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1.1. Uterary review 

This paper builds upon previous work by the author I1.2J. in the 
hybrid electric vehicle domain; its main focal points can be sum­
med up by the following three areas of research. 

1.1.1. Electrochemical battery modeling 
The economie focus of this work guided our attention ta 

inexpensive battery technologies, such as lead-acid batteries: as 
one of the more mature technologies available 13J. their degra­
dation is also better understood. lead-acid batteries have 
received less attention 14], since most "modern" chemistries 
outperform their lead-acid counterparts in every area [51. with 
the exception of their low cost [6] and small environmental 
footprint [71. which justify their market share on par with 
lithium-ion batteries 181. A strong case has been made that these 
seemingly outdated devices remain competitive in many realms 
of development 19-12J. and may even prove ta be a key player in 
the future ofHEVs 1131. 

Battery models can be divided into three general sub-groups 
f14J. Electrochemical models aim to reproduce the chemieal in­
teractions occurring at the batteries' core 11SJ through various 
means 116-181. While these can provide a great level of preci­
sion, they are typically too computationally-demanding to be 
directly applicable ta optimal control design 1191. Mathematical 
models. on the other hand, reduce the complexities of battery 
chemistry to simple generic equations 120-22J. These typically 
offer fast computing times. but are iIl-suited to represent dy­
namic battery behavior 1201. The equivalent drcuit approach 
represents battery behavior as an idealized electrie circuit 123] 
and have demonstrated accurate simulation of complex battery 
dynamies 1241. are easily characterized 125J, adaptablel26J and 
demand manageable computing times 1271. ail of which agree 
with our design goals. 

1.12. Battery degradation mode/ing 
Battery degradation modeling has evolved independently from 

classic battery modeling: battery electrical behavior is well­
understood, their degradation is not 128]. The numerous mecha­
nisms governing battery degradation are complex, non-Iinear and 
strongly interrelated 1291; moreover. they occur slowly and are 
sensitive to their operating conditions [30j. making their practieal 
analysis difficult. Promising solutions have been proposed to pre­
dict battery degradation. 130- 38J. though literature still does not 
provide a single, all-encompassing degradation mode!. We propose 
an amalgam of models, each based on proven techniques 
130.32,33,39J adapted to use available experimental degradation 
data [39-421 to suit the particularities of this work. 

1.1.3. HEV power management 
HEV power management combines multiple energy carriers to 

achieve efficient mobility [43). Proposed methods to achieve this 
goal include a wide range of numerical techniques 144- 491: each 
revolves around a precise objective 150-531. Furthermore. if a priori 
knowledge of vehicle driving loads is available. dynamie pro­
gramming 154.55J. can be used as an etTective tool. which we chose 
for the task. Regardless of the technique. significant inclusion of 
battery degradation within PHEV power management strategies is 
still uncommon 156J. 

J2. Problem statement 

Consider a Iight-duty PHEV built in a series architecture 157J. 
This vehicle's main energy carrier is a rechargeable battery pack of 
sufficient capacity to complete a known driving load: recharge is 

available through public grid plug-in when the vehicle is stationary. 
It is well-establi shed that batteries degrade faster according to 
specifie operating conditions, such as their depth-of-discharge 
(DOD)/state-of-charge (SOC) and repetitive charge/discharge 
cycling. Our hypothesis it that we can define an economieally­
advantageous recharge schedule that will main tain battery DOD 
at optimal levels to reduce this costly degradation. To achieve this 
goal. the vehide features a hydrogen-powered polymer electrolyte 
membrane fuel coll (PEMFC). which can assist the battery pack at 
any given time and in varying amounts. This component was cho­
sen to reinforce our hypothesis: we believe that the economie 
impacts of battery degradation are significant enough to warrant 
active management even when inexpensive batteries are weighed 
against an expensive fuel such as hydrogen. 

Civen the above conditions. we seek to define an optimal bat­
tery charging schedule using the on-board PEMFC over a day-long 
driving cycle. while simultaneously minirnizing the PHEV's overall 
operating cost generated by: 

1) Expenses from spent hydrogen fuel. 
2) Post-cycle public grid recharge COSIS. 
3) Degradation of the battery pack and the cost of its eventual 

replacement 

Because of a) the batteries' sufficient capacity to complete the 
driving cycle on their own and b) the relative cheapness of public­
grid recharge vs. hydrogen fuel, additional fuel is expected to be 
used solely to manage the costs incurred by battery degradation. 
Since the optimal solution is focused on economic performance, 
this paper proposes a sensitivity study of the proposed optimal 
process to its tluctuating cost parameters; its goal is to validate the 
economie viability of the proposed solution, to evaluate the range 
within whieh its application is non-trivial and to analyze the rela­
tive intluence of each individual economie parameter on its 
outcome. 

13. Core contributions 

This work utilizes two intertwined battery models that are 
validated according to lead-acid battery chemistry; ilS degradation 
model, in partieular, is an original extension based on proven de­
signs. Those are backed by original experimental data. and include 
a broad spectrum of parameters such as graduai performance 
losses and Iifetime prediction. Such batteries have received Iittle 
attention where PHEVs are concerned. Sorne literature does sug­
gest that they could remain contenders in this arena: the results of 
this paper agree with those claims. As such, we provide an argu­
ment in favor of their inclusion within economical PHEV applica­
tions. The present article uses taols developed for PHEV simulation 
to explore the sensitivity of an optimal battery degradation man­
agement strategy to the tluctuating costs of its energy carriers. 
Such a degradation-forused strategy is uncommon in literature, as 
is the study of the dynamics caused by economic variations on 
such a process. 

1.4. Article out/ine 

This paper is split into the following 8 sections. Section 2 will 
address everything related to numerieal modeling, including PHEV 
components and the battery electrical model; Section 3 will coyer 
the proposed battery degradation model in detail. Section 4 will 
provide experimental validation for the presented models. Section 
5 is concemed with the optimization process. Sections fi and 7 will 
respectively provide simulation teSU11S and their analysis, while 
Section 8 will summarize said findings and conclude the article. 
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2. PHEV models 

2.1. fnergy balance 

Ta assess the PHEVs battery pack's operating conditions, it is 
necessary to monitor the energy flow between itself and the ve­
hicle's power systems. This requires knowledge of the architecture 
of the modeled PHEV. presented in Fig. 1. This series configuration is 
pattemed after a physical vehicle (Fig. 6) used for validation pre­
sented in Section 4 : while this modeling approach restricts certain 
aspects of this woek. jt allows for direct validation using the 
available PHEV platform. This architecture's power balance rela­
tionship is represe nted by Eq. (1). 

Eb(k + 1) = Eb(k) + [PFc(k) + Pg(k) - Pm (k) ] t..t (1) 

where Eb is battery energy, Pr=c. P, and Pm are power values imposed 
on the battery pack from the fuel cell. public grid and traction 
motor, respectively. for each simulation step k of sampling time Ât. 

The power balance of Eq. (1) indicates that battery energy 
evolution aver a given simulation interval EbCk + 1) requires 
knowledge of ilS initial state folk) and the contribution of each 
individual compone nt within the PHEV's architecture, as described 
in the following sub-sections. 

22. Driving rycle 

The input signal driving the PHEV model are instantaneous 
speed values given by its driving cycle. The basic building block 
used for this work is the Urban Dynamometer Driving Schedule 
(UDDS) [581. represented in Fig. 2. This cycle was purposefully 
designed ta stimulate battery degradation phenomena. It is built 
from a concatenation of UDDS driving cycles adapted to the limits 
of the experimental PHEV's parameters, namely its 40 km h- I top 
speed (Table 1). and will discharge a new. unsupported battery 

Battery pack 

pack from a near-full 95% to roughly 8% SOC during its course. 
The cycle's 97.03 km total driving distance is spread over a full 
day to allow a realistic lenglh of time for battery degradation 
effects ta occur; 8 h are spent under the active driving conditions 
of Fig. 2, with the remaining 16 h stationary and available for grid 
recharge. 

2.3. Physical drivetrain 

Vehicle physics are represented by the summation of extemal 
and internaI forces occurring during driving conditions, as 
described by Eqs. (2)-(4). 

F,(k) = m,v(k) + ~PaCdA,v(k) 2 + m,g sin(8(k» + m,gl' cos(8(k» 

(2) 

Tw(k) = F,(k)·rw (3) 

Pmoc (k) = Tw(k)·Ww(k) (4) 

where F" is the total force resisting vehicle movement, m" is the 
vehicle's mass, v is its Iinear speed. Pa is air density, Cd is the ve­
hicle's aerodynamic coefficient, Av is its frontal area. g is gravita­
tional acceleration. 8 is the road grade, Tw is the torque at the 
wheels, rw is those wheels' radii, Pm« is mechanical power and Ww 
is wheel angular speed, .111 for a given simulation step k; aero­
dynamic coefficient Cd WolS determined experimentally from road 
tests and m~ v, A~ rw through direct measure as mentioned in 
Section 4.1 , road grade 8 is flat throughout 

These resistive forces are driven by vehicle speed v and accel­
eration values determined by the driving cycle. This is defined as a 
one-dimensional kinematic approach ta vehicle modeling 159]: 
resistive forces are translated into instantaneous torque. speed and 
mechanical power values (3) and (4). 

-- Electrical power ----. Sensor reading 
-- Fuelline ----. Command signal 

Fig. 1. ~rit5 archiltcturt of tht modtled PHEV, based on the configuration of the expe:rimental platrorm ustd for validation ln 5«tion 4. 
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,a) 
~r------r-----.r-----'------.------~----~-----, 

Time (h) 

Fig. 2. The adapted Urban Dynamometer Driving Schedule (UDOS) cycle (a) and the daily PHEV kinematic mechanical power demand (h). 

2.4. Electricel drivetrain 

The main electric components of the HEVs drivetrain were 
reduced to efficiency values. derived from statie maps and ac­
cording to each system's instantaneous operating point This is 
used to translate mechanical power Pmec directly into corre­
sponding electrical power required of the traction mater, Pm. as 
expressed by Eq. (5). 

(5) 

where Pm is matar electrical power imposed on the battery pack, 1][. 

TJm and 11, are effidencies for the PHEVs transmission, motar and 
motar controllerfconverter, respectively, each an instantaneous 
value at step k; motor l1m and controller l1c values utilize experi­
mental efficiency maps of Figs. 6 and 7 found in Section 4.1. while 
transmission l1t is a constant value of 0.96. corresponding to a two­
stage. ground-gear configuration. 

T.J.blr 1 
ExperimenUI PHEV specifications. 

Physical 
Dimensions 
Wheels 
Weight 
load capacity 

~rfonnance 

Top speed 
Acceleration (0-40 km h- 1) 

Autonomy (battery only) 

Powertrain 
Motor 
Transmission ratio 

Battery pack 
Battery pack 
Sdttery type 
Sdttery charger 

L 3.48 mW. 1.52 mH. 1.90 m 
175/70RI3 
896 kg 
453 kg 

6.5 s 
95 km 

ACX-2043, 3, AC/4.8 kW 
12,44:1 

9 x 8V 
Deep cycle lead-acid 
2.5 kW 

2.5. Plug-in battery recharging drcuit 

The plug-in capabilities of the vehicle require a power converter 
to interface between AC grid power and the battery pack. This 
component is represented by an efficiency curve using parameters 
given by its manufacturer [60[ as found in Fig. 7 from Section 4.1. 
This charging circuit is used to convert power from the public grid 
into useable battery energy, as given by Eq. (6). 

_ {O, v(k )*O 
". - 1, v(k ) = ° 

2.0 

--- --
1.. 

~ 1.2 

f 
8 

,. 

0.4 

(6) 

(7) 

(8) 

2. ' 

2.0 

s-
l.l "1 

>:' 

1.0 ~ 
~ 

o.~ 

Fig. 3. 3-5tage battery charging algorithm use<! ror post-<:ycle public grid recharge. 
regulating recharge current lb according to battery voluge Vb.ml. 
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where P, and Pgrid are public~grid electrical power values at the 
battery poles and at its external source, respectively: 1Jch is the 
battery charger's instantaneous efficiency at step k, (ly is a trigger 
value to enable grid recharge only while the PHEV is stationary, Vb 
is battery voltage from the battery model ofEq, (14) below and l, is 
the recharge (urrent drawn from the public grid. The intensity of l, 
at any given step k follows a rule-based charging profile driven by 
instantaneous battery cell tension Vb,œll as ilIustrated by Fig. 3. 

2.6. Polymer electro/yte membrane fuel cell 

Modeling of the PEMFC was done in two parts, the first being the 
evaluation of its efficiency, once again defined by an efficiency 
curve in Fig. 8 of Section 4.1. PEMFC efficieney can be defined in 
various ways, from minute in-cell reaction rates 1611 to general 
system-wide values incorporating ail auxiliaries 162). The latter was 
chosen, as shown by Eq. (9), 

(9) 

where PFC is the fuel cell power directed to the battery pack. u· is 
the power demand signal from the optimal recharge profile, !fFC is a 
scaling factor corresponding to the fuel ceU's maximum power 
output and '1FC is the instantaneous system efficiency at step k. The 
fuel cell can operate in blended mode with the PHEV's systems at 
any time during the driving cycle. 

To monitor the hydrogen fuel spent during recharge intervals, 
the relations shown in Eqs. (10)-(12) are used. These utilize the 

. higher heating va lue (HHV) of hydrogen, in keeping with the con­
servative parameters of the PEMFC's system-encompassing effi­
cieney curve 162). 

(10) 

(11) 

(12) 

where PHi is the energy required in hydrogen form for a given 
~ower demand ilFc:. fJFC is the fuel cell's efficiency map, QH! is the 
now rate of hydrogen, HHV is hydrogen's higher heating value of 
141.9 x 106 J kg- 1 and mH! is the hydrogen mass consumed during a 
given step k of length Il.t. 

2.7. Bartery electrical model 

The battery electrical model is based on the work presented in 
Ref. 124); where interested readers will find it in full detail. Its 

Cl 

Fig. 4. Batt~ry equiva[~nt circuit mod~1 diagram. modified using experimental man· 
ufacturer's data curv~s C(I~ }. C(6~) ilnd l'fit. found in f'igs. 11-13 respective[y. 

7 2 

equivalent circuit is summarized in Fig. 4; the core equations linking 
this model to the PHEV power balance (1) are Eqs. (13 )-115). 

Vb(k) = Emo(SOC, 6b) - lb(k)Ro(SOC) - /m(k)R2 (SOC) 

- RI (SOC)/m (k)el- I/" ) 

1 (k) = [PfC(k) + Pg(k) - Pm (k)] (SOC) 
b Vb (k) eb 

(13) 

(14) 

(15) 

where Vb and 'b are battery tension and current, Emo, Ra. RI and R2 
are the equivalent circuit's elements from Fig. 4 dependent on 
battery state-of-charge SOC and/or temperature tJb, t is the elapsed 
discharging time. 'Tl is a time delay value and eb is battery charge 
acceptance. 

Since the battery pack acts as a noating OC bus within the PHEV's 
architecture, as shown by Fig. 1. it is subjected to every other power 
source (15); its charging/discharging current is therefore dependent 
on the power balance of the whole system and on its tension Vb at a 
given step k. Negative currents utilize the circuit model's varying 
resistance elements to reproduce discharge efficiency; charging 
uses an additional value Eb ta represent diminishing charge accep­
tance observed at high SOC values, as round in Fig, 12. 

The equations for battery charge (16), state-of-charge and 
capacity (17) are central ta the degradation model proposed in 
Section 3. 

Q.(k + 1) = Q. (k) + Im (k)ll.t 

SOC(k + 1) = SOC(k) _ Q.(k+ 1) 
C,(k + 1) 

(16) 

(17) 

where ~ is battery charge, lm is the current f10wing through the 
battery's main branch, SOC is state-of-charge and C6 is degraded 
battery capacity, each for a given step k of length M . 

3. Battery degradation model 

The battery degradation model predicts the graduai loss of 
battery performance and its remaining Iifetime. White it is separate 
from the equivalent circuit modeJ, the two are c10sely intertwined. 
Degradation is modeled to account for a broad range of operating 
conditions by the conjunction of multiple modeling principles 
130,32,33,391. This section breaks down the proposed degradation 
model according to individual stress factors, 

3.1. Discharge current 

Batteries hold a finite amount of electrochemical energy which 
can be extracted via a discharge current until said "capacity" is 
reached. A similar principle can be applied to describe battery life, 
using an analogous capaciry value estimated for the battery's entire 
Iifetime. Discharge currents are tallied ta account for this spent 
"lifetime" until end-of-life (Eol) is reached: this limit is pre­
determined at 80% of the batteries' initial capacity, as is s'tandard 
practiee in the industry )41.63). Unlike battery energy, recharge 
does not reverse this loss. This approach is based on the "Ah­
throughput" technique, and was designed within the framework 
described by Ref. 130!, as found in Eqs. (18)-(21). 

"l, (1 (k))ll.t 
6(/d, k) = L...k~. d 

CA,max 
(18) 
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Id(k) = { /bO(k,)' Ib(k»O 
Ib(k) < 0 

DOD(k) = 1 - SOC(k) 

(19) 

(20) 

(21) 

where 0 is degradation fraction as a function of discharge current Id 
and simulation step k. C;,,11laX is maximal battery lifetime capacity, 
(nom is battery nominal capacity, DOO is depth of discharge, "cycles 
is the number of discharge cycles at the corresponding 000. 

The data from Fig. 5 expresses battery lifetime as the number of 
times a battery can be discharged/recharged, or cye/ed, ta a given 
DOD until EoL is reached. Discharge currents drained From the 
battery are cumulated, thereby accounting for extracted energy in 
Eq. (18); once the lifetime value Cl,ma is reached, the battery has 
reached EoL C~max is obtained numerically by finding the 
maximum value of Eq. (21) over the full range of DOD levels 
(0-100%) using manufacturer's data relating DOO to a number of 
charging cycles 1411, as shawn in Fig. 5. 

32. Depth-of-discharge 

The relationship represented by Eq. (18 J does not take into ac­
count the additional stresses observed when operating at high 
levels ofdischarge, even when discharge currents are minimal 134J. 
To remedy this, a stress factor <PooD is determined, as shown by Eq. 
(22). 

4>ooo(k) = 1 + (C,.m~ - C, (k)) where C" max 2: C,(k) (22) 
l,max 

C,(k) = C,(k) X DOD(k) X n"des(DOD) (23) 

where <PooD is the depth-of-discharge stress factor, CA is battery 
lifetime capacity at Co, 000 and "cycles. instantaneous values for 
battery capacity, depth-of-discharge and the associated cycle 
number from Fig. S, respectively, at a given step k. 

The battery's instantaneous lifetime capacity CA is determined in 
a similar manner as CJ..m.u: ofEq. (21) but according to instantaneous 
operating conditions. During discharge. deepening battery DOD 
levels draw CA further away from the maximum capacity reference 
point CJ..max: this causes the stress factor <PooD to grow from 1 to 
larger values at deeper discharge levels. This factor is used ta 

'''''''' ;-~~-,.~--,-~~,-;:-~~~~--;-~~-, 

1 1~ 
1; 

.li ! tOOJ j ...... "', .... , ..... , , .. " ............ ".,,--'!-

'oo L-~---r--~~ __ -r--~--~-+--~~ 
m ~ ~ ~ ~ m M 100 

Depth of dlsc:her,e (" of Nominal Capadty) 

f1x. s. Battery lifecycle number vs. depth-of-discharge (DOO) from manufacturer's d,,,,, 

accelerate battery degradation through amplification of the cu­
mulative discharge current (18), as shawn by Eq. (24). 

l:t~(ld(k)4>ooo(k))At 
CA,max 

(24) 

33. Calendar life 

The previous relations fail to represent the effects of calendar life, 
defined as the continuous degradation experienced by the batteries 
even when not in active use 164 J. While these factors cannot be directly 
managed by the proposed DOD-based recharge strategy, typical ve­
hicles are driven for a few hours out of each day: the remaining 
downtime and the associated degradation cannat be ignored. 

This was modeled based on the Arrhenius relation, which de­
scribes the time-temperature dependence of reaction rates 
[39.65J. Knowing the activation energy associated with lead-acid 
battery degradation 139J allows the computation of this reaction 
rate for a given battery temperature, as shawn by Eq. (25). 

(25) 

where Ob is battery core temperature, Orefis a reference temperature 
value of 293.15 K (20 "C), A is an exponential prefactor, fa is the 
approximate activation energy required for battery degradation­
inducing reactions of 50 kJ mol- l, R is the universal gas constant 
of 8.314 J mol- I K- 1 and Àn"" is battery float lifetime given by its 
manufacturer !42J. approximately 8 years. Battery core tempera­
ture variations Ob were represented uSing the simple model pro­
vided by Refs. 1241, which emulates internal-resistance joule 
heating; ambient temperature is maintained at a constant at 20 oC, 
the same as reference value Ord. 

Battery float life ).f1O<1t represents the maximum amount oftime a 
given battery can be stored under optimal. fully charged conditions; 
this value is reduced at low charge levels. even if the battery is 
unused 139J. Ta represent this, the stress factor ~ooo was added ta 
Eq. (25 J. This relationship continuously tracks the passage of time 
both when in and out of active vehicle drive cycles, accounting for 
degradation occurring off-cycle as weil. 

The complete degradation model of Eq. (26) is a summation of 
bath separate cumulative values obtained from Eqs. (24) and (25). 

l:%~" (Id(k)4>ooo(k))at 
Cl,max 

l:t~ [(Ae-E../R(,.(k)-''''))4>ooo(k) M 

+ ).noat 

(26) 

The resulting parameter 0 cumula tes the spent lifetime of the 
battery pack according ta its operating conditions and usage history 
at step k, growing from completely new (0%) ta EoL (100%). where 
replacement is necessary. 

3.4. Performance degradaôon 

The effects of degradation are cumulative and have graduai re­
percussÎons on battery perfonnance throughout their lifetime. This 
is represented through the usage of a degraded value for battery 
capacity, as described by Eq. (27). 
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(27) 

where C is battery instantaneous capadty as a function of battery 
current lb and temperature Ob and Eol is battery end-of-lire as an 
80% fraction of its nominal capacity ( nom. 

As degradation grows from 0 to 100%. a fraction of nominal 
battery capacity corresponding to Eol Jevels is removed from the 
PHEV's useable battery capaciry, as utilized by the battery model of 
Eq. (17). The growth ofthis parameter not only leads to less useable 
capaciry, i.e. more recharge for similar driving cycles, it is reflected 
on ail SOC-dependent elements of Eq. (14) from the modified 
equivalent circuit model represented in fig. 4. 

4. Experimental model validadon 

The models used throughout this work were patterned after a 
physical PHEV [66J, shown in Fig. 6, to facilitate their validation 
process. This Iight-duty truck was originally a battery electrie 
vehicle (BEV) instrumented to serve as a research platform. It is a 
series-configured low-speed PHEV primarily powered by a 271 kg 
pack of nine 8 V "deep cycle" lead-add batteries connected in series 
[4OJ to energize its single 5 kW, 3-phase electric motor 167J. Me­
chanical linkage is kept to a minimum, with the main motor coo­
nected directly to the rear wheels via a tixed-ratio gearbox. 
Secondary energy carriers, outside of its plug-io capabilities, 
include a hydrogen-fueled PEMFC [681. The PHEV's overall speci­
tications can be found in Table 1. 

4.1. PHEV models validation 

The primary input signaIs driving the PHEV physieal model are 
instantaneous speed values given by its driving cycle, as found in 
Fig. 2. The driving cycle's speed, length, duration and the resulting 
battery SOC are coherent with the specitications given by Table 1. 

'OO'r-----~----~----~'~·,----_,------r_--__, 
• 

~::Î .. : J 40 0 

w 20 

.. 

2000 .000 """ 
Power 0uIptA('N) 

'" 

SpMd(RPM,\ 

1 
0 Er.pern.ntalOtU 

. -P~FiI: 

'0000 '2000 

..... o~ 60 : 

...••.• ;: ' 

fig. 7. PHEV motor effidency 'II .... 6:perime.ntll d.at.a re..adings Induding polynomi.al fit 
rurve (.) .nd spttd/torque. distribution map (b~ 

Physical parameters used by Eqs. (2H 4), i.e. vehicle's mass m" 
maximum linear speed v, aerodynamic coefficient Cd. frontal area Av 
and wheel radius rw were ail obtained experimentally through 
direct measure and/or road test protocols. 

The vehicle's 5 kW, 3-phase asynchronous motor's general specs 
can be found in Table 1; its efficiency map ~m from Eq. (5) is found 
in Fig. 7. This map was built From experimental data extracted From 
both engine and chassis dynamometer testing protocols [69J per­
formed by our team. 

The PHEV uses a specialized motor controller to ensure satis­
factory drivability; this device also acts as an electronic power 
converter that follows an efficiency curve 1/, used in Eq. (5) as 
provided by its manufacturer POJ in Fig. 8, between the PHEV's 

Fig. 6. The experimental plug·jn hybrid electric vehlcle: bick enclosure covers on-board hydrogen cylinder and PEM fuel œil system. 
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10 
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FIg. 8. Efficiency rurves for power converters usee:! by the mOlor contrelltr 'le and 
b.1ttery rtdluge drcuit 'kil. 

batteries and its 3-phase asynchronous motar. Driver input and 
vehicle response is assumed ta be in sync at ail times. In similar 
fashion, the vehicle's circuit used for plug-in battery recharge ofEq. 
(6) rollows an efficieney curve ~ch provided by its constructor 1601. 
also round in Fig. 8. 

Finally. the PHEV's fuel cell system was modeled according to its 
physical counterpart. using the parameters and efficiency curve 
from Fig. 9 given by its manufacturer 1681. ln addition. its hydrogen 
cylinder's capacity, power output and duration are coherent with 
the models of Eqs. (9)-(12). 

One should note that while the original vehicle's specifications 
are common amongst similar light-duty trucks, the presence of a 
PEMFC is not. This particular example was outfitted with one for 
the explicit purpose of serving as a research platfonn, and WolS 

transposed here as an additional element to reinforce our 
hypothesis. 

42. Battery model validation 

Battery characterization was realized using an additional refer­
ence found in Ref. [2S[ which describes an experimental protocol 
meant to distill the battery model's parameters from Eq. (14) and 
Fig. 4 from simple discharge tests. This protocol was iteratively 
applied to the same batteries used by the physical PHEV using a 
specially designed test bench. This bench uses adynamie load 

10 

10 20 )Cl 40 50 80 70 80 iO 100 

R ....... PQW*'~"") 

fi&. 9. PEMFC systtm tffidtncy CUNt l'/FC. 

~~--------------~--------------~ Id' 

~0~~--~2~~'--~--~5 ~0~~--~2~~'------~5-J55 
Tm.(h) T_OI) 

Fil- 10. 5.lmplt results From txptrimentôlll batttry discharge ttsts vs. simulôll tion results 
ètôllmbitnt ttmperaturts 0(25 · C wing 50A (a)ôllnd 75 A(b) .nd ôIIt 4O · C using 50 A(e) 
.nd 75 A (d) disch.rgt cumnts. 

driven by LabViewCl software to impose a controlled discharge 
current on the battery pack, recording its tension profile. The full 
spectrum of expected PHEV discharge currents were tested, 
providing a semi-empirical model through the assembly of the 
obtained parameter sets; sample results of this validation process 
are shown in Fig. 10. 

It is well-established that battery capacity C is heavily depen­
dent on its discharge current and temperature (26). The original 
model 1241 included straightforward equations representing ca­
pacity dependence on both factors; they were replaced byexperi­
mental data tables of Fig. 11 and Fig . .12 describing each of these 
relations 140.411. Iikewise. battery recharge behavior e. from Eq. 
(15). representing its diminishing charge acceptance at high SOC 
values. WolS modeled using an experimentatly-defined charge effi­
cieney curve found in Fig. 13 142]. 

5. Global optimization process 

The olim of this paper is to analyze the response of an economy­
based optimal process focused on operating a PHEV at minimal cost 
while considering battery degradation. hydrogen fuel and grid 
recharge expenses. One way to design this process is to apply a 
global optÎmization technique capable of minimizing a multi­
criteria objective function over a full daily cycle. For this task, a 
DDP [711 algorithm was developed. The product ofthis algorithm is 
a closed-Ioop statie controller ensuring that for every admissible 
state value, the optimal control u· is known; this infonnation is in 
turn applied to a forward daily cycle to evaluate its performance . 

!'" , ... 
! u. 

• l'l\·GCtiCr. oI ..... 

-t:I\·GCtiC )_....-~ 

. ~~-c----------~------------------
• ••••••••• _rn _____ m __ _ 

lMKhraentn~IA) 

Fig. 11. Ba.tttry c.1p.i1dty dt:pendenct on discmrgt currtnt, txpe:rimentôlll dôllti points 
.nd best·fit CUNe used for tht numeriCôllI modt!. 
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Fig. 12. Battery cap<ICÎty dependence on tempeJ01ture for different discharge cuITent!, 
relative to nomiO.1] QPOlcity Olt ambient temperature [41}. 

5.1. State and control variables 

We first need ta define the state variables required ta solve the 
DDP algorithm. These represent the various PHEV consumables ta 
be minimized, as shawn by Eqs. (28)-(30) below. 

xH,(k) E X H, (28) 

(29) 

(30) 

where XH2 is the hydrogen fuel spent during the cycle, X6 is the 
amount ofbattery degradation and xQe is the battery charge, each at 
timestamp k and subject ta a specifie admissible range of state 
values Xs detailed in Section 5.4. 

Ta achieve an optimal solution, the algorithm uses a single 
control variable: the fuel cell power demand required ta manage 
batte!)' DOD through recharge (31 J. 

(31) 

100 

\ 
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80 

\ 
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10 
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Fig. 13. Battery charge acceptance e", ~presenting the diminishing effects of recharge 
currents at different levels of battery Soc. 

where u is the control value applied ta the fuel cell system, subject 
ta control canstraints UFC described in Section 5.4 . 

52. Perfonnance criteria 

Next, we define criteria to evaluate the performance of every 
decision taken by the algorithm. Since this study is focused on 
economic performance, these criteria were designed ta account for 
the tinancial expense related to each consumable. beginning with 
hydrogen fuel (32) and (33). 

(32) 

(33) 

where CHl is the criterion representing hydrogen fuel expense. M is 
the number of timestamps i dividing a given step k, mH) is the fuel 
cell hydrogen flow rate as defined by Eq. (12) in Section 2.6, ~tj is 
the sampling time of i and CXH) is the cast of hydrogen fuel in 
SCAN kg- l 

The equations of Eqs. (32) and (33) are used ta monitor the 
cumulative cast of hydrogen fuel consumed for battery recharge 
over a given simulation step k. A similar relatianship is used ta track 
batte!)' degradation costs (34) and (35). 

(34) 

(35) 

where C6 is the criterion for battery degradation cast, ab is the 
battery pack cost in SCAN, Qi is battery degradation for a given 
sample time i as defined by the complete degradation model (26) 
found in Section 3.3. 

Using Eqs. (34) and (35) allows the algorithm to associa te a 
tinandal weight ta graduai battery pack degradatian: as operating 
conditions push 0 doser ta Eol.., a carresponding fraction of the 
pack's replacement cost is added to the PHEV's aperating cast. 

Finally, we use the relationship of Eq. (36) ta account for post­
cycle public grid recharge of the batte!)' pack. 

(36) 

where C(le is battery post-cycle recharge expense, N is the final step 
of the daily cycle and ag is the public grid cast in SCAN kWh- l

. The 
recharge expense related ta final charge state xQe(N) is evaluated 
according to the plug-in PHEV circuit. as defined in Section 2.5 and 
Eq. (6). 

This equatian adds a recharge cast ta the optimal solution at 
the last step of the active driving cycle, as plug-in recharge 
accurs when the PHEV is statianary. Hawever. this predicted 
cast is taken into account throughaut the cycle, since depleted 
batteries require post-cycle recharge expenses and degradation 
that can be minimized through anticipa tory battery charge 
management. 

5.3. Objective function 

We combine previaus criteria inta Eq. (37), an Objective function 
used ta evaluate the performance of every decision taken by the 
DDP algarithm, for every admissible state Xs and control value u at 
every step k. 
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/(Xs , u,k) = ~ (ta [CH, (XH, , u,k)2 + C, {X"k)2] + Cg (XQ<) 2 ) 

(37) 

wherej is the objective function for every state Xs and control u at 
every step k, while N is the total number of steps k dividing the daily 
cycle. The solution is not weighted towards a specifie goal, 5uch as 
extending battery lifetime or reducing fuel consumption: its sole 
purpose is keeping each state/economic cost close ta zero. 

5.4. Constraints 

To agree with the simulation models and the physical mecha­
nisms they aim to represent, we must apply constraints on bath 
state and control variables. In general farm. the state constraints 
are: 

(38) 

(39) 

(40) 

where Xs min and Xs max are minimal and maximal admissible values 
Qver a d~ily cycle ror each individual state, respectively. 

Each state variable is representative of a consumable used 
during PHEV operation over a daily cycle; minimal and maximal 
values for each state are predetermined outside of the optimization 
process by simulating a cycle using the PHEV models of Section 2 at 
corresponding boundary conditions. 

The single control constraint, the recharge command sent to the 
PEMFC, is limited by: 

(41) 

where Umin and Umu are the minimum and maximum relative 
control values for the recharge signal to the PEMFC, respectively 
o and 1. The final power output is limited by the PEMFC model, as 
described by Eq. (9) in Section 2.6. As with state constraints, only 
operating Iimits are considered; rates of change are not constrained 
and control response is supposed instantaneous. 

An additional constraint is applied to the battery pack's SOC 
level, as described by Eq. (42) below. 

(42) 

where SOCmÎn and SOCmax are the minimum and maximum ad­
missible state-of-charge levels for the battery pack at any given step 
k. 

This constraint is implemented as a soft timit on battery SOc. 
adding a cost penalty to recharge trajectories that approach the 
boundary SOC levels of Eq. (42). Its objective is to operate the 
battery pack within safe margins, leaving enough free capacity to 
prevent excessive battery charge and/or discharge during 
operation. 

Finally, functional constraints applied throughout the process 
are represented by the following: 

(43) 

(44) 

(45) 

(46) 

(47) 

Vmin :$ v(k) :$ Vmax (48) 

(49) 

where the minimal min and maximal max Iimits for battery tension 
Vb, battery current 'b, power output of the motor Pm, public grid Pg 
and fuel cell l'Fe, PHEV linear speed v and hydrogen fuel reserves 
mHl are represented, each set according to their respective manu­
facturer's data and/or experimental characterization as defined in 
Section 4. 

6. Results and analysls 

We apply the optimization process as described in Section 5 over 
a single daily cycle, iterating for a broad range of discrete cost values 
for hydrogen 1721, battery [40J and public grid [73J to explore the 
influence of each cost value on the optimal battery degradation 
management's outcome. The results, unless noted otherwise, are 
presented as a grid of data points, each one the result of a fully 
optimized dailycycle: only discrete values for a H

l 
(32), ab (34) and ag 

(36) used by the objective function of Eq. (37) are iterated upon. 

6.1. Hypotheses 

The models used for this study were pattemed after, and vali­
dated using an experimental Iight-duty PHEV, as described in 
Section 4; its power demands, driving cycle, operating costs and 
energy consumption profile reflect this classification. Also, fuel cell 
assemblies exhibit degradation phenomena of their own, which 
can be managed through entire ly ditTerent methods [621. These 
were not represented: the PEMFC is assumed to be well-managed 
and to function adequately for the PHEV's useful lifetime, i.e. 
without replacement of the system. This is done to explicitly focus 
our study on the consumable fuel and grid power needed to 
manage battery degradation, as fuel cell degradation management 
is a complex research domain in its own right 17475J. Moreover, 
these still-experimental devices carry a prohibitive cost that would 
dominate the optimal solution and trivialize the battery degrada­
tion management dynamics we aim to explore. 

6.2. Comparative study 

To demonstrate the effectiveness of the proposed optima] power 
management strategy, we compare its results to 3 commonly-used 
strategies 1501: 

1) Unmanaged, Le. without intervention, 
2) Simple rule-based energy management (SRBEM), 
3) Charge depleting and sustaining energy management (CDSEM). 

The unmanaged approach is used as a comparative baseline and 
represents the completion of a daily cycle without any degradation 
management intervention: in effect, we ran the daily DDP algo­
rithm with ail parameters intact except for battery degradation. 
which we removed from the decision process of Eq. (37). The 
SRBEM strategy allows the battery to discharge to a predetermined 

77 
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Fig. 14. To~1 daily operating costs result grid map according to discrete hydrogen fuel aH) and battery pack costs ab at a fixed public grid value a, comparing battery degradation. 
~ optimization vs. unmanaged (a) and SRBEM and CDSEM (b) alternative management strategies. 

minimal level SOCmin, at which point it activa tes the PEMFC Olt a 
constant power value of ~ until battery charge rises to a level 
greater than a given value SOCmax. The CDSEM approach opera tes 
similarly until discharge reaches SOCmin, but uses the PEMFC to 
match the power transients of the driving Joad, effectively main­
taining the battery charge Olt SOCmin for the remainder of the cycle. 
Those discharge limits were set at 25% for SOCmin and 75% for 
SOCmax, the standard values found in literature [76J. 

The results of Fig. 14 illustrate the operating cost comparison 
between optimized results and the unmanaged scenario over a 
wide range of hydrogen and battery cost values. In ail cases, the 
optimized total operating cost is inferior to the unmanaged one, or 
is identical where cast values prohibit fuel-powered battery 
recharge. Also, fig. 14 demonstrates a similar comparison with the 
SRBEM and CDSEM management techniques. The same conclusions 
hold true: the optimal operating costs are weil below those 
resulting from both alternative methods. 

However, total operating costs fail to represent the dynamics 
between the underlying energy carriers. To explore further, we 
examine the detailed hydrogen fuel consumption of and battery 
degradation evolution of fig. 15 over a single daily cycle for an 4 
management solutions. Ali used fixed component costs values: 
overalJ comparative performance results are presented in Table 2. 
These results hint Olt the importance of battery degradation within 
the system: Fig. 15 shows that hydrogen consumption was highest 
using the optimal management strategy: it WOlS also distributed 
throughout the cycle. as opposed te the late. sharp output of the 
SRBEM and CDSEM methods. fig. 15 also shows that this distributed 
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recharge is more effective at slowing battery degradation, resulting 
in degradation costs, and ultimately overall costs, below alternative 
methods, Finally, Table 2 summarizes that the optimal solution 
exhibits the lowest daily total operating cost, as weil as minimal 
costs for bath battery degradation and grid recharge, even though 
its hydrogen consumption is highest. [ts projected long-term costs 
are highest as a result of its 715-day battery Iifetime, which is over 
36% longer than an unmanaged battery pack under similar condi­
tions. ln ail scenarios, the unmanaged option results in no hydrogen 
consumption whatsoever: this is coherent with our initial hy­
pothesis that, since the battery pack is of suffident capacity to 
complete the driving cycle, any additional fuel expense is used 
solely for battery degradation management. 

6.3. Economical sensitivity study 

The results of Fig. 16 represent the economic impacts the battery 
pack and hydrogen fuel costs. for a fixed grid cost value, on the total 
operating costs of an optimal daily cycle. 

The average rate Olt which each parameter contributes to the 
overall operating cost is slightly more pronounced for battery 
degradation (10%) than for the fuel coslS (9%). Also noticeable is a 
tendency for hydrogen fuel-induced cost growth to stail at lower 
battery cost values: this is a result of the optimal solution reaching a 
cost-ratio threshold beyond which an hydrogen recharge is 
disadvantageous. 

To better iIIustrate this effect, we observe the influence of the 
costs of hydrogen fuel and of the battery pack. again for a fixed 

Fig. 15. CaUy hydrogen fuel consumption cost (a) and battery degradation cost (b) evolution curves comparing battery degradation-~ optimization results vs. unmanaged, 
SRBEM and CDSEM alternative management strategies. 
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T.lble2 
Comparative results for alternative management strategies. 

Unmanaged Optimal 

D.y Ure D.y Ufe 

H, 1 1 
1 0.70 0.95 
Gnd 0.66 0.89 
Total 1 0.98 1.35 
ure 527 715 1.36 

Fig. 16. Total daily operating cast grid molp iIIustriiting the optiffidl ffidnOigement 
stra~gy's response to discrete hydrogen fuel a~ ;md battery pack costs a~ at a fixed 
public grid value a., 

Fig. 17. Estimated battery Ijfcrime grid map ilIustrating the optimal man.1gement 
str.l.tegy's response to discrete hydrogen fuel aH~ ;md battery p.ack costs ail at il fixed 
public grid value a,.. 

power grid value. this time focusing on the estimated battery life­
time, as detailed by Fig. 17. These results indicate that both 
maximum and minimum estimated lifetime values occur at con­
stant plateaus, respectively representing solutions where no bat­
tery discharge and full battery discharge (i.e. no fuel expense) are 
optimal. These extremes are of little interest; as such, the optimal 

'D.ble3 
Cost ratio boundaries. 

Cost ratio lowerlimit Upper limit 

Battery packH1 295:1 545:1 

SRBEM CDSEM 

D.y Ufe D.y Ure 

0.97 0.80 0.40 0.33 
0.87 0.97 0.88 0.98 
0.78 0.87 0.89 1.00 
1.14 1.28 1.00 1.12 

589 1.12 589 1.12 

Fig. 18. Estimated battery lifetime grid map according to discrete hydrogen fuel a~ 
and battery P1lck costs ab at a fixed public grid value as. displaying the acrual cost of 
the components used by the experimental PHEV. 

battery management strategy is expected ta be viable within 
certain boundaries. Those results also suggest that ratios between 
the main cost components dictate these boundaries. Using the data 
from Fig. 17 allows for the approximation of these boundaries, 
shown for a fixed grid cost value in Table 3. 

We then use a tighter set of economic values more c10sely 
centered on current (as of2014) cost values for each component, as 
shawn by fig. 18. Highlighted within Fig. 18 are the actual cast 
values for each parameter as they are found on the experimental 
platform used for validation. This doser foeus illustra tes that the 
cost of each component involved falls weil within the range of 
application defined in Table 3. 

The effects of the public grid costs on total operating costs are 
demonstrated by Fig. 19. This figure represents the optimal total 
operating costs for various grid cost values, again presented as a 

Fis- 19. Total daily operating rost grid map according to discrete hydrogen fuel aH. and 
battery pack costs abo represented for various grid cost values a" 
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FIg. 20. Daily optimal recharge profile u· for identical fixed hydrogen fuel and battery 
pack (ost values, represented for various public grid rosts. 

function of bath fuel and battery pack (osts. Results show that the 
influence of power grid costs is more subtle than bath batteries and 
fuel costs. shifting the overall solution slightly but without much 
impact on its profile. Total operating costs are therefore largely 
influenced by fuel and battery costs. 

However, the significance of grid recharge costs is better rep­
resented on a smaller scale: Fig. 20 illustra tes its importance on a 
series of optimal recharge profiles using progressively higher grid 
priees for identieal battery and fuel cast values. It shows that a 
slight variation in grid costs can alter the optimal recharge profile 
significantly. 

The data from Fig. 21 highlights another effect caused by this 
same variation. This figure breaks down the individual cumulative 
costs From the same optimal cycles covered by Fig. 20 and iIIus­
trates the results of two optimal cycles with a rise in public grid 
priee from 0.10 $ kWh- ' ta 0.12 $ kWh- ' . It highlights a substantial 
trade-off between hydrogen, battery degradation and grid power 
with minimal impact 00 the total operatiog cost, as the compara­
tive data from Table 4 demonstrates. This suggests that For certain 
conditions, the balance between fuel and battel)' degradation costs 
can be upset by slight variations in grid cost. 

7. Discussion 

Cast growth rates from Fig. 16 are shown to be on a comparable 
level for bath battel)' degradation and fuel costs. This reveals that 
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T.bJe4 
Comparative results fOf difTerent grid costs. 

H2 fu el 
Battery degradation 
Grid recharge 
Total operating cast 

0.10$ kWh- 1 

0.12 
0.70 
0.18 
1 

0.12 S kWh 1 

059 
035 
0.06 
1.01 

Difference 

+0.47 
- 035 
- 0.12 

0.01 

batteries have a major impact on optimal operating costs when 
their degradation is taken into account, even when competing with 
a relatively expensive fuel source. Sorne information can be gleaned 
outside the boundaries determined by figs. 17 and 18 and Table 3, 
where optimal solutions fall into all-or-nothing recharge behaviors. 
High ratios, where the battery pack is much more costly than 
hydrogen fuel, ultimately render any battery discharge disadvan­
tageous: in this range, ail driving power is assumed by the PEMFC, 
Since this energy is finite for a given driving cycle, fuel-related 
expense eventually settles at a linear rate according to its rising 
cast. However, since even fully-charged batteries inexorably 
degrade as a function oftime and tempe rature (25j, their associated 
expense also keeps rising, albeit at a slower rate. This suggests that 
if their degradation is accounted for, expensive battery technolo­
gies remain at a disadvantage, even when fully supported by their 
auxiliaries. This observation supports the relevance of low-cost 
battery technologies, such as lead-acid batteries, in this role: their 
low cast allows them ta operate within the boundaries where 
economical degradation management is useful in relation to cur­
rent hydrogen priees as shawn in Figs. 17 and 18. A Simple com­
parison can be made byconsidering an equivalent-capacity pack of 
lithium-ion batteries, whieh typically cast 2-3 rimes more per 
capacity unit [77,78 J, over the data from Fig. 17. Even when taking 
into account the variations from each technologies' similarly­
defined rates of degradation [79-81 J, this data suggests that 
degradation management of such expensive batteries wou Id result 
in a trivial "always-on" recharge profile. One should note that the 
cost boundaries from Table 3 are approximate guidelines and are 
dependent, albeit in a smaller capacity, on grid costs. 

We demonstrated that the impact of public grid costs on the 
overall total operating cost is understated in Fig. 19, but that an 
interesting dynamie can be analyzed from smaller-scale obser­
vations provided by Figs. 20 and 21. The former ilJustrates that, 
under specifie conditions, a nuctuation of only a few cents per 
kWh in grid priees can result in an important shift in the recharge 
profile. Moreover, Fig. 21 and its comparative results from Table 4 
demonstrate that, white the overall total expense of the optimal 
solution is barely atTected, a major shift occurs between hydrogen 
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Fi~ 21 . . Daily cumulative expense for hydrogen fuel. battery degradation and grid recharge, including summation of ail cests; represented are evolution (urves for optimized cydes 
Olt Identlcill hydrogen and battery pack values. for grid costs of 0.10 S kWh- 1 (a) and 0.12 S kWh- 1 (b). 

80 



380 F. Martel et al / Journal of Power SourctS 274 (20J5) 367- 38J 

fuel and battery degradation-related expenses. This degree of 
sensitivity stems from two dynamics: post-cycle grid recharge 
operates by recharging a drained battery pack, while the PEMFC 
mostly absorbs a part of the driving load on-the-fly. preventing 
discharge a)together. This is instantaneous, while recharge is an 
in efficient process. Thus, while raw hydrogen and grid costs are 
an order of magnitude apart. the inefficiency of the grid charging 
process can create enough disparity to upset the optima) balance; 
thererore. in a system similar to the one presented here. even if 
its overall contribution is small, grid recharge cannot be 
overlooked. 

8. Conclusion 

The intent of this work is to explore the dynamics of battery 
degradation within optimal PHEV power management strategies; 
what is presented here is a sensitivity study of such a strategy in 
relation to its economic parameters. The goals of this study are 
expected to express the economic viability of the proposed battery 
degradation management strategy. define its boundaries to ensure 
a non-trivial resolution and establish the relative influence of each 
economic factor on the optimal solution. Our results have shown 
that aIl these objectives were met. In addition to providing insights 
from an operating cost perspective, results also describe the strat­
egy's effects on the expected Iifetime of the battery pack as weil as 
establish each individual component's influence on the optimized 
outcome, albeit at different levels. As an added bonus, Jess expen­
sive battery technologies, such as lead-acid chemistries. were found 
to be weil suited to this particular economy-centric application. 
This study therefore provides a case for their viability aboard 
PHEVs, specifically where degradation and economic perfonnance 
is concerned. Immediate work will pursue the study of optimal 
battery degradation management on the full time scale (years) of 
battery degradation phenomena; this will show the resuJts pre­
sented here in their fuit context. Further work is also underway 
which will incorporate battery temperature dynamics within a 
similar degradation management strategy. including seasonal var­
iations found in northern, cold-c1imate conditions. 
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AlI that is necessary for evil to triumph is for good men to do 

nothing. 

Edmund Burke 

Agir efficacement pour durer longtemps 

LES PHÉNOMÈNES CAUSANT LA DÉGRADATION sont lents. Pourtant, le peu d'études 

disponibles sur le sujet qu'on retrouve dans la littérature ont en commun d'être 

conduites sur des échelles de temps très courtes, allant d'une poignée de secondes 

jusqu'à quelques heures. Cette situation est causée par les difficultés rencontrées 

lors de travaux de longue haleine, qu'elles soient purement temporelles dans le cas 

d'analyses expérimentales ou numériques en face de la charge de calcul requise 

pour simuler de très longs intervalles. 

Ce deuxième article propose une approche spécialement conçue afin de per­

mettre l'optimisation de l'énergie d'un VEH sur une échelle de temps représen-

tative de la dégradation de ses composantes énergétiques. Cette étude couvrant 

plusieurs années consécutives de conduite se penchera sur les répercussions économiques 

et les gains long-terme de durée de vie rendus accessibles par l'application de la 



méthode de gestion optimale proposée. 

4.1 MESURER LA DÉGRADATION À SA]USTE VALEUR 

L'article présenté à ce Chapitre s'intitule Long-term assessment of economic plug­

in hybrid electric vehicle battery lifetime degradation management through near op­

timal fuel cell load sharing et fut publié dans le volume 318 du Journal of Power 

Sources en 2016 [143]. Celui-ci s'inscrit dans la suite du cheminement débuté au 

Chapitre 3 [142] et vise à optimiser l'utilisation économique des vecteurs énergé­

tiques dégradables de VEH sur l'entièreté de leur vie utile. 

4.1.1 OBJECTIFS 

Ce second papier propose une expansion significative de la méthodologie d'optimisation 

développée au Chapitre 3 [142] permettant l'optimisation complète d'une plage 

de temps représentative des phénomènes de dégradation de batteries de VEH, typ­

iquement étendus sur plusieurs années d'opération. Ce type d'étude long-terme 

demeure notamment absent de la littérature scientifique pertinente au domaine. 

L'apport de ce travail au domaine de recherche sur les VEH se résume dans les 

points suivants: 

• La conception et la démonstration d'une approche macroscopique capable 

de réaliser une gestion optimale de la dégradation de vecteurs énergétiques 

de VEH tout en couvrant l'entièreté de la vie utile de son pack de batteries. 

• L'inclusion de plusieurs vecteurs énergétiques à l'étude de gestion optimale 

de dégradation proposée, incluant ici la détérioration simultanée de ses bat­

teries et de sa pile PEMFC. 

• Une étude examinant les performances énergétiques et économiques de la 

gestion optimale de dégradation lorsqu'appliquée à long terme, tant au niveau 

détaillé examinant le comportement d'un cycle individuel qu'en termes macro-



scopiques en vue d'évaluer les gains en durée de vie produits par l'application 

de la méthode proposée. 

4.1.2 MÉTHODOLOGIE 

Une méthode originale d'optimisation capable d'approcher l'étude long-terme est 

détaillée à l'intérieur de l'article. En gros} celle-ci propose un algorithme itératif 

basé sur une unité temporelle de 24h} suivant des paramètres comparables à l'étude 

précédente. Cet algorithme permet de répéter l'optimisation par programmation 

dynamique successivement sur plusieurs "jours" de 24h en mettant à jour ses per­

formances dégradées en continu} permettant ainsi de conduire une étude cumu­

lative sur une large plage de données. On note cependant que ce procédé produit 

une somme d'optima qui} bien qu'absolus relativement à chaque cycle individuel} 

ne constituent pas} d'un point de vue strictement analytique} l'équivalent d'un op­

timum global conduit sur l'entièreté de la plage étudiée. 

La performance de la méthode développée est évaluée en termes comparatifs 

de performance} d'économie et de durée de vie versus une série de principes de 

gestion alternatifs basés sur des règles statiques} de façon comparable avec le travail 

précédent. Ces résultats sont présentés sur deux échelles} soit sur la base d'un cycle 

individuel de conduite ou dans une optique globale à long-terme. 

En dehors de l'aspect majeur de l'approche long-terme} ce travail redresse plusieurs 

limites relevées dans l'étude précédentes} notamment par la création d'un modèle 

de VEH correspondant à une berline commerciale} incluant non seulement une 

mise à jour des paramètres mécaniques mais également une adaptation complète 

de ses modèles de batterie (électrique et dégradation) à une chimie moderne à 

base de lithium-ion. On souligne également que les paramètres utilisés pour la 

caractérisation de ce nouveau modèle de batterie furent extraits expérimentale­

ment à l'IRH à partir de blocs de cellules LiFeMnPO 4 spécifiquement conçus pour 

les applications automobiles [87} l07} 156]. De plus} ce nouvel ouvrage inclut un 

modèle d'évaluation de la dégradation de la PEMFC utilisée pour le support du 

pack de batteries dont les coûts de dégradation sont en concurrence directe avec 
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les efforts visant à mitiger l'usure de ce dernier. Finalement) le cycle de conduite 

répétitif utilisé précédemment fut remplacé par un assemblage composite de cy­

cles standard visant à reproduire de façon naturaliste une conduite urbaine typique 

d'aller-retour vers le travail) tel qu'il est plausible de rencontrer lors d'une évalua­

tion de conduite cyclique à long terme dans un tel environnement. 

4.1.3 RÉSULTATS 

La nouvelle étude débute par une évaluation détaillée basée sur un cycle de con­

duite individuel en état de dégradation bien amorcé) le 1000eme cycle sur un total de 

2297 complétés. On note) sans grande surprise) que l'approche optimale produit 

un coût d'opération global nettement inférieur aux alternatives. De plus) celle-ci 

propose la solution réduisant le plus la progression de la dégradation des batteries) 

mais celle-ci est acquise en échange d'une dégradation de la PEMFC nettement 

supérieure aux alternatives. Toutefois) l'ajout de la dégradation concurrente de la 

PEMFC n'altère pas de façon exagérée la priorisation de l'énergie des batteries en 

conduite active précédemment observée. On note également une tendance na­

turelle du système de gestion optimale de maintenir le SOC des batteries aux alen­

tours de 60% ) un niveau conduisant à un taux de dégradation minimal cohérent 

avec maintes observations rapportées dans la littérature. 

D'un point de vue long-terme) la solution optimale démontre clairement sa ca­

pacité à prolonger la durée de vie des batteries à coût avantageux) indiquant non 

seulement une durée de vie accrue) mais une croissance des coûts ralentie d'un 

point de vue cycle-par-cycle. Les solutions alternatives non-optimales enregistrent 

des performances inférieures en raison de divers mécanismes) par exemple en cau­

sant une dégradation accélérée de leurs composantes ou en dépensant inefficace­

ment un excès de carburant. D'un point de vue général) les gains économiques 

obtenus par le procédé optimal versus les approches par règles statiques sont de 

l'ordre d'un mince 2-6%) mais la durée de vie des composantes à bord du VEH 

est significativement prolongée en raison de son utilisation efficace des ressources 

disponibles. 
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4.1.4 CONCLUSIONS 

Le contenu de cette étude accomplit une part des objectifs visés par cette thèse et 

complète avec succès l'élaboration et la validation de performance de la méthodolo­

gie d'optimisation à long terme centraux à ses propres buts. Les divers résultats 

proposés dans l'étude indiquent que même en présence d'une composante sec­

ondaire dispendieuse aussi sujette à des phénomènes l'usure) la gestion efficace 

de la dégradation des batteries s'impose comme un levier économique significatif 

dans un objectif de réduction de coûts d'opération de VEH. De plus) on relève que 

la technique proposée permet la prolongation marquée de la durée de vie utile des 

batteries d'un VEH à des coûts d'opération globaux économiquement avantageux. 

4.2 UNE MISE À]OUR SIGNIFICATIVE 

Ce second article s'inscrit au cheminement de la thèse comme une étape majeure 

de sa réalisation de plus d'une façon. Le point le plus significatif est sans con­

tredit l'ajout d'un l'algorithme itératif à base d'optimisation par programmation 

dynamique qui permet de conduire l'étude sur une échelle long-terme représen­

tative des conditions d'évolution typiquement lente des phénomènes de dégrada­

tion présents à bord d'un VEH. Cet item) réalisé avec succès dans le cadre de cette 

nouvelle publication) est un point central de la thèse proposée et vise à combler 

l'absence quasi totale d'études comparables dans la littérature scientifique. 

D'un point de vue moins dramatique mais tout aussi important) la mise à jour 

des divers modèles de VEH réalisée ici vers une architecture commerciale plus 

répandue fut uri pas nécessaire à l'élargissement de la portée des études à venir. 

Celle-ci inclut notamment l'inclusion d'une chimie de batterie lithium-ion plus 

pertinente à un travail moderne) qui fut par ailleurs caractérisée expérimentale­

ment aux installations de l'IRH. Finalement) l'ajout d'un modèle de dégradation 

de la PEMFC comble une limite notable) car l'étude économique de la dégrada­

tion d'une composante peut difficilement être considérée en présence d'un second 

dispositif dégradable évoluant à une échelle comparable. 



4.3 ARTICLE 2: LONG-TERMASSESSMENT OF ECONOMIC PLUG-IN HY­

BRID ELECTRIC VEHICLE BATTERY LIFETIME DEGRADATION MAN­

AGEMENT THROUGH NEAR OPTIMAL FUEL CELL LOAD SHARING 
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Hybrid electric vehicles (HEVs) (11 are the transportation 
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industry's current answer to dwindling fossit fuel reserves. global 
climate change and the associated economic, social and political 
complications, Far from being a perfect solution. this electrification 
of mass transports still requires major breakthroughs in order to 
compete. both performance 12.31 and economy-wise I41. with the 
ubiquitous internai combustion engine (ICE). Prominent among 
these solution's shortcomings is the accelerated degradation their 
energy carriers. such as lithium-ion batteries [5J and polymer 
electrolyte membrane fuel cells (PEMFCs) 161. experience when 
suhmitted ta typical driving conditions. Jeading to impaired 
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performance and hastening their replacement [7]. However, active 
control methods can act on severa! degradation mechanisms to 
reduce this damage; sorne of whieh. like controlling battery 
discharge currents and temperature variations, require the judi­
dous use of systems already on-board most current HEV platforrns. 
Unsurprisingly, each of these countermeasures also implies an 
additional cost; therefore, it is imperative that these processes are 
optirnized. This paper directly addresses this issue and determines 
the economic performance of such an optimal process over a long­
term horizon representative of a HEV battery pack's entire useful 
lifetime. 

To achieve this, we propose a scenario, detaUed in Sections 1.2 
and 4.1, in which a PHEV is submitted to a naturalistic 24-h daily 
driving pattern; during this period, the degradation ofthis vehicle's 
batteries and fuel ceU, as weil as its grid plug-in and fuel expenses. 
are optimized towards a minimal economic operating cost over the 
entirety of the pack's lifetime. Using this process, we olim to provide 
useful contributions to the current body of sdentific lite rature 
concerned with the dynamics of PHEV component degradation 
according to specifie points of interest: 

• A macroscopic approach to PHEV component degradation 
management that can process the entire useful lifetime of its 
battery pack within a near-optimal structure. 

• The simultaneous inclusion of both battery pack and PEMFC 
degradation, as weil each component's primary energy source, 
within the same PHEV energy management process. 

• Boister our results by adopting economy-cenrnc optimization 
criteria, providing easily-interpreted performance gains and 
incentives for its theoretical application. 

This article is structured as follows: the current section presents 
the background which motivated this research, Section 2 presents 
the PHEV models built for this experiment. Section 3 explains the 
optimization strategy and the process' overall structure, Section 4 
discusses the comparative results obtained from our method's 
application and Section 5 concludes on our findings. 

1.1. Background overview 

Battery degradation has been the subject of much interest from 
a modeling ~tandpoint [8-121 but is still seldom found in HEV 
energy management endeavors. Recent efforts represent their 
progression as a side-errect of other objectives such as autonomy 
extension [131 or for broad economie predictions [141. Studies 
directly addressing battery degradation in HEVs incJude stochastic 
control-based studies [151. switching algorithm development 1161 
and vehicle-to-grid concems (17}. Among the few optimization 
solutions focused on battery degradation proposed [181. discrete 
dynamic programming (DDP) has proven to be a well-suited tool 
[191. PEMFC degradation follows a similar trend. with a large body 
ofwork available on modeling [20-231 but few direct applications 
within HEV management [24.25}. To the authors' knowledge. few 
efforts that combine the degradation of both batteries and PEMFCs 
in an HEV-related context have been published; the same holds 
true when optimal control of such a system is concerned. Practical 
remedies to alleviate battery degradation include simple rule­
based control schemes [261 or use oversized battery packs [271. 
Available research that does include sorne of the above parameters 
are conducted on short timescales 128], typically over a single 
standard driving cycle [291 or a rew virtual days [301. Average HEV 
batteries degrade over several years' time [81. while PEMFCs 
operate for several thousand hours [221 until end-of-Iife (foL) 
conditions are reached; Hnear extrapolation From short-sighted 
data sets over long-term horizons ofTers questionable results 
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given the continuous degenerative nature of degradation phe­
nomena. Previously-published research from our team has 
addressed the degradation management issue in various capacities, 
such as the influence of degrading component cost fluctuations on 
their economical management !31], their characterization aboard a 
low-speed PHEV platform [321 and the resulls of high-resolution 
control over optimal battery degradation-focused recharge 1331. 

12. Problem statement 

We consider a fully charged and fueled mid-sized PHEV. 
including a lithium-ion battery pack as weil as a PEMFC, submitted 
to a repeating daily driving load. This unchecked usage pattern 
entails significant degradation of the battery pack. whieh can be 
mitigated via load sharing using its on-board hydrogen-fueled 
PEMFC. We propose an economy-centric management approach to 
resolve this issue and therefore aim to optimize the operating costs 
of said vehicle over the entire Iifetime of its battery pack, while 
simultaneously: 

• Minimizing the total operating cost of the PHEV by balancing 
the expenses from battery and fuel cell degradation, hydrogen 
fuel and grid recharge. 

• Extend the battery pack and fuel cell's usefullifedme. 
• Provide sufficient flexibility and computational efficiency to 

allow for such a large-scale optimization. 

This work achieves these objectives by running PHEV models 
through our DDP optimization process' repeating, cumulative 
cycling as described in Section 3. This process is further repeated 
until battery fol conditions are reached, thus applying our energy 
management strategy and monitoring its long-term development 
over the entirety of the PHEV's battery pack's Iifetime. The meth­
odology proposed here is designed as a simulation-based predictive 
tool: direct practical application will require an entirely different 
approach that is outside the scope of this article. Our results 
demonstrate the economical and component Iifetime gains ach­
ieved in both short and long-term timescales, as weil as insights 
into the dynamics at play within the proposed PHEV management 
strategy. 

2. PHEV models 

This section describes each of the numerical models used by the 
proposed optimization strategy. The basis for the mechanica! PHEV 
model used in this research WolS patterned after the commercially 
available Chevrolet Volt [341. To suit our degradation-centric pur­
poses, its battery pack chemistry was adapted to exploit available 
UFeMnP04 experimental data from our lab: it also uses a PEMFC as a 
secondary generator instead of its standard ICE-based engine. This 
is done specifically to include its degradation in our study. Never­
theless, our focus on battery degradation management motivated 
our choice towards a configuration involving a large battery pack 
supported bya smaller secondary generator (as it is found aboard 
the Chevrolet Volt [34J). as opposed to a full-sized fuel cell hybrid 
vehicle. This PHEV's general specifications are found in Table 1. 

2.1. fnergy balance 

Ta properly define an energy management strategy, it is 
imperative to establish the relationship between each energy­
processing component (1) found within the PHEV's series­
configured [11 architecture. 
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nblet 
General PHEV specifications. 

Dimensions 
Whttls 
Mass 
AerOOynilmic drag 

Motor 
PEMFC 
EJectricrange 

Batrery type 
Number of cells 
Nominal tell voltage 
Nominal system voltige 
Nominal cell capadty 
Nominal pack capacity 

lA.49 m Wl .78 m H1.43 m 
R17 
1721 kg 
0.287 

111 kW (p .. k) 
62 kW ("".k) 
61 km 

UftMnPO.4 lithium·ion 
288 
3.2 V 
3072 V 
15 Ah 
45 Ah 

(1) 

where Eb is battery energy, PK, P, and PmolDr are power values 
imposed on the battery pack by the fuel cell, public grid and electric 
traction motor, respectively, for a simulation step k of sampling 
timeât. 

22. Driving cycle 

A sui table driving load (Fig. 1) was built by assembling stan­
dardized urban driving cycles [291 with the intention of emulating 
a naturalistic driving pattern to-and-from work in an urban envi­
ronment. including a highway commute (US06), inner-city driving 
(UDDS) and a Iight commute during lunchtime (NYCC), both ways. 
Inactive downtime between driving intervals during this ove rail 
lO-h long daily cycle were compressed. Nonetheless, time­
temperature battery degradation during such pauses is fully 
accounted for. 

This cycle's total length is 56 km out of the PHEV's nominal 
61 km (approximately 92%) all-electric range and is designed so 
that the battery pack has just enough capacity to complete it 
without assistance. Therefore, PEMFC fuel expense is expected to 
occur solely for degradation management purposes, which we 
expect to be significant given the deep battery discharge this cycle 
entails. This is conducive to the production of degradation-focused 
results as the core objective of this study. 

î 
1 

2.3. Mechanical drive train 

We represent the PHEV mechanical drivetrain using a Iinear 
kinematic approach [35] by directly converting discrete values of 
the driving cycle's speed and acceleration profile into correspond­
ing mechanical power requirements (2). Regenerative braking is 
accounted for during the completion of a driving cycle, as decel­
eration intervals (2) induce recharging currents in the electrical 
drivetrain (3) which are carried to the battery model via (1), (Sj and 
(9) while tallying each corresponding efficiency 1055 in the system. 

Pmtc(k) = [m,v(k) + ~Pa;,CdA,v(k)2 + m,g/lCOS(8(kn ]rwWw(k) 

(2) 

where Pm« is vehicle propulsion mechanical power, my is vehicle 
mass, v is vehicle speed, v its acceleration, Pair is air density, Cd is the 
vehicle's aerodynamic coefficient, Av is its frontal area, g is gravi­
tational acceleration, IL is wheel friction, rw is wheel radius and Ww 
is wheel angular speed, each for a given timestep k. 

2.4. Electrical drivetrain 

The PHEV's mechanical requirements are translated into their 
electrical analogues via linear relationships (3) based on efficiency 
maps for the intervening electrical motor and power electronics. 

(3) 

where Pmocor is the propulsion motor's electrical power load, 1Jc, 
1Jmotor and 1Jc are efficiency maps for the vehicle's transmission, 
traction motor and controller and their respective instantaneous 
values at a given timestep k. 

2.5. Plug-in recharge drcuit 

This process (4) is pattemed after a standard lithium-ion smart­
charging routine directly related to the battery pack's SOC level at 
the final step of the preceding active cycle. 

(4) 

where V •. ",u(k) and I •. ",,~k) are battery cell tension and charger-

FiJ. 1. Naturalistîc driving cycle built rrom standardized cycles 12511 (pauses between driving inrervals are time-comprrssed ). 
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controlled current. respectively, and l1charg~ is the charger's effi· 
ciency CUlVe, ail for a given timestep k. 

2.6. PEMFC model 

2.6.1. Power and fuel consumption 
Our PEMFC model is composed of two components, the first 

accounting for its direct operating costs, including its system· 
encompassing. usage-<1ependent efficiency and hydrogen fuel 
consumption rate. Its power output PK is in proportion with the 
optimal power demand u' (5). i.e. u· is the optimal value ofu, which 
ranges between 0 and l, at the output of the optimization algorithm 
that is multiplied by the fuel cell's maximum power output q,K and 
converter efficiency 1konyr, while PEMFC degradation OK is applied ta 
the system's fuel effidency map '1FC to renect its increased con· 
sumption due to performance losses (6). 

(5) 

(6) 

where u' is the optimal power demand, ~FC is the PEMFC's 
maximum power output 'l7conv is its power converter's effidency 
CUlVe. mm is the consumed hydrogen mass, 'l7K is the fuel cell 
system effidency, OFC is its degradation percentage and HHVm is 
hydrogen's higher heating value (HHV), over given step k of length 
ll.t. 

2.62. Voltage loss and degradation 
This second part evaluates the fuel cell's ove rail degradation rate 

according to its continuous usage profile as weil as spedfic 
damaging events (7). This model is built using the work proposed 
byRef. 16] ; its parameters are found in Table 2. The original model is 
rearranged to output a relative voltage Ioss percentage OK, which 
we directiy apply ta our functional model (6). 

(7) 

where kFC is an experimental ditTerence factor, "10 "z. V, and Vz are 
event counters and instantaneous voltage degradation rates for 
start·stop and drastic (oad changes, respectively, {f'oad is a contin· 
UDUS load·dependent degradation rate, Vnom.cdl is nominal cell 
voltage and EoLK is fuel cell end·of-life voltage loss level. set at 90% 
as defined in Rer. 161, over a step k of length ll.t. 

2.7. Uthium-ion battery model 

2.7.1. Electrical behaviour 
The battery pack's electrical behaviour model is based on the 

research provided by Ref. 1361 and uses an equivalent drcuit-based 
structure. We rearrange the general energy balance found in (1 j to 
include battery discharge current 10 (8)-(9), itself a direct function 

T~bk2 

PEMFC voltage degradation rates [61. 

Oper~ting conditions 

Stan-stop 
Load change 
Low power idllng 
High power load 
kKfactor 

Voltage degr~datlon rate 

Vi - 13.79~V Icyc/~ 
Vi - O.418S~Vlcyc/~ 

UI-, = 8.662J'V Ih 

U'/ood = lO.OOJ'V Ih 
1.72 
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of battery voltage Vo (10). Empirical reference tables for Em, Ra. R, 
and Tl were obtained through experimental discharge protocols 
performed at our lab 137-401 on automotive LiFeMnPO. battery 
packs. 

E. (k + 1) ~ E. (k) - Vo (k)lo (k)ll.t 

Vb (k) ~ Em (SOC, °0) - lb (k)Ro(SOC, °0) 

- R, (SOC, 0b)lm (k)e(- tj ,, ) 

(8) 

(9) 

(ID) 

where Vb and 'b are battery voltage and current, Em is battery 
electromotive force, SOC is state-of-<harge, O. is electrolyte tem­
perature, Ro and Rl are internai resistance values, 'm is main branch 
circuit CUITent and Tl is a time delay factor over elapsed time r. 

This battery model is tied ta the DOD-based degradation model 
through battery electricol charge 0. (Il) and state-of-charge SOC 
(12)/depth-of-discharge DOD (13). 

o. (k + 1) ~ o.(k) + Ib(k)ll.t 

SOC(k + 1) ~ SOC(k) _ o.(k + 1) 
C6(k+ 1) 

DOD(k) ~ 1 - SOC(k) 

(II) 

(12) 

(13) 

where o., C6 and DOD are values for battery charge, degraded ca­
pacity and depth-of-discharge, respectively, for a given step k of 
length ll.t. 

Battery capacity C6 is represented bya variable model (14) taken 
from the work of 1411 which represents it via an expansion of the 
classic Peukert Equation (15). We used the experimental co­
efficients referenced in Table 3 as they match our experimental 
hardware. 

(14) 

(15) 

where Cb is battery capacity at step k, cg is an absolute capacity 
value of a fully charged battery, .6.Cb is a capacity adjustment ac­
cording to current lb and electrolyte temperature Ob versus refer­
ence values l ref and Oref' white r, a and {J are empirical coefficients. 

2.72. Battery degradation 
Battery degradation is modeled according to previous research 

propositions 131-331 based on the Ah-throughput technique as 
described in Rer. 1421 and Arrhenius time-temperature reaction 
rates which are detailed in Refs. 19,43 J for various temperature 
ranges, including sub-zero conditions not directly used in the 

T~blel 

Uthium-Îon battery cap~dty parameters 

14'1· 
UhMnPO .. 

1.0Z13 
0.4393 
1.0047 

121.95% 
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present work. It is designed ta evaluate battery degradation ac­
cording to DOD, temperature, calendar lire and to renect perfor­
mance losses on the battery mode!. Dur model's flexibility allows 
direct adaptation to lithium-ion chemistries by updating its refer­
ence tables for Iifelime cycling (Fig. 2) using data provided by 
Rer. [44J and degradation activation energies as published by 
Rer. [1 2J. 

We first exploit battery Iifecycle data (F.g. 2) to define a stress 
factor, t/Jooo. to refleet the negative influence of discharge levels on 
battery degradation rates. 

4>ooo(DOD, k) = 1 + (Km"" - K(DOD, k)) 
Km"" 

(16) 

K(DOD , k) = C6(k) x DOD(k) x ncycl,,(DOD) (17) 

Km"" = max(K(DOD, k)) (18) 

where tPOOD is the discharge level stress factor, 1( and I(max are bat­
tery lifetime recoverable energy values for instantaneous and 
optimal conditions. respectively, while nC)'cI~ is the number of cy­
cles achievable olt a given DOD level. 

The partial degradation model 6~ is designed to monitor the 
fraction of the maximum lifetime recoverable battery energy Krrwx 

expended through discharge currents lb. We expand the original 
modeling principle ta include stress factor tPooD instead of average 
values for Kmax as proposed in Ref. [42]. 

( 19) 

The second half of the degradation model ô: accounts for 
Arrhenius-based degradation rates, which are dependant on 
elapsed time t and electrolyte temperature Ob. The stress factor </IooD 
is included as weil to accelerate this phenomenon accordingly. We 
employ the same rationale as (19) and compare this accelerated 
rate to lifetime value Àb, an 8-year estirnate of the usefullifetime of 
a PHEV battery pack [45J, resulting in a percentage value output 
from .: (20). 

-Il 

40000 

35000 

30000 

~ 25000 

~ 
20000 

:i 
15000 

10000 

5000 

20 

'221 2_ 

40 60 ro 100 
Depth-of-discharge (%) 

Fis. 2. Uthium-ion b4lct~ry experim~nr.ll i recycles . ccording to DOD [44). 

[ (~) ] ~~;'" Ae 4>ooo(DOD, k) ll.t 

Ab 
(20) 

where A is an exponential prefactor, Ea is activation energy for 
degradation reactions, R is the universal gas constant, Ob and Ob,rel 
are instantaneous and reference values for electrolyte temperature 
and Àb is a battery lifetime estima te. 

80th degradation models of (19) and (20) are coupled during 
active battery discharge, while ô: is applied during inactive periods. 
This relationship is defined in (21) below. 

(21) 

Total battery degradation Ôb is returned as a percentage value for 
capacity loss, which reaches EoL conditions once 80% of its initial 
value remains useable, as per industry standards [43J ; th.is perfor­
mance decrease is directly applied to the electrical battery model 's 
capacity (22). 

(22) 

where Cnom is nominal battery capacity and EoLb is the battery's 80% 
capacity EoL condition. 

3. Optimal process 

ln this section we detail the optimal process, built using discrete 
dynamie programming (DOP) theory [46J and designed for 
improved calculation efficiency to suit the large-scale scope of this 
research. The DDP algorithm was chosen because of its relative 
simplicity and its flexible nature, which allows it to process the 
number and variety of variables necessary ta complete this work; in 
addition, iterative processes such as genetic algorithms 1471, par­
ticle swarm optimization 1481 or evolutionary methods 149J are 
susceptible to converge ta a local optimal point rather than a global 
optimal [50J, although they can be successfully applied to HEV 
management applications when properly tuned [51-53J. Dur 
intent remains the study of active PHEV component degradation 
management: we do not seek, nor claim ta propose, the most 
efficient numerical technique to do so. 

3.1. Long-term PHEV optimization strategy 

Our optimization process is structured to accommodate the 
long-term aspect of PHEV battery degradation management As 
such, the projected virtual years of typical usage are broken down 
into individual cycles, each representative of a single 24-h doy. 
These individual sub-problems are fully optimized and the vehicle's 
state parameters, the degradation of both the battery pack and 
PEMFC, as weil as plug-in grid energy and hydrogen fuel con­
sumption, are carried over ta the next cycle, where the optimal 
process repeats until battery EoL is reached; the diagram from Fig. 3 
summarizes this structure and the scenario to be optimized is 
found in Section 4.1. 

The proposed strategy presents several advantages, as it sim­
plifies the long-term energy management problem by breaking 
down its large sColie into smaller sub-problems, much like the DDP 
algorithm itself [46J. 115 logic is further simplified by equating 
driving cycles and storage periods to days, which translates its re­
sults into easily-interpreted units. Furthermore, this structure .11-
lows many of the sub-processes of PHEV simulation, including 
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time-dependant state variable canstraints, ta be precalculated. 
stored and 1ater retrieved from data matrices by the optimization 
algorithm (Fig. 3), greatly increasing computation speeds: pre­
calculated data can also be obtained using much higher resolutions 
than would be manageable within the optimal process. Neverthe­
less. solving the current scenario required approximately 480 h of 
continuous computation on a mid-range Pc. Finally, the ability to 
reduce optimization intervals to single cycles allows significant 
flexibility to fine-tune simulation parameters. such discretization 
levels and state variable constraints. to achieve a superior balance 
between computation efficiency and precision. A caveat from this 
approach is that it produces a sum of optimums rather than a global 
optimal solution for the entire length oftime under study. hence its 
definition as a near-optimal solution; a design choice made here to 
prioritize logical nexibility. 
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3.2. Optimizatian algori'hm 

3.2.1. Store and control variables 
The DDP process requires state variables to represent the 

various consumables used during PHEV operation, namely 
hydrogen fuel H2. battery degradation 6b. remaining battery charge 
0. and PEMFC degradation 6FC. as shown by (23 }-(26). The expo­
nential growth of computations with each additional state and 
control variable. referred to by Sellman as the "Curse of Dimen­
sionality" [461. presents a significant challenge to limited hardware 
resources and therefore Iimits the number of variables that can be 
realistically included in a given study. 

(23) 
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(24) 

(25) 

(26) 

where x are state variables and X the range of admissible values at 
step k. for each consumabJe H2. 6b. Ch and 6FC. The admissible range 
of values Xmin and Xmax are precalculated for each state variable 
using the corresponding models. 

The active control mechanism for battery degradation man­
agement via optimal recharge is represented by a single control 
variable, the power demand to the PEMFC (27). 

(27) 

where u is the control variable at step k, constrained within the 
absolute admissible values of U between 0 and 1. 

322. Perfonnance criteria 
We define economic performance criteria, which can be sum­

med up as the monetary cost of each decision relative to each state 
variable (28)-(31). Ail state variables and criteria are positive, 
steadily increasing functions save for CQt (30) which is a Iinear 
relation between instantaneous battery SOC and the grid-based 
recharge cost required to compensa te. 

(28) 

(29) 

(30) 

(31) 

where C are performance criteria for a given state variable )( at 
control value u and/or step k, a is a cost weight as found in Table 4, 
Mis the timestep length of a single interval k and N is the number of 
steps k for an optimization cycle, for each consumable H2, db, (b and 
6fC. 

The economical weights Il used by the optimal process are 
summarized in Table 4; costs for lithium-ion batteries [54 J and grid 
recharge [551 are representative of current (as of 2015) priees; 
PEMFC [561 and hydrogen fuel [57J were set at the lower end of 
current market trends. PEMFC costs include the fuel cell system and 
its auxiliaries (bipolar plates. membranes, catalyst, gas diffusion 
layer, humidifier, air compressor) but exclude the cost of its 
hydrogen reservoir. Degradation expenses are represented by an 
equivalent loss percentage of the cost of the component itself. 

Table 4 
Consumable component costs. 

.H, (S/kg) •• (S/kWh) ... (S/kWh) ... (S/kW) 

2.88 500.00 0.11 55.00 

323. Objective function 
The various performance criteria enumerated above are com­

bined inta the single objective function]. the sum of each individual 
rnonetary expense incurred during a given decision intelVal (32). 
This performance score is associated with each admissible de­
cision's outcame and is necessary in arder to numerically solve the 
proposed optimal problem within the recursive structure of the 
ODP algorithm in a manner that satisfies 8ellman's Principle of 
Optimality [46J. 

N 

j (x, u, k) = L [CH2 (XH2 ,u,k) + C6.(X6b , k) + C6oc (X6oc ' u, k)] 
k_O 

+ C(l«x(l< ,N) 
(32) 

32.4. Constraints 
Several constraints are required to guarantee that the process 

remains bound to physically-coherent conditions; given that DDP is 
a numerically-solved recursive algorithm, these various constraints 
do not represent a significant additional caJculation burden. An 
imperative underlying the optimization problem is that the driving 
cycle is followed closely and executed to its conclusion. Speed and 
acceleration are directJy imposed by the driving cycle (Fig. 1): 
sufficient energy for completion is ensured by placing a soft 
constraint on battery SOC, as shawn by (33), which is represented 
by adding'a cost penalty when approaching boundary values. 

SOCm," :5 SOC(k) :5 SOCmax (33) 

where SOCmin and SOCmwc are minimal and maximal values of bat­
tery state-of-charge set at 5% and 95%, respectively, ta avoid 
damaging overcharge/discharge conditions. 

The PHEV models make use of variables not directly involved in 
the optimal algorithm, but nonetheless Iimited by component pa­
rameters and physical factors; these require hard constraints, as 
shawn by (34)-(39). These constraints are intrinsically tied ta their 
respective models and represent the limitations imposed by their 
operating parameters. 

(34) 

(35) 

Pmotor,mfn ~ Pmotor(k) :$; Pmoror,max (36) 

Po,m'" :5 Po(k) :5 Po,max (37) 

(38) 

(39) 

where Vb, lb, Pmoror. Pg. PK and mm are values for battery voltage and 
current, motor, grid and fuel cell power and hydrogen fuel mass, 
respectively. constrained between min and max values dictated by 
each component's manufacturer. 

32.5. Optimal control policy 
The DD? algorithm aims to evaluate the optimal control policy 

u· which imposes the control value of u that minimizes the cost 
function J for each admissible state value x at each step k over the 
course of a single PHEV driving cycle: this is represented 

9S 
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mathematically by (40). 

u"(x, k) = arg umi.!'uU(x, u,k)) (40) 

where u· is the optimal control signal to be sent to the PEMfC at 
each state value x and step k to minimize total oper-ating cost). 

4. Result. and discussion 

ln this section, we will deftne a precise scenario to be submitted 
to the proposed optimal energy management process; then we will 
provide a comparative study of our method's performance versus 
common ru le-based PHEV energy management alternatives [26J, 
ftrst on a single-cycle basis and then expand to examine the long­
term dynamics of the proposed energy management strategy. 

4.1. Proposed scenario 

Our scenario examines a mid-sized PHEV including a Iithium­
ion battery pack as weil as a PEMFC submitted to a repeating 
daily driving load. From the outset of each cycle. the PHEV's battery 
pack is fully charged and its hydrogen fuel tank is full . This driving 
load is purposefully designed to allow completion on the PHEV's 
battery capacity alone, inducing their near-complete discharge as 
described in Section 2,2. This usage pattern entails significant 
degradation of the battery pack whose rate is sensitive to high 
discharge currents and low SOC levels. 80th mechanisms can be 
mitigated via load sharing using the hydrogen-fueled PEMFC, 
which experiences usage-dependent degradation of its own. 
Moreover, the plug-in capabilities of the PHEV offer inexpensive 
public grid-powered recharge opportunities outside the active 
driving cycle, Our goal is to optimize the economic operating costs 
of said vehicle over the entire Iifetime of its battery pack by 
balancing the expenses from battery and fuel cell degradation, 
hydrogen fuel and grid recharge, This is achieved by running the 
PHEV models through the DDP optimization process' repeating, 
cumulative cycling as described in Section 3. This process is further 
repeated until battery EoL conditions are reached, thus applying our 
ellergy management strategy and monitoring its long-term devel­
opment over the entirety of the PHEV's battery pack's Iifetime. Our 
results will provide insights into the dynamics of economy-centric 
PHEV component degradation on both short and long-term 
macroscopic timescales, as weil as provide a comparative basis 
with rule-based alternatives. 

42. Comparative study vs, rule-based strategies 

We examine the performance of our optimal process in com­
parison to the two rule-based PHEV energy management systems 
described below: the charge depletingfcharge sustaining energy 
management (CDes) and the simple recharge (SR) strategies; as a 
comparative basis. an Unmanaged option will he presented as weil. 
These rule-based management solutions are representative of the 
energy management strategies most commonly found in com­
mercial and industrial products. They are intended as easily­
reproducible comparative references to facilitate the evaluation of 
our process's outcome, not as a validation of the DDP algorithm, 
which already satisfies Bellman's Prindple of Dptimality 1461 by 
definition; it is a foregone conclusion that these simple methods 
will he outperformed by the optimal process, An exhaustive com­
parison with alternative optimal energy management techniques, 
as mentioned in Section 3, is outside the intent of this work. 

• CDes rule-based strotegy: The CDes alternative strategy priori­
tizes battery power until a given SOC level (set at 25% as per 
industry standards) is reached, at which point a secondary en­
ergy carrier kicks in at a variable rate to maintain said SOC at a 
constant value for the remainder of the driving cycle. 

• SR rule-based strotegy: The SR strategy allows the depletion of 
· the battery pack undl a set SOC level is reached (25% as per 

industry standards), after which it initiates a constant, full­
power recharge of the battery pack instead of sustaining its 
current SOC level. 

• Unmanaged strategy: This option is really no strategy at ail : in 
this scenario, no recharge effort is supplied by the fuel cell 
during active driving, thus relying solely on the battery pack's 
charge for propulsion. 

42.1. Single-cycle detailed analysis 
We begin by examining the performance of our optimal solution 

across a single daily driving cycle. This particular work uses 
appropriately coarse discretization parameters to make it more 
suited to the long-tenn scale proposed here, which are represen­
tative of the decision-making intervals of 200 s (approximately 
333 min) imposed on the optimal algorithm itself; the timestep for 
model simulation in-between these decision intervals remains 1 s, 
as they are driven by the driving cycle's original resolution 129). 
Unless otheJWise noted, ail individual cycles are taken from the 
1000th cycle of the long-term process as a common comparison 
ground, since this point is both available for every proposed solu­
tion and presents a relatively advanced state of component 
degradation, our main point of interest. 

Beginning with the optimal power split from Fig. 4, we notice 
that the bulk of the response from the optimal algorithm occurs late 
in the cycle. save for the partial absorption of a particularly high 
peak early in the cyde. This indicates that battery discharge is still 
prioritized over fuel consumption. even when their degradation is 
taken into account; but the early peak response does demonstrate 
that while battery energy is generaUy the most economica11y ad­
vantageous alternative, high discharge peaks can cause suffident 
damage to offset the cost of using the PEMFC for load sharing. 
finally. the PEMFC is shown to in je ct energy in excess of the driving 
load in its late phase, thus initiating battery recharge before the 
cycle concludes. This indicates that, in this particular economic 
environment, PEMFC-based load sharing is more economically 
advantageous than allowing for a deep battery discharge followed 
bya lengthy grid-based plug-in recharge after the cycle concludes. 

Fig. 5 c1early illustrates the effects of the previous power split on 
the batteries' SOC, showing that our optimal energy management 
solution holds it consistently above 60% before recharging back up 
near 90% during its late phase. The alternative solutions are shown 
to perform exactly as expected: the mcs and SR respectively hold 
or initiate recharge upon reaching the 25% SOC threshold. while the 
Unmanaged solution does not contribute any support and barely 
completes the cycle on its degraded battery capacity alone. The 
optimal solution's tendency to hold SOC around 60% might be in 
part due to our battery model, which aggravates degradation when 
operating at non-optimallevels (16). 

The data from Fig. 6 supports this hypothesis, as it shows ~OOD to 
be maintained at lower levels than every other alternative for the 
bulk of the cycle. This offers only a partial expia nation, as the 
optimal outcome is constrained by severaI economic and perfor­
mance parameters and not explicitly aimed at minimizing battery 
degradation; however, this trend is a strong indicator of the sys­
tem's management ofbattery degradation as a mechanism towards 
an economically optimal outcome. 

Table 5 c1early demonstrates that the Optimal solution's total 
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operating cost is below every alternative for this particuJar driving 
cycle (3% below nearest competitor mcs and 6% below worst­
performer SR). which is achieved by balancing the costs of every 
consumable on board (H2. 6b. Q. and 6",). While our process pre­
sents slight improvements in overall operating costs, it notably 
results in the lowest battery degradation amongst ail solutions (15% 
lower than second-best SR, 43% than worst-case Unmanaged) at the 
cost of high fuel cell degradation (45-50% more than both active 
alternatives) and hydragen expenses, which is indicative of the 
impact of battery degradation on our PHEV's economic perfor­
mance. Given its high late-cycle recharge profile, grid-based 
recharge costs are understandably minimal Otherwise, these re­
sults and the trends for each solution renect those that were pre­
viously published in Ref. [33J. 

422. Long-term energy management dynamies 
Here, we expand the scope of our results outside the boundaries 

of a single cycle and examine the progression of the PHEV's pa­
rameters and operating costs over the entirety of its battery pack's 
lifetime. First, we present Fig. 7, which illustra tes the rate of 
degradation of the PHEV's battery pack according to each of the 
praposed energy management solutions. As hinted by the low 
battery degradation values presented above, the Optimal solution 
outlasts its competitors in terms of total useful battery liretime, 
with 2297 days (approximately 6 years. 3 months and 17 days) of 
continuous operation, a total improvement of 18% over the second­
best SR alternative and 41% over worst-case Unmanaged option. 
Because of degradation's progressive nature, these results cannat 
be directly extrapolated from Iimited cycle data. 

Next, we examine Fig. 8, which presents a smoothed 
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costs. Otherwise, we observe that the CDes alternative appears to 
converge towards the Optimal solution but is eut short by its failing 
batteries; the SR and Unmanaged options exhibit much faster cost 
growth rates, the former being largely attributable to its wasteful 
fuel consumption, the latter being driven by its excessive battery 
degradation. 

Finally, we propose to examine the overall performance of each 
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fig. 7. Comparative banery degradation long-term development across each proposed energy management soludon undl foL condition is reached. 

progression of the cycle-by-cycle operating costs of each solution. 
At a glance. one can notice that the Optimal solution succeeds in 
maintaining lower daily operating costs than each alternative over 
the entire course of its lifetime, and that these costs grow at a 
comparatively lower rate as weil. This slow growth is directly tied 
to its better fuel and degradation management, which in turn leads 
to more efficient PHEV operation. and ultimately to low operating 

solution in numbers, as presented in Table 6, which tallies the total 
expenses for each solution at its respective conclusion (battery EoL) 
as weil as relative values compared to the Optimal process. The 
Optimal outcome does display the highest final cost, but also the 
longest battery Iifetime. meaning that it kept functioning (and 
spending resources) longer than any alternative. The main point of 
interest of this table is the relative cost to the Optimal solution, 
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Table 6 
Long-rerro final comparative cost breakdown. 

Ufetime (days) H, 6. Q. (SCA) 6,., Total 

Optimal 2297 5140 6915 170 2927 15,152 
CDCS 1602 805 6915 1918 955 10,593 
SR 1874 4244 6915 761 1058 12,978 
Unm,maged 1365 0 6915 2151 0 9066 

Optimal 1 1 
CDCS 0.70 0.16 - 11.28 0.22 0.70 
SR 0.82 0.8] - 4.48 0.]6 0.86 
Unltl.ilnaged 0.59 12.65 - O." 

ToIble? 
Optimal-relative EoL cost compo1rison. 

Ufetime (days) H, 6. Q. (n/o) 6", Total 

CDCS 1602 0.23 1.44 16.12 032 1.02 
SR 1874 1.04 1.23 5.47 0.45 1.06 
Unmanaged 1365 1.69 21 .09 1.01 

where it is apparent that battery liretimes correspond dosely to the 
total monetary investment from each solution. i.e. 70% of our 
maximal optimized battery lifetime can be achieved for about 70% 
of its total cost using alternative solutions. This would indicate that 
our optimal process succeeds in extending PHEV battery lifetimes 
olt roughly comparable overall vehicle costs to rule-based 
alternatives. 

Data from Table 7 examines this situation from the perspective 
of each alternative strategy: it provides the costs of each rule-based 
strategy at its respective battery EoL condition relative to the 
Optimal solution's economic performance olt the same point in time. 
From this perspective, we can reaffirm the conclusions described 
above, as the Optimal does outperform its alternatives in total 
operating costs by a slim 2%-6% margin, but displays improve­
ments in battery degradation costs between 23 and 69%. This is 
obtained in exchange for high fuel expenses and significant PEMFC 
degradation costs, which are 55-68% higher than its c10sest alter­
natives, owing to the optimal solution's changing, and thus more 
damaging, as described by (7), usage profile, ln short. our optimal 
process provides extended battery lifetimes in exchange for fuel 

ceU usage for comparatively similar, if slightly lower, operating 
costs than alternative solutions. 

S. Condusion 

This work's main objective is to study the long-term effects of 
economy-centric energy management aboard a PHEV, with special 
consideration given to the degradation of its energy carriers. The 
results we obtained indicate our success in reaching that goal and 
demonstrate the following: 

1. Battery degradation management has a significanr impact on 
PHEV economic performance and is observed to be an important 
cost reduction mechanism. 

2. Long-term gains from our optimal energy management tech­
nique are most signifiant where battery lifetime extension is 
concerned, with predicred improvements from 18% ta 41% 
depending on the alternative. 

3. Short and long-term economic gains in overall PHEV operating 
costs of 3-6% can be achieved through our optimal energy 
management process. 

Further work is underway to expand on the findings reported in 
this article, beginning with the study of more~emanding driving 
cycles to delve into the realm of battery degradation-conscious 
autonomy extension, where alternatives such as the Unmanaged 
solution proposed here are unavailable. Furthermore, battery 
temperature is well-documented as a major factor in their degra­
dation; as such, we expect to combine the near optimal load 
sharing-based management presented. here with active tempera­
ture control and th us explore these combined management 
mechanisms within PHEV operation. Finally, our work can be 
applied to do mains outside of direct energy management. For 
example, by building on battery usage results, we can repurpose 
our process as a degradation-conscious PHEV component sizing 
tool aimed olt optimizing battery and/or fuel cell capacity; we 
intend to explore such alternative applications of our process in 
upcoming research propositions. 
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l can't rernernber how this got started 

Oh, but l can tell you, exactly 

How it will end 

Trent Reznor 

Prévoir la fin 

RECHARGER UNE BATTERIE POUR RALENTIR SA DÉGRADATION est une option in­

téressante à ajouter aux outils de gestion d'énergie de VEH. Par contre) qu'en est-il 

lorsque les circonstances font de cette recharge une nécessité plutôt qu'un simple 

outil de contrôle? 

Jusqu'à maintenant) les études proposées sont demeurées à l'intérieur de lim­

ites confortables bien en-dessous des capacités autonomes des batteries de leurs 

véhicules) ce qui fut bien utile pour démontrer leur viabilité) même en face d'une 

solution possible excluant toute intervention coûteuse en carburant. Cependant) 

les VEH sont fréquemment sollicités dans des contextes où une autonomie bien 

au-delà de leur capacité de batteries seule est suffisante et où une dépense impor­

tante de carburant est à prévoir afin d'atteindre leur objectif de conduite. 

Le dernier article propose une étude à long-terme de gestion optimale de dégra-
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dation conduite à partir d'un scénario d'extension d'autonomie particulièrement 

exigeant. L'intensité des charges de conduite en jeu présente un défi nouveau à 

la méthode d'optimisation proposée par cette thèse dont les résultats surprenants 

seront analysés en profondeur. 

5.1 PRÉVENIR PLUTÔT QUE GUÉRIR 

La publication finale incluse à cette thèse s'intitule Preemptive degradation-induced 

battery replacement for hybrid electric vehicles in sustained optimal extended-range driv­

ing conditions fut publiée au Journal of Bnergy Storage en septembre 2017 [ 144]. 

Cette dernière propose une étude basée sur un scénario d'extension d'autonomie 

aux charges de conduite significativement plus élevées que lors de publications 

précédentes. 

5.1.1 OBJECTIFS 

Le contenu de cet article représente une progression incrémentale des travauxprésen­

tés au Chapitre précédent, avec un nouvel objectif d'extension d'autonomie dont 

les résultats ont conduit à l'exploration d'une solution de remplacement préven­

tif du pack de batteries, soit avant l'atteinte complète de conditions BoL. Certains 

modèles furent toutefois améliorés, notamment le modèle de dégradation de bat­

teries lithium-ion par l'addition de données expérimentales extraites en laboratoire 

par l'équipe de l'IRH [92, 11 1]. L'originalité principale de cet ouvrage est tirée de 

ses résultats et de leur développement inattendu vers des transitoires de puissance 

à l'approche de la fin de vie des composantes du VEH. 

Les contributions concrètes proposées par cet article scientifique se résument 

ainsi: 

• L'application d'une méthode de gestion optimale de VEi-! à un scénario 

d'extension d'économie afin d'identifier des transitoires de partage de puis­

sance inaccessibles par des approches limitées basées sur des extrapolations 

linéaires. 
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• L'exploration des performances économiques et techniques d'une solution 

de remplacement préventif des batteries d'un VEH avant l'atteinte de con­

ditions de fin de vie BoL. 

• L'étude macroscopique à long terme des impacts d'une conduite en exten­

sion d'autonomie importante sur le comportement) la performance et la ges­

tion économique d'un VEH conduite sur sa durée de vie complète. 

5.1.2 MÉTHODOLOGIE 

La méthodologie générale de ce travail est comparable en plusieurs points à la pub­

lication présentée au Chapitre 4) sauf pour plusieurs points spécifiques résumés 

ci-dessous et présentés en détail dans l'article. 

Les cycles de conduite proposés pour cette étude en extension d'autonomie 

furent générés par un algorithme basée sur les chaînes de Markov. À l'aide de ce 

nouvel outil) une banque de 1000 cycles de conduites fut générée de façon stochas­

tique tout en demeurant statistiquement cohérente avec les cycles de conduite 

standardisés. Vu le caractère d'extension d'autonomie proposé par cette étude) 

l'algorithme de génération fut calibré sur un cycle standardisé de conduite longue­

distance en conditions d'autoroute) le Highway Fuel Bconomy Test ou HWFET [141]. 

Cette banque fut implémentée au processus itératif de gestion optimale long-terme. 

Chacun de ces cycles couvre une distance d'environ 160 km) correspondant à un 

jalon de 100 miles communément utilisé en mesure d'autonomie de VEH) mais 

le profil d'accélération et de vitesse de chacun est variable selon les paramètres 

statistiques de cycles standard. L'autonomie nominale des batteries du VEH util­

isé étant de 61 km) cette distance représente une distance de 2.64 fois supérieure à 

la capacité de celles-ci. 

De plus) le modèle de dégradation calendaire de batteries fut amélioré par l'ajout 

d'un facteur de stress supplémentaire tiré de données expérimentales [100] étab­

lissant un lien entre l'état de charge SOC et le vieillissement des batteries lithium­

ion en conditions d'entreposage) en plus de l'ajout de données expérimentales de 

cyclage receuillies par l'équipe de l'IRH [92) Ill] appliquées au modèle corre-
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spondant. Par ailleurs, le travail à ce stade inclut un modèle complet de gestion 

thermique du pack de batteries, tel que présenté en [113] dans le cadre d'une con­

férence. Toutefois, la lourdeur problématique du calcul supplémentaire requis par 

la gestion thermique, un point disséqué en détail à la Section 6.5.1, ne put être 

abordée dans l'étude long-terme proposée ici. 

5.1.3 RÉSULTATS 

Les résultats présentés offrent une courte étude comparative avec des méthodes 

alternatives de façon à permettre la: comparaison directe avec les résultats présen­

tés précédemment aux Chapitres 3 et 4. L'analyse initiale propose une évaluation 

d'un cycle individuel de conduite en conditions nominales de dégradation. Celle­

ci révèle une intervention beaucoup plus intensive de la PEMFC dans la conduite 

du véhicule en raison de la demande élevée de la charge de conduite en autonomie. 

On note cependant que la recharge est initiée de façon ponctuelle et correspond 

aux pics de puissance les plus élevés rencontrés durant l'opération du véhicule, ce 

qui est cohérent avec le processus bien documenté de partage de charges appelé 

peak shaving dans la littérature. On souligne également que l'énergie fournie par la 

PEMFC est supérieure à celle requise uniquement par les pics de puissance de con­

duite, indiquant que le maintien du SOC des batteries par cette énergie excéden­

taire demeure un outil de contrôle de dégradation économiquement viable même 

en situation de charge importante. 

Cette tendance se maintient dans l'étude long-terme, qui démontre encore une 

fois que la solution économiquement optimale produit également une durée de vie 

améliorée du pack de batteries du VEH, bien que celle-ci soit relativement moindre 

que celle observée en conditions moins exigeantes. On note auss~ que les solutions 

alternatives accomplissent des durées de vies de batterie comparables aux études 

en conduite urbaine, mais que celles-ci sont réalisées à des coûts d'opérations net­

tement plus élevés, toujours causées par la charge de conduite élevée. Ceci renforce 

la pertinence de la méthode optimale proposée, car cela indique fortement que la 

performance économique des alternatives par règles linéaires communément util-
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isées dans les véhicules commerciaux décroit rapidement en parallèle avec l'augmentation 

de leur charge de conduite. 

Par une observation centrale à cet article, on souligne une augmentation mar­

quée des coûts d'opération quotidiens de la solution optimal durant la dernière an­

née utile des batteries du véhicule. Un examen plus approfondi ce de phénomène 

révèle une transition significative entre l'utilisation de l'énergie des batteries et de 

la pile PEMFC alors que ceux-ci progressent dans un état de dégradation toujours 

plus avancé. Les résultats démontrent que le support de la PEMFC visant à main­

tenir l'état de charge SoC des batteries à un niveau optimal à la réduction de leur 

dégradation diminue progressivement durant cet intervalle, jusqu'à devenir com­

plètement nul à l'atteinte de conditions de fin de vie BoL des batteriesj la dépense 

de carburant à partir de ce stade est ajustée de façon à combler la charge de con­

duite, c'est-à-dire sans excès permettant une remontée du SoC mais en quantité 

suffisante pour ralentir leur décharge complète jusqu'à la conclusion du cycle. Il 

apparaît donc évident qu'il n'est plus économiquement avantageux, à ce stade avancé 

de dégradation, de fournir des efforts supplémentaires afin de ralentir le vieillisse­

ment des batteries du VEH. Cette observation révèle donc une facette importante 

de la gestion optimale de dégradation uniquement visible lorsque conduite à long­

terme dans son entièreté: bien qu'il soit généralement avantageux de supporter 

une batterie afin d'en mitiger la dégradation, le niveau de détérioration de celle-ci 

a un impact significatif sur la solution du processus: en état avancé de d'usure, cet 

avantage peut même devenir nul tant les performances de la batterie sont réduites. 

Ce constat "d'abandon" du pack de batteries en fin de vie a mené à la proposi­

tion d'une stratégie de remplacement préventive des batteries, avant l'atteinte de 

ce type de plateaux de performance détériorée, et à l'évaluation de la pertinence 

économique et technique d'une telle intervention. Les résultats en termes de per­

formance techniques furent plutôt mitigés, indiquant des gains minimes en per­

formance de batteries et en recharge par le réseau public à divers intervalles de 

remplacement préventif, mesurés relativement au degré d'usure du pack de batter­

ies, accompagnés de faibles dépenses supplémentaires en consommation de car­

burant et en dégradation de PEMFC. Toutefois, la conduite d'une seconde anal-
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yse axée sur l'économie, qui inclut le coût additionnel de la fraction du pack de 

batteries "sacrifié" au moment du remplacement, est sans équivoque: aucun gain 

économique n'est réalisable par un remplacement préventif tel que proposé, les 

coûts liés au remplacement étant significativement plus importants que les minces 

économies réalisables par les gains en performance obtenus en contrepartie. 

5.1.4 CONCLUSIONS 

Les objectifs de cet ouvrage visant l'application à long terme de la méthode d'optimisation 

dans un scénario exigeant d'extension d'autonomie furent atteints et surpassés par 

la mise en évidence de dynamiques jusqu'alors inconnues découlant de ce type 

de gestion d'énergie. Ce travail voulant à l'origine explorer les effets de l'extension 

d'autonomie sur la gestion optimale à long-terme produit des résultats à la fois sur­

prenants et intéressants. L'apparition des transitoires de puissance en fin de vie 

des batteries permit ici de démontrer une facette significative de la gestion opti-

male à long-terme de leur dégradation, particulièremerlt à l'approche de conditions 

d'usure terminales. Cette transition, motivée par les pertes de performances des 

batteries à un état profond de détérioration, indique clairement une diminution 

marquée des avantages économiques offerts par la gestion active de leur dégra­

dation lorsque celles-ci entrent dans un stade avancé d'usure. Le remplacement 

préventif, comme il fut clairement démontré, peut être exclu de l'éventail possible 

de solutions dans un contexte de performance économique. 

5.2 UNE NOUVELLE CORDE À NOTRE ARC 

Cet article poursuit le travail de la thèse par l'exploration d'une facette supplémen­

taire de la gestion optimale de dégradation à bord d'un VEH. En plus d'avoir servi 

à analyser les effets à court et à long terme d'une charge de conduite importante 

sur le processus de gestion optimale, cette étude permit l'identification de l'état de 

santé des batteries comme facteur essentiel à la performance économique du pro­

cessus de gestion lui-même, un aspect qu'il aurait été difficile de quantifier sans 

l'application de la méthode d'optimisation avancée par cette thèse. 
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5.3 ARTICLE 3: PREEMPTIVE DEGRADATION-INDUCED BATTERY RE­

PLACEMENT FOR HYBRID ELECTRIC VEHICLES IN SUSTAINED OP­

TIMAL EXTENDED-RANGE DRIVING CONDITIONS 
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This research assesses che potential of a preemptive battery replacement strategy designed to curtail the 
escalation of hybrid electric vehicle (HEV) operating costs when approaching terminal degradation 
conditions. These long-term repercussions materialize whilst an optimal plug-in hybrid electric vehicle 
(PH EV) active component degradation management process is applied over an extended length of lime. 
The proposed methodology leverages a lithium-ion battery pack, a hydrogen-fueled polymer electrolyte 
membrane fuel cell (PEMFC) and plug-in grid recharge capabilities [0 achieve an economically-optimal 
Markov chaîn-generated lOO-mile extended autonomy scenario during the entirety of a PHEV's useful 
lifecycle. Proposed results demonstrate the long-tenn transitional response of the optimal process when 
burdened with decreasing component perfonnance. A marked shift between battery and fuel energy 
priority is observed du ring late stages of component degrildation. This delayed evolution suggests the 
feasibility of il preemptive component replacement strategy whose potential is analyzed according to 
performance and economic metrics. 

1. Introduction 

Rechargeable battery packs hold a prime position at the 
forefront of the next generation of vehides due ta their inherent 
usefulness as efficient energy accumulators. However, an inexora­
ble flaw of e lectrochemical energy carriers such as lithium-ion 
batteries and polymer electrolyte membrane fuel cells (PEMFCs) is 
their degradation Il.21: a spectrum of phenomena strongly 
dependent on usage conditions that gradually erodes their 
patential until end-of-Iife (foL) conditions render them unfit to 
accomplish their intended function, after which point they must he 

• Corresponding oIuthor Olt: Hydrogen Research Institute olt Universitl du Qulbec 
~ Trois-Rivilres (UQTR). 3351 boul. des Forges, c.P. 500, Trols-Rivilres, Qulbec. 
CoInoidoi G9A 5H7. 

E-mail addresses: froincols.JrurteJ1Ituqtl".u CF. Martel). yves.dubeOuqtr.u. 
(Y. Dubl). jorisjaguemontOvub~c.be O. Joiguemont). sQusso.relouwoiniOuqu.u. 
(S. KelouwoIni). kodjo.agbossouOuqtr.col (1<. Agbossou). 

hup:lldx.doLorgJl0.1016/j.est.2017.09.001 
2352-152X/C 2017 Elsevier Ud. Ali rights re.served. 

109 

CI 2017 Elsevier Ltd. Ail rights reserved. 

replaced at significant cost. On the other hand, an ideal electric 
vehide (EV) remains elusive; most EV solutions are built around 
the hybrid electric vehicle (HEV) concept: an assembly of energy­
carrying technologies designed to capitalize on each other's 
strengths and weaknesses and ultimately achieve satisfactory 
vehicle operation 13j. By leveraging typical HEV architectures, it is 
possible to exert an active control over several of the aforemen­
tioned sensitive components' operating conditions using con­
trivances already on-board most HEVs and in tum mitigate their 
rate of decay, for a priee. This research first proposes a macroscopic 
exploration of the long-term dynamics encountered when HEV 
component degradation is managed in 5uch a fashion during the 
entirety of a vehicle's useful, a timescale that is seldom undertook 
in currently available optimized PHEV management proposais. 
Furthermore. our results expand on negative late-stage perfor­
mance degradation-induced transitional responses to study the 
impacts of preemptive HEV battery pack replacement, i.e. ahead of 
terminal EoL conditions; 5uch belated evolutions are only 
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highlighted in the course of the proposed long-term approach and 
cannot be extrapolated from typical short-term results. 

These results are obtained through numerical optimization 
using a discrete dynamic programming (OOP) technique aimed olt 
optimizing the operating cost of a plug-in hybrid electric vehicle 
(PHEV) submitted to a long-distance Markovchain-generated 100-
mile autonomous benchmark driving scenario carried repeatedly 
over the entirety of the vehicle's years-long usefullifetime, which 
ends when either one of its main energy carriers (lithium-ion 
battery pack or PEMFC) reaches EoL conditions. This optimal OOP 
process uses an economy-based criteria, balancing fu el, grid­
powered recharge capabilities as weil as bath battery and fuel cell 
usage-sensitive degradation rates to achieve the absolu te minimal 
operating cost during each consecutive daily cycle, where PEMFC 
degradation and fuel expenses are tallied during active driving 
intetvals while grid-based recharge systematically occurs during 
inactive periods in-between each driving cycle; battery degrada­
tion is estimated olt aIl stages of the vehicle's lifetime. This article 
offers constructive additions to the scientific field revolving around 
HEV-centrie component degradation management issues by 
addressing specifie points of interest: 

• The identification of significant transitional patterns during the 
later stages of optimally-managed PHEV component degradation 
that result in increased costs and hastened battery degradation 
rates. 

• A study on the economie and component efficiency gains 
achievable through a preemptive battery replacement strategy 
intended to mitigate the aforementioned late-stage degradation­
induced rise in operating costs. 

• A macroscopic study of the long-term repercussions that arise 
when a PHEV in extended-range driving conditions is submitted 
to a component degradation-focused energy management 
process over the entirety of its useful lifetime. 

This article adheres to the following structure: the current 
section articula tes the motivation behind this research and 
highlights the relevant scientific literature, Section 2 outlines 
the PHEV models necessary for its realization, Section 3 condenses 
the optimal process as weil as its functional structure, Section 4 
investigates the outcomes stemming from the optimal process and 
Section 5 concludes on our findings and their implications for 
future research. A complete glossary of the mathematical symbals 
used within this article is found in the end of the introductory 
section. 

1.1. Literature overview 

Compone nt degradation study is a relatively well-researched 
field that has seen much development due to the heightened 
interest in efficient transportation and energy storage technolo­
gies: as such, lithium-ion batteries ]4-6] and PEMFCs [7] have been 
the subject of many studies in recent years, ranging from modeling 
]8-10] to microstructure analysis ]11,12]. Nevertheless, given the 
inherent immaturity ofthese emerging technologies, most of these 
efforts remain limited in scope 1131. In turo, direct application of 
ageing phenomena to HEV energy management endeavours 
remains Iimited in literature {14-16] and efforts taking an 
economy-focused approach is rarer still ]17-19]. Of the many 
techniques available to address HEV energy management optimi­
zation, discrete dynamic programming (OOP) has proven to be an 
effective tool ]20,21] that carries proof of absolute global 
optimality by definition [22 1. A common aspect or active 
degradation management efforts found in literature is the short 
timescale on whieh they are conducted, whieh is often Iimited to a 
few minutes ]23,24] representative of standard driving cycles ]25]: 

conversely, typical HEV component degradation develops in 000-

linear fashion over several yeaTs' rime 1261. a significant aspect of 
this issue that few research efforts fully take iota .lccount. Our awn 
published research has covered various aspects orthe issue, 5uch as 
lead-acid battery degradation modeling ]27], the impacts of 
economic fluctuation on optimal PHEV energy management 
outcomes [28J. optimal PHEV energy management within finite 
battery-dependent driving ranges From bath short single-cycle 
]29] and long-term perspectives ]30]. The proposed paper is 
consonant with the latter publication but eschews the boundaries 
of restrictive PHEV battery capacities to achieve a full 100-mile 
(161 km) driving scenario, a common benchrnark for HEV 
autonomy extension 131). 

Symbol Unit O~scriptlon 

p SUt~ tr.ansltion probolibility miltrix 
j, ) nia SUt~ index villu~s 

"1. "1 nia Damaging ev~nt coun{~r 
V;iil(" ~V cycle- I Instantilneous voltilg~ degrildiltion [21 

~Vh-l Volt.tg~ d~grildation r.u~ [21 

V.-..." .. " V Nominill fuel cel! voltage 
fol • Battery ~nd-of·lif~ condition [32J 
Eal.,c • Fuel c~1I ~nd-of·lir~ condition 121 
k nia Oiscr~tiZiltion st~p 

AI , St~p I~ngth 

V, V Ban~ry voltag~ 

l, A Batt~ry curr~nt 

E. V Batt~ry ~I~ctromotive forc~ 133-351 
soc • St.1te-of-<hilrg~ 

9, oK Batt~ry ~1~ctrolyœ t~mper.atur~ 

Ro n Batt~ry pol~ resistanc~ [33-35J 
R, n Biltt~ry int~mal r~sist.1ntt 133-35J 
1. Batt~ry main branch current 
T, Batt~ry tim~ d~lay factor [33-35J 
1 , Simulation time 
Q. Ah Bilttery charg~ 
C, Ah O~lTild~d batt~ry c.lpacity 
~ nia Discharg~ l~v~1 stress factor 

Ah Battery insUntilneous lifetim~ CilpaQty 
<_ Ah Biltt~ry maximill l if~time Cilpildty 
A nia Exponentiill pr~filctor 
E. Jmol- I Activation ~n~rgy for degrildation r~actions 
R Jmol -K- 1 Universal SilS conSUnt 
(J •• ~ oK B.itt~ry rderence electrolyœ temperilture 
À. y~ars Estimated battery lif~tim~ 126J 
<, va,. Stat~ vilriilbl~ 

H, kg Hydrogen fu~1 
6,~ • Bomery cycling degrildiltion 
~ •. 8 Biltt~ry cal~ndilr d~grildiltion 

6, Biltt~ry cumuliltiv~ d~grildiltion 

6", Fu~1 c~1I degrildation 

"'"'" "',. Minimal Sl'ilt'e ildmissibl~ villu~ 

<- "',. Maximal Stilt~ ildmissibl~ villu~ 
u, nia Control vuiabl~ 
Cf SCAN Pe.rformance criteria 
) SCAN Objectiv~ function 
N nia Finill discr~tized step 

2. Numerical model. 

This section provides condensed modeling information to foster 
reader engagement, with supplemental attention given to specifie 
additions to the CUITent paper; interested readers can access fully 
detailed mathematieal descriptions of the models abridged here in 
[29,30]. As a general rule, in order to accommodate the caJculation­
heavy constraints of the optimal process and the macroscopic, 
economy-focused scope of our objectives, the models presented in 
this research lean towards straightforward. concise representa­
tions. 

The modeled PHEV's generai specifications [36J are that of a 
1721 kg mid-sized sedan built according to a series architecture, 
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with an on-board 62 kW-capable PEMFC and 307.2 V/45 Ah 
(nominal) 288-cell üFeMnP04 battery pack, giving it a nominal 
61 km battery-only range. Battery chemistry is modeled according 
to experimental data gathered at our lab [33-351 using auto motive 
LiFeMnP04 battery packs. Vehicle physics are represented using 
linear kinematics [371 to instantaneously extract power load 
information from the speed and acceleration values found in 
driving cycles (Section 2.1 ) via longitudinal equations. Regenera­
tive braking is fully accounted for during vehicle deceleration 
intervals, as are efficiency losses caused by vehicle transmission, 
aerodynamics and tire rolling friction. The PHEV's electrical 
subsystems, fuel cell system and plug-in recharge circuit are 
modeled via manufacturer's efficiency maps in similar fashion to 
represent energy losses proportional to their usage profile. Unless 
noted otherwise, efficiency maps are either based on measure­
ment, taken on an experimental HEV platform [27.28J scaled ta fit 
the parameters of the vehicle emulated in this study and/or 
directly taken from corresponding manufacturer's data. 

2.1. Markov chain-derived driving cycles 

Our proposed range-extension scenario requires a specifie set of 
driving cycle parameters in order to properly address issues that 
occur in similar conditions : in essence, our driving cycle represents 
the load imposed on the eiectricai drivetrain during vehicle 
operation and is one of its components' main degradation factor. ln 
order to structure our research towards its intended extended­
range driving scenario objectives. we require a cycle able to fulfill 
several criteria: 

• Demand a driving Joad far in excess of the PHEV's fully charged 
battery capa city. 

• Emulate a naturalistic long-distance driving pattern. 
• Provide enough nexibility to fine-tune its driving characteristics. 

At first glance, none of the available standardized driving cycles 
[25} were found to be sufficient on thei r own to coyer the extended 
driving distance/battery discharge required by our scenario. 
Moreover, while sorne cycles, such as the Highway Fuel Economy 
Test (HWFET) cycle, did provide driving behaviours conducive to 
long-distance driving pattern simulation, each lacked the required 

nexibility and did not accurately represent the irregularities 
encountered in repeating, real-world driving conditions. 

As such, to procure a selection of driving cycles comprising the 
length, distance, variety and statistical characteristics required to 
complete the proposed research scenario. a stochastic generation 
algorithm based on Markov chain theory is implemented. Markov 
chain theory's successful application to driving cycle generation. as 
highlighted in [38-40J, involves the construction of a state 
transition probability matrix P (1) using statistical data extracted 
from a standardized driving cycle. Given the extended range 
driving conditions proposed here, the HWFET cycle [25J. custom­
arily employed to evaluate vehicular fuel economy ratings in 
highway driving conditions, is determined to be a prime candidate. 

[

P, ., PI) 
P2,l P2 ,2 

p = . . 

P I,l P I,2 

Pli] P'I 
: where LPi j = 1 
. J 

PiJ 

(1) 

This versatile algorithm produces driving cycles of user-set 
length and distance that maintain their core cycIe's statistical 
coherency with long-distance highway driving patterns. The 
original cycle's 16.45 km driving distance (Fig. l a) is extended to 
161 km (Fig. 1 b) to reach an objective lOO-mile HEV autonomy 
benchmark; in this case, this represents 2.64 times the PHEV's 
nominal 61 km battery-powered range. Moreover, to better 
represent the irreguJarities inherent to realistic driving conditions, 
this algorithm is used to generate an array of 1000 long-range, 
statistically-consistent driving cycles to be called upon by the 
optimal process's long-term recursive structure (Section 3). 

Cl 
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22. Battery pack model 

An equivalent-circuit approach ta electrical battery modeling, 
as illustrated in Fig. 2, is imp/emented in this work (41-43 ); as 
5uch. the PHEVs architecture is designed ta represent battery 
discharge current lb as a function of variable battery voltage Vb (2). 
Furthermore. the equivalent circuit battery model is Iinked ta the 
depth-of-discharge (DOD) driven degradation model <Pooo through 
battery electrical charge Q. and state-of-charge (SOC) (3). Data for 
Em. Ra. RI and Tl values were obtained through experimental 
discharge protocols performed at our )ab on automotive LiFe­
MnPO, battery packs )33- 35 ). 

V, (k) = Em(SOC,O,) -I,(k)Ro (SOC,O, ) 
- R, (SOC, O, )/m (k)eH /' ,) 

SOC(k + 1) = SOC(k) _ Q.(k + 1) 
C,(k + 1) 

2.3. Improved battery cycling and time-temperature calendar 
degradation 

(2) 

(3) 

Battery cycling ageing is strongly tied ta the negative inOuence 
of deep discharge levels (SOC/DOD) on battery degradation, whieh 
is modeled via the inclusion of a speCifie stress factor, <Pooo (4 ), 
itself rooted in battery lifecycle data as contributed by )44J. This 
degradation model 8bJ accounts for the fraction of the maximum 
lifetime recoverable battery energy Kmeve that is depleted through 
discharge currents lb, The basic principle behind this model, 
dubbed the Ah-throughput technique [45 ), (5 ) is refined to include 
a DOD-sensitive stress factor </JOOD instead of average values for 
Kmcuc· 

<Pooo(DOD, k) = 1 + (K""" - K(DOD, k)) 
K""" 

(4) 

8 (1 DOD k) = "," [/, (k)<Pooo(DOD, k»)M 
fi) fi . • L...k- ro Kmu (5) 

(alendar ageing is assessed by uSing experimental values for 
activation energy Ea from lithium-ion battery testing data 146J. as 
reported in Fig. 3, applied ta retine the common approach ta use 
average fa values for Arrhenius-based modeling in Iiterature. An 
additional SOC/DOD dimension is added to ca/endar ageing by a 
secondary stress ractor, t/Jagr derived using experimental data from 
)47 ) whieh specifically quantifies the impacts of battery SOC/DOD 
levels on time-temperature ageing values; a SOC-driven reference 

î= _~r--J- r 1_ r __ ~ ___ ._:_- :. 
~ 'iO l ' ;..-' -- .l-

140 1-+- t 

1 : tr::;::;;I., ... ;x .... T:,---)--j-I ~+i _+1_ .. _·-_··-__ -;----1 
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Fil- 3. Activation energy fa progression for Arrhenius-based lithium· ion b.lttery 
power fade over an extended norage period olt different SOC levels [46). 

table inserts the <PQgt stress factor inta (6 ). Temperature is kept at a 
constant 20 oC throughout this particular study; Àb is a battery 
liFetime estimate of 8 yeaTS, as peT manufacturer's data !26 1. 

8,,8 (DOD,O"k) = 

( 
- E, ) 

Ae R(9,(k) - 0,,,,) <p ... (DOD,k) Ilt (6) 

L:L.-'------.À,-- ----"--
The individual degradation models therefore cumulate damage 

relative ta each's respective mechanism, discharge current lb or 
storage time/temperature intervals Ât, which are accelerated by 
stress factors t/J representative of battery usage conditions. The 
combined degradation models are used ta measure the battery 
pack's state of health from 0% (new) to 100% (terminal) leve/s, as 
described by (7). 

(7) 

Terminal battery foL limits are set upon reaching 80% initial 
battery capacity, as per industry standards [32). This graduai 
capacity 1055 is linearly renected on the battery's electrical 
performance (2), (3) ; drastie performance drops expected beyond 
EoL conditions are not represented as their fulfillment terminates 
the simulation process. 

2.4. PEM tuel cell model 

A system-Ievel efficiency map [48) is applied to represent the 
energy lasses relative ta the power demand from the optimal 
decision process. While this model fails ta account for the complete 
spectrum of fuel cell dynamics, the constraints and scope of this 
work have made its simplified but nevertheless reliable output an 
adequate substitute for more precise but highly demanding 
models. The hydrogen fuel spent ta satisfy the required power 
output is evaluated using hydrogen's higher heating value (HHV) 
for fuel-to-energy conversion. Fuel cell load change rates are not 
constrained and can vary freely in response to optimal demand. 
This limitation is a consequence of the DDP optimal process. which 
wou Id require an addition al state variable in order ta limit PEMFC 
rates, amplifying its computational burden beyond manageable 
hardw.lre constraints. 

Fuel cell degradation estimation is measured according to Joad 
variations and speCifie damagingevents as reported by )2) detailed 
in Table 1. PEMFC progressive Iifetime erosion is renected on the 
system as a graduai loss of cell voltage and decreasing cell 
efficiency in (8), EoLFCis fuel cell end-of-life voltage loss level set at 
90% as prescribed by the original model)2). 

8,d k + 1) = 8fC(k) + L:+' kfC[n, VI + n, V; + U;""dt) 
Vnom,ctu(1 - foLFd 

fiable t 
PEMFC voltage degradation rates (2). 

(8) 

Operating conditions Voltage degradation rate 

Start-stop 
load change 
Law power idling 
High power load 
klC factor 
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v. = 13.79J.1,.V/ cycle 
V; = 0.4185 J.l,.V/ cycle 
li".". ,., 8.662 J.l,.V/ h 
li..., -=' 10.00J.l,.V/ h 
1.72 
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3. Optimal process 

The optimization process used for this work is based on discrete 
dynamic programming theory (OOP) [22 [ and is designed to 
maximize computational efficiency within the constraints of the 
technique itself. Dynamic programming theOl'Y is il recursive 
optimization method which, in essence, breaks down complex 
problems into il series of simpler suhproblems, salves each 
subprobJem once and stores each's solution within computer 
memory; whenever these preprocessed suhproblems reoccur 
within the algorithm, they are recalled from memory instead of 
being recalculated. One could describe DDP as il "smart" approach 
to direct enumeration (colloquially dubbed the brute force 
approach) in that it does process the entirety of il given optimal 
problem's aHowable states and variables, which is key in the 
technique's proof of global optimality 1491, but does sa at an 
exponential fraction of the calculations required by the latter. The 
DDP algorithm was also chosen because of its relative simplicity 
and its flexible nature, which allows it ta process the number and 
variety of variables necessary to complete this work; in addition, 
iterative processes such as genetic algorithms 1501, particle swarm 
optimization [511 or evolutionary methods [521 are susceptible to 

converge to a local optimal point rather than a global optimal [531 , 
although they can be successfuHy applied to HEV management 
applications when properly tuned [54- 561. 

A full discussion on the DDP optimal process used for this work 
is found in [301. The proposed strategy is based on dynamic 
programming theory for single daily cycle optimization which is 
applied within a recursive algorithmic structure that equates long 
timescales with successive optimized daily cycles. As such, even 
though OOP carries. by definition, a proof of absolute global 
optimality [221, this proof only extends to individual daily cycles 
directly under the DDP algorithm's control: the recursive long­
term structure proposed here therefore produces a sum of optima 
rather than a global optimum for the entire time period under 
study. 

The optimal structure can be encapsulated by the following 
descriptive enumeration, which is itself further broken down in 
the algorithmic structural flowchart found in Fig. 4: 

1. Single cycle optimization: A single driving cycle is optimized via 
the OOP algorithm. Each cycle symbolically represents a 24-h 
period and is therefore referred to as a daily cycle. Each day 
encapsulates an active PHEV driving interval followed by a 
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systematic grid-based battery recharge to full (95%) battery SOC 
during the remaining time. Degradation and grid recharge­
based costs are accounted for the full 24-h dura tian, including 
post-driving recharge. by the cast optimization algorithm. 

2. Performance update: Optimized parameters for each consum­
able (fuel H2' battery lifetime 8., grid energy Cl. and PEMFC 
lifeeime 8R:) and their cost for the current daily cycle are tallied. 
Decreasing performance parameters for the degrading battery 
pack and fuel cell are updated within their respective models. 

3. Recursive process: A new Markov chain-derived driving cycle is 
recalled from the available collection. Steps 1 and 2 are repeated 
using the updated cast and performance parameters, which are 
carried on ta the next day. 

4. Terminal EoL conditions: Steps 1 ta 3 are repeated until either the 
battery pack or the PEMFC reach terminal EoL conditions, at 
which point the process ends. End results are available on bath a 
single-cycle basis and on a macroscopic scale of successive days. 
We note that this method presents a simplified representation 
of repeating driving behaviours and should be interpreted as 
such. 

3.1. State and conrrol variables 

An active control measure over battery degradation is made 
available to the DDP algorithm: driving load sharing/battery SOC 
management. A control variable is introduced ta establish the 
power demand ta the PEMFC ta achieve optimal battery assistance. 
This control variable UR is constrained hetween 0 and l, i.e. nuH and 
maximum values for PEMFC power output directed to the battery 
pack, as per the PHEV's seriaI structure, as found in (9). 

(9) 

The main consumables ta be minimized during PHEV operation 
are represented within the DDP algorithm as state variables; these 
quantify the evolution ofhydrogen fuel H2, battery degradation Sb. 
remaining battery charge th and PEMFC degradation SR:. Each is 
constrained by physical limitations and operating parameters 
defined by their respective manufacturers. The admissible range of 
values ](mi" and ](mCQ' are precalculated for each state variable using 
the corresponding models described in (10)-(13 ). 

(10) 

(11 ) 

(12) 

(13) 

3.2. Obj,criv, ftmction 

Our scenario dicta tes that performance criteria must reflect 
economic performance: each is the li.nancial cast of every decision 
relative to its influence on the state variables H2' Sb, th and SR: 
according ta each consumable's cast. State variables and criteria 
are positive, steadily increasing functions save for grid recharge, 
which is a Iinear relation between instantaneous battery SOC and 
the grid-based recharge cost required to compensate. Fuel ceU 
system priee also includes its auxiliaries (bipolar plates. mem­
branes, catalyst, gas diffusion layer. humidifier, air compressor) but 
not its hydrogen reservoir. Degradation expenses are measured by 

'hble 2 
Consum.ble component costs. 

2.88 500.00 0.11 55.00 

an equivalent loss percentage of the total cast of the component 
itself. The sum of each expense from the performance criteria 
result in the objective function, a singular performance score for 
every decision taken by the algorithm. As such. it cumulates the 
total monetary expense encountered during a single decision 
interval k (14) according ta the relative cost values found in 
Iitterature summarized in Table 2 for each of the consumable 
components on-board the PH EV. 

H 

J(x, u,k) - ~)CH,(XH" UR , k) + C,.(x," , uR ,k) .... 
+ C'''' (x,''' , UR , k)1 + Ca.(XQ"N) 

3.3. Optimal control policy 

(14) 

The DDP algorithm is designed to produce an optimal control 
policy uR' i.e. the optimal PEMFC control values of UR that minimize 
the cost functionj for each admissible state value]( at each step k 
over the entire course of a single PHEV driving cycle (15). 

(15) 

This control policy is subject to numerous constraints in order 
to produce a realistic outcome. A central priority being that each 
driving cycle must he followed closely and carried to its conclusion 
with sufficient PHEV power and energy for our scenario to be valid. 
a sufficient energy condition is ensured by enforcing a soft 
constraint on minimum and maximum battery SOC values. Each 
single driving cycle (Fig. 1) directly imposes speed and acceleration 
parameters on the PHEV and optimal process. Hard constraints are 
set on physical limitations such as battery voltage and motor 
power through the models themselves. as determined by 
experimental data and/or manufacturer's recommendations. 

4. Results ôlnd discussion 

This segment presents a cross-section of the most revelatory 
results produced by our optimization process when submitted ta 
the autonomy extension scenario presented in Section 3. This 
dissection is broken down into 3 main points of interest. beginning 
with an overview of the management process's response from a 
single-cycle daily perspective to clarify the process's low-level 
inner workings to the reader. This is followed by our key objective. 
the assessment of economy-focused optimal PHEV degradation 
management dynamics observed from a macroscopic, long-term 
timescale. Finally, we exploit the information derived from this 
analysis ta investigate the merits of preemptive battery replace­
ment strategies from component performance and cost-efficiency 
stand points. 

4.1. Framework 

The present scenario involves a PHEV sedan (Section 2) 
submitted ta a driving load far in excess of its available battery 
capacity (Section 2.1). This scenario follows a framework conso­
nant with long-term driving behaviour (Section 3). Single daily 
driving cycles are established as standalone unies of time that 
encompass a complete 24-h period that includes an active driving 
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interval (Fig. 1), a post-cycle grid-powered plug-in recharge 
protocol and subsequent vehide storage up to the next daily 
cycle's stan. Daily units are fully optimized via the DDP algorithm 
(Section 3), which carries the PHEV through completion of its 
extended driving load at minimal operating cost while balancing 
fuel consumption. post-cycle recharge levels and both battery and 
PEMfC usage-sensitive degradation rates. These optimized 
expenses and degradation levels are carried over the following 
daily cycle, which repeats the DDP process in recursive fashion 
using updated performance parameters and a new, statistically 
homologous Markov chain-generated driving load. The process 
ends when either rated degradation level (battery pack or PEMfC) 
reaches predefined EoL conditions: 80% initial capacity for 
batteries 1321 and 90% initial cell voltage for the fuel cell 12 1. 
End results are therefore available on two timescales: seconds for 
single cydes and successive days for long-term assessment. 

4.2. Comparative references 

ln order to reinforce the reader's grasp of the optimal process's 
performance on a single-cycle basis, we provide the following two 
comparative reference scenarios, each representative of simple 
rule-based energy management solutions most commonly found 
in commercial and industrial applications. These reference-only 
alternatives are not to be construed as validation of the optimality 
of the process: it is a foregone conclusion that any well-tuned 
optimal process will outperform such rudimentary solutions. 

• (Des rule-based straregy: The charge depleting/charge sustaining 
(CDCS) alternative prioritizes battery power until a set 25% SOC 
level (as per industry standards) is reached, at which point a 
secondary energy carrier sus tains said SOC for the remainder of 
the driving cycle. 

• SR rule-based strategy: The simple recharge (SR) solution allows 
the depletion of the battery pack until a set 25% SOC (as per 
industry standards), after which it initiates a constant-power 
(30% was found ta be satisfactory) recharge of the battery pack. 

Past effons have considered an Unmanaged alternative where 
no fuel cellassist.nce isgiven ta the b.ttery p.ckat ail 130,281 : this 
approach is nonviable considering the current driving load which 
far exceeds battery capacity. 

4.3. Single-cycle optimal autonomy extension 

To begin, we examine the direct output of the process for a given 
daily cycle. which establishes the minimal-cost power split 
between battery pack and PEMFC (Fig. 5) ta complete its driving 

FIl- 5. Optimal driving load powt!f split between battery pack ;md PEMFC Ovef the 
course or a single driving cycle ( Ist cyclt shawn). 
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load. This figure represents the decision process output from the 
DDP algorithm and as such is defined by the latter's time 
discretization interval; elapsed time. driving cycle loads and 
vehicular system responses are simulated on al-second scale. A 
number of key responses are demonstrated in the sample power 
split from Fig. 5. which is taken from the initial cycle of the long­
term process. Le. its components are non-degraded from the 
outset. First is the apparent sporadic. intermittent fuel cell 
response to the driving load. Closer comparison of these irregular 
control impulses to underlying driving load strongly correlates 
with the presence of high peak loads. This is consistent with the 
well-documented advantageous effects of peak load shaving 
discussed in literature [57.S8J. These recharge impulses are shown 
to provide energy in excess of that required by the driving load 
alone. Civen that the prime cost factors outside of fuel expense are 
the degradation rates of the battery pack and fuel cell, this excess is 
solely justifiable as an open effon from the optimal process to 
cunail cost by suppressing component degradation. Another 
noteworthy feature from Fig. 5 is that white priority is given to 
battery energy over fuel consumption for most of the driving cycle. 
that balance appears to shift during the last interval of the cycle, 
where the fuel cell domina tes the power split. This is renects a 
more energetic battery recharge as opposed ta conservative peak­
absorbing charge sustenance, as the depleted battery SOC 
displayed at the cycle's conclusion indicates their increased 
capacity to accumulate the excess energy provided by the fuel 
cell. As a general note, these new single-cycle results are consonant 
with previous observations 128-30) but the responses measured 
are more pronounced here due to the intense driving load involved . 

4.4. Long-rerm degradation management dynamics 

The long-term timescale proposed here concludes when either 
battery pack or PEMfC reaches EoL terminal conditions, indicating 
that replacement is due. Each of the proposed solutions is carried 
to chis conclusion, as represented by Fig. 6. Terminal battery 
degradation is shown to occur weil ahead of the fuel cell's, sa its 
evolution remains at the core of our analysis; Fig, 6 plots the rate of 
degradation displayed by each solution from its origin up to its 
terminal state, The Optimal management solution exhibits a lesser 
degradation rate that carries its battery pack ta 2000 days of 
continuous operation (5 years , 5 months and 22 days ). This exceeds 
each alternative's life span by a notable margin, with the recharge­
intensive but wastefulSR behind at 1824 days (91 % of the optimal, 5 
months and 26 days behind) and the middling CDCS even farther at 
1667 days (83% of the optimal, 11 months and 3 days less ), even 
though its objective is not degradation management per se, but 
minimal-cost economic performance. This suppons the economie 
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Table 3 
l.ong· tenn Opdmal-~Iat~ perfonnance b~akdown. 

Optimal Ufetime H~ J~ ~ JIe To~1 

mcs 
SR 

2000d 2194kg lODS S138kWh 74:': 16.027$ 

0.83 
0.91 

0.49 
0.83 

3.48 
1.56 

0.93 0.88 
1.02 0.96 

viability of active degradation management as an efficient means 
to e.xtend useful PHEV battery Iifetime. 

The relative performance of each solution upon reaching 
terminal battery degradation is presented in Table 3. At the 
forefront are the total operating costs distributed over the PHEV's 
usefullifetime: the mcs and SR alternative achieve 83% and 91% of 
the Optimal's useful lifetime at 88% and 95% of the latter's 
cumulative cost. respectively, indicating that a modest 4- 5% 
reduction in operating costs WolS achieved via the proposed 
Optimal methodology, mirroring observations found in [30J. 
ükewise, the trends of comparative per-component consumption 
rates rernain consistent but vary in SColie because of the heightened 
stress imposed by long-distance driving conditions. Of note is the 
lifetime achieved by the rule-based alternatives. which difTers by 
slight gains of 4% and 3% over previously reported values for the 
CDes and SR solutions. respectively, seemingly indicating compa­
rable performance regardless of difTerences in driving scenarios. 
However, c10ser inspection reveals that these solutions' total 
expenses are 33% and 18% higher, respectively, while the Optimal 
outcome is merely 6% more costly overall than previously reported. 
Moreover, the costs from Table 3 do not include the potential 
battery replacement expense necessary to sustain both alter­
natives up to the same lifetime achieved under Optimal manage­
ment: these alone would raise the CDes and SR solutions' 
cumulative costs by 8% and 4%, respectively. This substantiates 
the potential of the proposed strategy both on its own merits and 
by comparatively highlighting the decreasing economic returns of 
rigid rule-based strategies when applied to PHEVs under long­
term, elevated stress conditions. 

On the other hand, the Optimallifetime is 87% of the previously 
reported conclusion [30J, which lasted nearly 10 months more 
with 2297 days under Optimal management using a comparatively 
short·ranged. battery-only urban driving cycle. At first glance. this 
reveals the influence of the challenging driving load on the optimal 
process's outcome even when under equivalent management, 
objectives and parameters. However, single-cycle results from 
both studies display roughly similar optimal 65-75% SOC profiles 
during early-to-middle cycles, which should lead to proportional 
battery lifetimes. Consequently, this lifetime variation should be 
induced by pivotai differences in later stages of operation that are 

~ 7. Daîly operaông cost evolution over each proposed solulion's PHEV bauery 
Iifetime. 

triggered by the extended driving load. In essence, this suggests 
that while the process Jeverages active battery degradation 
management as a cost-reduction measure on a cycle-by-cycle 
basis (Fig. 5), this slowly-evolving mechanism's influence strongty 
fluctua tes, bath economy and performance-wise, when placed 
under elevated stress and observed from a long-term perspective. 

Further evidence of the long-term evolution is round in Fig. 7. 
which traces the progression of the total daily operating costs 
displayed by each solution. Due ta the variations brought on by the 
random elements of the Markov chain-based driving load 
generation algorithm. each specifie daily cycle is different from 
the la st: the results from Fig. 7 are therefore enhanced by tracing a 
smoothed moving average curve of the generated data c1usters. At 
a glance, total operating costs of the Optimal outcome on a 
quotidian basis are shown to consistently remain below each 
alternative solution, both of which demonstrate similar under­
whelming performances and steady rates of increase. Still, the 
most revealing information extracted from Fig. 7 is the marked rise 
in operating costs that manifests in the last quarter of the Optimal 
process' 200O-day course. This surge in operating costs is a sensible 
indicator that a substantial shift has taken place in the later stages 
of the optimal management process' outcome, as hinted in the 
discussion of Fig. 6. Civen that cost in this scenario is 
fundamentally driven by the ageing of the PHEV's energy carrying 
components, it is reasonable to infer that degradation phenomena 
are at the root of this new development. 

4.5. Transitional dynamics during late-stage degradation 

A breakdown of each individual PHEV cost-sensitive element 
involved during this transitional interval is presented in Fig. 8 to 
further inquire into this newfound response. Ove rail operating 
costs (black) are shown to rise in the same manner as Fig. 7 while 
individual components reveal more information on the nature of 
the operational shift highlighted in Section 4.4. Most telling is the 
reversaI in priority between battery and fuel cell usage. Battery 
degradation (red) and fuel consumption (blue) are relatively steady 
and closely matched throughout most of the cycle, with a slightly 
higher fuel consumption priority over battery usage. However, fuel 
consumption drastically decreases by as much as 49% during the 
final quarter of the long-term horizon, which begins roughly 450 
days. or 1 year and 3 months. before battery EoL is reached. This 
transition is also renected in the fuel cell's degradation rate (cyan), 
which also plummets by approximately 19% during the same 
period. Conversely, battery degradation during this stage rises by 
approximately 33% and grid-based recharge (green) leaps by more 
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Fil- 8. 8reakdown of daily aper~ting cost evolution for the optimal solution for each 
individual component, focused on the final quarter of predia ed b~uery lifeôme 
displaying COSH for hydrogen fuel Hz as IHzl (blue). battery degradation J. u fDqI 
(red ~ grid recharge ~ u (Qtl (green) and fuel œil degr.ad.1tian ale as fPEMFCJ 
(cyan~ induding cumulative cost IJUTALI (black). 
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than 15 times the amount expended during the rest of the cycle. 
However, this prominent rise remains relatively low in relation to 
other expenses from an overall cycle. Nevertheless, high degrada­
tian costs coupled with an explosion in post-cycle grid recharge 
indicates a significantly higher reliance on battery energy to 
complete each driving cycle. This hypothesis is further described 
by obselVing Fig. 9, which plots battery SOC levels at various points 
during this transition. 

The data from Fig. 9 plainly confirms the rise in battery 
dependence during the la te-stage transitional interval, as it c1early 
displays battery usage evolution from an undegraded state (red) to 
the eartiest stages of the late transitional period (blue), where 
change is more subtle but more closely tied ta end-of-cycle/grid 
recharge-based SOC levels, ta middle (green) and final (black) days 
of the transitional period, where the battery pack is completely 
drained at the conclusion of the cycle with ever-diminishing 
consideration given to hold its SOC at degradation-reducing levels 
during the process. This last element is key in understanding the 
relationships at work. White it might seem counter-intuitive to be 
more reliant on a highly-degraded battery pack, one must consider 
the optimal process' two main incentives to economically use its 
PEMFC and fuel: the first is the imperative to successfully complete 
its driving load, which remains unchanged throughout the 
vehicle's Iifetime. The other is solely meant as an economicaUy 
motivated counterbalance to battery degradation. In this context. 
the process cannot be said to be spedfically more reliant on battery 
energy to complete its late-stage driving cycles: driving load­
dependent fuel expense, as evidenced by the straightforward. 
completely-empty SOC profile of final cycle in Fig. 9, is kept at a 
minimum throughout. The difference in fuel consumption at 
various points in time is therefore due to the PEMFC-powered 
effort, or lack thereof, to curtail battery degradation rates over the 
course of the battery pack's Iifetime. In essence. these findings 
indicate that it becomes ever Jess economically advantageous to 
mitigate battery degradation through fuel cell-based load sharing 
as that same battery's performance declines. While previous 
results have supported the benefits of fuel-based recharge as an 
economically-viable means to mitigate battery degradation, this 
new conclusion brings an important caveat to such a strategy: the 
degradation levels of a given battery, especially during its later 
stages, can significantly affect the expected benefits of its 
application. 

4.6. Preemptive PHEV battery pack replacement strategy 

When taking into consideration the proposition that PHEV 
battery packs in later stages of degradation yield progressively 
deteriorating benefits in terms of economically-motivated active 

2000 'OOCI..aoo toOO 
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FII.9. Optimal batt~ry SOC profil~ transition at the lat~r stag~s orthe PHEVs useful 
lifetime. 
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Fil- 10. Component-specific relative Iifetime operating costs for preemptive 
hattery replacement at various degradation levels displaying costs for hydrogen 
fuel Hlas (Hl i (blue). hattl!ry dl!gTadation 6, as (Deg) (red)and fuel cell degradation 
BK as IPEMK) (cyan ). includîng cumulative cost (TOTAL) (black); grid recharge Q, 
and values fOf rl!placement below 501 hattl!ry degradation levels are omine<! for 
clarity. (For interpretation of the refefl!nces to color in this figure legl!nd, the reader 
is referred to the web version of this article.) 

management efforts, preemptive battery pack replacement, Le. the 
replacement of the battery pack ahead of terminal EoL conditions, 
naturally emerges as a practical solution to counter the strategy's 
diminishing retums. To investigate the benefits of such an 
intervention, we submit the curves from Fig. 10 which represent 
the costs of preemptive battery replacement relative to EoL 
conditions for ranges of battery degradation above 50% (fully 
encompassing the transitional interval) on each individual 
component's Iifetime operating cost. Grid-based recharge, as 
hinted in previous results (Section 4.5 ), undergoes dramatic 
variations alongside battery performance. However. because of its 
diminutive impact on the overall solution, it is excluded from 
Fig. 10 in order to improve the figure's cJarity. 

These curves highlight the divergent outcome of preemptive 
battery replacement on the PHEV's main cost components as early 
replacement tends precipitate higher fuel and PEMFC degradation­
caused Iifetime costs white the opposite is true of battery 
degradation and ove rail operating costs. The highlights of the 
replacement cost curves from Fig, 10 are summarized in Table 4. 
Expected benefits and drawbacks exhibit an evaluated upper Iimit 
of 7% increase for fuel at 82% battery degradation replacement 
level and lower limit of 4% decrease at 78% replacement for battery 
lifetime costs; these peak variations, as weil as the degradation 
levels at which they occur, are compiled in Table 4. Chronologically. 
these peaks and valleys correlate with the introduction of the late­
stage transitional response highlighted in Section 4.4 and Figs. 7 
and 8.ln essence, the outcomes of preemptive battery replacement 
stem from the use of a brand-new battery pack at any given stage of 
the vehicle's lifetime. As such, while optimal fuel cell and battery 
management responds accordingly, the overall economical bene­
fits from these subtle performance gains (EoL conditions are set at 
80% initial battery capacity) are correspondingly modest and differ 
on a component-to-component basis. Total operating costs from 

Tilble 4 
Preemptive hattery fl!plilCement per-componl!nt perfonnance variations. 

Component Peak variation 6~ I~vel 

H, ' 7X 821 
8, - 4X 78X 
Q. -67~ 631 
8,., .lX 85X 
Total - 21 53X 
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Fil- 11. Reliltive total PHEV liCetime operilting costs for illI preemptive ~tttry 
replacement degradation levels including forreit b.lttery IiCetime penalty; v.alut s for 
replacement below sax battery dea:rildation levels omitte'd for duity. 

Fig. 10 describe slight improvements of 2% on early 53% battery 
degradation replacement scenarios. However, these numbers only 
aCCQunt for the performance gains that originate from the 
replacement; they do not .lccount for the cost of the remaining 
below-EoL battery lifetime that is sacrificed upon replacement. 
This 105S penalty is added to totallifetÎme operating costs in Fig. 11 . 
As one can unequivocally observe in Fig. 11. preemptive battery 
replacement does not bring any economie advantage to PHEV users 
when the cost penalty associated with early battery retirement is 
considered. Ergo, white sorne pros and cons of this strategy do 
manifest on a component-by-component basis. the sacrificial cost 
associated with premature battery pack replacement far out­
weighs the modest monetary gains obtainable through the use of a 
better-performing battery for any given period of operation. 

S. Conclusion 

The purpose of this work is to investigate the benefits of 
preemptive battery pack replacement in light of the dynamies that 
emerge while a degradation-focused PHEV optimal energy 
management strategy is applied for sustained operation under 
challenging driving conditions. The results provided herein attest 
to the successful accomplishment of this chief objective. Moreover, . 
the findings presented in this document contribute to the existing 
body of scientific Iiterature by addressing key topies of interest: 

• Battery degradation is identified as the main motivator of a 
significant priority transition between battery and fuel energies 
for vehicle propulsion during long-term extended range driving. 

• This late-stage transitional response is primarily caused by the 
diminishing economieal returns of maintaining a deeply­
degraded battery's SOC at high degradation-abating levels 
through the assistance of a fuel-powered secondary energy 
carrier. 

• Though modest variations on Iifetime expenses between 4% and 
7% are noted on a per-component basis. preemptive PHEV 
battery replacement is found to be an overall unsatisfactory 
economieal counter to late-stage degradation transitional 
response. 

Several avenues are available to pursue this work further; chief 
among those is the addition of battery temperature to the 
proposed process. one of the major catalysts for battery degrada­
tion alongside depth-of-discharge. In addition to thermal and 
climate modeling, battery core temperature can potentially be 
influenced using external energy carriers: its active management 
would represent a strong complement to the current management 

tools and would introduce a fresh layer of complexity ta future 
research endeavours. 
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Les différences, ça a de la valeur. 

Roger Cloutier 

Discussion générale 

IL APPARAÎT ÉVIDENT, à travers les travaux de recherche présentés dans cette thèse, 

que la dégradation des vecteurs énergétiques à bord de véhicules électriques hy­

brides est un sujet vaste et complexe. Il n'en demeure pas moins que celui-ci représente 

un verrou technologique majeur qu'il est impératif de résoudre si l'avenir représenté 

par l'électrification des transports de masse doit se concrétiser. 

En effet, la détérioration accélérée des batteries, piles à combustibles et autres 

dispositifs électrochimiques de transformation d'énergie lorsque soumis aux con­

ditions exigeantes à bord d'un VEH représentent un obstacle de taille au succès de 

ce nouveau paradigme de véhicules. Bien que les développements technologiques 

se succèdent à un rythme soutenu et que nombre de barrières sont en voie d'être 

maîtrisées [ 171 ], cette nouvelle idéologie demeurera inévitablement contrainte à 

un marché de niche tant que leur rendement économique demeure inférieur aux 
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véhicules à base de moteur à combustion interne actuellement offerts. À l'heure 

actuelle, le coût d'acquisition prohibitif de ces véhicules restreint leur acquisition 

aux consommateurs à la fois très bien nantis et particulièrement conscientisés aux 

enjeux environnementaux; lorsqu'on ajoute à cet investissement l'obligation de 

réinvestir à terme une large fraction de ce capital initial afin de remplacer une bat­

terie détériorée,leurvalidité dans ce marché très compétitif est doublement remise 

en question. Cette réalité handicape du même coup le marché de véhicules de sec­

onde main par lequel sont comblés les besoins de moyens de transport d'une large 

portion de la population moins économiquement avantagée. 

Le développement du concept des véhicules électriques hybrides est né de l'absence 

d'une technologie d'accumulateur énergétique capable de compétitionner directe­

ment avec les MCl: celui-ci propose donc d'assembler diverses technologies actuelle­

ment disponibles et de palier aux faiblesses de l'une par les forces de l'autre. La 

même philosophie est au coeur du travail proposé ici: dans l'attente d'une percée 

technologique majeure capable d'éliminer d'emblée les problématiques de dégra­

dation, nous proposons l'hypothèse qu'une utilisation judicieuse des composantes 

déjà incluses dans ce type de véhicules sera suffisante pour mitiger une part signi­

ficative de cette faiblesse. L'approche préconisée consiste à partager la charge de 

puissance demandée aux batteries durant la conduite avec une source secondaire 

afin de réduire l'intensité du courant qui y circule, maintenir son état de charge et 

éventuellement contrôler sa température dans l'objectif de diminuer le taux de pro­

gression de sa dégradation. Afin de demeurer cohérents avec les enjeux auxquels 

font face les VEH destinés au transport de masse, nous proposons également qu'il 

est possible d'accomplir une telle entreprise de façon économiquement avantageuse. 

La complexité physique, temporelle et matérielle de ce type de problématique 

ont conduit nos efforts vers une série d'études conduites majoritairement en envi­

ronnement de simulation, bien que les résultats d'une caractérisation expérimen­

tale du comportement électrique et de la dégradation des batteries furent inclus 

à nos travaux. Cette orientation nous a toutefois donné accès à des outils puis­

sants de modélisation et d'optimisation, comme la programmation dynamique, 

ainsi qu'avec la latitude de pousser ces outils aux limites de leurs capacités afin de 
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produire des études à long-terme jusque-là absentes de la littérature scientifique. 

Une telle complexité aurait par ailleurs été difficile à explorer en divisant nos ef­

forts vers une multiplicité de campagnes expérimentales laborieuses qui, somme 

toute, sont déjà bien cernées dans la littérature disponible. 

6.1 RÉPONDRE AUX GRANDES QUESTIONS 

Les résultats produits dans le cadre de ce travail de recherche, dont une large par­

tie est incluse à cette thèse via les articles des Chapitres 3, 4 et S, parlent d'eux­

mêmes. La première publication, présentée au Chapitre 3, jette les bases du tra­

vail en validant une interrogation centrale aux hypothèses avancées: est-ce que la 

gestion active de la dégradation des batteries d'un VEH est économiquement vi­

able? Les résultats obtenus révèlent que oui, la méthode est effectivement viable 

et même avantageuse, mais uniquement à l'intérieur de limites bien définies. Les 

outils développés dans le cadre de cette première étude permettent de tracer ces 

limites économiques et sont adaptables à une variété d'études aux objectifs sim­

ilaires. Vu le poids économique de la dégradation à bord de VEH, la valeur de 

tels outils, capables de répondre à l'interrogation: "est-ce que cette méthode est 

rentable?" qui figure en tête de liste de toute entreprise commerciale est évidem­

ment très appréciable. De plus, l'application plus poussée de cet outil prédictif 

a permis la production d'une variété de résultats d'intérêt quant à l'influence des 

paramètres économiques de chaque composante individuelle du système à l'étude 

(carburant, batteries et recharge par le réseau) sur l'issue de sa gestion optimale, 

démontrant sa capacité à fournir de l'information détaillée sur ce type de problé­

matique en plus de répondre à des questions fondamentales. Ainsi, la méthode 

illustre sa capacité comme instrument capable d'aborder les interrogations tant 

techniques nécessaires aux travaux d'ingénierie que de niveau supérieur plus pal­

pables par les instances de leadership du domaine. 

Ce travail initial comporte évidemment certaines limites. Tel que mentionné au 

Chapitre 3, celui-ci est basé sur une modélisation de véhicule basse vitesse à batter­

ies acide-plomb, limitant son application dans un domaine largement peuplé par 
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des architectures pleine puissance propulsées par des chimies modernes à base de 

lithium-ion. Ceci fut cependant un atout lors de la rédaction de l'article) car l'écart 

économique important entre cette technologie de batterie peu dispendieuse et le 

carburant hydrogène employé pour la recharge ajoute par sa seule présence à la 

pertinence de la méthode proposée. De plus) l'exploitation d'une plate-forme de 

VEH basse vitesse expérimentale) le Némo) fut un atout notable lors de cette phase 

initiale du projet de recherche. De façon générale) la modélisation fut réalisée de 

façon concise afin de permettre son adaptation à l'algorithme d'optimisation: il va 

de soi que des modèles plus élaborés permettraient d'obtenir des résultats corre­

spondants. La méthode proposée est toutefois flexible et facilement adaptable à 

de telles modifications. 

6.2 UN TRAVAIL DE LONGUE HALEINE 

Le second article présenté au Chapitre 4 propose une expansion significative des 

travaux de modélisation et de gestion optimale. Principalement) celui-ci intro­

duit un algorithme spécialement conçu afin d'optimiser la gestion de dégradation 

des composantes du VEH sur l'entièreté de sa vie utile) typiquement conduite sur 

plusieurs années consécutives. Ce type d'étude) au moment de la publication) était 

entièrement absent de la littérature) et à la connaissance des auteurs) le demeure 

encore largement aujourd'hui. L'intérêt de cette approche est évident) d'abord par 

son potentiel de représenter fidèlement l'évolution des phénomènes de dégrada­

tion à leur juste échelle de développement. En effet) malgré la progression très 

lente de tels mécanismes) la complexité de ce type d'étude fait en sorte que la 

recherche se limite à une portée de quelques minutes) voire quelques heures) alors 

que son échelle réelle est conduite sur plusieurs années. 

On propose communément des extrapolations linéaires basées sur des cycles 

très courts afin de justifier diverses projections à long-terme. Ce type d'exercice est 

défaillant sur deux fronts principaux) le premier étant le caractère auto-aggravant 

de la dégradation: par exemple) une batterie se dégrade plus rapidement lorsque 

son état de charge SoC est bas et perd du même coup une fraction de sa capacité. 
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Ainsi) lorsque soumise à une charge identique à répétition) l'état de charge d'une 

batterie en dégradation baisse plus rapidement relativement à sa capacité restantej 

en retour) ce SoC plus bas accélère le rythme à laquelle celle-ci se dégrade) et ainsi 

de suite. Qui plus est) la dégradation ne représente pas uniquement une mesure de 

l'état de santé d'une batterie mais également une perte progressive de performance 

à tous les niveaux (capacité) résistance interne) tension) etc.) ayant des répercus­

sions directes sur l'opération du véhicule. Bre~ une interpolation linéaire à partir 

de résultats limités ne tient simplement pas la route) particulièrement lorsqu'on 

propose de projeter le résultat de plusieurs années à partir de quelques minutes de 

données complètes. 

En second lieu) l'optimisation ajoute une dimension entière à cette probléma­

tique. En effet) l'algorithme d'optimisation tel que présenté ici retourne un profil 

de recharge de batteries via une source de carburant secondaire afin de compléter 

un trajet à coût minimal) dégradation incluse. Toutefois) cette opération est sen­

sible à la performance de ses composantesj dans le cas qui nous intéresse) cette 

performance diminue au fil de l'utilisation du VEH. L'algorithme d'optimisation 

doit donc s'adapter en continu aux performances toujours diminuées de ses com­

posantes afin de retourner un coût d'opération minimal à chaque intervalle de déci­

sion. Une telle adaptation engendre nécessairement une variété de dynamiques au 

sein de la gestion optimale d'énergie d'un tel véhicule qu'il est impossible d'identifier 

par de simples extrapolations linéaires. Un exemple particulièrement significatif 

du type de dynamiques se manifestant à long-terme est représentée dans le troisième 

article du Chapitre Sj le second article offre lui-même des données illustrant con­

crètement la performance du processus lorsqu'appliqué sur le long-terme) mais son 

scénario de conduite tempérée en milieu urbain est moins propice à l'apparition de 

dynamiques aussi marquées. En somme) la méthode d'optimisation proposée ici 

permet l'exploration de la gestion de dégradation à une échelle correspondante à 

la problématique et offre par conséquent le potentiel d'une précision améliorée en 

face des propositions offertes dans la littérature. 

On souligne également l'excellente flexibilité du procédé proposé) qui a permis 

d'adapter avec une relative simplicité les travaux d'origine ciblant un véhicule basse 
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vitesse à base de batteries acide-plomb à un berline commerciale propulsée par un 

pack de chimie lithium-ion) lui-même supporté par des données expérimentales 

extraites aux installations de l'IRH [87) 107) 156J. Une des limites de tout travail 

de simulation étant la évidemment la fidélité de ses modèles) la méthode démon­

tre ici sa capacité à s'adapter aux besoins de son utilisateur et de profiter de toute 

amélioration en ce sens. 

6.3 AMÉLIORER CONCRÈTEMENT LA DURÉE DE VIE DES BATTERIES 

Outre la validation générale de performance de la gestion optimale quant à sa ca­

pacité à compléter un trajet à coût minime ainsi que le rôle central de la batterie 

dans ce processus) certains des résultats concrets de l'étude révèlent qu'un des avan­

tages principaux de la méthode lorsqu'appliquée à long-terme est une prolongation 

significative de la durée de vie utile des batteries. En effet) bien que la méthode op­

timale produise un coût d'opération minimal inférieur aux approches alternatives 

à base de règles) les gains concrets en termes économiques) générés une utilisation 

plus efficace des ressources du VEH) se traduisent en une réduction de coût rela­

tivement mince de l'ordre de 3-6%. Par contre) cette opération à coût comparable 

offre üne amélioration de la durée de vie des batteries de 18% à 41 %) selon le cas 

évalué. 

Il est ici important de noter que de telles techniques par règles linéaires sont le 

standard de l'industriej la technique propose donc une avenue bien réelle d'augmenter 

la durée de vie des batteries de VEH à un coût d'opération quasi équivalent. Ainsi) 

bien qu'il soit) par définition) impossible d'appliquer directement la programma­

tion dynamique à une gestion online de VEH) les résultats produits par notre méth­

ode sont entièrement capables de tracer une marche à suivre claire en vue d'améliorer 

ce type de système. On note ici qu'il existe plusieurs techniques bien développées 

pour contourner ce type de limites: par exemple) il est facile d'imaginer l'application 

de notre processus long-terme en mode offline caractérisé sur les paramètres d'un 

véhicule particulier) puis l'utilisation de résultats issus de cette optimisation afin 

d'améliorer un système à base de règles statiques qui sont elles-mêmes directe-
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ment applicables à la gestion de VEH en temps réel. Ce type de processus est 

implémentable de diverses façons} par exemple en une seule fois lors de la concep­

tion du véhicule ou encore mis à jour régulièrement durant les périodes d'arrêt du 

VEH. Bien qu'une telle construction produira nécessairement une performance 

sous-optimale au sens propre} il est évident que des gains significatifs en durée de 

vie pourront être obtenus via l'application indirecte de notre méthode telle que 

décrite ici. 

6.4 UNE RICHESSE DANS LES RÉSULTATS 

L'article présenté au Chapitre 5 poursuit le cheminement amorcé dans les deux 

premiers. Par contre} si les deux publications précédentes étaient soutenues par la 

proposition d'une méthodologie innovatrice} et malgré l'amélioration notable de 

ses modèles} en particulier la validation expériemntale partielle de la dégradation 

des batteries du VEH [92} III J} ce dernier article trouve sa principale contribution 

dans les résultats surprenants qu'il avance suite à l'application de cet algorithme 

lorsqu'appliqué à un scénario réaliste et particulièrement stimulant. 

Le scénario appliqué ici en est un d'extension d'autonomie où la charge de con­

duite exigée du VEH optimisé est largement supérieure à sa capacité de batteries} 

ce qui nécessite d'emblée une lourde intervention de son vecteur énergétique de 

support afin de simplement compléter son trajet. Dans des conditions aussi ex­

igeantes nécessitant une dépense de carburant déjà importante} la pertinence de 

dépenser de l'énergie supplémentaire afin de limiter la dégradation des batteries 

peut être remise en question. En effet} à l'échelle d'un cycle très dispendieux} est­

ce que l'économie de quelques fractions infimes de durée de vie sur les batteries ne 

risque pas d'être} par comparaison} négligeable? Les résultats indiquent clairement 

que cela n'est pas le cas et que même dans des conditions difficiles} la gestion de 

la dégradation de batteries demeure un levier économique important à bord d'un 

VEH. On souligne également que le stress engendré par la charge augmentée se re­

flète par une influence globale comparativement diminuée de celle-ci. À l'inverse, 

les solutions alternatives par règles statiques offrent une durée de vie compara-
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ble lorsque soumises à ces charges; par contre) l'inefficacité de celles-ci est partic­

ulièrement mise en évidence) car cette durée de vie est obtenue en échange d'une 

dépense énergétique et monétaire excessive et inefficace. Ainsi) la pertinence de 

la méthode optimale se trouve renforcée en face de l'inefficacité des méthodes 

linéaires) qui démontrent ici une performance décroissante proportionnelle aux 

demandes de la charge de conduite. 

De façon inattendue) on relève que la diminution de durée de vie obtenue par le 

processus optimal fut causée en bonne partie durant la portion finale de son par­

cours. Une observation plus poussée révèle une transition marquée du partage de 

puissance optimisé par le système de gestion optimale: la batterie semble gradu­

ellement "abandonnée" par le procédé alors qu'elle entre dans sa phase avancée de 

dégradation) jusqu'à l'interruption de tout effort significatif de mitigation d'usure 

à l'approche de sa condition terminale BoL. Ces données indiquent donc qu'à des 

stades particulièrement avancés de dégradation) les performances électriques du 

pack de batteries (capacité) tension) résistance interne) etc.) sont réduites à un 

tel point qu'il est progressivement de moins en moins efficace) d'un point de vue 

économique) de déployer des efforts spécifiquement ciblés en vue de ralentir la 

vitesse de détérioration de leur état de santé. On en conclut donc que la viabilité 

économique du processus de gestion active de dégradation est intimement liée à 

l'état de santé même du pack de batteries qu'il supervise) un constat qu'il est impos­

sible de quantifier par les outils de prédiction linéaires offerts dans la littérature. 

Suite à ce constat dû à l'inefficacité handicapante des batteries en fin de vie) 

l'étude propose un protocole de remplacement préventif du pack de batteries du 

VEH. L'hypothèse posée à ce moment est qu'il est possible d'éviter de réaliser une 

certaine marge d'économies) tant en énergie qu'en termes monétaires) par le rem­

placement du pack de batteries du VEH avant l'atteinte de condition terminales 

BoL étant donné l'inefficacité marquée de celui-ci durant les dernières phases de 

sa dégradation. En somme) on escompte qu'il peut être préférable de remplacer 

celui-ci par un pack neuf aux performances renouvelées plutôt que de supporter un 

"poids mort" rendu à peine capable de remplir sa fonction primaire sur une longue 

période de temps (la phase transitoire observée s'amorce environ 450 jours) ou 1 an 
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et 3 mois) avant l'atteinte finale des conditions BoL) par l'intervention de sources 

secondaires dispendieuses. Malheureusement) bien que certains gains marginaux 

de performance de faible envergure fussent évalués suite à l'investigation d'une 

telle intervention sur une large plage d'intervalles de remplacement) la proposition 

est révélée sans équivoque comme économiquement désavantageuse. En effet) la 

logique veut qu'au moment du remplacement) la fraction du pack de batterie tou­

jours utilisable "sacrifiée" durant l'opération soit prise en compte. L'ajout de cette 

pénalité financière) considérant le coût élevé d'acquisition des batteries lithium­

ion) domine complètement les minces économies réalisables par le rafraîchisse­

ment des performances des batteries remplacées durant l'intervalle étudié. 

En résumé) ce dernier article illustre clairement les possibilités offertes par l'application 

du procédé de gestion optimale de dégradation des vecteurs énergétiques de VEH 

à un scénario de conduite réaliste ainsi que le type d'information que celui-ci est 

en mesure de produire en comparaison avec les méthodes linéaires incomplètes 

couramment utilisées dans le domaine. Celle-ci fournit non seulement un outil 

puissant capable de guider la gestion d'énergie d'un VEH vers une opération économique 

et une durée de vie significativement améliorée de ses composants) mais permet 

également de non seulement mettre en lumière certaines dynamiques propres à la 

gestion de ce type de procédés évolutifs) mais également de quantifier ces derniers) 

produisant du même coup des données précieuses quant à l'ingénierie de ces sys­

tèmes. 

6.5 PERSPECTIVES DAVENIR 

Les avenues possibles quant à la poursuite du travail réalisé ici sont nombreuses 

et variées étant donné la portée et la flexibilité de l'outil développé dans le cadre 

de sa réalisation. Toutefois) il apparaît pertinent d'inclure quelques suggestions 

parmi les plus fascinantes) plusieurs d'entre elles ayant fait leur apparition au cours 

de la réalisation même du travail de recherche) au fil d'innombrables échanges 

et discussions avec divers collègues du domaine. À noter que les limites intrin­

sèques à ce type de travail) réalisé en grande partie en environnement de simulation 
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numérique} seront exclues de cette discussionj il va de soi que l'ajout de m?dèles 

de basés sur différents concepts} élaborés avec une profondeur supplémentaire là 

où pertinent ou modifiés de quelque façon} par exemple à partir d'innovations plus 

récentes ayant vu le jour suite à ces publications ou utilisant des paramètres expéri­

mentaux provenant de sources différentes} produiront des résultats correspondant 

à ces modifications. 

6.5.1 GESTION THERMIQUE DE BATTERIES 

En tout premier lieu} il convient d'aborder le rôle de la température dans le con­

trôle de la dégradation de batteries. Bien que celle-ci fut modélisée dans une forme 

allégée dans le cadre du travail présenté} tant au niveau du comportement élec­

trique (capacité) tension} etc.) que de la dégradation (via la relation d~rhénius) 

de celles-ci} un modèle complet du comportement thermique de celles-ci lors de 

leur utilisation ne fut pas implémenté. Par conséquent} le contrôle actif de la tem­

pérature du pack n'est pas inclus aux résultats proposés ici. Ainsi} les travaux réal­

isés ici assument un contrôle de température statique des batteries du VEH aux 

performances suffisantes pour maintenir la température de celles-ci à l'ambiant} ici 

maintenue à une valeur tempérée de 20 ou 25 degrés Celsius} tel qu'indiqué dans 

les études elles-mêmes. 

Une telle addition ajouterait une dimension complète au contrôle actif de la 

dégradation de batteries VEH. Comme il est clairement apparent à la lecture des 

articles présentés dans cette thèse} cette addition est mentionnée à la conclusion de 

chacun comme étant une étape logique de progression de notre méthode d'optimisation. 

On note cependant qu'un modèle complet de comportement thermique de bat­

teries fut bel et bien réalisé et inclus durant les dernières semaines précédant la ré­

daction de cette thèse. Ce modèle} incluant un système de gestion de température 

indirect par circulation de fluide réfrigérant} fut conçu} caractérisé sur des don­

nées expérimentales correspondant au modèle de VEH commercial représenté 

dans l'étude et implémenté au processus de gestion optimale. Cependant} une lim­

ite inhérente à la technique par programmation dynamique préconisée par notre 
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méthodologie, la redoutée "malédiction de la dimensionalité'~ vint s'interposer 

dans nos efforts. En bref,l'ajout de deux variables nouvelles à l'algorithme d'optimisation, 

soient la température du pack de batteries et une nouvelle valeur de contrôle re­

sponsable de son chauffage/refroidissement à partir de l'énergie de la PEMFC, 

multiplient la charge de calcul et le temps nécessaire afin d'extraire des résultats 

pleinement optimisés. En gros, là où notre processus était capable d'optimiser un 

cycle de conduite de 24h en quelques minutes, l'ajout de ces deux variables re­

quiert maintenant entre 100 et 120 heures (4-5 jours) pour optimiser un seul cy-

cle de dimensions équivalentes. Les résultats extraits de la gestion optimale d'un 

cycle unique furent malgré tout publiés dans le cadre d'une conférence de cali-

bre international [113]; toutefois,l'extension de cet outil amélioré aux prédictions 

long-terme préconisées par nos objectifs de recherche, qui requièrent eux-mêmes 

l'optimisation de plusieurs milliers de cycles individuels consécutifs, demeure hors 

d'atteinte avec les moyens matériels à notre portée. 

Une solution simple à cette situation serait l'utilisation de ressources externes 

afin de produire les résultats nécessaires à l'intérieur d'un laps de temps raisonnable. 

Il existe en effet la possibilité d'accéder à ce que l'on nomme en termes familiers des 

"super ordinateurs" capables de contourner de type de problématique par simple 

puissance brute de calcul. Outre l'obtention d'un accès à ce type de ressources, il 

existe évidemment l'option de reprendre le travail proposé à partir d'une méthode 

d'optimisation différente et moins lourde en calcul; l'étendue d'un tel travail est 

hors d'atteinte à ce moment du parcours mais représente néanmoins une avenue 

intéressante qui saurait renforcer la validité des résultats proposés par comparaison 

avec une méthode optimale alternative. Dans le même ordre d'idées, il fut suggéré 

de reconstruire le code produit ici à l'aide du logiciel Matlab, qui utilise un langage 

interprété, dans un langage de programmation compilé, comme le C++ ou Visual 

Basic, afin de profiter des gains en rapidité de calcul que ces langages peuvent po­

tentiellement offrir en échange d'une complexité accrue lors du codage. 

Une fois la résolution de ce problème numérique accomplie, la gestion ther­

mique offre un monde de possibilités. Par exemple, la gestion de température 

des VEH en climat nordique, où les impacts sévères des températures sous zéro 



sur la performance et la durée de vie des batteries sont bien documentés, et un 

fer de lance notoire des travaux de l'IRH des dernières années, pourrait bénéficier 

grandement de l'application de l'outil développé ici. Déjà, les résultats initiaux pro­

duits dans le cadre de [ 113 ] permettent d'aborder la dimension économique d'une 

telle gestion et révèlent le rôle plus actif de la PEMFC dans un tel scénario, non 

seulement en raison de l'énergie dirigée au chauffage mais à cause de l'accélération 

de la dégradation des batteries sous zéro qui résulte en une utilisation moins avan­

tageuse de celles-ci. 

6.5.2 DIMENSIONNEMENT DE COMPOSANTES ÉNERGÉTIQUES 

Lors du processus de révision menant à la publication de l'article présenté au Chapitre 

4, un des commentaires de la part d'un évaluateur, peut-être moins intimement 

familier avec le domaine de la dégradation de batteries, fut de proposer qu'étant 

donné que notre système de gestion optimale maintient naturellement le SoC des 

batteries aux alentours de 60%, il serait indiqué d'utiliser cette information afin de 

réduire la capacité du pack et ainsi éliminer la portion "inutilisée". Évidemment, 

une telle opération n'aurait pas directement les résultats escomptés, car utiliser une 

batterie de dimensions réduites à 100% de sa capacité engendrerait une dégrada­

tion sévère. Toutefois, le commentaire mit en lumière la capacité de notre système 

à agir effectivement comme outil de dimensionnement de composantes de VEH. 

En effet, il est simple d'imaginer l'application d'un processus similaire à celui 

développé dans l'article du Chapitre 3 mais utilisé pour l'évaluation non pas unique­

ment des différences de coût d'acquisition, mais des dimensions des composantes 

énergétiques (batteries, PEMFC, etc.) à bord d'un VEH. Il serait alors possible de 

comparer non seulement les gains économiques tirés directement par l'acquisition 

de composantes de capacité réduite, mais également d'évaluer ces gains en face des 

charges de conduites, des efforts de recharge et de la réponse du système de réduc­

tion de dégradation adaptée à ces nouveaux paramètres de performance. L'ajout 

d'un second niveau d'optimisation pourrait également permettre de dimensionner 

optimalement chaque composante vis-à-vis d'une charge de conduite donnée en 
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incluant à la fois les dépenses énergétiques et la dégradation de chacune, un type 

d'étude qui, à la connaissance de l'auteur, demeure absente de la littérature scien­

tifique. 

6.5.3 DÉGRADATION AXÉE AUTOUR DU VECTEUR ÉNERGÉTIQUE DE SUPPORT 

Bien que la logique exige sa représentation en parallèle, la dégradation du vecteur 

énergétique secondaire des VEH étudiés dans ce travail, en l'occurrence une pile 

PEMFC, fut reléguée au second plan au profit de celle des batteries. Celle-ci fut 

représentée de façon fiable mais concisej de plus, la dégradation des batterie s'est 

révélée comme étant le facteur dominant dans l'atteinte d'une solution économique­

ment optimale dans chacun des scénarios étudiés. Par contre, quels résultats pourrions­

nous escompter par l'étude de scénarios dont l'issue serait, à l'inverse, dictée par la 

détérioration de la pile PEMFC? 

La méthode proposée est entièrement capable d'inclure ce type de scénarios 

et ainsi de propulser une série d'études centrées sur la dégradation d'une com­

posante alternative. D'entrée de jeu, il est de l'avis des auteurs qu'une modéli­

sation plus détaillée de celle-ci serait de misej dans l'exemple actuel, la dégrada­

tion de la PEMFC, basée autour du concept d'événements dommageables comme 

les cycles d'arrêt-stop et les variations de charges brusques, offre une représenta­

tion adéquate de sa dégradation en cours d'utilisation mais présente des options 

de contrôle restreintes en vue de limiter l'évolution de celle-ci. Évidemment, une 

telle étude, conduite du point de vue du VEH comme système global d'échange 

d'énergie, serait d'ordre macroscopiquej une pile PEMFC est en elle-même un sys­

tème complexe qui nécessite son propre système de gestion interne. Toutefois, 

l'information potentiellement accessible quant aux flux d'énergie conduits entre la 

pile et les mécanismes d'opération du véhicule, une fois optimisés, offre une foule 

de possibilités quant au dimensionnement, à l'ingénierie et à la gestion de celle-ci. 
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6.5 .4 ÉTUDES À HAUTE RÉSOLUTION 

Un des atouts majeurs de l'étude présentée ici est sa capacité à aborder la problé­

matique de la dégradation à une échelle de temps macroscopique représentative 

du développement de tels phénomènes. Pour parvenir à réaliser un tel système) 

un effort significatif fut nécessaire afin de réduire le temps de calcul au minimum 

malgré la charge requise par la programmation dynamique. Une partie de ces ef­

forts furent appliqués à réduire la résolution du processus) c'est-à-dire de diminuer 

la division de ses différents niveaux de discrétisation) son nombre de variables et 

ses intervalles de décision au minimum tout en ayant un impact aussi faible que 

possible sur la précision de ses résultats. Toutefois) malgré le soin apporté à ce 

processus) il demeure incontournable qu'une certaine marge de précision fut sac­

rifiée: par exemple) même avec les procédures d'interpolation mises en place dans 

l'algorithme) il est possible d'obtenir un contrôle beaucoup plus fin sur le proces­

sus de recharge des batteries par un intervalle de décision à chaque seconde plutôt 

qu'à chaque minute. 

Dans cet ordre d'idées) il s'avère donc pertinent de tourner le regard d'études 

futures vers l'intérieur et d'explorer les possibilités offertes par l'augmentation de 

la résolution du processus. Selon toute probabilité) le temps de calcul requis par 

une résolution entraînera des difficultés quant à l'application du processus à long­

terme) de façon similaire à celles rencontrées durant l'ajout de la gestion thermique 

discutés ci-dessus en 6.5.1. Par contre) les résultats obtenus par l'implémentation 

d'une résolution très élevée sur une unité de temps plus courte) par exemple un 

cycle de conduite unique) permettra l'examen de la réponse du système de ges­

tion optimal sous une lumière entièrement nouvelle. Par exemple) dans l'optique 

d'une application de notre procédé d'optimisation à la génération de règles sta­

tiques améliorées) à leur tour applicables à la gestion en temps réel d'un VEH ciblé) 

tel que discuté en 6.3 ci-dessus) il serait pertinent de calibrer ces nouvelles règles 

à partir d'un tel cycle à haute résolution plutôt que sur des prédictions d'ordre 

économique à portée globale. 
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6.S.S L'INFLUENCE DE LA PUISSANCE DE CALCUL 

Un mot s'impose sur l'influence de la puissance du matériel informatique utilisé 

pour ce travail particulièrement lourd en charge de calcul. Celui-ci fut entièrement 

réalisé sur un PC de bureau modeste fourni par l'UQTR équipé d'un processeur à 

4 coeurs Intel Core iS-3340 dont la fréquence de 3.1 GHz s'accompagne d'une mé­

moire cache de 6 Mb. Le PC inclut également 8 Gb de mémoire vive RAM en plus 

des accoutrements standard (disque dur mécanique, carte mère de base) et fonc­

tionne en environnement Windows 10 j le code, quant à lui, fut réalisé entièrement 

sur le logiciel Matlab. 

À titre de mesure comparative, cet équipement de base permit d'obtenir un 

temps de calcul à la limite du raisonnable pour l'obtention des résultats présen­

tés ici. Avec les paramètres et améliorations proposées, un simple cycle de con­

duite d'un jour est réalisable en environ 180 secondes pour optimiser un intervalle 

de 24h, une amélioration de 480x par rapport à l'échelle réelle. Pour la simulation 

long terme, il fallut environ 30 jours complets de calcul ininterrompu ( 720 heures) 

pour compléter l'étude du Chapitre 4, soit une amélioration de 77X par rapport aux 

2297 jours simulés. 

Plusieurs facteurs sont à pointer du doigt pour cette perte relative d'efficacité 

mais tous sont liés à la charge de calcul toujours grandissante de l'algorithme au 

fur et à mesure que celui-ci emmagasine des matrices de résultats. Toujours à titre 

représentatif, le fichier solution d'un simple cycle est d'environ 8 Mb, alors qu'une 

solution long-terme telle que celle du Chapitre 4 approche les 1.2 Gb. À ce stade, 

le PC est à peine capable d'exécuter la sauvegarde sur le disque dur des résultats 

entre chaque cycle avant que l'opération ne soit à répéter pour le prochain, ce qui 

dévore en soi une bonne partie des ressources de l'appareil. 

Il va de soi que l'emploi de matériel plus puissance pourrait permettre non seule­

ment d'obtenir des résultats plus rapidement, mais aussi d'avoir une marge de ma­

noeuvre afin d'augmenter la résolution et la précision de ceux-ci. De plus, le lan­

gage Matlab est un langage de programmation dit interprété, ce qui en fait un outil 

particulièrement facile d'utilisation mais lent d'exécutionj l'utilisation d'un lan-
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gage plus près du code machine, comme le C++ our le Basic, par exemple, permet­

trait en théorie d'obtenir une amélioration de la vitesse de calcul estimée à environ 

40X par rapport à l'actuel. 

D'un autre côté, il est également réaliste, vu le temps raisonnable de calcul pour 

un cycle unique, que ce type d'optimisation puisse être réalisé à bord même des 

VEH auxquels on souhaiterait implémenter un type de gestion semblable, par ex­

emple lors de périodes d'arrêt de la conduite. On note d'ailleurs l'existence de 

plate-formes de calcul surpuissances embarquées telles que la Nvidia]etson TX2, 

développée pour les applications mobiles basées sur l'intelligence artificielle, qui 

seraient amplement aptes à remplir ce type de fonction. 

135 



See you next mission! 

SamusAran 

Conclusion 

LA DÉGRADATION DE BATTERIES et autres vecteurs énergétiques lorsqu'exposés 

aux conditions difficiles communes à bord de véhicules électriques est un des en-

jeux principaux ralentissant l'adoption de ces modes de transport électrifiés par 

le grand public. En effet, les coûts liés au remplacement de telles composantes 

représentent une fraction important de l'investissement déjà considérable requis 

par cette nouvelle génération de véhicules, pourtant essentielle au ralentissement 

des changements climatiques observés depuis la fin du siècle dernier. Cette détéri­

oration progressive de performances au fil de leur utilisation courante peut être 

grandement accélérée lorsque mal géréej toutefois, il existe à l'inverse diverses 

méthodes capables de ralentir ces phénomènes destructeurs, mais chacun s'accompagne 

d'un coût supplémentaire. Il est donc impératif d'optimiser de telles méthodes afin 

d'en extraire une performance maximale à un coût économique avantageux. 



Ce travail de recherche propose une solution permettant l'optimisation d'un 

tel processus sur une base économique. Ce procédé s'appuie sur le contrôle ac­

tif de divers mécanismes de stress) identifiés à partir d'une revue exhaustive de la 

littérature scientifique pertinente au domaine) comme étant critiques à la durée de 

vie des vecteurs énergétiques à bord de VEH) principalement leur pack de batter­

ies rechargeables. Par l'intervention judicieuse d'une source d'énergie secondaire) 

il est donc possible de partager la charge de conduite d'un VEH de façon à ré­

duire l'impact de certains de ces facteurs) comme le courant de décharge) l'état 

de charge et la température) prolongeant ainsi la durée de vie du pack de batter­

ies en échange d'une injection d'énergie extraite du carburant consommé par cette 

source alternative. Le procédé de gestion de dégradation proposé s'accompagne 

d'un algorithme sophistiqué capable d'optimiser une telle opération afin d'obtenir 

un coût d'opération minimal du VEH tout en prolongeant la vie utile de ses bat­

teries. De plus) celui-ci est spécialement conçu afin de permettre l'exploration des 

dynamiques évolutives à développement lent propres à la gestion de la dégradation 

sur leur pleine échelle temporelle) un point d'originalité notable face aux proposi­

tions offertes dans la littérature scientifique. 

Tel que démontré au cours de cette thèse) le travail proposé fut à la base de 

plusieurs publications dans des journaux et conférences scientifiques de calibre 

international) dont trois qui furent incluses au présent ouvrage. Le premier arti­

cle fut essentiel à titre de fondation du travail de recherche et parvint à démon­

trer avec succès la viabilité économique du processus de gestion de dégradation 

tel que conçu) en plus de proposer un outil puissant capable de quantifier les lim­

ites d'application viables d'un tel procédé. Par la suite) une expansion significative 

des travaux fut présentée au second article) cette fois par le développement d'un 

algorithme d'optimisation adapté à l'échelle de temps particulièrement longue des 

phénomènes en jeu) typiquement conduits sur plusieurs années consécutives) per­

mettant ainsi d'explorer la gestion optimale de dégradation à sa juste échelle. Les 

résultats avancés par ce dernier mettent également en évidence la performance no­

table de la méthode proposée comme outil économique d'extension de la durée 

de vie des batteries de VEH) particulièrement en comparaison avec des méthodes 

137 



linéaires communément appliquées en milieu commercial. Finalement} le dernier 

article exploite pleinement les capacités de la méthode afin d'explorer la gestion de 

la dégradation lorsqu'un véhicule est soumis à une charge de conduite particulière­

ment exigeante. Les conclusions de ce dernier révèlent une adaptation inattendue 

du processus d'optimisation à la performance sévèrement réduite du pack de bat­

teries alors que celui-ci entre dans une phase terminale de dégradation} ce qui ré­

sulte en l'identification de l'état de santé de celles-ci comme composante cruciale 

de l'issue de leur gestion optimale. De plus} la performance du processus optimal 

est renforcée par comparaison avec les méthodes linéaires dont l'efficacité apparaît 

négativement proportionnelle à l'extension d'autonomie exigée du VEH. 

La présentation de ces publications fit ensuite place à une discussion détaillée 

des divers résultats publiés afin de mettre en lumière leurs résultats les plus cri­

tiques et d'établir leur cohérence avec les objectifs du travail de recherche. Cette 

discussion est chapeautée par une revue des différentes perspectives par lesquelles 

le travail réalisé ici peut être propulsé au niveau suivant. Ceux-ci incluent} entre 

autres} l'inclusion de la gestion thermique du pack de batteries aux mécanismes 

déjà présents au coeur du processus} ajoutant ainsi une dimension nouvelle au pro­

jet dans sa forme actuelle. Sont également proposées diverses applications alterna­

tives de la méthodologie puissante et flexible conçue durant cet ouvrage} comme 

par exemple dans l'objectif d'optimiser le dimensionnement des composantes én­

ergétiques d'un véhicule ou encore pour l'étude de la dégradation de sources alter­

natives d'énergie. 

En somme} à la lumière de la performance technique et économique clairement 

démontrée de la méthode de gestion optimale de dégradation de vecteurs énergé­

tiques de véhicules électriques hybrides conçue dans le cadre de ce travail de recherche} 

de la richesse des résultats extraits de son application surpassant tous les objectifs 

fixés à sa création} ainsi que de l'adoption maintes fois supportée de la méthodolo-

gie par la communauté scientifique internationale à travers nombre de publica­

tions du plus haut niveau} il apparaît raisonnable de qualifier de succès ce projet de 

recherche. Qui plus est} la marche à suivre pour poursuivre le travail exposé dans 

cet ouvrage fut clairement étalée au cours du document présent. 



Sur cette note) l'auteur souhaite souligner le long et tortueux parcours qui a ul­

timement mené à la réussite de ce projet de recherche et souhaite par le fait même 

remercier tous ceux et celles qui l'ont supporté durant ce tumultueux voyage. Il 

souhaite également bon succès) et bonne chance) à quiconque récupèrera ce tra­

vail afin de le propulser vers l'étape suivante de son développement. 
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