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Abstract

:

With the large scale operation of electric buses (EBs), the arrangement of their charging optimization will have a significant impact on the operation and dispatch of EBs as well as the charging costs of EB companies. Thus, an accurate grasp of how external factors, such as the weather and policy, affect the electric consumption is of great importance. Especially in recent years, haze is becoming increasingly serious in some areas, which has a prominent impact on driving conditions and resident travel modes. Firstly, the grey relational analysis (GRA) method is used to analyze the various external factors that affect the power consumption of EBs, then a characteristic library of EBs concerning similar days is established. Then, the wavelet neural network (WNN) is used to train the power consumption factors together with power consumption data in the feature library, to establish the power consumption prediction model with multiple factors. In addition, the optimal charging model of EBs is put forward, and the reasonable charging time for the EB is used to achieve the minimum operating cost of the EB company. Finally, taking the electricity consumption data of EBs in Baoding and the data of relevant factors as an example, the power consumption prediction model and the charging optimization model of the EB are verified, which provides an important reference for the optimal charging of the EB, the trip arrangement of the EB, and the maximum profit of the electric public buses.
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1. Introduction


In recent years, more and more attention has been paid to energy and environment problems such as global energy shortages, serious pollution, and global climate change. Electric vehicles (EVs) have unparalleled advantages in alleviating the energy crisis, improving the environmental pollution, and promoting the harmonious development of humans and the environment [1]. With strong international support and promotion, the EV industry of numerous countries around the world has entered a period of rapid development. In China, the Ministry of Science and Technology released the 12th Five-Year special plan for the development of EV technology pointing out that EVs are mainly demonstrated in buses and taxis, and by 2020, the number of new energy city buses will reach 200,000 [2,3]. The energy demand of the transport sector has been increasing constantly in recent years, consuming one third of the total final energy demand in the European Union over the last decade [4]. Regarding the service and durability of EBs, [5,6] separately study the public service capacities of EV charging as well as battery swapping and costs of city EBs during their service life compared with diesel buses. As for the factors influencing EBs, many scholars have studied such a field. In [7,8], the various factors that influence EBs’ power consumption model is analyzed. The above analysis shows that the current research is less involved in the influence of external factors. In recent years, hazy weather has become serious in China. According to statistics, in 2016, the number of days that Beijing PM2.5 was not up to standard was 168 days, accounting for 46% of the whole year, and heavy pollution accounted for 39 days, most occurring in autumn and winter [9]. The selection of similar days is a popular way to forecast EBs’ power consumption. Some examples of selection of similar days in short-term forecasting and load forecasting problems are as follows: in [10,11,12] the selection of similar days from the perspective about correlation and wavelet analysis in a pre-processing stage, an extreme learning machine dealing with the different factors, a new forecast algorithm, was studied.



The charging cost of the EBs has a great effect on the benefits of the bus company. Therefore, the study of charging optimization models is of vital importance. Recently, many studies have been carried out. Reference [13] proposed the stage of charge (SOC) estimation method based on an Extended Kalman Filter and nonlinear battery model to optimize the charging cost. The mixed-integer linear programming is proposed to optimize the model upon the Charging Promoting Potential of passenger EVs in [14]. Reference [15] presents an energy management and control system of an EV charging station which is designed for charging and discharging of five different plug-in hybrid electric vehicles. As for the optimization strategy of the charging station, [16] proposed a bi-level optimization strategy for the charging load; [17] proposed an EV scheduling method in a power market environment; [18] takes the effect of renewable energy resources, and demand response programs into consideration; in addition, a rolling optimization strategy based on the model and the electricity spot prices is proposed in [19]. Furthermore, under the new circumstance of energy management, the stochastic dynamic programming can be a method to optimize the energy management of a plug-in hybrid electric bus in [20], when solving such problems, a hybrid evolutionary algorithm, is proposed to solve the proposed a multi-objective energy management [21]. The above research focuses on the analysis of power consumption factors, or focuses on the charging optimization model of EVs.



On the basis of the survey data, a power consumption model concerning multi-factors is constructed which can be fitted with actual situation more accurately. Then, the EB charging optimization is put forward, to achieve the optimal cost for the bus company. Finally, from the EB operators scale data for Baoding, Hebei Province, the establishment of an EB power consumption model together with the charging optimization model with the characteristics of time sharing prices into consideration, the optimization upon EBs charging arrangement is studied to reduce the costs of bus companies, which provides a reference for the operation and dispatching of EBs.




2. Selection of Similar Days Considering Fuzzy Evaluation and Analysis of Influencing Factors


2.1. Fuzzy Evaluation of the Feature Library of Influence Factors


2.1.1. Establishment of Power Consumption Feature Library


First, the historical load is analyzed, and the main factors that affect the historical load are identified, and these main influencing factors constitute the daily eigenvectors of historical load. The main influencing factors are converted into numerical values through fuzzy rules [22]. According to the above research information on the factors influencing electric buses’ power consumption, fuzzy quantitative analysis and processing of all factors are carried out. The main factors that affect the power consumption include: travel date (working day or weekend), travel weather condition (temperature, haze or rain), length of travel path, vehicle air conditioning, vehicle running limit policy, etc.




2.1.2. Fuzzy Quantification of Influencing Factors


The results of each feature are shown in Table 1.





2.2. Selection of Similar Days Based on Improved Grey Relational Analysis (GRA)


The influence factors of similar day sets are extracted to form sub vector V, and the improved grey correlation analysis method is used to select similar days [23]. The steps are as follows:



(a) To construct the sub eigenvector matrix V. V is matrix with m × (n + 1) dimensional, m represents the number of days characteristic vectors, n represents rough set number of samples, V0 represents the sub eigenvector of the predicted date:


     V = (  V 1  ,  V 2  , ⋯ ,  V n  ,    V 0  )     =  [       V 1  ( 1 )    …     V n  ( 1 )      V 0  ( 1 )      ⋮   ⋱   ⋮   ⋮       V 1  ( m )    …     V n  ( 1 )      V 0  ( m )      ]      



(1)




where, Vi(k) represents the kth characteristic vector of the ith day rough set samples, V0(k) represents the kth component of the sub eigenvector in the predicted date;



(b) Standardized the sub characteristic vector matrix V, and obtained the normalized sub eigenvector matrix V′. In the formula (2), to the normalized eigenvector matrix V′:


     Δ V  ′ i  ( k ) =  V i  ( k ) /  V i  ( 1 )     i = 1 , 2 , ⋯ , n , 0 ; k = 1 , 2 , ⋯ , m     



(2)




where, V′i(k) represents the kth standard sub-eigenvector of the ith rough set;



(c) Solve the difference matrix ΔV′ of the normalization sub eigenvector matrix V′, According to Equation (3), the subcharacteristic vector difference matrix ΔV′ together with ΔV′, ΔV′max, ΔV′min is deduced:


     Δ  V 0    i  ( k ) =  |  V  ′ 0  ( k ) − V  ′ i  ( k )  |      i = 1 , 2 , ⋯ , n , 0 ; k = 1 , 2 , ⋯ , m     



(3)




where, ΔV′0(k) represents the kth standard sub eigenvector of the predicted date, ΔV′i(k) represents the kth standard sub feature vector of the rough set sample on the ith day, ΔV0i(k) represents the difference between the kth standard sub feature vector of the rough set sample on the ith day and the kth standard sub eigenvector of the predicted date;



(d) Calculate the correlation coefficient matrix of the sub eigenvector ξ:


    ξ  0 i   ( k ) =   Δ V ′ min + ρ Δ V ′ max   Δ  V  0 i   min + ρ Δ V ′ max     



(4)




where, ξ0i(k) is the kth correlation coefficient vector of the ith rough set sample in the ith day, and ρ ∈ [0,1] is the set resolution coefficient;



(e) Calculate weighted vectors α by correlation coefficient method:


      β k  =    S   V i       ( k ) y        S   V i       ( k ) y    S  y y       ,  α k  =    β k     ∑   β k             S  V i       ( k )  y   = E  {   [   V i     ( k )   − E  (   V i     ( k )    )   ]   [  y – E  ( y )   ]   }       S  V i       ( k )  V i  ( k )    = E  {   [   V i     ( k )   – E  (   V i     ( k )    )   ]   [   V i   ( k )  − E  (   V i     ( k )    )   ]   }      k = 1 , 2 , ⋯ , m     



(5)




where, βk is the correlation coefficient about the kth component, αk is the weighted correlation coefficient about the kth component, SVi(k)y, SVi(k)Vi(k) separately represent the covariance and variance of the relative factor Vi(k) and daily average power consumption vector y;



(f) Calculate the weighted correlation of the rough set samples:


      y  0 i   =   ∑  k = 1  m    ξ  0 i     ( k )  α k      i = 1 , 2 , ⋯ , n     



(6)




where, y0i is the weighted correlation degree;



(g) According to the calculated weighted correlation degree, the similar day sample for the expected date is determined. In this paper, a similar day set is obtained by selecting all the daily samples with weighted correlation degree greater than 0.8 when selecting similar days to be predicted.





3. Adaptive Wavelet Neural Network (WNN) Power Consumption Prediction Model Considering Multiple Factors


WNN [24] is used to train and learn the data of power consumption and influencing factors of EBs.



3.1. An Overview of WNN


WNN is a kernel function neural network formed by combining the multi-scale resolution of the wavelet theory with the good local characteristics of the time domain and the self-learning ability of the neural network in the reinforcement learning. The topology structure of the neural network is depicted in Figure 1, and the transmission function of the hidden layer nodes is a small wave base function. Wavelet analysis and BP network have strict mathematical theoretical background. Besides, in addition to adjusting the weights and thresholds of the network, the WNN can also adjust the expansion factor and translation factor of the wavelet function, which has more sensitive approximation ability and more error tolerant ability than the BP neural network.




3.2. Training and Learning of WNN


Let ψ(t) ∈ L2 *(R) be a wavelet basis function, and ψ(t) satisfy the admissibility condition:


      ∫  - ∞   + ∞         |  ψ ( ω )  |   2     | ω |       d ω < + ∞   



(7)




where, ψ(ω) is the Fourier transform of ψ(t); and ψ(t) is a group of small wave base functions are generated after the translational expansion.





    ψ  a , τ   ( t ) =  1   a    ψ (   t − λ  a  )   



(8)




where, a is a scale factor; λ is a scaling factor. For the signal x(t) ∈ L2 *(R), the corresponding wavelet transform is.




     W x  ( a , τ ) =  1   a       ∫  − ∞  ∞   x ( t ) ψ (   t − λ  a  )    d t    



(9)





The topology of the wavelet neural network model is shown in Figure 1.



In Figure 1, Xi (i = 1, 2, …, t) is the input sequence of WNN, Y is an output sequence; wij the weight of the connection between the input layer and the hidden layer, and wj is the connection weight between the hidden layer and the output layer. When the input signal sequence is xi (i = 1, 2, …, t), the output formula of the hidden layer is as follows:


   g ( j ) =  ψ j  [   ∑  i = 1  k   (  w  i j      x i  −  λ j  ) /  a j  ]   j = 1 , 2 , ⋯ l   



(10)




where, g(j) is the output of the jth node of the hidden layer; ψj is a small wave base function; aj is the expansion factor of ψj; the λj is the translation factor of ψj, wij the weight of the connection between the input layer and the hidden layer, and the formula for the calculation of the output layer is:


   Y =   ∑  j = 1  l   (  w j    g ( j ) )   j = 1 , 2 , ⋯ l   



(11)




where, l is the number of hidden layer nodes, wj is the connection weight between the hidden layer and the output layer.




3.3. The Prediction Process of WNN


(1) Random initialization—the weights of input to the hidden layer in the wavelet neural network with random initialization are w0ij, the hidden layer to the output layer weight w0jk, and the wavelet basis function expansion factor b0j;



(2) Set the parameters of the estimated link network structure: concerning the number of input neurons is N, the number of neurons in hidden layer is Nh, and the number of output neurons is M;



(3) Set prediction link network fitting error reference value e and maximum iteration number Nd;



(4) Adopt the known historical electric bus power consumption data for supervised learning, the parameters wkij, wkjk, bkj, θkj with strong fitting ability for electricity data are obtained;



(5) Based on wkij, wkjk, bkj, θkj, adopt the prediction link to predict, input the n time (such as 15 min), the actual history output data is X01, X02, …, X0n, get the next M time (such as 15 min) output estimate value Y01, Y02, …, Y0m;



(6) In the sampling period between two adjacent prediction time ij, measured data Pi1, Pi2, …, Pin and the ith period network state parameters wkij, wkjk, bkj, θkj are used as input parameters for topology optimization;



(7) The network online training approximation performance index J(t) is evaluated. Online training is performed to approximate optimal control Δw*ij, Δw*jk, Δb*j, Δθ*j; another network weight is fixed when a network parameter is trained, and the related methods can be seen in the literature [25];



(8) The new state parameter w*ij, w*jk, b*j, θ*j replace state parameter wkij, wkjk, bkj, θkJ in the ith period, the input value is Pi1, Pi2, …, Pin, the output value is Y*1, Y*2, …, Y*m;



(9) Y*1, Y*2, …, Y* is the optimal predictive value;



(10) End.



The basic prediction steps in this paper are shown in Figure 2.





4. Establishment of Charging Optimization Model for Electric Buses


With the vigorous development of China’s EV industry, the state has adopted the policy of supporting EBs, and also encourages the construction of charging facilities for EBs. Battery charging stations act as the battery charging hub, the position of charge for power distribution and service network capacity are closely related, but the partial public bus charging facilities are allocated more regularly, which is slightly different from conventional EV charging piles in the allocation process.



4.1. Optimization Research Model of EBs


Nowadays, battery replacement is the most extensively used method for charging electric buses. With the continuous improvement and development of battery technology and the rapid rise of fast charging technology, the fast speed of fast charging pile brings great convenience to EVs and has been widely receiving extensive popularity. The good interactive characteristics between the electric bus and the power grid, and its rational optimization can achieve the maximum benefit for the bus company. The basic operation and scheduling model is shown in Figure 3.



This study adopted a fast charging, direct analysis of the electric bus queue charging mode. In addition, in view of China’s general implementation up on time of use (TOU) price, it can be optimized in the process of charging optimization of EBs. For EB charging and charging station configuration, the following module structure is adopted, including charging pile, auxiliary equipment room of charging pile, comprehensive dispatching room of charging station, vehicle charging area, waiting area of vehicles waiting for charging, etc. And the basic structure diagram is shown in Figure 4.



The above module is a research model, and the conclusion of the research can be extended to the whole EB industry. The charging optimization of EB is described detail in the following section.




4.2. Optimization Goal


The optimal dispatching of electric buses is mainly based on vehicles’ travel rules, charging mode, charging price of the power system, and power consumption characteristics of electric buses. The study assumes that the capacity of the charging station is fixed. Considering the high cost of the charging stations, only the electric charge paid by the bus company during the operation process and the operation and maintenance cost of the charging pile is calculated in the optimization process, by optimizing the number of charging vehicles and charging piles at different times, to acquire the lowest cost of the bus company. Therefore, the charging of EBs need to be arranged. Considering the TOU price in Baoding, China, that is to say, different charging arrangements will bring different costs to the bus company, which is bound to have a lowest cost charging scheme. This paper is the research on the optimal scheduling of electric bus companies under the above conditions.



The optimization goal of EB charging scheduling is:


   C =   ∑  j = 1  N     ∑ t   p ⋅  α  t j   ⋅ p r i c e ( t ) ⋅ Δ t     +   ∑  i = 1   N u m b e r    m ⋅  γ i      



(12)




where, αt, γt are logical variables 0, 1, αtj = 1 stands for the jth EB is under charged at t time, while αtj = 0 stands for the corresponding electric bus is not charged; p presents the power of the charging generator, price(t) is the TOU price at t time; N is the number of charging electric buses; Δt is designed time window set to 15 min; γi = 1 stands for the ith charging pile is under, otherwise is not under used; m stands for maintenance cost of charging pile in a day; Number is the number of the total available charging pile.




4.3. Constraint Condition


(1) Charge and discharge balance constraint in a whole day


     ∑ t    α  t j     ⋅ Δ t =   ∑ t    β  t j     ⋅ Δ t   



(13)




where, βtj = 1 indicates the jth electric bus is in the stage of work at t time, otherwise, it means that the electric bus is not working;



(2) Initial state constraints of power batteries:


    S t     0 , day _ 1   =  S  t 0 , day_ 2   = ⋯ =  S  t 0 , day_n     



(14)







In the equation, the battery storage energy of every day is invariable to satisfy the optimal dispatch of electric bus charging in the next day;



(3) Constraint for charging time (to prevent a single charge time too short):


    t h  ≥ Δ t   



(15)




where, th is the single charge time of the electric bus, Δt is designed for the charging time window in this paper, which is set to 15 min;



(4) The mutual exclusion constraint of the electric bus (that is, every bus cannot be in the state of both charging and discharging):


    α  t j   +  β  t j   ≤ 1   



(16)







(5) Upper and lower bound constraints that SOC should meet in the charging process of an electric bus [26]:


     SOC   min   ≤ SOC ≤   SOC   max     



(17)




where, SOCmin = 0.2, SOCmax = 0.9. Among them, the minimum mainly take the standby capacity and the return capacity into consideration in the operation of the electric bus [23];



(6) Constraint upon travel times of electric buses:


    h  Δ t   = M   



(18)




where, h is the total time length of operation in one day, Δt is the charging time window (equal to the departure time window) designed as 15 min, M is the total number of times for the electric bus;



(7) The limit of the number of electric buses charging:


    ∑ t    (  α  t j   ⊗  α  t − 1 j   )   ≤ 2  N charge   



(19)




where, take the jth bus as an example,  ⊗  is a logical operation symbol, stands for XOR (exclusive or) and the state of a charging process is turned over two times, Ncharge is the limit of the number of charges in one day.




4.4. Solution of Optimal Model


The optimization model established above is a typical integer programming problem. In order to optimize the solution of charging scheduling, the genetic algorithm (GA) integer optimization toolbox is used to solve the optimization problem. The framework of the model solution is shown in Figure 5.





5. Case Study


This paper investigates the related situation of EBs in Baoding, Hebei Province. In 2015, Baoding bought 591 EBs and put them into operation at the end of the year, representing about 80% of the bus operation tasks in the city, and the daily average mileage of the EBs is 80 km. This case takes the K12, K18, K27 and K103 buses as an example, and forecasts the daily electric buses’ SOC, charging consumption and the 100 km power consumption under different cases. The battery capacity of the electric bus in the example is 171.2 kW h. In order to keep the remaining battery power at 20%, the power consumption of the full charging battery is no more than 70% of the total capacity of the battery, that is, 119.84 kW h. An organic whole charging generator with 105 kW is used in Baoding city electric bus charger charging piles which can provide the constant power charging. The main path of the electric bus is shown in Figure 6.



This investigation and research carries out from the beginning of October 2016, to the end of February 2017, during the period of 1 October 2016 to 14 November without air condition and the electric buses are not limited, the bus fare is 1 yuan; during the period of 15 November–31 December with air condition open and the bus fare is for free; during the period of 1 January 2017–28 February with no traffic limited air condition open the fare is 2 yuan. The investigation is carried out in the way of starting SOC with the car and recording the power consumption of the electric bus. Two days of work day and one day in non-working day are selected, and the survey time is 7:30 a.m.–7:00 p.m.



5.1. Power Consumption Model of Bus Based on the Adaptive WNN


Firstly, according to the characteristics of the above similar days, the classification of the operation scenarios of the electric buses is presented, and the classification results are shown in Table 2.



The WNN based on similar day characteristics is established for different running situations, and it is trained according to the statistical historical data of the charging pile, to predict the power consumption of electric bus in different day type. Furthermore, based on the change state of the SOC of the EBs in different situation, as depicted in Figure 7, and then multiplied by the rated capacity of the battery, the daily cumulative electricity consumption and the daily operating mileage can be known. It can be seen that the power consumption of 100 km for the EB is compared with the traditional estimated method. The prediction results of the power consumption forecast model under the evaluation of the influencing factors together with the traditional prediction results are shown in the following Table 3.



Figure 7 represent the charging stage of the SOC upon EB on various similar days, therefore, the electric consumption of EB can be predicted. The prediction results of the power consumption forecast model under the evaluation of the influencing factors together with the traditional prediction results are shown in the following Table 3.



By comparing the forecast results about the power consumption of 100 km, it is clearly that the MAPE of the method concerning the multi-factors is 2.45, which is far lower than the MAPE of the traditional l fixed energy consumption model with the value of 8.03.



The predictive value of adaptive WNN based on similar day selection (use MF instead) is obtained by using the method in this paper, and the predictive value of traditional fixed energy consumption (use TF instead) is a rough prediction gained by the tradition method (obtain the traditional power consumption forecast from the EB company) based on the TF traditional departure experience without taking the multiple factors into consideration. To make more detailed presentation of the advantages of prediction method concerning the multiple factors, taking K12 bus as an example, the single circle comparison prediction results under different cases are shown below.



The prediction results of the electric bus consumption prediction model with many factors have high accuracy. Figure 8 shows that the accuracy of the power consumption prediction under the consideration of multiple factors is higher and the deviation of the prediction results is consistent (the prediction error is positive); the prediction accuracy of the traditional bus company prediction method is slightly lower and the deviation of prediction results are not consistent, which is mainly reflected in the fact that the prediction error is positive only in Case 5 (no air conditioning or no traffic limited), and the rest are negative. That is to say, under the air conditioning or the limited case, the forecast power consumption is lower than the actual power consumption, and the actual EB travel arrangement cannot be met. In order to meet the actual traffic needs, the fuel vehicles of the bus company have to be put into use, however, it would be contrary to the original intention of environmental protection (such situations always occur under the condition of the air conditioning or the traffic limit, including Case 1, Case 2, Case 3, Case 4). However, the prediction precision obtained from considering the multiple factors can meet the actual requirements, and there is a certain margin, thus ensuring the basic travel needs of the EB. From Figure 8b, it is clear that the prediction deviation can be reduced by about 5% after considering the multi factors. And the corresponding evaluation index MAPE about the line K12 is 7.76 calculated by MF, while the MAPE value is 11.83 calculate by TF, proving that the proposed methods improves the forecast accuracy of the power consumption of the EB.




5.2. Charging Optimization for EB with Different Charging Piles


According to the power consumption of the model of 5.1, the charging of the corresponding optimization is carries out with the EBs days before, that is to meet the situation under the premise of travel demand, bus charging optimization, to achieve the lowest cost of charging. The TOU price carried out upon the EB charging station in Baoding is showed in the following Table 4.



The charging optimization results together with the scheduling of non-optimized charging results are correspondingly present in Figure 9a,b, which stands for the charging stage of four different charging piles in the EB charging station. Taking the four different lines containing K12, K18, K27, K103 as examples to optimize the charging of the EBs with the TOU price into consideration.



From Figure 9a,b, the charge cost upon the EB can be calculated according the TOU price in Table 4. Here, just taking the charging arrangement of Case 3 (the peak air condition together with traffic limited.) as an example.




5.3. Analysis on the Cost of Optimized Charging


The cost before and after optimization in different cases are shown in the following Figure 10.



Through the comparison of the charging costs of different cases it can be seen that the optimal revenue (percentage) under different cases from high to low is Case 3, Case 1, Case 4, Case 2, Case 5. Compared with other cases, the charging power consumption is the largest under the peak condition of air conditioning and limited traffic (Case 3). More EBs should be put into the optimization of charging and scheduling, the more optimization space is, the greater the benefit of obtaining the optimal cost is. Similarly, under the condition of no air conditioning and no traffic-limit, the profit gained from optimization is relatively small. In this case, more people choose to use private cars rather than EBs for the sake of convenience, which will reduce the power consumption of EBs, therefore, to reduce the cost of charging optimization. When Case 1 comparing with Case 3 (or Case 2 comparing with Case 4), with the condition of the limit to the travel of public cars, and the government’s free bus travel service for the public, which will increase the utilization of EBs, and the space for optimization will become larger. The comparison of Case 1 (and Case 2) with Case 5 shows that the difference between the two is more obvious in the peak situation, and the difference between the two is not obvious in the non-peak situation.



According to the above optimization results and analysis, it can be concluded that: by analyzing the charging cost before and after the optimization in different situations, it can be seen that approximately 10% the charging cost of electricity consumption can be saved by using the optimize charging method proposed considering the TOU price in this paper. Such a study provides a feasible charging optimization way to reduce the cost of EB companies. This is of tremendous importance to the charging optimization, thus accelerating the healthy development of the EB industry.




5.4. Summary for the Case Analysis


On the one hand, the results are displayed by analyzing the power consumption forecast model of EBs which is based on the influence of multivariate factors, and it can be seen that the adaptive WNN forecast model based on similar day selection has higher prediction precision, and its forecast evaluation index value of MAPE is 2.45 which is far lower than the conventional stationary energy consumption methods. The proposed method’s superiority is reflected in considering the influence of multiple external factors, whose prediction shows good consistency, and the actual power consumption will leave a certain margin, to meet the daily operational needs, and improve the precision of prediction and provide the guarantee for the travel of EBs. On the other hand, on the basis of the power consumption forecasting model, the optimized scheduling of the charging piles in the station is optimized taking the TOU price into consideration, and the calculation example verifies that the operating revenue can be increased and the charging cost can be reduced by 10%. This makes tremendous sense on the development of the EB industry and the bus companies’ revenue.





6. Conclusions


In the actual operation of electric public bus companies, the general operation characteristics of electric buses are relatively fixed. Therefore, this article starts by taking an actual survey data into consideration, which combines the running characteristics of the electric bus and considers multiple external influencing factors, the fuzzy evaluation method of the electric bus is adopted to a variety of different influence factors by GRA. Furthermore, a similar day selection model is established, and WNN is used to train the learning factors to predict the power consumption. On the basis of the power consumption prediction, combined with the characteristics of the TOU price in the city, the daily charging of the electric buses is optimized. After establishing the target function, the optimization toolbox of GA is used to solve the optimal model of the electric buses’ charging, and the effectiveness and practicality of the optimized model are verified, with the following advantages:



(1) Based on the historical multiple factors related to power consumption of the electric bus obtained by investigation, the GRA between the power consumption and many influencing factors is carried out by fuzzy evaluation together with similar day selection. The WNN is used to train learning based on the analysis results, and a power consumption prediction model considering multiple factors is established. The change of the SOC of the electric bus before the day is predicted, and the power consumption of the electric bus can be obtained. Compared with the traditional electric bus power consumption prediction method, it can be seen that the prediction accuracy is greatly improved, the prediction deviation can be reduced by about 5% after considering the multi factors.



(2) According to the forecast result of the power consumption of the electric buses, considering the characteristic of the TOU price for the electric bus charging station, the charging scheduling of the electric buses is optimized through the electric bus power consumption characteristics under the different similar day type, which can reduce the operation cost of the electric bus company. About 10% of the cost is saved, which provides a feasible strategy for optimizing the efficiency of electric bus companies and enhancing their competitiveness.



In this paper, considering the different external factors such as hazy weather, limited line policy and air condition use, the EB power consumption forecasting model based on the similar day selection using WNN is established, which can improve the accuracy of prediction and provide the basis and reference for the operation optimization of EBs. On the basis of EB power consumption forecast to guarantee the optimal dispatching of EBs, which is of great significance to improve the operation profit of charging stations and realize the cost optimization of EB charging stations, concerning the TOU electricity price for bus charging.
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Figure 1. Topology of wavelet neural network. 
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Figure 2. Prediction flow chart of WNN based on similar day selection. 
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Figure 3. Scheduling operation of charging station. 
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Figure 4. Optimization submodule structure diagram of charging station charging facilities. 
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Figure 5. Frame flow chart of power consumption analysis and electric buses charging optimization. 
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Figure 6. Investigation of road route map of bus line. 
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Figure 7. Day-head SOC curves of electric buses under different cases. 
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Figure 8. The comparison prediction results in the single circle under various cases (a) The comparison prediction of true value; (b) The comparison of forecast error. 






Figure 8. The comparison prediction results in the single circle under various cases (a) The comparison prediction of true value; (b) The comparison of forecast error.



[image: Energies 11 02060 g008]







[image: Energies 11 02060 g009 550] 





Figure 9. (a) Electric buses scheduling without charging optimization of Case 3; (b) Electric buses scheduling without charging optimization of Case 3. 
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Figure 10. (a) Charging cost before and after optimization under different cases; (b) The percentage of optimal benefits in different cases. 
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Table 1. Fuzzy rule of daily characteristic vectors.
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	Characteristic Quantity
	Fuzzy Quantization Rule





	Day type (D)
	Tue. to Fri. set to 1; Sat., Sun., Mon. set to 2



	Maximum temperature (TM)
	<25 °C set to 1; 25~30 °C set to 2; >30 °C set to 3



	Minimum temperature (TN)
	<10 °C set to 1; 10~20 °C set to 2; >20 °C set to 3



	Rainfall (R)
	No rain set to 0; rain set to 2; heavy rain set to 3



	Length of travel path (S)
	<10 km set to 1; 10~30 km set to 2; >30 km set to 3



	Haze index (PM2.5)
	<50 set to 1; 50~150 set to 2; >150 set to 3



	Air-conditioned (A)
	Open set to 1; while close set to 0



	Peak/non peak (P)
	Peak set to 1; while none peak set to 0



	Limit/none-limited (L)
	Limit set to 1; while none limit set to 0



	Diurnal eigenvectors (V)
	V(D, TM, TN, R, S, PM2.5, A, P, L)
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Table 2. Classification results of similar daily [27].
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	Case
	Classification





	Case 1
	Condition limit non peak



	Case 2
	Condition non-limit peak



	Case 3
	Condition peak limit



	Case 4
	Condition limit non peak



	Case 5
	Non-condition non-limited
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Table 3. Power consumption of 100 km under different circumstances of electric buses.
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Power Consumption per 100 km (kW∙h)




	
Case Classification

	
Predictive Value Concerning Multiple Factors

	
Real Value

	
Predictive Value of Fixed Energy Consumption






	
Condition limit non peak (Case 1)

	
80.20

	
77.538

	
70.28




	
Condition non-limit peak (Case 2)

	
64.59

	
63.39

	
60.15




	
Condition peak limit (Case 3)

	
85.55

	
82.84

	
71.50




	
Condition limit non peak (Case 4)

	
76.02

	
74.7

	
68.53




	
Non-condition non-limited (Case 5)

	
57.18

	
56.11

	
58.21
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Table 4. Tariff according to TOU [27].
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	Rank Classification
	Period
	Price (Yuan)





	Peak period
	10:00–14:00

18:00–20:00
	1.164



	Flat period
	7:00–10:00

14:00–18:00

20:00–23:00
	0.754



	Valley period
	23:00–next day 7:00
	0.365











© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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