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Abstract— Because of different technical and economical 

concerns, battery is happened to be an inevitable part of a 
microgrid as well as the most expensive component. This fact 
brings up the necessity of a real-time power management to 
guarantee the maximum possible battery lifetime based on the 
final cost of energy. In this way, this study attempts to present a 
real-time management framework for a grid-tied microgrid 
based on battery life and cost estimation. In order to verify the 
effectiveness of the proposed framework, a grid-tied commercial 
microgrid, which is equipped with wind turbine, PV solar panels 
and Li-Ion battery package, is optimally sized by HOMER® and 
dynamic models of different components have been developed in 
MATLAB/Simulink®. Then, simulation study has been carried 
out for a year on the system. All data such as load demand, wind, 
temperature, solar radiation, and time-based electricity tariff are 
grasped from different places for a year. Results show that the 
proposed framework effectively extends the battery lifetime 
while slightly decreases the cost of energy for customer. 
 

Index Terms—Li-Ion battery, grid-tied microgrid, real-time 
power management. 
 

I. NOMENCLATURE 

RL  Battery cycle life at rated DoD and discharge 
current. 

RD  DoD for which rated cycle life was determined. 

RC  Rated ampere-hour capacity at rated discharge. 

0u , 1u , 
and 2u  

Coefficients of the DoD fitting function. 

D Actual DoD. 
AC  Actual capacity at discharge current. 

actd  Ampere-hour of the discharge event. 
T System operation time, day. 
AC Annualized Cost, $/year. 
RBC Rated Battery Capacity, kW. 
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CC Capital Cost, $/kW. 
RC Replacement Cost, $/kW. 
SFF Sinking Fund Factor. 
CRF Capital Recovery Factor. 
O&MC Annual Operation and Maintenance Cost, 

$/kAh/year. 
f Inflation rate, %. 
i Actual interest rate. 
inom Nominal interest rate, %. 
NO. rep Number of Replacement of the battery, round (Yproj 

/ Yrep). 
Yproj Useful lifetime of the project, year. 
Yrep Useful lifetime of the battery calculated by BLE, 

year. 
PW Wind power, kW. 
PPV PV solar power, kW. 
Pgrid Scheduled power from the grid, kW. 
Pload Load demand, kW. 
SoC State of Charge of the battery, %. 
 

II. INTRODUCTION 
ICROGRID is an emerging technology which promises 
to achieve many simultaneous goals for power system 
stakeholders, from generator to consumer [1]. Its 

framework offers a mean to capitalize on diverse energy 
sources in a decentralized way, while reducing the burden on 
the grid by generating power close to the consumer. Since 
microgrid with distributed generation (DG) systems fall within 
city load centers (<69 kVA) at electric utility substations, near 
feeders, within neighborhoods, and at industrial, commercial, 
and residential customer locations [2], storage devices such as 
battery are necessary to: 

• Manage electric grid peak demand 
• Improve reliability and outage mitigation, compensate for 

intermittent power generation from DGs 
• Provide ancillary services specifically in islanded mode 

of operation 
• Increase electric grid load factor and utilization via the 

smart grid. 
 As a result, storage devices are immediate components of 

microgrids as a mean to achieve high penetration of 
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intermittent renewable energy resources into the grid. 
According to [2], the desired size of the energy storage device 
for distributed energy storage systems (DESS) application is 
25-200 kW 1-phase and 25-75 kW 3-phase while its duration 
and desired lifetime are 2-4 hours and 10-15 years, 
respectively. The desired values in the case of commercial and 
industrial (C&I) energy management are 50-1000 kW in size, 
3-4 hours duration, and 15 years lifetime [2]. Based on these 
facts, different battery technologies, such as Lithium-Ion 
batteries, can be promising candidate for these applications.  

The available power from renewable energy components, 
particularly wind turbine, is highly variable and somewhat 
random. Consequently, batteries in hybrid power systems, 
whether in DESS or C&I energy management applications, 
experience a very irregular pattern of charge and discharge 
cycles. On the other hand, it is well-known that battery life 
depends on discharge pattern. Therefore, managing discharge 
pattern is a promising approach to battery life maximization. 
Since one can say that maximum battery lifetime can be 
achieved (i.e. the nominated lifetime) when it always kept 
idle, there should be a rational definition for maximum 
lifetime of the battery. In this research, this term is defined as 
the maximum possible battery lifetime by taking the cost of 
energy in to consideration at each time step of management. In 
other words, the maximum battery lifetime is beneficial as 
long as the cost of the energy provided for the customer is 
minimum at the time of management.  

While most research has been focused on optimal sizing 
and unit commitment of such systems [3], few deal with real-
time management of a hybrid energy system [3]. To the best 
knowledge of the authors, none have addressed the same 
concern in the management problem. This paper attempts to 
introduce a management framework to achieve maximum 
battery lifetime based on battery life estimation and the price 
of energy. The proposed procedure is developed for the grid-
tied microgrids which include wind turbine and PV solar 
panels as generation assets and Li-Ion battery as storage 
device. The system is optimally designed using HOMER® 
with real wind speed, solar radiation, grid electricity price, and 
load demand data. Since unit commitment problem is beyond 
the scope of this study, the scheduled grid power in real-time 
simulation is taken to be the same as the output grid power 
from HOMER®. Then, dynamic model of each component for 
the designed system is developed in MATLAB/Simulink®. 
Various power management strategies are then implemented 
on the dynamic model of the microgrid with actual data for a 
year. Eventually, results are compared.  

Rest of the paper is organized as follows: In Section III, the 
proposed power management framework is discussed. Then, 
the battery life estimator (BLE) is presented in Section IV. 
Section V is devoted to mathematical formulation of the cost 
of energy from battery (CEB). Finally, simulation results for 
different part of the proposed framework are shown in Section 
VI, followed by the conclusion in Section VII.  

III. PROPOSED REAL-TIME POWER MANAGEMENT 
FRAMEWORK 

Batteries are usually equipped with battery management 
system (BMS) which is defined as any electronic device that 
manages a rechargeable battery (cell or battery pack), by 
monitoring its state, calculating secondary data, reporting that 
data, protecting it, controlling its environment, and/or 
balancing it. However, there is no real-time supervisory power 
management system on the top level of microgrid to regulate 
battery discharge in order to maximize its lifetime. While 
battery is usually the most expensive part of such systems at 
the time of installation, and needs frequent replacement 
despite other components, a real-time power management 
seems tremendously helpful to guarantee the appropriate use 
of battery. Generally, real-time management strategy performs 
at a smaller time interval, e.g., every few seconds or minute. 
Results of such systems are the power share between different 
generation and storage assets.  

In one hand, real-time management operates on existing 
system with certain amount of DG resources and storage 
devices. On the other hand, it is well known that power from 
PV and wind is almost free after installation because of no 
fuel cost. Thus, it is beneficial to capture all available power 
from wind and PV. Therefore, the real-time management 
problem is reduced to power sharing between battery and grid. 
Grid power is available from the grid at time-of-use rates, and 
is limited to a maximum of 40kW. The reason could be a weak 
distribution system, lack of enough generation, and/or low 
capacity of different equipements such as overhead lines 
and/or transformer. As mentioned earlier, the purchased 
power from the grid is scheduled a day ahead as unit 
commitment problem. In this study, the authors are not 
dealing with the unit commitment problem. Therefore, the 
scheduled power from the grid is considered as a known input 
parameter in to the management system. The battery will be 
charged only in the case of excess power from PV and wind. 
In other words, battery will not be charged by the power 
purchased from the grid.  

Replacement cost is the most effective factor in the CEB 
calculation. Based on the discharge pattern, batteries need to 
be replaced periodically to maintain system performance. 
Therefore, it can be concluded that the CEB depends on 
battery aging which directly depends on discharge pattern. As 
a result, the power management should decide upon the 
discharge pattern and the associated lifetime and cost. Since 
maximum possible life of the battery occurs when battery is 
kept idle (which is not reasonable), there should be a 
competing objective. Final cost of energy is considered as the 
competing objective in this paper. The general schematic 
block-diagram of the energy management unit (EMU) with 
different components of grid-tied system is shown in Fig. 1. In 
order to calculate the cost of energy from the battery, it is 
anticipated to calculate the number of its replacements during 
the lifetime of the project. As a result, it is required to estimate 
the battery lifetime based on the discharge pattern up to the 
point of management. Therefore, the management strategy 
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starts with the battery lifetime estimation, which is shown as 
Battery Life Estimator (BLE) unit, Fig. 1. Consequently, the 
CEB will be estimated, in $/kWh. Eventually, the decisions 
will be made based on the defined secondary management 
(SM) strategy between battery and grid. Any scenario, such as 
the ones defined in this study or heuristic optimization, can be 
defined as SM block for battery discharging.  

 

~

Fig. 1. Schematic diagram of the management framework. 
 
Since the overall management system is responsible for 

both charging and discharging of the battery, the proposed 
framework is broken into two hierarchical steps as follows: 

• Primary Management (PM): In this step, primary 
decisions about power flow between generation 
resources and the energy storage unit will be made based 
the information from different generation assets, battery 
state of charge (SOC) and availability of the grid. This 
part of the management is shown in Fig. 2. 

• Secondary Management (SM): Whenever discharging 
battery or purchasing extra power from the grid is 
required, the decision will be made by the proposed 
scenarios in order to extend the battery lifetime based on 
the final price of energy for the customers.  
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Fig. 2. PM schematic diagram. 

IV. BATTERY LIFE ESTIMATOR, BLE 
In this section, the applied BLE technique is described in 

details. Different techniques in literatures are developed for 
battery life estimation; however most of them show at least 

one of the following critical shortcomings for the purpose of 
this study: 

• Complicated, slow, and time consuming techniques [4], 
[7] 

• Requiring detailed information about battery 
performance which is not usually available in battery 
datasheets [5], [6], [8], [9], [10], and [11] 

• Large estimation intervals, with significant error [7], [10] 
• Valid for a certain type of batteries [5], [6] 
In this study, a battery life prediction technique which is 

introduced in [12] and [13] is used. This technique is based on 
the three premises which have been developed in [14]. 
Varying depths of discharge and varying rates of discharge are 
considered as two primary determinants of battery life in this 
technique. Assuming the presence of environmental controls, 
temperature-based battery aging can be ignored. A significant 
feature of this technique is that it bases its analysis on battery 
performance and cycle life data provided by the manufacturer, 
supplemented by a limited amount of empirical test data. The 
present battery lifetime estimator also eliminates the need for 
an electrochemical model of the battery [12]. The principle 
ideas of this technique are introduced in the following 
premises: 

 Premise 1: Each cell has a finite life [12]. It will reach 
the end of its useful life when the cumulative effective 
ampere-hours of individual effective ampere-hours 
corresponding to a series of discharge events equal the rated 
charge life of the cell. The rated charge life is given as [12]: 

R R R RL D CΓ = . .                                                       (1) 
 Premise 2: The actual charge life of the cell is a function 

of the DoD. Therefore, the effective ampere-hour discharge in 
a given discharge event may be more or less than the actual 
discharge based on the actual DoD. In order to determine this 
functional relationship, the following function has been used 
to perform the best fit to the cell cycle life data vs. DoD [12]: 

0u
R

2 1
R

D DL u u 1
D D

⎛ ⎞⎛ ⎞⎛ ⎞= −⎜ ⎟⎜ ⎟⎜ ⎟ ⎜ ⎟⎝ ⎠ ⎝ ⎠⎝ ⎠
.exp                   (2) 

Different methods can be applied to perform the curve 
fitting. Two different methods have been used in this study 
including particle swarm optimization (PSO) [3] and non-
linear least square (NLLS) method from MATLAB curve 
fitting toolbox. It is shown in [3] that PSO, as a heuristic 
optimization technique, is able to achieve optimal solution in a 
small fraction of a second. Also, NLLS is a popular regression 
method which has been used in [12] and [13]. The results of 
curve fitting are shown in simulation results. 

Premise 3: The charge life of the cell, Γ, drops whenever 
the cell is discharged at a rate faster (higher discharge current) 
than the rated rate. Furthermore, the reduction in life will have 
a close functional relationship to the observed reduction in 
ampere-hour capacity with increasing discharge rate [12]. This 
effect can be expressed fairly accurately by the following two-
parameter function: 
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0v
R R

eff 1 act
A A

C C
d v 1 d

C C
⎛ ⎞⎛ ⎞ ⎛ ⎞

= −⎜ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟⎝ ⎠ ⎝ ⎠⎝ ⎠
.exp .            (3) 

Since battery manufacturers typically conduct battery life 
testing at a single discharge rate, usually the rate for which the 
cell's rated capacity is given, enough data is not available to 
determine the parameters 0v  and 1v . Therefore, the effect of 
discharge rate will be estimated using a simplified form of Eq. 
(3) where 0v  is set equal to 1 and 1v  is set to 0: 

R
eff act

A

C
d d

C
⎛ ⎞

= ⎜ ⎟
⎝ ⎠

.                         (4) 

In order to calculate AC  related to each discharge event, 1-
D cubic spline interpolation has been applied in this study. 
Using (2) and (4), the effects of DoD and discharge rate are 
combined simply by multiplying the factors as follows [12]: 

0u
A A R

eff 1 act
R R A

D D C
d u 1 d

D D C
⎛ ⎞⎛ ⎞ ⎛ ⎞ ⎛ ⎞

= −⎜ ⎟⎜ ⎟ ⎜ ⎟ ⎜ ⎟⎜ ⎟⎝ ⎠ ⎝ ⎠ ⎝ ⎠⎝ ⎠
.exp . .            (5) 

Eq. (5) gives the effective discharge for a single discharge 
event. In order to estimate the lifetime of a battery which has 
been exposed to a series of discharge patterns, accumulative 
effective discharge is required. Finally, lifetime of the battery 
can be calculated as follows [12]: 

R R R
time n

eff i
i 1

L D C
L T

d
=

=

∑ ,

. .
.                                 (6) 

The procedure of battery life estimation is shown in Fig. 3. 
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Fig. 3. BLE model in a single block-diagram. 

V. COST OF ENERGY FROM BATTERY (CEB) CALCULATION 
The number of battery replacements over the lifetime of the 

project can be calculated from the estimated battery life. In 
this study, the following cost model is used to calculate the 
CEB [15] and [16]. Note that the cost of charging the battery 
is zero is assumed to be free. 

( ) ( ){ }
( )

rep proj

n

AC RBC CC RC SFF i Y CRF i Y

RBC O MC 1 f

⎡ ⎤= × + × × +⎣ ⎦

× × +

, ,

&
 (7) 

Where, 

( )
( ) rep

NO rep

rep n Y
n 1

1SFF i Y
1 i ×

=

=
+

∑
.

,                                           (8) 

( ) ( )( ) ( )( )proj projY Y
projCRF i Y i 1 i 1 i 1= × + + −, /                   (9)  

( ) ( )nomi i f 1 f= − +/                                                         (10) 
The capital cost and O&MC of the battery are derived from 

[2] and [16], respectively. The capital cost of battery is 
dependent on its application [2]. For commercial building 
application in the range of 25-50 kWh, it is $4240/kW in 
average (the actual price varies from $2800 to $5600 /kW) 
[2]. Since the capital cost includes cost of battery, power 
electronics, cost of installation, step-up transformer, smart-
grid communication and controls, and grid interconnection to 
utility, the replacement cost is considered to be 60% of  the 
capital cost [2]. For O&MC, the given value in [16] is used 
which is equal to $50 /kAh/year. Additionally, the nominal 
annual interest and inflation rates are assumed to be 3.5% and 
1.5%, respectively. In order to compare the cost of electricity 
from battery with that from grid, the cost of battery is 
translated to $/kWh instead of $/year. Thus, the cost of 
electricity from battery is expressed as follows: 

( )CEB AC 8760 RBC= ×/     [$/kWh]                      (11) 

VI. SIMULATION RESULTS 
In this section, simulation results for different parts of the 

proposed management framework are presented and 
discussed.  

A. Results of curve fitting and interpolation 
In this study, the Intensium Flex High Energy Lithium-Ion 

battery pack from SAFT company [17] is considered as 
storage device. The cycle life of the battery is plotted against 
DoD of the battery package in Fig. 4.  

 
Fig. 4. Cycle life vs. DoD for Intensium Flex High Energy Li-Ion battery, 

SAFT Company. 
 
Capacity at actual discharge current of interest is 

determined using the amperes in discharge tables commonly 
included in battery specification. Table I shows actual 
discharge current for different discharge time duration for the 
battery used in this study.  

 
Table I: Amperes on Discharge table for Intensium Flex High 

Energy Li-Ion battery, SAFT company. 
 Duration (min) 

Rated Capacity 1 10 30 60 180 300 
45 A.h 197.92 131.25 75 40.62 14.17 9 
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As mentioned in Section IV, curve fitting on the data 
provided in Fig. 4 is required to determine the coefficients of 
the function in Eq. (2).Fig. 5 shows the curve fitting results 
using PSO and NLLS.  
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Fig. 5. Curve fitting results for two different methods. 

 
The root mean square error (RMSE) of the curve fitting is 

0.124 and 3.509 for PSO and NLLS methods, respectively. 
This error is defined as follows: 

2 2 2
1 2 nx x x

RMSE
n

+ + +
=

L
                                      (12) 

Where nx  is the error between data sample n and the value 
obtained by fitted curve. It can be concluded from Fig. 5 and 
the RMSE that the results from PSO are far better than the 
results from NLLS method. As a result of using PSO, battery 
lifetime estimation will be more accurate which results in a 
more accurate calculation for the cost of battery.  

As discussed earlier, the value of discharge current has 
significant effect on battery aging. This impact is evaluated in 
Eq. (4) which requires data interpolation at certain discharge 
current using the given table from manufacturer (see Table I). 
Results of interpolation for Table I and a sample interpolated 
discharge current are shown in Fig. 6. As expected, the 
capacity of the battery diminishes when the discharge current 
increases. Based on theory, this effect nonlinearly increases 
for higher discharge current, shown in Fig. 6. 

B. BLE and CEB test 
Unfortunately, there was no experimental data available for 

battery discharge profile (current and duration) to test the 
BLE. Therefore, an arbitrary discharge profile is generated 
based on current and duration for a day which is reported in 
Table II. The discharge pattern is repeated for 100 days. The 
goal is to show the impact of curve fitting algorithm on battery 
life estimation and consequently the associated cost. It is 
assumed that the primary management keeps the battery in full 
SoC, thus enough power is always available to discharge. 
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Fig. 6. Actual capacity of the battery at different discharge currents. 

 
Total discharge time of the battery during a day is 165 

minutes which is less than 3 hours a day. Different high power 
and energy pulses are considered in this pattern. Also, the 
discharge current is always kept below the critical value 
reported in Table II. 

Table II: The discharge pattern for a day. 
Time, min 1 1 1 2 2 3 4 4 5 
Current, A 100 150 130 120 110 30 40 40 50 
Time, min 5 5 10 11 11 20 20 30 30 
Current, A 90 80 60 20 50 60 70 50 65 

 
The BLE has been performed for different ratios of current 

and time duration in Table II, and each experiment has been 
carried out for NLLS and PSO. In Fig. 7, results obtained 
from both NLLS and PSO are shown when the discharge 
current is scaled from 90% to 130% of the values in Table II, 
while the time duration is constant. It can be seen from Fig. 7 
that the estimated values from NLLS and PSO follow the 
same trend. However, the estimated values are significantly 
different at each point. In other words, error in BLE using 
NLLS approach can easily lead the CEB calculation to 
significant error. 
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Fig. 7. Battery life estimation for different currents, obtained from the curve 

fitting with NLLS and PSO. 
 
For the discharge pattern reported in Table II, the associated 

cost of the electricity from battery is calculated for both curve 
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fitting tools used in this study, NLLS and PSO. The useful 
lifetime of the project is considered to be 20 years. The battery 
cell has rated capacity of 45 Ah at 48 V as nominal voltage. 
The rated DoD is 80% based on the information provided by 
the company [17]. 

Fig. 8 shows the CEB for different ratio of discharge 
currents. Since the estimated battery lifetime in the case of 
PSO method is lower than those from NLLS method (Fig. 7), 
calculated cost of the energy from battery will be higher for 
PSO in comparison with NLLS method.  
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Fig. 8. CEB for different discharge currents, obtained from the curve fitting 

with NLLS and PSO. 
 

Also, another simulation study has been performed on the 
proposed BLE model. In this case, the current is kept constant 
and the time duration of each discharge has been changed 
from 80% to 120%. Both NLLS and PSO have been applied 
for curve fitting. Results are shown in Fig. 9. 
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Fig. 9. Battery life estimation with different time duration, obtained from the 

curve fitting with NLLS and PSO. 
 
The same observation can be made in this case as well. 

Since NLLS method presents significant error in curve fitting, 
it will result in a significant error in the battery life estimation 
which can be seen in Fig. 9. 

In Fig. 10, the CEB is shown when discharge current is 
constant and the time duration of discharge pattern changes. It 
can be seen that the estimated CEB in the case of PSO are 
higher than the ones from NLLS for the same reason. 
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Fig. 10. CEB for different discharge time duration, obtained from the curve 

fitting with NLLS and PSO. 

C. The proposed management framework 
In order to test the proposed management framework and 

its effectiveness, a grid-tied microgrid includes wind turbine 
and PV solar panels as generation resources and Lithium-Ion 
battery pack as storage device is applied. The microgrid has 
been optimally sized with HOMER® considering the fact that 
the battery is not allowed to be charged by the grid. Also, the 
power purchased from the grid in the output of the HOMER® 
is used as scheduled hourly power from grid. Basically, this 
has to happen based on unit commitment problem at the 
beginning of each day for the day ahead. Since unit 
commitment methods work only in hourly basis with 
predicted load demand and renewable power generation, there 
is always a power mismatch in real-time operation of the 
system operation. Real-time power management is the only 
solution to avoid power mismatch and keep the system stable. 
The size of the system is as follows: 

 Wind turbine: 20 kW 
 PV solar panels: 40 kW 
 Lithium-Ion battery: 38.8 kWh 

The battery specification is given in Table III. Also, the 
system configuration can be seen in Fig. 1. Wind speed, PV 
solar radiation, temperature, and load demand data are actual 
minute-by-minute data. The load demand is grasped from a 
commercial building. The average load demand during a year, 
the peak load and load factor are 34.7 kW, 63.8 kW, and 
0.546, respectively. For real-time power management, the 
dynamic model of each component has been developed in 
MATLAB/Simulink including all power electronic interfaces 
and controllers.  

Table III: Intensium Flex High Energy Lithium-Ion battery 
specification. 

Nominal voltage of each pack, V 48 
Capacity (C/3), Ah 45 

Lifetime at +20 oC perm, year 20 
Lifetime at +40 oC, year >10 

Cycle life (80% DoD, 20 oC) 3000 
NO. of pack in series, and parallel 6, and 1 

Also, time-based electricity tariffs are considered in this 
study as reported in Table IV.  
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Table IV: Cost of electricity from grid. 
Peak Summer1 $0.16489 /kWh 

Part-Peak Summer2 $0.06595 /kWh 
Off-Peak Summer3 $0.03298 /kWh 
Part-Peak Winter4 $0.05334 /kWh 
Off-Peak Winter5 $0.03556 /kWh 

1 12:00 noon to 6:00 p.m. Monday through Friday (except holidays) 
2 (8:30 a.m. to 12:00 noon) AND (6:00 p.m. to 9:30 p.m.) Monday 
through Friday (except holidays) 
3 9:30 p.m. to 8:30 a.m. Monday through Friday AND All day 
Saturday, Sunday, and holidays 
4 8:30 a.m. to 9:30 p.m. Monday through Friday (except holidays) 
5 9:30 p.m. to 8:30 a.m. Monday through Friday (except holidays) 
AND All day Saturday, Sunday, and holidays 

 
As SM strategy in the proposed framework, three different 

scenarios are introduced in this study. The decisions from 
management framework are updated every minute to 
determine the share of power between battery and the grid. 
The simulation has been carried out for a year for each 
scenario. 

CASE I. If the SoC of the battery is greater than 20% (since 
the rated DoD of the battery is 80% [17]), the battery should 
certainly provide the required power. Otherwise, the grid will 
provide the required power. 

CASE II. If the SoC of the battery is greater than 20% and 
the CEB is less than the cost of energy from the grid, battery 
should meet the demand. Otherwise, the grid will provide the 
required power. 

CASE III. In this case, it is assumed that there is no way to 
discharge the battery. Therefore, required power will be 
purchased from the grid no matter what its cost is.  

Different other scenarios can be defined as SM such as 
heuristic optimization-based methodologies. For each case, 
simulation with the same data has been performed for a year 
and the results are shown in the following. Note that in CASE 
III, the battery has not been used. Therefore, the CEB and its 
lifetime is not important anymore and are not shown in results.  

In Fig. 11, the battery life estimation for CASEs I and II is 
shown. In CASE I, the battery ages faster due to the more 
frequent usage. Therefore, it is expected to see a higher CEB 
in CASE I compared to CASE II, which can be seen in Fig. 
12. At the beginning of the estimation, rapid variations can be 
observed due to lack of enough discharge information for 
estimation. However, the estimation is gradually converging 
along the time of the simulation.  

In Fig. 11, it can be seen that the estimated battery lifetime 
in CASE II is varying quickly. These variations are the result 
of the battery life estimation which is very close to 20 years. 
Whenever the battery life estimation drops below 20 years, 
replacement cost for at least one battery will be added to the 
energy cost resulting in the variations shown in Fig. 12.  

The accumulative CEB based on the battery usage for 
CASES I and II are shown in Fig. 13. Due to the increase of 
the battery life in CASE II, the cost of energy is reduced in 
this case which eventually results in a lower cost for the 
consumer. 
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Fig. 11. Battery life estimation for CASES I and II for a year. 
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Fig. 12. CEB per kWh for a year. 

 
Note that in both CASES, total load demand has been met 

either by the power from battery or the grid. However, the 
aggregated payment by the end of the year in CASE I is 
almost twice of the payment in CASE II. These results show 
the effectiveness of the proposed management framework in 
extending the battery lifetime and reducing the cost of energy 
for the consumer. 
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Fig. 13. Accumulative cost of controlled power during the year. 

 
The total electricity payments for the controlled power at 

the end of the year for different CASES are presented in Table 
V. Respect to the controlled power final payment in CASE III, 
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a percentage of money has been saved in CASES I and II 
which are presented in Table V. In other words, it can be 
observed that the proposed management framework for 
CASES I and II, offers money saving at the end of the year. 
Also, the total payment (for controlled and uncontrolled 
power) at the end of the year has been improved 0.42% and 
0.85% for CASE I and CASE II, respectively respect to CASE 
III. Due to relatively small size of the battery compared to 
other components in the microgrid, a small amount of load can 
be met by the battery, and the grid has the biggest share in 
providing power to the load. Therefore, the percentage of 
money saving is not significant. For a system with a larger 
battery, this percentage could increase remarkably.  

 
Table V: controlled power cost in each case and percentage of 

savings. 
 Battery payment, $ % of money saving 

CASE I 588 9.26 
CASE II 527 18.67 
CASE III 648 -- 

VII. CONCLUSION 
Storage devices are an integral part of any microgrid, 

technically and economically. Also, batteries are always 
known as the most expensive part of microgrids. In this study, 
a power management framework is proposed for a grid-tied 
microgrid with battery as storage device. The goal of the 
proposed management framework is extending the battery life 
and reducing the cost of the energy for the consumer. 
Simulation results show that both goals have been achieved 
through the proposed power management framework within 
three different scenarios.  
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