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Abstract—Integration of renewable energy source (RES) and
energy storage system (ESS) in microgrids has a potential benefit
to users and system operators. However, new operating issues
brought by RES and high cost of ESS need to be scrutinized for
economic operation of microgrids. In order to evaluate the
economic operation, this paper presents a predictive energy
management system (EMS) for microgrids that manifests the
process of battery degradation under the minimum system
operating cost. The proposed EMS provides the power dispatch
based on the hourly-ahead price and forecast data in a most cost-
saving way, in which the battery degradation cost with respect to
the depth of charge and lifetime is incorporated, transforming the
long-term installation cost to the short-term operational cost that
accounts for the real-time scheduling. The effectiveness of the
proposed method is illustrated by case studies in the simulation.

Keywords—Energy storage; energy management system;
model predictive control (MPC); microgrids; optimization.

[. INTRODUCTION

he rapid development of renewable energy techniques has

prompted microgrids to change towards more intelligent
and more efficient entities. Microgrid is defined as a cluster of
distributed generation units and energy storages and is able to
supply power to local users in a decentralized manner [1].
However, variability of renewable energy system (RES)
induces stability issues. In particular, renewables may not
provide enough energy when electricity is heavily needed [2].
Energy storages are usually integrated to compensate power
intermittency. Energy storages can also act as bidirectional
mediators with the utility grid (UG) to provide financial bene-
fits for the users based on various strategies.

Unlike large-scale systems which usually have abundant
reserves, the operating reserve is often provided by batteries in
microgrids. Increasing the operating reserve can reduce the
probability of loss of load and thus increase the system
reliability [3], however, high capital cost of batteries may bring
unexpected cost, making the system become less economic [4].
To this end, studies have been featured on the design of energy
management system (EMS) of microgrids for unpredictable
variation by RES and efficient operation of batteries [5].
Research in [6] decomposes the energy management problem
in a microgrid into a unit commitment problem for voltage and
frequency regulation and an optimal power flow problem for
reactive power support. In [7], charging and discharging events
of batteries are determined by heuristic methods with a
centralized EMS and local EMSs at user sides. Research
focusing on batteries in microgrids varies from real-time
operations addressing instant power sharing [8, 9] and

frequency regulation [10] to scheduling problems manifesting
charging strategies [11] and optimization in the long term [12,
13]. However, few of the above studies has investigated effects
of the degradation process of batteries, leading to gross error
on the scheduling problems and even brings unexpected
failures. Further, inconsideration on influences of different
characteristics of batteries on the structure of EMS exists in
literature.

In view of the above challenges, appropriate methods need
to be developed so that the economic operation and system
reliability must be spontaneously scrutinized. The first
contribution of this paper is that the battery degradation cost
model considering the main characteristics is devised. It fea-
tures a practical connection on the installation cost in the long
term and economic dispatch problem in the short term. The
second contribution is the development of a predictive EMS
based on nonlinear MPC that not only matches the power
balance in a most cost-saving way but also accounts for the
battery degradation process. The remainder of the paper is
organized as follows. In Section II, the system model of a
general microgrid structure is presented, and the battery
degradation cost model considering lifetime and DOD is
discussed. Section III is focused on the formulation of the
proposed predictive EMS. Case studies and results are
presented in Section IV. At last, the relevant conclusion and
the contribution of the paper is highlighted.

II. SYSTEM MODELLING

Without loss of generality, we consider a microgrid which is
comprised of the point of common coupling (PCC) to the UG,
a battery, a RES system and the aggregated load as shown in
Fig. 1. Practically, the microgrid can operate in connection
with the UG or independently, depending on system require-
ments of operators, the sizing of RES and load demand. The
main objective of the control strategy is to keep power balance
in order to maintain system stability when operating in the
isolated mode. When in the grid-connected mode, the micro-
grid can maximize the user benefits by purchasing and selling
electricity with the UG. In this context, the EMS in the micro-
grid is required to allocate the energy source in an economic
way. We will focus on the grid connected mode in the
following discussion unless specified otherwise.

A. PCC and Electricity Price

The price of electricity supplied from the UG is usually
determined by the upper-level system operator in a static or
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Fig. 1. System model of the microgrid.

dynamic fashion [14]. Static pricing schemes, including fixed
and time-of-use pricing, are often pre-announced in advance
and do not change with network conditions. For microgrid
users, fixed electricity prices do not influence user patterns
since the cost does not change with the quantity of use, whereas
time-of-use prices prompt more electricity to be used in off-
peak hours considering relatively lower rates per kWh. As for
dynamic pricing schemes such as real-time and on-demand
pricing, they are sensitive to locational marginal prices and are
often announced hours ahead [14], which allows users making
advanced planning to minimize their operation costs and even
selling a part of excess electricity to the UG.

In order to present general cases for the microgrid, two
pricing schemes including time-of-use pricing and dynamic
real-time pricing are used in this paper. In the time-of-use
pricing model, we assume the electricity price as a two-level
model which has an off-peak price an on-peak price. In the
dynamic real-time pricing model, the half hourly price data
over a year from Energy Market Company of Singapore [15]
is weighted and averaged to the hourly data, starting from May
2013 to April 2014. Moreover, the selling price is also set in
both pricing models, indicating the price per kWh that the
microgrid sell extra generation back to the UG, which is lower
than the buying price.

B. Forecast error on RES

The implementation of RES in the microgrid gives the
energy management a more cumbersome task to track the
instantaneous load. The microgrid is modelled with two RES
systems including PV panels and wind turbines. PV generation
is considered to have great variation due to the passing clouds.
Wind power is closely correlated with wind speed, which has
different patterns on seasons and even days. The forecast error
of RES is considered to have a close relationship with the
prediction time. Solar power ranges from 20% to 35% root
mean square (RMS) error depending on different irradiance
forecast techniques. Day-ahead wind forecast error currently
averages at more than 10% RMS error of the capacity, and
progressively reduces half to 5%-6% for an hour-ahead
forecast [16]. Following this idea, the RES output in this paper
is modelled to have a gradient uncertainty level, in which the
forecast error increases as the prediction horizon becomes
larger. There are also many ongoing studies on forecasting
methodologies of RES, however, since it is outside the scope
of this paper, the analysis of performance of different
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Fig. 2. Different definitions on DOD.

forecasting techniques will not be further discussed.

C. Battery Degradation Cost

Battery is considered to have good performance on power
density and energy density, thus it can be scheduled as
distributed generation unit to maintain the instantaneous power
balance of the system and minimize the operating cost in a long
period of time. The degradation on battery lifetime mainly
features on two factors, namely, the aging of cycle life that
reflects the total achievable cycle count of a battery, and the
capacity wear that accounts for the usable energy [17]. Cycling
conditions, such as the number of frequent charging and
discharging, charging and discharging rates and maintenance
schedules, have a great effect on the battery lifetime which may
cease to failure due to accelerated degradation by daily usage.
Even if under proper maintenance and not in use, batteries
would still suffer from certain degree of aging. Apart from
cycling conditions, state parameters also have significant
influences on battery lifetime [ 18]. Excessive high or low state
of charge (SOC) would deteriorate battery charging and
discharging performance. Temperature may have a negative
impact on the battery life as well, that at high temperatures the
decay process will be accelerated. In practical, the temperature
controller is often included in the battery management system.
Therefore, it is assumed that the battery degradation due to
ambient factors can be neglected. As for the effect of charging
rate, its direct impact on battery lifetime is negligible in
comparison of other parameters when battery is operating
within a certain degree of rated current [19].

Based on the above assumptions, the primary determinants
on battery lifetime are the actual full capacity and the depth of
discharge (DOD). There are two general DOD definitions in
the literature in accordance with different cycling events as
shown in Fig. 2(a) and (b). The first is the discharged energy
from the full capacity (100% SOC), and the second refers to a
full cycle consisting of one charging and discharging event
[20]. Unless other specified in this paper, SOC is defined as the
leftover energy compared to the full capacity, and DOD is
defined as the energy in the half cycle of one charging or
discharging event with respect to the full capacity [20], as
illustrated in Fig. 2(c). We also define the actual full capacity
of the battery to be the amount of energy that can be stored at
100% SOC. Note that a cycle event is counted whenever the
operating modes (charging and discharging) switch to the
opposite sides.

Fig. 3 shows a relationship between the number of life



cycles and the DOD of Ni-Cd batteries [19]. The battery
lifetime has the best fitting in the following expression with the
DOD:

Ly(d,)=axd, " xe (1)

where a,b,c>0 are curve-fitting coefficients. As expected,

the number of life cycles decreases with the increasing DOD.
Without loss of generality, this expression is also applied for
other types of batteries with different parameters such as
Lithium-Ion and Lead-Acid batteries [21]. The statistical data
is identified and provided by manufacturing specifications,
however, it should be noted that all charging and discharging
cycles in the statistical data are assumed to be under conditions
with constant DOD, which is apparently impractical because
the batteries are always cycled at various levels of DOD in real-
time operation. Therefore, estimation of battery degradation
cost by using the above information would introduce gross
errors. To the best of our knowledge, however, there is
unfortunately no existing work featuring on direct
relationships of variable DODs and battery lifetime. Therefore,
in order to take the battery degradation cost model in a practical
fashion, it is reasonably assumed that the empirical data of life
cycles is accurate enough to estimate the long-term
degradation effect, in other words, the effect of each charging
and discharging cycle event on the lifetime is irrelevant with
the historical charging and discharging profiles.

Given the actual capacity and DOD as two factors, the
battery degradation model is based on the following premises:

a) The degradation process is considered to be time-linear
throughout the whole battery life; and

b) The degradation cost of each charging and discharging
cycle event with the same level of DOD is the same at different
levels of SOC.

It is noted that operation at too high or low SOC for too long
time would in fact rise the internal impedance and decompose
electrolyte in the battery, leading to capacity loss and power
fade, however such fade in a short term would be insignificant
compared with the degradation caused by chronic charging and
discharging events.

The battery degradation cost model represents a direct
depreciation on its actual capacity and lifetime. Consider a
discharging event starting at time 7=¢, with the average power

P,(¢) for a time interval A¢, the DOD of the battery can be

presented as:

P ()AL
Ey(ty)

where E,(¢,) is the real-time actual capacity at 7=¢, .

dy(ty) = (2)

Considering the charging/discharging efficiency coefficients
n. and 1, , the average degradation cost per unit energy in this

event according to Fig. 1 can be formulated as follows [22]:
C,At

C,.-(t,d,(t))=
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Fig. 3. Relationship of number of lifecycles and DOD of Ni-Cd battery.

Note that it is a levelized degradation cost for each charging
and discharging event at DOD=djp. Therefore, we can get the
corresponding battery degradation cost for this discharging
event by simply multiplying the energy exported from the
battery:

CBDC (toads(to)) = CBAC (t0>d3(to))[;;(to)
_ CyPy(t))At 4)
2Ly (dy(ty)) Ey () 3 (6) 5154
The actual capacity of the battery should be deprecated for

a certain amount after each cycle event. The actual capacity of
the battery at r=t,+A¢ can be recalculated as:

E
B.rated 5
L, (d,(1) ®

, 1s the rated battery capacity. As for the charging

E,(t,+At)=E,(t,)—

where E

B.rate
event, the cost is equal as if the battery is discharging,
specifying an equal degradation effect on the battery. Note that
the effect of the charging and discharging rate on the battery
life will not be considered as a long-term effect, as long as its
current does not exceed the limit defined by manufacturer
specifications. Similar situations will not be further discussed
for other external parameters such as ambient temperature and
maintenance [22].

III. FORMULATION OF THE OPTIMIZATION PROBLEM

A. Problem Statement

The proposed predictive energy management strategy aims
to optimize the power dispatch for a finite period of time in
order to achieve the minimal operational cost in the microgrid.
We consider a discrete-time system which consists of a
nonlinear MPC with a receding time horizon ¢ €T . The total
operational cost of the microgrid which includes the electricity
price of the UG and the battery degradation cost. The
management strategy firstly makes the scheduling over the
whole horizon 7 based on the forecast data including
electricity prices, loads and renewable outputs. By using
forecast data, all future control actions within 7 can be
required, however only solutions within the first time interval



will be utilized. Then, the EMS updates state variables from
solutions and starts the scheduling for the next time interval.

B. Dynamics and Constraints

In practical, State dynamics must be specified for the battery
in terms of capacities and charging/discharging power at all
times. Let P,(¢#) denote the output power of battery. With
charging and discharging efficiencies, the discrete-time
difference equation on the capacity change can be presented as
follows:

Ey(t=1)+ By(0)AMm,,, Py(1)<0
B, (t—1)+ TOAL

Bd

E, (1) = teT (6

P,(1)>0’

Note that the negative output means the battery is charging.

Several constraints should be meet as well. First, the power
balance must be satisfied at all times, which can be formulated
as follows:

B =P, @O+ FO)+ By () + By (1), t €T (7

The inequality constraints include physical limitations on
the power of the UG and the battery. These constraints can be
presented as follows, respectively:

PM(t)< P, (1)< P™™ (1), teT (8)
B (6)< B (t)<B™ (1) teT 9)

Note that when a bidirectional communication is allowed, the
lower boundary is negative because the microgrid can sell
electricity back the UG.

In addition, the capacity limits of the battery can be written
as follows:

EF"()<E,(t)<EJ™(t), teT (10)

C. Problem Formulation

The objective function manifests the operational cost of the
microgrid, which includes the electricity price from the UG
and the battery degradation cost within a predefined
timeframe. The mathematical formulation can be written as
follows:

F: mjn(ZTZCM(t)-i-ZT:CB(t)J (11)

In the above equation, the first term represents the electricity
cost in connection with the UG, which can be expressed as:

Cu (@) =c,(O)xP, (1) (12)

The second term describes the battery degradation cost. Here,
we denote g(?) as the state flag to indicate the transition on the

charging and discharging modes in consecutive time intervals,
and E (t) as the accumulative energy in kWh before the
operating mode of battery has been changed. g(¢) can be
described by the following equation:

if P()xP,(t-1)<0

15
g(’):{o, if PAOXPy(t=1)>0 ()

Correspondingly, we can get accumulative energy calculated
as

. (14)
P, (t)xAt, if g(t)=1

Using E (1) in consecutive time intervals, the battery

E.(0)= {E”(t—l)+PB(t)><Az, if g(t)=0

degradation cost can be derived as in the following expression:

t t—1 .
CDC([’ £0) )_CDC([’M)’ if Ea(t) =0
Ey (1) Ey(1-1)

Cy(0) = 2(0) 15)

t,=>——), if E(t)=1

e E( t)) if E, (1)
Thus, the formulation of the optimization problem can be
expressed as follows:

F: min[iCM(t)+iCB(t)j

st. (5)~(9),(12) ~ (15)

(16)

IV. CASE STUDIES

In this section, case studies under different scenarios are
conducted to demonstrate the proposed predictive EMS with
battery degradation cost. The simulation is conducted for a 48h
horizon and the time interval is set to be 1h. The forecast error
associated with RES is adopted with the standard deviation
from 10% to 40% at the time terminal of the predictive horizon.

A. Case 1: Pricing Schemes

In case 1, two types of pricing schemes including time-of-
use pricing and real-time pricing are considered in different
scenarios. In the time-of-use pricing, the electricity price is set
as 0.1$/kWh during off-peak hours (hour 0-8 and 18-23) and
0.25$/kWh at on-peak hours (hour 9-17). In the real-time
pricing, the hourly data is adopted by weighting the half hourly
data from May 2013 to April 2014 in Energy Market Company
of Singapore [15]. We also determine the selling price as 80%
of the electricity price both pricing schemes. To make a
comparison, we also conduct two scenarios in which no battery
degradation cost will be considered in the formulation.
However, the cost due to charging and discharging losses will
be added instead.

Results of the optimal dispatch of all scenarios are shown in
Fig. 4. As expected, in the time-of-use pricing scheme, the
battery operation is mainly scheduled by the electricity price
that the battery is charging during off-peak hours and
discharging during on-peak hours as seen in Fig 4(a) and (b).
In addition, when the battery degradation cost is implemented,
excessive energy generated by the RES from hour 10 to 13 is
sold back to the UG. In the real-time pricing scheme, similar
results can be also illustrated that the battery has more sensitive
responses to high electricity prices at hour 11 and 16 when the
battery is quickly discharged. When the electricity price is
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relatively low from hour 16 to 32, as shown in Fig. 4(c), the
battery is charged to ensure enough energy can be discharged
in next following hours.

By comparing the dispatch strategies with and without the
implementation of the battery degradation cost, it can be also
observed in Fig. 4 that the battery is frequently cycled without
the degradation cost. Fig. 5 shows the SOC changes in all
scenarios that the scheduling without the degradation cost
results into large variations on cycling events, which is not
beneficial for the battery life.

The average hourly operational operational cost and the

TABLE 1. Average hourly operational and degradation cost in all scenarios.

Scenario Operational Ba_ttery

cost ($) degradation cost ($)
TOU with degradation cost 0.2955 0.0176
TOU without degradation cost 0.2982 0.0264
RT with degradation cost 0.5118 0.0209
RT without degradation cost 0.5349 0.0540

battery degradation cost in all scenarios are presented in Table
1. It shows that the operation cost and battery degradation cost
have been both significantly decreased when the degradation
process of battery has been considered into the formulation.
Note that the battery degradation cost is calculated based on
the operation scheduling even in scenarios which do not
include the formulation of the degradation cost.

B. Case 2: Prediction Horizon

In case 2, we consider six time lengths of prediction horizon
from 6h to 96h to show the effects on the operational strategies,
respectively. In addition, we adopt the time-of-use pricing
scheme for all the scenarios.

The SOC of the battery in 48 hours with different prediction
horizons is depicted in Fig. 6(a). It is observed that the optimal
operation scheduling of battery is influenced much when the
prediction horizon is low, however when it reaches a certain
degree (24h), the SOC change becomes much less significant.
The operational cost and the battery degradation cost are
shown in Fig. 6 (b) and (c), which shares very similar changing
patterns that high levels of details on prediction horizon
provides less variation on costs. However, it is shown in Fig.
6(d) that despite of the length of prediction horizon, the total
operation cost in 48 hours does not have great variations, while
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a significant decrease on the battery degradation cost has taken
place with the increasing prediction horizon.

V. CONCLUSION

In this paper, we proposed a predictive EMS in a microgrid
with the battery considering its degradation cost. We addressed
the optimization problem in the way that the minimization of
the operational cost of the microgrid can be achieved. The
battery degradation cost model was introduced to feature the
long-term installation cost into short-term scheduling
problems. Following the battery degradation cost model, the
predictive EMS is developed, in which the total operational
cost of the microgrid is minimized in a finite time horizon. The
proposed EMS is applied to a microgrid which includes the
PCC to the UG, the battery, a RES system and aggregated load,
and the effectiveness of the proposed EMS is illustrated by
case studies.
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