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Abstract

:

The study utilizes open-access data to generate power demand curves for a hybrid automotive system, testing twelve configurations with three different energy management strategies and four values for the degree of hybridization (DOH), the latter representing the share of the total power of the vehicle powertrain supplied by the battery. The first control logic (Battery Main—BTM) uses mainly batteries to satisfy the power demand and fuel cells as backup, while in the other two controllers, fuel cells operate continuously (Fuel Cell Main—FCM) or within a fixed range (Fuel Cell Fixed—FCF) using batteries as backup. The results are assessed in terms of H2 consumption, overall system efficiency, and fuel cell predicted lifespan. The battery is heavily stressed in the BTM and FCF logics, while the FCM logic uses the battery only occasionally to cover load peaks. This is reflected in the battery’s State of Charge (SOC), indicating different battery stress levels between the BTM and FCF modes. The FCF logic has higher stress levels due to load demand, reducing battery lifetime. In the BTM and FCM modes, the fuel cell operates with variable power, while in the FCF mode, the fuel cell operates in a range between 90 and 105% of its rated power to ensure its lifetime. In the BTM and FCM modes, hydrogen consumption decreases at almost the same rate as the DOH increases, due to a decrease in battery capacity and a smaller amount of hydrogen being used to recharge it. In contrast, the FCF control logic results in a larger fuel consumption when the DOH decreases. In terms of FC durability, the FCF control logic performs better, with a predicted lifetime ranging from 1815 h for DOH = 0.5 to 2428 h for DOH = 0.1. The FCM logic has the worst performance, with a predicted lifetime of 800 to 808 h, being almost insensitive to the DOH variation. Simulations were performed on two different driving cycles, and similar trends were observed. Simulations taking into account fuel cell (FC) performance degradation showed an increase in hydrogen consumption of approximately 38% after 12 years. Overall, this study highlights the importance of optimizing control systems to improve the performance of fuel cell hybrid vehicles, also taking into account the component of performance degradation.
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1. Introduction


The increasing concern about the environmental impacts of fossil fuels and the need to reduce greenhouse gas emissions has led to a continuous increase in the penetration of renewable energy sources [1]. Renewables grew by 4% in 2018 (and electricity production by 7%) under the combined effects of government support, technological advancement, and emission limits, accounting for nearly 25% of the growth in global energy demand [2]. The fastest-growing electricity production sources are solar photovoltaics (PV) and wind power (270 TWh and 400 TWh in 2022) [3]. The primary disadvantage of renewable energy sources is their intermittent nature [4]. When renewable energy sources are unavailable, auxiliary power units must be used to match the demand. Innovative storage solutions, such as hydrogen or batteries, can be effectively utilized to store, and subsequently convert, excess renewable energy [5]. The IEA also stressed the importance of scaling up hydrogen-based technologies and adopting them in sectors where its diffusion is still scarce such as transport, buildings, and power generation. In fact, electric vehicles (EVs) offer a zero-emission alternative to conventional combustion engines and have the potential to revolutionize the transportation sector [6]. Different alternative solutions have been raised in recent years, but one effective approach to improving the performance and efficiency of EVs consists of the integration of fuel cells (FC) with batteries, constituting Hybrid EVs (HEV). However, this integration presents several challenges, such as managing the power distribution, ensuring the durability and reliability of the fuel cell stack, and addressing the high costs associated with these components [7]. The energy management system (EMS) is responsible for coordinating the power distribution between the fuel cells and batteries feeding the electric motor. Several types of EMSs have been proposed in the literature, which can be broadly classified into deterministic rule-based and optimization-based control strategies [8]. Rule-based strategies rely on predefined rules and thresholds which are set based on the designer’s experience and knowledge. Most of the rule-based EMSs adopt fuzzy logic controllers [9,10]. The optimization-based strategies, on the other hand, seek to minimize or maximize specific performance criteria, such as fuel consumption or emissions, through mathematical optimization techniques. However, these methods can be computationally intensive and may require accurate modeling of the system components [11,12]. Moreover, the evolution of HEVs to autonomous vehicles underlines the importance and huge impact on the development of EMSs. In fact, one major challenge in the field of vehicle control is maintaining the yaw stability and path-tracking accuracy of electric vehicles under varying driving conditions. Wu et al. [13] suggested a coordinated control strategy that allowed for enhancement of the yaw moment control (DYC) and a path-tracking control, while Meng et al. [14] developed an integrated an object detection/tracking system, exploring the surrounding environment and providing the ego vehicle with information about the object’s identity (ID), speed, and orientation. This information is then used to facilitate other modules, such as prediction, planning, and control.



Several studies investigated the performance of HEVs. Most of them were conducted using standard driving cycles, such as the New European Driving Cycle (NEDC) or the Federal Test Procedure (FTP). ARTEMIS driving cycles were used by Marx et al. [15] to reproduce three different scenarios: urban, rural, and highway. They modeled a hybrid fuel cell/battery system including a single energy management strategy. Simulations considered various hybridization rates of the system, i.e., the ratio between battery-provided power and the total power. High hybridization rates perform better in terms of fuel efficiency and system durability, whereas low hybridization rates lead to a lower battery depth of discharge. Alpaslan et al. [16] used ECE-15 and JPN 10-15 drive cycles to simulate the performance of a HEV. The work highlighted the beneficial effect of installing hydrogen systems and supercapacitors on powertrain technologies despite the presence of some issues such as the volume of hydrogen system and system duration. Ma et al. [17] developed a multi-objective energy management strategy for a fuel cell hybrid electric vehicle that considers how power is distributed between the lithium-ion battery and the PEM fuel cell. The optimized EMS prevented fuel cell degradation, caused principally by frequent start–stop cycles and rapid load changes, while still keeping the battery state of charge at a desired level, with a reduced fuel consumption of 7%. However, these standardized cycles do not accurately represent real-world driving conditions, leading to discrepancies between simulated and actual vehicle performance [18]. Datasets such as the Vehicle Energy Dataset (VED) [19], or the Assessment and Reliability of Transport Emission Models and Inventory Systems (ARTEMIS) [20], provide valuable insights into the actual energy consumption and emissions of vehicles under realistic driving conditions were assessed. Sagaria et al. [21] compared the real-world driving scenarios of a passenger battery and a fuel cell electric vehicle (BEV, FCEV), with a conventionally powered one. They obtained encouraging results, with the BEV and FCEV energy consumptions equal to 23% and 65% of the internal combustion engine, respectively. In terms of energy source combinations, it was calculated that combining a battery and fuel cell can increase the vehicle’s range by 10%. On the other hand, combining a battery and an ultra-capacitor can extend the battery life by 10% with minimal impact on the range. In addition to the usual power management approach that considers hydrogen consumption, Wang et al. [22] developed a system that also accounts for the device’s degradation. For their simulations, a campus drive cycle at the University of Delaware was considered representative of a typical urban transit loop. The results showed that, by considering degradation models, the fuel cell’s lifespan could be successfully increased at the expense of a faster rate of battery capacity decay, which lowers the vehicle’s average operating cost during its lifetime. The same trend was observed by Hahn et al. [23] (even if for simulated driving cycles), emphasizing that appropriate system operating parameters can partially mitigate the decline in efficiency caused by degradation. Moreover, increasing the stack lifetime could lead to decreased efficiency. Recent studies were focused on discerning micro-health parameters, which represent the operational condition of both the active material and the electrolyte within the battery. Alterations in these micro-health parameters serve as indicators for assessing the internal health status of the battery [24]. There is a lack of literature regarding the optimization of energy strategies for hydrogen-based vehicles running real driving cycles that consider the lifetime too.



The novelty of this paper is the investigation of the influence of the DOH and EMS on the performance and the lifetime of an HEV; moreover, this study analysed different real-world driving cycles using the ARTEMIS and VED databases. To this purpose, an HEV and the EMS were modelled in the framework of TRNSys 18 software [25]. According to the energy demand of the driving cycles, the technologies employed were properly sized. Simulations were carried out using three different EMSs and four different DOHs. The results were used to compare the EMSs in terms of hydrogen consumption, efficiency, battery cycles, and predicted life of the fuel cell. The presented considerations can serve as a starting point for developing multi-objective optimization and smarter EMSs, taking into account the system efficiency, component lifespan, and economic parameters for FCEVs.




2. Methodology and Adopted Models


The simulated system was composed of all the HEV powertrain components, including an FC stack, a parallel-connected battery pack, and auxiliary equipment (such as a compressor, humidifier, hydrogen tank, and water management system). A unidirectional boost DC/DC converter was used to connect the PEMFC to the system, ensuring stable operation despite load variations, and protecting it from high frequency and surge load power demand to extend its lifetime. The DC/DC converter also acted as the EMS actuator, providing the FC output power. The batteries were connected with a bidirectional converter, regulating output voltage and current with an assumed efficiency of 93%. The EMS controlled the air and hydrogen compressors to avoid fuel starvation and recirculates unreacted hydrogen to the fuel cell inlet. The humidifier regulated the FC cathode humidity (at the anode, the inlet hydrogen has 100% of relative humidity), and the FC operating temperature was controlled through the heat exchanger and water pump by the EMS to maintain an exit relative humidity of 85–95% and prevent membrane drying. The EMS acted as the central control unit, coordinating the actions of all components. A schematic representation of the entire system is shown in Figure 1. The power demand of the vehicle includes the energy required to meet the needs of auxiliary power (such as compressors, humidifiers, and pumps) and traction power. At each time step, the EMS determines the power requested by the vehicle to perform the selected drive cycle and satisfies it through a combination of fuel cells and batteries output. To control the FC power, the EMS adjusts the amount of air and hydrogen supplied to the fuel cell and regulates the step ramp of FC power while providing the missing power from the batteries until the load is satisfied.



2.1. Energy Management System (EMS)


Three distinct control strategies were developed in the design methodology to investigate the system behavior. These strategies were based on the constraints described in [26,27]. The electric power required by the system can be supplied by a combination of FC and battery or by either one of them alone. Hybrid systems were proposed in [28,29] to address the slow response of fuel cells. The EMS of a hybrid system plays a critical role in ensuring the proper functioning of the entire system. The operation of the battery system is limited to mitigate degradation. To ensure its health and longevity, its charging power is programmed on the basis of the current state of charge (SOC). The SOC of the battery is physically constrained between 0% and 100%, but it must fall within a narrower range limited by the designated lower (  S O  C  m i n    ) and upper (  S O  C  m a x    ) limits to prevent excessive depletion and overcharging. For this reason, in all the simulated cases,   S O  C  m i n     was assumed equal to 40% and   S O  C  m a x     equal to 80%.



To control the charging and discharging rates, the battery voltage and/or current are commonly restricted, which results in power (   P b   ) upper and lower limits:


   P  b , m i n   ≤  P b  ≤  P  b , m a x    



(1)







On the other side, the FC must maintain an idling operation of about 10% of its nominal power (Pfc) to prevent shutdown cycles. Thus, its power must remain within a range that does not fall outside its lower limit (Pfc,min) and upper limit (Pfc,max) [30].



The main difference between the control systems considered in this study is how the FC and batteries provide power to meet the load. Three different cases were evaluated:




	
Battery Main (BTM): In this case, the power is provided mainly by the batteries, with the FC activating only to cover the peaks or to recharge the batteries when their state of charge falls below   S O  C  m i n     (in this case also covering the load);



	
Fuel Cell Main (FCM): In the second control logic, the FC operates continuously in response to the load, with additional support from batteries during demand peaks. The batteries are charged when the load is smaller than the FC maximum power and SOC is smaller than   S O  C  m i n    ;



	
Fuel Cell Fixed (FCF): In the third scenario, the FC operates only in the range between 90 and 105% of its nominal power (Pfc,nom = 0.8·Pfc,max) to protect its lifespan. The batteries cover the peaks and follow the load when it is smaller than the FC operating range. In the case that the batteries’ SOC becomes smaller than   S O  C  m i n    , and the load is smaller than the FC’s working power range, the FC covers the load and recharges the batteries. Since the FC always works between 90 and 105% of its nominal power, during battery recharge it may result in fuel waste when the load is very small. If the load is larger than 1.05·Pfc,nom, batteries should cover the gap, even if the SOC is smaller than   S O  C  m i n    , until needed or until they can.









2.2. Fuel Cell Degradation Prediction


In automotive operations, an FC stack is expected to run under a wide range of operating conditions, including variable humidity and temperature [31], and this strongly affects its performance. The PEMFC performance variations are due to working conditions such as water operation, poor temperature operation, gas starvation, impurities, and load cycling [32]. The load cycling can lead to platinum agglomeration on the catalyst layer, lowering the active surface area. This phenomenon is predominant at the catalyst layer on the cathode side because the platinum particles could only be dissolved on higher potentials. The potential on the interface of the membrane and cathode is much higher than the potential on the anode side. Therefore, the cathode catalyst layer is much more vulnerable than the layer on the anode side to the load cycling. The potential cycling could also lead to carbon corrosion and membrane degradation on the catalyst layer or the gas diffusion layer [33]. Based on operating mode investigations, many researchers inspected the effect of operating conditions on the fuel cell stack’s durability [34,35]. Zhao et al. [36] analyzed the decay characteristics of a fuel cell stack based on an actual road test condition for a bus in China. They fitted experimental data to obtain a semiempirical formula to predict the lifetime of the device. The authors claimed that, using the device to satisfy an intermittent and variable load, the fuel cell duration was almost 5000 h, while it can reach 30,000 h in the case of continuous operations at a fixed point. Fuel cell degradation is deeply influenced by vehicle operating conditions, i.e., start–stop conditions, idling, load changing, and high-power load. In [37], the degradation related to each of them was investigated and modeled, and such a model was taken as a reference in the present work. For the sake of clarity, a brief description of the main aspects of the degradation model are reported here. Further details can be found in the cited work. For evaluating FC degradation, each driving cycle can be described as a sum of four different operating behaviors:


   Driving   Cycle  = f  {   n 1  ,    t 1  ,    n 2  ,    t 2   }   








where f indicates a generic function,     n 1    is the average start–stop cycles per hour,    t 1    represents the average idling time per hour,    n 2    represents the average cycles during the load change phase, and    t 2    is the average time in hours of the high-power load operation. In [38], the authors performed tests to quantify the voltage degradation of each of the phases of a driving cycle, finding the values reported in Table 1. The total degradation rate    V  d e g     is then computed as a superposition of effects:


   V  d e g   =  n  1    V 1  +  t 1   U 1  +  n 2   V  2   +  t 2   U  2    



(2)




Indicating with   Δ V   the maximum single fuel cell voltage degradation, the fuel cell life can be computed as


   T  F C   =   Δ V   k ·  V  d e g      



(3)




where k = 1.72, a tuning coefficient to align the tests results with the real driving cycle measurements. This semiempirical model was validated in [37] by comparing the prediction with the real degradation of an FC bus.





3. Simulation Details


The performance of an HEV in real driving conditions was evaluated under four possible sizes of the vehicle powertrain (DOHs). For each configuration, the three different control logics described in Section 2.1 were tested, while maintaining the system’s main scheme and characteristics, as shown in Figure 1.



3.1. Case of Study and Generation of Power Demand Curve


Researchers from the University of Michigan (UM), the Argonne National Lab, and the Idaho National Lab recently compiled a comprehensive dataset (VED) of fuel and energy information obtained from 383 privately owned cars in Ann Arbor, MI, USA [14]. This publicly available dataset includes GPS data capturing the vehicles’ trajectories, as well as time series data on fuel consumption, energy usage, speed, and auxiliary power consumption. Among the tracked vehicles, three were fully electric, for which the propulsion system was similar to the one considered here. For this reason, one of these EVs was selected to generate the power demand curve that the novel hybrid system needs to satisfy. Specifically, data from the 2013 Nissan Leaf (vehicle no. 455 of the dataset) were extracted and extrapolated, and all the routes traveled in one year were fused into a single data curve. This extrapolation was performed using a Matlab (v22b) script, scanning the whole dataset and selecting only the trips from the selected vehicle. Given privacy concerns, the dataset underwent filtration to de-identify personally identifiable information. Consequently, certain routes exhibited non-null velocity values at their beginning or conclusion. This discrepancy yielded unphysical vehicle acceleration and deceleration, thereby leading to elevated load demand values. To address this issue, when the initial or final velocity deviated from zero, a consistent acceleration and deceleration were imposed at the beginning and end of each vehicle trip. This assumption involved employing a constant acceleration (a = 2.42 m/s2), determined as 80% of the maximum acceleration of the Toyota Mirai FCEV. Velocity profiles extrapolated from the VED dataset for the selected vehicle are shown in Figure 2a. The routes were mainly urban (the mean velocity is around 34 km/h) but the velocity peaks show that some extra-urban routes have also been traveled, making the dataset appropriate to carry out general considerations.



The second real driving cycles database used was ARTEMIS [20]. The ARTEMIS project was funded by the European Commission as part of the 5th Framework Research Programme, DG TREN. As told before, the driving cycles collected within ARTEMIS are divided into three classes: rural roads, urban, and motorways. In the present work, the rural roads driving cycle was selected, characterized by an average speed of 48 km/h.



It is important to note that while the VED database was used to generate a one-year trip (corresponding to 44.3 driving hours), the selected ARTEMIS driving cycle lasts only 0.3 h.



If the speed profiles are known, the vehicle acceleration can be evaluated and the traction power (   P  w h e e l    ) can be calculated by solving the dynamic equation for the longitudinal motion of the vehicle:


  M   d v   d t   =  F  t r a c t   +  F  d r a g   +  F  r o l l   +  F  g r a d e   .  



(4)




where M is the vehicle mass,    F  t r a c t     is the traction force that the electric motor should provide to ensure the acceleration   d v / d t  ,    F  d r a g     is the drag resistance of the vehicle,    F  r o l l     is the rolling resistance of the tires, and    F  g r a d e     is the grading resistance [38]. By inverting Equation (4), it is easy to calculate the traction force, the traction energy required by the vehicle at each time interval, and the traction power    P  w h e e l    . The power demand to be met by the traction system (   P  w h e e l    ) is then calculated as:


   P  d e m a n d   =  P  w h e e l   / η  



(5)




where  η  is the total efficiency of the system, including the efficiency of the motor and of all the electrical devices between the power units (i.e., the FC and the battery) and the motor. In the present study, 0.8 is taken as the motor efficiency and 0.8 for the rest, giving   η = 0.64   as the total efficiency.



As an example, Figure 2b shows the power demand curve for one of the vehicle configurations selected from the VED. The positive peaks represent the effective demand required by the electric motor during acceleration, while negative values indicate vehicle braking. For the sake of clarity, the battery power is represented adopting an opposite sign convention, that is, negative when the battery is discharging, and positive when it is recharging. No regenerative braking system was considered.




3.2. Vehicle Powertrain Sizing


The sizing of the powertrain system was chosen by assuming an electric motor with a power Pmot = 50 kW to cover the peaks of the selected yearly routes of the vehicle as shown in Figure 2b. By assuming an efficiency of the motor drive ηmot = 0.89 [38], the total power that the battery and the fuel cell must guarantee is Ptot = 56 kW. As explained in Section 1, the hybridization of a fuel cell system with a peaking power source emerges as an effective strategy for mitigating the challenges associated with vehicles powered exclusively by fuel cells. In this case, the total power needed by the vehicle was assumed to be covered by an FC stack and a battery pack by using different possible configurations. The degree of hybridization, already defined as the ratio of the battery maximum power (Pb,max) to the total power of the powertrain (Ptot = Pb,max + PFC,max), influences both the system design and the performance and cost of the system.


  D O H    [ % ]  =    P  B , m a x      P  B , m a x   +  P  F C , m a x     ∗ 100  



(6)







A DOH of 0% indicates that the FC supplies all the power, while 100% indicates that the batteries do it. In this study, four different DOHs have been analyzed, ranging from 0.5 to 0.001. Usually, smaller DOHs are more suitable for light vehicles [15], thus, in the present study, the simulated DOHs do not exceed 0.5. From the definition of DOH, known as the Ptot, the maximum power that the battery pack and the fuel cell stack need to guarantee can be easily calculated. By assuming a C-Rate equal to 10, the total capacity of the Lithium-Ion battery pack is computed, while the nominal voltage is considered equal to 310.8 V, according to the electric motor’s characteristics.



The fuel cell was sized considering the voltage to be supplied to the DC/DC converter, which powers the electric motor, was equal to 300 V. Noting the maximum power to be installed in the vehicle, it is possible to calculate the maximum current to be supplied by the FC. If each individual cell operates at a voltage Vc = 0.7 V, the calculation of the cells in the fuel cell stack is given by N = V/Vc = 300/0.7 = 429. The current to be supplied by the FC is the same for all individual cells connected in the series. If the current is known, it is possible from the FC polarization curve to calculate the cross-sectional area of the individual FC. For this FC at the known voltage of 0.7 V, the current density results equal to i = 400 mA/cm2. To produce the needed current, the cross-sectional area can be calculated as   A =  I i    [39].



The vehicle power demand depends on its kerb weight (Wkerb), which, in turn, depends on the system configuration. By decreasing the DOH, the battery pack will be characterized by lower capacities and weights, while the FC system will show the opposite behavior. The components’ weight was calculated by assuming the same specific weights of the FC stack (0.41 kg/kW) and of the battery pack (11.15 kg/Ah) of the Toyota Mirai vehicle. Based on the DOE Technical Targets for Onboard Hydrogen Storage for Light-Duty Vehicles [40], the hydrogen tank capacity (Ctank) was set equal to 5.6 kg. Using the DOE’s projected gravimetric capacity of 0.055 kg H2/kg for 2025, the total hydrogen system weight (Wfc,sys) was estimated for the four tested configurations. The total weights and the main components’ characteristics are summarized in Table 2.





4. Results


In this section, the results of the simulations carried out with different control logics, different DOHs, and different driving cycles are presented and discussed. First, the effect of the control logic is assessed (Section 4.1), then the effect of the DOH and of the driving cycles on the vehicle performance are analyzed (Section 4.2 and Section 4.3, respectively). Based on such results, further computations have been performed to do some considerations about FC lifespan duration and how FC degradation affects the overall system performances (Section 4.4).



4.1. Effects of the Control Logic


To discuss the effect of the control logic on vehicle performance, in Figure 3, the system behavior is shown considering (for the sake of clarity) only the first 0.2 h of the VED driving cycle. As expected, when the BTM control logic is adopted, the battery is primarily activated, and the FC works only to cover the peaks and when the battery’s SOC goes below its minimum. In the FCM control, the FC responds to the load request. Since in the time interval shown the power demand is below the Pfc,max, the battery is not activated. In Figure 3c, the system behavior under the FCF control logic is represented. In this case, the FC covers the load peaks and/or charges the battery, working always in a fixed range around its nominal power.



Figure 4a–c shows the load, battery, and FC power curves for DOH = 0.5 and the three control logics tested, while in Figure 4d–f, the plots are reported for DOH = 0.3. Figure 5d–f shows the same quantities for DOH = 0.1 and DOH = 0.01, respectively. In the BTM (Figure 4a,d) and FCF (Figure 4c,f) modes, the battery is heavily stressed, with frequent activations and recharges, whereas in the FCM mode (Figure 4b,e), the battery is only used occasionally to cover load peaks. Focusing on SOC behavior, in the BTM mode, the battery is frequently recharged and, in some cases, the load demand does not allow it to be fully recharged (up to SOCmax). In two cases (around t = 38.5 h), the battery’s SOC falls below SOCmin (Figure 4a, blue dashed square). In fact, if the load is greater than the FC maximum power, the battery should cover the gap even if its SOC is below the minimum, otherwise, the vehicle would be forced to stop. A similar behavior can be observed in the FCF simulation: Due to the load demand, the battery recharging is often interrupted, increasing its stress and thus reducing its lifetime. Similarly to what is already noticed in Figure 4a, at t = 38.5 h (Figure 4c, blue dashed square), the SOC drops below its minimum value, and here the SOC approaches 20%, an even lower value than in the BTM case. In the same time interval, the FCM logic performs better: In fact, since the battery is used much less than in BTM and FCF, in the moment the maximum load request is reached, the battery still has enough capacity to overcome the peak, only falling below SOCmin for a few instants and being recharged immediately afterwards.



Regarding the operation of the FC, it should be noted that it operates with variable power in both the BTM and FCM control logics. The only difference is that in the former, the battery covers the base load and the FC (mainly) the peaks, whereas in the latter, the behavior is reversed. In the FCF control logic, the FC operates only in a range between 90 and 105% of its rated power to ensure its lifetime.



These behaviors are reflected in the system’s performance. Table 3 shows the H2 consumption and the fuel cell and system efficiencies for the tested DOHs and control logics. The system efficiency considers the energy consumption of both the FC and the battery. The calculation of battery consumption takes into account the SOC difference between the initial and final time intervals. For DOH = 0.5, the FCF logic presents the highest fuel consumption, about four times larger than the BTM and FCM. In fact, the main objective of the FCF logic is to make the FC work under the most stable conditions possible, to reduce its degradation. As already stated, this means that when the power demand is low and the SOC of the battery is below SOCmin, the FC is activated to cover the load and recharge the battery. In this case, the FC operates in the optimal working range but it wastes energy. On the other hand, hydrogen consumption in the BTM and FCM control logics is very similar, with the smallest values predicted in the FCM case. From an efficiency standpoint, it is worth noting that, although the differences in FC efficiency are limited (from 0.61 in the BTM case to 0.5 in the FCF case), the range of system efficiency is wider, from 0.54 in the case of the BTM and FCM modes to 0.15 in the FCF case, making the latter logic very unsuitable for the considered vehicle. The trends are confirmed for all the tested DOHs.




4.2. Effects of the Degree of Hybridization


To assess the influence of the DOH on vehicle performance, some general considerations should be made. The reduction in the DOH leads to a diminution of the weight of the battery pack and the increase in the FC stack weight, eventually resulting in a slight overall reduction in vehicle weight. This, in turn, means a slightly lower load curve. Looking at the BTM control logic, as the DOH decreases (Figure 4a,d and Figure 5a,d), the FC covers the load better, the battery is less stressed and, due to its decreasing capacity, it can be recharged quickly. This results in more frequent (and more complete) recharges, which should increase the battery life.



In the FCM control logic, as the DOH decreases (Figure 4b,e and Figure 5b,e), battery usage also decreases, contributing to the load only in a very narrow time interval at about t = 38.5 h, which corresponds to the highest load request. This could lead to the conclusion that the powertrain is oversized. However, it should be considered that this is only true for this specific drive cycle, which is relatively flat and not very power-demanding.



In the FCF case (Figure 4c,f and Figure 5c,f), the battery is very often recharged due to its lower capacity. For very small DOHs (i.e., 0.01) this trend is the opposite. The reduced battery power is the main cause of this behavior. In fact, the battery is only activated to cover extremely low loads, which is likely to occur at the vehicle’s start. As a result, despite the battery capacity being reduced, the battery intervenes less frequently and less continuously compared to the DOH = 0.1 case. This, in turn, affects the hydrogen consumption and system efficiency, as reported in the following.



The hydrogen consumption (Table 3) shows different behavior as the control logic is changed. In the BTM and FCM cases, the hydrogen consumption decreases (at almost the same rate) as the DOH decreases from 12.06 to 10.69 kg in the BTM case and from 11.96 to 10.87 kg in the FCM. This is because as the DOH is reduced, battery capacity decreases, leading to a progressively smaller amount of hydrogen being utilized for recharging due to its dependence on recharge efficiency.



On the contrary, the FCF control logic results in larger fuel consumption as the DOH decreases (from about 45 to about 82 kg when going from DOH = 0.5 to 0.01, with a peak of about 87 kg for DOH = 0.1). In fact, with this logic, as the DOH is reduced, the FC-rated power rises. Consequently, the quantity of wasted hydrogen increases during periods of low load when the battery requires recharging.



In the case of the smallest simulated DOH, the fuel cell (FC) often activates to cover the large difference with the load due to the small battery power. For the other DOHs, it mostly activates to recharge the battery. This leads to an increase in hydrogen consumption with DOH reduction, but after a peak, the consumption tends to decrease. As a result, the FC efficiency improves as the DOH decreases with the BTM and FCM logics and remains relatively constant in the FCF one. The efficiency of the system remains constant for both BTM and FCM, with the larger efficiency of the BTM being compensated for by smaller hydrogen consumption. The efficiency increases as the DOH decreases. However, in the FCF control logic, the significant increase in hydrogen consumption results in an unacceptable drop in system efficiency, from 15% at DOH = 0.5 to 8% at DOH = 0.01.




4.3. Effect of the Driving Cycles


The impact of various driving cycles on system performance is evaluated using the three control logics and the four DOHs, and is conducted using the selected ARTEMIS driving cycle.



Figure 6 reports the powers (load, battery, and FC) and SOC of the battery curves for FCM control logic. As the curves remain practically identical as the DOH varies, only the case where DOH = 0.5 is reported in the figure. As shown, at approximately 0.24 h, the battery (blue line) is activated to cover the small gap between the load (green line) and the FC power (red line). With a smaller DOH, the battery does not activate at all because the FC can always cover the load. Accordingly, the SOC of the battery (black line) does not change. These findings are in line with those predicted in the case of the VED driving cycle for all the DOHs simulated (Figure 4b,e and Figure 5b,e). In fact, even in the VED simulation, the battery activation reduces as the DOH increases. This means that, at least for the very short time of the ARTEMIS driving cycle, the FCM logic is weakly influenced by the driving cycle.



Even the BTM control logic shows a very small sensitivity to the driving cycle. When working with the ARTEMIS driving cycle (Figure 7a–c), the battery activates first, covering the load, which is quite small. As the SOC decreases down to its lower limit, the FC is activated, covering the load and recharging the battery. As the DOH decreases, the activation of the FC is anticipated, because the battery’s maximum power and capacity decreases accordingly. Therefore, for the smaller DOHs (Figure 7c,d), the FC is activated almost from the start of the driving cycle, covering the load peaks and/or recharging the battery. A similar trend is found with the VED driving cycle, as can be seen in Figure 8, where only the first 0.3 h of the whole driving cycle are reported.



In the FCF control logic, there is a general trend that is the same in both the VED and ARTEMIS driving cycles. In fact, with the ARTEMIS cycle (Figure 7e–h), it is confirmed that the battery is used less as the DOH decreases. These trends agree with the findings in [15], where the control logic adopted aims at optimizing the FC’s life (as in FCF).



The above considerations lead to the general finding that the effect of the driving cycle on the behavior of the control logics is very weak, as confirmed also with a comparison of the trends of hydrogen consumption and the FC and system efficiencies predicted with the VED and ARTEMIS driving cycles. The direct comparison of Table 3 (VED) and Table 4 (ARTEMIS) may be misleading because of the different time durations of the cycles. For this reason, in Table 5, the hydrogen consumption and the FC and system efficiencies are reported for the first 0.3 h of the VED driving cycle. It is clear that the different driving cycles do not affect the global trends as the DOH varies. Therefore, it is assumed that by repeating the ARTEMIS driving cycle to cover the same time as the VED, the long-term trends (see Section 4.4) remain the same.




4.4. Fuel Cell Lifetime Prediction and Aging Effect on Vehicle Performance


As discussed in Section 2.2, the lifetime of an FC is a function of several parameters, the most important of which are the start–stop cycles, idle time, load change cycles, and high-power load operation time. Here, we have adopted the approach presented in [30] to estimate the lifetime of the FC under the VED load profile (the longer one among the two considered in this study), and consider the FCM control logic.



Since the driving cycle considered is made up of a series of journeys over a period of one year (a total of 44.24 driving hours), the start–stop cycles were calculated by dividing the number of journeys by the total driving time, and it is the same for all the simulations. The average high-power operation time per hour, t2, was evaluated by summing all the time instants when the FC’s power was greater than or equal to its nominal value and dividing it by the total driving time. The other two quantities were calculated according to their definitions. Table 6 summarizes the load spectrum statistics of the considered driving cycle, while Figure 9 shows the predicted lifetime according to Equation (3).



Due to the combination of the changes in the parameters considered, the FC’s life increases with the DOH for all the control logics tested here. The FCF performs better, with a predicted lifetime ranging from 1815 h for DOH = 0.5 to about 2400 h for DOH = 0.1, then decreasing to about 1720 h for DOH = 0.01. When the DOH varies from 0.1 to 0.01 in FCF (Figure 5c,f), since the battery power reduces, its activation time decreases, as well as its usage. On the contrary, the FC is more stressed, so its life is reduced. However, due to the high hydrogen consumption (see Table 3), this control logic is not suitable for the vehicles considered, as written above.



The worst performance in terms of FC life is that of the FCM logic, which ranges from 800 to 808 h, gaining only 1% as the DOH decreases. Again, this was to be expected, as the FC in this case is highly stressed and operates in a very variable manner. The BTM control logic performance is intermediate between the other two. It is worth noting that the prediction is based on the assumption that the vehicle will always repeat the same journey, and then in real cases, the service life could be different.



To study whether FC degradation has any nonlinear effect on FC lifespan and how it affects the system’s performance, simulations were performed for the FCM control logic and DOH = 0.1 in a time interval ranging between 0 to 12 years by changing the FC polarization curve every three years according to Equation (2). The results are reported in Figure 10 in terms of hydrogen consumption and system efficiency. After 12 years, hydrogen consumption for the whole driving cycle increases from 10.87 kg to about 15.0 kg (38%). Accordingly, the system efficiency decreases from 0.58 to 0.42. Figure 10 also shows that, while in the hydrogen consumption (blue line) there is a small nonlinearity, this is fully negligible in the system efficiency. The load spectra produced in the simulations at 9 and 12 years (not shown here for the sake of brevity) remain identical to that of the first year, even when considering the degradation of the FC. Therefore, in this case, the implementation of the FC performance degradation model into the simulation would improve forecast accuracy.





5. Conclusions


This paper presents an analysis of the performance of a hybrid vehicle that uses hydrogen fuel cells and batteries under real-world driving conditions. The simulations explore different control logics and degrees of hybridization, revealing the impact of control logics on battery and fuel cell behavior. The BTM and FCF logics lead to varying levels of stress on the battery due to frequent activations and recharges. In contrast, the FCM logic demonstrates superior performance by using the battery just to cover load peaks. When examining the system’s overall efficiency and hydrogen consumption for different DOHs, the FCM logic stands out with significantly higher efficiency and lower hydrogen consumption compared to the BTM and FCF logics. The FCF logic prioritizes FC stability, which can lead to suboptimal energy utilization during low-demand periods. The BTM and FCM logics demonstrate similar hydrogen consumption and system efficiency. The FCM logic consumes the least amount of hydrogen for larger DOHs, while the two control logics have similar efficiencies for lower DOHs. As the DOH decreases, both the BTM and FCF logics show more frequent and complete battery recharges, which could potentially improve battery life. In the case of the FCM logic, battery results are rarely used for the analyzed driving cycles with low DOHs. Conversely, in the FCF logic, lower DOH results in increased hydrogen consumption and decreased system efficiency, making it unsuitable for the tested vehicle. Simulations were performed on two different driving cycles, and similar trends were observed, demonstrating that the findings can be considered not sensitive to different operating conditions. In the present case, the solution implementing low DOH values and the FCM control logic shows the best results in terms of hydrogen consumption and overall system efficiency even if the FC’s lifespan is not benefited. Simulation results demonstrate that the lifespan of the fuel cell is minimised when FCM logic is employed. In general, the predicted FC lifespan increases with lower DOH values across all control logics but for the FCF. In this case, when the DOH varies from 0.1 to 0.01, the FC is more stressed because of the reduced battery power, resulting in a lower predicted FC lifespan. As expected, the FCF logic exhibits the best performance in terms of predicted lifetime, emphasizing its designed purpose of ensuring regular operating behavior to extend the fuel cell’s longevity. Simulations were also conducted for the FCM control logic and DOH = 0.1, taking into account the fuel cell (FC) performance degradation. The results indicate a 38% increase in hydrogen consumption after 12 years.



Future works should consider longer and more diverse driving cycles to a obtain wider generality of our results. The estimation of the FC’s durability is based on estimations that are not based on real data as, presently, the statistical data are scarce, and almost no consolidated approach to battery pack derating is present in the open literature. Continuous improvement in the model for computing FC and battery derating is expected in the next years and could be applied to the present formulation. Nevertheless, this work represents a credible and up-to-date analysis of alternative configurations for obtaining the most convenient combination of FC and battery use in urban transportation. The considerations presented can be used as a starting point to develop a multi-objective optimization and smarter EMSs considering the system efficiency, component lifespan, and economic parameters for FCEVs.
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Figure 1. Hybrid electric vehicle powertrain simulated system [26]. Orange, blue, green and grey lines correspond to hydrogen, air, water and electricity circuits, respectively. 
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Figure 2. Velocity profiles in the yearly drive cycles of the selected vehicles extrapolated by (a) VED and (b) corresponding required power. 
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Figure 3. Powers (load, battery, and FC) and SOC of the battery curves for the three control logics: (a) BTM; (b) FCM; (c) FCF. DOH = 0.3 in the VED driving cycle. 
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Figure 4. Powers (load, battery, and FC) and SOC of the battery curves as a function of the control logic: (a) and (d) BTM, (b) and (e) FCM, (c) and (f) FCF; (a–c) DOH = 0.5, (d–f) DOH = 0.3 for VED driving cycle. 
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Figure 5. Powers (load, battery, and FC) and SOC of the battery curves as a function of the control logic: (a) and (d) BTM, (b) and (e) FCM, (c) and (f) FCF; (a–c) DOH = 0.1, (d–f) DOH for VED driving cycle. 
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Figure 6. Powers (load, battery, and FC) and SOC of the battery curves for DOH = 0.5 and FCM control logic. 
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Figure 7. Powers (load, battery, and FC) and SOC of the battery curves as a function of the DOH and of the control logic: (a,e) DOH = 0.5, (b,f) DOH = 0.3, (c,g) DOH = 0.1, (d,h) DOH = 0.01; (a–d) BTM, (e–h) FCF. 
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Figure 8. BTM control logic operating at the first 0.3 h of the VED driving cycle. Powers (load, battery, and FC) and SOC of the battery curves as a function of the DOH: (a) DOH = 0.5, (b) DOH = 0.3, (c) DOH = 0.1, (d) DOH = 0.01. 
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Figure 9. FC lifetime prediction (h). 
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Figure 10. FC aging effect on H2 vehicle consumption for DOH = 0.1, FCM control logic, VED driving cycle. 
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Table 1. PEM fuel cell voltage degradation rate [37].
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	Operating Conditions
	Voltage Degradation Rate





	Start–Stop
	    V 1  = 13.79    μ V  / cycle   



	Idling
	    U 1  = 8.662    μ V  / h   



	Load Change
	    V  2     = 0.4184    μ V  / cycle   



	High Power Load
	    U  2     = 10.00    μ V  / h   










 





Table 2. Sizing of powertrain vehicle system for the four different DOHs. Weights of each component and total vehicle kerb weight are also reported.
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	DOH
	Pfc,max [kW]
	Pbat,max [kW]
	Cbat [Wh]
	Wbat [kg]
	Wfc [kg]
	Wfc,sys [kg]
	Wkerb [kg]





	Pmot
	0.5
	28.13
	28.13
	2812.50
	100.9
	11.43
	103.18
	1550



	50
	0.3
	39.38
	16.88
	1687.50
	60.5
	16.00
	107.75
	1514



	Ptot
	0.1
	50.63
	5.63
	562.50
	20.2
	20.57
	112.32
	1478



	56
	0.01
	55.69
	0.56
	56.25
	2.02
	22.62
	114.38
	1462










 





Table 3. Hydrogen consumption and fuel cell and system efficiencies for different DOH and control logics.
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Hydrogen Consumption (kg)

	
FC Efficiency

	
System Efficiency




	
DOH

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF






	
0.50

	
12.06

	
11.96

	
44.88

	
0.61

	
0.59

	
0.5

	
0.54

	
0.54

	
0.15




	
0.30

	
11.42

	
11.33

	
66.38

	
0.64

	
0.61

	
0.5

	
0.56

	
0.56

	
0.10




	
0.10

	
10.88

	
10.87

	
86.83

	
0.67

	
0.63

	
0.5

	
0.58

	
0.58

	
0.07




	
0.01

	
10.69

	
10.87

	
82.13

	
0.66

	
0.63

	
0.5

	
0.59

	
0.59

	
0.08











 





Table 4. Hydrogen consumption and fuel cell and system efficiencies for different DOH and control logics for ARTEMIS driving cycles.
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Hydrogen Consumption (kg)

	
FC Efficiency

	
System Efficiency




	
DOH

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF






	
0.50

	
0.105

	
0.156

	
0.191

	
0.557

	
0.569

	
0.503

	
0.605

	
0.530

	
0.370




	
0.30

	
0.125

	
0.148

	
0.344

	
0.580

	
0.590

	
0.504

	
0.581

	
0.553

	
0.227




	
0.10

	
0.135

	
0.141

	
0.482

	
0.607

	
0.605

	
0.504

	
0.576

	
0.568

	
0.164




	
0.01

	
0.139

	
0.139

	
0.668

	
0.620

	
0.610

	
0.504

	
0.575

	
0.574

	
0.120











 





Table 5. Hydrogen consumption and fuel cell and system efficiencies for different DOH and control logics for the first 0.3 h of the VED driving cycles.
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Hydrogen Consumption (kg)

	
FC Efficiency

	
System Efficiency




	
DOH

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF






	
0.50

	
0.025

	
0.075

	
0.109

	
0.610

	
0.595

	
0.504

	
0.748

	
0.561

	
0.299




	
0.30

	
0.046

	
0.071

	
0.295

	
0.638

	
0.613

	
0.504

	
0.660

	
0.581

	
0.132




	
0.10

	
0.060

	
0.068

	
0.330

	
0.672

	
0.628

	
0.504

	
0.620

	
0.595

	
0.120




	
0.01

	
0.066

	
0.067

	
0.515

	
0.656

	
0.632

	
0.504

	
0.604

	
0.600

	
0.079











 





Table 6. Load spectrum statistics.






Table 6. Load spectrum statistics.





	

	
n1: Start–Stop Cycles (1/h)

	
t1: Idle Time (min/h)

	
n2: Load Change Cycles (1/h)

	
t2: Average High-Power Operation Time (min/h)




	
DOH

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF

	
BTM

	
FCM

	
FCF






	
0.50

	
5.79

	
8.91

	
14.67

	
10.04

	
379.66

	
454.05

	
4.27

	
0.84

	
1.01

	
1.08




	
0.30

	
7.66

	
15.07

	
7.32

	
404.53

	
460.22

	
4.09

	
0.16

	
0.17

	
0.27




	
0.10

	
3.00

	
15.07

	
6.09

	
449.76

	
460.13

	
3.05

	
0.00

	
0.00

	
0.02




	
0.01

	
2.01

	
15.07

	
12.02

	
458.91

	
460.13

	
5.02

	
0.00

	
0.00

	
0.00
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