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Abstract: The performance of lithium-ion batteries will inevitably degrade during the high frequently
charging/discharging load applied in electric vehicles. For hybrid electric vehicles, battery aging not
only declines the performance and reliability of the battery itself, but it also affects the whole energy
efficiency of the vehicle since the engine has to participate more. Therefore, the energy management
strategy is required to be adjusted during the entire lifespan of lithium-ion batteries to maintain
the optimality of energy economy. In this study, tests of the battery performances under thirteen
different aging stages are involved and a parameters-varying battery model that represents the battery
degradation is established. The influences of battery aging on energy consumption of a given plug-in
hybrid electric vehicle (PHEV) are analyzed quantitatively. The results indicate that the variations of
capacity and internal resistance are the main factors while the polarization and open circuit voltage
(OCV) have a minor effect on the energy consumption. Based on the above efforts, the optimal energy
management strategy is proposed for optimizing the energy efficiency concerning both the fresh and
aging batteries in PHEV. The presented strategy is evaluated by a simulation study with different
driving cycles, illustrating that it can balance out some of the harmful effects that battery aging can
have on energy efficiency. The energy consumption is reduced by up to 2.24% compared with that
under the optimal strategy without considering the battery aging.

Keywords: battery aging; plug-in electric vehicles; energy management; global optimization; state of
health; particle swarm algorithm; genetic algorithm

1. Introduction

With the deepening of environmental deterioration and energy crisis issues, developing high
efficient and clean automobiles has been recognized as a matter of global significance [1]. In the
recent years, electric vehicles (EVs) are widely recognized as the development tendency of automobile
industries all over the world [2,3]. The benefits of EVs highly depend upon the onboard high-capacity
battery pack that can be recharged by the power grid. The frequently discharge/charge cycles during
the vehicular utilizations will inevitably cause the degradation of the power battery [4]. Battery aging,
which implies a complex electrochemical evolution process of the gradually loss of lithium inventory
and active material, has been fully discussed in many literatures [5,6]. In order to monitor the battery
health condition and improve the battery performance, many efforts have been exerted on estimation of
the battery state of health (SOH) or remaining useful life (RUL) [7-9]. However, battery aging not only
influences the performance of the battery itself, but it also has an impact on the vehicle performance,
like reducing maximum power, driving range, energy economy, etc., of the vehicle. Especially in
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hybrid electric vehicles (HEVs), battery aging will seriously affect the overall energy efficiency since the
engine has to contribute more power than expected, resulting in the increased energy consumption and
emissions. Therefore, the energy management strategy should be adjusted to maintain the optimality
during the entire lifespan of lithium-ion batteries.

Energy management strategy (EMS) is integral part of improving the fuel economy of both the
traditional HEVs and plug-in hybrid electric vehicles (PHEVs), which have drawn attentions from
many researchers [10-13]. Nevertheless, the current studies mainly focus on the optimization methods
towards how to maximize the hybrid system’s advantages, without enough concerns of the impacts
of battery aging. Normally, the existing methods of EMS can be divided into two categories: the
rule-based method and the optimization-based method. The rule-based strategies mainly depend
upon some predefined control rules, containing deterministic rules and fuzzy logic rules, to operate
the power units at high efficiency [14]. For example, Gao et al. [15] proposed a deterministic rule-based
energy management strategy for PHEV focused on all electric range and charge depletion range
operations, which has been verified by an example passenger car in a typical urban driving cycle;
Schouten et al. [16] presented a fuzzy logic-based energy management strategy to improve the fuel
economy of the parallel hybrid electric vehicle; Ali et al. [17] proposed a fuzzy logic control for electric
vehicles, the presented method can achieve an efficient and fast-charging of the lithium-ion batteries.
The rule-based strategies have been widely used in real-time control because they are simple, easy to
be online implemented, and have good robustness.

The optimization-based strategies are designed to achieve the optimal control performance
by using advanced optimization algorithms, such as dynamic programming (DP) [18,19], genetic
algorithm (GA), particle swarm optimization (PSO) [20], etc. These algorithms adopt a common cost
function, namely, to minimize the fuel consumption (or maximum the fuel conversion efficiency) of the
vehicle during a certain time horizon. For example, Larsson et al. [21] investigated the DP-based energy
management strategy to minimize the fuel consumption of a hybrid electric vehicle and discussed
how much computational demand can be reduced. The drawback of these global optimization
algorithm-based strategies is that they can barely be implemented in real-time control due to their
dependence on an a priori known speed profile. Therefore, they are often implemented offline as a
reference or a benchmark for other algorithms [22]. In addition, there is another kind of optimization
approach, namely, the instantaneous minimization algorithm, which is to minimize the cost function at
each time step. Most representative one of this kind is equivalent consumption minimization strategy
(ECMS). Although ECMS can only provide a near-optimal solution, it can be implemented online
because it does not rely on an a priori known speed profile. The specific descriptions about ECMS can
be found in References [23-26].

The above investigations have achieved a great progress of resolving the energy management
issues; however, most of these studies are based on the characteristics of the fresh battery. Although
the battery aging induces a significant impact on energy consumption, it is still unknown how much
the extra energy consumption can be caused by the battery aging in PHEVs and there are few studies
to deal with battery aging from the perspective of energy management. In this study, we expect to
reveal the maximum influence that battery aging can produce on the vehicle energy consumption and
to present a global optimal control strategy over the entire lifespan of onboard batteries. The main
target of the presented strategy is to maintain the optimal energy efficiency even after the serious aging
of the battery and partially compensate for the negative impact of battery aging from the system level.
The remainder of this paper is organized as follows: the model, energy management scheme and
optimization method for PHEVs concerning the impacts of battery aging are described in Section 2; the
battery model and the mathematical expression of the aging characteristics are proposed in Section 3;
the impacts of the battery aging on energy consumption and the results of the EMS are illustrated in
Section 4 while the conclusions are summarized in Section 5.
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2. Energy Management Strategy

2.1. Problem Formulation

Figure 1 shows the power system of PHEV with a serious topology, in which the battery pack is
the main onboard energy storage system (ESS) to provide the power load of the electric motor and an
engine generator group is used as the assistance power unit (APU). The electric motor drives the front
axle of the vehicle through an automatic mechanical transmission (AMT). The electrical power demand
of the motor is split between the ESS and APU, as commanded by the energy management system.
The parameters of these main components and the modeling have been described in our previous
research presented in Reference [27,28], that is the foundation of this paper.
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Figure 1. The structure diagram of plug-in hybrid electric vehicles (PHEV) power system.

The energy management issue is described as finding the optimal power allocation for minimizing
the cost function while meeting the constraints. The objective function is minimizing the energy
consumption during a certain driving cycle, described by

Minimize : J(1) = ®5 + ) (v PE (k) At) 1)

N

k=1

where u denotes the control policy, ®p is the cost of electricity, N is the total number of steps, Py is the

engine power, vy is the price of fuel (CNY-¥/kWs), {; and #; denote the time at the beginning and

ending the driving cycle, respectively, t denotes the discrete time instant, t =ty + kAt, k =1,2,...,N.
For a certain driving condition, the electricity consumption is directly calculated according to the

total battery power consumption, described by

dp = Uelec * AERgt
N
Y. {Ppae (k) At} (2)

_ k=1 .
= Uelec * T7b ;

in which

. { Ndischa at discharging
b P—

l .
o at charging

where AEpg,; is the battery electricity consumption, v, is the price of electricity (CNY-¥/kWs), Ppy; is
power of the battery, 1, is the efficiency of the battery, 1, and 15, denote the efficiencies at charging
and discharging, respectively.

If the battery aging is not considered, the cost function is only impacted by the power allocation.
Thus, the control variable can be defined as u = [Pg(k) Py (k)]T. The optimization problem is to find
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out the optimal u* to minimize the above cost function. To ensure the optimization results conform to
feasible solutions, the control variable is subject to some constraints below.

PBatt,min (Z(k)) < PButt(k) < PBatt,max (Z(k)) (3)
0<Pg (k) < PEmax (4)
p1 <z(k) < @2 ®)

where Pgyit max and Ppayt min are power limitations of the battery pack, Pg max is the maximum power
of the engine, @1 and @, are limitations of battery state of charge (SOC).
Based on the power balance relation, equality constraints are given as:

Preq(k) = Pe(k)napu + Ppatt (k) NBatt (6)
in which

- if Ppay (k)

NengMino”

| Mais"ino, if PBgtt(k) >0
NBatt = <0

where P, is the power demand of the electric motor, 174py and gy are efficiencies of APU and battery
system, respectively, 1145 is the discharging efficiency of battery, Pp, is positive while the battery is
discharging and negative while the battery is charging.

In addition, the battery SOC at the initial time of the optimization horizon should be pre-set by

z(to) = 2o @)
where z; is initial SOC of the battery pack.

2.2. Control Strategy

The above model describes the basic mathematical problems of energy management issue, but in
practice, we still need to consider the influence of aging on the model. Therefore, in the design of
control strategy, battery aging characteristics are taken into account. For convenience of description,
here we simply use the SOH (defined as the ratio of the current maximum capacity and the nominal
capacity) to describe the different state of battery aging. The more specific parameters variations
and the mathematical expression of the battery aging model will be further discussed in Section 3.
Figure 2 shows the flow chart of the presented EMS. The blended control strategy [29] is used for power
allocation, where the total power demand is split between the lithium battery pack and APU according
to the control rules described below. To clearly illustrate the control algorithm, two thresholds are
given at first, namely 6; and 6, where the 6; denotes the high SOC level threshold and 6, denotes the
low SOC threshold. If the battery SOC > 61, the battery will provide as much power to supply the
load requirement; in this case, the optimization is not required. When battery SOC drops below the 61,
the control algorithm is given as below.
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Figure 2. The schematic diagram of energy management strategy.

(1) When battery SOC is higher than the low threshold (SOC > 6,),

Preq — PBatt_max (Z/ SOH) NBatt } ®)

nAru

Pr= max{lpE,

in which

. Preq
b,, if Taru € (PH/PE_maX]

.. Pre
17bE - Popt/ lf _‘1 € (PL/PH} (9)

NAPU

0, if —2L [0, Py]

naru
where Py, denotes the power of engine at its highest efficiency point, P, and Py are two thresholds to
define a high efficiency range of the engine. P; denotes the power demand of the engine that needs to
be optimized.
The maximum output power of the battery pack is treated as a function of battery SOC and SOH,
and is calculated by a discrete solving process [30]:

OCV (zg-1,SOHg-1) = Upx = Utmin

Atny, dOCV (z)
QButt(SOﬁk—l) 0z |Z:Zk,1 + RO (Zk—lr SOHk—l)

PBatt_max,k(Z/ SOH) = 1Batt * Upmin (10)

where np,y; is the number of the cells that contained in the lithium battery pack, Umin is lower cut-off
voltage, z denotes the battery SOC.
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(2) When SOC is quite low (SOC < 8,), the battery pack stop discharging and the engine provides
the power demand:

P
P = max{O, = } (11)
NAPU

2.3. Optimization Algorithm

The power demands from the typical driving cycles are used as the input of the program,
which are the foundations of the model simulation and the energy management implementation.
The optimization is conducted by the PSO algorithm. There are three control coefficients (two thresholds
and one power demand) that required to be determined, expressed by

X = [Py PL Py] (12)

where X denotes the particle position in PSO algorithm.
The PSO algorithm is offline implemented with varying battery aging condition to do the
optimization. The numerical processing of the PSO algorithm is described in Reference [27]. The scale
of the particle swarm M = 60, the maximum iteration steps N}, = 1000. For each particle 7, the velocity
and position are updated according to the following expression:
{ Vi(k+1) = 0V (k) + c1r(PI(K) = X (K)) + cara(GI () — X/ (K)) 13)
X'(k+1) = X' (k) + V'(k)

where w is inertia factor, ; and r, denote two random values, 11, r; € (0, 1), ¢c; and ¢, are weight
coefficients, P! denotes the best position of the particle i amongst the historical iterations, G'! denotes
the best position within a certain neighborhood at the current iteration step.

Once the optimal X is obtained, the control policy u = [P, Ppai]T can be further deduced based
on previous blended strategy, denoted as u = f(X). It should be noticed that all these coefficients in X
are treated as functions of SOH since the parameters-varying battery aging model has been adopted to
replace the conventional battery model.

Thus, the optimal control policy is obtained by

v =| | = socisom) 19
Ppatt

It should be noted that the presented algorithm is using PSO to offline optimize the control
policy under different aging condition and can be used in online implementation by a look-up table
method. However, to implement the presented algorithm in real-time control, we need the battery
management system (BMS) hardware to provide the online estimation of the current SOH and SOC
information. Accurate estimations [31-34] are the premise guarantee for this method improving the
energy economy improvement.

3. Impacts of Battery Aging

The battery performance parameters will be notably changed after the battery is seriously aged,
resulting in the influences of the total hybrid power sources and the optimal control policy. In order
to establish a global optimal strategy, it is necessary to dynamically adjust the control parameters
as the battery ages. Physical methods like X-ray diffraction and scanning electron microscopy are
very useful to analyze the aging mechanism of the battery [35], but they are not suitable for onboard
energy management application. In this section, the mathematical expression of the battery aging
characteristics is presented and the parameters-varying aging model of lithium battery is used to
incorporate the battery aging into the EMS design.
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3.1. Modeling

Here an equivalent circuit model, namely the first-order RC model, is employed to mimic the
basic electrical behavior of the battery, as shown in Figure 3. The parameters in the model are treated
as functions of battery SOC and SOH. In this study, the inconsistency of single cells is neglected and
the battery SOC is supposed to be known correctly. SOH is described by

SOH = =28t 100% (15)
QBatt_new
where Qp, is the maximum capacity of the battery at current, Qpg nery 1S the nominal capacity of
the battery.
The parameters in this model are considered as functions of both SOH and SOC, described as

U (k) = Uoe(z, SOH) - @ (k)Ro (2, SOH) — U, (K) (16)

U, (K) = U, (k- 1)eT5 + g (k - 1)R, (2, SOH) (1 — £ 7501 ) (17)
Pa(k

ps(k) = Ufgki 18)

where U; is the terminal voltage, U, is the open circuit voltage (OCV), U, is the voltage of the RC
network, R, and 7 are resistance and time constant of RC network, respectively, P is the battery output
power, @ is the battery current, Ry is the internal resistance.

The maximum output power of the battery pack is treated as a function of battery SOC and SOH,
and is calculated by a discrete solving process:

i Upc (Zk)_upl,k+1_ pZ,kJrl_ut,min
Id s _
max ~— ncAt Upc(z)
Caged 9 |z:zk +Rgis
hs _ Uoc (zic) =Up1 k1= Upo o1~ U max
min 1ncAt IUoc (2) 1
Caged diz?z |Z:Zk +RC}73 ( 9)
SoPg4is = ns”p(Inizx ut,min)
ch
S0Pehg = 1stp( I U max)

where 1, and 15 are the parallel number and series number of the cells that contained in the lithium
battery pack, Umin is lower cut-off voltage.

R,(SOH)
Tbatt \/\/\/\
—
C,(SOH) \/\/\/\_.
| | Ro(zSOH) T
+ 1 -
UP
+ U,(z,.SOH) U,
@

Figure 3. Diagram of the first order RC model.
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3.2. Exprimental Study

The above model includes parameters that are related to battery SOH. In this study, we totally
use thirteen 18650-type LiFePOy lithium cells to conduct the aging tests, in which each cell is cycled
to a different aging stage under room temperature. Then we test the cell characteristics under urban
dynamometer driving schedule (UDDS) to provide dataset of the battery behaviors in different aging
conditions. The UDDS voltage/current profile is provided in Section 5. In this section, we use the test
data of four typical cells (denoted as No.1~4) to illustrate the method and propose the mathematical
expression. The capacity and the corresponding SOH of these four cells are summarized in Table 1.
The test battery parameters are given in Table 2.

Table 1. The aging conditions of the four cells.

Battery Number 1 2 3 4
Capacity 1.299 1.217 1.158 1.071
SOH 96.21% 90.13% 85.76% 79.34%

Table 2. Specifications of the test cells.

Parameters Value
Nominal capacity/Ah 1.35
Nominal voltage/V 3.2
Temperature range/°C -20-60
Charge cut-off voltage/V 3.65
Discharge cut-off voltage/V 2.5
Internal resistance/m() 33

3.3. Mathematical Expression

For better application in EMS, we further establish the mathematical expression of the model
parameters. The method contains the following two steps.

e  Step 1: Test data are divided into many small data segments ranging from SOC = 0.1 to SOC = 1.0;
GA is implemented to optimize the model parameters at each data segment. The programming of
GA has been introduced in Reference [28], so it is not reproduced here for brevity. Optimization
objective is to find the best parameters p@= [U,.7, Ry, Rp(f) , 7] to minimize the model error at
each segment j. The results are shown in Figure 4.

e Step 2: Mathematical expression. From the results, we found U, and Ry have clear
correspondences with SOC under each SOH condition, but R, and 7 show fluctuate with
some certain value. Thus, U, and Ry at the entire SOC range are further fitted by the following
continuous polynomials while R, and 7 are replaced by their mean value

uoc(z) = 11123 + 11222 +a3z+ay +as exp(—“?é)
Ro(z) = b1z* + by’ + b32® + byz + bs

— Y R,0) (20)
RP -
T— Y T(;)1

n

where a1-a4 and by-bs are coefficients, n is the total number of segments.
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Figure 4. Identification results on data segments of four cells: (A) open circuit voltage (OCV); (B) internal
resistance; (C) time constant; (D) resistance of RC network.

Based on the above expressions, GA is carried out once again to perform the identification of
parameters on the entire SOC range under each aging condition. The coefficients for GA to optimize
are rewritten as

p(SOH) = [{Ill,ag, ..., 06, bl,bz, ey b5, Rp,ﬂ (21)

in which ay,..., a, b1,..., bs are subject to

{ a; € [ai,minrai,max]/ i=12,....,6
b] € [bj,min/ b]’,max}/ ] =12,....,5

where 4; min, 4i,max, b, min, and bj max are limitations of the coefficients” boundary.
4. Results and Analysis

4.1. The Impacts of Battery Aging

Figure 5 shows the results of electrical behaviors and the parameter variations of the batteries
under thirteen aging stages (from the fresh to deep aged battery). It can be seen that the internal
resistance increases significantly with the deep aging of the battery, however, the polarization internal
resistance and polarization capacitance do not show obvious change regulations. The varying battery
parameters are used to design the control parameters in optimal EMS; therefore, the EMS can be
adaptive to the battery aging process according to the current SOH value. The results of the parameters
in aging expression are provided in Table 3. The driving cycles of UDDS and Extra Urban Driving
Cycle (EUDC) are used to assess the increased energy consumption induced by the battery aging.
Compared with the fresh battery, the deep aged battery (SOH = 79.34%) cause extra energy cost of
15.19% and 14.28% under UDDS and EUDC, respectively.
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Figure 5. Aging characteristics of batteries under thirteen different states of health (SOH) conditions:

(A,B): test results of battery voltages and currents under urban dynamometer driving schedule (UDDS)

driving cycles; (C-F): the varations of the battery parameters caused by the aging.

Table 3. Battery model parameters under the varying SOH phases.

SOH T R,(mQ) bl b2 b3 b4 b5 al a2 a3 ad a5 a6
96.21% 52.1 69.9 0.1 -04 0.55 -0.31 0.12 -3.1 50.0 3.14 0.61 -0.84 044
93.28% 49.7 57.0 1.8 -39 2.88 -0.89 0.22 26.8 73.0 3.12 069 -0.99 0.52
91.60% 42.7  56.3 14 -28 189 -056 020 —-475 475 317 054 -085 051
90.13% 51.2 70.2 0.3 -0.8 0.69 -0.29 0.18 3019 3101 3.12 074 -1.09 0.59
89.40% 52.1 68.2 0.6 -15 1.29 -051 0.14 —498.0 116.7 3.12 0.70 -1.0 0.53
88.60% 51.7 784 0.3 -0.7 053 -022 022 4799 1380 313 0.67 -099 055
88.05% 485 755 0.2 -0.6 055 -027 016 —-475 1399 313 065 -094 051
87.38% 50.1 71.5 0.2 -0.6 0.62 -031 0.25 4835 1459 3.13 064 -092 049
85.73% 49.8 72.2 0.2 -0.3 0.14 -0.07 0.12 10.5 72.3 3.12 0.69 -1.01 0.55
84.56% 49.1 75.3 0.4 -1.0 0.90 -0.37 0.17 4.7 54.6 3.1 0.79 -1.18 0.63
82.61% 46.7 72.7 0.6 -14 1.24 -049 0.19 0.8 41.5 3.1 078 -1.14 0.61
81.26% 53.6 69.5 0.4 -0.9 0.73 -0.27 024 1.2 51.0 3.12 0.69 -1.02 0.55
79.34% 55.7 66.4 -0.3 0.4 0.07 -0.18 0.29 2703 3568 3.12 0.71 -1.03 0.54

For ease of designing the adaptive control algorithm, we wish to find out the main parameters
(among the multiple battery parameters) that contribute the most to energy consumption. Therefore,
the specific impacts of each battery aging parameters on increased consumption cost are further
analyzed, in which the percentage of cost increment is calculated. The results are shown in Figure 6.
The results illustrate that the capacity loss and resistance increase are the main factors leading to
the increase of energy consumption. The capacity degradation accounts for up to 10.24% of the
aging-caused energy cost while the internal resistance accounts for up to 6.42% of the aging-caused
energy cost. On the contrary, the influences of OCV and RC items are minor (less than 0.29%) and can

be neglected.
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Figure 6. Specific impacts of battery aging on vehicle energy cost: (a) simulation at Extra Urban Driving
Cycle (EUDC); (b) simulation at UDDS driving cycle.

4.2. Energy Consumption

To evaluate the effectiveness of the proposed energy management strategy (denoted as Strategy
A), another energy management strategy (denoted as Strategy B) is employed in the following to
make a comparison study. Two strategies are implemented with same driving conditions. The two
strategies are based on the same control algorithm and optimization process. The only difference is
that the impacts of battery aging are not considered in Strategy B while the varying control parameters
enable the Strategy A to be adaptive to the battery aging process according to the current SOH value.
The simulation conditions are provided as follow. The prices of fuel and electricity are 5.86 CNY-¥/L
and 0.82 CNY-¥/kWh, respectively, the thresholds 6; and 6, are set as 0.5 and 0.2, respectively. Since the
optimization is not implemented when SOC > 64, the initial SOC in this study is set as 0.5. The impact
of temperature is neglected in this simulation.

The comparison results of the energy cost from two strategies are summarized in Tables 4 and 5.
The optimal energy cost is enhanced by up to 15.19% in UDDS driving cycle and 14.28% in EUDC
driving cycle when SOH changes from 96.21% to 79.34% if the battery aging is not concerned in
energy management (Strategy B). Without replacing the aging battery pack, using the presented energy
management strategy can reduce the effect of battery aging to some certain extent. The energy cost is
decreased by up to 2.24% both in UDDS driving cycle and in EUDC driving cycle compared with the
strategy without considering the battery aging. The detailed simulation results of power allocation in
UDDS driving cycle are shown in Figure 7.

Table 4. Comparison on cost functions of two strategies: with the case of UDDS.

Driving Distance: 50 km Driving Distance: 100 km
SoH
Strategy A Strategy B Reduction Strategy A Strategy B Reduction
96.21% 13.16 13.16 - 32.95 32.95 -
90.13% 13.75 13.90 1.08% 33.63 33.83 0.59%
85.76% 14.13 14.34 1.46% 34.05 34.38 0.96%

79.34% 14.82 15.16 2.24% 34.90 35.38 1.36%
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Table 5. Comparison on cost functions of two strategies: with the case of EUDC.

Driving Distance: 50 km Driving Distance: 100 km
SoH
Strategy A Strategy B Reduction Strategy A Strategy B Reduction
96.21% 13.30 13.30 - 33.26 33.26 -
90.13% 13.86 14.02 1.14% 33.84 34.08 0.70%
85.76% 14.23 14.41 1.25% 34.22 34.52 0.89%
79.34% 14.86 15.20 2.24% 34.91 35.40 1.38%
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Figure 7. Simulation results in UDDS (50 km): (A) Battery power of healthy battery; (B) battery power
of aging battery with Strategy B; (C) battery power of aging battery with Strategy A; (D) engine power
of healthy battery; (E) engine power of aging battery with Strategy B; (F) engine power of aging battery
with Strategy A; (G) SOC trajectory; (H) energy cost.

Figure 7A—C show the apparently fade of maximum battery power. When battery is deeply aging,
the battery performance is influenced, resulting in an improper energy management result. Therefore,
adjusting the energy management parameters at varying battery SOH is necessary. The battery
power in Strategy A is properly reduced and well-distributed compared with that in Strategy B.
From Figure 7D-F show the engine power distribution. The engine power in Strategy B becomes very
large near the terminal of the trip leading in a low efficient performance. This is because the battery
energy is insufficient near the end of the trip, see Figure 7G. The battery SOC in Strategy B drops to
bottom earlier than that in Strategy A, and then the higher cost power from the engine supply the
power demand. On the contrary, the SOC trajectory in Strategy A has a good agreement with that
of health battery. The optimal cost of Strategy A at the terminal of trip is decreased effectively in
comparison with Strategy B. Similar analysis results can also be found in Figure 8. When trip length
is long, the impact of battery aging tends to be minor because the energy cost from engine system
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(gasoline) occupies a larger proportion than that of short trip length. Although the battery aging cannot
be eliminated through the energy management approach, a proper design of energy management
strategy can partly reduce its negative impacts on energy cost of the PHEV.
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Figure 8. Simulation results in UDDS (100 km). (A) Battery power of healthy battery; (B) battery
power of deeply aged battery with Strategy B; (C) battery power of deeply aged battery with Strategy
A; (D) engine power of healthy battery; (E) engine power of deeply aged battery with Strategy B;
(F) engine power of deeply aged battery with Strategy A; (G) results of SOC; (H) energy cost.

5. Conclusions

In this study, the battery behaviors under 13 different aging conditions are investigated
experimentally, based on which, an aging-conscious battery model is proposed for energy management
application. The optimal control strategy is then proposed for PHEVs energy management against the
impact of battery aging. The presented control strategy can achieve the optimal control performance
over the entire battery lifespan based on the PSO algorithm. The quantitative impact of battery aging on
the energy consumption has been revealed, indicating that the capacity and internal resistance are the
main factors that cause the extra energy cost. The presented energy management strategy is evaluated
and analyzed by a simulation study under two typical driving cycles. The results indicate that the
energy cost of PHEV can be increased by up to 15.19% due to the battery aging. The aging-conscious
energy management can balance out some of the harmful effects that battery aging can have on energy
efficiency. Compared with the strategy without considering the battery aging, the presented strategy
can reduce the aging-induced energy consumption by up to 2.24% at certain driving condition.
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