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Abstract

:

Battery swapping station (BSS) technology can provide electric taxis (ETs) with more economical and high-efficiency operating services. However, the battery-swapping market needs to be more organized due to unpredictable swapping periods for ETs, resulting in more requirements for batteries of BSSs needing multiple batteries simultaneously. To address these challenges, this paper first analyzed two operation patterns of taxis to estimate the demand for swapping ETs. Then, an optimal capacity model of BSS is proposed to optimize the battery capacity of BSSs to meet the swapping demand of ETs. Finally, a genetic algorithm (GA) is utilized to solve the proposed model. The real operating data of taxis with GPS routes in Chengdu city are used as a case study to validate the proposed method. The results show that the proposed method could obtain the optimal battery capacity of a BSS and improve the economic benefits of BSSs.
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1. Introduction


Electric vehicles (EVs) with lower tailpipe emissions, high energy efficiencies, and lower driving costs are becoming a significant alternative to traditional vehicles. Developing the electric vehicle industry and charging infrastructure has become a current trend [1]. Battery swapping technology is a promising solution that allows for high-efficiency replenishment by exchanging depleted batteries for fully charged ones due to its short swapping time [2]. Electric taxis (ETs) have been introduced for transportation sector electrification. Charging time will affect the revenue of individual ETs. Thus, BSSs are suitable for ETs. The State Grid Corporation of China has constructed several BSSs for ETs and EBs in Beijing, Shanghai, Hangzhou, Qingdao, and other cities in recent years [3].



However, there is little literature regarding the capacity optimization of BSSs for ETs [4,5]. A day-ahead dispatching model based on robust optimization has been proposed in [6], which uses inventory robust optimization and multi-band robust optimization to solve the uncertainty of demand and electricity prices. A dynamic programming model has been used to determine the optimal number of batteries for a swap station problem in [7], and the purchase and charging schedule were optimized to minimize the total costs. A coordinated charging strategy for BSS has been proposed to minimize daily charging costs in [8], including the economic cost and the revenue of participating in grid services. The authors of [9] proposed a battery-swapping method for scheduling idle taxis to swap batteries through a real-time algorithm. A charging load forecasting method of BSSs considering various uncertainties of EVs has been proposed to estimate the uncontrolled energy consumption of BSSs [10]. The authors of [10,11] used the historical operation data of ETs for a later analysis. The authors of [11] studied the BSS’s scheduling problem to minimize the charging cost and meet the fully charged battery demand by optimizing the charging processes of the charging bays. The authors of [12] constructed a real-time battery swap pricing model for ETs. The authors of [13] analyzed the impact of swapping price on the operation of BSSs, and the results showed that a reasonable swapping price can smooth the load curve and reduce system losses. In [14], a Monte Carlo simulation was used to analyze the service capability and profitability of charging stations and BSSs for taxis and buses. An optimal schedule of battery charging in a BSS for electric buses has also been studied to meet the swap battery demand of electric buses [15]. The BSS in the above-mentioned research can not only achieve fast charging but can also flexibly participate in the operation of the power system to provide grid services. An economic dispatch model of BSSs with wind power has been proposed to bring more benefits to the system in [16].



This study aims to identify the optimal capacity of a BSS for ETs considering the operating cost and profits of the BSS. During peak hours, a swapping station may experience congestion, resulting in longer waiting times for ET users. The BSS needs to ensure a sufficient inventory to meet users’ needs when ETs arrive at the BSS by accurately predicting its users’ battery-swapping demands. An insufficient or excessive capacity can adversely affect the BSS’s operational efficiency. It is imperative to improve the efficiency of BSSs and their benefits by optimizing the battery capacity of BSSs.



This research contributes to filling the gap in the literature by providing insights into the optimal capacity of BSSs to meet the demand of electric taxis. In this paper, data mining is used to obtain the operating patterns of EVs based on the taxi operation data of Chengdu in China. The battery capacity demands and the operations of the BSS are analyzed in different operation patterns based on the operational data. Then, this paper proposes a capacity optimization model of a BSS for ETs considering driving distance and the operating patterns of ETs. The objective of the proposed model is to maximize the profits of BSSs while meeting ETs’ charging demands. Finally, a genetic algorithm (GA) is used to obtain the optimal capacity of BSSs and the optimal operational patterns for ETs.



The rest of the paper is organized as follows: In Section 2, the EV operation patterns based on data mining are analyzed to obtain the BSS capacity demand in different operation patterns. In Section 3, an optimal model considering the revenue and expenditure of the BSS is proposed to determine the capacity of the BSS. Simulation results are analyzed in Section 4. Finally, the paper is concluded in Section 5.




2. Operation Analysis of a BSS


2.1. Data Mining of Taxi Operation


The daily driving distance and trajectory of taxis have a high level of certainty and similarity. Historical driving data of taxis can serve as an operational foundation for ETs [17], influenced by social and economic factors. ETs utilizing battery swapping technology can be fully charged in just a few minutes, without considering the long charging duration. Due to technical and battery manufacturing standards, BSSs are usually operated to serve their own brand of cars by car manufacturers. ETs usually use the same type of cars. Planning routes for ETs is challenging due to their profit-oriented nature. To estimate the swap battery demand of a BSS, this paper utilizes data mining to obtain the mobility patterns of taxis. Generally, the number of BSSs in a city is limited, and they are usually located in areas with lower land costs. The uneven temporal and spatial distribution of taxi charging demands can be alleviated through the dynamic pricing of BSSs, which is not the focus of this paper. Therefore, this paper focuses on the optimization capacity of a BSS because the number of BSSs in a city is limited due to economic factors.



The operational data of taxis in Chengdu are analyzed. Chengdu is located in the southwest of China. More than 13,500 taxis’ GPS data from 6:00 to 24:00 were collected, which included vehicle labels, latitude and longitude coordinates, passenger information, and collection time. Firstly, redundant and abnormal GPS data were removed. Each GPS coordinate needed to be within the urban area (103.7109 E–104.4140 E, 30.3222 N–30.9375 N). Considering possible GPS errors, the distance between the two points was not allowed to exceed 1 km.



Figure 1 shows the distribution of the taxi driving distance from 6:00 to 24:00. The distribution of taxi driving distance ranges from 300 to 400 km, showing a normal distribution. Figure 2 shows the distribution of the taxi driving distance in different periods. The driving distance of taxis presents a normal distribution except for the operation data at 6:00, because ET users usually have a rest at night. The daily traveling distance of taxis will be longer in the actual operation timeframe because Figure 1 only contains the operating data from 6:00 to 24:00. To simplify the computation, it is assumed that the daily driving distance of ETs has a normal distribution.




2.2. Operation Analysis of a BSS


The swapping battery process can be completed within a few minutes, which is similar to that of fuel taxis. Thus, the driving pattern of fuel taxis is assumed to be the same as that of ETs. In general, there are two operation patterns for ETs, namely, single shift and double shift. A single shift means that taxis are driven over 24 h without rest. A double shift means that the operation period of taxis is divided into daytime and night periods. In the daytime period (6:00–22:00), all taxis are running, while 30–40% of taxis run in the night period (23:00–5:00).



Based on the driving distance of taxis, the state of charge (SOC) of ETs can be calculated as follows:


  s o c ( t + 1 ) = s o c ( t ) −    (  L × d  )   / C   



(1)




where   L   is the electricity consumption rate of ETs, 13 kWh/100 km in this paper.   C   is the rated battery capacity of ETs, 50 kWh in this paper.   d   is the driving distance that is generated by the Monte Carlo method.   s o c ( t )   is the SOC of ETs at time   t  . The initial SOC of ETs is randomly distributed between 0.2 and 0.95. The SOC of ETs is limited by maximum and minimum values    [  S O  C  max   , S O  C  min    ]    to avoid overcharging and over-discharging. When the SOC of ETs is lower than the threshold, ETs will swap battery storage. Exhausted batteries are charged in the BSS immediately, with a charging power of 21 kW [18].



	
Pattern I: Electric taxis run all day






In pattern I, ETs are running all day. The ETs with a battery-swapping mode can be operated for 24 h ignoring the charging times. The simulation starts at 7:00 and lasts 100 days. The average value of the 100-day simulation results is shown in Table 1 and Figure 3.



	
Pattern II: Not all electric taxis operate all day






In pattern II, all ETs participate in the operation in the daytime period, but only 30–40% of the ETs participate in the operation in the night period due to a significant decrease in the travel demand of people. The simulation starts at 7:00 and lasts 100 days.



Figure 4 and Table 2 show the hourly swapping battery demand of ETs in the pattern II model. The results show that the total daily demand for the BSS in pattern II is lower than that in pattern I because some ETs in pattern II stop running and charge at night. After 7:00, the demand for the BSS gradually increases. The period of 11:00–16:00 is that of peak demand for the BSS, and it needs a large number of batteries to meet the demand. Meanwhile, a large amount of batteries of the BSS is charging at the same time, which may cause overload and huge charging costs.



The different operation pattern of ETs has a significant influence on the demand for the BSS, which is related to the economic development of a city and the living habits of residents. The ratio of vehicles operating all day in pattern II is a reasonable assumption based on the operating data.




2.3. Operation Analysis of a BSS


The BSS is used as an energy supply station for ETs. The BSS must have sufficient batteries to meet the demand for swapping batteries while maximizing its profits. When an ET arrives at the BSS, the battery is swapped. The swapped battery is stored and charged to provide services for other ETs at the BSS. It is assumed that the charging power is 21 kW. This means that a battery of 50 kWh with a SOC of 20–45% will be fully charged within an average duration of 90 min. Figure 5 shows the battery charging timing sequence [19]. The yellow zone indicates the stage of the battery. The green zone indicates that the battery is available for battery-swapping services.



Figure 6 shows the operation of the BSS with 40 batteries to serve 300 ETs in pattern I and pattern II. The negative value in Figure 6 means that the BSS cannot meet the demand for swapping batteries in the current period, while the positive value means that there is an available number of batteries for battery-swapping services for ETs. In pattern I, the charging power of the BSS shows a smooth curve ranging from 650 to 840 kW. The average charging power of the BSS is 756 kW. The battery inventory cannot fully satisfy the demand for swapping, which is mainly concentrated during the night period. Although there are shortages, the value is lower than that of pattern II. In contrast, the average charging power of the BSS is 840 kW, which is 11% larger than that of pattern I. The battery shortage is mainly concentrated during the peak demand for the BSS at 11:00–15:00. There is a slight increase at 22:00, and then it decreases at 23:00, which is the second peak demand timeframe for the BSS. The first peak demand for the BSS starts at 10:00, and there is another battery swap demand after 12 h of operation, but the number of ETs decreases in pattern II after 23:00.



Figure 7 shows the operation of the BSS with 300 ETs under different battery inventories. With increasing battery inventory, the charging power will increase. When the number of batteries reaches 45, the available battery number is always positive. It means that the BSS can meet the swapping demand of ETs. In pattern II, the battery inventory cannot fully satisfy the demand of the BSS. The more battery inventory the BSS contains, the more demand can be satisfied during the peak demand timeframe. Meanwhile, a large amount of battery surplus will occur during the valley demand. There are different perspectives between ET users and investors in the BSS. For users, they want more batteries that can provide a better service. Conversely, the investor believes that more batteries not only increase the investment cost but also lead to insufficient battery utilization during the valley demand for the BSS. Therefore, the tradeoff between the inventory of the BSS and the number of ETs is key to promoting BSS development.





3. Capacity Optimization for a BSS


The BSS can provide battery-swapping services for ETs. The objective function of capacity optimization of the BSS is to maximize the BSS’s income, including the battery investment costs, the battery operational costs, the battery charging costs, the battery degradation costs, the battery recycling income, and the battery swapping income. The objective function of the capacity optimization of the BSS can be formulated as follows:


  min   F − f  



(2)




where F represents the overall construction and operational costs of the BSS. f is the total revenue of the BSS.


  F  =   c B  ⋅  (  n + N  )  +  e f  ⋅ n +   ∑  t ∈ T     E t  om     +   ∑  t ∈ T      ∑  h ∈ D     P  h , t    (  n , N  )  ⋅  c h       



(3)




where the first part of Equation (3) is the investment cost of the batteries.    c B    is the purchase cost of a battery.   n   is the number of batteries stored in the BSS that are used for battery swapping.   N   is the number of batteries providing power for ETs. The second part of Equation (3) is the construction cost of the BSS, including the cost of land construction and charging facilities.    e f    is the fixed construction cost of the battery. The third part of Equation (3) is the operation and maintenance (O&M) cost of the BSS.    E t  om     is the O&M cost of the BSS in the t-th year. The fourth part of Equation (3) is the charging cost of the BSS.    P  h , t    (  n , N  )    is the charging power in time h and year t under the BSS with n battery inventory and   N   ETs.    c h    is the electricity price in time h.   D   is the scheduling period of one day with 24 h.   T   is the lifetime of the battery.


  f =   ∑  m ∈ T    I B  R m  ⋅ n   +   ∑ T     ∑  h ∈ D    B S R ⋅      m h     +  β ⋅  P B  ⋅  (  n + N  )  −   ∑ T     ∑  h ∈ D     e  p e n       ⋅  L h  short    



(4)




where   I B  R m    is the monthly battery rental fee in m-th month.   B S R   is the battery swapping income for a single exchange.    m h    is the number of ETs demanding battery swapping in time h. The third part of Equation (4) is the recycling income of the battery.  β  is the depreciation rate of the battery. The fourth part of Equation (4) is the penalty cost when the BSS cannot meet the demand for swapping.    L h  short     is the shortage number of batteries in time h.    e  p e n     is the penalty price for a BSS that cannot provide the battery swapping service.


   L h short  =  {      0 ,    L h  ≥ 0        L h  ,    L h  < 0        



(5)




where Equation (5) is used to calculate the shortage number of batteries at time h.    L h    is the available number of batteries at time h.



The optimization model of the BSS needs to meet the following constraints:


  0.05 ≤     ∑  h ∈ D     L h  s h o r t         ∑  h ∈ D     m h      ≤ 0.1  



(6)






  n < N  



(7)




where constraint (6) is used to ensure that the shortage rate of the battery is within 5–10% to improve the service quality of the BSS. Constraint (7) limits the battery inventory of the BSS.



The GA is a randomized search algorithm for solving complex optimization problems inspired by natural selection and biological evolution. The GA was developed by Holland to search for the global optimum value of an optimization problem [20]. GA is one of the most popular optimization technologies that is currently used in power system optimization. Generally, a GA includes three steps: selection, crossover, and mutation. The detailed introduction and modeling of the GA can be found in [21]. Because a global optimum value is not granted, the solution is obtained by the average solutions from multiple simulations [22].




4. Case Study


The proposed model is verified in this section. The purchase cost is 9285 USD for a 50 kW·h battery. The fixed investment for a battery is 7143 USD. The time-variable electricity price is 0.17 USD/kW·h during the peak period, 0.05 USD/kW·h during the valley period, and 0.12 USD/kW·h in other periods. The swapping battery cost is 16 USD. The rental cost of a battery is 71.5 USD/month. The depreciation rate of the battery is assumed to be 0.2. The annual O&M cost rate is 2% of the investment cost of the battery.



The proposed approach is studied in two cases with different operation patterns. One case is modeled without the penalty cost of the BSS to the maximum profit of the BSS, ignoring service quality. The other one is modeled with the penalty cost of the BSS to consider the service quality of the BSS. The proposed approach is studied in two cases with two operation patterns. This model is solved using GA. The key parameters are shown in Table 3.



A. The results considering the penalty cost of the BSS



Table 4 shows the optimization results using the penalty price constraints with different operation patterns. It can be seen from Table 4 that the total profits in pattern I are significantly higher than those in pattern II. The optimal capacity of pattern II is higher than that of pattern I when serving the same ETs. In pattern I, with the increase in the number of ETs, there is an increase in the total revenue of the BSS. However, the relationship between the total revenue and the number of ETs is highly irregular in pattern II. The daily demand of pattern I is higher than that of pattern II, but the demand in pattern II is unevenly distributed, requiring a large number of batteries to satisfy the swapping demand during the peak period. Table 5 shows the demand satisfaction rate of ET battery swapping. To improve the profitability of the BSS, the demand satisfaction rate of the battery swap station in the two operation patterns is 100%, which can meet all the battery swapping needs.



Figure 8 shows the income and cost of the BSS in the two operation patterns. The swapping battery income is the most important factor in the two cases. The purchase cost of the batteries and the charging costs are the main costs of the BSS in the two cases. Thus, it is important to optimize the charging decisions of the BSS over the same day. There is no significant difference in the battery purchase cost when serving the same number of ETs in pattern I and pattern II.



Figure 9 shows the operation of the BSS serving 300 ETs. The demand for the BSS is satisfied by the 43 batteries in pattern I. Although there is a certain amount of battery inventory surplus in pattern I, the surplus number in each period is within 10. In pattern II, there is no shortage of batteries during the peak period of battery swapping, and the batteries of the BSS can fully meet the demand for battery swapping. However, there is a large surplus of batteries during other periods, and the overall surplus reaches 1692. In the valley period of the battery swap demand, by reducing the charging power of the BSS, the charging cost can be effectively reduced, thereby improving the overall income of the BSS.



B. The results without considering the penalty cost of the BSS



Considering the rest time of the drivers, the demand for the BSS will be reduced accordingly. Therefore, a proportional constraint is used to determine the optimal capacity of the BSS. In the proportional constraint, the BSS only needs to satisfy the swapping demand ranging from 90% to 95%. The constraint (6) is to ensure that the shortage rate of the battery is within 5–10% to improve the service quality of the BSS. The optimization result of the BSS in this proportional constraint is shown in Table 6.



Table 7 shows the demand satisfaction rate of the BSS with proportional constraints. The demand satisfaction rates are above 93%. The main revenue of the BSS is the swapping battery income. Although the investment of the BSS can be reduced partly, the total revenue is not as good as the price penalty in pattern I. However, the total profits of the BSS show an irregular trend in pattern II. Therefore, the proportional constraints can be used to appropriately increase the benefits of the BSS in pattern II.



Table 8 shows the comparison of the capacity and income of the BSS under the two cases. It can be concluded that, under the proportional constraint, the optimal battery inventory and revenue of the BSS show a downward trend compared with the price constraint, but the difference in battery inventory is not obvious. In the case of the proportional constraint, although the initial construction cost of the BSS can be reduced, the decrease in the demand satisfaction rate will cause a reduction in the battery swap income.




5. Conclusions


To obtain the optimal capacity of the BSS, this paper first analyzes the operational data of taxis to obtain the operation characteristics of ETs. Secondly, the demand for swapping batteries is calculated in different operation patterns of ETs. Finally, the capacity optimization model of the BSS considering the income and cost of the BSS is proposed. The GA algorithm is used to find the optimal battery capacity of the BSS. The results show that the profit of the BSS in pattern I is higher than that in pattern II. The total profits of the BSS are mainly affected by the purchase cost of batteries, the charging cost, and the battery swapping income. The charging cost in pattern II is lower than in pattern I. It is important to optimize the charging profiles of the BSS to reduce the charging costs. This paper mainly analyzes the investment and operation of BSSs from the aspect of economic factors. The proposed model and the results will provide investors with a model for evaluating the investment and operation of BSSs. There are some limitations in this paper. The location of the BSS is not considered. Moreover, this paper does not consider the impact of driving characteristics, weather conditions, and road conditions on the energy consumption rate of ETs. These are future research directions.
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Figure 1. Distribution of daily driving distance of taxis. 
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Figure 2. Distribution of hourly taxi driving distance. 
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Figure 3. The demand for batteries of a BSS in pattern I. 
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Figure 4. The demand for batteries of the BSS in pattern II. 






Figure 4. The demand for batteries of the BSS in pattern II.



[image: Sustainability 16 01676 g004]







[image: Sustainability 16 01676 g005] 





Figure 5. Charging time sequence. 
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Figure 6. The comparison of charging power and the usage of the BSS in patterns I and II. 
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Figure 7. The comparison of battery usage and charging power of the BSS between two battery inventory scales. 
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Figure 8. The income and expenditure of the BSS. 
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Figure 9. The operations of the BSS in pattern I and pattern II. 
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Table 1. The total demand and the average demand of batteries of the BSS in pattern I.
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	200 ETs
	400 ETs
	600 ETs
	800 ETs
	1000 ETs





	Total demand
	420
	829
	1236
	1646
	2052



	Average demand
	18
	35
	52
	69
	86










 





Table 2. The total demand and the average demand for batteries of the BSS in pattern II.
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	Timeline
	200 ETs
	400 ETs
	600 ETs
	800 ETs
	1000 ETs





	Total demand
	336
	664
	990
	1315
	1640



	Average demand
	14
	28
	42
	55
	69










 





Table 3. The key parameters in GA.
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	Parameter
	Value





	Number of Populations
	20–100



	Number of Iterations
	100–500



	Possibility of Crossover
	0.4–0.99



	Possibility of Mutation
	0.0001–0.1










 





Table 4. Optimal capacity and profit of the BSS.
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Pattern I

	
Pattern II




	
The Number of ETs

	
The Optimal

Capacity of BSS

	
Profits of BSS

(Thousand USD)

	
The Optimal

Capacity of BSS

	
Profits of BSS

(Thousand USD)






	
200

	
29

	
887.1

	
33

	
208.6




	
400

	
57

	
1843.7

	
64

	
432.3




	
600

	
86

	
2539.7

	
96

	
592.1




	
800

	
115

	
3368.0

	
130

	
720.8




	
1000

	
141

	
4222.1

	
160

	
924.0











 





Table 5. The demand satisfaction rate of the BSS.
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	The Number of ETs
	Pattern I
	Pattern II





	200
	100%
	100%



	400
	100%
	100%



	600
	100%
	100%



	800
	100%
	100%



	1000
	100%
	100%










 





Table 6. Optimal capacity and profit of the BSS.
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Pattern I

	
Pattern II




	
The Number of ETs

	
The Optimal

Capacity of BSS

	
Profits of BSS

(Thousand USD)

	
The Optimal

Capacity of BSS

	
Profits of BSS

(Thousand USD)






	
200

	
27

	
822.8

	
30

	
159




	
400

	
53

	
1495.8

	
60

	
367.4




	
600

	
79

	
2178

	
90

	
468.2




	
800

	
105

	
2827.4

	
121

	
582.4




	
1000

	
131

	
3624.6

	
151

	
658.6











 





Table 7. The demand satisfaction rate of the BSS in pattern I.
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	ETs Numbers
	200
	400
	600
	800
	1000





	Pattern I
	94.29%
	94.45%
	94.58%
	93.39%
	94.54%



	Pattern II
	92.56%
	94.57%
	94.74%
	94.52%
	94.70%










 





Table 8. Comparison of capacity and income of the BSS under the two cases.
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Pattern I

	
Pattern II




	
ET Numbers

	
Difference in

Battery Number

	
Difference in

Profits (Thousand USD)

	
Difference in

Battery Number

	
Difference in

Profits (Thousand USD)






	
200

	
2

	
64.7

	
3

	
50.6




	
400

	
4

	
232.2

	
4

	
64.7




	
600

	
7

	
361.7

	
6

	
123.9




	
800

	
10

	
540.7

	
9

	
137.5




	
1000

	
10

	
597.6

	
9

	
265.4
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