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Abstract: With the development of the new energy vehicle market, the pricing of battery swapping
stations (BSS) is becoming a concern. The pricing models of BSS usually only consider the interaction
between the distribution system operator (DSO) and the BSS or between the BSS and electric vehicles
(EVs). The impact of DSO and EVs on the pricing strategy of BSS has received less attention,
which does not reflect the actual complex situation. Therefore, we propose a three-level BSS pricing
method that includes market clearing and EV behaviors. Firstly, the distribution locational marginal
price (DLMP) is modeled to determine the impact of the DSO on BSS. Secondly, the EV demand
response is used to estimate the impact of EVs on BSS. Thirdly, to increase the adaptability of this
model, an iteration algorithm with approximations and relaxations is used with mixed integer
linear programming, effectively solving the pricing optimization. According to this optimization,
it is evident that the BSS make decisions in the market environment by monitoring the quantity of
batteries in various states and generate extra income by acting in response to price fluctuations in the
electricity market. The model’s viability and applicability are confirmed.

Keywords: battery swapping station; DLMP; driving demand; iteration method

1. Introduction

More people are expected to purchase electric vehicles (EVs) because of their advan-
tages for energy conservation and emission reductions. In the United States, 18.7 million
electric vehicles are anticipated to be on the road by 2030, making up 7% of the estimated
total number of vehicles [1]. The growing number of EVs will have a substantial influence
on the electrical system. Through strategic charging and discharging, EVs can serve as
system-wide temporary energy sources in addition to being a flexible load with controllable
charging features [2,3]. Therefore, an operator such as a battery charging station (BCS)
which polymerizes the charging and discharging behavior of EVs is needed. However, the
charging process of electric vehicles at a BCS requires more time than refueling non-electric
vehicles at a gas station, which hinders the promotion of EVs [4]. Different from BCS,
battery swapping stations (BSS) have the advantages of high energy supplement efficiency,
electricity savings, and prevention of excessive battery charging and discharging. By par-
ticipating in the market and offering services such as demand response and energy storage,
BSS aim to maximize earnings. However, the price of swapping batteries has become a
concern for most people. The traditional modeling methods of BSS consider the interaction
either between the distribution system operator (DSO) and BSS or between BSS and EVs.
The combined interactions of DSO, BSS, and EVs have always been neglected. Thus, it is
necessary to propose a model considering the three as a whole.

The development of Battery-to-Grid mode (B2G) and Grid-to-Battery mode (G2B) tech-
nology enables BSS to provide more service types [5] and also leads to greater requirements
for flexibility in the power grid electricity price. Recently, a coordinated and distributed
bi-level peer-to-peer transaction energy management framework has been proposed in [6]
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which uses distribution locational marginal price (DLMP) and allows producers and sellers
to participate in the local power market through iterative distributed energy pricing. The
five parts of DLMPs—marginal costs for active power, reactive power, congestion, voltage
support, and loss—offer price signals to encourage market participants to help control
congestion and provide voltage support [7]. In [8], the generation cost is integrated into the
BSS operation optimization problem, and a BSS battery charging scheme for different power
exchange scenarios is proposed. There needs to be more DSO regulation and supervision
of the relatively disordered load. Reference [9] integrates the grid-connected operation of
electric buses into a dynamic market framework and uses the allocation location marginal
price algorithm for load congestion management. Therefore, it is necessary to introduce
DLMP to calculate the DSO market clearing process and improve BSSs” charging and
discharging behavior.

Although the construction of BSS is relatively slow, the research on the operation and
business model of BSS has made some preliminary progress. Considering the charging
and discharging state of a BSS battery, binary variables are introduced, and a BSS opera-
tion model has been developed using a large-size mixed integer nonlinear programming
(MINLP) technique. In this model, the configuration of rechargeable, replaced, and standby
batteries and the different battery rental costs of BSS are analyzed as a whole to meet the
users’ battery exchange needs and improve the profitability of BSS [10]. Considering the
scheduling flow of BSS in the past and using G2B and B2G services to obtain market profits,
a complete BSS operation model is established in [11]. In another model, the impacts of bat-
tery degradation, market price uncertainty, and battery demand uncertainty are analyzed
to determine the economic benefits. To determine the BSS batteries’ charging procedure, the
number of batteries withdrawn from stock to fulfill all swap orders from incoming EVs is
calculated [12]. However, the influence of EV behavior on BSS operation is not considered,
and the pricing decision of BSS is not involved. Hence, in order to model the BSS pricing
process and achieve more adaptable service costs, a dynamic battery replacement price
calculation method should be used.

The traditional EV models consider the travel characteristics of electric vehicles, but
only a Monte Carlo simulation is carried out in these existing models [13], which is quite
different from the real situation. Reference [14] uses an uncertainty modeling approach
with stochastic intervals for the uncertainty of PV generation and electric energy prices and
iteratively solves a stochastic model for EV charging demand. Another bi-level model of
BSS and EV operation optimization based on microgrids aims to minimize EV operation
cost and maximize BSS profit and adopts incentive-based pricing rules. That is, the price
of the power exchange service is positively related to the proportion of electric vehicle
load [15]. Reference [16] considers a network flow model in a bi-level autonomous mobility-
on-demand system to maximize the system’s profit. In [17], a battery charging optimization
model based on the Markov process is proposed to minimize PV charging station power
and user cost while maximizing renewable energy consumption. As a result, it is crucial to
take into account EV travel demand and travel patterns. With knowledge of potential EV
travel routes, BSS can employ dynamic electricity rates to increase market revenues.

Considering the problems above, this paper proposes a three-level pricing model of
BSS in the electricity market. This new model contains a mathematical formulation and a
market strategy and is built on a framework including DSO, BSS, and EVs. Firstly, DLMP
for BSS to trade electricity is proposed to explain the market-clearing process of DSO.
Secondly, the BSS operation model is established to determine the optimal time-varying
swapping price. Then, the EV driving mode is considered in EV running costs. Finally,
by introducing a penalty function, an iteration method is used to solve the three-level
model and calculate the optimal swapping price of BSS and the driving schedule of EVs,
converting the three-level BSS business model into an iterative BSS optimization search
process. The main contributions are summarized as follows:

(1) A business framework for BSS is proposed which includes bidding in the electricity
market and pricing for EVs.
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(2) A method for solving the Nash equilibrium solution of the three-level model is proposed.
(3) Driving demand for EVs is analyzed to fit the situation closely.

The rest of this paper is organized as follows. The details of the BSS operation
mechanism are presented in Section 2. The business model of BSS is examined in Section 3.
The three-level business model’s reformulation and relaxation strategies are provided in
Section 4. The case study is elaborated on in Section 5, and the conclusion and suggestions
for future research are given in Section 6.

2. Framework of the BSS Business Model
2.1. Operation Mechanisms for the BSS

BSS is a proposed battery operation mode for supplying power to EVs. As opposed to
BCS, the BSS can quickly complete the battery change and even prepare the batteries for
EVs in advance. BSS charges the battery in the station by purchasing electricity from the
electric network and provides EVs with a battery swapping service to obtain profits. In
order to maximize the daily operation revenue, the composition of BSS revenue and cost
is analyzed to determine an optimal power exchange price and charging and discharging
scheme. This paper designs a business framework for BSS interacting with DSO and EV,
which is shown in Figure 1. A BSS chooses the best battery charging and discharging
schedules and buys and sells electricity by submitting bids and offers in the electrical
market in order to optimize its own earnings. In addition, considering the influence of EV
behavior, BSS determines the price of the power replacement service while meeting the EV
battery demand.

DSO Market clearing Interactions ﬁ
Market settlement Estimate & Control

Charging and discharging power Electricity price
Psc and Pgq DLMP

Batteries for swapping @@@Dﬂ Reserved batteries

ass | |Eg =) @ (e ]

L] Cabivage )

Arbltrage

Swapping price Driving schedule
Cev Pdey
Driving demand - &d'—«G)
Pdevo | dy,
EVs | dy  d,
l | (1) du '
.BI () (5)

Power consumption Travel needs

Figure 1. Operation mode of battery swapping station (BSS).

As shown in Figure 1, the transactions involved in a BSS business model include the
following three types.

@®  Electricity transactions between DSO and BSS. Both batteries for swapping and re-
served batteries are charged by purchasing electricity from the power grid, and the
remaining electricity can be used to sell electricity to the power grid for arbitrage
when the electricity price is high.
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@ Battery status exchange inside BSS. The batteries in BSS are divided into two groups:
batteries for swapping and reserved batteries. For batteries used for power exchange,
a certain amount of state of charge (SOC) needs to be satisfied before the time of
switching. For reserved batteries, it is necessary to participate in the process of
swapping batteries when the number of batteries to be swapped is insufficient or the
SOC does not meet the requirements.

(® Battery swapping transactions between BSS and EVs. A BSS formulates the swap
price and publishes it to EV owners. The EV owner determines the next charging and
discharging plan and reports it to the BSS.

Using the time difference of the wholesale price of electricity, BSS can use the G2B
mode to buy electricity in the low-price period and the B2G mode to sell electricity in the
high-price period to realize more flexible arbitrage, which is similar to traditional energy
storage [18].

2.2. Assumptions of the Model

Let Ngss := {1,2,..., N}, which is the set of batteries in the BSS, where N is the total
number of batteries in storage. Let Ngy := {1,2,...,n}, which is the set of EVs, where n is
the total number of EVs in the system.

The management of the battery in the BSS is the foundation for the suggested BSS
pricing model in this study. The operation must, however, also adhere to the market context
and fundamental physical constraints. The following premises are made before the model
is built:

1.  Considering the impact of deep charge and discharge on battery life, the battery can
only participate in one deep charge and discharge in one day, that is, one battery
replacement process with an EV;

2. The batteries N in the BSS are divided into two categories, namely batteries to be
replaced and backup batteries in the t period. Among them, the battery to be replaced
in the t period is fully charged at the t — 1 period. The backup battery does not
participate in the electric vehicle power exchange process and remains in the BSS;

3. Itis assumed that the power exchange demand of the electric vehicle in the ¢ period is
reported to the BSS at the beginning of the t period.

4. The models of BSS and EVs use the same time granularity. It is assumed that the
swapping speed of the BSS is no more than five minutes [19], the time intervalis 1 h
for both the BSS and EVs, and the state-of-charge (SOC) of batteries to be replaced in
the t period is the minimum value.

3. Mathematical Formulation of the BSS Business Model
3.1. DSO Market Schedule

In the proposed three-level pricing model, the DSO is responsible for the management
of branch currents and node voltages of the entire transmission network in a centralized
form. To reduce overall energy costs, DSO makes separate system-level trading plans for
energy services. The market clearing model is listed in (1)-(8), where the objective function
is formulated in (1), day-ahead domains are restricted by (2)—(8), and the location and time
indices of variables are neglected for brevity.

DLMP depends on factors such as the load size, electrical location of nodes, line
blockage, etc., so DLMP differs in time and space. In this paper, the marginal cost of
electricity consumption at each node of the distribution network at different times is
obtained through the second-order cone AC Optimal power flow (SOC-ACOPF) model,
and a linearized power flow is established to obtain the DLMP, including the blocking cost.

Target function:

T
minz Z r,«]-ilzj/t (1)
t=1(ij)eL

where r;; is the resistance of branch ij; and i;; ; is the current of branch ij at time ¢.
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Constraints:

(1) Power flow balance constraints:

Pt = Pij; — rijilz]‘,t Y. Py 2)
k:j—k
Qut = Qijr — Xijis — 2 Qkjt : Tﬁ ®3)
k:j—k
]Z,t = uj; — 2(riiPijs + x;iQij ) + ( -+ x2 ) i T 4)
0< l < Imax : A}jt/ (P}]t (5)
Umin < uj,t < umax : A}}Itf (P}]Jt (6)
(2) Node voltage constraints:
Umin < Ut < Umax,j A}ltZO,cp}ItSO (7)
(3) Second-order cone constraints on the variables U;; = u pand Ijj, = 2] £
2P,
2Qij+ < T+ Uy s A%, A, Ag, oA 8)
Lije — Uje ||,

where Pj;; and Q;;; are the active and reactive power of the first end of branch ij at time
t; x;j is the reactance of branch ij; Umn,j and Umay j are the minimum and maximum value
of voltage of node j at time #; and U;; and I;; ; are the second power of node i voltage and
branch ij current at time f. The variables 7, A and ¢ at the end of the constraints are their
Lagrange multipliers, and T]I:; is the DLMP of bus i at time slot ¢.

The constraint space corresponding to Equation (8) is a quadratic cone, and the
problem is transformed into second-order cone programming (SOCP). The optimal global
solution is obtained quickly by common commercial solvers such as YALMIP [20].

To write the dual-cone model, the cone constraint is transformed to obtain the
dual problem.

T T
maxz Z( —AEtPL,t — )\]C-{tQL,t + /\}]J»t Unnin — q)gt Umax) - Z ZL q)}jtlmax )

i=1je] =1 (ij)e
— T R 2T - 200, = (10)
—T T+ 20T - 205, =0 (11)
Tz%t - T]'Ilg,t z]t + ‘Pz]t + Z /\]kt + Z /\ ke =0 (12)
kij—k
Tij = rifﬂ{)t - xij"'jc,{t - (r +Xj ) z[]Jt A%jt + (P}jt A /\Ut 0 (13)
Z]t' (Pz]t >0 (14)
z;t' (Pl]t (15)
H/\?j,t )‘Z‘,t )‘zc]tH < Af}, (16)
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Solving the second-order cone current dual problem yields the DLMP T]Pt for each
node j at time £.

3.2. BSS Pricing Model

The BSS buys electricity from the DSO and charge its batteries. The BSS obtains its
main source of income by swapping batteries for EVs. Meanwhile, the BSS can sell excess
electricity from the reserve batteries to the DSO for arbitrage. The BSS swaps EV batteries
to maximize the operation’s total profits. Considering the life cycle of the battery, each
charging and discharging process has an impact on the battery. The battery loss is included
in the BSS optimization objective function as a factor for the BSS to formulate the electricity
price and charging and discharging plan [21]. The BSS operation model is listed in (17)—(26),
where the objective function is formulated in (17). Numerous rounds of charging and
discharging the batteries in the BSS shorten their lifespan and lower their maximum
capacity. As seen in the third formula of this article, the battery properties are significantly
dependent on the number of cycles. The charge/discharge constraints and battery SOC
constraints are restricted by (18)—(23) and (24) and (25).

The objective of the BSS-level model is to minimize its operation cost, which depends
on the number of batteries for swapping, the electricity price, and the degradation cost of
charging and discharging.

Target function:

— C d
T=24 n ot + Pj,t

N P
max Y (Y cfVa; — AfPC + AFP = Y )7 (17)
I = Q
where ;" is the swap price determined by BSS at time ¢; a; ; is a binary variable representing
whether the EV is charged at time #; AS and A{ are the charge and discharge price in the
electricity market at time t; P and P{9 are the total charge and discharge power of BSS
at time ¢; T is the battery degradation coefficient; P]?,t and P]-C}t are the charge and discharge
power of the battery j at time ¢; and Q,, is the capacity of a single battery.
Constraints:

(1) Battery charge/discharge constraints:

0 < P§y < kP (18)
0< P <(1-kPy (19)
SOC < SOC;; < SOC (20)

(185, = P/ ma

SOCjs41 = SOCj,; + (21)
i+l It Qbat
ZP]Ct,t B (22)
:ZP]dt,t_lz...,T (23)
(2) Swapping battery constraints:
SOC;,, = SOC (24)

SOC;,,_1 = SOC (25)
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(3) Swap price constraints:

Cev < i’ < Cev (26)

where k is a binary variable to ensure that the charging process and discharge process
cannot be carried out at the same time; SOC;; is the SOC of battery j at time ¢; SOC and
SOC are the minimum and maximum value of the SOC of a battery; 7. and 74 are the
charging and discharge efficiency; At is the time interval; a; is the time of battery i to be
swapped; cev and Cey are the minimum and maximum values of the swap price.

3.3. EV Behavior

From the EVs’ perspective, EV owners should not only consider the cost of battery
replacement, but also the satisfaction of their own travel needs. Because the electricity price
offered by the BSS varies during the day, the swapping schedule should be optimized to
minimize the electricity cost over the entire swapping duration.

The objective function is set up in terms of a monetary value to find the best exchanging
time and driving schedule. The cost for serving the EV swapping orders is as follows.
Equation (27) is the target function minimizing the daily vehicle maintenance cost, which
is composed of the swap cost and driving dissatisfaction cost. Equations (28) and (29)
are EV discharge constraints, and Equations (30)—(34) are EV discharge and swap status
constraints.

Target function:

dev dev0| .s
Pir — Pir |Cit (27)

T T n
min) " cfVar+ ) )
t=1 t=1i=1

where p$¢V is the discharge power of EV i at time £; p!€* is the primal driving demand of

EViattime t; ¢}, is the expectation punishment coefficient of EV i at time ¢.
Constraints:

(1) EV discharging constraints:

T T
) P < Y P @)
t=1 t=1
0< Pdev < B Pdev 29
=4t = :Bl,t max ( )
(2) Discharge and swap status constraints:
wip+ Pip <1 (30)
T
Z Ky = 1 (31)
t=1
D‘i,() =0 (32)
T
Biy-1=1,) Biy =0ifaj, =1, =2,...,T (33)
=t
51
Y By =tiifa, =0t =2,...,T (34)

t=1

where B;; is a binary variable representing whether the EV is discharged at time .
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4. Approximations and Relaxations of the BSS Business Model

Considering the nonlinear problem caused by the absolute value in the BSS objective

function, set y; ; = pgt - pg? ,and z; and z; are binary variables.
~M(1-z) <y (pt=p®) < M(1-2) (35)
pd—p® > —M(1—z) (36)
~M(1—2) <y+ (p* - p®) < M1 - 2) (37)
pd = p0 > M(1 - z,) (38)
z1+2zp=1 39)

By introducing linear, binary, and relaxation variables, the nonlinear objective function
of BSS is converted into linear form, improving the calculation speed.

Considering the relationship between layers of the three-layer model, in order to solve
the optimal BSS pricing strategy, we adopt the iterative solution method to decouple the
interaction between the DSO, BSS and EVs. Iteration is the most typical mathematical
method for solving multi-layer models. The logic of iteration is illustrated in Algorithm 1.

Algorithm 1. DSO-BSS-EV iteration method.

Input:

Number of network nodes, branches, network topology, line parameters and load output.

The iteration parameters include the convergence error € and the maximum number of
iterations Npax.

Output: the optimal price of BSS and optimal driving schedule of EV.

1. Initialization: Set iteration number /=1. Set initial network load and charging and discharging
power of BSS.

2. repeat:

3. DSO: According to the charging and discharging power of the BSS, the network load is
redefined, the market is cleared and the DLMP is calculated.

4. Algorithm 2 BSS pricing iteration method: Calculate the equilibrium of BSS and EV objective
functions P5¢ and P59,

5. 1 1+ 1 Calculate Ap;pp = |DLMP! — DLMP!-1 ,

6. if | > Npmax then

7. break

8. end if

9. until ADLMP <e

The logic of the BSS pricing iteration method is illustrated in Algorithm 2.
In order to improve the convergence speed, the iterative objective is added to the
optimization objective function of BSS as a penalty term.

T=24 =n Pc +p,dt
max 3 (3w — AP ALBE - T e ey, )
t=0 i=1
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Algorithm 2. BSS pricing iteration method.

Input:

EV driving demand p@.

The iteration parameters include the convergence error and the maximum number of iterations.
Output: the optimal price of BSS

1. Initialization: Set iteration number /=1. Set initial EV driving schedule.

2. repeat:

3. BSS: According to the EV driving schedule, the BSS operator optimizes the swapping price ¢V
and calculates the optimal profit.

4. EV: According to the swapping price c®¥, EV owners calculate the optimal driving schedule p.
5. 1+ 1+ 1 Calculate Agy = ’cf" - cleﬁl‘z.

6.if | > Nmax then

7. break

8. end if

5. Case Studies

In this section, the optimization model and algorithm are verified on a modified IEEE
33-bus distribution network [22] shown in Figure 2. The reference voltage and capacity

values are 12.66 kV and 1 MW, respectively. The NREL Database is used to produce the

data on solar radiation and wind speed [23]. The data for BSS and EV in Table 1 are from
Reference [24]. All numerical simulations are carried out through Gurobi 9.5.1 [25] and

YALMIP within MATLAB on a desktop computer with an Intel® Core™ i5 of a 1.6 GHz

CPU and 16 GB of memory.

VG4

19] 20 21 2
@ VGl VG3 WG1
1 23 4 56 7 8 0 10 11 12 13 14 15 16 17 18

. 1
23 24 25 26 27 28 29 30 31 32 33

Figure 2. IEEE 33-bus distribution network diagram.

Table 1. Parameters in the case study.

Parameter Value Parameter Value
N 10 7 (USD) 0.05
T 24 Q, (kWh) 10
P. (kW) 3 cev (USD) 1
Py (kW) 3 Cev (USD) 5
50C 0.9 n 4
sOC 0.1 ¢® (USD/kWh) 2
e (%) 0.9 Pdey (kW) 3
74 (%) 0.9 M 10,000

We determined the daily time-series EV profiles for typical EV demand [26]. Combined

with the BSS data of Li-ion batteries, the raw EV power of discharge shown in Figure 3 is
designed to characterize the EV owners’ daily activities.
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Driving demand(kW)

0.8

0.6

0.4

0.2

Time(hour)

Figure 3. Initial driving demand of EV.

5.1. Designed Cases and Arrangements

The following cases investigate the benefits brought by the market clearing process

and EV behavior simulation.

1.

2.

Case 1: Optimal BSS scheduling considering bidding without pricing. In this case, the
BSS provides EVs with a swapping service at a fixed price.

Case 2: Optimal BSS scheduling considering pricing without bidding. In this case, the
pricing process of the BSS ignores the market clearing process, and the time-of-use
electricity price is used to represent the grid electricity price.

Case 3: Optimal BSS scheduling considering pricing and bidding. In this case, the
BSS swapping pricing optimization model considering DSO market clearing and EV
driving demand proposed in this paper is adopted.

Case 4: On the basis of Case 3, the data scale is increased with a primal algorithm,
specifically increasing the number of BSS batteries and the number of EVs in the
distribution network. In this case, the BSS swapping pricing optimization model
considering DSO market clearing and EV driving demand proposed in this paper is
adopted. This case requires no model reconstruction, with 100 batteries in the BSS
and 60 EVs.

Case 5: On the basis of Case 3, the data scale is increased with reformulation of the
algorithm, specifically by increasing the number of BSS batteries and the number of
EVs in the distribution network. In this case, the BSS swapping pricing optimization
model considering DSO market clearing and EV driving demand proposed in this
paper is adopted. This case requires model reconstruction, with 100 batteries in the
BSS and 60 EVs.

The case study is performed as follows. Firstly, the benefits of the dynamic pricing

approach are examined, and profit fluctuations in BSS are also evaluated, using Cases 1
and 3. Secondly, the profit resulting from BSS participation in market bidding is analyzed
by comparing the results obtained from Case 2 and Case 3. Thirdly, the practicability of
the proposed pricing approach is verified by testing a large-scale distribution system. The
computational performance and application are finally explored.
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5.2. Pricing Strategy Analysis

The pricing strategy analysis is performed by comparing the traditional EV demand
considered as an uncertain variable and fixed-price pricing based on the experience method
(i.e., Case 1), modeling EV behavior but ignoring the market impact method (i.e., Case 2)
and the proposed three-level pricing method (i.e., Case 3).

As can be seen from Table 2, Case 1 which ignores the dynamic pricing of the BSS and
Case 2 which ignores the impact of the DSO results in an artificially high daily operating
profit for the BSS. Neither Case 1 or Case 2 can meet the daily driving needs of EV owners
to the maximum, which is not conducive to the long-term operation and development of
the BSS. Only in Case 3, and with full consideration of the impact of market clearing and
EV dynamics, can the optimal pricing and operation scheme of the BSS be realized.

Table 2. Influence of different factors on pricing and cost.

System Operation Cost (USD) Profit of BSS (USD) Electricity Cost of EVs (USD)
Case 1 1162.74 15,804.29 37.2
Case 2 - 15,816.29 40.80
Case 3 1162.73 15,440.32 36.80

As shown in Figure 4, BSS affects the market clearing process by adjusting strategies,
effectively reducing DLMP. The DLMP reduction during peak and valley periods in the
figure is more prominent, corresponding to the peak charge and discharge of the BSS, which
is conducive to reducing BSS electricity costs.

807 DIMP of IEEE 33-bus distribution network
DLMP of Case 3
70
60 1
7 50
2
(o]
(@]
T 40
(alH
30 1
20 4
10 T T T T T T T T
0 5 10 15 20

Time (hour)

Figure 4. DLMP curve of node 2 in IEEE 33-bus distribution network and Case 3.

Figure 5a represents the time-varying electricity price and charging/discharging
power of the BSS in Case 2. The electricity price is in line with the supply and demand
relationship with electricity consumption and decreases with the load reduction in the
morning and late at night. The BSS charges when the electricity price is low (5:00-7:00)
and discharges larger amounts when the electricity price is high (17:00-19:00) to reduce
the cost of electricity purchases. Due to the existence of standby batteries, BSS uses the
spare batteries for low storage and high-power generation with the power grid to realize
arbitrage and obtain additional income beyond the power exchange service.
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Figure 5. (a) Time-varying electricity price and charging/discharging power of BSS in Case 2;
and (b) swapping price and driving demand of EVs in Case 2.

Figure 5b represents the swapping price and driving demand of EVs in Case 2. The
power exchange price of BSS is affected by the power exchange plan of BSS and users,
reaching the maximum level from 19:00 to 24:00. On the premise of meeting the driving
demand, the EV adjusts its driving behavior according to the impact of the BSS electricity
exchange price to reduce the cost of using the EV.

5.3. Calculation Speed and Convergence Analysis

The convergence rates of the above three cases are analyzed and listed in Table 3. Due
to the consideration of market clearing and in Case 1 and Case 3, the number of iterations
required for calculation increases, and the convergence speed slows down. The main reason
is that the equilibrium of the BSS and EVs is easy to solve through generations. However,
this iterative result is challenging to converge when iterating with the settlement of the
upper-level DSO market clearing.

Table 3. Calculation speed and convergence of cases.

Case 1
25.900845

Case 2
13.268103

Case 3
30.840949

Speed (s)

To compare the computation and convergence speed of the algorithm in a large-
scale distribution network, we designed application scenarios with a BSS containing more
batteries and a more significant number of EVs.

Compared with the model before modification, which is Case 4, the model of Case 5
has better convergence and faster convergence speed, which is shown in Table 4. Modifying
the objective function of the BSS and introducing a convergence penalty term is beneficial
when applying the model proposed in this paper in large-scale power distribution systems.

Table 4. Model convergence of cases.

Case 4 Case 5
Speed (s) - 147.421108
Convergence No Yes
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6. Conclusions

This paper proposes a BSS swapping pricing optimization model considering DSO
market clearing and EV driving demand. The establishment of the dynamic swap price
affects the income of the BSS. In addition, the revenue of the BSS is under the influence of
the charge/discharge electricity prices. Here, DLMP is used to express the impact of the
power exchange with the DSO. The results show that the BSS pricing scheme considering
the synergy of DSO and EVs, can effectively improve the operating income of the BSS,
reduce the electricity cost to EV owners, and facilitate the regulation and adjustment of
real-time electricity prices to market behavior.

The random variables in the model are yet to be modeled. Future studies should simu-
late should this uncertainty fully. In addition, the spatiotemporal coupling characteristics
of EVs are well worth studying. Distinguished from EV demand, the space-time coupling
problem combines the actual actions of EVs in the grid for analysis and consideration,
which is more appropriate to the actual EV operation mode in practice.
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