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Abstract

:

To coordinate multiple power sources properly, this paper presents an optimal control strategy for a fuel cell/battery/supercapacitor light rail vehicle. The proposed strategy, which uses the firefly algorithm to optimize the equivalent consumption minimization strategy, improves the drawback that the conventional equivalent consumption minimization strategy takes insufficient account of the global performance for the vehicle. Moreover, the strategy considers the difference between the two sets of optimized variables. The optimization objective is to minimize the daily operating cost of the vehicle, which includes the total fuel consumption, initial investment, and cycling costs of power sources. The selected case study is a 100% low-floor light rail vehicle. The advantages of the proposed strategy are investigated by comparison with the operating mode control, firefly algorithm-based operating mode control, and equivalent consumption minimization strategy. In contrast to other methods, the proposed strategy shows cost reductions of up to 39.62% (from operating mode control), 18.28% (from firefly algorithm-based operating mode control), and 13.81% (from equivalent consumption minimization strategy). In addition, the proposed strategy can reduce fuel consumption and increase the efficiency of the fuel cell system.
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1. Introduction


With the environmental deterioration and energy crisis, developing green energy and new energy vehicles has become the consensus of government and public [1,2,3]. Compared with the small-power new energy vehicles like the plug-in hybrid vehicles and hybrid electric vehicles, the hybrid light rail vehicles are more suitable for urban public transportation, due to its high-power level and large-capacity.



As typical green energy, proton exchange membrane (PEM) fuel cell (FC) is suitable for the vehicle [4,5,6]. Proton exchange membrane fuel cell (PEMFC) has many advantages such as high reliability and efficiency, however, its dynamic response is slow. Designers often add an energy storage system (ESS) to assist the PEMFC system. The ESS can provide the extra energy, store the regenerative energy, and extend the cruising range [7].



The ESS often contains a battery (BAT) pack and/or a supercapacitor (SC) pack [8]. According to the different ESS, the PEMFC hybrid system can be divided into three types: (1) “PEMFC + BAT” [9], (2) “PEMFC + SC” [10], (3) “PEMFC + BAT + SC” [11]. Compared with the other two combinations, the optimized “PEMFC + BAT + SC” hybrid vehicle has the best fuel economy [12]. A 100% low-floor light rail vehicle (LF-LRV) is powered by “PEMFC + BAT + SC” hybrid system [13]. As the primary power source of the LF-LRV, the PEMFC provides the average power demand. Furthermore, the SC supplement the power during acceleration, because of its high specific power. As the second power compensation, the battery improves the dynamic performance of the whole hybrid system. Besides, the battery and SC can absorb braking energy [14].



Due to the introduction of ESS, there are multiple power sources in the hybrid system. The power control strategy is used to split the power demands among the power sources and meet the load power. The strategy is mainly divided into two types: rule-based and optimization-based [15]. The rules of the rule-based strategy can be made by power source characteristics. Ahmadi et al. [16] proposed an operating mode control (OMC) for the FC hybrid vehicle, and subsequently used the genetic algorithm (GA) to optimize the OMC. Caux et al. [17] implemented GA to optimize the fuzzy logic strategy and developed an online fuzzy logic strategy for the FC hybrid vehicle. Other examples of the rule-based strategy include: power follower strategy [18], model predictive control [19], sliding mode control [20], and so on. The rule-based strategy has strong applicability; however, its control performance depends on the experience of designers.



Different from the rule-based strategy, the optimization-based strategy needs to define an optimization objective and use optimization methods to obtain the control parameters or control law. By the length of time horizon, the optimization-based strategy consists of the global optimization strategy (GO) and instantaneous optimization strategy (IO) [21]. The GO can obtain the global optimum solution for the driving cycle. Hu et al. [22] and Xu et al. [23] applied the dynamic programming to a FC hybrid vehicle, respectively, and achieved good results. However, the main insufficiency of dynamic programming is the curse of dimensionality, and this limits its application in complex systems. Another example of GO is based on the meta-heuristic algorithms, such as GA and particle swarm optimization (PSO). Li et al. [24] used the GA to optimize the control strategy for the hybrid tramway, and fuel economy is improved. Olivier et al. [25] utilized PSO to optimize five driving parameters for the FC vehicle, in order to maximize vehicle performance. Zhang et al. [26] used the multi-population GA and the artificial fish swarm algorithm to reduce the operating costs of the high-power hybrid vehicle. GO can obtain good global performance, however, these methods are hard to real-time apply due to the heavy computation load.



Instantaneous optimization methods can obtain the control command in real time. As one of the typical IO, equivalent consumption minimization strategy (ECMS) is widely used in the small and medium power vehicles [27,28,29] because of its excellent instantaneous performance, but less used in the high-power light rail vehicle. Torreglosa et al. [30] developed a control method based on ECMS and improved the hydrogen consumption for an FC/battery light rail vehicle. Hong et al. [3] presented a method to introduce a dynamic power factor to ECMS for an FC/battery locomotive, in order to achieve less fuel consumption and high efficiency of the system. Zhang et al. [31] improved the fixed balance coefficient of conventional ECMS and presented a control strategy based on the hybrid dynamic degree for an FC/battery light rail vehicle.



The ECMS has been verified to effectively reduce fuel consumption for the “PEMFC + BAT” vehicle. However, the strategies cannot be used directly in the “PEMFC + BAT + SC” vehicle, as its solving process only considers FC and battery. To solve this problem, Zhang et al. [21] and Garcia et al. [32] used the SC to compensate the gap of load power that the FC and battery cannot meet, and developed the ECMS for FC/battery/SC light rail vehicle respectively. Yan et al. [33] proposed an equivalent energy consumption strategy for FC/SC light rail vehicle, and aims to minimize energy consumption in multiple modes. Nevertheless, the ECMS mentioned before cannot obtain the global optimal solution because of its aim to minimize instantaneous fuel/energy consumption. In fact, the global optimal solution is useful for the further decrease of the consumption of the light rail vehicle. Moreover, the optimization objective of ECMS only considers fuel/energy consumption. Actually, some other factors such as the total fuel consumption, sizing, and lifecycle of power sources, are also important for the overall evaluation of the operating cost of the vehicle.



In order to mitigate the problems mentioned above, this paper presents an optimal control strategy for the PEMFC/battery/SC light rail vehicle. The strategy uses the firefly algorithm (FA) to optimize the ECMS, and the aim is to obtain the global optimal solution. The optimization objective includes the total fuel consumption cost, initial investment, and replacement cost of power sources. The selected case study is a 100% low-floor light rail vehicle. The paper is structured as follows. In Section 2, the model of the vehicle is introduced. In Section 3, an improved ECMS combined conventional ECMS with OMC is designed. In Section 4, the FA is introduced. Subsequently, the optimization objective is defined. Based on this objective, an optimal control strategy integrates FA and ECMS is developed at last. The results are discussed in Section 5. In Section 6, the conclusions are summarized.




2. Vehicle Modeling


A 100% LF-LRV is assembled by the CRRC Tangshan Co. Ltd. and Southwest Jiaotong University [34], as shown in Figure 1a. The vehicle includes two motor units, powered by the PEMFC system, SC pack, and battery pack [13]. The PEMFC system is the primary power source that provides the average traction power. Besides, the SC pack and battery pack are utilized for the ESS to help the PEMFC system during the vehicle cruise and acceleration and can absorb energy during braking. The diagram of the hybrid system’s power flow is shown in Figure 1b.



In order to test the performance of the proposed strategy, a backward/forward LF-LRV model is established. The model consists of eight blocks: the driving cycle, train longitudinal dynamics, wheel dynamics, transmission system, motor, DC bus/auxiliary load, control strategy, and hybrid system. The description of the whole model has been proposed in our previous research [35,36], and a brief introduction of the hybrid system model is given below.



2.1. PEMFC


PEMFC is a kind of electrochemical device, which can transform the chemical energy of the fuel into electrical energy. The anode and the cathode electrode of the PEMFC are separated by a proton exchange membrane [37]. Based on the Ballard HD6 Module [38], the PEMFC model is built. The stack output voltage can be expressed as [39]:


Uf=Ufoc−Ua−Ufo



(1)




With


{Ufoc=kfc(Un−Uc)Ua=1tds+1NfAln(ififo)Ufo=Rfoif



(2)




where Ufoc is the open-circuit voltage, Ua is the activation voltage, Ufo is the ohmic voltage, kfc is a fit coefficient, Un is the Nernst voltage, Uc is the voltage drop caused by a decrease in the gas concentration of the reactants, td is the dynamic response time constant, Nf is the number of cells, if is the cell output current, and Rfo is inner resistance of a stack. The efficiency of the PEMFC system is described in Figure 2a.




2.2. Battery


In LF-LRV, the lithium-ion battery is selected as the ESS. The lithium-ion battery is a green and rechargeable power device. It can transform the chemical energy of the active materials into the electrical energy and can be recharged by the converse process. The battery is utilized, capturing the braking energy coordinate with SC, and supplying a portion of load power coordinate with PEMFC. In the study, a Li-ion battery model was applied. The output voltage of the battery is defined as [40]:


{Ub=Ubo−Rbib−kbQbQb−ibt(ibt+ib*)+αbe(−βbibt)(ib≥0)Ub=Ubo−Rbib−kbQbibt−0.1Qbib*−kbQbQb−ibtibt+αbe(−βbibt)(ib<0)



(3)




where Ubo, ib, Qb, and ib* are the constant voltage, output current, maximum capacity, and filtered current of the battery, respectively, kb, αb, and βb are the parameters of polarization constant, exponential zone amplitude, and exponential zone time constant inverse, respectively.



The state of charge (SOC) is used to evaluate the current status of the power source. The relation between SOC and open circuit voltage (OCV) of the battery measured in the experiment is shown in Figure 2b, and the SOC is calculated as:


SOCb=1−1Qb∫ibdt



(4)








2.3. Supercapacitor


A supercapacitor is a storage unit, which stores electrical energy on high-surface-area conducting materials [41]. Compared with battery, SC is suitable to restrain the power fluctuation in short-time for the high-power hybrid vehicle, due to its structure of an electric double layer capacitor. In this work, an SC equivalent electrical model is selected. The model consists of an ideal capacitance (the voltage is Usc), an equivalent series resistance (Rss), and an equivalent parallel resistance (Rsl). They simulate the SC ideal performance, the resistance, and the self-discharging losses, respectively. The SC output voltage is expressed as [42]:


{Us=Usc−isRssis=isc+islisc=−Csc⋅dUscdtisl=UscRsl



(5)




where is, isl, and isc are the currents flowing through Rss, Rsl, and the ideal capacitance respectively, and Csc is the capacitance. The SOC of the SC is calculated as:


SOCs=Us2Usmax2



(6)




where Usmax is the maximum voltage of SC.



As the battery and SC can release and absorb the energy, their power and current can get positive or negative values. Moreover, the validity of PEMFC, battery, and SC models mentioned above have been verified by the contrast of experimental data in our previous research [39]. Besides, the efficiency model of DC-DC converters has been considered as a constant value (90%), due to the backward/forward LF-LRV model mainly simulate the power flow throughout the power sources [43,44].





3. Equivalent Consumption Minimization Strategy


The current power control strategy of the LF-LRV is based on the OMC. However, the strategy has some deficiencies, such as the large fuel consumption of the fuel cell, the low utilization rate of the battery, and the less efficiency of the vehicle [24]. So, the strategy needs to be improved, and the IO strategy is considered as an improvement scheme because of its good fuel economy.



The IO strategy controls the power split of power sources according to an instantaneous optimization objective. In order to consider fuel and electricity consumption in a single objective, the equivalent fuel consumption was defined by Paganelli et al. [45]. Based on that, Xu et al. [46] proposed an ECMS to optimize the fuel economy for an FC/battery city bus. Due to the conventional ECMS not considering the factor of SC, the strategy needs to be improved for the PEMFC/battery/SC light rail vehicle. First, the conventional ECMS is detailed, and finally, an improved ECMS which considers the factor of SC is presented.



3.1. Conventional ECMS


Conventional ECMS aims to convert the battery’s electrical energy into the equivalent fuel consumption. For the vehicle, the strategy calculates the optimal power of the FC system (Pf,opt), which minimizes hydrogen fuel consumption (C1) and consists of FC hydrogen consumption (Cf) and battery equivalent hydrogen consumption (Cb). The optimization problem can be formulated as [30,31]:


Pf,opt=PfargminC1=Pfargmin(Cf+kcCb)



(7)




where Pf is the output power of the FC system, kc is the penalty co-efficient.



Otherwise, Cf can be expressed as a function of Pf:


Cf=afPf+bf



(8)




where af and bf are fit coefficients.



Cb is calculated based on the battery power Pb:


Cb=Pb⋅σ⋅Cf,avgPf,avg



(9)




with:


σ={1ηbc,avg⋅ηbdPb≥0ηbc⋅ηbd,avgPb<0



(10)




where Cf,avg and Pf,avg are the average hydrogen consumption and average power of the FC system respectively, ηbd and ηbc are the discharging efficiencies and charging efficiencies of the battery respectively, ηbd,avg and ηbc,avg are the mean efficiencies.



ηbd and ηbc are defined by:


{ηbd=12(1+1−4RbdPbUb2)ηbc=2/(1+1−4RbcPbUb2)



(11)




where Rbd and Rbc are the discharging resistances and charging resistances of the battery respectively.



The penalty coefficient kc is expressed by:


kc=1−2μb⋅SOCb−0.5⋅(SOCbh+SOCbl)SOCbh+SOCbl



(12)




where μb is the balance factor, and it is 0.6 in [21,30,46], SOCbh and SOCbl are the upper and lower limit of SOCb respectively.



Now, some variables can define as follows:


{ρ1′=kc/ηbc,avgxmin=1+4Ub,min⋅(Ub,min−Ub)/Ub2xmax=1+4Ub,max⋅(Ub,max−Ub)/Ub2



(13)




where, Ub,min and Ub,max are the minimum and maximum voltage of battery respectively. Based on Equations (8–13), the solutions of the optimization problem raised by Equation (7) can be expressed:


{Pb,opt={(Ub−Ub,min)Ub,min/Rbdρ1′≤xmin(1−(ρ1′)2)Ub2/4Rbdxmin<ρ1′≤101<ρ1′≤1/(ηbc,avgηbd,avg)[1−(ρ1′ηbc,avgηbd,avg)2]Ub2/4Rbc1/(ηbc,avgηbd,avg)<ρ1′≤xmax/(ηbc,avgηbd,avg)−(Ub,max−Ub)Ub,max/Rbcρ1′≥xmax/(ηbc,avgηbd,avg)Pf,opt=Pm+Paux−Pb,opt



(14)




where Pb,opt is the optimal power of the battery, Pm is the output power of the electric motor, Paux is the power consumed by the auxiliary components of the hybrid vehicle.



ECMS has the advantages of good optimal effect and high real-time. However, the strategy can only obtain the optimized power of FC and battery. For the PEMFC/battery/SC LF-LRV scenario, the strategy should be improved in the next section.




3.2. Improved ECMS


Operating mode control is a typical rule-based strategy. Due to its good adaptation and low-cost computing, it is widely used for FC hybrid vehicles [16,47]. However, the fuel costs of OMC are often more expensive compared with ECMS, due to its control effect relying on expertise. To use the ECMS to control the power distribution for PEMFC/battery/SC light rail vehicle, an improved ECMS combined with conventional ECMS and OMC has been tried.



The improved ECMS is based on an assumption: compared to FC and battery, SC aims to generate the peak powers in short periods, and the equivalent consumption of SC can be ignored [21,32]. The strategy contains two processes: the ECMS process and the OMC process. In the ECMS process, Pb,opt and Pf,opt can be calculated according to Section 3.1, and they are used as the input variables of the OMC process.



In the OMC process, the slope limitation and maximum/minimum limitation is considered. FC actual output power Pf can be determined at first. Then, six modes are defined. According to correlated variables and conditions, battery actual power output Pb and SC actual power output Ps can then finally be determined. The structure of the improved ECMS is depicted in Figure 3, where Pfmax and Pfmin are the maximum power and minimum power limitations of the FC, respectively, Pd is the power demand of DC bus, C1, C2, C3, and C4 represent the judgment conditions, M1, M2, M3, M4, M5, and M6 represent the operating modes of the vehicle.



Because the energy storage system of the LF-LRV contains two power sources: battery and supercapacitor, the improved ECMS can be divided into two types by the priority of energy supply in ESS: battery-prior ECMS (BP-ECMS) and supercapacitor-prior ECMS (SP-ECMS). Their judgment conditions and operating modes are summarized in Table 1, where Pbmax and Pbmin are the maximum power and minimum power limitations of the battery, respectively, Psmax and Psmin are the maximum power and minimum power limitations of SC, respectively, SOCbh and SOCsh are the maximum SOC limitations of battery and SC, respectively, Pbr is the output power of braking resistor. The comparison of BP-ECMS with SP-ECMS will be shown in Section 5.



So far, the ECMS has been applied to the PEMFC/battery/SC light rail vehicle. ECMS aims to solve the optimization problem in Equation (7), which is to minimize the instantaneous fuel consumption. However, to evaluate the performance of the vehicle comprehensively, many more factors need to be considered such as the total fuel consumption, replacement and investment costs of power sources. These factors can be considered as global performance. The next section attempts to enhance the global performance of ECMS for the hybrid vehicle.





4. Optimal Control Strategy


Researchers often use the meta-heuristic algorithms to improve the global performance of the control strategy for the hybrid vehicle [24,25,44]. With this in mind, this section attempts to optimize the ECMS by the meta-heuristic algorithm. First, a meta-heuristic algorithm - the firefly algorithm, is detailed. Then, an optimization objective is introduced to evaluate the global performance of the vehicle. Finally, the optimizing ECMS with the firefly algorithm is proposed.



4.1. Firefly Algorithm


Yang [48] developed a meta-heuristic optimizer named the firefly algorithm, which is inspired by the flashing light of fireflies. Compared with other classical meta-heuristic algorithms, such as GA and PSO, the FA showed a better optimization efficiency [48]. Therefore, the algorithm is widely used in many engineering fields [49,50,51] and is adopted in this paper.



In FA, the higher the brightness of the firefly is the more attractive it is, and the attraction of each firefly can be calculated:


β=β0⋅e−γr2



(15)




where β0 is the attraction at r=0. The distance between any two fireflies i and j at xi and xj respectively, is rij=xi−xj. For any given two fireflies, xi and xj, the movement of firefly i is attracted to another firefly j, which is more attractive:


xi=xi+β0⋅e−γrij2(xj−xi)+αεi



(16)




where the third term represents random movement, α and εi are the randomization parameter and a vector of random numbers respectively.



To calculate the attraction of the firefly by Equation (15), an optimization objective will be defined in the next section.




4.2. Optimization Objective


For the PEMFC/battery/SC light rail vehicle, reducing the fuel consumption of the FC system might lead to an increase in the use of the ESS and hence accelerate the degradation of it, and vice versa. This can be regarded as a multi-objective problem.



To solve the multi-objective problem, one needs to define an optimization objective, which determines the optimized direction. Considering the scenario of this paper, the objective is defined as follows:


minX∈ΩCtram(X)=[Cfc(X),Csc(X),Cbat(X)]



(17)




With


{Cfc=(FCfuel+FCca+FCre+FCm)/365Csc=(SCca+SCre+SCm+SCchg)/365Cbat=(BATca+BATre+BATm+BATchg)/365



(18)




where Ctram is the total operating cost of the vehicle, Cfc, Csc and Cbat are the cost models of the PEMFC system, SC pack, and battery pack, respectively.



FCfuel is the annualized total fuel cost due to the PEMFC system operation:


FCfuel=mfuel⋅Cfuel=Cfuel⋅∫PfLHV⋅ηfcdt



(19)




where mfuel is the fuel consumption of the PEMFC, Cfuel is the cost of the fuel, LHV is the low heat value of hydrogen, and ηfc is the PEMFC efficiency.



FCca is the annualized capital cost related to the initial investment:


FCca=(Pdc_fcCdc+CafcCfc)⋅CRF



(20)




where Pdc_fc is the DC-DC rated power of the PEMFC system, Cdc is the cost of the DC-DC, Cafc is the rated power of the PEMFC system, Cfc is the cost of the PEMFC, and CRF is the capital recovery factor.



FCre is the annualized replacement cost:


FCre=∑i=1Nr_fc(1+I)−i⋅Lifefc⋅Cafc⋅Cfc⋅CRF



(21)




With


Nr_fc=ceil(TLifefc−1)



(22)




where ceil(x) is the function that returns the smallest integer that is not less than x, I is the interest rate, T is the lifetime of the system, Lifefc is the life expectancy of the PEMFC and FCm is the average maintenance cost.



SCca, SCre, SCm, and SCchg are the annualized capital cost, the annualized replacement cost, the annualized maintenance cost, and the annualized charged cost of the SC pack, respectively. BATca, BATre, BATm, and BATchg are the annualized capital cost, the annualized replacement cost, the annualized maintenance cost, and the annualized charged cost of the battery pack, respectively. They are defined as follows:


{ESSca=(Pdc_essCdc+CaessCess)⋅CRFESSre=∑i=1Nr_ess(1+I)−i⋅Lifeess⋅Caess⋅Cess⋅CRFESSchg=Eess(SOCinit_ess−SOCend_ess)⋅Cgridξdc



(23)




where the ESS/ess can represent the BAT or SC scenario. Eess is a function that calculates the energy of the battery or supercapacitor from the termination state SOCinit_ess to the initial state SOCend_ess, Cgrid is the cost of the energy from the grid, and ξdc is the efficiency of the DC-DC. The definitions of other symbols in Equation (23) are similar to the PEMFC scenario. FCm, SCm, and BATm are considered the fixed value.



In Equation (18), the FCca, SCca, and BATca are related to the sizing of the corresponding power sources. Besides, the FCre, SCre, and BATre are related to the lifecycle of the power sources. Moreover, the SCchg and BATchg are used to calculate the electricity costs which the power sources recharge to the initial state. The cost models in Equation (18) are expressed in economic terms, and have been detailed by our previous research in [26].



The feasible solution space Ω is subject to the following constraints:


{30%≤SOCb≤90%30%≤SOCs≤100%10 kW≤Pf≤170 kW−200 kW≤Pb≤200 kW−300 kW≤Ps≤300 kW−20 kW/s≤dPfdt≤20 kW/s



(24)







These constraints aim to ensure that the power sources do not overcharge or over-discharge, while also taking the limit of device operating conditions into account. It is worth to mention that the optimization objective Equation (18) is used to evaluate the global performance of the hybrid vehicle.




4.3. Control Strategy


So far, a new control framework can be proposed, and its aim is to get better global performance than the ECMS. The framework, named the firefly algorithm-based ECMS (F-ECMS), is applied to FA in order to optimize the variables of ECMS proposed in Section 3.2, and the objective is to minimize the total operating cost for PEMFC/battery/SC light rail vehicle.



The choice of optimized variables affects the results of the optimization problem. As shown in Figure 3, the ECMS contains two processes. In the ECMS process, the calculation of Pb,opt depends on the balance factor μb and SOCb, as seen in Equations (12)–(14). The relationships between Pb,opt and SOCb, with different balance factor (BF), are illustrated in Figure 4a. It means that the balance factor can affect Pb,opt, and so affect Pf,opt. For this reason, the balance factor μb is selected as the optimized variables.



Moreover, in the OMC process, the maximum power and minimum power limitations of power sources (e.g., Pfmax, Pbmax, Psmax etc.) have a large impact on the choice of operating mode, and thus affect the vehicle performance, as seen in Figure 3 and Table 1. So, these power limitations of power sources are considered as the candidates of optimized variables.



After the optimized variables are selected, the process of F-ECMS can be determined:



Step 1: Determine the number of iterations X and fireflies N.



Step 2: According to the selected optimal variables, initial the swarm of firefly within the confined region.



Step 3: Take out the nth firefly, it represents a solution. Put it to the ECMS (Section 3.2).



Step 4: Apply the above-mentioned ECMS to the vehicle model (Section 2). Then the model is used for simulation.



Step 5: According to the simulation results, calculate the global performance index Ctram (Section 4.2).



Step 6: Repeat steps 3 to 5 until the corresponding performance index of all fireflies are acquired.



Step 7: Calculate the attraction of each firefly with Equation (15) and update the locations of all fireflies with Equation (16).



Step 8: Repeat steps 6 and 7 until X iterations are complete.



Step 9: The location of the most attractive firefly is the best solution for the optimization problem.



The flowchart of the F-ECMS process is summarized in Figure 5.



In order to reveal the impact of the optimized variables selection on optimization effect, a comparison between two different sets of optimized variables is made. The one set is to optimize the signal variable: balance factor μb. Another set is to optimize multiple variables: balance factor and power limitations. The optimized process and results of two sets are shown in Figure 4b, where ‘S-OV’ means the situation of signal optimized variable, ‘M-OV’ means the situation of multiple optimized variables, and ‘B-data’ means the situation of the benchmark data produced by ECMS. The higher attraction means a better effect. It can be seen that:




	
Only optimizing the balance factor of F-ECMS can obtain a better result (2.875) than ECMS (2.826).



	
Optimizing the balance factor and power limitations can obtain the best result (3.279).








So, both balance factor and power limitations are selected to the optimized variables for F-ECMS in this paper.





5. Results and Analysis


This section reports the validation of the proposed strategy in the LF-LRV scenario. In order to verify the control strategy, the model of the vehicle is constructed using MATLAB/Simulink, as shown in Figure 6. The model according to the target speed profile, calculates the speed demand, torque demand, or power demand of each part for the hybrid vehicle. The comparison between actual data and model simulation of the vehicle has been proposed in our previous research [52], and the error is less than 1%.



The driving cycle is based on the Guanggu T1 line in Wuhan, China, which is 15 km in length and has 23 stations. The corresponding target speed profile of the vehicle as shown in Figure 7.



To accomplish the driving cycle, the PEMFC system’s power of the vehicle should be above the cycle’s average power, which is 200.8 kW. So, two PEMFC systems are selected, and its rated power is 150 kW. The peak traction power and braking power of the driving cycle are 696.7 kW and 636.7 kW. So, the hybrid system, in a motor unit, consists of an FC system (150 kW), two battery packs (40 Ah) and three SC packs (45 F). The basic parameters of the power sources are summarised in Table 2, and the parameters of the objective function can be found in [26].



To show the performance of the strategy mentioned in this paper clearly, two strategies are chosen as benchmarks: one is the OMC strategy [26], and another is FA-based OMC (F-OMC), which uses the FA to optimize the power limitations of OMC. Their corresponding operation cost of the vehicle is as shown in Figure 8a. Because of the FA optimizing, the F-OMC ($373.20/day) can get lower costs than OMC ($505.13/day). It is worth to mention that in Figure 8a, the ‘Fuel’ cost represents the fuel cost consumed by the FC system, and the ‘FC’ cost includes the cost of initial investment, replacement, and maintenance for the FC system.



First, two types of ECMS: BP-ECMS and SP-ECMS, have been evaluated. The corresponding operating costs are shown in Figure 8a. Compared with the OMC ($505.13/day), the costs based on the BP-ECMS ($374.45/day) and SP-ECMS ($353.84/day) can be decreased to varying degrees. It is because the ECMS can optimize fuel consumption, which is the major part of the operating cost. Besides, the cost of SP-ECMS is lower than BP-ECMS. The reason is as follows; when compared with BP-ECMS, the usage of battery in SP-ECMS is higher, which results in a reduction of fuel cost. It can also be seen that the result of SP-ECMS is better than F-OMC ($373.20/day), due to the good instantaneous performance of the ECMS. As the operating costs of SP-ECMS precede BP-ECMS as mentioned above, the SP-ECMS is used to represent the ECMS in a followed comparison. Moreover, in this paper, the F-ECMS combines the FA and SP-ECMS.



Then, the F-ECMS has been evaluated. The result is shown in Figure 8a. Compared with SP-ECMS ($353.84/day), the operating costs of F-ECMS ($304.99/day) could be further reduced, due to the introduction of FA. It also proves that F-ECMS has the best global performance in this paper.



To observe the fuel economy of the strategies, the total fuel consumption resulting for the driving cycle are shown in Figure 8b. The fuel consumption of the F-ECMS is 1.68 kg, the OMC is 3.43 kg, the F-OMC is 2.47 kg, and the SP-ECMS is 2.12 kg. It means that, compared with OMC, the introduction of the ECMS (i.e. SP-ECMS) or FA (i.e. F-OMC) can improve the fuel economy for the hybrid vehicle, and combine both of them (i.e. F-ECMS) to achieve the best results.



In order to demonstrate the performance advantage of the F-ECMS compared with SP-ECMS more clearly, the operating point distributions of the FC system are shown in Figure 9a. The FC system output power is mainly distributed in two regions: low-power region and high-power region. The low-power region of SP-ECMS and F-ECMS is around 18 kW, which means that the vehicle operates in the regenerative braking phase. Because of the optimization of FC power limitations, the high-power region of F-ECMS around 115 kW. In contrast, the high-power region of SP-ECMS around 170 kW. This should result in the average efficiency of F-ECMS (55.85%) is high than SP-ECMS (55.35%).



The fluctuation distribution comparison of FC power between F-ECMS and SP-ECMS is shown in Figure 9b, and the lower standard deviation means the better life expectancy of the FC system. By using FA to optimize the SP-ECMS, the limiting effect of F-ECMS (7.6176) is better than SP-ECMS (9.3744).



As the main objective of this paper is to minimize the operation cost, the F-ECMS is finally selected as the control strategy for the LF-LRV. The power curves of the power sources for F-ECMS are illustrated in Figure 10. It can be seen that the F-ECMS can ensure that the hybrid system works steadily, and that the output power among the power sources rational distribution. Table 3 summarizes the improvement of F-ECMS compared with the OMC, F-OMC, and SP-ECMS.




6. Conclusions


This paper presents the optimal control strategy for a light rail vehicle, which is powered by the fuel cell, battery, and supercapacitor. The aim is to improve the global performance of the equivalent consumption minimization strategy (ECMS).



As the conventional ECMS cannot be directly applied to the fuel cell/battery/supercapacitor hybrid system, a strategy combined ECMS and operating mode control is presented. Then, the firefly algorithm is introduced to optimize the strategy, in order to enhance the global performance. The optimization objective is to minimize the operating costs of the vehicle, which contains the total fuel consumption, initial investment, and replacement costs of power sources. The balance factor and power limitations are considered as the candidate of the optimized variables.



A 100% low-floor light rail vehicle is selected as the case study. The operation costs of the vehicle based on battery-prior ECMS, supercapacitor-prior ECMS, and the proposed strategy are obtained. The operating mode control and firefly algorithm-based operating mode control are used as benchmarks. The simulation results indicate that the proposed strategy offers the lowest operating cost. Compared with operating mode control, firefly algorithm-based operating mode control, and supercapacitor-prior ECMS, the proposed strategy can save 39.62%, 18.28%, and 13.81% cost, respectively. Moreover, the strategy can reduce fuel consumption and increase the efficiency of the fuel cell system. It can be concluded that among all of the strategies mentioned above, the proposed strategy not only satisfies the power/energy demand, but also offers the best global performance for the hybrid vehicle.
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Figure 1. The low-floor light rail vehicle: (a) realistic images; (b) structure of the hybrid system. 
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Figure 2. The data of power sources: (a) efficiency of proton exchange membrane fuel cell system; (b) open circuit voltage-state of charge curve of battery. 
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Figure 3. The structure of improved equivalent consumption minimization strategy (ECMS). 
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Figure 4. The choice of the optimized variables: (a) the relationship between Pb,opt and SOCb; (b) optimized process of the firefly algorithm-based equivalent consumption minimization strategy (F-ECMS). 
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Figure 5. The process of F-ECMS. 
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Figure 6. Vehicle simulation model. 
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Figure 7. Target speed profile. 
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Figure 8. The results of different strategies: (a) optimal solutions and operating cost; (b) fuel consumption. 
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Figure 9. The results of fuel cell (FC) System: (a) distribution comparison; (b) power fluctuations. 






Figure 9. The results of fuel cell (FC) System: (a) distribution comparison; (b) power fluctuations.



[image: Energies 12 02665 g009]







[image: Energies 12 02665 g010 550]





Figure 10. Performance of power sources for F-ECMS. 






Figure 10. Performance of power sources for F-ECMS.



[image: Energies 12 02665 g010]







[image: Table]





Table 1. The conditions and modes of operating mode control (OMC) process for ECMS.
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	Condition/Mode
	BP-ECMS
	SP-ECMS





	C1
	Pb,opt<Pbmax
	Pd−Pf−Pb,opt<Psmax



	C2
	Pb,opt>Pbmin
	Pd−Pf−Pb,opt>Psmin



	C3
	(Pb,opt>0)&(SOCs>SOCsh)
	(Pb,opt>0)&(SOCs>SOCsh)



	C4
	SOCb<SOCbh
	SOCb<SOCbh



	M1
	Pb=Pb,opt, Ps=Pd−Pf−Pb
	Ps=Pd−Pf−Pb,opt, Pb=Pd−Pf−Ps



	M2
	Pb=Pbmin, Ps=Pd−Pf−Pb
	Ps=Psmin, Pb=Pd−Pf−Ps



	M3
	Pb=Pbmax, Ps=Pd−Pf−Pb
	Ps=Psmax, Pb=Pd−Pf−Ps



	M4
	Ps=Psmax, Pb=Pd−Pf−Ps
	Ps=Psmax, Pb=Pd−Pf−Ps



	M5
	Pb=Pb,opt, Ps=Psmax, Pbr=Pd−Pf−Pb−Ps
	Pb=Pb,opt, Ps=Psmax, Pbr=Pd−Pf−Pb−Ps



	M6
	Pb=Pb,opt, Ps=Pd−Pf−Pb
	Ps=Pd−Pf−Pb,opt, Pb=Pd−Pf−Ps
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Table 2. Basic parameters of power sources.
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Power source

	
Parameter

	
Value






	
PEMFC

	
Maximum power (kW)

	
170




	
Rated voltage (V)

	
540




	
Maximum current (A)

	
320




	
Cell number

	
735




	
Battery cell

	
Rated voltage (V)

	
3.2




	
Rated capacity (Ah)

	
40




	
Operating voltage (V)

	
2.5–3.8




	
Operating temperature (K)

	
253–318




	
SC cell

	
Rated voltage (V)

	
2.7




	
Rated capacity (F)

	
3000




	
Maximum current (A)

	
210




	
Operating temperature (K)

	
233–335
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Table 3. The improvement of F-ECMS.






Table 3. The improvement of F-ECMS.





	Indicators
	OMC
	F-OMC
	SP-ECMS





	Methods
	Introduces ECMS and FA
	Introduces ECMS
	Optimized by FA



	Operating cost
	Save 39.62%
	Save 18.28%
	Save 13.81%



	Fuel consumption
	Save 51.02%
	Save 31.98%
	Save 20.75%



	FC system efficiency
	Improve 3.34%
	Improve 0.88%
	Improve 0.5%











© 2019 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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