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Model Prediction and Rule Based Energy
Management Strategy for a Plug-in Hybrid Electric
Vehicle With Hybrid Energy Storage System

Shiyao Zhou ", Zigiang Chen

Abstract—This article presents an energy management strategy
(EMS) design and optimization approach for a plug-in hybrid elec-
tric vehicle (PHEV) with a hybrid energy storage system (HESS)
which contains a Li-Ti—-O battery pack and a Ni-Co-Mn battery
pack. The EMS shares power flows within the hybrid powertrain,
and it employs a dual fuzzy logical controller whose inputs are
predictions for PHEV powertrain states. An elitist nondominant
genetic algorithm using a model in loop simulation approach as fit-
ness functions isimplemented to multiobjective optimization for the
EMS under worldwide light-duty test cycles. The optimal objectives
are improving PHEV mileage, minimizing battery packs capacity
fades, reducing HESS degradation inconsistency, and minimizing
driving cost unit distance. A hardware in loop test bench has been
established to verify EMS performances in embedded systems. The
test results under new European driving cycles demonstrate that
optimized EMSs remain appropriate for different driving cycles
and their performances are close to dynamic programming based
offline optimal solutions. Due to the contributions of both the HESS
and the optimized EMS, the PHEV energy efficiency has been
improved by 1.6%-2.5% and the PHEV energy storage system
cycle life can be improved by 159 %—-203%.

Index Terms—Energy management strategy (EMS), hybrid
energy storage system (HESS), multiobjective optimization, plug-in
hybrid electric vehicle (PHEV).

NOMENCLATURE

Abbreviations
APU Assistant power unit.

BSFC Brake specific fuel consumption.
CDh Charge-Depleting.
CS Charge-Sustaining.
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DAEKF  Dual adaptive extended Kalman filter.
DFLC Dual fuzzy logical controller.
EMS Energy management strategy.
HIL Hardware in loop.

LTO Li-Ti—O battery.

HESS Hybrid energy storage system.
MF Membership function.

MG Motor/generator.

MIL Model in loop.

NCM Ni—Co—Mn battery.

NEDC New European Driving Cycle.
NSGA-II Elitist nondominant genetic algorithm.
ocv Open-circuit voltage.

PHEV Plug-in hybrid electric vehicle.
SoC State of charge.

SoP State of power capability.

WLTC Worldwide Light-duty Test Cycle.
Superscript

chg At the state of charge.

dis At the state of discharge.

i ith in-pack unselected cell.

s Selected cell.

Subscript

n nth sampling time step.

I. INTRODUCTION

UE to the shortage of fossil energy and challenges of
D air pollution, plug-in hybrid electric vehicles (PHEVs)
have been developed for applications in automobile industry
to acquire better energy economy and lower exhaust emissions
[1]-[3]. As one of the major components of a PHEV, battery
performance determines the safety, reliability, and efficiency
of vehicular power system [4], [5]. The vehicle instantaneous
acceleration and maximum speed performance are affected by
battery pack power capability [6], [7]. However, high and surge
power shocks would accelerate the battery degradation [8]-[10].
Thus, the contradiction between vehicle dynamic performance
and battery capacity fading impedes the further development and
penetration of PHEVs [11]. To solve this problem, hybrid en-
ergy storage systems (HESSs), which combine ultra-capacitors
(UCs) and electrochemical batteries, have been widely studied in
recent years [12]-[16]. Batteries with the features of high energy
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density and UCs with the features of both high power density
and long cycle life can complement with each other, resulting in
reducing the high peak power impact on batteries and recovering
more regenerative kinetic energy [17]. Therefore, the life span
of batteries can be prolonged and the energy economy can be
improved within the whole vehicle life cycle [18]-[20].

Nevertheless, UCs have defects of low energy density, low cell
voltage, and high price [21]. Given the strict weight and volume
limitation to vehicular equipment, battery and UC composed
HESSs are more commonly applied to buses or trucks [22]
rather than passenger vehicles in practice. Fortunately, with
the development of Li-ion battery, the Li-Ti—O battery (LTO)
with merits of the high power density and the long cycle life is
more suitable for passenger vehicles than UCs due to its higher
cell voltage and larger energy density [23]. In this article, a
Ni—Co—Mn battery (NCM) pack and a LTO pack are employed
to compose the HESS of target PHEV.

To effectively exert the potential of HESS, the HESS topology
should be comprehensively considered [24]. The semiactive
HESS, which only employs one dc/dc converter, offers a better
balance between performance and capital cost in comparison
with the active and passive HESS [25]. In this article, a semiac-
tive HESS is adopted in which a bidirectional dc/dc converter
decouples the NCM pack from the dc bus.

The PHEV energy economy and battery packs’ cycle life
highly depend on the power distribution between the assistant
power unit (APU) and battery packs. Thus, the energy manage-
ment strategy (EMS) should be seriously designed. In recent
years, researchers have widely dedicated to explore the EMSs
for hybrid vehicles and HESSs, which can be mainly categorized
as online and offline strategies [26]. The online EMS can be
implemented in real-time systems, including rule-based control
strategies, model predictive control strategies, heuristic algo-
rithms, etc. The most widely applied strategy is the rule-based
control strategy [27]. In [28], a fuzzy logic based EMS for
parallel hybrid vehicles is employed to distribute the power
flows of the motor/generator (MG) and the combustion engine
to improve the vehicles fuel economy. In [29], a flatness control
technique and a fuzzy logic based EMS are applied to a HESS,
which consists of fuel cells, batteries, and UCs. The study shows
that the EMS is suitable for different hybrid operating modes.
A three-mode rule-based strategy for a battery/UC composed
HESS is evaluated in [30] and simulation results show that the
EMS can maximize HESS capacity and minimize the energy
consumption of the HESS. Although the mentioned references
have verified that rule-based EMSs have highly stabile and
intelligent real-time performance, their validity highly depends
ondesigners’ experience. To further improve the performance of
electric vehicles with HESS, model predictive control strategies
have been developed in [31]-[33]. Model predictive control
strategies with the object of minimize cost function for battery
and UC composed HESSs are proposed in [31] and [32] whose
prediction models are used to estimate the future HESS states
according to the vehicle required power. Song ef al. [31] used a
linearized system model directly to estimate the battery module
current and UC module terminal voltage, which are variables
of the cost function. Hredzak er al. [32] established a HESS
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state-space model and a Kalman state estimator is used to predict
HESS states. In Hredzak er al. [33], the future vehicle speed
is predicted by a torque requirement exponentially decreasing
model and the predicted vehicle speed is used by the EMS to
destine output powers of the APU, the battery pack, and the
UC pack. However, in practical applications, the action of the
driver is random and the prediction models are hard to ensure
the impersonality of the future vehicle speed or vehicle required
power prediction in a long prediction interval scale.

The optimize-based offline strategies, such as Pontryagin’s
minimum principle algorithm (PMP), genetic algorithm (GA),
dynamic programming (DP), and neural network, can achieve
a globally optimal performance [33]. However, it is not viable
for employing these optimization methods in real-time systems
due to their defects of long computational time and high mem-
ory resources requirement [34]. Given the generalization of
vehicular networking technologies, offline optimization meth-
ods are feasible to be applied in cloud computing centers, in
which the vehicle historical information and drivers’ driving
habits are stored. The EMSs optimized in computing centers
can be wirelessly bootloaded to onboard electronic controllers
through the over-the-air technology. PMP and DP approaches
are commonly used as offline optimum solutions to verify the
performance of other EMSs because of their large computational
cost and complex calculation processes, and GA is more suitable
for tuning parameters of online EMSs. Vinot and Trigui [35]
presented a rule-based parameterized EMS for a HEV and
compares the EMS with the optimal strategy given by PMP
approach. Then, research works optimized the rule-based EMS
by traversing method and real car tests show that the battery
rms current is reduced by 15% at the cost of 2%—-3% higher
fuel consumption. In [17], a fuzzy logic based EMS for an
electric bus with a battery/UC composed HESS is optimized
by GA taking the total energy consumption and the cycle life of
battery into account. The performance of the optimized EMS is
close to the DP-based optimal strategy. Nevertheless, Yu et al.
[17] lack mathematical models to evaluate the battery cycle
life extension quantifiably. Furthermore, the fitness function in
[17] is a linear combination of objective functions, which is a
pseudomultiobjective optimization.

Most of the references mentioned above focused on the EMS
for the vehicles with two power sources (multiple-input single-
output system, MISO) and few of them studied on the power
flow control between three or more power sources (multiple-
input multiple-output system, MIMO). We propose an innova-
tive EMS, in which a dual fuzzy logical controller (DFLC) is
integrated with a HESS state prediction module and a PHEV
required power prediction module. The output powers of the
APU and two packs are determined by the EMS. A novel multi-
objective optimization method based on elitist nondominant GA
(NSGA-II), in which model in loop (MIL) simulation results are
employed as fitness functions, is adopted to tune the membership
functions (MFs) of the integrated strategy. In MIL simulation
process, quantifiable evaluation models are used to calculate the
fitness functions of optimal objects, including the PHEV energy
efficiency, battery pack capacity fades, and degradation incon-
sistency between two packs in HESS. An innovative hardware
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TABLE I
ARCHETYPAL NCM PACK PARAMETERS

Parameters Value
Battery cell positive material NCM523
Battery cell nominal capacity 30Ah
Battery cell energy density 195w-h/kg
Battery cell rated current range(10s) -90A ~ 150A
Battery cell operating current range -45A ~ 90A
Battery cell operating voltage range 3.00V ~ 4.20V
Number of battery cells in parallel 2

Number of battery cells in series 96

Battery pack energy capacity 21.3kw-h
SoC usage window 15% ~95%

in loop (HIL) test bench is adopted to verify whether optimized
EMSs remain relevant for different driving cycles.

The rest of this article is organized as follows. Section II
illustrates the problem faced by the target PHEV and modeling of
PHEV power system. In Section III, an integrated model predic-
tion and a rule-based EMS is developed. After that, a NSGA-II
optimization approach for the EMS based on MIL approach is
proposed in Section IV. Section V details the verification and
discussion of the optimized EMS. Finally, Section VI concludes
this article.

II. SYSTEM MODELING
A. Problem Description

The parameters of the PHEV archetypal battery pack are given
in Table I. The rated current range of the archetypal battery pack
is —120 to 300 A (negative for charge, positive for discharge).
In order to extended cycle life of the battery pack, the operating
current range of battery pack is limited to —90 to 180 A, and
the cell operating voltage range is restricted to 3.00-4.20 V,
resulting in a limitation to battery pack state of power capability
(SoP). SoP is the ability of a battery to accept or deliver power
at a given time [36], and the limitation of the battery pack SoP
would cause the PHEV energy efficiency decrease, as shown in
Fig. 1, along with the vehicle speed profile and covered distance
of new European driving cycle (NEDC). Fig. 1(b) and (c) shows
the PHEV MGs’ power flows and energy flows during the NEDC
revolving drum test with different current range restrictions. In
comparison with Fig. 1(c), more recovery energy is absorbed by
the battery pack in Fig. 1(b) at the cost of shorter pack life span.

Therefore, a HESS is carried out to improve the target PHEV
energy efficiency and prolong the battery pack life span. The
archetypal battery pack contains two paralleled 30 Ah NCM
battery modules. In considering the strict weight limitation to
vehicle equipment and reducing the target PHEV chassis sec-
ondary development cost, one of the paralleled NCM module is
directly replaced by a 30 Ah LTO module. Target cells adopted in
this article are shown in Fig. 2 and parameters of the LTO pack
are given in Table II. The battery pack state-of-charge (SoC)
usage window is 15%-95%. Although adopting a HESS can
recover more braking energy, the electric energy conversion loss
in a HESS is larger than in the archetypal NCM pack. If we equip
the target PHEV with a HESS matched up with an inappropriate
EMS, the PHEV mileage may be inferior to using a single pack.
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Fig.1. TargetPHEV revolving drum test results under NEDC. (a) Speed profile

and covered distance. (b) MGs power and energy requirement without current
restriction. (¢) MGs power and energy requirement within the operating current
range.

Fig. 2. Cells used in HESS. (a) NCM cells. (b) LTO cells.
TABLE 11
LTO PACK PARAMETERS

Parameters Value
Battery cathode material LisTisO1»
Battery cell nominal capacity 30Ah
Battery cell energy density 105w-h/kg
Battery cell operating voltage range 1.80V ~ 2.80V
Battery cell rated current range(10s) -240A ~ 300A
Battery cell operating current range -150A ~ 240A
Battery pack energy capacity 6.8kw-h
SoC usage window 15% ~ 95%

B. PHEYV Power System Configuration

Predicting the dynamic power requirement of the target PHEV
is essential to an EMS. Most research works on EV/HEV with
HESS ignore the driveline efficiency, MG torque characteristics,
torque distribution between front and rear wheel when calculat-
ing the PHEV power requirement. To compensate for this, a
simplified PHEV hybrid system model has been constructed in
Fig. 3 to evaluate the PHEV required power. The APU contains
a 1.5 L gasoline engine and an integrated starter generator (ISG).
The power flow of the NCM pack is controlled actively by
a buck/boost bidirectional dc/dc converter and the LTO pack
output power is controlled passively.

The target PHEV is equipped with two MGs, which are
powered by the HESS and the APU. The reduction gear ratio
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Fig. 3. Hybrid power system schematic. (a) PHEV powertrain configuration.
(b) High-voltage system schematic.

between MGs and front and rear wheels are the same. The rated
power of the front and rear MGs are 50 and 65 kW separately. A
simplified PHEV dynamical model [36] has been proposed for
describing the MGs overall torque as follows:

TMmG-total = TRMG + TrMa

rwit

= 777T —mgfcosa+ mgsina + 21’%5%
duy Jw | Jrmc + Jrma
sw 4 JEMG T -RMG 1
T o | ©

where TR is the abbreviation of the rear MG torque, Ty 1S
the front MG torque, r, is the wheel radius, ¢, is the transmission
reduction ratio, np = 1/7; in propulsion process, np = 1, in
braking process (7; is a constant transmission efficiency), m is
the PHEV mass, f denotes the friction coefficient, o denotes
the road gradient, .J,, denotes the equivalent rotational inertia of
the wheel and transaxle, Jryva and Jryig are rotational inertias
of MGs, Cp is PHEV drag coefficient, A is PHEV windward
area, g is gravitational acceleration, and u,, is the vehicle speed.
The MGs’ torque distribution follows ideal propulsion/braking
torque distribute strategy [37]

1 mgiy 4Trvch (LF + LR)T]T’I“U,
T = | ———— L2 g
= (e ¢ sl

- = 2TRMG) 2

1/ mgiy
T = —— /L2
RMG = 3 (hgnTTw \/ w+

__mgle _ 2TFMG> 3)

4Tenvchg(Le 4 Lr)N7rrw
mgiy
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Fig. 4. APU fuel consumption characteristics. (a) Engine BSFC map. (b) IGS
output power curve along the operating line.

where L and Ly are horizontal distances between the vehicle
gravity center and two wheel axles, respectively, hg is the
height of the vehicle gravity center, (2) is the torque distribution
equation in propulsion process, and (3) is the torque distribution
equation in braking process. The calculated Trva and Trvmc
should satisfy the MGs performance curves constraint. All pa-
rameters in (1)—(3) are calibrated by the revolving drum test
results in Fig. 1(b). The MG overall efficiencies npyig and nrva
are functions of v, and MGs’ torque. Thus, gy and npuvg can
be located in MG efficiency map. Then, PHEV required power
can be solved by the following:

“

Prteq = Uq (TRMG

: n TFMG) '
Twit \ TRMG

NEMG

C. APU Fuel Consumption Model

An engine brake specific fuel consumption (BSFC) model as
presented in Fig. 4(a) is essential for quantifiably evaluating
the PHEV fuel consumption. The operating line for hybrid
mode represents the engine optimal torque at different engine
rotational speeds. The design of the hybrid driving mode op-
erating line comprehensively considered the fuel consumption,
the engine torque performance at low speed and ISG torque
constraints at high speeds. Fig. 4(b) shows the ISG output
power at different rotational speeds. If the engine rotational
speed is higher than 5000 r/min, the APU performance will be
deteriorating. Therefore, the engine rotational speed is limited
to 500-5000 r/min.

When the APU output power is stabilized, the instantaneous
fuel consumption can be settled along the operating line. If the
APU output power is dynamically varying, instantaneous engine
torque estimation should take both the equivalent rotational
inertia Japy and the angular acceleration dwa py /dt of the APU
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into consideration

Ting = Tor, + Japudwapu/dt )

where Tg,g is the engine torque, and T, denotes the torque
value settled on the operating line according to current engine
speed. Utilizing Tx,, and wapy, the instantaneous APU fuel
consumption can be located on BSFC map. In addition, it is
assumed that the engine has been warmed up. The measured that
once APU start-up fuel consumption is 1.24 g and the electric
energy consumption is about 1.1 W-h.

D. HESS Thermal, Electrical, and Degradation Models

In general, a series connected battery system exists parameter
inconsistencies between cells. Thus, it is essential to estimate
every cell states in-pack for ensuring the efficient and safe
operation. Fig. 5 presents the schematic of inconsistent model
for battery pack [38], which can be divided into three steps:
1) modeling for the selected cell in-pack; 2) modeling for
unselected cells in-pack; and 3) modeling for the battery pack.
The equivalent circuit model for the selected cell is one-state
Thevenin model. The series resistance (R g) denotes the electrical
resistance of cell components and contact resistance between
battery cells. The diffusion resistance (Rp) and the diffusion
capacitance (Cp) describe the diffusion voltage (Up) character-
istic. The open circuit voltage (OCV, Upc) is a power source of
the model related with SoC and cell average temperature. Thus,
a 3-D response surface model is proposed

Uoc(z,Tp) = ko + k12 + Koz? + k32® + ka/z + rsIn(z)
+ reIn(1 — 2) (6)

where z represents battery cell SoC, T» denotes the battery
pack average temperature, and x; (i = 0, 1,..., 6) depicts the
temperature depended analytic functions. Given battery cell
maximum available capacity varying with temperature, aging
state, and current load, we use the battery cell nominal capacity
in SoC definition [39]. Therefore, the battery cell SoC is the
ratio of the remaining capacity to the nominal capacity C' of
a cell, and the relation between SoC and cell current flowing is
formulated as follows:

2(t) = 2(ty) — /tt %IB(T)CZT )
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TABLE III
BATTERY CHARGE COULOMB EFFICIENCY

Current rate 0.5 1 2 4 8
nNem 0.999 0.998 0.994 - -
LTo 0.999 0.998 0.996 0.988 0.961

TABLE IV

DC/DC CONVERTER EFFICIENCY MAP

Ioe C +5kW +10kW +15kW +20kW +35kW
+10A 94% 96% 97% -- -
+30A 92% 96% 96% 95% 90%
+50A 89% 95% 95% 93% 88%
+90A -- 92% 93% 92% 84%

where Ip is the battery cell current and 75 is the cell coulomb
efficiency (np = 1 for discharge). Charge coulomb efficiencies
of NCM and LTO cells are conducted in Table III.

The dynamic process of the selected cell terminal voltage can
be expressed as follows:

s __ 1 s 1
Us = U — U3, — Rslp.

In terms of modeling for unselected cells in-pack, considering
the inconsistency between the selected cell and unselected cells,
a bias correction model is proposed

Uk =Udc + AUbe +T3(Up, t) — Ig(RE + ARY).  (9)

The model for unselected cell i contains four parts: selected
cell model, ohmic resistance bias correction factor AR%, OCV
bias correction factor, and diffusion voltage similarity function
I;(U}),t), which is a time-varying function calculated by the
following equation:

Fi(UE,tv t) = [5%,% (t - t0>2 =+ ﬂi,to (t - tO) + 6é,t0)UE,t
(10)

where 3y , 81, and (5 are correction factors, f represents current
sampling time, and #; denotes the moment of the last inconsis-
tencies estimation for unselected cell i. Then, the voltage of
series-connected battery pack can be calculated with the sum of
the selected cell and unselected cells terminal voltages.

n—1
Uty =nUp 4+ > (AUbey, — ARL, Ipy + Ti(Up 4, 1)).
=0

(1)

The power load on NCM pack is decoupled from dc bus
by a dc/dc converter. Therefore, a quantifiable dc/dc converter
efficiency model is essential to PHEV powertrain modeling.
Normally, a response surface npc(Ipc, Ppc)-based efficiency
map shown in Table IV is employed to describe the converter
efficiency [33], in which Ppc and Ipc are the dc/dc converter
power flow and current flow toward the dc bus, respectively. If the
terminal voltages of two battery packs and Ppc are known, the
NCM pack current I5M toward the converter can be computed
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TABLE V
DEGRADATION MODEL PARAMETERS

Battery type Co C E, 0
NCM 0.0055 -1221 18985 0.891
LTO 0.0014 -1052 19744 0.815
by the following:
PDCnDC(PDC/UIIT’LT()’PDC) Po.<0
P,NCM DC
IECM _ Ur P, (12)
RS P,NCM PDC > 0.

P.LTO
"DC(PDC/UT' ’PDC)UT

A battery degradation model is important to evaluate battery
pack capacity fades with different EMSs. However, the degra-
dation of the battery is influenced by temperatures, depths of
discharge, and current loads. Therefore, a semiempirical battery
degradation model proposed in [24], which contains all these
factors, is adopted in this article. The discrete formula of the
pack degradation model can be described as follows:

EqCpnN+C1q] I | _
QLoss n+l = |77[B,7n| At Co%g Je . NﬂR%PnCBI;Tn o %
) 3600 Loss,n
+ QLoss,n (13)

where Q1,0ss,n and Qross,n+1 are, respectively, the accumulated
battery capacity loss percentages at sampling time of ¢,, and
tn+1, At is the sampling period, Cy is the pre-exponential factor,
FE, is the activation energy, R is the gas constant, Cy is the
compensation factor of |Iz|, Ay, is the battery total amp-hour
throughput, 1} is a time factor, and Tp is the average temper-
ature of the battery pack. The degradation model parameters
of adopted cells provided by the manufacturer are shown in
Table V.

The battery thermal model is necessary for battery pack capac-
ity fades evaluation and SoP estimator with thermal constraints.
It is assumed that the temperature field in the battery pack is
equally distributed due to a well-designed pack heat emission
structure. Then, the Bernardi model, which is composed of
reversible heat, polarization heat, and ohmic heat, is used as
the cell thermal output model [40]

oUoc
= — — T I
Qr <Uoc Ur —Tp 5TP> B

(14)

where T'p is the pack average temperature, 0Uoc/dTp is the
OCYV gradient with T'». The main thermal loss of a battery pack
is the air forced convection heat transfer, so the thermal balance
equation of the battery pack can be formulated as
k=1 i SUb, n
Q? =D ico Qr= (U(I)Dc,n - U:II“),t —Tp 5%:! M5
Tp = mplCP [Q; —hpAp (TP - TAir)]
where mp is the battery pack mass, Cp is the specific heat
capacity of the battery pack, h p is the heat exchange coefficient,
Ap is the heat exchange area, T'y;, is the cooling air temperature,

and k is the in-pack cell number. Then, we can get the discrete
formula of the thermal model

_ Atag _ Atay
Tppy1=¢ 2 Tp, + (1 —e a2 )
" (U8cm — Ut ) IBm + hpApTai

ag

15)

(16)
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where Ung =kUjc,, + Zf;é AUéQm a; =IpnT+
hpAp, as =mpCp,and 7 = (SU(I)DC(Z,T)/5T|T=TPJL-

III. EMS FOR PHEV

To guarantee the effectiveness of the EMS for the target PHEV,
accurate SoC and SoP estimate approaches are proposed to
predict the HESS system states. Then, DFLC is designed to
divide the power flows between the APU, the dc/dc converter
and the LTO pack.

A. Series Connected Battery Pack SoC Estimation

The Kalman filter is one of the commonly used algorithm
for battery cell system states online estimation or perform real-
time system parameters identification [41], [42]. In this article,
a dual adaptive extended Kalman-filter (DAEKF) and sliding
least square combined method is proposed for multitimescale
SoC estimation of an inconsistent battery pack. The steps of
the selected cell SoC estimation approach based on DAEKF are
summarized in Table VI.

In considering that the true parameters and the SoC of Li-ion
batteries change very slowly, the computing time scale (1) x At)
for unselected cells in-pack is longer than the selected cell. To
estimate the SoC of the ith unselected cell, we first rewrite the
(9) into the form

Uty = PrtvpPnto (17)
where 19% 44 1s the parameter vector estimated at sampling
time of ¢, and ¥ = [Bf, 81, 8%, AUS e, ARS]T, vl ., =
(Ut Ubmys -+ Uppylt is the measured voltage se-
quence, cpﬁHw =Ygy - Vfww]T is the state sequence
between sampling time of ¢,,, and ¢,, ., in which

’Y’fb-‘rN = [Ug,n—i-Na UB,n—i—N(N - n)Atv

UE,n—Q—n (N - n)ZAt27 ]-7 7IB,TL+N]~

Then, we can acquire the unbiased estimation results of 192 +o
by using the sliding least square method

19:L+w = (SOZ+¢1‘<P;+¢)71903+¢W;+¢~ (18)

The OCV of the unselected cell i at sampling time ¢, 7 (¢ <
N < 29)is Uoc(25, n) + AUy yp- Thus, the 23 | of cell
i can be determined by the OCV response surface model. After
the SoCs of all cells in-pack are known, the battery pack SoC
can be calculated by the following:

P _ 0 1 95
zchg,n—max(zn,zn R ) I, <0 (19)
: 1
Zgis p, = MIN (zg,zn 225) I, > 0.

B. Series Connected Battery Pack SoP Estimation

The SoP computing time scale is and the prediction interval
scale is ¢ x At. To find the peak discharge current or charge
current of the battery pack with voltage and thermal constraints,
we should solve gth degree equations. First, we suppose that
the battery pack minimum charge current and the maximum
discharge current are constant within the following ¢ x At
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TABLE VI
PROCESS OF THE SELECTED-CELL SOC ESTIMATION

Discrete time state-space model *
0=[R,,R,.C,]", x=[U,,z'T

A=|e"™ 0| B=|R.U-e"")| g =g,
0 1 -Am,, | C,
x,=A.x.,+B.1,. ., U, =U.(z)-U,, -R.I,
Based on state-space model, we define’:
6. =6.+v..x=f(x,.60..1,)+5, .U, =¢gx.0.1)+0,

U, (z.T,) }
Jz
Step 1 Initialization
For n=0, set 6, =E[8,], J; =El(6, —8/)(6,-6.)'], & =Elx].
R =Elx, — %) —%)']
Step 2 Prior estimation time update. Forn=1,2,...... , compute

c, =1 1 1], H, =|:O

State estimation time update: X, = f (X, ,HA,,', 1L,
State error covariance time update : P = A P A’ +Q,,
Parameter estimation time update: 9 = HA,,‘,‘
Parameter error covariance time update: J, =J, +V,,
Step 3 State posteriori estimation time update
Error innovation: e, =y, — g(&, .0..1,,)
State Kalman gain matrix: K, = P (H,)'[H,P" (H,)' +R,,]'
Y ee
Covariance matching : S, ==~*—— R =S, ~H,P H', O, =K,S,K/
v,
State estimation update: % =X, + K, e,
State Error covariance update: P = (I —K H, )P’
Step 4 Parameter posteriori estimation time update
Error innovation: ¢/ =y, — g(& ,6,1,.)
Kalman gain matrix: L =J,(C,)'[C,J, (C,)" +W_]'
3 e
Covariance matching : S, = ~~—— W, =S —-CJ,C',V.=LS,L
V.

Parameter estimation update: 0 =6 +Le

Parameter error covariance update: J, = (I —L,C,)J,

Step 5 Time update

n=n+1, return to step 2.

“ras Vu» @, are the independent, zero-mean, Gaussian noise processes of the
covariance matrices Q, V, R/W respectively.

b Considering that the true parameters values of Li-ion battery cells change
very slowly, the discrete formula of system parameters is modeled as constants
with small white noise perturbation

“y, and y, are covariance matching windows.

continuous interval and the pack temperature field is equally dis-
tributed at sample time ¢,,. Then, we use the dichotomy method
to solve multiple equations to estimate the peak discharge/charge
current of a battery pack. The details of the SoP estimation based
on the battery inconsistent model and the thermal model are
summarized in Table VII.

C. Fuzzy Logic Based Control Strategy

A Fuzz logic based EMS can be recognized as a combination
of different control rules. Its performance is determined by fuzzy
rules, fuzzy variables, and the shape of MFs. Generally, we
can increase inputs and outputs the rule base EMS for a better
performance. However, the increase of inputs and outputs will
lead to an exponentially growing of the computing time and the
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TABLE VII
STEPS OF BATTERY PACK SOP ESTIMATION

Step 1 Initialization *

Estimated Peak charge current: i =10 +
Step 3 Voltage and average temperature iterative computations. For k =
1,2,..., compute

Computing cells diffusion voltage:

& ~

& o

L= e UL L R (e )
(B +At(k+n-N) B, +At" (k+n-N)' iU, o'
U, ui =By +At(k+n-N) ., +At" (k+n-N)' B, U, ...
Computing cells terminal voltage:

AT .
Ul =U(zn, +————)-UL -R.IT;
3600% C,
A .
=Us (2o, +——)-U -R.LTS
3600x C,

Ul = U + U —US + AU, + AR
Ul =USS + U —US + AU, + AR LT
Computing battery pack average temperature:

L = Wi, —ULIE+h, AT,
Tl=e " Too+(-e ™) ;

a,
e 2 (U, —UDIE+h AT,
Tize " Tho+(1-e )
a,
Step 4 Constraint check ’
if min(U; ......U; ...) <UL NT, ... >T"
I =™ | then
if max(U; .,....U; ,.,.) <UL T, , .. >T":

if k=q: jump to step 5;
else: k=k+1, return to step 3.
Step 5 Convergence check and recursion®

", < € :jump to step 6.

i

else: 1=, 17,
Step 6 Battery pack SoP estimation
Pl =l xw, +iU,'TZ,,); Pl =10 XU+ iUiZ"i,)

.+, return to step 2.

“I7 and I are bounds of the cell operating current [43],

z..,—0.95 zi, —0.15
I\, =3600xC, — , I, =3600xC, ——.
qAt qAt

o

P Uz, and U?. are bounds of the cell operating voltage. 7,” is the upper

bound of the battery pack operating temperature, set 7," = 323.15K .

¢

& is the peak current convergence radius, set €=0.1A .

control rule number. Therefore, we use the model prediction
method to minimum the EMS input dimension first. Then, the
designed DFLC solves power distributions between NCM pack,
LTO pack and gasoline energy with a limited increase in calcu-
lation complexity by splitting this MIMO system into two series
connected MISO systems. The schematic of the DFLC is shown
in Fig. 6. Fuzzy logical controller 1 (FLC 1) is devoted to con-
trol the APU output power increment APspy n41. The fuzzy
variables of FLC 1 inputs are the APU output power Papu »
and the PHEV required power Preq,n+1 predicted by (1)—(4).
PApu nt1 is the sum of APApy 41 and Papy,,. Switch 1 is a
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Fig. 6. Schematic of the DFLC.

logical component control by a state machine, which is used to
distinguish whether the APU should be started-up or flamed-out.
The exercising logic of Switch 1 in different hybrid driving mode
is defined as follows.

1) Charge-Depleting mode (CD mode): when one of battery
packs SoCs is less than 30% or P, O + P{ NOM <

Preq,n+1,switch 1 would be tri ggered and the APU would

be turn ON; when both battery packs SoCs are larger than

35% or gasoline is exhausted or Pclflg I;LT © PCI; IECM >
Preq,n+1, switch 1 would be triggered to 0 (Shut OFF the
APU).

2) Charge-Sustaining mode (CS mode): when one of battery
packs SoCs is larger than 80% or the fuel load is exhausted,
the APU would be shut OFF; when both battery packs SoCs
are less than 70%, the APU would be turn ON.

FLC 2 is applied to control the dc/dc converter output power

Pp¢ jp1- The input fuzzy variables of FLC 2 are HESS required
power Py . 1. NCM pack SoC z["N“M ‘and LTO pack SoP

PP=LTO Generally, fuzzy-logic based EMS inputs are SoCs of
the HESS. Since the maximum charge and discharge power of
the NCM pack are small, we care more about the NCM pack
residual energy than the power capability. Therefore, the NCM
pack SoC is used as a FLC 2 input. The LTO pack is used to
absorb high power fluctuations, but the SoC can only reflect
its partial system states information. The SoP contains more
system information than SoC, including the remaining capacity,
the diffusion voltage and the power capability. Therefore, the
LTO pack SoP is chosen as an input variable of the FLC 2. In
addition, if Py, ., is negative, the ZP~NCM and PP=LTO are
the charge SoC and charge SoP separately. Else, the inputs are the
discharge SoC and discharge SoP. Py , . ; is defined as follows:

PH,n+1 = PReq,n+1 - PAPU,n+1 + PCPJH-l (20)

where Pcp, 41 is the power compensation for maintaining the
SoC consistency between two packs, defined as follows:

PCp,n+1
B 48000( P NCM __ P—LTO _ 1 ZﬁiNCM Z ZTILDiLTO
—48000(ezn OmE N 1) gP-NCM o PLTO

21

In considering the dc/dc converter poor efficiency under low
loads, when Py ,, 4 is within the range of £2 kw or the NCM
pack SoC is below 15%, switch 2 would be triggered and the
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Fig. 8.
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(e) ZP NCM. () PP LTO. ;and (g) P DOt 1-

converter would be turned OFF to improve the HESS energy
efficiency. If PApu,n+1 and Pp ,, 4, are determined, the NCM
pack output power can be calculated by (12) and the LTO pack
output power i8S Preq,n+1 — PAPU,n+1 — PDCm_H.

All fuzzy variables of DFLC are normalized to values between
—1 and 1. Every fuzzy variable consists of a series of fuzzy
subsets whose MFs are generated from control-point vector C D,
as shown in Fig. 7, and as follows:

__ 4(z—Cpy)?
2 (Cpi,lfcpi)2 mSCp
MFi(z) = ¢ 7 ey o2 ’ (22)
2 (©ricrivn? > Cp;.

MFs of all fuzzy variables are shown in Fig. 8. The linguistic
variables “VS, MS, S, M, B, MB, VB” of fuzzy subsets denote
“very small, medium small, small, medium, big, medium big,
and very big.” The linguistic fuzzy rule of FLC 1 is defined as
follows if Py ;1118 “XX)” Pypy ,, is “XX,” then APapu,p+1
is “XX.” For FLC 2, it is defined as: if Pf’LTO is “XX,”
ZP~NOM g «X X and Py g 18 “XX" then Pp 44 is “XX.7
Fuzzy rules for the DFLC is shown in Fig. 9. The design principle
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1 output. (h) Linguistic variable color-bar of FLC 2 output.

for fuzzy rules is to maintain the APU working at the lowest
BSFC operating area and keeping a high SoP of the LTO pack.

IV. MULTIOBJECTIVE OPTIMIZATION FOR EMS

In this section, the NSGA-II optimization based on a MIL
simulation approach is proposed to tune MFs of the EMS. The
optimal objects are improving the target PHEV energy econ-
omy, minimizing battery packs capacity fades, minimizing the
degradation inconsistency between two packs, and minimizing
the PHEV driving cost unit distance.

A. Framework of MIL Simulation Approach

In order to quantize the PHEV dynamic performance with
different EMS, which have no analytic expression, a MIL frame-
work is proposed to evaluate different EMSs as presented in
Fig. 10.

Before, we start the MIL simulation, the first step is configur-
ing the runtime environment of target PHEV model, including
the initial fuel load, battery packs SoCs, driving cycles, and MFs
of fuzzy variables. The APU and the dc/dc are turned OFF, all
cells in-pack are well balanced with no SoC inconsistency and
all cells diffusion voltage is 0 V.

During the MIL simulation process, according to the injected
driving cycles and the established PHEV dynamic model, we
can predict the PHEV required power at t,,11. Then, SoC/SoP
estimators process the NCM pack SoC and the LTO pack SoP at
simulation time ¢,, based on cell voltages and currents fed back
from last simulation period ¢,,—1. With all inputs being prepared,
the power flows of the PHEV power system at next simulation
time (PApU n+1, Ppopi1s PLron+1 and Pyewm,n1) can be
calculated by the DFLC and the dc/dc efficiency model. Then,
Pi1o,n+1 and Pyowm,pt1 are transmitted to cell simulation
models for simulating cells terminal voltages. A novel BP neural
network based cell simulation model is used to simulate cell
dynamic performance. The maximum output errors of cell sim-
ulation models are less than 3 mV and the number of neurons is
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minimized to reduce MIL simulation time and space complexity.
The network consists one input layer, two hidden layers, and one
output layer. The neuron numbers of each layer are 25, 80, 40,
and 1, respectively. Network inputs are cell terminal voltage at
ty, cell output power at ¢,,, cell required power at ¢,,;, cell
temperature at t¢,,, and cell SoC at ¢,,. Cell terminal voltages at
tn1 1s the network output. Each battery pack is assigned with
five different networks, one of which is used as the simulation
model for the selected cell, and the other four networks are
randomly assigned to simulate unselected cells in-pack.

The MIL simulation step size is set to 0.5 s. If the fuel load
is exhausted and one of pack SoCs is below 15%, the MIL
simulation would be terminated and export evaluation indexes,
which represent the individual fitness for NSGA-II optimization.
Quantifiable evaluation functions are essential to compare the
performance of different EMS. The LTO pack capacity fade
rate Q}fgg ~» the NCM pack capacity fade rate QE&;VIN and
the PHEYV overall travelled distance D in MIL simulation are
selected to calculate fitness functions:

NCM LTO NCM
oN T 2.5Q o6 :

Loss,N Loss,N _ Loss,N

fl = D 5 f2 = h’l SLTO
Loss, N

1

[3=—— (23)
Dy

where f1 evaluates the degradation rate of the HESS with the
weights determined by the unit capacity depreciation expenses
of different battery packs. f2 is applied to measure the degrada-
tion rate inconsistency between two battery packs. Since both
NCM pack and LTO pack are placed in one battery module. If
one of the battery pack reaches its cycle life, the entire HESS
must be replaced. f3 can directly reflects the PHEV energy
economy.

B. NSGA-II Based EMS Multiobjective Optimization

The EMS optimization problem is formulated as tuning the
MFs of DFLC fuzzy subsets. The total number of parameters
needed to be tuned for MFs is 44. NSGA-II is a heuristic search
approach for solving multiparameter multiobjective optimiza-
tion problems that is not suitable for standard optimization
algorithms [44], and it can effectively avoid trapping in a local
optimum solution. The optimization target is to minimize (23)
globally. The flow diagram of the EMS optimization is shown
in Fig. 11. The maximum population number of NSGA-II is set
to 200 and the population size is set to 600.

A series of constraints are set to speed up NSGA-II conver-
gence, including the maximum APU output power, the cells’
operating voltages and operating currents shown in Tables I
and II. Once these constraints are triggered, it indicates that
the optimized EMS has defects of potential safety problems
and large constants will be added to fitness functions as the
penalty function. To avoid generating defective MFs, a lower
bound and upper bound is set to restrict control-points in a valid
range. In each generation loop, a new generation breeds from
parent generation by simulated binary crossover and polynomial
mutation approach. The fitness functions of each individual are
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evaluated in the MIL simulation process. Then, the Pareto salu-
tation and crowding-distance of each individual, which are used
to rank individuals, are computed based on fast nondomination
sorting. Then, best individuals from Pop, and Pop,_ are selected
by elitist strategy to compose a new parent generation. The
algorithm repeatedly modifies individuals through selection,
crossover, and mutation to move the population “evolve” toward
an optimal solution.

The training drive cycle used in MIL simulation process is
worldwide light-duty test cycle (WLTC). The PHEV initial fuel
load is set to 1.5 kg and battery pack SoCs are set to 95% in
CD mode; the initial fuel load is 4 kg and battery pack SoCs are
15% in CS mode. Fig. 12(a) and (b) shows the Pareto solution
set of the optimized EMSs for different hybrid mode. In order
to select the optimal solution from the Pareto solution set, unit

distance driving cost contour lines based on gasoline/electricity
cost and HESS depreciation cost were drawn and minimize the
unit distance driving cost is taken as the fourth optimal object.
Atlast, the individual owning the minimum unit distance driving
cost is selected from the solution set of f2 < 0.01. Fig. 12(c) and
(d) shows the tuned MFs for CD/CS modes.

V. VERIFICATION AND ANALYSIS
A. Framework of HIL Test Bench

In order to verify the EMSs performances in the embedded
system, a HIL test bench shown in Fig. 13 is assembled.

Development platforms on host PC are LabVIEW and MAT-
LAB. The LabVIEW platform is used to analytic CAN bus
information, call MATLAB script, control the executing device,
and display as a graphical user interface. MATLAB script pe-
riodic invokes a virtual PHEV powertrain modeled by Advisor.
Then, simulation results are sent to the executing device and
transformed into analog signals. The executing device contains a
resistor card and a 12-channel battery cell simulator. The resistor
card simulates performances of 10 NTC temperature sensors
and four hall current sensors. Five channels of the battery cell
simulator are used to simulate the terminal voltage of NCM
cells and five channels are used to simulate LTO cells. The cell
terminal voltages and temperatures are measured at sampling
frequency of 20 Hz by the battery monitor unit (BMU) we
developed, which is controlled by S12G series from Freescale
and LTC68xx series from ADI. The measured results are trans-
ferred through the CAN bus to the battery control unit (BCU)
that we developed, which is controlled by AURIX-2G series
from Infineon. Both current sampling and packs’ SoC and SoP
estimations are served by BCU in real time. The PHEV power
requirement is calculated by ADVISOR models in real time.
Then, the PHEV required power transferred to the BCU through
CAN bus and the EMS programmed in BCU calculates the power
distributions for the powertrain. Power distributions are fed back
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Fig. 13. HIL test bench configuration.

to ADVISOR models. In real car system, the required power can
be determined by the accelerator pedal position.

B. DP-Based EMS for Comparison

A DP-based EMS as an approximate optimal EMS for the
test-driving cycle is applied to verify the performance of the
EMS optimized by NSGA-II. DP is an optimization approach
that recursively transforms a complex problem into a sequence of
simpler multistage problems. The energy management problem
in our article can be regarded as a 1-D and 2-D combined
resource allocation problem, and it is formulated based on the
inverse order method as follows:

Z 91 (Un, 50) + g2(tn, 50)] (24)
Sy = {z —NCM UP NCM Eocslsv[n ZéLLTo UEJILTO
LTO T
QLoss,n MFuel,n PAPU,n:| (25)
n =155 APapy v (26)

LTO
Sn+4+1 = F<sn; Up,y IB,n 7PReq,n) (27)
AD,
Uy Sy AD,) = w
gl( )y 9Ny ’I'L) 1 AQNCM +2 5AQIﬂEsOs,n
II:ICM
0SS, n
92(um Sn) = —Wwa ‘ln LTO
oss,n
LTO _ 0.25 PLTO L pNCM
93(tn, 5, IB," ’PReqv") - w3(AmFue1,n + PReq,n—PAPU,n)
(28)
LTO P— LTO LTO P-LTO/_ P-LTO P*LTO
(I )? R [Uoc (% )—Up ]
P—-NCM yNCM,,,* NCM P— NCM
PReq,n - PAPUm - UT,n I " mhe(Ip U )}
=0

(29)

where maximum Z is the optimal object, N is the total recursion
steps, g1, 92, and g3 are evaluate functions, wi,ws, and ws
are weight coefficients, s, is the state vector, u, is the
control strategy, 75 is a revised dc/dc efficiency model,
IE'O can be solved by (29), and (27) is the state transfer
equat10n of the powertrain which can be derived based on
the battery state-space model, pack degradation model, and
BSFC map. Here, we set Qross, v = 0, QLoss,n—1 = QLoss,n +
AQ10ss,n, and mpyel,y = 0. When the APU is turned OFF,
PApu,n = APapu,, =0 and the energy management prob-
lem degrades into a single resource allocation problem. DP-
based EMS is developed to find the optimal control vector
U = [uy,us, ... ,uy] to maximize the (24), while satisfying
to the constraints as follows:

3600CRM (P~ —0.95)
At ’

NCM
INCM

3600C KM (;P-NCM _ () 15)
At

LTO LTO
Imax nU PReq,n

UNCM ’

LTO LTO
Imln n U

UNCM

PReq,n

N(—45,—7)U (7, 90)
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The DP-based EMS recurrence relation can be described as
f(u’m 81’L7 15?7107 PReq,nv ADTL)

= HlaX[gp,l(un, Sn ADn) +gp2 (una Sn)

+9p3(Un, 50, Tl s Prog.n)] (30)
Fug, sk, I5%, Preq,ks ADy)
= max|[gp1(uk, Sk, ADy) + gp2(uk, sk)
+ gp3(ur, sk, ngo, Preg,k)
+ furi1s sk41s TE o 1 Preak1, ADgy1)] G
where k =1,2, ... ,n—1;9p1,gp2, and gp, 3 are the Pareto

solution setof gy, g2, and g3, respectively; and f(s,, ) is the eval-
uation function. Equations (30) and (31) are solved by the sparse
dense method. Every elements in u,, are linearly discretized into
32 numerical values between its constraints at every time step.
The time step At of DP approach is set to 0.5 s and the length
of the N is 40000.

The driving cycle used in DP approach is the NEDC cycle
and the initial setting of the PHEV powertrain is the same as the
HIL test sets. The generated control vector Uis saved as a table
in the BCU, and BCU outputs u,, periodically to carry out the
HIL test for DP-based EMS.

C. HIL Test Results Analysis

The verification driving cycle loaded in HIL tests is the NEDC
cycle, which owns a certain resemblance to WLTC. The WLTC
cyclerepresents PHEV historical driving data. The HIL time step
is 0.05 s for NSGA-II optimized EMSs and 0.5 s for DP-based
EMSs. HIL test results in CS mode are given in Fig. 14. The
PHEYV initial fuel load is 7 kg. To guarantee the same initial
electric energy be stored, the initial SoC of the archetypal NCM
pack is 19.1% and the initial SoCs of two packs in HESS are
both 20%.

Fig. 14(a) indicates that the HESS can effectively reduce the
NCM pack peak current rate, and the NCM pack outputs current
in a smooth way without surge impact when using the NSGA-II
optimized EMS. Therefore, the dc/dc converter is maintained in
a high efficiency area and the NCM pack capacity fade rate is
reduced by 13.0% as shown in Fig. 14(e). The LTO pack current
rate in Fig. 14(b) is reduced nonsignificantly by the NSGA-II
optimized EMS, resulting in a slight reduction of the LTO pack
capacity fade rate as shown in Fig. 14(f). Fig. 15(c) and (d) is
pack voltages measure by the BMU. Comparing Fig. 14(g) with
(h), the NCM pack SoC in HESS is sustained smoothly at a
low level, while the LTO pack SoC fluctuates sharply between
75%—-80%, which verifies the LTO pack absorbing power fluc-
tuation as expected. In Fig. 15(i), the APU using the optimized
EMS owns a less power fluctuation than the nonoptimized EMS,
which contributes to lower the fuel consumption caused by
power fluctuation.

The mileage of the PHEV with a single NCM pack is 180.0
km and the mileage of the PHEV with HESS is extended to

184.5 km when using the NSGA-II optimized EMS and it is
186.6 km when using the DP-based EMS. The energy economy
improvement of the optimized EMS is 2.5%, and the improve-
ment is 3.6% of the DP-based EMS. The unit distance capacity
fade rates of the PHEV energy storage systems (ESS) are 1.53
x 107*%/km with the nonoptimized EMS (Single pack), 5.9
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TABLE VIII
SUMMARY OF HIL TEST RESULTS

CS mode CD mode
Q.'1D Q.ID D Q.'ID Q. ID D
(%/km) (%/km) (km) (%/km) (%/km) (km)
Non-optimized EMS (single pack) 1.53x10™ - 180.0 1.27x10™ - 181.5
Non-optimized EMS (HESS) 5.88x107 4.90x107 182.7 6.01x107 5.51x107° 181.3
NSGA-II Optimized EMS (HESS) 5.05x107 4.93x107 184.5 4.91x107 4.77x107 184.0
DP base EMS (HESS) 4.59x107 4.55x107 186.6 4.63x107 4.65x107 186.6

x 107°%/km with the nonoptimized EMS, 5.0 x 107>%/km
with the optimized EMS, and 4.5 x 10~°%/km with the DP-based
EMS. It is stipulated when capacity fade rate of any one pack in
ESS is larger than 20%, the ESS reaches the end of its cycle life
and the whole ESS should be replaced. With the CD mode HIL
test results summarized in Table VII, we extrapolate ideally that,
when using the optimized EMS, the ESS cycle life is improved
by 16.5% in comparison with the nonoptimized EMS (HESS)
and improved by 203% in comparison with the archetypal PHEV
with a single NCM pack. When using the DP-based EMS, the
corresponding improvement is 233%.

The HIL test results in CD mode are given in Fig. 15. The
PHEV initial fuel load is 4 kg. The initial SoC of the archetypal
NCM pack is 79.4% and the initial SoCs of packs in HESS are
both 90%. Fig. 15(a) and (b) shows the NCM/LTO pack current
rate of different EMSs. The NSGA-II optimized EMS brings an
obvious reduction to battery pack current rates. As a result, the
NCM pack capacity fade rate in the HESS is reduced by 17.2%
in comparison with the nonoptimized EMS (HESS) as shown in
Fig. 15(e), and it is reduced by 12.0% of the LTO pack as shown
in Fig. 15(f). Fig. 15(c) and (d) shows battery packs voltage
measure by BMU. Comparing Fig. 15(g) and (h), SoCs of NCM
pack are sustained between 30% and 35%, while LTO pack SoCs
fluctuate sharply between 25% and 40% after APU first start-
up. In Fig. 15(i), the optimized EMS and DP-based EMS can

maintain the APU working in high efficient areas longer and
more steady than the nonoptimized EMS.

When using the nonoptimized EMS, the mileage of the PHEV
is 181.5 km with a single NCM pack and it is 181.3 km with
HESS. Because of employing a dc/dc converter, the energy
conversion loss in a HESS is larger than a single NCM pack,
which results to the PHEV mileage regression. If the HESS is
not matched up with an appropriate EMS, certain performances
of the PHEV with HESS may be inferior to the archetypal
PHEV. The PHEV mileage is extended to 184.0 km by using
the optimized EMS and it is 186.6 km when using the DP-based
EMS. Therefore, in comparison with the archetypal PHEYV, the
energy efficiency improvement of the PHEV with HESS is 1.6%
when using the optimized EMS and it is 2.9% when using the
DP-based EMS. With the CS mode HIL test results summarized
in Table VII, when using optimized EMS, the ideal PHEV ESS
cycle life is improved by 22.4% in comparison with the nonopti-
mized EMS (HESS) and it is improved by 159% in comparison
with the archetypal PHEV. When using the DP-based EMS, the
corresponding improvement is 173%.

The HIL test results indicate that the HESS has a significant
improvement on the cycle life of the PHEV ESS and NSGA-II
optimized EMS performances on the ESS life span extension
are close to DP-based offline optimal solutions. Since DP-based
EMSs reduce the phenomenon of repeatedly energy exchanges
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within the HESS and maintain the APU steadily working in
high efficient areas, their performances are superior to NSGA-II
optimized EMS. However, the driving cycle for DP-based EMS
cannot be changed for online application. Otherwise, the DP-
based EMS is completely ineffective, while NSGA-II optimized
EMSs, which are optimized under the WLTC cycle, still brings
substantial improvement of the PHEV performance under the
NEDC cycle. In addition, although the HESS manufacturing
costis about 1.8-2.0 times higher than the archetypal NCM pack,
the depreciation cost unit distance of the HESS is significantly
lower than the archetypal NCM pack. Consequently, it seems
practicable to improve the PHEV performance with its historical
driving data by applying the optimization approach, we proposed
in cloud computing center.

VI. CONCLUSION

In this article, a model prediction and fuzzy logic based EMS
design and optimization framework is proposed for a PHEV
with a HESS. In general, the conclusions can be drawn as
follows:

1) A DAEKEF and sliding least square method based dual
timescale SoC estimation approach was proposed for bat-
tery packs with inconsistency. An innovative SoP esti-
mator considering thermal constraints was proposed to
predict the authentic battery pack power capability.

2) An innovative model prediction and a DFLC-based EMS
framework was developed. Then, a systematic multiob-
jective optimization approach integrated by NSGA-II and
MIL simulation was proposed for EMS optimization.
The design of the EMS and the optimization approach
has an important theoretical significance and engineering
applications for improving PHEV energy economy, extend
HESS life span, guiding EMSs designs for the PHEV as
well.

3) Anovel HIL test bench for EMSs performance verification
was designed. HIL test results indicated that the HESS has
a significant improvement on the cycle life of the ESS.
EMSs optimized by WLTC are still practicable for further
extension to the HESS cycle life and improving the PHEV
energy efficiency under NEDC.

Our future work will focus on the influence of battery aging

on EMS performance and develop a reinforce learning based
EMS for continues improvement.
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