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Abstract: With the development of smart grid, the use of intelligent electronic devices in the measurement, protection and control system keeps on increasing. Then real-time pricing (RTP), which is beneficial to both energy users and energy suppliers, is designed to promote demand side management (DSM) activities.. Basing on the concept of RTP, this paper introduces a real-time charging price (RTCP) mechanism in the scenario of plug-in hybrid electric vehicles (PHEVs) charging. The optimal RTCP is obtained by a distributed algorithm with the aid of a utility model, and the resulted RTCP will maximize system welfare. The willingness to charge is derived to reflect the charging preferences and the different responses to the RTCP of all PHEV users. The effect of charging load and generating capacity is discussed. Several scenarios are analyzed to demonstrate the effectiveness of the proposed strategy. And the simulation results show that reasonable charging strategy will be realized based on the optimal real-time charging price.
1  Introduction

  The concept of demand response (DR) is proposed for the DSM in the competitive electricity market to maintain the reliability of the system and to improve the operation efficiency of the power system. As an important part of the smart grid framework, DR program is regarded as a potential source of supply in the power supply market. For example, in June 2000, the severe power shortage of California Pacific Gas & Electric Company makes nearly 10 million people in the San Francisco Bay area suffering a massive power outages, and leads the power system into unexpected collapse. The lack of demand response support in the California electricity market has been identified as a significant factor in the blackout [1].
  In the residential sector, bidirectional interaction between power grid and new forms of home appliances, like PHEVs, has become a new research focus in the field of renewable energy sources (RESs) in smart grid. However, according to recent studies of power consumption of PHEVs, a considerable amount of electricity is required to charge the batteries of these vehicles, which may lead to line congestion and undesirable peak-load in the distribution grid. Furthermore, uncoordinated charging of the batteries of PHEVs has a non-negligible impact on the performance of the distribution grid in terms of power losses and power quality [2]. The large-scale aggregated load arising in charging network will pose significant challenges to the grid. As an important means to promote effective DSM activities, real-time pricing mechanism encourages customers to use electricity more efficiently. Supported by the advanced technology of smart grid, such as advanced metering infrastructure (AMI), real time two-way communications system, energy management system (EMS), etc.,  real-time pricing mechanism can be implemented in the charging environment.
    There are a number of models and algorithms of real-time pricing strategy proposed from the perspective of the user and power supply side in literature. An optimal, autonomous, and incentive-based energy consumption scheduling algorithm is presented in [3] to balance the load among residential subscribers that share a common energy source. The proposed algorithm is designed to be implemented in energy consumption scheduling (ECS) devices inside smart meters in a smart grid infrastructure. [3] also proposes a simple pricing and billing model which encourages users use the ECS devices and run the proposed distributed algorithm in order to be charged less. 
An optimal and automatic residential EMS framework is proposed in [4]  to achieve a desired trade-off between minimizing the electricity cost and minimizing the waiting time for the operation of each appliance in household in presence of a real-time pricing tariff combined with inclining block rates.
  To reflect the relationship between the reduction in the electricity bill and the economic situation of the consumers, an optimal load management strategy for residential consumers that utilizes the communication infrastructure of the future smart grid is presented in  [5]. The strategy considers predictions of electricity prices, energy demand, renewable power production, and power-purchase of energy of the consumer to determine the optimal relationship between hourly electricity prices and the operation of different household appliances and electric vehicles in a typical smart house.  
  In the meanwhile, the price elasticity of electricity users has been considered in the real time electricity pricing for the sake of the maximum benefit of both the users and the power supplier. Rongshan et al [6] studies the price elasticity of electrical demand in a smart grid framework where the loads of a power system are scheduled by energy management controller (EMC) units. Considering demand elasticity from users, [6] shows that the optimal real-time electricity prices that maximise the social welfare of a power system will match the marginal costs of energy production at load levels.
  As electricity market is deregulated, consumers become exposed to more volatile electricity prices and may decide to modify the profile of their demand to hedge the risk of volatile electricity prices. Daniel S. Kirschen [7] analyzes the effect of market structure on the elasticity of the demand and then uses a matrix of self-and cross-elasticities to model the behavior of consumers. Samadi et al. [8] propose an optimal real-time pricing algorithm based on utility maximization for DSM in the future smart grid. The RTP algorithm can be implemented in a distributed manner to maximize the aggregated utility of all users and minimize the cost imposed to the energy provider while keeping the total power consumption below the generation capacity. Tarasak [9] extends thework in [8] to consider load uncertainty and derive the optimal real-time pricing under three load uncertainty models, which proves that load uncertainty makes the optimal price higher. 

  The work in [10] proposes a novel power control and real time pricing approach to match supply with demand for smart grid. The paper formulates a utility optimization problem to maximise the comfort level of the consumer under a reasonable payment, and thendevelops a power control and pricing algorithm to search for the optimal power consumption and price and gives a distributed implementation method.

  In [11], interactions among the energy consumption controller (ECC) units and the energy provider are formulated as an optimization problem solved by particle swarm optimization (PSO). Meanwhile, a real-time pricing algorithm for smart grid is proposed to manage the interactions between the subscribers and the energy provider, and to find the optimal energy consumption for each subscriber to maximise the aggregate welfare of all subscribers. Based on this proposed algorithm, each subscriber is eager to change his consumption pattern. In addition, a time of use (TOU) rate is considered for comparison in the paper.

  Also based on utility theory, a real-time pricing algorithm is proposed in [12], which  innovatively describes that allowing different energy providers to share one common network, without violating the network constraints. Energy producers, system operator and end-users exchange information through the communication infrastructure in order to converge to the optimal power consumption schedules. 

  There is also a kind of real-time electricity pricing based on congestion management, which can get the balance between supplying and consuming electricity by processing power network load congestion.

Motivated by the problem of providing differentiated quality of service (QoS) to end users in the Internet, [13] considers the use of congestion prices as a means for achieving a fair and efficient sharing of bandwidth. Users attempt to predict prices based on their knowledge of the history of the price process, and choose their actions to maximise their utility conditional on their predictions in an environment where prices are determined by the collective actions of all the users. Results indicate that,   the system converges to an optimal allocation of bandwidth under reasonable assumptions: the users’ price predictions converge to the actual price and their bandwidth shares converge to levels which equalize their marginal utility of bandwidth.

  The implementation of the real-time electricity pricing strategy will affect the user's power consumption behavior, and the power consumption will affect the development of the real time electricity price. Therefore, it is an important problem to design effective and feasible RTP strategy to study the behavior of users. 

  In [14], home appliances are divided into non-shiftable appliances, shiftable appliances and curtailable appliances according to their load types. A learning model based on mean price ranking has been designed with the aim to study the electricity consumption patterns of using shiftable appliances. For curtailable appliances, the paper proposes a learning model based on multiple linear regression to learn the consumption pattern of customers. The results show that the proposed learning models are feasible and efficient. Literature [14] provides a new perspective for further research in learning and analyzing the behavior of electricity customers in the context of the smart grid. The study in [15] investigates the impact of smart appliances and variable prices on electricity bills of a household and presents a simulation model that generates household load profiles under flat tariffs. In conclusion, electric utilities may face new demand peaks when day-ahead hourly prices are applied. However, a considerable amount of residential load is available for shifting, which is interesting for the utilities to balance demand and supply. 

  Based on the above study, this paper  will  apply real-time pricing to the electric vehicle charging environment and introduce the real-time charging price (RTCP) to maximise the aggregate utility of all PHEV users and minimize the cost imposed to the energy provider while keeping the total power charged below the generation capacity. The proposed optimization problem is solved by using the method of gradient projection. Meanwhile, users’ willingness to charge is derived to reflect the charging preferences as well as the different responses to the real-time charging price of all PHEV users. The effect of the charging load and generation capacity is discussed. Several scenarios are presented to demonstrate the effectiveness of the proposed strategy. And the simulation results show that reasonable charging will be realized based on the optimal real-time charging price. 
2  System model

2.1 Charging Environment
  The implementation of demand side response programs in smart grid is supported by a variety of advanced technologies, especially the widespread application of advanced metering infrastructure (AMI) and information communication technology (ICT). The AMI communication technology and intelligent control system, as the main technical means for demand side response programs, provide the possibility for the real-time pricing. In this paper, the proposed real-time charging price algorithm is embedded into an intelligent charging management module (ICMM) in the charging system, as shown in Fig.1. Assume that customers use the distributed charging points integrated with the intelligent module to charge for their PHEVs, that is, they behave the same regarding rationality in consumption of electricity. Meanwhile, the messages of the PHEV charging demand, the real-time charging price and the customer identity are delivered to the charging control system, which contains a bidirectional communication network based on real-time transmission protocol. The PHEV charging demand is uploaded to the energy provider through the intelligent charging points. And in return, the ICMM embedded on charging points receive the optimal charging price announced and adjust the charging power accordingly for each vehicle. The charging framework and the interaction between PHEV users and energy provider are shown in Fig. 1.

  For customers, PHEV charging is an ideal venue for demand responds as the charging load is more flexible and elastic compared to other residential loads [16]. As described in [16] that, in general, a user will not be very much concerned about the charging rate as he can leave his vehicle overnight for charging (starting around 6 P.M. when he gets back home from work until the next morning). This implies that the charging load can be shifted adopting certain optimal method to attain various goals such as peak load clipping and valley filling. Certainly, different users may have different requirements or rather different charging preference. The feature factor of willingness to charge will be derived from the mathematical model of RTCP to represent the charging preferences of all users. And the effect of the feature factor on optimization of PHEVs charging demand will be discussed comprehensively by several simulation results with different charging preferences in the following sections.  
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Fig.1 Interactive model based on demand response of PHEVs 

  To a great extent, the basic framework and the symbols defined in the literature [8] will be used in this paper. As research in a certain region (such as a small district or a community), there are N electric vehicles have power consumption for charging. Or each customer
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requires an amount of energy for his/her PHEV (assume that each user has only one vehicle). Besides, we make the assumption that all PHEV users are independent and have no communication with each other in the charging process.
  Due to advances in technology, the sampling interval for users demand is modified to be shorter. Whereby K denote the set of the whole charging cycle and be divided into k time slots, 
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. In each time slot k, PHEV i has a charging power of 
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, which also represents the charging rate for the vehicle. The power consumption for charging in each time slot is bounded as xk i
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[mk i, Mk i]. The difference from [8] is that, for the distributed charging points, mk i and Mk i correspond to the upper and lower limit of output power, respectively. Similarly, let Lk denote the generating capacity, or the energy provided to all PHEVs within time slot k, and 
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are separately the minimum and maximum generating capacity. Information exchange between the energy provider and the users takes place at the beginning of each interval. Under the regulation, the electric power provided will be sufficient enough to charge the batteries of the PHEVs. And the energy provider has obligation to ensure the capacity balance. The nomenclature used in this paper is summarised in Table 1.

   Table 1    Table of nomenclature
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	set of PHEVs or its users

set of the whole charging cycle

number of the time slots

charging power for PHEV i in time slot k

minimum output power of the charging point i in time slot k
maximum output power of the charging point i in time slot k
generating capacity of energy provider in time slot k

minimum generating capacity in time slot k

maximum generating capacity in time slot k

state of charge of PHEV i in time slot k

parametric utility function for charging

feature factor of willingness to charge

a predetermined constant characterizing the saturation point of the utility

cost of power supply of the charging system
predetermined constants of the cost function
charging price in time slot k 

charging price of t iteration in time slot k

iteration index of charging price updated
charging efficiency
battery capacity of PHEV i
total charging cost of user i


2.2 Utility Functions
  As mentioned in [16], how to characterize user preference is an open issue. Since the individual differences such as the income level, state of charge (SOC) of PHEVs, charging time, charging price, and weather factors affect the user preference, an appropriate choice of utility function may normally reflect the customer satisfaction. This paper borrows the concept of utility in microeconomics, to quantitatively describe the customer satisfaction obtained in the process of charging. Specifically, the utility function for household users is piecewise quadratic with saturation in [8],
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  where xk i is the power consumption. wk i is a private parameter characterizing customer types. α is a predetermined constant characterizing the saturation point of the utility [8]. Here we apply the utility function in proceeding of the charging and assume that user i obtains satisfaction of 
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 for his/her PHEV in time slot k. While some conversions are required to improve the equations given above because of the. The crucial difference is that, here wk i is redefined as the feature factor of willingness to charge, which is still a private parameter characterizing the charging preference of user i in time slot k. In charging environment, let (wk i) /α equal to Mk i, that indicates the charging rate is bounded by the maximum power output of charging points. Mathematically, we have 
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  The parameter α in (1) is eliminated for a facilitate analysis on the performance of w later in this paper. And the utility function can be converted as follow,
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which simplified as a new form with the only parameter w. Meanwhile, it can be applied specially to express the utility function for each PHEV user. What calls for attention is that, the uniformity of the embedded management system and the charging infrastructure determines that the maximum output of power points is usually standardized, which means a physically constant M. Another interesting thing is that the utility acquired is directly dependent upon the private parameter w. With the same amount of charge, a larger w implies a higher willingness to charge for each user. 

2.3 Energy Cost in Charge Model
  The energy cost of the charging model is mainly generated by energy provider. Piece-wise linear functions and quadratic functions are usually two typical applications for cost functions. In time slot k, we assume that energy provider spends cost 
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to supply the power consumed for all PHEVs. Similar to [8], the cost is a quadratic function [17]
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where Lk is the generating capacity, and ak, bk, ck are predetermined constants in accordance with the conditions of ak > 0, 
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2.4 Optimization problem and RTCP
  Similar to [8], real-time charging pricing can be formulated to maximize the benefits of charging system include the PHEV users and the energy provider. The objective function is the difference of the total cost incurred at the energy provider and the summation of utility functions of all users in total charging cycle while the constraint is the summation of power consumption not exceeding than the generating capacity at each time slot. Mathematically, the objective function and the constraint are presented in (5) and (6), respectively. 
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  Since each time slot is uncoupled, the objection function above can be reasonably divided into k optimal sub-problems, achieving the charging system optimization in each time slot. That is, for each k
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  After the decomposition, it is clear that formulas (7), (8) are an optimization problem with inequality constraints. As we can not acquire the personal parameter w or the exact utility function of PHEV users, the convex programming techniques, such as Interior Point Method (IPM), quasi-Newton method are not available to solve the problem. Based on the coupling property between xk i and Lk, this paper introduced Lagrange multiplier 
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 like [8], to deal with the inequality constraint. The Lagrangian of (7), (8) can be formulated as
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where
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is the Lagrange multiplier in time slot k, also the shadow price in economics. In this paper, 
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act as the real-time charging price promptly delivered to all PHEV users via the transmission network from energy provider. For Lagrangian (9), the two items in square brackets are also separable in the dual domain for each PHEV user and the energy provider. Therefore, the optimization problem can be solved locally at each PHEV user and the energy provide. For an announced charging price
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For a given charging price
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is the quantity of electric power for charging optimized by user i in time slot k, while 
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 is the charging capacity optimized by the energy provider. Then the energy provider updates the charging price
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where t is the iteration index of charging price updated, 
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 respectively are the optimum solutions of (10), (11) from the previous iteration. 
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 is a parameter that controls the rate of convergence of the algorithm. [x]+ is the projection on feasible domain of x. 
3. Distributed PHEV Charging   
  In this section we apply the RTCP algorithm introduced in previous sections to the PHEV charging. In time slot k, each user i is corresponding to a utility function 
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 given by (3). Hence PHEV users adjust their demands to maximise the benefits (10). During the dynamic charging, as a variable, the state of charge (SOC) of PHEV i can generally formulate as [18]
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where 
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 is the battery capacity of PHEV i. It is cleat from (13) that a higher charging efficiency or more amount of electric power within a time slot means a shorter period of time required to finish charging for a fixed battery capacity. In addition, the battery capacity of vehicles are usually not fixed. In this paper, the parameter w is derived from RTCP algorithm to characterise the charging preferences of PHEV users. And the following sections will present the testing and analysis about the performance of w in load shifting.
3.1 Load Optimization Based on DR 
  In energy management for the home, the customer may use a variety of methods to deal with the period of high price. For example he/she will temporarily halt the main load, or shifting the load to the period of lower price. It is also applicable to the electric vehicle charging process. Previous sections have constructively defined w as the feature factor of willingness to charge, which is represented the user charging preferences. For a further research, the influence of feature factor w on charging load will be particularly discussed in this section. Hence, viewed from the ideal to reality point, six scenarios are established. And several off-line simulations are developed in Matlab.

  The parameters are set as follows: assume that there are N =100 users separately charging for their PHEVs. A user won’t interfere others adapting their charging preference. The unit of time slot is set to 0.1h. In each time slot, the minimum and maximum output of the charging points are 0 kW and 10 kW (i.e.
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as uniform output). Here we suppose that the charging power is adapted according to (10) and can be smoothly regulated through the power electronic technology. Set PHEV battery size of 30 kWh, and charging efficiency of 0.85. Unit of charging price is cents/ kWh (note that the price is just the basic rate, and not contains other cost, e.g. the infrastructure cost and tramsmission cost). For iterative algorithm, the initial charging power of each user is select randomly from [0, 10]. And we set the initial generating capacity for all PHEVs in iteration of 100 kW, the parameters of the cost function (4) to ak = 0.01, bk = ck = 0, iterative step size 
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as in [8].
A. Scenario #1

  This scenario considers an ideal situation that we set initial SOC of 20% for all PHEVs. The charging infrastructure will stop working, when the vehicle battery is fully charged (or SOC = 1). Without consider the response to price, for all users, the feature factor of the willingness to charge is set as:
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(permuted according to an increasing sequence), and remain constant in each time slot.                             
  Fig.5 shows the simulation results of scenario #1. As a increasing sequence of w, the charging demand optimized shows different characteristics in spatio-temporal domain. Because of the constant w in each time slot, the total charging demand remains stable before k =16, and gradually drop as someone with higher w has finished charging. The vehicles with large w acquire more stable and higher charging power optimized compared against that with small w. With a faster charging rate, a proportion of vehicles complete charging in a short time. This result reflects the fairness and competitiveness of the RTCP mechanism. And it also implies that the utility of a user depends on his/her willingness to charge, i.e. the value of w.
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       Fig.5 Total charging demand with constant w.        Fig.6 Total charging demand with random w .

B. Scenario #2
  Due to the difference in people consumption levels and responses to the price, we examine the effect of choosing different feature factors on the overall system performance. Accordingly, the parameter w will be randomly assigned from [0, 3] to indicate the reaction of different users to the charging price announced (assuming that maximum value of user’s w is 3, namely wmax = 3). Other parameters are set as same as Scenario #1. As shown in Fig.6, the curves of total charging demand and the charging process of each PHEV are marked with different color. 
Apparently, the results are very different from the Scenario #1. And we can see from Fig.6 that the total charging demand in the Scenario #2 is obvious fluctuating. Nevertheless, the curve of the total load is much closer to the real scene. Moreover, the charging load factor is calculated as 75.94% in Scenario #1 and 84.92% in Scenario #2, and the latter is improved by 8.98%. In contrast with Fig.5, it is clear that the pricing-based charging achieve peak load shifting. By analyzing the simulation results, it can be concluded that the RTCP algorithm proposed will optimize the total charging load based on different responses of users when a large number of vehicles are plugged in the charging network. In addition, the implement of RTCP can also be an effective way to improve the electrical equipment utilization.

C. Scenario #3
  Base on above research, let’s consider a more realistic scenario. The difference of the daily driving distance makes the different amount of power charged for the vehicle. Therefor, we obtain the initial SOC of each PHEV as a random value ranging from [0.2,0.5]. The other parameter settings remain the same. Fig.7 (a), (b) shows the curves of total charging demand and real-time charging price respectively. Compared with Scenario #2, it is not difficult to find that the total charging time has been saved a little. This could be construed as the random initial SOC. There are many more PHEVs have a higher value of initial SOC, they will relatively be fully charged more quickly. As a result, thus the total charging time for all vehicles is also be shorten.
[image: image70.emf]5 10 15 20 25 30 35 40 45 50

0

100

200

300

400

500

600

700

800

900

1000

Time slot

Total charging demand/kW

[image: image71.emf]5 10 15 20 25 30 35 40 45

0

0.5

1

1.5

2

2.5

3

Time slot

Real-time charging price(cents/kWh)


Fig.7 Results for scenario #3, total charging demand and real-time charging price for all PHEVs with random initial SOC. (a) Total charging demand. (b) Real-time charging price.
D. Scenario #4
  In this case, the charging process of single vehicle is discussed. PHEV1 and another car named REF PHEV are selected as the test sample and the reference sample. Then we set the w of PHEV1 up to 3 when the charging power is lower than 5kW in single time slot. As a reference, the w of REF PHEV is still valued randomly from [0, wmax] as before. Finally, to be fair, the initial SOC of the two samples are both set to 20%, and the other simulation parameters are the same as before. A striking contrast of the two vehicles charging process and the real-time charging price are shown in Fig. 8 (a), (b) respectively. 
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Fig.8 Results for scenario #4, charging demand of two PHEVs and real-time charging price in Scenario #4. 

(a) Charging demand. (b) Real-time charging price.
  Contrast the two charging processes, it can be easily found that the average charging rate of PHEV1 is faster than that of REF PHEV, and the charging time of former is reasonably shortened. Then let us look at the money spent on charging by the two PHEVs. Specifically, Si is denoted as the total charging cost of PHEV i, and can be formulated as 
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  And by calculation the total cost of PHEV1, REF PHEV are 35.63 cents and 37.52 cents respectively, and the former increased by 5.30% relatively. Several conclusions could be drawn from the results described above. When a user has more strong willingness to charge which can be reflected on a very large value of w, his/her vehicle will obtain a higher average charging power and can finish charging earlier. Furthermore, it can be just concluded that if one want to save the charging time, or to get a faster charging rate, the charging cost should be ignored to some extent. That the result is also the most consistent with the realistic behaviors of charging.   
E. Scenario #5
  In this scenario, how a changed w in different intervals affects the total charging demand is further discussed. In the test, 100 PHEVs are considered in three different experiments. And the feature factor w of each user among the experiments varies respectively in different intervals: w1 is valued uniformly in [0, 3], w2 in [0, 6], and w3 in [0, 9] (note there is no). Some simulation results are shown in Fig. 9. It can be seen that when the PHEVs reach a certain scale, the willingness parameters of users have a decisive effect on the total charging demand. From the conclusion of the scenarios above, a customer will get a faster charging rate and shorter charging time when he/she has a larger w, which is further verified through the simulation results in Fig. 9. In the case that w ranging from [0, 9], the peak load will exceed over 2500 kW with total charging time no more than 20 time slots; However, when w is lowered to [0, 3], the total charging load is less than 1000 kW, and the total charging time reaches 45 time slots. By comparing, it can be concluded that the level of total charging demand mainly determined by the average willingness of PHEV users group within the charging cycle. And in the realistic charging process, the energy provider can offer the information real-timely, such as total charging load and unit price. It is conducive to motivate users to participate actively into the load shifting projects.
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  Fig.9 Total charging load with different w intervals Fig.10 Total charging load with different number of PHEVs
F. Scenario #6
  In the final scenario, we continue to research how different number of charging vehicles affect the total charging load. Yet three groups of examples are modeled, in which the number of electric vehicles are respectively taken N =20, 50, and 100. To keep things fair, the initial SOC of each vehicle is still set of 20%. The willingness factor w for all users are valued uniformly from interval [0, 3] for each time slot, and other parameters remain the same. As shown in Fig.10, the total load and charging time are increasing along with the growing number of PHEVs. In addition, the PHEVs’ cluster effect can partly offset the fluctuation in load, which can be explained the characteristic of w following the uniform distribution. It is obvious that the algorithm proposed can play a better role in optimizing the charging load.

3.2 The analysis of cost and benefits

  In the above section, the analysis and simulation of several scenarios has been carried on to illustrate the effects of the proposed algorithm on load optimization. Then the cost and benefits for the users and the energy provider will be discussed as follows. In the simulation, we select 100 PHEVs, with the same initial SOC of 20%. For the response, the factor w of all users are separately ranged in [0, 1], [0, 2], [0, 3], [0, 4], ......., [0, 10] (simulate 10 times for each range and take the average value). The curves referring to the total cost of all users and revenues of the energy providers are shown in Figure 11, respectively.
[image: image77.emf]1 2 3 4 5 6 7 8 9 10

0

1

2

3

4

5

6

7

8

9

x 10

4

Range of w

Cost and Revenues/cents

 

 

Total cost of all PHEV users

Revenues of the energy provider


Fig.11 Total cost of all PHEV users and revenue of the energy provider with different w interval

  As can be seen from Fig.11, total cost of all users and revenues of the energy provider are both convex and increase along with the w interval. Although the charging cost of individual is very small as shown in Scenario #4, the overall cost for all users will be considerable with a large scale of the electric vehicles. According to the price announced, PHEV users can appropriately lower their willingness w to reduce the charging cost. Also, the energy provider can get more revenue by motivating users to charge more (e.g., adjusting the price down for more customers under the balance of supply and demand). Besides, the RTCP algorithm also can achieve the peak clipping and decrease the fluctuation in load (see Scenario #2, 5), which will benefit the charging system.

4.Conclusion

  This paper continues the real-time pricing algorithm proposed in [8] and mainly discussed its’ application in PHEV charging problem. Considering the utility of PHEV users and the revenue of energy provider, we firstly construct a intelligent charging system in smart grid, and assume that the distributed charging points are separately equipped with an intelligent charging management modular (ICMM). Then a real-time charging pricing algorithm (RTCP) is introduced according to the characteristics of charging. In addition, Lagrange multiplier method, dual decomposition method and gradient projection method in [8] are still used to solve the optimization problem. The optimal function is calculated to maximise the total welfare of the charging system. Finally, the feature factor of willingness to charge is derived from the utility function to reflect the charging preferences of PHEV users. A number of scenarios are presented to demonstrate the reasonable charging and the optimization of charging demand will be realized based on a fluctuating charging price. Simulation results show how the feature factor affect the optimal charging load and the generating capacity. Although reasonable values are chosen for the model parameters, we point out that the accuracy of model depends on the accuracy of all parameters involved in the algorithm, while modelling user preference in charging process is worth further investigation in future research for theoretical studies.
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