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ABSTRACT

This paper presents a novel situation-based power and battery
health management strategy for fuel cell vehicles. In such
hybrid powertrains, the synergy role of batteries is essential
to minimize overall power consumption and maintain higher
electric efficiency of the fuel cell. On the other side, life-
time degradation of the battery is associated to the recurrent
charging/discharging cycles. The proposed power manage-
ment strategy addresses the trade-off between these contra-
dictive objectives. Vehicle states in each situation are defined
in terms of driver-related characteristic variables (power de-
mand and speed) corporately with a powertrain-related vari-
able (on-board battery’s state of charge). Optimal power han-
dling solution for each situation is searched offline consid-
ering different optimization criteria: range extension, life-
time maximization, and power consumption minimization. A
weighted fusion of these optimized solutions can be imple-
mented online based on desired driving strategy, leading to
situation-based optimized solution. This contribution aims
to provide flexible power handling options meeting perfor-
mance requirements (energy efficiency and driveability) with-
out scarifying battery’s lifetime. Simulation tests using differ-
ent driving cycles are conducted for evaluation purpose.

1. INTRODUCTION
1.1. Motivation

Combustion of fossil fuels is one of the major sources of en-
vironmental degradation, not only due to related collateral
thermal losses but rather due to the harmful exhaust emis-
sions. Besides, the continual decay in global reserves of
fossil fuel sets forth the promotion of renewable energy in
modern transportation systems as an urgent necessity (Ehsani
et al., 2018). Hybrid electric vehicles implement auxiliary

power sources to mitigate the dependency on internal com-
bustion engines (ICE). Intelligent hybridization paradigms
offer flexible power assist and recuperation among on-board
power sources to avoid inefficient operations of the ICE.
Such ICE-based hybrids are considered as a short-term solu-
tion towards the All-electric vehicle (AEV), achieving zero-
emissions. However, preclusion of the ICE is a challenging
step, due to the high energy density of gasoline and diesel
fuels. Advances in electric storage technologies, i.e. battery
and supercapacitor, enabled AEVs to achieve a competitive
performance compared to ICE-based vehicles (Onori et al.,
2016).

Electric batteries are major components in electrified drive-
lines. Lithium-Ion (Li-Ion) batteries have higher energy den-
sity than capacitors and can take over dynamic power de-
mands better than fuel cells; hence, they are widely imple-
mented in electric drive-lines (Khaligh & Li, 2010). How-
ever, the lifetime of Li-lIon batteries is highly influenced
by the intensity of operating conditions, i.a. the power
throughput, depth of charge/discharge, and overheating. Non-
optimal scheduling of battery’s charging/discharging cycles
leads to capacitance fade and decay in the ampere-hour
(AH)-throughput. Rapid degradation of the state-of-health
(SoH) leads to an earlier replacement of the battery and
consequently increases running-costs of the electric vehi-
cle (Kouchachvili et al., 2018).

Power management strategies (PMSs) play an essential role
to retain optimal operating conditions in hybrid and electric
powertrains. A typical objective of PMSs is to maximize
the energy efficiency (mileage per unit energy) of the power-
train by reducing the total power consumption per trip (Silvas
et al., 2017). This objective is conflicting with battery’s
health as it implies the assignment of intense and transient
power demands to the battery, which shortens its lifetime and
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leads to an ahead-of-time replacement of such costly com-
ponent (Moura et al., 2013). Considering the retention of
battery’s lifetime within the objectives of PMS has a signif-
icant potential to achieve the balance between the contradic-
tive goals: instantaneous cost (energy use) and running-cost
(battery lifetime) of hybrid powertrains. Moreover, meeting
the desired performance requirement (implied by the driver)
at various load conditions, without scarifying the targeted
objectives, is a challenge in such lifetime-conscious PMSs,
that received further attention from researchers in the last few
years (Silvas et al., 2017).

1.2. Previous work
1.2.1. Optimal PMS in real-time

Battery’s lifetime-conscious PMSs have been under con-
sistent development to achieve the above-mentioned goals
in real-time. Methods of PMSs can be categorized into
optimization-based and rule-based ones (Silvas et al., 2017).
Optimization-based algorithms are sophisticatedly formu-
lated to define optimal control policies for specific driving
cycles. Such algorithms, i.a. dynamic programming or ge-
netic algorithms, are time-intensive and hence are typically
used as benchmark solutions to define optimized trajecto-
ries for battery’s state-of-charge SoC}, that achieves minimal
health degradation for the considered driving cycle (Ettihir
et al., 2016). On the other hand, rule-based algorithms are
defined as simple if-else rules and hence are suitable for real-
time applications. In such algorithms, experience-based or
manufacturer-given knowledge is used to derive the control
rules, i.e. charging/discharging boundaries and power assis-
tance/recuperation limits of the battery (Wang et al., 2019).

To enhance the solution optimality of power management
decisions in real-time, two main approaches have been
presented in literature: first, defining situative rule-based
solutions; second, conducting a limited-horizon optimiza-
tion (Zhang et al., 2015). The first approach implements of-
fline situatively optimized control policies during online ap-
plication. Vehicle situations, to which optimal solutions are
assigned, are defined in terms of multiple characteristic vari-
ables, i.a. vehicle speed or SoC},. On the other hand, limited-
horizon optimization considers either a simplified powertrain
model or an equivalent cost conversion to solve an optimal
control problem in real-time. The cost function to be mini-
mized comprises the estimated lifetime degradation and total
energy use over the upcoming limited horizon. Kalman filters
are widely implemented to estimate future trajectory of SoC'
based on approximate battery models, such that estimation
errors due to model inaccuracies can be consistently reduced
using feedback control (Ali & Soffker, 2018).

1.2.2. Modeling of Battery degradation

Battery degradation models in literature have been presented
in two ways: first, analytical models of the physical-chemical
reactions within battery cells have been developed to acquire
more insight into capacity fade mechanisms and the sources
of battery aging (Lipu et al., 2018). From an electrochemical
perspective, emulating the change in solid electrolyte inter-
face (SEI) film thickness is a typical example of such mod-
els (Moura et al., 2013). Full knowledge of modeling param-
eters is essential for such models, which is either intricate to
yield or time-consuming to estimate (Bashash et al., 2010).
Second, empirical and semi-empirical aging models are used
based on generic simplified relations to be fitted to related
experimental results (Yue et al., 2019). These are simple, yet
accurate models and hence widely implemented in lifetime-
conscious PMSs. Such models are based on emulating three
main physical phenomena: /) capacity fade, 2) increase of
internal resistance, and 3) decay in remaining lifetime of the
battery.

Fade of capacity refers to the battery’s inability to hold the
same amount charge after repeating cycles or usage, as usu-
ally batteries are replaces when no longer capable of holding
20 — 30 % of their nominal capacitance (Yue et al., 2019).
Furthermore, a merge between ohmic equivalent circuits and
empirical relations can be used to express the change in bat-
tery’s internal resistance (Remmlinger et al., 2011). Fac-
tors believed to influence the degradation process of batter-
ies can be summarized as: operating temperature, allowable
boundaries for SoC}, depth-of-discharge (DOD), high cur-
rent throughput, recharging time(s), and storage conditions
(humidity, duration, etc.) (Yue et al., 2019). Due to the lack of
crisp analytical interrelations between such factors, empirical
modeling of battery’s degradation became indispensable to an
accurately assess between these factors. Therefore, empirical
battery degradation models has been increasingly considered
in lifetime-conscious PMSs due to the ease of implementation
and tuning requirements of such models (Hoke et al., 2011;
Fotouhi et al., 2018).

1.3. Problem statement and contribution

Although the balance between battery degradation and energy
efficiency is considered as an optimal solution to lifetime-
conscious PMSs, inconsideration of driver’s demand may de-
grade the applicability of such solutions (Yue et al., 2019).
Providing optimized power management solutions that meet
variable driver requirements, i.e. extended mileage or persis-
tent accelerations, with minimal mitigation of battery’s life-
time is less introduced in literature (Lipu et al., 2018). Such
situation-based PMSs have a significant potential to accom-
modate unscheduled driving loads without scarifying the de-
sired optimality.

This contribution proposes a situation-based PMSs that de-
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fines optimal power handling decisions for different driving
situations. The battery degradation is represented to the cost
function as an empirical residual lifetime model. Five cases
of cost function minimization are solved, considering grad-
ual change of the weighting factors between the objectives:
energy efficiency and lifetime degradation. The optimized
solutions for these cases are used to generate a Pareto front
for the optimization problem. For real-time application, the
optimized solutions can be merged to flexibly fulfill different
driver’s demand and retain the Pareto optimality.

This contribution is organized as follows: in chapter 2, the
powertrain configuration and parameters modeling are pre-
sented. The lifetime-oriented PMS is explained in chapter 3.
Simulation results, analysis, and discussion are given in chap-
ter 4, followed by the conclusion and future work in chapter
5.

2. POWERTRAIN CONFIGURATION

The implemented powertrain in this study is an all-electric
hybrid one, that comprises a fuel cell (FC), battery (B), and
supercapacitor (SC) as shown in Fig. 1. The power sources
are set up in a series-parallel topology, whereby the fuel cell
is the primary power source and both the battery and super-
capacitor are auxiliary ones. Each power source is coupled
with an inline DC/DC converter to retain a unified voltage
Upys at the load side. This drive-line topology is investigated
to achieve optimal performance for fuel cell hybrid power-
trains (Ozbek et al., 2013).

ﬁfc = 'afc ;fc

Contr.

—— Signal lines

<—> Power lines ®—& Mechanical coupling

Figure 1. Driveline topology and operating principle of the
fuel cell hybrid electric powertrain.

Modeling of powertrain operation is based on calculating
traction power demand pg within the vehicle backward model
(VBM) given the desired speed (from driving cycle) as

Pa = fwv

(v —vq)* + mgsin® + pmgcosh, |v,
(R —_—

—_—
Grade res.

Rolli .
Air drag oring res

ey

where f, denotes traction force, mg vehicle curb weight, a
longitudinal acceleration, p air density, A vehicle frontal area,
Cy air drag coefficient, vy wind speed, p rolling resistance
coefficient, and 6 is the road grade. Online power handling
strategies are decided by the situation-based PMS. Besides, a
supervisory control module is implicitly defined in the PMS
to ensure the operation within safe limits of individual pow-
ertrain components.

The supervisory control is programmed in state machine lan-
guage as shown in Fig. 2. The states are grouped based on
three main modes of operation: power idle, demand, and
recuperation. The inputs pgy, SoC, and the supercapacitor
state-of-charge SoC, are used to define the state transitions
within each mode. The operating boundaries to be retained
are SOC{;””, SoCye®, Sng’gi", SoC* and p’}lcam. Op-
timized power handling decisions not conforming to these
boundaries are overridden by the supervisory control and ex-
cluded during offline optimization process. The demanded
power from each source py., py, and p,, are defined as

DPfc = Ufe Z‘fcv (2)
Pb = Uyp iy, and (3)
Psc = Usc isca (4)
such that
Ufe = Up = Usc = Upus, (5)

which implies that desired output current from each source
[ifc ip z'sc]T represent the control signal to respective DC/DC
converter. Operation of the DC/DC converter can be simpli-
fied as

fin = fout = ——, ©)

Uin Hconv

where the suffices ;,, and ,,; denote input and output current
and voltage, c is a constant representing desired bus voltage,
and ficon, 1s the tabulated conversion efficiency based on ex-
perimental validation of the simplified model (Ozbek et al.,
2013). The output 4., in each DC/DC converter becomes
ifes ip, and is. for the fuel cell, battery, and supercapacitor
accordingly. Fuel cell voltage can be calculated considering
activation-, ohmic-, and concentration-voltage losses, g,
Uohm» AN, Ucone, AS

Ufpe = nc(u;C — (01 + co (1 — e_ifcc?’))

Ugct
—1lfc Rfc
~—
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Figure 2. Supervisory control as a state machine program

where n. denoted the number of cells in the stack, u?c the
open circuit voltage, ¢y, ..., c5 constants based on experimen-
tal validation, %y, the internal resistance of the fuel cell,
and i,,q, is the maximum delivery current (Ozbek et al.,
2013).The supercapacitor is modeled as

ty
Use = Ugc — Rse lse — i J lse dt7 ®)
Csc Jt,

where u?,. is the open circuit voltage, R, and Cj, are equiva-
lent capacitance and internal resistance of the supercapacitor
accordingly, and ?; and ¢ are initial and final time of an in-
finitesimal simulation step. Both C} and C,. are statically
modeled neglecting the capacitance loss due to components’
aging and lifetime degradation. The state of charge of (SoC)

is calculated as
(™

SoC = SoC; — ——

nom Jt;

I dt, )

where SoC); is the initial state of charge, Q0. the rated ca-
pacity, and [ is either 4; or i,.. The actual power delivery p,
at motor terminals should conform to calculated power de-
mand p, considering conversion losses as

Pa = Pfc + Db + Psc

= Pfc + Db + Dsc + losses, (10)

so that p ., py, and ps. are determined based on the split ratio

Y=1[8 ~]as
[pre m pec) =[8 7 1=+ pa, (1D
subjects to the constraint
B+vy<1, V {B,7}el0,1] (12)

The motor/generator (M/G) is mechanically coupled to a pro-
grammable load-motor emulating the load p; in terms of the
rolling resistance and air drag according to the speed input
v. Modeling of the Li-ion battery is based on the equivalent
circuit as
(v
ubzungbibf—f ibdt, (13)
Cy )y,
where uj is the open circuit voltage and R;, and Cj, are bat-
tery’s capacitance and internal resistance accordingly. Capac-
itance loss of the battery Q.55 is simply considered propor-
tional to the number of charging/discharging cycles ncycies
as

Qloss = Co Neycles (14)

where, the change in uj and C due to Qs is statically de-
fined within look-up tables (MATLAB, 2019). Residual life-
time of the battery L, is estimated empirically considering
the operating temperature 73, the depth-of-discharge DoD,
and the power throughput p, according the work presented
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in (Hoke et al., 2011) as

Lres = f( QlOSS7 Tb7 (1 - SOCb)a pb) C7"'Clo)a (15)

where the constants cg—c1¢ are tuned such that L,.., matches
a nominal lifetime L,,,,, at 10* cycles before reaching to
Q10ss = 80%. The considered battery degradation model has
the following limitation: First, n¢ycies is calculated consider-
ing only complete cycles from maximum to minimum SoCjy;
second, the effect of ambient temperature on T} is neglected;
third, the uncertainty of linearly anticipated L, is omitted.
However, such this model has been plausibly implemented
in many lifetime-conscious PMSs, where the main objective
is to define optimal control strategy considering the trade-off
between energy efficiency and battery degradation (Fotouhi
etal., 2018).

3. BATTERY’S LIFETIME-ORIENTED PMS
3.1. Situation-based PMS

Situation-based PMSs are based on defining specific ve-
hicle states, to which the control parameters can be opti-
mized (Gong et al., 2008). Vehicle states can be defined
heuristically or based on multiple characteristic variables
from driving data history. For online application, vehicle
states are recognized in real-time and the optimized solu-
tions can be assigned accordingly. Situation-based PMSs are
proved to have low computational requirements and being ca-
pable of yielding near-optimal solutions for the power man-
agement problem. An illustration of the working principle of
situation-based PMS is given in Fig. 3. In this contribution,

Driver demand

Environmentt solutions

State Vehicle | SB-optimal |SB-PM -
. H Vehicle
recognition| state istrategy

I vehicle parameters

State SB-PM
Data-bank . L.
definition optimization

Figure 3. Operating principle of situation-based power
management system.

a multi-dimensional space (grid-space) is defined for linear
mapping of vehicle states. The axes of grid-space are the se-
lected characteristic variables, to which specific discretization
levels are assigned. An exemplification of alternative struc-
tures of grid-space is shown in Fig. 6. In a previous work
of the authors (Ali et al., 2019), the impact of different char-
acteristic variables on total cost minimization is statistically
analyzed, putting forth that certain constellations (set of axis
at certain discretization levels) outperforms all other constel-
lations at various driving cycles. This contributions proceeds
with a constellation comprising the variables: vehicle speed
on V-axis, power demand on P-axis, and SoC} on B-axis.

Numerical values for discrete levels of grid-space axes are

Cl: Cs: C3:

20 states 50 states 60 states| _...---

Figure 4. Implementation of characteristic variables in
grid-space structure with focus on state definition in an
exemplified constellations C3.

subject to an optimization process that aims to improve the
representation of all vehicle states in grid-space. This can be

explained, for instance, for the V-axis as
V= [Vi,Va, ., Vil (16)

is the vector comprising n discrete levels for vehicle speed.
The optimization task is defined as

minimize J; = f(N,, V"),
S.t.

(17a)

v (Z> € [Umin Umax], (17b)

where N, denotes points’ count of v in the data-bank, f a
function defining the difference in points’ count between the
intervals [V;" : V], where i = 1,2,...,n as shown in
Fig. 5. This optimization process is conducted simultane-
ously for the other P- and B-axes. The acquired achievement
by solving Eqn. (17a) is shown in Fig. 6, where more ho-
mogeneous representation and less number of missed stated

could be achieved in the optimally discretized grid-space.

100
x

)

~

i V'(@2) N b
1 g
] LJrJLL = 1n = : ' V()

20 40 60 80 100 120 14
Vehicle speed [km/h]

Density (counts)
(3]

(]
]

Figure 5. Projection of discrete values for V" on the
histogramic plot of vehicle speed in the data-base.

Optimal power split ratio for each vehicle state is defined as

U =[y1 o Ym], (18)

where 1); denotes the split ratio associated to respective vehi-
cle state s; Vi € {1,2,...,m}, where m is the total number of
vehicle states in grid-space. The optimization task is defined
as

obj1 (¥, x,t)

min J =min[a; 2] [objg(\l' - t)] ; (19)
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Figure 6. Improving vehicle states representation in
grid-space using optimally-spaced axes in (6b) compared to
equally-spaced ones in (6a).

Power Power ‘o Vi) Speed

for
ty
obj1 (¥, x,t) = f predt and (20)
t
i
objo (U, x,t) = J Liyss dt, 20
to
S.t.
SoCM™ < SoCy < SoCi™” (22a)
SoCM™ < SoCy < SoCi™* (22b)
P <o < iR, (22¢)
i < gy, < 4T (22d)
i < e < T and (22e)
B+y<1, V¥V {B,9}el0,1], (22f)

where ?g and ¢ denote initial and final simulation time, o
and o weighting factors, L;,ss = the lifetime degradation of
the battery (L,om — Lres), and x the state vector defined as

x=ife i isc Qioss T SoCy SoCs]. (23)

The formulation of objectives obj; and obj, sets forward
the conflict between minimizing the py. and L,.s simulta-
neously, whereby the conventional lifetime-oriented strategy
by minimizing i, is not sufficient to achieve the balance be-
tween both objectives. The optimization problem is a typical
multi-objective one, solved as a weighted-sum minimization
to introduce interactive effect through different values for the
weighting factors oy and as.

4. RESULTS ANALYSIS AND DISCUSSION
4.1. Offline optimization results

Five different cases are assigned to solve Eqn. (19), based on
the values of a1 and ais shown in Table 1. The optimization
cases vary from highest priority for battery’s health in case-
1 up to highest priority for minimizing fuel cell energy in
case-5. The cost minimization problem in each case is solved
using non-dominant sorting genetic algorithms (NSGA-II),

based on the work presented in (Deb et al., 2002; Lin, 2011).
This contribution considers 100 generations, each of 50 pop-
ulations to acquire the optimal solution using NSGA-II. The
mutation and crossover rates are adaptively set based on the
size of explored space. The driving cycle used for offline op-
timization is based on standard regulations for abuse testing
of Li-ion batteries as shown in Fig. 7 (Ruiz et al., 2018).

Table 1. Values of the weighting factors for each
optimization case.

Case-1 | Case-2 | Case-3 | Case-4 | Case-5
(651 1 3 5 7 9
Qo 9 7 5 3 1
EIOO
g
=,
= 50
8
)
0
0 0.5 1 1.5 2
Time [s] x10*

Figure 7. Speed profile during offline optimization showing
repeating acceleration, coasting, and deceleration rounds for
5.56 hours.

Optimization results for the cost function, including all in-
dividual solutions from the first generation and the evolved
best solution from each generation up to the end are shown in
Fig. 8. The significance of random exploration of the solution
space can be perceived from the figure, leading to rapid con-
verge to the global. Moreover, given a normalized measure
for both objectives during the optimization, it can be noticed
that penalizing inefficient usage of the battery leads to better
values of total cost in cases 1-3. Contrarily, reducing these
penalties in cases 4 and 5 results in relative increase of the
total cost. This point is discussed quantitatively in the sequel.
Objectives-wise, the direction of solution’s evolution towards
optimality can be contextually explained, given the weight-
ing factors for each case (see Table 1). In case-1, a vertical
evolution can be notices (minimizing obj;), towards a gradu-
ally horizontal advance in case-5 (minimizing obj; ), meeting
the optimality criterion in each case. The best ten solutions
in each case are shown in Fig. 9. While the ordinate of all
solutions almost cover the whole span of 0bjs, their abscissa
falls & 50 % of the achievable span for obj;, which points
out the minimal requirements on the fuel cell as a primary
power source. Besides, a patent vicinity can be identified
between the solutions in cases 1 and 2, where «s still out-
weighs a1, which promotes battery health concerns in objs.
A pseudo Pareto front is established for this control problem
using curve fitting tools based on available results.

4.2. Online application and comparative evaluation

For the online testing and evaluation of developed situation-
based health-conscious power management system (SB-HC),
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2\ v Case-l ¢ Case-2 ¢ Case-3 » Case-d » Case-5 - Fiitted Pareto front hicle speed, power demand, and SoCj. As the former two
28 . variables are not control-dependent, i.e. are identical in both
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S e be only a function of SoCjp. Having the same initial condi-
A | | L | e, — tions, both methods achieved the same states almost up to the
13 135 14 145 15 155 16 165 17 175 end of first cycle (second 500). Afterwards, different states
obj, are achieved for each method, to which totally different so-

Figure 9. Fitted curve for the optimality Pareto front of the
cost minimization problem based on best results in each
case.

nine repeated US06 driving cycles have been considered. For
each of these driving cycles, one of the optimized solutions or
a merge between two solutions have been applied as shown in
Fig. 10. This scheme aims to emulate different driver’s atti-
tudes, to which optimized solutions can be flexibly assigned
to retain battery’s lifetime without scarifying the driveabil-
ity. The developed method is comparatively evaluated against
a single-case optimized rule-based one, which implements
no weighting factors into the rules optimization. The rec-

150

—_
(=3
(=]

Speed [km/h]

(39
Applied case solution

W
[=)

0

0
0 600 5400

1200

1800 2400 3000 3600 4200 4800

Time [s]

Figure 10. Applying different control strategies over nine
repeated us06 driving cycles; dashed lines for merged
solutions between two consequent cases.

ognized vehicle states during online application are shown
in Fig. 11. The implemented structure of grid-space offers
324 discrete states based on the characteristic variables: ve-

lutions have been optimized offline. Approaching the eighth
cycle (second 4000), vehicle states started to match again.
Applied control cases in the last two cycles are less protec-
tive regarding battery’s lifetime aspects, which retains SoCj,
into similar working regions as per the RB method. The tran-
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Figure 11. Vehicle states, from grid-space, for both control
methods: SB-HC and RB.

sitions of vehicle states are explained in detail showing the
SoCy and SoC'sc profiles for both control methods in Fig. 12.
It can be seen in Fig. 12 that RB method performs a mod-
erate charge-sustaining strategy in almost three consequent
us06 cycles before reaching the lower limit for SoCp. On
the other side, the SB-HC algorithm conducts a conserva-
tive strategy at the beginning, preserving the on-board charge
longer and avoiding higher DoD values. The impact of each
control strategy on the synergy role of the supercapacitor can
be explained from the results shown in Fig. 12. The rapid
depletion of SoC}, using Rb method put more synergy tasks
on the supercap., i.e. several cycles and accordingly unsched-
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uled loading of the fuel cell. The power output profile of the
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Figure 12. State of charge profiles for the battery and
supercapacitor.

battery as shown in Fig. 13 reveals more information about
each control strategy, where the faster charge depletion us-
ing RB method urged repeating recharging phases to retain
SoC}, above the lower boundaries. It can be seen that rela-
tively more recharging power has been assigned to the battery
using RB method more than SB-HC. This implicitly requires
unscheduled power from the fuel cell and urges the super-
visory control to override the offline optimized solution, i.e.
temporarily violate the optimal trajectory.
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Figure 13. Power throughput of the battery using both PMSs.

To get more insight into the operation of the fuel cell and the
estimated battery degradation, accumulated p¢. and AL, are
shown in Fig. 14. The accumulated A L in the figures is pro-
portionally related to the above shown results for 7". p;, and
SoCy,. It is presumable, that prioritizing battery’s health will
induce an increase in fuel cell energy consumption, which
reached for the overall test to 11.15 %. However, the reduc-

tion in lifetime degradation is substantial ~ 64.63 %. Due
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Figure 14. Total consumed energy and accumulated drop in
residual lifetime using SB-HC and RB methods.

to the fact that multiple cases within the developed SB-HC

method are applied during the same test, it is more relevant
to analyze the previous energy and battery degradation re-
sults for cycle-based segments as shown in Fig. 15. From
the results, it can be concluded that using SB-HC method led
to an increasing consumption of fuel cell energy per cycles
in the first five cycles, i.e. where the battery’s lifetime has
been prioritized. However, in three out of the last four cy-
cles, SB-HC method assigned less synergy role to the fuel
cell. Regarding the battery’s lifetime degradation per cycle,
the SB-HC method achieved steadily lower AL, per cycle
for the whole test procedures. The last four cycles show that
SB-HC method can achieve total energy saving and yet pre-
serve battery’s lifetime. This puts forth the impact of re-
taining battery’s health and flexibly responding to variable
driver’s demands, which is the core of this contribution. In
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Figure 15. Change per one driving cycle in total consumed
energy and accumulated drop in residual lifetime for both
control methods.

Table 2, a descriptive summary of the energy efficiency and
battery’s lifetime results is presented. Energy efficiency (e, )
is a well-known measure for evaluating vehicular propulsion
efficiency, based on consumed energy per 100 km. In the
table, 7., is calculated per cycle to evaluate the energy con-
sumption and the total value as well. Summarized results of
battery’s lifetime AL reveal the significant reduction in bat-
tery degradation over individual cycles, i.e. various driver’s
behavior for the whole trip.

5. CONCLUSION AND FUTURE STEPS

In this contribution, a novel method addressing battery degra-
dation issues in power management of hybrid electric vehi-
cles is presented. The method implements a situation-based
principle to assign optimized power handling solutions in dif-
ferent vehicle states in real-time. Vehicle states are defined in
terms of multiple characteristic variables, i.e. vehicle speed,
power demand, and SoC},. The power management problem
for the fuel cell hybrid vehicle is defined in terms of minimiz-
ing two objectives: consumed energy from the fuel cell, and
battery’s degradation. The optimization problem is solved of-
fline as a weighted-sum using NSGA-II.

For the offline optimization, five cases are assigned to the
weighting factors, to define the optimized solutions at dif-
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Table 2. Summary of online test results for energy efficiency and battery’s lifetime.

Per cycle nr. Total
1 2 3 4 5 6 7 8 9 -

SB-HC | 26.8 | 27.0 | 25.6 | 31.8 | 30.1 | 249 | 24.6 | 27.3 | 23.5 | 29.7
Nen [kwh/100 km]

RB 186 | 20.3 | 21.3 | 27.0 | 26.2 | 25.8 | 26.3 | 25.8 | 26.2 | 26.7

SB-HC | 436 | 6.78 | 10.0 | 9.44 | 832 | 10.8 | 15.1 | 18.7 | 21.4 | 104.9
ALy [x107° year]

RB 7.14 | 13.8 | 20.2 | 21.7 | 22.0 | 22.0 | 22.0 | 21.9 | 22.0 | 172.1

ferent priority levels of each objective. These solutions can 11

be decisively selected by the driver or adaptively set accord-
ing to the battery’s status. Results from the online application
reveals the ability of presented method to accommodate dif-
ferent driver’s priorities during the whole trip, and yet achieve
a significant improvement in preserving battery lifetime. An
increase of 11 % in the fuel cell’s energy is yielded using
SB-HC; however, an improvement up to 60 % in battery’s
residual lifetime could be achieved.
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