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Abstract
Hybrid Electric Vehicles (HEV) are superior to conventional vehicles from the standpoint of environmental issues.
Many factors involve in designing HEVs such as fuel consumption, emission and performance.  A major challenge
for development of hybrid vehicles is coordination of multiple energy sources and converters, and in case of a HEV,
power flow control for both mechanical and electrical path.  This necessitates the utilization of appropriate control
or energy management strategy.  Furthermore, the durability extension of some critical components in the drive
train such as batteries tends to be one of the substantial factors considered in designing control strategies for HEVs
as replacement costs is a deterring factor for consumers.  This paper proposes an improved power follower control
strategy for series hybrid electric vehicles based on protection of the vehicle’s battery and prediction of the future
vehicles’ path.  First, a fuzzy predictive algorithm is integrated into a conventional power follower management
system such that the future path information of the vehicle is taken into account for generation of the control
signals.  Then, the energy management system is augmented with a new tool to increase the state of the health
(SOH) of the power train battery.  Furthermore, since Valve Regulated Lead Acid (VRLA) batteries are of great
importance in HEV technology, a new method based is used to optimize the charging current for these batteries, in
order to decrease charging time and improve battery lifetime.  This approach, which results in the extension of the
battery life, is called Predictive and Protective Algorithm (PPA).  The simulation results verify the effectiveness of
the proposed controllers.
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1.  INTRODUCTION
Seagoing vessels, heavy trucks, transition buses, and
locomotives, are good candidates for hybrid vehicles
with series power train.  In the series structure, since the
engine is mechanically separated from the axle, as shown
in Figure 1, the engine/generator can be often operated
in the low emission or high efficiency region based on
the corresponding torque-speed characteristics (Miller,
2004).  Nevertheless, we should remember that the fail-
ure of electric vehicles in the market was mainly due to

the failure of deeply discharged batteries in a couple of
months.  This problem can be extended to hybrid drive
trains too, in which the battery play a main rule in the
traction system (Chan, 2002).  Consequently, a good en-
ergy management strategy should take care of emission
reduction along with prolonging of components lives
(Salmasi, 2007).  Generally, an energy management or
control strategy, which is usually implemented in the
vehicle central controller, inputs the measurements of
the vehicle operating conditions such as speed or accel-
eration, requested torque by the driver, current roadway
type or traffic information.  The outputs of a control strat-
egy are decisions to turn on or off certain components,
or to modify their operating regions by commanding
local component controllers. (Ehsani et al., 2005)  So
far, there have been two general trends, dealing with the
energy management problem in hybrid vehicles: rule-
based, fuzzy or deterministic (Schouten et al., 2002) and
optimization-based solutions (Delpar et al., 2004;
Paganelli et al., 2001; Sun et al., 2007).  The main draw-
back of these methods is that the battery life extension
is neglected in the proposed control strategy, which is
only based on reduction of emission or fuel economy, or
improving efficiency.
In this paper, a novel fuzzy rule-based control strategy
is proposed, in which two special features are embed-Fig. 1  Series hybrid electric structure

ICE: Internal combustion engine
EG: Electric generator
EM/G: Electric motor generator



ded: predictive control and durability extension of the
battery life.  Based on the well known load-leveling ap-
proach (Hochgraph et al., 2000), the predictive algo-
rithm is designed such that the future path information
of the vehicle is also taken into account for generating
the control signals.  Global positioning systems (GPS)
can acquire the knowledge of the obstacles that will be
faced in near future, such as heavy traffic, or a steep
grade (Rajagopalan et al., 2003; Ichikawa et al. 2004).
A fuzzy logic controller is used to generate the control
signal based on the predicted future situation of the ve-
hicle.  The second feature of the proposed controller is
to extend the battery life.  Durability of the battery is a
crucial problem in hybrid electric vehicles (Hajimiri &
Salmasi, 2007).  The State Of Health is the most impor-
tant parameter describing the life time of a battery, which
is related to its power capacity.  The most important fac-
tors affecting SOH are battery pick current, number of
battery charge/discharge cycles and temperature (Bhangu
et al., 2005).  Thus, since sustaining the SOH of the bat-
tery in a drive-train is critical, the proposed energy man-
agement strategy reacts by limiting the charge/discharge
cycles, if the SOH of the drive train battery degrades.
Furthermore, in the proposed system, the battery local
controller/charger determines the optimal charging pro-
file to limit the SOH degradation, peak current and charg-
ing time.  In order to verify the performance of the pro-
posed energy management, the algorithms are imple-
mented in ADvance VehcIle SimulatOR (Burch et al.,
1999) and compared with conventional power follower
rule based method for a series hybrid vehicle.  In sec-
tion 3, by introducing a new cost function, the optimal
charging current profile can be obtained in order to de-
crease charging time and improve battery lifetime.  In
the local battery controller, an optimization technique
such as steepest decent or Genetic Algorithms can be
used to determine the charging profile by minimization
of the proposed cost function.  The optimal charging
current is compared with a constant current charging
mode for two similar battery cells, which verifies the
superiority of the optimal profile.

2.  PREDICTIVE AND PROTECTIVE CONTROL
STRATEGY
This section describes a fuzzy logic based control strat-
egy which utilized the future state of the vehicle and
state of the health of the battery for its decision making
process.  The core of the main controller is the well-
known power follower algorithm.  In this algorithm, the
engine/generator is operated intermittently to avoid op-
erating in the low output range with poor efficiency or
high emissions.  If the State of Charge of the battery is at
or close to a high limit, the battery provides required

power by the electric motor for traction.  If the SOC of
the battery is within an acceptable range, the EM power
is provided by E/G, while the engine operating point is
set by the local engine controller to minimize emission
or maximize efficiency.  Furthermore, while the battery
SOC falls below the lower limit, the engine/generator
provides additional power to recharge the battery, while
operating in a high efficiency or low emission region,
governed by the local engine controller.  The battery is
also charged by the traction motor in generating mode
while braking.

2.1 Predictive controller
In order to improve the performance of the above en-
ergy management strategy, a predictive controller is aug-
mented.  Then, the durability extension of battery life
will be taken into account to develop predictive and pro-
tective control.  A Fuzzy Logic Controller is utilized to
generate the control signals based on the predicted fu-
ture situation of the vehicle.  The controller has two in-
puts and one output. The first input is the difference
between the predicted future speed and the present mea-
sured speed of the vehicle.  The second is the difference
of the elevation of the future and the present vehicle
position.  The output is a control signal which manipu-
lates the recharge and discharge of the battery.
To determine the future state of the vehicle, a time inter-
val of the vehicle’s future path is chosen to obtain eleva-
tion and traffic.  As shown in Figure 2, the controller
takes some samples from the elevation and the speed in
the selected interval.  The samples are averaged to de-
termine the speed and the elevation, as estimates of the
future state of the vehicle.  For example, if N samples
are taken from the future interval then we have,
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Essentially, estimation of the future state is halted be-
fore the vehicle reaches to a certain point.  In fact, in the
vicinity of this point, the future state of the vehicle is not
estimated.
The fuzzy rule-base is designed to determine how a ve-

Fig. 2  A sample look-ahead window for predictive control



hicle should react to the future states.  Fuzzy rules are
listed in Table 1.  As an example, when the GPS indi-
cates “Decreasing elevation” and “Increasing traffic
flow” for the future state, the output command is “high
discharging”.  In this case, more battery energy is con-
sumed in slower traffic and higher elevation; while the
future state of the vehicle, i.e. decreasing elevation and
increasing traffic flow, will compensate the high rate of
discharging at present.
 For each input, three trapezoidal membership functions
are assigned, giving a total of nine rules.  Linguistic vari-
ables assigned to the first input, i.e. the difference be-
tween the predicted future speed and the present mea-
sured speed of the vehicle correspond to the decrease,
constancy and increase of the flow of traffic.  For the
change in elevation, membership functions of the three
inputs correspond to the decrease, constancy and in-
crease of the elevation.  The output is assigned with five
different crisp values (-1, -0.5, 0, 0.5, 1), ranging from
“-1” corresponding to high discharging to “1” corre-
sponding to high charging.
The degree of consistency between the given facts and
the antecedent of each rule is determined in terms of the
minimum height of the associated inputs.  For the out-
put inference, Center of Area Method which is some-
times called Center of Gravity Method or Centroid
Method is used.  The formula of the defuzzified value,
d
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In this case, the output has five values (-1, -0.5, 0, 0.5,
1), hence, n is equal to five.  The inferred output is scaled
to match “-1”, corresponding to maximum possible dis-
charge power of battery and “1”, corresponding to maxi-
mum possible charge power of the battery.  Another pa-
rameter included in the proposed control strategy is the
upper and lower limits of state-of-charge (SOC) of the

battery.  For example, if SOC is close to a preset upper
bound, charging command of the predictive controller
will be bypassed.  On the other hand, we have “nothing”
command in our fuzzy rule base and it indicates that no
difference exists between the future and the present of
vehicle situation. Under this circumstance, the proposed
algorithm behaves the same as the conventional power
follower algorithm.
The proposed predictive algorithm is implemented in
ADVISOR software for a series HEV with the specifi-
cations listed in Table 2.  In order to simulate predictive
algorithm, the future speed of the vehicle, determined
from the provided drive cycle, is used to predict the traffic
flow. Simulation results are compared with the conven-
tional Power Follower Algorithm.  The drive-cycle em-
ployed in this study is a combination of two urban dyna-
mometer driving schedule (UDDS) and the grade pro-
file is chosen as shown in Figure 3.

Table 2  Components of series traction system

Fig. 3  Employed drive cycle and grade for simulation

Table 1  Fuzzy rule bases of predictive control strategy



The comparison results of the predictive algorithm and
PFA are shown in Figure 4.  It can be observed that the
predictive algorithm is able to track the chosen drive-
cycle; however, conventional power flower strategy lacks
the same performance in some parts of drive-cycle.  As
shown in Figure 4 (c), the difference between the SOC
of the battery in predictive algorithm and PFA becomes
more significant in two intervals.  One of them starts at
600th second and ends at 900th.  The other one starts at
1900th and ends at 2100th. These two intervals are the
positions that according to the future state of the ve-
hicle, the algorithm commands higher charge and dis-
charge of the battery.
The fuel consumption and emission of both algorithms
are listed in Table 3.  It can be observed that the predic-
tive controller improves the fuel economy and different
kinds of emissions. 2.2 Protective controller

Based on the predictive and power follower controller,
a more inclusive algorithm is suggested such that the
battery’s SOH is also taken into consideration, which is
entitled as predictive and protective algorithm (PPA).
Block diagram of the whole energy management strat-
egy is shown in Figure 5.  The state of the health (SOH)
is defined as the ability of a cell to store energy, source
and sink high currents, and retain charge over extended
periods, relative to its initial or nominal capabilities.  The
available charge stored within a fully charged cell is
expected to decrease with cell usage, as active material
on the cell plates gradually degrades by mechanisms such
as loss of plate active surface area due to repeated dis-
solution and re-crystallization, loss of electrical contact
between metallic grids and active materials, and growth
of large inactive crystals of lead sulphate (Bhangu et al.,

Fig. 4  Comparison of the predictive and power follower

algorithms

Table 3  Fuel consumption and emissions of predictive

algorithm, PFA and PPA

Fig. 5  Block diagram of the proposed predictive and

protective energy management system



2005).
In PPA strategy, the associated fuzzy rule base has three
inputs and one output.  The first two inputs defined the
same as the predictive controller. The third input is the
state-of-health of the battery.  Thus, in this case the con-
trol signal is generated based on the battery health con-
dition, in addition to the future state of the vehicle.  When
SOH of battery is in a critical condition, the controller
limits the control signal which manipulates recharge and
discharge of the battery.  This results in the reduction of
number of battery charge/discharge cycles during an in-
terval.  On the other hand, when the algorithm limits the
battery power, the engine should generate more power,
so the emission and fuel consumption increase.  This
means that the algorithm sacrifice the fuel economy and
emissions, in order to extend the battery life, which is
unavoidable sometimes to save the battery life.
In order to simulate the proposed PPA in ADVISOR,
the SOH of the battery is estimated, as explained in the
next section, normalized between 0 and 1 and fed to the
controller.  Here, “1” corresponds to the best condition
of battery life and “0” corresponds to the condition in
which battery is almost dead.  The fuzzy rule base in
predictive and protective algorithm is designed to de-
termine how a vehicle should react based on the battery's
health condition and future state of the vehicle.  The
table of fuzzy rules for the first two inputs, the differ-
ence of speed and difference of elevation, are the same
as Table 2.  Nevertheless, depending on the condition of
SOH input, we have different definition for “high charg-
ing”, “charging”, “high discharging” and “discharging”
commands.  Each input is assigned with three trapezoi-
dal membership functions, giving a total of 27 rules.  For
SOH, the first membership function corresponds to good
condition for battery life, the second one corresponds to
not critical condition and the last one corresponds to
critical condition.  The output has nine different crisp
values (-1, -0.7, -0.5, -0.3, 0, 0.3 0.5, 0.7, 1).  The num-
bers  “-1”, “-0.5”, “0”, “0.5” and “1” correspond to high
discharging, discharging, nothing, charging and high
discharging for good condition of SOH, respectively.
Besides, the values “-0.7”, “-0.3”, “0”, “0.3”, “0.7” cor-
respond to high discharging, discharging, nothing, charg-
ing and high discharging for not critical condition of
SOH, respectively, and “0” corresponds to all commands
of critical condition of SOH.
The proposed predictive and protective algorithm is
implemented in ADVISOR for the same series HEV and
the results are compared with the proposed predictive
controller.  The drive-cycle and the grade profile used
in this test are the same as before (Figure 3).  The simu-
lation results based on PPA are shown in Figure 6.  As
Shown in Figure 6 (b), while the SOH of the battery is

in good condition, the SOC of the battery in the new
proposed algorithm matches the SOC obtained from the
predictive algorithm.  After degradation of the SOH con-
dition, charging and discharging of battery is restricted
in the PPA algorithm.  If SOH condition becomes criti-
cal, charging and discharging of the battery completely
stops to protect battery from serious damages.  Never-
theless, it can be observed that sometimes, PPA may not
trace the drive-cycle exactly, as opposed to predictive
strategy.  Furthermore, fuel consumption and emissions
associated with these strategies are shown in Table 3.  It
can be observed that in comparison with the two other
methods, in PPA strategy, the fuel economy has been
decreased different kinds of emissions are increased.
This is the price that we have to pay for battery protec-
tion sometimes. In other words, based on PPA, it is wor-
thy to burn more fuel sometimes to extend battery life.
This is a logical decision considering the battery ex-
penses in series hybrid vehicles.

3.  CHARGE OPTIMIZATION CONTROL
Not only can the central controller increase the battery
life expectation based on an appropriate energy man-
agement strategy, but also the battery local charger/con-
troller is able to improve battery’s state of health and
also the charging time, by optimization of the charging
profile.  To achieve this goal and also to estimate battery’s

Fig. 6  Simulation results for protective and predictive

algorithm



SOH, which is fed back to the central controller, a battey
model is used, as shown in Figure 7.  This model con-
sists of a bulk capacitor C

bulk
 to characterize the ability

of the battery to store charge, a capacitor to model sur-
face capacitance and diffusion effects within the cell
C

surface
, a terminal resistance R

t
, surface resistance R

s
 and

end resistance R
e
.  The ability of the battery to store

energy, in other words battery's state of health, decreases
with cell usage.  This means that the bulk capacitor, C

bulk
,

is not constant and deceases over time.  Besides, by
choosing x=[Vbs, Vcs, Vo, Cbulk] as the state vector,
the state equations of the battey is obtained in the form
of dx/dt=f(x,u) (Bhangu et al., 2005).
To determine the optimum charging profile, the follow-
ing cost function is minimized based on the above model

     
tt
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where V
cb,max

 is the voltage at the end of the charging
process, and C

b,max
 stands for the maximum battery ca-

pacity at the beginning of the charging process.  Mini-
mization of the first term results in the charging time
optimization, while minimizing the second and the third
terms restricts battery's SOH degradation.  The optimal
charging profile is obtained based on the minimization
of the cost function for the aforementioned battery model.
In order to feedback SOH to the central controller, C

bulk

is estimated as a criterion of the state of health of the
battery by the Extended Kalman Filter, as a most widely
used methods for state estimation of non-linear systems
(Plett, 2004).  Once C

bulk
 is estimated, the normalized

SOH is determined as SOH
norm

= C
bulk

/C
b,max

.
In order to verify the proposed charging algorithm, two
VRLA 2Ah battery cells, are tested.  The batteries are
charged with the constant charging and optimized charg-
ing profile.  Then, they are discharged through resistive
load to 20% of the initial charge.  This cycle was re-
peated 75 times.  At the end of the tests, their SOH was
estimated.  The normalized estimated SOH parameter
for the battery charged with constant current profile was
about 6% less than the one charged with optimized pro-
file.  Besides, the average charging time for the optimal
profile was 11% less than the other one.  It can be real-

ized that optimized charging profile improves state of
health of the battery and reduces charging time, which
is very important for safety and economical reasons.

4.  CONCLUSION
In this paper, a modified power follower energy man-
agement system for series hybrid electric vehicles is pro-
posed, which is based on protection of the vehicle’s bat-
tery and prediction of the future vehicles' path.  First, a
fuzzy predictive algorithm is integrated into a conven-
tional power follower such that the future path informa-
tion of the vehicle is taken into account for generation
of the control signals.  The simulation results show that
for areas with variable road elevation, the predictive
version has better tracing capability.  Then, the energy
management system is augmented with a control block
to increase the state of health (SOH) of the power train
battery.  This block may restrict battery charging and
discharging depending in the battery’s SOH.  This ap-
proach may increase the emissions sometimes to extend
battery life, especially while it is in a critical condition.
Considering the high cost of battery cells in hybrid ve-
hicles, it seems to be a logical decision.  Besides, the
optimal charging current can be obtained, in order to
decrease charging time and improve battery lifetime, by
minimization of a new cost function.  The main point is
that in hybrid electric vehicles, an advanced energy man-
agement strategy should consider emission reduction
along with prolonging of battery’s life duration.
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