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Abstract—In this paper, we investigate the trade-offs among
the subsystems of a hybrid electric vehicle (HEV), e.g., the engine,
motor, and the battery, and discuss the related implications for
fuel consumption and battery capacity and lifetime. Addressing
this problem can provide insights on how to prioritize these
objectives based on consumers’ needs and preferences.

I. INTRODUCTION

A significant amount of work has been conducted on
developing online power management algorithms for HEV
configurations [1]. Although these algorithms have aimed at
enhancing our understanding of power management control
optimization problem, the battery system was considered as
a free “buffer” that could be used to either store or use
energy at any time. However the battery’s capacity and lifetime
have significant implications not only in the overall cost
of HEV and plug-in HEV (PHEV) ownership but also in
safety, durability, and reliability. Recent research efforts have
considered both design and control optimization approaches
that include various battery metrics, e.g., capacity, lifetime,
and safety, in the objective function.

Wang and Cassandras [2] studied the problem of optimally
controlling the charge and discharge rate of multiple nonideal
batteries to maximize the minimum residual energy of the
batteries at the end of a given time period. It was shown the
optimal solution is a “bang-bang” type, with the battery always
in recharging mode during the last part of the interval [3].
The implications of motor/generator and battery size on fuel
economy and green house gas (GHG) emissions in a medium-
duty PHEV were discussed in [4]. Lee, Rizzo, and Filipi [5]
studied the impact of advanced battery control strategies on
the battery size and fuel economy for heavy-duty military
HEVs. Bashash et al. [6] investigated simultaneously the
minimization of battery degradation and fuel/electricity costs
via a multiobjective optimization problem consisting of the
total cost of fuel and electricity and the total battery health
degradation over a 24 h naturalistic driving cycle.
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More recently there has been an effort to develop power
management control algorithms for HEVs/PHEVs by also
including the battery’s lifetime. Serrao et al. [7] formulated the
power management control problem in HEVs by incorporating
the aging of the battery. Ebbesen, Elbert, and Guzzella [8]
presented a power management control algorithm for a parallel
HEV by modifying the equivalent consumption minimization
strategy to include the battery state of the health in addition
to fuel consumption.

The contribution of this paper is the development of a
multiobjective optimization framework that includes fuel con-
sumption, motor efficiency, and battery use and lifetime aimed
at investigating the associated trade-offs among the HEV sub-
systems, e.g., the engine, motor, and battery. In our analysis,
battery temperature is considered as a critical parameter and
controlled throughout the charge/discharge process.

The remainder of the paper proceeds as follows. In Section
II we present the battery and vehicle model used in our
analysis. In Section III we formulate the power management
control problem formulation, and in Section IV we introduce
the multiobjective optimization framework and the Pareto
control policy. In Section V we present simulation results
and discuss the associated trade-offs among the subsystems.
Finally, in Section VI we present concluding remarks.

II. VEHICLE MODEL

A. Vehicle Configuration

The vehicle model used for this study is a pre-transmission
parallel HEV model. In this model, the hybrid propulsion
system consists of a gasoline engine coupled to an automatic
transmission with five forward gear ratios. Additionally, an
electric machine (motor/generator) is coupled through a clutch
and a unity gear ratio to the engine output shaft before the
transmission. Thus, vehicle idle charging is possible. The
transmission output shaft is then coupled to a final drive. The
electric path of the hybrid propulsion system consists of the
electric machine connected to a rechargeable battery. In this
vehicle configuration, the power demanded by the driver can
be provided either by the engine or the electric motor or both.
The available control variables are the engine and motor torque
as the engine and motor speed are determined by the vehicle
speed.

Autonomie [9] was used to model the different compo-
nents of the hybrid propulsion system except for the bat-

978-1-4799-6075-0/14/$31.00 ©2014 IEEE



tery. Autonomie is a Matlab/Simulink simulation package
for powertrain and vehicle model development developed by
Argonne National Laboratory. Autonomie provides a variety
of existing forward-looking powertrain and vehicle models
that can support the evaluation of new control functions in a
math-based simulation environment. The battery model from
Autonomie was replaced by a model described in the following
subsection.

B. Battery Model

NiMH (nickel metal hydride) and Lithium-ion (Li-ion)
batteries are widely used for EVs [10]. NiMH batteries are
primarily used in the HEVs, and Li-ion batteries are used for
PHEVs and EVs. Both NiMH and Li-ion batteries exhibit
a nonlinear resistance to charge and discharge of current,
which is a complex function of the depth of discharge (DOD),
charge/discharge rate, open circuit potential, temperature, etc.
The NiMH cell has a metal hydride [MHx] anode, a nickel
hydroxide [Ni(OH)2−y] cathode, and an aqueous potassium
hydroxide electrolyte. The Li-ion cell typically has an interca-
lating carbon anode, a lithium metal oxide cathode, and an or-
ganic electrolyte with lithium salts. Detailed models describing
the mass balance, potential solutions in electrode/electrolyte,
interfacial electrochemical kinetics, and thermal balance across
the cell sandwich (current collectors, electrodes, and separator
filled with electrolyte) are available [11]–[13]. However those
models, though more accurate, are computationally expensive,
with robustness issues for use in control simulations. For this
paper, we used a computationally efficient model that was able
to capture the charge-discharge behavior well to study thermal
response of the batteries [12]. We worked with a NiMH battery
system, but the analysis can be easily extended to a Li-
ion battery system. The battery model implemented here was
derived from the experimental discharge characteristics of the
cell [14]. A sufficient number of discharge curves at different
rates (C-rates) is essential to build an accurate model. The
experimental discharge curves shows that for a given capacity,
the cell voltage drops as the current density increases. This
relation is linearized for an electrochemical cell and given by
(1), also referred to as NTG (Newman, Tiedemann, and Gu)
model, from Newman, Tiedemann [15] and Gu [16]:⎧⎨

⎩
J = Y (Vp − Vn − U),

U =
∑N

i=0 aiθ
i,

Y =
∑M

i=0 biθ
i,

(1)

where J is the current density in A/m2, Y is the effective
conductance in S/m2, (Vp − Vn) is the measured cell voltage
in volts, and U is the open circuit potential of the cell in volts.
The effective conductance Y and the open circuit potential U
are represented as a function of the DOD θ. The constants
ai and bi are fitting parameters that are determined from cell
discharge curves for a number of different C-rates.

For different discharge capacities (i.e., DOD θ), it is
possible to plot fitted lines representing the linearized relation
between the measured cell voltage and current density. The
slope of each line represents the reciprocal of the effective
conductance Y , while the intercept at zero current density
represents the open circuit potential U . Finally, the variation of
Y and U as a function of θ is used to fit the two polynomials
described in (1). As a result, for a given value of θ it is possible

calculate the internal resistance (1/Y ) and the open circuit
potential U of the cell. This model has been widely used for
Li-ion batteries [12], [17]–[19] because of the simplicity of its
implementation, its reasonable accuracy, and its low relative
computational cost.

Subsequently, the calculated internal resistance and open
circuit voltage of the cell at a specific DOD, i.e., SOC =
1−DOD, are used to compute the rate of SOC change of the
battery, which is then used to compute the charge/discharge
current I . The flow of current through the battery leads to
internal heat generation due to electrochemical reactions and
resistive heating. The amount of generated heat increases
the battery temperature, which can be determined through
the battery thermal model adopted from [20]. The model
considered all the battery internal components as a single
homogeneous material with averaged properties. Based on this
model, the average temperature increase in the battery, Tbatt,
is a function of the amount of heat generation Qgen and heat
loss Qloss, in addition to the thermal mass of the battery and
the duration of use:

Tbatt =

∫ t

0

Qgen −Qloss

mbattcp,batt
dt, (2)

where mbatt is the battery mass, cp,batt is its heat capacity, and
heat generation Qgen = J [U−Vp−Vn] (here we have ignored
the heat generation due to ohmic losses in current collector and
reversible entropic losses). The combination of heat convection
(natural or forced) and heat conduction from the battery to
the surrounding air is responsible for the determination of the
amount of heat retained by the battery (causing the battery
temperature to rise). Generally, the battery is equipped with a
cooling system that starts operation at a specified temperature
to protect the battery from exceeding a high temperature limit.

Another battery performance characteristic that can be
estimated is the final battery range. At each time t, the available
energy stored in the battery is estimated based on the current
SOC. Considering the conversion efficiency, this amount of
stored energy is assumed to be converted to work that moves
the vehicle some distance against the total force caused by
the vehicle dynamics. The final battery range is then found
by calculating the cumulative moving average of the traveled
distances over the entire driving cycle. Thus, it indicates the
estimated distance that can be traveled based on the driving
history using only the available energy in the battery with the
engine off.

III. PROBLEM FORMULATION

In the rest of the paper, we denote random variables with
uppercase letters and their space of realizations by script
letters. Subscripts denote time, and subscripts in parenthesis
denote a subsystem; for example, Xt(j) denotes the random
variable of the subsystem j at time t. The shorthand notation
Xt(1:N) denotes the vector (Xt(1), Xt(2), ..., Xt(N))

T .

We use a parallel HEV where both the engine and electric
motor can provide the power demanded by the driver, either
separately or in combination. Because the engine and motor
speed depend on the vehicle speed, the available controllable
variables are the engine and motor torque. We consider a
state space, S ⊂ R

n, for the HEV and a control space,



U ⊂ R
m, n,m ∈ N, from which control actions are chosen.

In our formulation, the state space is the entire range of the
engine and motor speed, S ⊂ R

2, and the control space U is
the vector of engine and motor torque, U ⊂ R

2.

The objective of the power management controller is to
guarantee the self-sustainability of the electrical path and
distribute the power demanded by the driver optimally between
the engine and the motor to maximize HEV efficiency. In
most of the work reported in the literature and discussed in
the Introduction, the SOC of the battery has been used as a
component of the state. However, this leads to a significantly
large state space with implications for increasing the com-
putational burden associated with solving the problem. In our
approach, SOC is treated as an uncertainty that is correlated to
an additional power demand by means of one-on-one mapping.
Depending on the SOC value, there is a corresponding amount
of power, PSOC , that must be provided to the battery to stay
at the target SOC. This amount corresponds to the maximum
charging rate of the battery at the current SOC. It responds to
a power request, PSOC , as SOC drops up to a certain value
designated by the maximum charging rate of the battery as
a function of SOC. If SOC is above the target value, then
PSOC is equal to zero as no additional power is required by
the battery.

The controller observes the engine and motor speed and
then computes the optimal engine and motor torque, T ∗

eng
and T ∗

mot, that satisfies the power demanded by the driver,
Pdriver, and the additional amount of power, PSOC , that
needs to be provided to the battery to stay at the target SOC.
The evolution of the state occurs at each time t = 0, 1, ...,
and it is portrayed by the sequence of the random variables
Xt(1:2) = (Xt(1), Xt(2)))

T = (Neng, Nmot)
T ∈ S and

Ut(1:2) = (Ut(1), Ut(2)))
T = (Teng, Tmot)

T ∈ U , corre-
sponding to the HEV state (engine and motor speed) and
control action (engine torque and motor torque) respectively.
A state-dependent constraint is incorporated in our problem
formulation, i.e., for each state Xt(1:2) = i ∈ S a nonempty
set C(i) ⊂ U of admissible control actions (engine and motor
torque) is given. The latter implies that at each state i ∈ S ,
the control action set C(i) ⊂ U should include only the control
actions that satisfy the physical constraints of the engine and
the motor.

Definition 1: The set of admissible state/action pairs is
defined as

Γ: = {(Xt(1:2), Ut(1:2))|Xt(1:2) = i ∈ S and Ut(1:2) ∈ C(i)},
where Γ is the intersection of a closed subset of R2×R

2 with
the set S × U .

That is, Γ is closed with respect to the induced topology
on S ×U , and thus it is compact. It follows that for each state
i ∈ S , C(i) is compact.

Definition 2: The function μ that maps the state space to the
control action space, μ : S → U , is defined such that μ(i) ∈
C(i), ∀i ∈ S .

Let Π be the set of all sequences π =
{μ(1), μ(2), ..., μ(|S|)}. Each sequence in Π is called a
stationary control policy and operates as follows. Associated
with each state i ∈ S is the function μ(i) ∈ C(i). If at

any time the controller finds the system in state i, then the
controller always chooses the action based on the function
μ(i). A stationary policy depends on the history of the process
only through the current state, and thus to implement it, the
controller needs only to know the current state of the system.

IV. MULTIOBJECTIVE OPTIMIZATION FRAMEWORK

In the HEV configuration adopted here, the engine and
the motor are coupled together and their speed is a function
of the vehicle speed depending on the gear ratio of the
transmission. At each time t, the controller has to optimally
split the torque demanded by the driver, Tdriver, between
the engine and motor, T ∗

eng and T ∗
mot. In this section, we

formulate the multiobjective optimization framework for the
one-stage expected cost that includes fuel consumption, motor
efficiency, and battery use and lifetime. Then we provide the
implementation of a power management control algorithm
that yields the Pareto optimal solution of the multiobjective
problem at each HEV state.

A. Multiobjective Problem Formulation Without the Battery

First, we formulate an optimization problem that considers
only the engine and the motor in the one-stage expected cost
function. The multiobjective cost consists of the engine’s brake
specific fuel consumption (BSFC), fBSFC , and the motor’s
efficiency, ηmot. Given the engine and motor speed which is
the pair that constitutes the HEV state Xt(1:2), the objective
is to find the optimal control action Ut(1:2) (engine and motor
torque) that minimizes a multiobjective cost function reflecting
both the engine’s fuel consumption and the motor efficiency.
To avoid dominance of one objective function over the other,
each function is normalized with respect to its maximum value.
Furthermore, since we formulate a minimization problem, we
consider the inverse of the motor efficiency.

The BSFC of the engine is a function of the engine speed
Neng , and torque, Teng . Similarly, the efficiency of the motor is
a function of the motor speed Nmot and torque, Tmot. Hence,
the normalized BSFC of the engine is f1(Neng, Teng) =
fBSFC(Neng,Teng)

‖ fBSFC‖∞
, where ‖ fBSFC‖∞ corresponds to the max-

imum engine BSFC value with respect to the entire range of
engine speed, Neng , and torque, Teng. The normalized inverse

of motor efficiency is f2(Nmot, Tmot) =
1

ηmot(Nmot,Tmot)

‖ 1
ηmot

‖∞
,

where ‖ηmot‖∞ corresponds to the maximum motor efficiency
with respect to the entire range of motor speed Nmot and
torque, Tmot.

The multiobjective optimization problem for the one-stage
expected cost function is formulated as

min
Ut

k(Xt(1:2), Ut(1:2)) =

min
Ut

(
α · f1(Xt(1), Ut(1)) + (1− α) · f2(Xt(2), Ut(2))

)
(3)

s.t.

2∑
i=1

Ut(i) =

2∑
i=1

Wt(i) = Tdriver + TSOC ,

where α is a scalar that takes values in [0,1], Xt(1:2) =
(Xt(1), Xt(2)))

T = (Neng, Nmot)
T ∈ S , Ut(1:2) =



(Ut(1), Ut(2)))
T = (Teng, Tmot)

T ∈ U is the vector of engine
and motor torque, and TSOC is the torque corresponding to the
power required by the battery, PSOC , to reach its target value.
Since PSOC is provided exclusively by the engine, TSOC is
computed by dividing PSOC by the engine speed Neng . The
multiobjective optimization problem in (3) yields the Pareto
efficiency set between the engine and the motor by varying α
from 0 to 1 at any given state of the HEV.

B. Multiobjective Problem Formulation with the Battery

Now, we extend the formulation in (3) to include battery
lifetime and capacity. The rate of SOC change of the battery
with time is considered as an implicit measure for both battery
lifetime and capacity. In general, the battery lifetime is strongly
affected by the operating temperature which depends mainly
on the battery charge/discharge current. On the other hand,
the expected range depends mainly on the available energy
(capacity) in the battery. Both, current and available energy are
profoundly affected by the rate of change of the battery SOC.
Hence for a given SOC value the normalized SOC change,
ΔSOC = SOC(t+ 1)− SOC(t), of the battery is

f3(Nmot, Tmot) =
|ΔSOC|

‖ΔSOC‖∞ , (4)

where ‖ΔSOC‖∞ is the maximum SOC change that can occur
between a time interval t and t + 1, and it is computed as
follows. The SOC change, ΔSOC, is a function of the SOC
and the motor’s power at each time t. We use the battery model
described in the previous section and compute the SOC change
for all possible combinations of the SOC and motor power.
Then ‖ΔSOC‖∞ is the maximum from all these values.

The multiobjective optimization problem for the one-stage
expected cost function when the engine, motor, and battery are
considered, is formulated as

min
Ut

k(Xt(1:2), Ut(1:2))

= min
Ut

(
α · f1(Xt(1), Ut(1)) + (1− α) ·

(
βf2(Xt(2), Ut(2))

+(1− β) · f3(Xt(2), Ut(2))
))

(5)

s.t.

2∑
i=1

Ut(i) =

2∑
i=1

Wt(i) = Tdriver + TSOC ,

where, α and β are weighting factors changing between 0 and
1. The factor α weights the thermal (e.g., engine) and electrical
(e.g., motor and battery) path in the HEV, while the factor β
weights the components of the electrical path, i.e., the motor
and battery.

C. Pareto Control Policy

The result of the multiobjective optimization problems,
(3) and (5), is called Pareto efficiency. In a Pareto efficiency
allocation among agents, no one can be made better off without
making at least one other agent worse. The following is a
formal definition.

Definition 3 [21]: A solution uo∈ U is called Pareto optimal
if there is no u ∈ U such that k(x, u) ≤ k(x, uo). If uo is
Pareto optimal, k(x, uo) is defined as efficient. If u1, u2 ∈ U
and k(x, u1) < k(x, u2), we say u1 dominates u2 and k(x, u1)
dominates k(x, u2). The set of all Pareto optimal solutions
uo∈ U is defined as the Pareto set, UPareto. The set of all
efficient points k(x, uo) ∈ Y where uo ∈ UPareto, is defined
as the efficient set, Yeff .

Definition 4 : The Pareto control policy πo is defined as
the policy that, at each state, selects a control action that is
Pareto optimal.

For the optimization problem (3), the Pareto control policy
is derived as follows. Based on the vehicle speed, the HEV
state i ∈ S can be explicitly specified as engine and motor
speed is a function of the vehicle speed depending on the gear
ratio of the transmission. Thus for each combination of the
vehicle speed and torque demand, we solve (3) offline with
α taking values from 0 to 1. For the optimization problem
(5), the Pareto control policy is derived as follows. For each
combination of the vehicle speed, SOC, and torque demand,
we solve (5) offline with α and β taking values from 0 to 1.
The control action, uo

(1:2) = μ(i), realized by the Pareto control

policy is the one that yields the minimum one-stage expected
cost in (5) among all values corresponding to different α for
a given β.

The weighing factor β is specified depending on consumer
needs and preferences. For example, assigning small values
to β, is a more conservative approach, resulting in penalizing
large deviations and thus having the battery operating close to
the desired SOC. On the other hand, assigning large values to
β, puts more emphasis on operating the motor efficiently, and
thus significant SOC variations are not penalized. For each
state of the HEV, SOC, and torque demand we derive the
Pareto optimal solution that minimizes (5) and store it in a
table. If there are multiple solutions that minimizes (5), then
one of these solutions is selected randomly.

V. SIMULATION RESULTS

For our analysis through simulation we used Autonomie
modified with the battery model described previously. The
vehicle model described in Section II, representing a pre-
transmission parallel HEV configuration, was adopted. The
speed of the engine output shaft was determined by the vehicle
speed and the operating transmission gear ratio among the
five available gear ratios. The torque transmitted through the
engine output shaft was determined by the driver’s requested
torque, limited by the combined maximum engine and motor
torques, in addition to the operating transmission gear ratio.
The transmission gear ratio is specified with respect to the
vehicle speed and the accelerator pedal position.

To derive the control policy that is Pareto optimal, the
multiobjective optimization problem (5) was solved offline
for different combinations of SOC, vehicle speed, and torque
demand. For each of these different combinations, the Pareto
optimal solution was computed and stored in a lookup table.
In our analysis, we used the Urban Dynamometer Driving
Schedule (UDDS) driving cycle and we compared the Pareto
control policy corresponding to the problem formulations (3)



TABLE I. RESULTS OF THE TRADE-OFF ANALYSIS BETWEEN THE

BATTERY PERFORMANCE CHARACTERISTICS AND THE CUMULATIVE

FUEL CONSUMPTION AT 60% TARGET SOC

Problem Formulation with Battery [β = 0.5]
Final Battery Range 1.88 km
Maximum Battery Temperature 35.6 oC
Cumulative Fuel Consumption 0.354 kg

Problem Formulation with Battery [β = 0.9]
Final Battery Range 1.85 km
Maximum Battery Temperature 37.5 oC
Cumulative Fuel Consumption 0.337 kg

Problem Formulation Without Battery
Final Battery Range 1.67 km
Maximum Battery Temperature 57.8 oC
Cumulative Fuel Consumption 0.327 kg

Problem Formulation Without Battery with Higher Cooling Rate
Final Battery Range 1.66 km
Maximum Battery Temperature 37.3 oC
Cumulative Fuel Consumption 0.334 kg

and (5), i.e., with and without the battery, to investigate the
associated trade-offs.

For the problem formulation with the battery, the weighting
factor β in (5) can be used to balance the trade-offs of fuel
consumption and battery performance. On the other hand, if
we don’t consider the battery in the problem formulation,
increasing the battery cooling rate is the direct method to re-
duce its temperature at the expense of sacrificing significantly
fuel consumption. Increasing the battery cooling rate mainly
leads to an increase in power consumption. The increase in
power consumption by the cooling system as a function of
increasing the battery cooling rate can be estimated based on
the experimental results provided in [22].

Increasing the β weighting factor in (5) between 0 and
1 will reduce the significance of the normalized SOC rate
term in the multiobjective cost function. Consequently, an
improvement in the cumulative fuel consumption is expected
in the problem formulation with the battery. A slight drop in
the SOC profile can be noticed in Fig. 1 when increasing β
from 0.5 to 0.9 for the UDDS driving cycle. Relaxing the
SOC profile away from the target value leads to a noticeable
increase in the battery temperature before the onset of cooling
system operation (Fig. 2), as was expected, cumulative fuel
consumption drops (by 4.8%), as shown in Fig. 3.

For the problem formulation without the battery, increasing
the battery cooling rate mainly leads to an increase in power
consumption. Consequently, it is possible to compare the effect
of implementing both problem formulations on the cumulative
fuel consumption and the battery estimated range at nearly
the same battery temperature. As a result, accessory power
consumption increased and the SOC profile dropped slightly,
as shown in Fig. 1. Apparently, increasing the battery cooling
rate leads to a significant drop in the temperature (Fig. 2).
At the end of the driving cycle, cumulative fuel consumption
increases slightly (about 2.14%), as indicated in Fig. 3. Table I
summarizes the results of the trade-off analysis for the different
cases.

Some conclusions can be drawn when comparing the
results of the problem formulations with the battery at β =
0.9 and without the battery with higher cooling rate in Table
I. In both cases we have nearly the same maximum battery
temperature and cumulative fuel consumption. However, the
final battery range in the case of the problem formulation with

the battery at β = 0.9 is higher by 11.4% than the other case.
Another set of conclusions can be drawn when comparing
the results of the problem formulation with the battery at β
= 0.9 and the one without the battery. For the former, the
final battery range and the maximum battery temperature are
improved by 10.7% and 35.1%, respectively, compared to the
latter. However, the improvement of the battery range and
temperature has a trade-off in cumulative fuel consumption
of about 3%.

β

β

Fig. 1. The effect of increasing the β weighting factor (problem formulation
with battery) and applying a higher cooling rate (problem formulation without
battery) on the state of charge (SOC) profile for the Urban Dynamometer
Driving Schedule.

β

β

Fig. 2. The effect of increasing the β weighting factor (problem formulation
with battery) and applying a higher cooling rate (problem formulation without
battery) on the temperature profile for the urban Urban Dynamometer Driving
Schedule.

VI. CONCLUSION

The optimization framework proposed in this paper ad-
dresses overall HEV optimization, including fuel consump-
tion, motor efficiency, and battery capacity and lifetime. The
approach adopted here enhances our understanding of the
associated trade-offs among the HEV subsystems. The results
of such analyses can provide insights on how to prioritize
these objectives based on consumers’ needs and preferences.
The results of the proposed optimization approach can also be



β

β

Fig. 3. The effect of increasing the β weighting factor (problem formulation
with battery) and applying a higher cooling rate (problem formulation without
battery) on the cumulative fuel consumption for the Urban Dynamometer
Driving Schedule.

used to investigate the implications for HEV costs related to
ownership and warranty.
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