − #»
r t+1 ) ΩL∆ut
s. t. z  z(t+k)  z,
∆u  ∆u(t+k−1)  ∆u,

k = 1, . . . , n. (11)

Note that the implementation of optimisation (11) formulates

constraints on state variables z(t + k) in terms of control
increments ∆u(t+k−1) for k = 1, . . . , n.
Battery power command pb (t+k−1), given by (5), instructs
that the battery be either charged or discharged. So, if battery
charge command pb+ (t + k − 1) > 0, then battery discharge
command pb− (t+k −1) = 0; and if pb− (t+k −1) > 0 then
pb+ (t + k − 1) = 0 for k = 1, . . . , n. Otherwise, (3) would
overstate energy losses due to charge/discharge efficiency and
incorrectly calculate SOC of the battery, e(t + k), while (4)
would incorrectly calculate power dispatched to the grid,
pd (t+k). In order to ensure that the optimal control signals
computed by quadratic program (11) instruct either zero
charge or zero discharge of the battery, or both, we introduce
two binary variables for each time interval in the control
horizon. The two binary variables correspond to the battery
charge and discharge commands, and indicate whether they are
zero or positive. Then, (11) is reformulated as a mixed integer
quadratic program by imposing additional contraints, which
ensure linear complementarity — battery charge and discharge
commands, pb+ (t+k−1) ≥ 0 and pb− (t+k−1) ≥ 0, cannot
both be different from zero at the same time.
Suppose that we wish to generate control signals that will
drive the process during the next N ∈ N time intervals, then
we require reference signals, or set points, for N + n − 1
discrete time steps to perform N iterations of the simulation.
Recall that under the receding horizon principle, we compute
a sequence of n control signal vectors u(t), . . . , u(t+n−1)
at each time step t = 0, 1, . . . , N −1, but only implement the
current-time control signal vector u(t). So, reference signals
r(1), . . . , r(N +n−1) are input to the computation of control
signals u(0), u(1), . . . , u(N − 1) which, when implemented,
drive process output responses y(1), . . . , y(N ).
III. S IMULATION OF W IND P OWER D ISPATCH WITH
BATTERY E NERGY S TORAGE
AEMO classifies generators as “scheduled”, “semischeduled” or “non-scheduled”, with wind generators falling
into either the semi- or non-scheduled categories. The NEM
dispatch process deducts available capacity for dispatch by
non-scheduled generators from the operational demand forecast to arrive at scheduled demand. Then, given scheduled
demand, the NEM dispatch engine uses dispatch offers submitted by scheduled and semi-scheduled generators to determine generator dispatch levels and price through a singleprice reverse auction. While conventional scheduled generators
submit dispatch offers with the quantity of electrical power for
sale by price band, semi-scheduled wind generators submit
only price offers and AEMO determines their wind power
output offered for dispatch using its Australian Wind Energy
Forecasting System (AWEFS) [1]. Improving the dispatchability of wind power with battery energy storage could lead
to a reclassification of wind farms as scheduled generators,
which would permit time shifting of wind power dispatched
to the electricity grid. It would enable wind generators to
supply baseload power to the grid, exploit energy arbitrage,
and provide ancillary services to the power system.

In this paper we report power system quantities on a perunit (p.u.) basis. The per-unit system expresses quantities in
SI units as a ratio relative to base quantities. We choose base
quantities of 100 MW for power and 100 MWh for energy.
We conduct an empirical analysis of the Snowtown (stage
one) wind farm in the mid-north of SA. It has a registered
generation capacity of 1.0 p.u., and a capacity factor of 38%
over the simulation horizon. We use (dispatch) unconstrained
intermittent generation forecasts (UIGF) produced by AWEFS
and published by AEMO [3], which estimate the available
capacity for wind power dispatch over a 5-minute horizon
with a 5-minute resolution at a 5-minute frequency. AEMO
defines horizon as how far in advance the forecast is produced,
resolution as the period over which the forecast is valid, and
frequency as how often the forecast is produced [1].
While Snowtown wind farm has not installed an energy
storage system, we suppose that energy storage is provided
by a lithium-ion battery. Computations are repeated for four
utility-scale batteries of varying energy capacity and power
rating. Their specifications are reported in Table I. These
specifications are not taken from existing battery installations,
but they are in the bounds of current technology. Subject to a
75% discharge cycle, each utility-scale battery coupled to the
SA wind farm can supply electricity at its rated power for one
and a half hours.
Our empirical analysis implements a naïve dispatch strategy
over single-period prediction and control horizons, n = 1.
Subject to constraints on battery SOC and charge/discharge
rates, the strategy charges the battery with surplus wind
power whenever the available capacity for dispatch exceeds
the reference signal, and discharges the battery to supplement
wind power whenever the available capacity for dispatch is
less than the reference signal. Simulations compute control
TABLE I: Specifications of utility-scale, lithium-ion batteries used in
simulations of wind power dispatch. All quantities, except one-way
battery charge/discharge efficiency η, are reported per-unit (p.u.). Perunit base quantities are 100 MW for power and 100 MWh for energy.

(1)
Energy capacity
Power rating
Min. SOC, a e
Max. SOC, b e
Initial SOC, c e(0)
Max. charge rate, d pb+
Max. discharge rate, d pb−
One-way charge eff., η

Lithium-ion Battery
(2)
(3)
(4)

0.250
0.125
0.031
0.219
0.125
0.100
0.100
0.920

0.500
0.250
0.062
0.438
0.250
0.200
0.200
0.920

0.750
0.375
0.094
0.656
0.375
0.300
0.300
0.920

1.000
0.500
0.125
0.875
0.500
0.400
0.400
0.920

a By convention SOC of a battery is expressed as a percentage of its energy
capacity, but here we report SOC per-unit. Minimum SOC of the battery is
12.5% of its energy capacity.
b Maximum SOC of the battery is 87.5% of its energy capacity.
c Initial SOC of the battery, e(0) = (e+e)/2 = 50% of its energy capacity.
d Maximum battery charge/discharge rate is 80% of its rated power.

Fig. 1: Probability of (wind and battery) power dispatched to the grid equaling or exceeding the reference signal, or set point, representing
target baseload power. The reference signal follows the daily load profile of the season, summer or winter. The MPC controller uses 5-minute
dispatch data from 1 April 2015 to 31 March 2016. Registered generation capacity of the wind farm is 1.0 p.u. Specifications of utility-scale,
lithium-ion batteries are reported in Table I.
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signals for N = 105,408 5-minute dispatch intervals from 1
April 2015 to 31 March 2016. It follows that the conversion
factor from MW to MWh for a 5-minute dispatch interval,
1
.
δ = 12

baseload power range from 0.10 p.u. to 0.60 p.u. We find
that the probability of power dispatched to the grid equaling
or exceeding the reference signal is between 10% and 28%
higher with a utility-scale battery than no energy storage.

In the state-space model, process outputs e(t+1) and pd (t+1)
depend on control signals pb+ (t), pb− (t) and pw (t). The wind
power generation command, pw (t), is set to the UIGF forecast
produced by AWEFS over horizon t with resolution t + 1.
Optimisation of the process control law determines the battery
charge command, pb+ (t), and battery discharge command,
pb− (t), by minimising the tracking error of power dispatched
to the grid, pd (t+1), relative to a reference signal representing
target baseload power. The reference signal is a set point for
each dispatch interval that follows the daily load profile of the
season, summer or winter. In these simulations, performance
index (9) does not penalise the tracking error of SOC of
the battery, e(t+1), relative to its reference signal, nor does
it penalise control effort, ∆u(t). That is, the odd diagonal
elements of Ω are set to zero, and λ = 0.

The empirical observations discussed here are made in the
context of the naïve, single-period dispatch strategy described
above. Some observations may not, indeed, are unlikely to
apply in general. In particular, under the naïve strategy, the
probability of power dispatched to the grid supplying a target
baseload power is not very sensitive to some parameters, such
as battery charge/discharge efficiency or shape of the load
profile, due to the positive autocorrelation of wind power over
dispatch intervals. However, this may not be the case for other
measures of dispatchability, or more sophisticated dispatch
strategies.

Figure 1 illustrates the improvement in wind power dispatch
with battery energy storage relative to no energy storage
by plotting the probability of power dispatched to the grid
equaling or exceeding the reference signal representing target
baseload power. Note that the ordinates of the curves in
Figure 1 are plotted against the average of the daily load
profile of the season (abscissas), and the capacity factor of
the Snowtown wind farm is in the middle of the target

Clearly, the magnitude of the improvement in the dispatchability of wind power with battery energy storage depends on
the specifications of the battery, particularly, energy capacity
and power rating. But, even on today’s utility scale, battery
power can only substitute for a fraction of the power generated
by a commercial wind farm for a limited time. For example,
a utility-scale battery with energy capacity of 0.50 p.u. and
power rating of 0.25 p.u. subjected to a 75% discharge cycle
can only supply electricity at its rated power for one and
a half hours. Observe, too, that the improvement in wind
power dispatch with battery energy storage diminishes with
increasing energy capacity.

We remark that this paper does not attempt to make the
economic case for installing utility-scale batteries to facilitate
time shifting of wind power dispatched to the grid. But, as
the cost of battery energy storage continues to tumble, utilityscale batteries may become commercially viable in the nearto medium-term.
IV. C ONCLUSION
In this paper we model the process of wind power dispatch
with battery energy storage using state-space MPC. The statespace model properly accounts for battery charge/discharge
efficiency, and its incremental formulation allows the controller to penalise control effort. In simulations of wind power
dispatched to the electricity grid by an SA wind farm coupled
with a battery energy storage system, the MPC controller
implements a naïve, single-period strategy. Simulations are run
for utility-scale batteries of varying size (energy capacity and
power rating) which, subject to constraints on SOC, can supply
electricity at their rated power for one and a half hours. Over
one full year using 5-minute dispatch UIGF forecasts, we find
that the probability of equaling or exceeding the reference
signal representing target baseload power increases by 10–
28%, depending on battery size.
An obvious extension to the empirical study of this paper,
which we leave for future research, would incorporate multiperiod prediction and control horizons, facilitating the implementation of more sophisticated dispatch strategies. For
example, one that stores excess renewable energy during
periods of low demand, and discharges the stored energy for
dispatch to the grid during periods of high demand when,
presumably, prices would be higher. Wind generators could
then schedule power dispatched to the grid by taking into
account multi-period UIGF forecasts and SOC of the battery,
and accordingly submit their dispatch offers with the quantity
of electrical power for sale by price band during pre-dispatch
and dispatch. This would lead to the reclassification of wind
farms as scheduled generators, enabling them to exploit energy
arbitrage. Moreover, battery energy storage would enable wind
generators to participate in ancillary services markets by
providing the frequency (active power) and voltage (reactive
power) regulation that ensures the supply of quality power. As
well as extending the dispatch strategy to incorporate multiperiod prediction and control horizons, future research could
examine the effect of the selection of utility-scale batteries on
the performance of dispatch strategies.
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