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Abstract

:

Hybrid and electric vehicle batteries deteriorate from use due to irreversible internal chemical and mechanical changes, resulting in decreased capacity and efficiency of the energy storage system. This article investigates the modeling and control of a lithium-ion battery and ultracapacitor hybrid energy storage system for an electric vehicle for improved battery lifespan and energy consumption. By developing a control-oriented aging model for the energy storage components and integrating the aging models into an energy management system, the trade-off between battery degradation and energy consumption can be minimized. This article produces an optimal aging-aware energy management strategy that controls both battery and ultracapacitor aging and compares these results to strategies that control only battery aging, strategies that control battery aging factors but not aging itself, and non-optimal benchmark strategies. A case study on an electric bus with variously-sized hybrid energy storage systems shows that a strategy designed to control battery aging, ultracapacitor aging, and energy losses simultaneously can achieve a 28.2% increase to battery lifespan while requiring only a 7.0% decrease in fuel economy.
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1. Introduction


Due to their low operating speeds and frequent stopping and starting, buses are a prime candidate for hybridization or electrification in the goal of reducing transportation sector emissions. The stop-and-go behavior, in particular, means that regenerative braking can recover a large portion of expended power. However, for handling bus loads and ranges, the lithium ion batteries needed for electric vehicles (EVs) and hybrid-electric vehicles (HEVs) can be prohibitively expensive and heavy [1]. Additionally, the large current spikes from acceleration and deceleration can degrade the battery, reducing range, increasing energy consumption [2,3], and, in general, adding new operational costs to such vehicles.



One possible solution to this is to use a Hybrid Energy Storage System (HESS)—a combination of lithium ion energy storage with an ultracapacitor (UC) sized to handle large charge and discharge currents—in place of standard battery energy storage. In general, lithium ion batteries have a high energy density but low power density: they can store a large amount of charge, but cannot access it quickly without degrading. Specifically, large currents to and from the battery cause its capacity to fade and internal resistance to grow. High temperatures and deep discharges also contribute to battery aging. On the contrary, ultracapacitors have a low energy density and high power density [4]. A HESS, then, allows one to obtain the efficient storage of lithium batteries while allowing an ultracapacitor to handle the large currents [4,5]. The aging of UCs does not depend on current magnitude or discharge depth, rather on time, temperature, and cell voltage [6,7,8]; therefore, there is not necessarily a tradeoff between battery aging and UC aging in HESSs.



Current research on HESSs considers HEV, EV, and fuel cell vehicle applications. The bulk of the literature, for instance [9,10,11,12,13,14], is concerned with the optimal sizing of the HESS so as to maximize the cost-effectiveness of such a system. However, battery aging is often not considered directly in this optimization; instead, battery aging factors such as high temperatures and currents are minimized, rather than battery aging directly, and the benefits to overall aging are only assumed [14]. Some related works that does directly address aging are described here. In reference [15], for instance, an optimal control policy is developed to control UC behavior. This policy demonstrated clear aging improvements over an uncontrolled system using passive energy management. Reference [16] used multi-objective optimization while directly incorporating an aging model and using a rule-based control system to govern energy management for a study on HESS sizing in EVs. Reference [17], likewise, carried out a parametric study on battery degradation versus UC size in EVs, using a control system based on fuzzy logic. Reference [18] considered a HESS that used lead-acid batteries rather than lithium ion, and developed an HEV energy management strategy that tuned for battery life extension. Notably, they found that, for the HESS to be cost-effective, a 50% increase in battery cycle life was required. Reference [19] compared the aging benefits of an optimally-sized HESS to the theoretical maximum benefits—battery aging reductions with an infinitely large HESS. These benefits were experimentally verified, with the developed approach decreasing battery power fade and temperature rise in lithium-ion batteries on a vehicle load profile. Most notably, references [20,21,22] demonstrate an optimal control strategy to directly minimize battery aging in a HESS for a plug-in HEV.



However, the literature is lacking in direct aging control for EVs, in the impact of ultracapacitor aging in the HESS, and in methods to assess the economic benefit of the HESS given UC aging. Although studies on direct aging control for HEVs do exist, for instance [2,3,23,24], EVs pose a unique control problem due to the fewer controlled variables and different component sizes. This research fills these gaps in knowledge: new energy management strategies to control battery aging and to jointly control battery aging, ultracapacitor aging, and energy losses are developed and compared to existing methods. Then, the cost/benefit analysis of a HESS that considers ultracapacitor aging is performed, and the drawbacks of overusing the ultracapacitor are discussed.



This paper begins by developing the aging models for an electric vehicle hybrid energy storage system, with an aside showing why there must necessarily be a trade-off between battery aging and energy consumption for this vehicle configuration. Next, energy management systems (EMS) for aging control are developed, including Deterministic Dynamic Programming (DDP), Stochastic Dynamic Programming (SDP), and Load-Leveling (LL). The vehicle model and aging-aware controllers are then applied to a case study of an electric bus with a HESS, simulated for the lifespan of the battery. Finally, these simulation results are analyzed, and conclusions are drawn regarding the benefits of optimal control and aging-aware control for vehicle energy management.




2. Modeling


This section develops a model for an electric vehicle with a hybrid energy storage system. Specifically, the model is of a HESS-equipped electric bus using lithium-ion batteries for energy storage and ultracapacitor modules for handling large currents, as depicted in Figure 1 and Figure 2. The first subsection presents the overall vehicle model, including vehicle dynamics, motor efficiencies, battery dynamics, and so on. The next two subsections deal with the battery aging and ultracapacitor aging models. The final subsection discusses why, based on the provided models, aging control can have a negative impact on fuel economy.



2.1. Vehicle Modeling


2.1.1. Vehicle Dynamics


For this study, a backwards-facing quasi-static vehicle model [25] is used to represent the vehicle dynamics. In this model, it is assumed that the driver accurately follows the velocity of a given drive cycle, eliminating the need for a driver model and allowing the time-history of the electrical power demand to be calculated in advance.



This research uses a backwards-facing quasi-static vehicle model [25] to simulate the vehicle dynamics. This method assumes that the model accurately follows a specified velocity profile, which allows for calculating the acceleration and, therefore, the electrical power request can be computed in advance, eliminating the need for a driver model.



The vehicle body is affected by inertial forces, aerodynamic drag, and rolling resistance, while gravitational forces (such as those due to driving on inclines) are neglected. The drag force is given by


   F  d r a g   =  1 2  ρ  A f   C D    (  v v  )  2   



(1)




where  ρ ,   A f  ,   C D  , and   v v   are the air density, frontal area, drag coefficient, and vehicle velocity, respectively. Rolling resistance is given by


   F  r o l l   =  M v  g  C R   



(2)




where   M v  , g, and   C R   are the vehicle’s total mass (including components such as the engine and generator), acceleration due to gravity, and rolling resistance coefficient. In a backwards-facing model, the acceleration and the vehicle mass determine the inertial force on the vehicle as


   F  i n e r t i a l   =  M  e q     d  v v    d t   .  



(3)




  M  e q    is the combined bus mass and equivalent mass due to the rotational inertia of the motor and wheels


   M  e q   =  M v  + 4  J w     1  R w    2  +  J m       N  f d    N  g b     R w    2  ,  



(4)




where   J w  ,   R w  ,   J m  ,   N  f d   , and   N  g b    are the rotational inertia of a single wheel, the wheel radius, the rotational inertia of the motor, the final drive ratio, and the gearbox ratio for a single-speed gearbox, respectively. The acceleration term in (3) is approximated from a given velocity profile according to


    d  v v    d t    ( t )  ≈    v v   ( t + Δ t )  −  v v   ( t − Δ t )    2 Δ t   .  



(5)







These three forces sum together to give the tractive force on the bus.


   F  t r a c t i o n   =  F  i n e r t i a l   +  F  d r a g   +  F  r o l l    



(6)







Parameter values for the vehicle model can be found in Table 1. The bus is assumed to be fully loaded and at its maximum allowable weight. The bus’s physical parameters are based on the existing literature on bus simulation [26,27,28].




2.1.2. Transmission


Next, the vehicle velocity and tractive force are equated to motor torque and angular velocity. The motor torque is given by


   τ m  =         R w    N  f d    N  g b      F  t r a c t i o n    /  η  t r a n s   ,      F  t r a c t i o n   ≥ 0          R w    N  f d    N  g b      F  t r a c t i o n    ·  η  t r a n s   ,      F  t r a c t i o n   < 0       



(7)




  η  t r a n s    is the transmission efficiency, represented as torque losses. The motor speed is then given by


   ω m  =    N  f d    N  g b     R w    v v   



(8)







The mechanical power   P  m e c h    needed to drive the vehicle is expressed in terms of the above torque and angular velocity.


   P  m e c h   =  τ m  ·  ω m   



(9)







In this formulation,   P  m e c h    is positive during acceleration. Parameter values for the transmission can be found in Table 1.




2.1.3. Motor and Power Electronics


The motor torque and angular velocity are used to find the motor efficiency   η  m o t o r   , which is constrained to   0 <  η  m o t o r   < 1  . The motor efficiency is determined from a static efficiency map from the National Renewable Energy Laboratory’s Advanced Vehicle Simulator (ADVISOR) data library [29]. This efficiency includes both the motor itself as well as the associated power electronics. The bus model in this research uses a 250 kW AC induction motor.



Once the motor efficiency is found, it can be used to evaluate the driver’s electrical power request,   P  r e q   .


   P  r e q   =       P  m e c h   /  η  m o t o r        τ m  ≥ 0        P  m e c h   ·  η  m o t o r        τ m  < 0       



(10)







The electrical power request is met with power from the battery   P  b a t t    and ultracapacitor   P  u c   . Given that this is a backwards-facing simulation, the power request must always be met.


   P  r e q   =  P  b a t t   +  P  u c    



(11)







In later sections, the ultracapacitor power is developed as the energy management system’s controlled variable. Then,   P  b a t t    is dependent on   P  r e q    and   P  u c   , and Equation (11) is rewritten as


   P  b a t t   =  P  r e q   −  P  u c    



(12)








2.1.4. Battery


The EV’s lithium-ion battery cells are modeled with the simple equivalent circuit shown in Figure 3, where   V  c e l l    is the single-cell open-circuit voltage (OCV) and   R  c e l l    is the single-cell equivalent series resistance [4]. The individual cells are then combined into a larger battery pack. Only one state variable is required for this model, the state of charge (SOC). The OCV and internal resistance are variable parameters dependent on SOC. The formulas for these parameters are given in [30], which develops a lithium-iron-phosphate battery from experimental data.



The battery pack equivalent resistance   R  e q    is given by


   R  e q   =  R  c e l l   ·   N  s e r    N  p a r     



(13)




where   N  s e r    and   N  p a r    are the number of cells in series and in parallel, respectively. The battery pack OCV is likewise given by


   V  o c v   =  N  s e r   ·  V  c e l l    



(14)







The battery pack’s terminal voltage is found from the OCV and battery power   P  b a t t    using the equivalent circuit in Figure 3.


   I  b a t t   =  P  b a t t   /  V T   



(15)






   V T  =  V  o c v   −  I  b a t t   ·  R  e q    



(16)







Then, substituting the current equation into the voltage equation and solving yields


   V T 2  =  V  o c v   ·  V T  −  P  b a t t   ·  R  e q    



(17)






   V T  = 1 / 2   V  o c v   +    V  o c v  2  − 4 ·  P  b a t t   ·  R  e q       



(18)







Substituting   V T   into Equation (15) allows the battery current to be found explicitly. Then, integrating the battery current yields the state of charge.


  S O C  ( k + 1 )  = S O C  ( k )  + Δ t ·   I  b a t t    Q  b a t t    ,  



(19)




where   Q  b a t t    is the battery pack’s charge capacity in coulombs and   Δ t   is the integration time step.



The battery model parameters are given in Table 2. The number of cells in series ensures that the battery pack, the OCV, is in line with the requirements of [31]. The number of parallel cells was chosen so that the bus can meet the power requirements in [31,32] to drive continuously on an urban bus velocity profile for four hours. Note that Table 2 only gives the nominal values for   R  c e l l    and   V  c e l l   —in reality, these parameters vary with SOC and other operating conditions [30].




2.1.5. Ultracapacitor


The ultracapacitor modules are modeled as the first-order equivalent circuit shown in Figure 4. The model itself is based on the 100F ultracapacitor model derived in [33]. Ultracapacitor model parameters are given in Table 3. The ultracapacitor pack, similar to the battery pack, consists of ultracapacitors arranged in   N  p c    modules in a parallel set and   N  s c    sets in series. The number of modules is variable so that the effectiveness and cost-benefit of the HESS can be considered across a range of designs.



The UC pack is connected to the DC bus through a converter, as shown in Figure 1. The converter allows the UC pack to operate independently of the DC bus voltage. The ultracapacitor pack power is indicated by   P  u c   , where   P  u c    is positive while discharging and negative while charging. Then, each individual module has power   P  u c , m o d u l e    given by


   P  u c , m o d u l e   =   P  u c     N  p c    N  s c      



(20)







For capacitor charge   q  u c    at some given power   P  u c , m o d u l e   , the current and terminal voltage   I  u c    and   V  T , u c    are found similarly to Equations (15)–(18).


   I  u c   =  P  u c , m o d u l e   /  V  T , u c    



(21)






   V  T , u c   =  q  u c   /  C  u c   −  I  u c    R  u c    



(22)







Substituting Equation (21) into Equation (22) and solving yields


   V  T , u c  2  =  q  u c   /  C  u c   ·  V  T , u c   −  P  u c , m o d u l e    R  u c    



(23)






   V  T , u c   =  1 2     q  u c    C  u c    +     q  u c    C  u c    − 4  P  u c , m o d u l e    R  u c       



(24)




  V  T , u c    can then be substituted back into Equation (21) to obtain the ultracapacitor current. Then, the state equation for the capacitor is


    q ˙   u c   =  I  u c   −   q  u c     R  u c    C  u c      



(25)







Then, for the complete ultracapacitor pack,


   I  u c , p a c k   =  I  u c   ·  N  p c    



(26)






   V  T , u c , p a c k   =  V  T , u c   ·  N  s c    



(27)






   R  u c , p a c k   =  R  u c   ·   N  s c    N  p c     



(28)




where   I  u c , p a c k    is the total current going to or from the UC pack,   V  T , u c    is the terminal voltage of the overall UC pack, and   R  u c , p a c k    is the equivalent series resistance of the entire pack.





2.2. Battery Aging Model


This research uses the cycle-life aging model presented in Reference [34], and develops it here into an aging model that can be used in dynamic control of the energy storage systems. Reference [34] models the cycle life of a battery as a function of depth of discharge   D o D  , charging current   I c  , discharging current   I d  , and temperature T.


  C L = g ( D o D ,  I c  ,  I d  , T )  



(29)







This model starts as a simple curve fit of cycle life to depth-of-discharge at a reference point of    I c  = 1   C  ,    I d  = 1   C  ,   T = 25   °C. This baseline cycle life is denoted as   C  L  D o D    . Then,


  C  L  D o D   =  a 1   e   a 2  · D o D   +  a 3   e   a 4  · D o D    



(30)




where the   a i   terms are curve fit parameters. The cycle life is then obtained by modifying   C  L  D o D     based on the actual operating   I c  ,   I d  , and T.


  C L = C  L  D o D   ·  A  I d   ·  A  I c   ·  A T   



(31)




where


   A  I d   =    a 5   e   a 6  ·  I d    +  a 7   e   a 8  ·  I d       a 5   e  a 6   +  a 7   e  a 8      



(32)






   A  I c   =    a 9   e   a 10  ·  I c    +  a 11   e   a 12  ·  I c       a 9   e  a 10   +  a 11   e  a 12      



(33)






   A T  =    a 13   T 3  +  a 14   T 2  +  a 15  T +  a 16     25 3   a 13  +  25 2   a 14  + 25  a 15  +  a 16     



(34)




where the   a i   terms are, again, curve fit parameters. The   a 5  –  a 8   parameters are found from a curve fit of cycle life to varying   I d   for    I c  = 1   C  ,   T =  25 ∘   , and   D o D = 100 %  . The   a 9  –  a 12   parameters are found from a curve fit of cycle life to varying   I c   for    I d  = 1   C  ,   T =  25 ∘   , and   D o D = 100 %  . The   a 13  –  a 16   parameters are found from a curve fit of cycle life to varying T for    I d  = 1   C  ,    I c  = 1   C  , and   D o D = 100 %  .



The cycle life model in [34] assumes uniform charge and discharge cycles over the life of the battery. The Palmgren–Miner (PM) rule can be used, then, to handle the non-uniform cycles of vehicle operation. This method, originally developed for analyzing material fatigue life, has been shown to effectively approximate the battery health over non-uniform charge and discharge cycles [35,36,37]. Under the assumptions of this method, each charge and discharge cycle damages the battery an amount equal to the inverse of the cycle life at that cycle’s operating conditions. In other words, if we assume a cycle k with depth of discharge   D o  D k   , charge current magnitude   I  c , k   , discharge current magnitude   I  d , k   , and temperature   T k  , then the cycle life for these operating conditions is   C  L k   . Under the PM rule, this cycle damages the battery an amount   D k   given by


   D k  = 1 / C  L k   



(35)







Damage accumulates linearly for each charge and discharge cycle. Therefore, the damage from each individual cycle can be summed to find the total damage. The total damage   D  t o t    through the k-th cycle is therefore


   D  t o t    ( k )  =  ∑  i = 1  k   D i   



(36)




where each   D i   represents the damage from a single cycle with operating conditions   D o  D i   ,   I  c , i   ,   I  d , i   , and   T i  . In this way, the damage of individual cycles with unique operating conditions is summed to obtain a total measure of battery health. Zero total damage indicates that the battery is at its beginning of life, while total damage of one indicates the battery’s end of life. Battery end-of-life corresponds to a 20% capacity fade, therefore the capacity fade   C F   can be put in terms of the damage as


  C F  ( k )  = 0.2 ·  D  t o t    ( k )   



(37)







The above method requires full knowledge of the charge and discharge time histories, which is not practical for use in energy management; the EMS must act at a much faster rate than the pace at which these cycles develop. It is possible, however, that the EMS could determine how a control decision might cause the damage from the current cycle to lessen or grow. For instance, imagine a battery operating at conditions of   D o  D j   ,    I  c , j    ,    I  d , j    ,   T j  . Then, let the energy management system make some decision that produces new operating conditions of   D o  D k   ,   I  c , k   ,   I  d , k   ,   T k  . Using Equations (29) and (35), the change in damage   Δ D   due to the EMS’s decision can be computed as


  Δ D =  D k  −  D j  =  1  g ( D o  D k  ,  I  c , k   ,  I  d , k   ,  T k  )   −  1  g ( D o  D j  ,  I  c , j   ,  I  d , j   ,  T j  )    



(38)







Then, an energy management strategy could incorporate Equation (38) for a measure of potential battery damage. In this way, the strategy would try to minimize the damage from the control decision made at each time step. Note that, when controlling aging in this manner, the EMS can only be aware of the   D o D   up until the current point in time and can only assess damage relative to the current   D o D  , while the “true” aging depends on the size of the completed cycle. Despite this discrepancy, this method still proves an effective way to control battery aging, as will be shown in later sections.



The resistance growth model in Reference [34] can be treated in an identical manner to Equations (29)–(38). The capacity fade and resistance growth models both use rainflow counting, as in [38], to determine the aging from the irregular cycling operations experienced while a vehicle is in operation. For simplicity, it is assumed that the battery operates at a constant internal temperature of 35 °C.




2.3. Ultracapacitor Aging


A novel aspect of this research is that ultracapacitor aging is considered in addition to battery aging. Reference [6] provides the following model for ultracapacitor aging. This model is based on Eyring’s Law, a chemical rate equation which gives an ultracapacitor lifespan based on the operating voltage and internal temperature where aging increases exponentially as the voltage and temperature increase. Then, the aging rate at an instance in time is based on the inverse of the lifespan at the given operating conditions. In this model,   S o A   is the state of aging that characterizes both capacitance fade and resistance growth, where a   S o A   of 0 indicates start-of-life and of 1 indicates end-of-life.


    d S o A   d t   =  1  T  l i f e   r e f    · exp  ln  ( 2 )     θ c  −  θ c  r e f     θ 0    ·  exp  ln  ( 2 )    V −  V  r e f     V 0    + K   



(39)




where   θ c   and V are the UC temperature and voltage, respectively, and the remaining variables (  T  l i f e   r e f   ,   θ c  r e f   ,   θ 0  ,   V  r e f   ,   V 0  , and K) are parameters fitted to experimental data. Then, from [6], the instantaneous capacitance   C  u c    and internal resistance   R  u c    are given by


   C  u c   =  C  u c , 0   ×  ( 0.95 − 0.15 · S o A )   



(40)






   R  u c   =  R  u c , 0   ×   ( 1 − 0.3 · S o A )   − 1    



(41)




where   C  u c , 0    and   R  u c , 0    are the initial values of   C  u c    and   R  u c   .



This model can be used in control without modification. The standard end-of-life conditions for ultracapacitors are defined similarly to batteries: when the UC capacitance has faded by 20% [6]. It is assumed that the ultracapacitor operates at a constant internal temperature of 55 °C, estimated from the operating conditions found in [39].




2.4. Aging and Fuel Economy Trade-Off


This paper analyzes the trade-off between battery aging and energy consumption in an electric vehicle with a HESS. This section briefly touches on why there must necessarily be a trade-off.



Consider the two paths in which power can flow through the HESS, shown in Figure 5. Consider the first case, where power flows primarily or entirely along the upper path, directly between the battery and the electric motor. In this case, the ultracapacitor is used marginally or not at all, meaning there is little to no change in either energy consumption or battery aging compared to a conventional EV that does not include an ultracapacitor. Next, consider a case where power flows primarily on the lower path, such that the ultracapacitor is heavily used and acts as a buffer between the battery and the electric motor. On one hand, the power flowing to or from the battery can be controlled to reduce aging factors such as large currents. On the other hand, the ultracapacitor introduces new resistances to the energy storage system as well as converter inefficiencies, resulting in increased losses. Therefore, any use of the ultracapacitor to reduce battery aging necessarily incurs new energy losses from the internal resistance of the ultracapacitor. In short, battery lifespan cannot be extended without an increase in energy consumption.





3. Control


In order to fully investigate the benefits of aging-aware control, seven different types of energy management systems are considered:




	
DDP with Battery Aging Penalty, denoted DDP-B;



	
DDP with Energy Loss Penalty and Battery and Capacitor Aging Penalties, denoted DDP-EC;



	
DDP with Battery Power Penalty, denoted DDP-P;



	
SDP with Battery Aging Penalty, denoted SDP-B;



	
SDP with Energy Loss Penalty and Battery and Capacitor Aging Penalties, denoted SDP-EC;



	
SDP with Battery Power Penalty, denoted SDP-P;



	
Load Leveling, denoted LL.








3.1. Dynamic Programming


The first six strategies use DP to generate an optimal controller, with the first set of three using DDP and the second set of three using SDP. The development of DP for HEV energy management has been covered by a variety of literature, such as [40,41,42,43]. For both DDP and SDP, the optimization problem considers a discrete-time dynamic system


  x ( k + 1 ) = f ( x ( k ) , u ( k ) , w ( k ) )  



(42)




where   x ( k )   is the state vector at time k,   u ( k )   is the control vector, and   w ( k )   is a vector of any inputs or disturbances. x, u, and w are assumed to exist in finite ranges   x ∈ X  ,   u ∈ U  , and   w ∈ W  .



DDP uses exact knowledge of the driver behavior, including knowledge of future behavior, to minimize a given cost function over the complete driving trajectory.


  J =  ∑  k = 0  N  L  ( x  ( k )  , u  ( k )  , w  ( k )  )   



(43)




where   L ( x , u , w )   is an instantaneous cost function, and x, u, and w are the state variables, controlled variables, and system inputs, respectively. Equation (43) is minimized by solving a recursive cost-to-go function


     V ( x , N )     =  min  u ∈ U    L ( x , u , w ( N ) )      



(44)






     V ( x , k )     =  min  u ∈ U    L ( x , u , w ( k ) ) + V ( f ( x , u , w ( k ) ) , k + 1 )            for  k = N − 1 ,  … ,  0     



(45)




starting at   k = N   and working backward through time to   k = 0  . The key point of the DDP method is that, at each optimization step, the entire cost from the current time k to the final time N is minimized, not just the instantaneous cost.   V ( x , k )   is evaluated for each   x ∈ X  , so that   V ( f ( x , u , w ( k ) ) , k + 1 )   can be interpolated from the prior update. The optimal control is found by a direct search of   u ∈ U  . Then, the optimal control   u *   is given by


      u *   ( x , k )      = arg  min  u ∈ U   { L  ( x , u , w  ( k )  )  +             V ( f ( x , u , w ( k ) ) , k + 1 ) }     



(46)







Meanwhile, SDP uses a stochastic model of driver behavior to anticipate the future driver power or torque requests and minimize the expected value of a given cost function


  J = E   ∑  k = 0  N   γ k  L  ( x  ( k )  , u  ( k )  , w  ( k )  )    



(47)




where the function   E [ ⋯ ]   denotes an expected value, and  γ  is a discount factor   0 < γ < 1   that allows the cost function to converge as   k → ∞  . Equation (47) is again minimized with a recursive cost-to-go function


     V ( x , w , N )     =  min  u ∈ U    L ( x , u , w )      



(48)






     V ( x , w , k )     =  min  u ∈ U    L  ( x , u , w )  + γ · E  V ( f ( x , u , w ) , w , k + 1 )             for  k = N − 1 ,  … ,  0     



(49)




where, this time, the expected future costs are considered, rather than the exact future costs.



The SDP problem can be treated as a finite horizon problem, where N is a fixed number of updates. Alternatively, it can be treated as an infinite horizon problem, where N is arbitrarily large and the updates to the cost-to-go function are carried out until the control policy converges, in other words


  V ( x , w , k ) = V ( x , w , k + 1 )  ∀  x ∈ X and u ∈ U .  



(50)







As noted earlier, a value of   0 < γ < 1   ensures convergence of the number as   N → ∞   [44]. Then, the optimal control   u *   is given by


   u *   ( x , w )  = arg  min  u ∈ U    L  ( x , u , w )  + γ · E  V ( f ( x , u , w ) , w , 1 )   .  



(51)







That is, the control optimizes the final update of the cost-to-go function. Although the SDP problem is solved backwards in time like the DDP problem, the resulting control policy is both time-invariant and causal. This is because the SDP problem does not require future knowledge of w; instead, it relies on the time-invariant stochastic model.



For this research, the state variables are the ultracapacitor state of charge   S O  C c    and the battery depth of discharge for the current cycle   D o D  . The controlled variable is the power allotted to ultracapacitor   P  u c   . The driver power request   P  r e q    is an input to the controller. For DDP, it is a precisely known function of time, while, for SDP, the future power request is estimated from the current driver power request and the current vehicle wheel speed   ω  w h   , based on a stochastic model as described in [40].



It should be noted that, in general, dynamic programming control strategies are considered too computationally expensive to run in real time on a vehicle [5]. Instead, the control policy must be computed off-line and be implemented on the vehicle using a lookup table. This approach requires quantizing the variables into discrete grids of points; linear interpolation can then be used to find the optimal control at any given operating point. The implementation of such lookups tables has been shown to operate well in real time [45].



The three strategies employed by DDP and SDP in this research have a component of their respective instantaneous cost functions   L ( x , u , w )   to penalize battery aging and a component to penalize deviation of the UC SOC from a target value   S O  C  c , t g t   = 60 %  . The SOC deviation penalty serves two purposes: first, it helps to maintain the UC’s readiness to handle large currents. If the UC is near its maximum charge, it may be unable to accept a large charging power request, and if the UC is near its minimum, it will be unable to accept a large discharging power request, both of which can strain the battery. Keeping the charge near a central value combats this problem. Second, by varying the penalty on the deviation from the target value, the extent to which the ultracapacitor is used for aging control can be tuned, allowing for a better comparison of lifespan improvements between simulation cases. The manner in which the instantaneous cost functions penalize aging varies, as described below.



The first strategy, employed by DDP-B and SDP-B, directly penalizes battery aging according to


  L  ( x , u , w )  =   ( S O  C c  − S O  C  c , t g t   )  2  +  Q  1 , Δ D   · Δ D  



(52)




where   Δ D   is the damage to the battery as a result of a given control decision, as given in Equation (38), and   Q  1 , Δ D    is a tuned weighting parameter. This strategy is denoted as DP-B when referring to the DDP-B and SDP-B types together.



The second, used for DDP-EC and SDP-EC, penalizes a combination of battery aging, ultracapacitor aging rate, and electrical energy losses according to


  L  ( x , u , w )  =  Q  2 , S O C     ( S O  C c  − S O  C  c , t g t   )  2  +  Q  2 , Δ D   · Δ D +  Q  2 , S O A   ·   d S o A   d t   +  Q  2 , l o s s    E  l o s s    



(53)




where   E  l o s s    is the energy losses from the battery and ultracapacitor, obtained from


   E  l o s s   =  R  e q    I  b a t t  2  +  R  u c , p a c k    I  u c , p a c k  2   



(54)




where   R  e q    is the battery pack series resistance,   I  b a t t    is the current through the battery,   R  u c , p a c k    is the ultracapacitor pack series resistance, and   I  u c , p a c k    is the current through the ultracapacitor pack, per the models presented in Section 2.1. Returning to Equation (53), the   Q  2 , i    terms are weighting parameters for their respective elements in the cost function. The three weighting parameters   Q  2 , Δ D   ,   Q  2 , S O A   , and   Q  2 , l o s s    are set according to industrial average prices for lithium-ion batteries, ultracapacitors, and energy from the electrical grid [46,47], such that the battery aging, ultracapacitor aging, and energy loss terms are all equally weighted based on their real-world values. Then, the remaining term   Q  2 , S O C    is used to tune the strategy. This strategy is denoted as DP-EC when referring to the DDP-EC and SDP-EC types together.



The third and final strategy does not directly penalize aging but rather penalizes large power going to or from the battery


  L  ( x , u , w )  =   ( S O  C c  − S O  C  c , t g t   )  2  +  Q  3 , P   ·  P  B a t t  2   



(55)




where   Q  3 , P    is a tuned weighting parameter and   P  b a t t    is the power going to or from the battery, per Equation (12). In this way, we limit battery damage using only simple knowledge of how the battery ages—that large currents to and from the battery degrade it. Thus, we can distinguish the benefits of direct aging control in the DDP,-B, SDP-B, DDP-EC, and SDP-EC strategies from the benefits of DP control generally. This strategy is denoted as DP-P when referring to the DDP-P and SDP-P types together.



In this research, DDP is used to obtain the global-optimal control strategy for a given cost function and represents the best-case scenario for a controller type. SDP, on the other hand, represents a causal, implementable controller and offers a more realistic understanding of the capabilities of a given cost function design. Because it is causal, it is also a better comparison to the Load Leveling controller. It should be noted that it is possible to adapt the results of DDP optimization into a causal rule base; however, this method is not used in this research.




3.2. Load-Leveling


The final strategy considered is a simple method called “Load-Leveling”. In this method, the battery is assigned a maximum allowable current for charging and discharging,   I  b , m a x   , which corresponds to minimum and maximum battery powers   P  b , m i n    and   P  b , m a x   .   P  b , m i n    provides the limit on power going into the battery while charging (negative values of   P  b a t t   ) and   P  b , m a x    provide the limit on discharging. Any power request from the driver that exceeds the allowable amount is handled by the ultracapacitor.


   P  u c   =       P  r e q   −  P  b , m a x   ,      P  r e q   >  P  b , m a x          P  r e q   −  P  b , m i n   ,      P  r e q   <  P  b , m i n          P  r e s e t   ,    otherwise      



(56)




where   P  r e s e t    is a small amount of power from the battery used to return the ultracapacitor SOC to a target value of   S O  C  c , t g t   = 60 %  .


   P  r e s e t   =      13  kW ,     S O  C c  > S O  C  c , t g t         − 13  kW ,     S O  C c  < S O  C  c , t g t        0   otherwise      



(57)







The 13 kW value corresponds approximately to a 0.1 C battery charge or discharge rate, considered sufficiently low to not majorly affect the battery aging. The particular value of   I  b , m a x    is varied to tune the response of the controller.



This controller serves as a lower bound for EMS performance, as it has neither an aging model nor any form of optimal control.





4. Case Study


The model and developed controllers are, in this section, used for a case-study analysis of aging-aware energy management: simulation is used to determine how the various strategies perform relative to each other.



Each strategy is simulated on the Manhattan Bus Cycle (MBC) drive cycle [48] for an array of different controller tunings.



	
DDP-B and SDP-B had the   Q  1 , Δ D    parameter varied from   10 4   to   10 10  ;



	
DDP-EC and SDP-EC had the   Q  2 , S O C    parameter varied from   10  − 4    to   10 2  ;



	
DDP-P and SDP-P had the   Q  3 , P    parameter varied from   10  − 14    to   10  − 11   ;



	
LL has the   I  b , m a x    parameter varied from 2 C to 0.8 C.






The range of weights is determined by looking at orders of magnitude of the element of the cost functions. For instance, for Equation (55), the    ( S O  C c  − S O  C  c , t g t   )  2   term has an order of magnitude of, at most,   10  − 2   , while the   P  b a t t  2   term can have an order of magnitude of up to   10 10  . Thus, tuning of   Q  3 , P    begins at    Q  3 , P   =  10  − 12     and is varied from that point.



Additionally, a single baseline case that does not use the ultracapacitor is simulated. This corresponds to    Q  1 , Δ D   = 0  ,    Q  2 , S O C   → ∞  ,    Q  3 , P   = 0  , or    P  m a x   → ∞  .



Simulations begin with both the battery and ultracapacitor at the beginning of their life. After each full discharge cycle, the aging of the battery and ultracapacitor are measured, and the capacity, capacitances, and resistances of the HESS are updated. For the purpose of measuring aging, the battery is assumed to recharge at a rate of 0.5 C. Simulations are then repeated until the battery reaches the end of its life, at which point the cycle life, ultracapacitor state-of-aging, and average energy consumption are measured and recorded.



The above is repeated for three HESS designs: a small ultracapacitor unit    N  p c   = 10  , a middle-sized ultracapacitor unit    N  p c   = 40  , and a large ultracapacitor unit    N  p c   = 100  . Both DDP and SDP simulations are performed for the    N  p c   = 100   case, in order to establish that the SDP controllers will closely follow the DDP results. For the    N  p c   = 10   and    N  p c   = 40  , only the causal controllers (SDP-B, SDP-EC, SDP-P, and LL) are simulated.



Energy consumption is measured in equivalent miles per gallon (MPGe), while battery aging is measured in capacity loss per mile. For ease of interpretation, the battery cycle life is converted to an approximate lifespan using an estimate of the average number of miles driven per year,   D  a v g − y e a r    = 34,000 [49].



Finally, the cost-benefit of the HESS is determined. First, the value of the HESS is determined based on the industrial average price per kWh of   $ 300 / kWH   for lithium ion batteries and   $ 15,000 / kWh   ultracapacitors from [46] and on the battery and ultracapacitor size given in Section 2.1. This gives a battery value of    V  b a t t   = $  38,760 and an ultracapacitor value of    V  u c   = $  13,021. Additionally, an average electrical energy price of    V  n r g   = $  0.1065/kWh for the U.S. is obtained from [47]. Costs and benefits are normalized by mile driven for a fair comparison between configurations. Then, the battery cost per mile (BCPM) is determined from the miles driven over the life of the battery, denoted as “battery lifetime miles driven” (BLMD).


  B C P M =   V  b a t t    B L M D    



(58)







The ultracapacitor cost per mile (UCCPM) is similarly determined, this time including a term for the ultracapacitor state of aging at the battery end-of-life (BEOL),   S o  A  B E O L    .


  U C C P M = S o  A  B E O L   ×   V  u c    B L M D    



(59)







Finally, the energy costs per mile (ECPM) are given as


  E C P M =    V  n r g   × G G E   M P G e    



(60)




where GGE is the gasoline gallon equivalent to convert from gallons of gasoline to kWh,   G G E = 33.41   kWh / gal . gasoline   .



Then, the cost or benefit of the HESS can be determined by comparing the result to the nominal case where no UC is present. Letting the subscript   n o m   denote the nominal case and   ( k )   denote any particular simulation, the benefit per mile (BPM) is given by


  B P M  ( k )  =  B C P  M  n o m   − B C P M  ( k )   − U C C P M  ( k )  +  E C P  M  n o m   − E C P M  ( k )    



(61)




where a positive benefit per mile indicates that value is being added to the system, while a negative value indicates that the cost of the UC outweighs the benefit it adds.



Finally, the payback time   T  p a y b a c k    (in years) for the HESS can be estimated from the UC value, average miles driven per year, and the benefit per mile.


   T  p a y b a c k   =  V  u c   ×  1  B P M ( k )   ×  1  D  a v g − y e a r     



(62)







Payback time assumes a positive benefit per mile. If the BPM is zero or negative, then a payback time does not exist.




5. Results


The simulation results are analyzed as follows: first, it is verified that the SDP controllers closely follow the DDP controllers. Next, the impact of aging-aware control on the causal controllers is assessed. Then, the effect of overuse of the ultracapacitor is discussed. Finally, the cost-benefit of the HESS is analyzed and discussed.



5.1. Verification of DP Controllers


First, the DDP and SDP methods are compared for the    N  p c   = 100   case for each of the three DP cost functions, as given in Equations (52)–(55). These simulation results are shown in Figure 6. In the case of the DP methods with an incorporated aging model, the SDP controller closely tracks the global optimal DDP controller. For the cases that use a battery aging model, the lifespan of the SDP-controlled battery is typically within 1% of the DDP result for a given MPGe, while the difference is greater for the controller that only limits battery power, especially near the peak. These results demonstrate that the causal SDP controllers are able to closely match the DDP global optima and indicate that the SDP controllers behave as intended.



The DP results are summarized in Table 4. Note that the value for “Mean Life Difference” is the average difference in lifespan of an SDP controller compared to a DDP controller at any given operating MPGe value between the nominal point and the DDP peak. Again, the key result of these data is that the SDP controllers follow the DDP controllers within   1.7 %  , and within   1.0 %   for the aging-aware control specifically. Comparisons of the different cost functions are discussed next.




5.2. Effect of Aging-Aware Control


Next, all four causal strategies (SDP-B, SDP-EC, SDP-P, and Load Leveling) are compared. The    N  p c   = 10   case is shown in Figure 7, the    N  p c   = 40   case is shown in Figure 8, and the    N  p c   = 100   case is shown in Figure 9.



First, it can be seen that a larger HESS allows for greater improvements to battery lifespan. This is expected—the    N  p c   = 10   UC can only reduce current to or from the battery by approximately 0.5 C, while the largest power request from the driver corresponds to 2.5 C. On the other hand, the    N  p c   = 100   case can handle much larger power requests and can do much more to limit large battery current. However, these additional improvements come with a monetary cost, which is discussed more at the end of this section.



It is found across all three HESS sizing cases that the SDP-EC does the most to improve battery lifespan, offering a peak lifespan of 4.69 years at 10.15 MPGe, 5.16 years at 9.81 MPGe, and 5.72 years at 9.72 MPGe for the    N  p c   = 10  ,    N  p c   = 40  , and    N  p c   = 100   cases, respectively.



The SDP-B offers substantial lifespan improvements as well, however, not to the degree of SDP-EC. SDP-B exceeds the performance of the the two non-SDP strategies but does not improve lifespan as well as the SDP strategies that include direct aging control. Although SDP-P does substantially increase battery lifespan, it does not “understand” the aging mechanics—such as the different effect of charging and discharging currents, or how damage from large currents is multiplied at high   D o D  —resulting in smaller lifespan increases than the strategies that control aging directly. The performances of SDP-EC and SDP-B relative to SDP-P clearly indicate the power of aging-aware energy management.



Not only does SDP-EC offer the best increase in battery lifespan, it offers the best improvements to the overall energy consumption/battery aging trade-off. That is, for all three HESS sizes and for any given rate of energy consumption, the SDP-EC strategy offers the largest improvements to battery lifespan; further increases to lifespan incur the smallest increases to energy consumption. Not only is the peak lifespan improvements for the SDP-EC method higher than SDP-B and SDP-P, it reaches that peak at a lower MPGe than the peaks of the SDP-B and SDP-P curves. The performance of SDP-EC compared to SDP-B indicates the value of controlling ultracapacitor aging and energy losses in addition to battery aging.



The baseline case, Load Leveling, does not perform well: in the    N  p c   = 10   and    N  p c   = 40   cases, it offers virtually no lifespan improvement at all. With the large HESS, although it is able to match the SDP performance at low levels of UC usage, it quickly reaches its peak before dropping off. In this case, Load Leveling offers a peak lifespan of only 4.58 years.



The average change in ultracapacitor state of aging, measured at the end of battery life, is plotted in Figure 10 for    N  p c   = 40   as a representative case. Nominal aging—the aging of an ultracapacitor that is stored at the target SOC and at the temperature given in Section 2.3, and is otherwise unused—is found to be   Δ S o A   per year   = 4.064 %  . At low degrees of UC usage, all three SDP methods are shown to have UC aging near the nominal. However, as UC usage increases, the SDP-B and SDP-P methods are seen to have the UC aging rate grow—SDP-B, in fact, reaches a peak UC aging rate of   4.415 %   at 9.19 MPGe. On the other hand, SDP-EC is shown to have measurably less UC aging at high levels of UC usage. This is expected, as SDP-EC seeks to limit UC aging while SDP-B does not.



The    N  p c   = 10   and    N  p c   = 100   cases are not presented here; however, similar trends in UC aging per controller type are observed.



Taken together, these results indicate a clear benefit to using strategies with predictive power, and that predictive power combined with energy storage aging models incorporated into the control strategy offers the best way to increase battery lifespan. The results of the four causal strategies are summarized in Table 5 for the    N  p c   = 10   case, Table 6 for the    N  p c   = 40   case, and Table 7 for the    N  p c   = 100   case.




5.3. Ultracapacitor Overuse


In Section 2.4, it was established that there is necessarily a trade-off between battery aging and energy consumption when using a HESS to limit battery aging. A consequence of this is seen in every simulated controller, shown in Figure 6, Figure 7, Figure 8 and Figure 9, at the tail end of each curve: as the ultracapacitor is used more and more extensively, energy consumption increases as more energy is lost from the ultracapacitor internal resistance. These losses must be made up for by discharging the battery more deeply—depth of discharge being a key aging factor, per the model presented in Section 2.2. At some point, increases to the   D o D   aging factor outweigh the impact of decreases in the other aging factors, and battery lifespan eventually begins to decrease rather than increase. Thus, in cases where the ultracapacitor is used very heavily, attempts to control battery aging can have the opposite of the intended effect.



The    N  p c   = 100   SDP-P results for energy losses are shown in Figure 11 as a representative example. Energy losses increase with increasing ultracapacitor usage, eventually leading to a decreased lifespan. This behavior emphasized the importance of tuning the energy management strategy properly. With poor tuning, it is possible for the HESS to do more harm than good. Similar trends are seen with the other control methods and other HESS sizes, but are not shown here.




5.4. Cost-Benefit Analysis


The cost–benefit of each simulated point is computed per Equations (58)–(61) and plotted versus MPGe in Figure 12 for the    N  p c   = 10   case, in Figure 13 for the    N  p c   = 40   case, and in Figure 14 for the    N  p c   = 100   case. Positive values indicate that value is added to the system, while negative values indicate a cost.



In general, it is observed that the SDP-EC method offers clear value over the other methods: for any HESS sizing and for any given MPGe, the SDP-EC method offers the highest benefit per mile. In the    N  p c   = 10   case, it was shown to be the only method that offered a positive return on investment. In the    N  p c   = 40   case, the SDP-P and SDP-B methods did offer a positive return: the SDP-EC’s maximum benefit per mile was over 50% greater than SDP-B and over 120% greater than SDP-P. The    N  p c   = 100   case is similar to the    N  p c   = 10   case in terms of relative performance: only the SDP-EC offers notable benefit. Although the SDP-B does offer a small positive return for some tunings, the maximum benefit of the SDP-B method is less than a quarter of the maximum benefit of the SDP-EC method.



Another takeaway from Figure 12 is that the peak economic benefit occurs at a higher MPGe (lower ultracapacitor utilization) than the peak lifespan increase. This makes intuitive sense: lifespan improvements level off near the peak while energy consumption continues to grow. Therefore, near the lifespan peak, the marginal improvement battery-cost-per-mile is less than the marginal decrease in fuel economy. For the    N  p c   = 100   SDP-EC method, there is not much difference between the peak lifespan increase (occurring at 9.71 MPGe) and the peak benefit (occurring at 9.80 MPGe); however, for a smaller HESS or for weaker strategies, the difference can be substantial: in the    N  p c   = 100   case, the SDP-B peak lifespan increase is at 9.51 MPGe, which is effectively break-even in terms of value, while the peak benefit occurs at 9.75 MPGe. SDP-P has its peak benefit at 10.06 MPGe and peak lifespan at 9.32 MPGe; looking at the the SDP-EC method in the    N  p c   = 10   case, the benefit at the peak lifespan increase is approximately half of the maximum possible benefit. Clearly, the economic factors should be considered when deciding on the controller tuning.



Finally, the estimated payback time is computed for the maximum benefit of the SDP-EC method for all three cases using Equation (62). It is found that, for the given UC, battery, and energy costs, the small HESS (   N  p c   = 10  ) has a payback time of 11.3 years, the mid-sized HESS (   N  p c   = 10  ) has a payback time of 15.6 years, and the large HESS (   N  p c   = 100  ) has a payback time of 21.6 years.



In order to observe the full trend of the payback period for different ultracapacitor sizes, additional simulations are run for   N  p c    equal to 2, 5, and all increments of 10 between 10 and 100. The optimal EMS and optimal   Q  2 , S O C    are recomputed and the vehicle is simulated again for the new EMS and new UC size. The payback time and battery lifespan at the most cost-effective tuning for each   N  p c    are then plotted in Figure 15. This shows that, although increasing the HESS does does improve the battery lifespan, the cost of the extra UCs exceeds the savings of that extra lifespan.



Finally, the authors note the sensitivity of the benefit per mile and the payback time period to assumptions about component pricing, energy pricing, and aging mechanisms. For instance: this research assumes that energy is priced at the US average across all sectors,    V  n r g   = $ 0.1067 /  kWh [47]. If, instead, energy was priced at the transportation sector average for the state of Illinois (such as for a Chicago Transit Authority bus), the energy price of    V  n r g   = $ 0.0632 /  kWh, also from [47], would reduce the payback time by approximately 30%. On the other hand, the California price    V  n r g   = $ 0.1280 /  kWh would increase the payback time by 30%.



Alternatively, we can consider that battery and UC components use the pricing of reference [50] rather than [46] while maintaining    V  n r g   = $ 0.1067 /  kWh; the increased battery and ultracapacitor prices from [50] result in a payback time of 6.9 years for the    N  p c   = 10   UC and 13.7 years for the    N  p c   = 100   UC. On the other hand, the component prices of [51] would indicate that the HESS is not beneficial under any circumstance.



A different battery aging model in the literature [52], used in an array of battery and HESS control literature such as [12,15,19,23,53,54], models lithium ion phosphate batteries as aging at up to 3× the rate of the model used in this research. If the battery ages even 1.5× the modeled rate, then we would see a payback period of 4.8 and 8.8 years for    N  p c   = 10   and    N  p c   = 100  , respectively.



Finally, although battery end-of-life can be considered a hard limit for battery use based on range constraints, the ultracapacitor, on the other hand, can continue to be used beyond 80% capacitance fade. This would not be unreasonable, considering how Figure 15 shows that the effectiveness of the proposed control method is maintained as the number of cells (and over UC pack capacitance) is decreased. Therefore, if, for instance, the UCs were used until 70% capacitance fade, then we would see a payback period of 7 and 12 years for    N  p c   = 10   and    N  p c   = 100  , respectively. One could, alternatively, assume that the UC does not need to be replaced at all (setting UCCPM to 0), as UC life exceeds the 12 year lifespan of an individual transit bus [55]. However, there is still value to considering these replacement costs from the perspective of an entire vehicle fleet.



All this is to say: an engineer must take caution that a HESS is economically appropriate for a given application; there may be circumstances where a HESS is highly beneficial, and others where it may be impractical. With that said, this research has demonstrated that, for any HESS sizing and for any given MPGe, the SDP-EC method offers a larger increase to battery lifespan and a higher benefit per mile than the other considered methods. The important takeaway of this analysis is how proper control of the HESS is critical for maximizing both battery lifespan and HESS value, and that joint control of battery aging, UC aging, and energy losses is the most effective method to manage the HESS.





6. Conclusions


This paper develops controllable battery and ultracapacitor aging models for a HESS. Various energy management strategies are developed for the purpose of minimizing battery aging. As a case study, these models and control strategies are applied to a simulated electric bus to determine the battery lifespan and energy consumption of each strategy. An array of different HESS sizes and controller tunings are simulated in order to determine the trade-off between battery aging and energy consumption for each strategy. Additionally, the cost–benefit of the HESS is analyzed to determine the relative economic benefit of the proposed control strategies.



Simulation results showed that the SDP-EC method, which controls a weighted combination of battery aging, ultracapacitor aging, and energy losses, offers the biggest improvement to the aging–energy consumption trade-off across all considered HESS sizes. At its peak, this strategy offered a 28.2% increase in battery lifespan and required only a 7.0% decrease in MPGe. The SDP-B method, which controls battery aging but neither ultracapacitor aging nor energy losses, was the next most effective controller, indicating the importance of including an aging model directly in the control.



Simulation results also demonstrated that excessive use of the ultracapacitor can, in fact, be detrimental to the lifespan of the battery. Ultracapacitor use incurs additional energy losses and, if the ultracapacitor is heavily used, then these losses can result in additional battery aging. Furthermore, the cost–benefit analysis showed that only the strategies that included direct aging control would reliably add value to the system; the SDP-EC method was the most proven manner of adding economic value to the HESS. These points, taken together, indicate the importance of control strategy selection and design.



Future work for this research includes the optimization of component sizing, given the proposed new methods of energy management. Additionally, work is ongoing to investigate the robustness of the control strategies for uncertainty in the battery and ultracapacitor models. Finally, other energy management strategies should be considered and compared to the methods here, such as DDP formed into a rule base or the Equivalent Consumption Minimization Strategy applied to aging control.
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Abbreviations


The following abbreviations are used in this manuscript:



	APV
	Alternative Powertrain Vehicle



	EV
	Electric Vehicle



	HEV
	Hybrid Electric Vehicle



	UC
	Ultracapacitor



	HESS
	Hybrid Energy Storage System



	EMS
	Energy Management Strategy



	DP
	Dynamic Programming



	DDP
	Deterministic Dynamic Programming



	SDP
	Stochastic Dynamic Programming



	SOC
	State of Charge



	DOD
	Depth of Discharge



	SOA
	State of Aging



	PM
	Palmgren-Miner



	MPGe
	Miles per Gallon Equivalent



	BCPM
	Battery Cost per Mile



	UCCPM
	Ultracapacitor Cost per Mile



	ECPM
	Energy Cost per Mile



	GGE
	Gasoline Gallon Equivalent



	BPM
	Benefit per Mile
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Figure 1. Powertrain of an EV with a UC. 
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Figure 2. Block diagram for energy management of an EV with a UC. 
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Figure 3. Battery pack equivalent circuit. 
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Figure 4. Ultracapacitor pack equivalent circuit. 
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Figure 5. HESS power paths. Power on the direct path between battery and motor experiences minimal losses, while power on the path through the UC experience additional losses from the UC internal resistance. 
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Figure 6. Energy consumption and battery aging for the DP-based methods for    N  p c   = 100  . 
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Figure 7. Comparison of energy consumption and battery aging for the four causal control methods,    N  p c   = 10  . 
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Figure 8. Comparison of energy consumption and battery aging for the four causal control methods,    N  p c   = 40  . 
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Figure 9. Comparison of energy consumption and battery aging for the four causal control methods,    N  p c   = 100  . 
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Figure 10. Comparison of energy consumption and UC aging for the four causal control methods,    N  p c   = 40  . 
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Figure 11. Comparison of energy losses (left axis) to battery lifespan (right axis) versus the   Q  3 , P    weighting parameter, where increasing   Q  3 , P    increases ultracapacitor usage. 
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Figure 12. Cost–benefit analysis for the four causal control methods,    N  p c   = 10  . 
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Figure 13. Cost–benefit analysis for the four causal control methods,    N  p c   = 40  . 
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Figure 14. Cost-benefit analysis for the four causal control methods,    N  p c   = 100  . 
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Figure 15. Estimated payback time for optimal SDP-EC controller with varying HESS size. 
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Table 1. Vehicle model physical parameters.
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	Parameter
	Variable
	Value





	Vehicle Mass
	   M v   
	18,181 kg



	Frontal Area
	   A f   
	8.02 m   2  



	Drag Coefficient
	   C D   
	0.55



	Roll Resistance Coefficient
	   C R   
	0.008



	Wheel Inertia
	   J w   
	20.52 kg-m   2  



	Motor Inertia
	   J m   
	0.277 kg-m   2  



	Wheel Radius
	   R w   
	0.48 m



	Final Drive Ratio
	   N  f d    
	5.1:1



	Gearbox Ratio
	   N  g b    
	5:1



	Transmission Efficiency
	   η  t r a n s    
	96%
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Table 2. Battery model parameters.
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	Parameter
	Variable
	Value





	Battery Cells in Parallel
	   N  p a r    
	400 cells



	Parallel Sets in Series
	   N  s e r    
	100 sets



	Total Charge Capacity
	   Q  b a t t    
	340 Ah



	Nominal Open Circuit Voltage
	   V  c e l l    
	3.8 v



	Nominal Equivalent Resistance
	   R  c e l l    
	7.5 m Ω 
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Table 3. Ultracapacitor model parameters.
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	Parameter
	Variable
	Value





	UC modules in Parallel
	   N  p c    
	variable



	UC Parallel Sets in Series
	   N  s c    
	100 sets



	Resistance
	   R  u c    
	44.3 m Ω 



	Capacitance
	   C  u c    
	105.9 F
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Table 4. Comparison of DP Controllers for    N  p c   = 100  .
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Type

	
DDP Max

	
MPGe at

	
SDP Lifespan

	
Difference

	
Mean Life




	
Lifespan

	
DDP Peak

	
at DDP Peak

	
at Peak

	
Difference




	
(Years)

	
(MPGe)

	
(Years)

	
(%)

	
(%)






	
DP-B

	
5.47

	
9.54

	
5.46

	
−0.27

	
−0.45




	
DP-EC

	
5.76

	
9.65

	
5.73

	
−0.51

	
−0.95




	
DP-P

	
5.20

	
9.49

	
5.04

	
−3.11

	
−1.67
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Table 5. Comparison of Causal Controllers, small HESS (   N  p c   = 10  ).
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Type

	
Peak

	
MPGe

	
Lifespan

	
MPGe vs.

	
UC    Δ SoA   




	
Lifespan

	
at Peak

	
vs. Nominal

	
Nominal

	
Per Year




	
(Years)

	
(MPGe)

	
(%)

	
(%)

	
at Peak






	
Nominal

	
4.47

	
10.43

	
–

	
–

	
4.064




	
SDP-B

	
4.68

	
9.81

	
4.7

	
–5.9

	
6.633




	
SDP-EC

	
4.69

	
10.14

	
5.1

	
–2.8

	
4.587




	
SDP-P

	
4.58

	
10.18

	
2.5

	
–2.4

	
4.105




	
LL

	
4.47

	
10.43

	
–

	
–

	
4.064
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Table 6. Comparison of Causal Controllers, mid-sized HESS (   N  p c   = 40  ).
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Type

	
Peak

	
MPGe

	
Lifespan

	
MPGe vs.

	
UC    Δ SoA   




	
Lifespan

	
at Peak

	
vs. Nominal

	
Nominal

	
Per Year




	
(Years)

	
(MPGe)

	
(%)

	
(%)

	
at Peak






	
Nominal

	
4.47

	
10.43

	
–

	
–

	
4.064




	
SDP-B

	
5.12

	
9.62

	
14.7

	
–7.8

	
4.138




	
SDP-EC

	
5.16

	
9.81

	
15.6

	
–6.0

	
4.091




	
SDP-P

	
4.87

	
9.71

	
9.0

	
–6.9

	
4.093




	
LL

	
4.48

	
10.40

	
0.4

	
–0.3

	
4.063
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Table 7. Comparison of Causal Controllers, large HESS (   N  p c   = 100  ).
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Type

	
Peak

	
MPGe

	
Lifespan

	
MPGe vs.

	
UC    Δ SoA   




	
Lifespan

	
at Peak

	
vs. Nominal

	
Nominal

	
Per Year




	
(Years)

	
(MPGe)

	
(%)

	
(%)

	
at Peak






	
Nominal

	
4.47

	
10.43

	
–

	
–

	
4.064




	
SDP-B

	
5.48

	
9.51

	
22.6

	
–8.9

	
4.100




	
SDP-EC

	
5.73

	
9.71

	
28.2

	
–7.0

	
4.060




	
SDP-P

	
5.07

	
9.32

	
13.4

	
–10.7

	
4.057




	
LL

	
4.58

	
10.09

	
2.6

	
–3.3

	
4.046
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