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In this study, an optimal operation scheduling strategy for an active distribution system (ADS) 

including distributed generation and electric vehicle battery swapping stations (BSSs) is 

developed. The concerned problem is formulated as a bi-level programming model where the ADS 

operator and BSS owner have conflicting objectives. In order to properly address the uncertainty 

issues involved in the ADS operation, a scenario-based technique is employed and embedded with 

the proposed model. To solve the proposed bilevel optimization problem, a particle swarm 

optimization-based algorithm is employed. The effectiveness of the proposed model is 

demonstrated on an illustrative ADS under different scenarios, and the obtained results prove 

the effectiveness of the proposed approach. 
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1. Introduction 

In recent years, with the rapid development of battery technologies and the growing 

concern about air quality, electric vehicles (EVs) have attracted more and more attention as 

a new mode of transportation, which not only reduces air pollution, but also reduce the 

consumption of fossil fuels. However, the limitation of cruising range has become a major 

hurdle for  the public use of EVs. For example, the battery charging time is too long, and the 

travel distance per charge is limited, the battery life cycle is short, the expensive electric 

vehicle battery replacement cost, and the random charging mode. The commercialization of 

battery swapping stations (BSS) in modern power systems solves these problems by 

exchanging depleted EV batteries with fully charged batteries in a short period of time. 

Therefore, the BSS is widely believed as a promising solution for addressing the above 

cruising range anxiety. 

In view of the crucial role of BSSs in the future power grid, its operation issues has drawn 

growing research attentions in recent years. For example,  a two-way battery scheduling 

model for reducing transportation costs is proposed in [1], which makes battery scheduling 

more efficient and effective. The potential significance of BSSs  for promoting the 

sustainable development of  EV industry [2]. In addition, the effect of smart swapping on the 

efficiency of power systems is analysed in [3]. Also, an energy management framework for 

BSS is also proposed in [4], which consists of the charging demand prediction module and 

the BSS optimal charging scheduling module. Reference [5] proposed a comprehensive 

optimization allocation method for the EV BSS. Reference [6] studied the  optimal operation 

scheduling of EVs through a game-theoretic method and solved by using a consensus-based 

learning algorithm. In [7], the coordinated scheduling problem of EV BSS is investigated.  



Bo Zeng  et al.: Optimal Operation of Active Distribution System With DG & EV Battery... 
 

 583

An integrated optimization model considering EV fast-charging station, BSS, and energy 

storage system is developed. In addition, the uncertainties of EV charging have also been 

included [8]. Also, a combinatory optimization mode for the investment planning of EV 

battery packs (EVB) and EV chargers is also proposed in [9]. A robust optimization model 

for the BSS planning and operation is proposed in [10] The simulation results show the 

feasibility of the proposed model as a business case in real-world applications. An optimal 

operation model of BSS under the time-of-use (TOU) tariff is considered in [11]. A scenario-

based method was used to deal with the randomness in EVs’ daily battery exchange 

requirements. The similar research has also been conducted in [12]. Reference[13] studied 

the optimal capacity configuration design of BSS. A service availability assessment indicator 

is proposed, and a mathematical model with the least-cost of BSS as the objective function 

is established. [14]. In [15], a centralized energy management system for optimal charging 

of EVs has been proposed, which aims to minimize the operational cost of the BSS and 

maximize the benefits of the grid operator. The photovoltaic (PV) based BSS in the DC 

microgrid is modelled in [16] by considering the PV self-consumption and service 

availability. Also, in [17], the scheduling strategy of the micro-grid combined with the BSS 

has been established in different energy supply modes to minimize operating costs.  

From the above literature review, it can be seen that considerable research efforts have 

been made on the operation issues of BSS. However, none of the above studies provide 

optimal BSS operation scheme, considering the interests of different stakeholders.  In 

practice, the distribution grid and BSS might be owned and operated by different entities. As 

such, the determination of optimal BSS operation scheme without considering the conflicting 

interests between these stakeholders might bring unrealistic results in actual 

implementations.  

To resolve this issue, in this paper, a novel bilevel stochastic model for determining the 

optimal operation scheduling of an ADS with distributed generation (DG) and BSSs is 

developed. For the upper layer model, the optimal operation of ADS is calculated from the 

perspective of system operator in order to minimize the total cost of the system,; whereas in 

the lower level, the total cost of each BSS, including the cost associated with the exchange 

power between the BSS and the ADS, the revenue obtained from the EV owner, the BSS 

investment cost and battery degradation costs are minimized. To properly consider the 

uncertainties that associated with the ADS operation, a scenario-based technique is employed 

in our study. And the particle swarm optimization (PSO) algorithm is used to solve the 

proposed stochastic bilevel optimization problem. 

The remainder of this paper is organized as follows: In Section 2, the nomenclature is 

provided. Then, in Section 3, a general description of the proposed bi-level model is 

presented. Section 4 gives the detailed formulation for the proposed problem. On this basis, 

the details about the applied algorithm are elaborated in Section 5.  Case studies and the 

analysis of simulation results are presented in Section 6. Finally, Section 7 summarizes the 

conclusions of this work. 

 

2. Notation 

 

The notation used throughout the paper is stated below. 

����
 Wholesale market price. 

�����
 TOU price. 
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��
�	
�

 Swapping price. 

�,��
 Amount of total load for bus i. 

��
�
� , ��
��

 Capacity of full/depleted battery. 

����
 Number of EVs in the BSS. 

�����
�
 Total number of batteries in BSS. 

��
��� , ��
����
 Charge/discharge coefficient. 

����,�
�
�,�/����,�

�
�,�
 Number of full/depleted batteries in BSS. 

��
���
�
 Initial capacity of battery. 

�� Number of generated scenarios. 

�� Probability of scenarios. 

����/�� �/��� Costs related to MT/PV/load. 

����
 Cost of exchanged power between ADS and BSS. 

����
 Cost of exchanged power between ADS and market. 

��
�	
�

 Swapping cost. 

��
�!"

 Battery degradation cost. 

����
 Exchanged power between BSS and ADS. 

�#,���/��,� �  Hourly output power of MT/PV. 

����
 The amount of transmitted power from BSS to ADS. 

���� The amount of transmitted power from ADS to BSS. 

%�,�!" DoD of battery at the begining of a cycle. 

����,��� /����,����  Charge/discharge rate of BSS. 

����,����  Available capacity of BSS. 

����,�
�
�,��/����,�

�
�,���
 Number of batteries in the charging/discharging mode. 

��,��
�
 Available capacity of battery. 

��
�
�&�  The total number of charge/discharge cycles of each battery over a day. 

'� Number of charging/discharging cycles. 

 

3. Problem Formulation 

3.1 Description 

An overview of the discussed ADS with DG/BSS is illustrated in Fig. 1.  As can be seen, 

the system under concern is generally comprised of different types of distributed energy 

resources (DERs) and BSSs, and it is connected to the external transmission grid via a 

distribution substation. In such configuration, it is assumed that the DERs mainly include 

micro turbines (MTs) and solar photovoltaic panels (PVs). Besides, it is also supposed that 

the ADS operator can exchange power with BSS according to the predefined Time-of-Use 

(TOU) price. The BSS, as a mediator between ADS and EVs, swaps depleted batteries of 

EVs with stocked fully-charged batteries to make their profits. 

In this study, in order to avoid excessive complexities, we assume that all the EVs in the 

ADS use the same type of power batteries, which have identical technical parameters. 

Moreover, it is also considered that the arrival time of EVs for the concerned BSS conforms 

to the Poisson distribution, as similar to many existing studies. 
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BSS

ADS

EV users

Transmission grid

 
Fig. 1. ADS with EV BSS 

 

3.2 Mathematical Model 

In this section, the mathematical formulation for the concerned ADS operation problem is 

presented. In study, it is assumed that the ADS and BSS are owned and operated by different 

entities, which have conflicting objectives. Thus, the problem is formulated as a bi-level 

programming model, as given below.  
A. Upper-level 

The upper-level of the proposed bi-level model is dedicated to describe the decision-making 

of ADS operator, which aims to minimize the total operation cost of the system: 

()*+� = -.' ∑ 0���� + ���� + ���� + �� � + ���234�56                                                               012 
where 

���� = ��������                                                                                                                                 022                            

���� = ����� 9 0����2
:;<<

���56
                                                                                                                   032 

���� = 9 0>#���#,��� + ?#��2
#∈�A

                                                                                                     042 

�� � = 9 0>� ���,� � + ?C �2
�∈�A

                                                                                                         052 

��� = ����� 9 E�,�� F
∈�A

                                                                                                                       062 

The first term in (1) calculates the cost of exchanging power between the ADS and upstream 

transmission grid which is represented by (2). The second term indicates the cost of exchanging 

power between BSSs and the ADS, as represented by (3). The remaining terms are the costs 

related to the MTs, PVs, and loads, which can be calculated by (4), (5), and (6), respectively. 

Moreover, equation (6) indicates the expected profit of ADS operator by selling power to 

demand-side customers. 

To ensure the secure operation of the ADS, a set of technical constraints should be 

considered as follows: • Power balance: 

9 �#,���
:HI

#56
+ 9 ��,� �

:JK

�56
+ ���� + 9 0����2

:LMM

���56
= 9 �,��

:N

56
                                                              072 •MT operation limit: 

�#��� ≤ �#,��� ≤ �#
Q��                                                                                                                       082                                                            
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• Exchanged power limit between ADS and external grid: 

�#��� ≤ ���� ≤ �#
Q��                                                                                                                       092 • Exchanged power limit between ADS and BSS: 

�#��� ≤ ���� ≤ �#
Q��                                                                                                                     0102 

 

B. Lower-level 

The lower-level of the proposed bi-level model corresponds to the decision-making of BSS. 

In practice, the objective function of BSS operator is to minimize the operation cost of BSS, 

which can be expressed as follows: 

()���U = -.' 9E���� + ��
�	
� + �� � + ��

�!"F
34

�56
                                                                   0112 

where the first term is the cost related to the exchanged power between BSS and ADS based on 

the TOU price, as represented by 

���� = ����� 9 0����2
:;<<

���56
                                                                                                                0122 

The second term in (12) is associated with the profit of BSS gained from battery swapping, 
as calculated by 

��
�	
� = ��

�	
� × E��
�
� − ��
�� F × ����                                                                                     0132 

The third term in (12) is the cost related to PV installation in the BSS, which can be 

calculated according to (5). 

The last term in (12) represents the battery degradation cost of EVs, which can be determined 

as follows:   

��
�!" = �����
� 9 E>�!"%�,�!" + ?�!"X�,�!"F                                                                           0142

:<YZ

�!"56
 

where >�!" , ?�!" are the piecewise approximation coefficients for the battery degradation cost. 

Here, the battery degradation cost is modeled based on the depth-of-discharging (DoD) and the 

intrinsic technical characteristics of EV batteries, which can be derived as follows [22]: 

��&�
�!" = ��

'6[[
\]^                                                                                                                             0152  

'� = '6[[\_]^                                                                                                                               0162 

where `� is a constant which can be extracted from the life cycle-DoD curve of EV battery; 

'6[[ is the total number of cycles before failure at 100% DoD.  

To ensure the stable operation of BSSs, a series of constraints are considered in the lower-

level optimization. • BSS charge/discharge rate limits: 

Due to technical restrictions, BSS charge/discharge rates must be kept below certain values: 

0 ≤ ����,��� ≤ �#
Q��                                                                                                                            0172 

0 ≤ ����,���� ≤ �#
Q���                                                                                                                            0182            • BSS capacity limit: 

Considering the limit of BSS capacity, the following constraints must be incorporated:   

�#���� ≤ ����,���� ≤ �#
Q���                                                                                                                    0192 • Battery availability limit: 

In the BSS, the total number of fully charged, empty, charging, and discharging batteries for 

any period t should be equal to the number of stock batteries. 
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����,�
�
�,� + ����,�

�
�,� + ����,�
�
�,�� + ����,�

�
�,��� = �����
� ,∀b                                                                0202 • Battery operation constraints: 

The following constraints are considered for each EV battery in the BSS: 

�#�
��,�
� ≤ ��
�,��� ≤ �#
Q

��,�
�                                                                                                             0212 

�#�
���,�
� ≤ ��
�,���� ≤ �#
Q

���,�
�                                                                                                         0222 

��,��
� = ��,�_6�
� + ��
��� ��
�,��� − ��
�,����

��
����  , ∀b ≥ 1                                                                           0232 

��,��
� = ��
���
�  , b = 0                                                                                                                   0242 

�#��
� ≤ ��,��
� ≤ �#
Q�
�                                                                                                                      0252 • Charge/discharge cycle constraints: 

To avoid excessive degradation, the total number of charge/discharge cycles of EV batteries 

should be confined as follows: 

��
�
�&� ≤ �#
Q

�
�,�&�                                                                                                                               0262 

 

C. Uncertainty modelling 

In the above model, there are several parameters which need to be predetermined by the 

decision-maker before solving the model. These parameters mainly include: system load 

demand, PV output, market prices, and the swapping needs of EV users. However, in practice, 

due to the inherent randomness that involved, the values of these parameters should be highly 

uncertain. This would have a significant impact on the effectiveness of final decision. 

To properly consider these uncertainties in our optimization, a scenario-based approach is 

employed in our study. Then, based on a scenario reduction method, a small number of selected 

scenarios can be obtained, which represent the most probable realizations of uncertainties, and 

then applied into the proposed optimization model. 

In this study, it is assumed that the required historical data related to the uncertain parameters 

are available. To derive the related statistical representation of these uncertainties, in case of 

load demand and wholesale market prices, the data are first classified into four groups which 

represent the seasonal variations. Next, these data is further divided into two sub-groups: 

weekdays, weekends. Similarly, the PV generation data is divided into four classes designating 

the seasonal variations. Then, the data related to each season is divided into two sub-groups 

regarding the irradiation profiles: morning time and afternoon time. Likewise, the data related 

to the swapping requests is grouped into four classes representing the seasonal variations. Then, 

the grouped data in each class is divided into two subgroups: weekdays, weekends.  

In this work, Monte-Carlo simulation method is used to generate the required scenarios for 

the uncertain variables. To achieve this, we assume that the relevant data of load demand, PV 

generation, and wholesale market prices follows a multivariate Gaussian distribution. Also, it 

is assumed that the uptake of EVs in the BSS are consistent with a Poisson distribution with 

expected value λ and number of events κ. To improve the computation efficiency while 

maintaining the accuracy of solution, a clustering-based method developed on the fuzzy C-

means algorithm [21] is applied. Through the above scenario reduction, the information 

redundancy in the proposed problem can be avoided while preserving the statistical properties 

of uncertain variables. 

 

 

 



J. Electrical Systems 15-4 (2019): 582-592 

 

 588 

5. Solution Method 

In this section, the PSO algorithm is used to iteratively solve the bilevel optimization 

problem as presented in (1) - (27). PSO The PSO algorithm is a kind of meta-heuristic 

evolutionary-based algorithm [18],which is similar to the simulated annealing algorithm or 

genetic algorithm. It starts from the random solution and finds the optimal solution through 

continuous iterations. The quality of the obtained solution by PSO is evaluated by a fitness 

function. However, as distinct from genetic algorithm,  the PSO has simpler iteration rules  and 

does not have the "crossover" and "mutation" operations; instead, it seeks global optimum 

solution by using the current searched values [19]. The fundamental mechanism of PSO is 

described as follows: 

Suppose that the objective function for the upper-level and lower-level problem can be 

written as:  
-.'  d0e2                                                      (27) 

In (27), x represents the decision set of ADS operator and BSS. And each decision variable 

is a feasible region with constraint sets (7) - (10) and (12)-(26).In the PSO algorithm, the 

decisions to be optimized is encoded into a set of particles and the position information of each 

particle represents a potential solution. The global optimal solution can be searched by 

constantly updating the position and velocity information of the particles in the population. If 

the particle group is d-dimensional, the position and velocity of the particle i can be expressed 

as fg = [igj, igk, igl, … , ign] ，，，， pg =  [qgj, qgk, qgl, … , qgn] , respectively. rstuv 

represents the historical optimal position of each particle, and wstuv represents the global 

historical optimal position. 

The PSO is initialized as a group of random particles (candidate solutions). Then the optimal 

solution would be searched by iteratively updating the particle members in the current 

population. In each iteration, the particle updates itself by tracking two "extreme values" 

(rstuv, wstuv). After finding the two optimal values, the particles update their speed and 

position by the following formula. 
x =  y ∗ x +  {6 ∗ |}'\ ∗ 0~���b − e 2 + {3 ∗ |}'\ ∗ 0����b − e  2          (28) 

e =  e +  x                  (29)  

In the above equations, � is the updating operator, which can vary linearly during the search 

or dynamically based on the measure of PSO performance. For simplicity, this paper utilizes 

the well-known linearly decreasing weight (LDW) technique [20] to determine the setting of 

�. The detailed expression can be given as follows: 

 

ω] =  0�U�U_ �Y��20]���_]2
]���

+ ω!��                    (30) 

where ���i is the maximum number of iterations set by the decision-maker; �g�g is the initial 

inertia weight; �t�n is the inertia weight upon the maximum iteration of PSO; and k is the 

current number of iterations. In this study, we assign�g�g = �. �, �t�n = �. �, as consistent 

with the previous study in [20]. 

 Using equations (28) and (29) to continuously update the position and velocity of each 

particle, the optimal solution to the concerned problem can be eventually obtained when the 

maximum number of iterations is reached. The flowchart of PSO algorithm is shown in Fig.2. 
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Yes

No

Yes

No

 
Fig. 2  Flowchart of PSO algorithm 

 

6. Numerical Study 

In this section, a series of numerical studies are conducted in order to demonstrate the 

effectiveness of the proposed method in this study.  

A. Data 

In order to verify the validity of the model, we consider a typical ADS [22]. The system 

includes two MTs, and the integration of two PVs and BSSs. It is assumed that the time interval 

for ADS scheduling is one hour. Relevant information about the test case can be found in [22]. 

And the literature [22] also provides an hourly compliance curve, the price of the wholesale 

market and the amount of PV output power predicted. In addition, the relevant exchange request 

data is extracted from [23]. Other required technical parameters are given in Table I. In addition, 

we also assume that the lithium-ion battery packs were used as the power battery of EVs, which 

has a nominal capacity of 85 kWh [24]. In this study, we focus on a small-scale ADS as used 

in [22] just for illustration purpose. Other larger distribution systems with more buses, such as 

the one used in [25] can be also utilized, if desired. This would not change the effectiveness of 

the proposed methodological framework.  

B. Result analysis 

Figure 3 shows the operational schedule of ADS that derived from the proposed bilevel 

optimization model. As can be seen,  in the peak load period, since the market price is high,  the 

BSS sells electricity to the ADS and the MT operates at its maximum power output limit to 

minimize the operation cost of the system; whereas in the off-peak periods, as the market price 

becomes low, the BSS purchases electricity from the ADS to obtain higher profits. Also, the 

ADS operator procures more energy from the electricity market.  
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To analyze the advantage of the proposed bilevel model, we conduct a comparative analysis 

with consideration of three scenarios. Specifically, in Case 1, we consider the independent 

optimization of ADS operation scheduling without considering the interest of BSS; in Case 2, 

we consider independent optimization of BSS without considering potential interaction with 

the ADS; finally, in Case 3, we consider an integrated optimization of ADS operation with BSS. 

As can be seen from the results in Table 2, there is a huge difference in the obtained system 

operation schedule under different scenarios. More specifically, it can be found that the total 

cost of ADS operator is the lowest in Case 1, but the BBS's operating cost is the highest in this 

scenario. In Case 2, the cost of BSS reaches a minimum, but the operation cost of ADS is the 

highest. However, when Case 3 occurs, the results show that a proper balance between BSS 

cost and ADS operator cost can be achieved. This means that, compared with traditional single-

entity-based optimization, the proposed bilevel model can achieve a proper trade-off in the 

interests between ADS operator and BSS owner. Therefore, it could be more practical in real-

world applications. 

 
TABLE 1: Parameter Settings 

Parameter Value Parameter Value 

>#�� $60/MWh ��
�	
�

 $ 98/MWh 

?#�� $15 �����
� 25 

> � $1.1/MWh �#
Q
��,�
�, �#
Q

���,�
�
 70/80 kW 

? � $9.5 ��
��� , ��
���� 0.91,0.91 

�#��
� , �#
Q�
�  10/86 kWh ��
���
�  27 kWh 

�#
Q
�
�,�&�

 4   

 

 
 

Fig. 3. Optimal operation scheduling of ADS with DG and BSS 

 
TABLE 2: Economic Cost Analysis 

Parameter Case 1 Case 2 Case 3 
BSS cost ($) 4523 4185 4207 

ADS operation cost ($) 6351 6924 6818 
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7. Conclusions 

In this study, an optimal operation scheduling strategy for an ADS including distributed 

generation and EV BSSs is developed. The concerned problem is formulated as a bi-level 

programming model where the interactions between ADS operator and BSS owner were 

explicitly considered. Besides, the potential impacts of uncertainties that associated with the 

discussed problem are also included. A hybrid algorithm leveraging PSO is utilized to solve the 

proposed ADS operation scheduling problem.  

In order to verify the effectiveness of the proposed method, a numerical study was 

conducted. The obtained results show that, compared with conventional optimization approach, 

the proposed bilevel model can achieve a proper trade-off in the interests between ADS operator 

and BSS owner. Moreover, it is also found that the efficacy of ADS operation is not only 

dependent on the network capacity, but also affected by the correlation between renewable 

energy supply and consumption in the temporal dimension. As such, proper utilization of EV 

charging loads via BSS can increase the renewable energy efficiency if compared with the 

outcomes derived from existed studies where no BSSs were accounted for. 
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