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Abstract: The continuous increase of the penetration of distributed generation in the distribution
network poses more severe challenges for its full accommodation. In this context, an energy storage
system can be installed to enhance the ability to accommodate renewable energy because of its high
flexibility. However, the investment cost of brand new energy storage equipment is so high that the
widespread application of storage system in the distribution system has been limited. This article
proposes a method, which aimed at optimizing energy storage dispatching in a distribution network,
and takes the use of second-use electric vehicles (EV) batteries into account. A calculation model of
power battery second-use capacity was established, the upper and lower bounds of the initial
capacity of second-use energy storage system (SUESS) can be determined after the reorganization
of the retired batteries, and then a multi-objective optimal dispatching model for the distribution
system with SUESS can be established with reference to the capacity attenuation model and the
daily mileage statistics model of the electric vehicle. The case study results show that configured
SUESS in the distribution network can not only meet the needs of the distribution network to fully
accommodate distributed generation, but also delay the upgrade of the distribution network.
Keywords: second-use; electric vehicle batteries; battery capacity degradation; distribution network;
renewable hosting capacity

1. Introduction
The rapid development of distribution network is inseparable from the important role that
energy storage system plays in the solving problem that distributed power sources connect to grid.
An energy storage system can be installed to effectively increase the system stability due to the large
fluctuations and uncertainties of distributed power output. In addition, it can also effectively enhance
the ability to accommodate renewable energy. At the user load side, the energy storage system can
adjust the node voltage level, improve power quality, and optimize the power flow management of
the distribution network [1,2]. The system also has some other applications that can be used, such as
in electric vehicles, rail transit, and other industries.
Energy storage devices can be used as ‘loads’ and ‘power sources’. Their dual attributes make
energy storage devices a buffer source for power sources, which can ensure the stable and efficient
output of distributed power sources, and serve as a backup ‘power source’ for power grids. At the
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same time, it can effectively guarantee the reliability of power supply and enhance the ability to
accommodate renewable energy. Distributed power sources and storage system work together to
solve the problem of higher power supply costs in remote areas. Energy storage devices greatly
alleviate the shortage of power supply distance capability of large power grid systems, reduce system
power supply costs, and reduce system failure rates. What is more, it is important that energy storage
can be converted between two attributes, which can flexibly control its operation mode, and the
response speed is very fast. In terms of the storage technology, it is widely used in the power system
and can be used to connect new energy to the grid. It can be used to cut peaks and fill valleys, adjust
frequency, provide backup, and improve the power grid's ability to absorb renewable energy [3].
In recent years, energy storage has received increasing attention, and the types of energy storage
have been increasingly used, such as flywheel energy storage, compressed air energy storage, and
electrochemical energy storage and electromagnetic energy storage. Nowadays, the number of new
energy electric vehicles in China is increasing [4]. When the actual capacity of electric vehicle batteries
is lower than a certain limit of rated capacity, it is difficult to meet the power needs of electric vehicles
[5]. In terms of the retired batteries, the direct elimination of batteries will cause serious batteries
recycling waste. Although decommissioned power batteries cannot meet their performance
requirements in the field of electric vehicle applications, it can play its role on other occasions. The
field of energy storage is one of the most important uses, such as for renewable energy power
generation, peak-cutting and filling of smart grids, micro-grids, electric vehicle charging and
replacing stations, and home backup power sources [5]. From the perspective of electric vehicles, the
cost of power batteries accounts for almost one-third of the total cost of electric vehicles.
One of the most common functions of energy storage system is to improve the grid's ability to
absorb renewable energy [6,7], but the widespread application of energy storage system in the power
grid has been limited due to some factors. The biggest obstacle to distributed energy storage systems
participating in grid operations is the high cost of batteries. Electric vehicles can participate in the
optimal dispatch of the dispatch network [8,9] and the retired battery can be used to form an energy
storage system. The contradiction caused by the high cost can be greatly alleviated if the cost of the
battery can be reduced and the performance requirements in the energy storage field can be met.
The retention capacity of power battery will decrease as the number of cycle increases, and a
battery residual capacity value model is established [10,11]. Reference [12] proposes a capacity
decrease calculation model method that considers second-use electric vehicles batteries and used the
low-cost electric vehicle retirement batteries to form an energy storage system. Reference [13]
analyzes that, if the charge and discharge capacity of the retired power battery drops to 70–80% of
the nominal capacity, the battery will be retired, and its battery will be recovered, disassembled,
screened, and reorganized. A new energy storage system has been formed and applied to the optimal
dispatching of the distribution network, which has greatly reduced the cost of energy storage system
and enhance the ability to accommodate renewable energy. What is more, as a controllable load, the
energy storage device can enable the distribution network to accommodate more renewable energy.
Reference [14] proposes using energy storage devices to reduce the uncertainty of renewable energy
sources and maximize the benefits of the distribution network by cutting peaks and filling valleys.
Reference [15] proposes an optimal energy storage configuration scheme that solves the voltage limit
of the distribution network, which reduces the working pressure of transformer taps and reduces the
network losses. Reference [16] studies the ability of energy storage systems to alleviate line congestion.
Therefore, this paper calculates the capacity retention rate that is based on the number of charge
and discharge cycles of the electric vehicle power battery, and determines the initial capacity limits
of second-use energy storage system (SUESS) after the composition, and realizes the stepwise
utilization of the electric vehicles power battery. Subsequently, the SUESS comprising the power
battery is connected to the photovoltaic (PV) power in the distribution system, and the fluctuation of
PV output is smoothed by charging and discharging of the SUESS. The main contributions of this
paper can be summarized, as follows:
(1) When compared with most of the previous works on distribution network operation with
brand-new energy storage system, this paper proposes an optimal distribution system scheduling

Electronics 2020, 9, 552

3 of 18

model that considers the integration of the second-use electric vehicle storage. Especially, this paper
proposes a multi-objective distribution system scheduling optimization model for hosting capacity
maximization of renewable energy with the coordination of charging and discharging strategy of the
second-use electric vehicle storage.
(2) This paper innovatively proposes a critical capacity retention calculation model to model the
dynamic capacity retention rate for second-use electric vehicle storage. Specifically, the number of
battery cycles and energy storage cycle life loss are estimated while using this model. Electric vehicle
travel behavior mileage model is established for calculating the initial capacity of second-use electric
vehicle storage.
(3) Considering the inherent characteristics of the second-use electric vehicle storage, the paper
proposes a SUESS embedded distribution system scheduling model that considers the dynamic
updating of upper and lower bounds of the SUESS, as well as the dynamic updating of energy storage
maintenance costs.
The rest of this paper is organized, as follows. In Section 2, a calculation model of power battery
capacity retention rate in two life stages is established. The electric vehicles (EV) mileage model and
capacity retention calculation model are established to calculate the initial capacity of the energy
storage; cycle life loss model is established to dynamically update the energy storage capacity; the
four-quadrant grid-connected operation model is established to explain the principle of energy
storage participation in optimal scheduling. Subsequently, in Section 3, a day-ahead scheduling
model with different objective functions is set up. Furthermore, simulation analysis is implemented
on IEEE 37 test feeder in Section 4, and some useful conclusions are finally drawn in Section 5.
2. Calculation Model of Power Battery Capacity Retention Rate in Two Life Stages
Figure 1 depicts the simplified structure of distribution network with second-use electric vehicle
energy storage system. In the dashed box, the second-use structure of an energy storage device that
is composed of many electric vehicle retired batteries, replacing the new energy storage system. After
decommissioned batteries are selected and reorganized, the retired batteries become a battery pack
to participate in the optimal dispatch of the distribution network. There are two life stages of electric
vehicles power battery from use to scrap, as can be seen from Figure 2. One is used for electric vehicles
before decommissioning. The power battery for electric vehicles is applied to electric vehicles after
system integration by the system integrator or a car manufacturer. This stage of battery application
in electric vehicles can be called the first life of power batteries. Ideally, this stage can be 10–15 years.
The other is to form an energy storage system that participates in the distribution network dispatch
after decommissioning. This stage can be called the second life of power batteries. When the power
battery capacity is less than 80% of the initial capacity, it is retired from the electric vehicle. Retired
power batteries can be used in the some new scenarios, such as the field of energy storage, in order
to achieve their level of utilization. The optimization work is in the second life stage of the power
battery. At this stage, energy storage will cause its own capacity to decline, and the maintenance cost
will then increase accordingly at this time, so a cost analysis model is added.
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Figure 1. Simplified structure of distribution network with second-use electric vehicle energy storage
system.
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Figure 2. The two life stages of electric vehicles power battery.

2.1. Calculation Model of Electric Vehicle Travel Mileage
The annual cycle number of the power battery is closely related to the daily mileage of the
electric vehicle, the power consumption per 100 kilometers, and the rated capacity of the electric
vehicle power battery. Electric vehicles are still in the early stages of development and they lack
statistical data on driving characteristics. According to the department of transportation's survey of
household vehicles in the United States [17,18], the daily mileage of vehicles is approximately a lognormal distribution, and equation (1) shows its probability density function.
f D ( x) 

1
2 D x

exp[

(ln x   D ) 2
]
2 D2

(1)

where
= 3.2,
= 0.88, D is the daily mileage of the vehicle.
According to formula (1), it can deduce the expected value of the annual cycle number of power
batteries.
BT
E (n)  loss 
100

945.35  exp( D 

 2D
2

)

(2)

S bat

where BTloss is the power consumption of electric vehicles per 100 kilometers, 945.35 represents 365
days multiplied by mileage conversion factor, and Sbat indicates the rated capacity of a single battery.
The annual cycle number of the electric vehicle battery is 127.4005 while assuming that the rated
capacity of each power battery is 25 kWh, which can be derived from formula (2). Within the specified
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system life, the above-mentioned sampling process is repeated, and the second-use capacity of the
power battery in the following year is finally obtained.
For each power battery, the number of cycles is calculated based on a certain probability
distribution, and accumulate the scatter value to the number of accumulation cycles of the battery, as
shown in equation (3):

 isum  i ,
 sum
i  isum
1  i ,

i 1
i  2,3,，m

(3)

where
is the cycle number of the i year obtained by random sampling of the power battery, the
value of  i is equal to E( );
is the cumulative cycle number of the power battery in the i year.
The battery can continue to be used if the cumulative number of cycles of the power battery is
less than a specified value; if the cumulative number of cycles is larger than or equal to the specified
value, the battery needs to be downgraded, and it is used to become the part of SUESS. The
corresponding power battery is replaced with a new battery; the cumulative cycle number  isum of the
battery is corrected to zero. In this article, it can be analyzed that, when the cumulative number of
cycles reached 1400, the critical capacity retention rate reached 80%, and the battery is retired. The
following process is shown in equations (4):

 sum ,
isum   i
0,

isum   lim
isum   lim

(4)

where
is the specified value of the number of cycles in order to determine whether the power
battery is degraded, being referred to as the number of critical cycles, which can be judged based on
the capacity degradation characteristics and the critical capacity retention rate.
2.2. Electric Vehicle Power Battery Critical Capacity Retention Calculation Model
The capacity of the electric vehicle power battery that is used for annual degradation is not easy
to determine, so it is necessary to know the real capacity degradation at the beginning of second life.
When considering the capacity degradation characteristics of the power battery and the electric
vehicle driving characteristics, based on travel mileage model of electric vehicle in Section 2.1, the
calculation model of second-use capacity is established to obtain the capacity degradation with
cycling.
In this article, the capacity retention rate
represents the ratio of the real capacity to the rated
capacity, the capacity ’dividing point’ that determines the second use of power battery is called the
critical capacity retention rate, which is recorded as
(usually about 80%).
Due to the increase of cycles, the real available capacity of the power battery gradually decreases,
and the capacity retention rate
with the number of cycles
basically conforms to the
mathematical relationship of the function [19]:

1   0  a  b 2  c 3

(5)

where
is the capacity retention rate of the power battery; η is the number of cycles;
, a, b, and
c are the parameters to be determined. The four parameters are taken 100.37, 0.018, 3×10−6 and 4×10−10.
Therefore, the relationship between α and n can be expressed as:

1  100.37  0.018  3*106 2  4 *1010 3

(6)

In the first life stage, the purpose of calculating the capacity retention rate is to determine the
capacity when the battery is decommissioned, thus determining the initial capacity of the SUESS.
2.3. Energy Storage Cycle Life Loss Model
Battery cycle life expectancy will be reduced by factors, such as operating temperature, peak
current, and number of charge-discharge cycles. The depth of discharge (DOD) can also directly affect
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its cycle life, which is recorded as D. This article uses the rain current counting method to calculate
the discharge depth of the energy storage battery. Subsequently, the storage cycle life at this discharge
depth can be calculated.
Among various battery energy storage materials, because of the advantage, such as high charge
efficiency, long cycle life, and both high specific energy and high specific power, lithium battery is
widespread used, so it is considered to be the most promising battery materials in storage for power
systems. A fourth-order polynomial function fits the curve, and the function relationship is as follows:
K  D   aD 4  bD 3  cD 2  dD  e

(7)

where K(D) is the storage cycle life at this discharge depth. The five parameters are taken 7,1470,
170,100, 146,400, 56,500, and 12,230. Therefore, the relationship between K(D) and D can be expressed,
as:
K  D   71470 D 4  170100 D 3  146400 D 2  56500 D  12230

(8)

The energy storage operating conditions can be regarded as a series of linear combinations of
charge and discharge cycles with different discharge depths. The operating conditions are
decomposed into multiple conditions with different discharge depths. The energy storage cycle life
under each condition after decomposition is calculated. The linear storage of the energy storage cycle
life loss is directly obtained according to the cycle times of the energy storage under each
corresponding working condition. The cycle life loss of energy storage during operation can be
calculated, as follows:
1

L

m

 K D

D 0

(9)

where m is the number of energy storage cycles at the discharge depth.
The number of cycles and the corresponding discharge depth of the stored energy can be
counted by the rain current counting method, and the cycle life loss of the stored energy during the
operation can then be obtained by formulas (8) and (9). When L = 1, the energy storage life is
considered to be exhausted, and the energy storage needs to be replaced.
The China Electric Power Research Institute performed secondary cycle tests on batteries retired
from electric vehicles. The test results show that the cycle life of the decommissioned power battery
when it is in the second life stage can be roughly estimated [20].

 2  2.6043  10 5 n  0.8347

(10)

where n is the number of cycles of the SUESS;  2 is the capacity retention rate of the storage system.
2.4. Storage System Power Four-quadrant Grid-connected 0peration
The SUESS includes battery energy storage and energy storage converter PCS. Figure 3 shows
the main circuit topology. The battery energy storage device releases or absorbs electric energy, and
PCS is a self-commutated three-phase full-bridge inverter and capacitor C provides DC voltage
support for the inverter.
,
, and
are the equivalent inductance at the BESS outlet side that
change the phase between the output voltage and current.
,
, and
are the three-phase
voltages of the distribution network. By controlling the on and off of power electronic devices, the
output voltage can be changed in size and phase to achieve independent and fast adjustment of active
and reactive power.
The SUESS controller is generally divided into dual-loop control. The outer-loop controller
calculates the control demand that is required by the distribution network that is based on the actual
electrical data that were collected on the scene, and then decouples the active and reactive power to
give the final decoupled power demand instruction. It is sent to the inner-loop controller, and the
inner-loop controller calculates the trigger signal of the device switch according to the obtained
instruction to realize the four-quadrant real-time decision making of the system output power.
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Figure 3. Main circuit structure of second-use energy storage system (SUESS).

In the case of ignoring the equivalent impedance power loss at no load of SUESS, the formula of
power exchange between the distribution network and BESS is approximately:
U U
PQU  QQU  ( S t )2
ZL

(11)

where
is the amplitude of the voltage;
is the amplitude of the AC voltage of the SUESS after
inverter inversion; and,
is the network impedance. With the network voltage
and impedance
determined, the output power of active power P0 and reactive power Q0 depends on the phase
and size of the SUESS output voltage
. A circle can describe Formula (11). The size of
determines the radius of the circle, and the phase of
determines which position on the circle the
SUESS operating point is on; where,
are used to estimate the quadratic terms of P and Q.
The figure shows the generation and adjustment of reactive power. The battery generates DC
power, and, by controlling the frequency of the on-off signal, adjusting the duty cycle to output AC
power. The phase between the output voltage and current changes due to the addition of inductive
elements, thereby generating reactive power. Secondly, adjust the reactive power output of the
energy storage battery by changing the phase of U in formula (11).
This paper proposes piecewise linearization Distflow, which is implemented by linearizing the
quadratic terms of active power and reactive power, so that the loss term can be maintained [21]. This
paper uses formula (12–14) for the linearization for the convenience of simulation. The quadratic
terms of parameters, such as power P, Q, and U, can be implemented with the following constraints:

QU

QU

PjtQU  KAPjt Pjt  BAPjt , j, t ,   AP

(12)

Q QU
 KRPjt Q jt  BRPjt , j , t ,    RP
jt

(13)

U stQU  KUPst U st  BUPst , t ,   UP

(14)
AP

RP

AP

RP

where Pjt Qjt are used to estimate the quadratic terms of Pjt and Qjt , Kγjt Kγjt and Bγjt Bγjt are the
constant coefficients of linear approximation. For the sake of description, in subsequent constraints,
QU
QU
this paper still use Pjt instead of Pjt , use Qjt instead of Qjt , and use Vt instead of UQU st.
When the outer loop controller in the PCS detects the active and reactive power required by the
distribution network, the inner loop controller controls the SUESS active and reactive power output
to be larger than zero. At this time, the SUESS releases the active and reactive power to the grid, and
the state of battery is discharging, external reactive power compensation is performed at the same
time, which corresponds to the SUESS working mode in the first quadrant; when the outer loop
controller detects active and reactive power surplus in the distribution network, the inner loop
controller controls the active and reactive power output to be less than zero. At this time, the power
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grid sends active and reactive power to the SUESS, the battery is in a charging state, and the capacitor
absorbs reactive power from the distribution system, which corresponds to the SUESS operating
mode in the third quadrant. Similarly, the SUESS can also work in the second, fourth quadrants, or
coordinates where it can flexibly control its charge and discharge status according to actual outside
needs. The operation strategy of the SUESS is derived through economic optimization based on the
typical daily load. It can be maximized renewable hosting capacity under the condition of meeting
all of the limits set by the distribution network.
3. Multi-objective Optimal Dispatching Model
As the penetration rate of renewable energy access is getting higher and higher, improving the
carrying capacity of renewable energy is very important for the economic operation of the
distribution network [22–24]. This paper uses coordinated control between second-use energy
storage and photovoltaic power generation in order to achieve optimal dispatch operation of the
distribution network. The multi-objective optimal scheduling model that is proposed in this paper
considers two sources of uncertainty in the distribution network: photovoltaic power output and load
demand. In order to deal with these two uncertainties, a large number of historical data in [25] are
used, and a set of representative uncertainty sets is then selected through the perfect reverse
reduction algorithm that was proposed in [26] and those can be input to the day-ahead stage. In this
paper, rolling scheduling optimization is used to input the load data in real time, which has calculated
the impact of uncertainty. This article introduces SUESS to replace new and high-cost energy storage
systems, and it calculates the SUESS maintenance costs that are involved in the optimal operation of
the distribution network based on the capacity retention rate of the second-use storage, so that the
distribution network achieves optimal economics.
3.1. Objective Function
The objective function considers three aspects in order to reduce the operating costs as much as
possible under the conditions of system operation: the maximum photovoltaic hosting capacity, the
minimum energy storage investment cost and the penalty costs for voltage and capacity violations:

Min f   f1  f2  f3 

(15)

3.1.1. Minimum PV curtailment

f1 =



Em  Pm

m pv  j 

(16)

where Ω ( ) is the indices set of PV nodes, Em and Pm are, respectively, the total available and actual
output power.
3.1.2. Minimum Energy Storage Cost

f 2 =K E E0suess  K p P0suess

(17)

where KE represents unit capacity maintenance cost, which is affected by the capacity retention rate
of the SUESS; Kp represents energy storage converter PCS operation and maintenance unit price; and,
and
are the rated capacity and rated power of the SUESS.
The relationship between the unit operation and maintenance cost of the SUESS with initial
capacity retention rate of the storage can be fitted with an exponential function, as shown in Equation
(18). The function of this formula is to dynamically update the energy storage maintenance cost based
on the accumulated number of cycles of the energy storage system. Figure 4 gives a more detailed
explanation.
K E =0.05165   6

(18)
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3.1.3. Minimum Penalty Cost

f3 = c penalty ( s vjt,lb  s vjt,ub )
tT jJ

(19)

where c penalty is a very large positive number, which is used to avoid node voltage amplitude
v , lb
v ,ub
exceeding limits, s jt and s jt
are included in (23) and (24) to relax bus voltage constraints,

respectively.
3.2. Constraints
First, the power flow balance constraint is given to ensure the safe operation of the system, and
then the operational constraints of the SUESS are given.
3.2.1. Power Flow Constraints

Pjt =



Pit  p jt 

Pmpv 

pv

i ( j )

Q jt =



suess

m ( j )

Pltsuess , j, t


l

 Qit  q jt  

( j)

Qbtsvc , j, t

svc

i ( j )

b ( j )

(20)
(21)

where j represents a node j in the distribution network, t represents the t time phase, i represents the
sub-node of the node j, m represents the PV installation location, b represents the SVC installation
location, and l represents the SUESS installation location; ( ) indicates the sub-node set of node j,
Ω ( ) indicates the sub-node set of node j with PV, Ω ( ) indicates the sub node set of node j with
SVC, and Ω
( ) indicates the sub node set of node j that is equipped with the SUESS.
Equations (20) and (21) describe the active and reactive power balances at each node, respectively.
and
represent the active and reactive power of node j at time t,
and
represent the
active and reactive load of node j at time t,
,
, and
are the output of PV, SUESS, and
SVC at time t.
V jt =Vit 

rij Pit  xij Qit
V0

, i   ( j ), j , t

(22)

V jt  s vjt,lb  V min , j , t

(23)

V jt  svjt,ub  V max , j, t

(24)

Equation (22) describes the voltage relationship between two adjacent nodes.
and
respectively represent the line resistance and the reactance between node i and j,
represents the
voltage of node j at the time t.
3.2.2. Energy Storage System Operation Constraints
ch ch
dch dch
Eltsuess  Eltsuess
Plt , l , t
1   Plt  

(25)

where
and
respectively represent the charging and discharging efficiency;
and
respectively represent the charging and discharging power at time t; E
represents the SUESS
capacity at time t. Equation (25) describes the state of charge of the SUESS at each time period.

E suess ,min  Eltsuess  E suess ,max , l , t

(26)

E suess ,min = E0 suess ,min

(27)

E suess ,max = E0 suess ,max

(28)
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where E
represents the initial total capacity of the original brand new battery pack; β is the
,
,
capacity retention rate of the SUESS.
and
represent the minimum and
maximum values of the energy storage capacity, respectively. Equation (26) limits the overcharge
and over-discharge of the SUESS.

0  Pltch  ultch P ch,max , ultch  {0,1}, l , t

(29)

0  Pltdch  ultdch Pdch,max , ultdch {0,1}, l, t

(30)

ultch +ultdch =1, l , t

(31)

,
,
where
and
represent the maximum charge and discharge power of the energy
storage system, respectively;
(takes 1 when charging) and
(takes 1 when discharging) are
0–1 variables. Equations (29) and (30), respectively, represent the charge and discharge power
allowed by the limit of SUESS. Equation (31) limits the simultaneous charging and discharging of the
energy storage system.

Start
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optimization model
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battery model

Distribution network
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Calculate the mileage of
electric vehicles

Establish optimal dispatching
model for distribution network

Update the upper and lower
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system control strategy
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cost of storage capacity
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Load and PV day-ahead
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N>N1

Yes

No

Load and PV day-Ahead
forecast

Determine the storage system
control strategy of the next day

Figure 4. The framework of SUESS embedded distribution system scheduling model

After the power battery is retired, its capacity retention rate is estimated in order to determine
the upper and lower limits of the capacity of the SUESS. The capacity retention rate is continuously
decreasing due to the increase in the number of alternate cycles of the battery during the phase of
energy storage participating in optimal scheduling. At this time, the energy storage capacity for peak
cutting and valley filling will decrease, and the energy storage needs to be recalculated. The capacity
maintenance rate can be updated, and its unit maintenance cost is updated at the same time, these
parameters are used as initial values for the next day, and then re-executed for optimal scheduling.
As the energy storage participates in the optimized operation of the distribution network, the
number of cycles gradually increases, and the capacity retention rate then decreases, the maintenance
cost becomes higher and higher. During the optimization process, the number of cycles will always
increase. After completing the scheduling plan, that is, the formulation of the energy storage control
strategy, and then accumulate the number of battery cycles to calculate the capacity retention rate.
When the capacity retention rate is reduced by 1%, the maintenance cost in the objective function
changes its value, and then participate in the new optimal scheduling to obtain a coordinated energy
storage control strategy.
 scenario one: when the battery capacity retention rate
is 0.8, the unit capacity maintenance
cost
is 0.197 ($ / kWh). The update process is as follows：
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Step1: Forecast the PV total available output power

and the load data

for the

next day;



Step 2: Update formula (13) according to the unit maintenance cost
in this scenario;
Step3 : Calculate the upper and lower limits of the energy storage capacity based on the
,
,
,
,
equation
=
and
=
.
scenario two: when the battery capacity retention rate
battery capacity is 0.79, the unit
capacity maintenance cost
is 0.212 ($ / kWh). Update process is the same as above.
scenario three: when the battery capacity retention rate  battery capacity is 0.78, the unit



capacity maintenance cost
is 0.229 ($ / kWh). Update process is the same as above.
......
scenario n: when the battery capacity retention rate  battery capacity is 0.8  0.1*（n  1）, the



unit capacity maintenance cost K E =0.05165   6 ($ / kWh). Update process is the same as
above.
4. Case Study
4.1. Case Description
This article uses the modified IEEE 37 system to test the optimal dispatching model [27]. Figure
5 shows the modified 37-nodes system. The algorithm is implemented on MATLAB based on CPLEX.
Photovoltaic and energy storage devices are installed at the 19 nodes that are shown in the Figure 5.
The capacity of distributed photovoltaic is 100 kW and the capacity of the SUESS is 50 kW/200 kWh.
All of the energy storage systems of each node that has been installed are referred to as ESS.
and
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,
are both 0.9; both
and
are 4 kW and many other parameters are dynamically
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Figure 5. Modified IEEE 37 test system.

4.2. Results and Analysis
4.2.1. Results of Two-stage Capacity Decay of Retired Batteries
Figure 6 shows the relationship between the battery capacity and the number of cycles in the life
cycle of an electric vehicle. It can be seen that, when the battery is retired, that is, when the capacity
retention rate drops to 80%, the number of power battery cycles is close to 1400; Figure 7 shows that,
with the continuous use of retired power batteries, the capacity of the battery is gradually reduced,
according to the capacity decay formula. It is assumed that the initial available battery capacity is
83.47%, and the available battery capacity is reduced to 72.06% after the third year. The decline of
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battery capacity will reduce the cycle interval of energy storage step utilization, and the energy
storage capacity that is used for peak clipping and valley filling will decrease, which will affect the
efficiency of step utilization. Once the energy storage system is unable to meet the externally required
active and reactive power due to the reduced capacity, it might cause hazards, such as voltage rise.
In addition, when maintenance costs are too high, the old energy storage system needs to be replaced
in a timely manner.

Figure 6. The relationship between the number of cycles and capacity retention rate.

Figure 7. Storage battery capacity decays year by year.

4.2.2. Load PV and Energy Storage System Output Power
The results of the optimized operation of the distribution network with energy storage
photovoltaic are as follows:
It can be seen from the analysis results illustrated in Figure 8 and Figure 9 that the PV output
from 12:00 to 15:00 is larger than the value of load demand. At this time, the SUESS is charged to
absorb the excess PV output power, and the state of charge (SOC) gradually increases. At the night
peak, the energy storage system emits power, and the SOC gradually decreases. It is charged when
the load level is low in the early morning, and the SOC gradually increases, and it emits power at the
early peak. After the determination of the energy storage location, in Figure 10 and 11, it can be found
that after the SUESS installation, the voltage deviation level of the node is reduced, which is beneficial
to the safe operation of the distribution network, according to the optimization results. The total
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Power(100kW)

voltage deviation during a dispatch period, respectively, has decreased by 0.084 (p.u.) and 0.079(p.u.),
which indicates that the participation of the energy storage system significantly improves the
problem of voltage deviation and ensures the safety of distribution network operation. The above
analysis shows that SUESS composed of retired batteries can also meet the role of brand new energy
storage, which verifies the rationality of the second-use energy storage batteries participating in the
optimal dispatching of the distribution network, and it proves the residual value of the retired
batteries.

Power/100kW

Figure 8. The fourth node load, photovoltaic (PV), and storage output curve.

Figure 9. The tenth node load, PV, and storage output curve.
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Figure 10. The fourth node voltage.
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Figure 11. The tenth node voltage.

In actual situations, the dispatching period of the power grid is generally 15 min. or 30 min.
Since the actual data (PV data, load data, etc.) used in this paper are hourly data, the size of the energy
storage charge and discharge in the optimization variables is also an hourly variable, and the figures
show step changes in battery SOC. Figures 12 and 13 show the capacity rate status of SUESS in a day.
It can be seen that the SUESS composed of power batteries not only improves the system's ability to
absorb PV and reduce the peak-to-valley difference, but also the total investment cost of the energy
storage system composed of power batteries is lower than that of the new energy storage system,
according to the optimization results above.

15 of 18

SOC
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SOC

Figure 12. State of charge (SOC) of storage 4.

Figure 13. SOC of storage 1.

Figure 14 shows the network loss of the system under the two cases. The network loss that adds
SUESS with power four-quadrant operation is reduced by 0.1958 (p.u.) than traditional energy
storage. The network loss of the system under the two cases is almost the same due to the small
impact of PV output from 0:00 to 7:00. The SUESS output of the four-quadrant power can be regulated
by reactive power to avoid unnecessary power loss. From the figure, it can be observed that the
network loss has greatly reduced. The network loss is directly dependent on the line current
amplitude. The line current amplitude is positively related to the active and reactive power flowing
through the line and negatively related to the voltage of the first node. Only the active power portion
of the line can be reduced if only the active power adjustment is performed. Therefore, the total
network loss of pure active power adjustment results will naturally be relatively high.
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Figure 14. Two cases of the distribution network loss.

Figure 15 shows the maintenance cost analysis of SUESS. Before the attention rate changes by
1%, the cumulative optimal cost of the simulation is 68204 $, and the cost of purchasing a brand new
energy storage to participate in the operation is 88837.5 $, it can be calculated that the cost of using
SUESS in this model is less than the brand new energy storage system by 20633.5 $. Accordingly, it
can be seen that the use of the energy storage cost in stages is economical.

Figure 15. Maintenance cost analysis.

5. Conclusions
The application of energy storage in the power grid is becoming increasingly widespread, and
the investment cost of new energy storage devices is higher. In view of this problem, this paper
proposes an energy storage device that is composed of retired power batteries from electric vehicles,
which is used in the power grid to improve its operational flexibility. Therefore, this paper first
analyzes the relationship between the capacity retention rate of electric vehicle power batteries and
the number of cycles, and then proposes a model for calculating the capacity retention rate of electric
batteries based on the total mileage of electric vehicles. On the one hand, the bounds of the SUESS
capacity are updated in order to prevent overcharging or discharging and, on the other hand, the
energy storage maintenance costs are updated, which makes the scheduling plan more accurate.
When the capacity retention rate drops to 80%, retired power battery constitutes an energy storage
device for the power grid. Finally, an energy storage system that was composed of power batteries
was used in the distribution network with photovoltaic power plants, and a multi-target day-ahead
scheduling model for distribution network operation was established.
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From the simulation results, the maximum PV hosting capacity is analyzed in the modified IEEE
37 test system, which verifies the rationality of the second-use energy storage batteries that are
participating in the optimal dispatching of the distribution network, and it proves the residual value
of the retired batteries. After the SUESS installation, the voltage deviation level of the node is reduced.
What is more, it compares the network loss with and without the power four-quadrant gridconnected operation strategy, and proves its advantages. The SUESS output of the four-quadrant
power can be regulated by reactive power to avoid unnecessary power loss. Finally, the SUESS is
more economical than brand new energy storage.
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