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Abstract: The cruising distance of the range extended electric vehicle (REEV) can be further extended
using a range extender, which consists of an engine and a generator, i.e., a genset. An adaptive power
management strategy (PMS) based on the equivalent fuel consumption minimization strategy (ECMS)
is proposed for the REEV in this paper. The desired trajectory of the state of charge (SOC) is designed
based on the energy-to-distance ratio, which is defined as the difference between the initial SOC and
the minimum allowable SOC divided by the remaining travel distance, for discharging the battery.
A self-organizing fuzzy controller (SOFC) with SOC feedback is utilized to modify the equivalence
factor, which is defined as the fuel consumption rate per unit of electric power, for tracking the desired
SOC trajectory. An instantaneous cost function, that consists of the fuel consumption rate of the genset
and the equivalent fuel consumption rate of the battery, is minimized to find the optimum power
distribution for the genset and the battery. Dynamic programming, which is a global minimization
method, is employed to obtain the performance upper bound for the target REEV. Simulation results
show that the proposed algorithm is adaptive for different driving cycles and can effectively increase
the fuel economy of the thermostat control strategy (TCS) by 11.1% to 16%. The proposed algorithm
can also reduce average charging/discharging powers and low SOC operations for possibly extending
the battery life and increasing the battery efficiency, respectively. An experiment of the prototype
REEV on a chassis dynamometer is set up with the proposed algorithm implemented on a real-time
controller. Experiment results show that the proposed algorithm can increase the fuel economy of the
TCS by 7.8% for the tested driving cycle. In addition, the proposed algorithm can reduce the average
charge/discharge powers of TCS by 7.9% and 11.7%, respectively.

Keywords: range extended electric vehicle; genset; adaptive power management strategy; equivalent
fuel consumption minimization; equivalence factor; dynamic programming

1. Introduction

Due to the deteriorating global warming problem and more and more rigorous emission laws,
major automotive makers are developing new energy vehicles, like electric vehicles (EVs), hybrid
electric vehicles (HEVs), and plug-in hybrid electric vehicles (PHEVs) [1]. The EVs are propelled by one
or more traction motors (TMs) with the battery as the main energy source. The HEVs are propelled by
an engine and one or more TMs with the gasoline or diesel fuel as the main energy source. The battery
is used as the auxiliary energy buffer. The PHEVs can be viewed as the HEVs with an additional
plug-in charging capability such that the battery can be recharged from the external electric power
source. However, the cruising distance of EV is often restricted due to the inadequate gravimetric
energy density which is defined as the battery capacity per unit mass. Although increasing the battery
capacity can increase the cruising distance, it makes the vehicle heavier and more expensive. Range
extended electric vehicles (REEVs) [2] can overcome the limitations of current EVs by use of a range
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extender, which consists of an engine and a generator, i.e., a genset. REEV can be viewed as a series
HEV with plug-in ability to recharge the battery [3]. Both the genset and the battery can provide
electric power for the TM. The genset can charge the battery when necessary.

The most important function of the power management strategy (PMS) for REEV is to determine
the power split ratio between the genset and the battery such that the fuel economy is optimized for
various driving conditions. The PMS can be classified into four types as shown in Figure 1. Type I is
the rule-based control. The thermostat control strategy (TCS) [4] uses the battery as the major power
source and operates the vehicle in the EV mode when the state of charge (SOC) is larger than the lower
bound. When the SOC is less than or equal to the lower bound, the genset begins operating at the
most efficient working point to provide electric power until the SOC reaches the upper bound. It is
viewed as the charge sustaining (CS) mode to keep the SOC inside the allowed range [5,6]. The power
follower control strategy (PFCS) [7–9] uses the genset as the major power source in the most-efficient
operating range. If the driver demands more than the maximum genset power, the battery is used to
provide additional power when the SOC is in the allowed range. If the driver demands less than the
minimum genset power and the SOC is in the allowed range, the genset is turned off and the battery is
used as the major power source. If the SOC is less than or equal to the lower bound, the genset outputs
the maximum power. The difference between the genset power and the driver’s power demand is
used to charge the battery.

Type II is the equivalent fuel consumption minimization strategy (ECMS), which is an
optimization-based approach [10–13]. The equivalence factor which is defined as the fuel consumption
rate per unit electric power is used to transform the battery power into the equivalent fuel consumption
rate and is commonly designed as a predetermined function of SOC. An instantaneous cost function,
that consists of the fuel consumption rate of the genset and the equivalent fuel consumption rate of the
battery, is minimized to find the optimum power distribution for the genset and the battery. However,
the predetermined function might not be appropriate for all driving cycles. The ECMS is utilized
to minimize the fuel consumption rate based on the Pontryagin’s minimum principle (PMP) [14,15]
which provides a set of necessary conditions to find the optimal solution. In order to reduce the
computational load of PMP, Hou et al. [16] proposed an optimal energy management strategy based
on the approximate PMP, which can be implemented in real-time. Musardo et al. [17] proposed an
adaptive ECMS with an online adaptive algorithm, which can estimate the optimal equivalence factor
for the forecast driving cycle. The ECMS can then be used to resolve the power distribution for the
genset and the battery according to the updated equivalence factor.

Type III is dynamic programming (DP) [18–20], which is a global minimization method over a
time horizon. DP is frequently used to solve the energy management problems of HEVs [21–23] and
find the performance upper bound for benchmarking control strategies for a specific driving cycle.
Patil et al. [24] employed DP to compare two supervisory control strategies for a series PHEV with
different formulations of the cost functions. One optimal strategy has no restrictions on the fuel usage
and the other, constrained optimal strategy, is allowed to use fuel only after the SOC is depleted below
a certain threshold. For most cases, the optimum control strategy is better than the constrained control
strategy. The constrained control strategy only performs better for extremely low gasoline price and
short travel distance.

Type IV is the rule extraction method, which is obtained by analyzing the optimum control policy
from DP [25]. Chen et al. [26] designed a rule-based multi-mode switch strategy for REEV. The strategy
employs a driving pattern recognition method to change between different management rule sets,
which are extracted from the DP outcomes using representative driving patterns. Zhang et al. [27]
proposed an adaptive energy management strategy. A fuzzy logic controller is employed for classifying
typical driving cycles into different driving patterns. Three rule-based control strategies for these
driving patterns have been developed by analyzing the optimum control policy obtained from DP.
Driving pattern recognition is employed to select the control strategies for the corresponding driving
patterns. Pei et al. [28] used the optimal equivalence factor obtained from DP as a reference value. An
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adaptive law is utilized to modify the reference equivalence factor of ECMS control strategy with a
correction term based on the difference between the moving average of SOC and the reference SOC.
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Among above PMSs, Type I is easy to design and implement due to the rule-based structure.
However, its performance is often limited and sub-optimal. Type III can obtain the optimum control
policies via global optimization. However, it can’t be implemented in real-time because of the heavy
computation load and the unavailable future driving cycles. Type IV can be implemented in real-time
by extracting rules from the optimum control policies resulting from Type III. However, the future
driving cycles are still unavailable. Patten recognition is often needed to switch between different sets
of rules to obtain near-optimal performance. Type II can be implemented in real-time to obtain the
near-optimal performance. In order to be adaptive to different driving cycles, the velocity predictor
is used to foresee the change of the driving behaviors and modify the equivalence factor of ECMS
accordingly. However, the velocity predictor is often based on the historical traffic flow data and cannot
accurately represent the future unknown driving cycles. In order to solve this problem, an adaptive
PMS, which only requires the measurements of the battery SOC, vehicle velocity and driver’s power
request, is proposed in this paper.

The proposed adaptive PMS for the REEV, which is based on the ECMS algorithm, is an extension
of the previous work published in [29] with additional DP for the benchmark, more simulation
studies, and experiments of the target REEV. The key to ECMS implementation is to properly identify
the equivalence factor. In the proposed adaptive PMS, the equivalence factor of battery power
consumption is adaptively modified online by a self-organizing fuzzy controller (SOFC) based on the
SOC feedback for tracking the desired SOC trajectory. An instantaneous cost function, that consists
of the fuel consumption rate of the genset and the equivalent fuel consumption rate of the battery
power, is minimized using ECMS to find the optimum power distributions for the genset and the
battery. DP is employed to obtain the performance upper bound for the target REEV. Three standard
driving cycles—New European Driving Cycle (NEDC), Federal Test Procedure (FTP), and Urban
Dynamometer Driving Schedule (UDDS)—are used to evaluate the fuel economy and the average
charging/discharging power via simulation studies. The simulation results of the conventional TCS are
used as the performance lower bound. Experiments of the target REEV on a chassis dynamometer are
used to evaluate the proposed adaptive PMS for four NEDC driving cycles.

The remainder of the paper is organized as follows: in Section 2, the configuration of the REEV
is introduced. The DP algorithm is described in Section 3. The proposed adaptive PMS is shown in
Section 4. Simulation and experimental results are discussed in Section 5. Finally, conclusions are
presented in Section 6.

2. Powertrain Modeling

The powertrain configuration of the target REEV is shown in Figure 2. The output power of the
genset Pgs can be divided into Pgs,b to charge the battery and Pgs,tm to drive the TM. Pb is the battery
power; Ttm and T f d are the output torques of the TM and the final drive, respectively. The REEV is
an electric multi-purpose vehicle (MPV) with a 40 kW engine, a 25 kW generator, a 150 kW traction
motor (TM), and a 16 kWh lithium-ion battery pack. The specifications of the REEV are summarized in
Table 1. During braking, the total required braking torque consists of the regenerative braking from
the TM and the friction braking from the hydraulic braking. Brake-by-wire capabilities are required
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for both braking systems [30]. Since the hydraulic braking system of the target REEV does not have
the brake-by-wire capability, the regenerative braking is not used for the target REEV. The simulation
models, with some component models adapted from [31], are described as follows.
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Figure 2. Configuration of the REEV.

Table 1. REEV specifications.

Quantity Value

Vehicle mass (M) 2003 kg
Rolling radius of the wheel (rw) 0.32 m

Vehicle frontal area (A f ) 2.9 m2

Air drag coefficient (CD) 0.33
Rolling resistance coefficient ( fr) 0.011

Reduction gear ratio (nrg) 10.86
Final drive gear ratio (n f d) 1

The efficiency map of the TM is a function of the motor speed and torque as shown in Figure 3.
Since the electric dynamics are relatively fast compared to the mechanical dynamics, the motor torque
Ttm can be described by a first order dynamics as shown below:

Ttm =
1

τtms + 1
min

(
Ttm,req, Ttm,max, Ttm,batt

)
(1)

where Ttm,req is the motor torque requested by the driver; Ttm,max is the maximum allowable motor
torque restricted by the maximum torque curve; Ttm,batt is the maximum allowable motor torque
restricted by the maximum output power of the battery; τtm is the time constant of the motor.
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Figure 3. Efficiency map of the traction motor.

The engine and the generator of the genset are coaxial. The rotational dynamics of the genset are
described by the following first-order differential equation:(

Ie + Ig
) .
ωe = Te(ωe,θe) − Tg (2)
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where Ie and Ig are rotational inertias of the engine and the generator, respectively; Te is the engine
torque which is a function of the engine speed ωe and the throttle angle θe; Tg is the generator torque.
Because engine parameters belong to the manufacturer’s confidential information, the brake specific
fuel consumption (BSFC) map of the engine model is normalized by the minimum BSFC and presented
as a BSFC ratio map in this paper. The BSFC ratio map is represented by a function of ωe and Te as
shown in Figure 4. The actual BSFC is equal to the BSFC ratio multiplied by the minimum BSFC.
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The generator efficiency map is represented by a function of ωe and Tg in Figure 5. Similar to the
motor torque dynamics in Equation (1), the generator torque can be described by a first order dynamics
as shown below:

Tg =
1

τgss + 1
min

(
Tg,req, Tg,max, Te,max

)
(3)

where Tg,req is the requested generator torque; Te,max and Tg,max are the maximum allowable torques
limited by the maximum torque curves of the engine and the generator, respectively; τgs is the time
constant of the genset.
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Figure 5. Efficiency map of the generator.

The reduction gearbox with a fixed gear ratio is configured between the TM and final drive.
The output torque of the final drive T f d can be expressed as follows:

T f d = Ttmnrgηrgn f dη f d (4)

where n is the gear ratio; η is the efficiency; the subscripts rg and f d denote the reduction gear and
final drive, respectively. The wheel dynamics can be expressed as follows:
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Iw
.
ωw = T f d − Tb − Fxrw − bwωw (5)

where ωw is the wheel speed; Iw is the lumped rotational inertia of the wheel with the consideration of
the rotational inertia of the final drive; Tb is the braking torque; rw is the rolling radius of the wheel; bw

is the rotational damping coefficient; Fx is the longitudinal tire force, which can be expressed as follows:

Fx = µx(λ)Fz (6)

where Fz is the vertical tire force; µx is the road friction coefficient, which is a function of the tire slip
ratio λ. λ can be expressed as follows:

λ =
rwωw − v

max(rwωw, v)
(7)

where v is the longitudinal vehicle speed.
The battery pack consists of 2208 cells. 96 cells are connected in series to form a module, and 23

modules are connected in parallel. The resistance capacitance (RC) battery model in ADVISOR [32],
which consists of two capacitors and three resistors as shown in Figure 6, is used to describe the battery
dynamics as follows: .

VCb.
VCc

 =
 −1

Cb(Re+Rc)
1

Cb(Re+Rc)
1

Cc(Re+Rc)
−1

Cc(Re+Rc)

[ VCb
VCc

]
+

 −Rc
Cb(Re+Rc)
−Re

Cc(Re+Rc)

I (8)

[Vt] =
[

Rc
Re+Rc

Re
Re+Rc

][ VCb
VCc

]
+

[
−Rt −

RcRe

Re + Rc

]
I (9)

where Cb is the bulk capacitor; Cc is the surface capacitor; VCb is the voltage across Cb; VCc is the voltage
across Cc; Rt is the terminal resistance; Re is the end resistance; Rc is the capacitor resistance; Vt is the
terminal voltage; I is the current input which is positive for discharging and negative for charging.
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According to the ADVISOR documentation [32], the experiment data of the hybrid pulse power
characterization (HPPC) test procedure [33] is used to identify the open circuit voltage and the model
parameters of a single battery cell, which can be expressed as functions of the SOC. The parameters
of a single battery cell for RC battery model as shown in Figure 7. The subscript i denotes the cell.
The parameters of the battery pack can then be obtained as follows:

Cc = Cc,i
np
ns

, Cb = Cb,i
np
ns

, Rc = Rc,i
ns
np

, Rt = Rt,i
ns
np (10)

where ns and np are the number of cells in series and parallel, respectively. The SOC of the RC model
SOCRC can be obtained using the voltages of the two capacitors as shown below [34]:

SOCRC =
20SOCCb + SOCCc

21
(11)
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Because the RC battery model is a complicated model, which is used to simulate the actual battery
dynamics, the internal resistance (Rint) battery model in Figure 8 is employed as the simple battery
dynamics in the DP process.
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Figure 8. Internal resistance battery model.

The electrical behavior of the internal resistance model can be described as:

Vt = Voc(SOC) − IRint(SOC) (12)

where Rint is the internal resistance; Voc is the open circuit voltage. Both Rint and Voc are functions of
the SOC. The parameters of a single battery cell for the Rint battery model identified using the HPPC
are shown in Figure 9. Two lines are used to represent Rint,i as functions of the SOC for battery charging
and discharging, respectively. The parameters of the battery pack can then be obtained as follows:

Voc = Voc,ins, Rint = Rint,i
ns
np (13)
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From the definition, SOC of the Rint model can be expressed as:

SOC(t) = SOC(0) +

∫ t
0 I(t)

Qb
dt (14)

where SOC(0) is the initial value of SOC; Qb is the battery capacity. By differentiating the Equation (14),
the differential equation can be obtained as follows:

.
SOC =

I(t)
Qb

(15)

The load current profile of 18 consecutive dynamic stress test (DST) [35] in Figure 10 is employed
to evaluate the validity of using the Rint model to approximate the RC model.
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The load current I is positive for discharging and negative for charging. Simulation results show
that the terminal voltage Vt and the SOC of the Rint model are close to those of the RC model. Hence,
the Rint model can be utilized as the representative battery model for DP application.

3. Dynamic Programming

Dynamic programming is an effective tool to investigate the power management strategies of the
REEV in this study. It can easily handle the constraints and obtain the optimum control policy for a
given driving pattern by minimizing the fuel consumption. However, a simplified model is required
to reduce the computation load of DP. The simplified model can be described as follows.

From the differential equation in Equation (15), the discrete approximation can be obtained as
shown below:

SOCk+1 = SOCk −
Ik
Qb

(16)

where k denotes the kth sample. Since the battery power Pb is equal to the multiplication of the current
I and the terminal voltage Vt, the current I can be expressed as follows by substituting Vt = Pb/I into
Equation (12):

I =
Voc(SOC) −

√
V2

oc(SOC) − 4Rint(SOC)Pb

2Rint(SOC)
(17)

where the battery power Pb can be expressed as:

Pb = Ptm,elec − Pgs,elec (18)

where Pgs,elec is electric power demand for the genset; Ptm,elec is the electric power of the TM required
to follow the driving pattern. The efficiency of the battery, ηb, is a function of Pb and SOC, and can be
obtained by charging and discharging as shown below:

ηb =


Voc(SOC)I

Pb
for charging

Pb
Voc(SOC)I for discharging

(19)

Therefore, the simplified model can be expressed as follows:

SOCk+1 = SOCk −
Voc(SOCk) −

√
V2

oc(SOCk) − 4Rint(SOCk)
(
Ptm,elec,k − Pgs,elec,k

)
2Rint(SOCk)Qb

(20)

The simplified model of the target REEV can then be expressed in the discrete domain using the
state-space representation as shown below:

x(k + 1) = f (x(k), u(k)) (21)

where x is the state variable which denotes the battery SOC; u is the control input which denotes the
electric power demand for the genset, Pgs,elec.

The optimal fuel economy of PHEV can be achieved by maximizing the operation of the
charge-depleting (CD) mode [19] such that the SOC drops to the minimum allowed value at the end
of the driving cycle. To find the optimum control policy for the REEV to deplete the battery SOC at
the end of a given driving pattern, a two-point boundary optimization problem with the initial SOC
and the final SOC is formulated in this paper. The goal is to find the optimum control policy u∗ for
minimizing the cost function as follows:

JDP =
N−1∑
k=0

L(x(k), u∗(k)) (22)
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where N is the duration of the driving cycle; L is the instantaneous cost which is the fuel consumption
of the genset as follows:

L =

∫ k+1

k

.
mgs

(
Pgs

)
dt (23)

where
.

mgs is the fuel consumption rate of the mechanical power output of the genset Pgs. During
the optimization, it is necessary to impose the following constraints to ensure safe operation of each
component:

SOCmin ≤ SOC(k) ≤ SOCmax

Pb,min(SOC(k)) ≤ Pb(k) ≤ Pb,max(SOC(k))

Ttm,min(ωtm(k), SOC(k)) ≤ Ttm(k) ≤ Ttm,max(ωtm(k), SOC(k))

Pgs,min ≤ Pgs(k) ≤ Pgs,max

(24)

where the battery power Pb is positive for discharging and negative for charging; Pb,max and Pb,min
are the power limits for discharging and charging, respectively. The subscripts min and max denote
the minimum and maximum allowed values, respectively. The optimal operating curve of the genset,
which is obtained by combining the BSFC map of the engine and the efficiency map of the generator, is
used for the DP analysis. The fuel consumption rate of the genset can then be modeled as a function of
the genset power Pgs.

From the Bellman’s principle of optimality, it is known that whatever the initial state and initial
decision are, the remaining decisions must constitute an optimum policy with regard to the state
resulting from the first decision [36]. Therefore, the DP process is resolved backward from the final
state to the initial state by separating it into a sequence of less complicated minimization problems as
shown below:

At N − 1 step:
J∗N−1(x(N − 1)) = min

u(N−1)
[L(x(N − 1), u(N − 1))] (25)

At k step, for 0 ≤ k < N − 1:

J∗k(x(k)) = min
u(k)

[
L(x(k), u(k)) + J∗k+1(x(k + 1))

]
(26)

where J∗ denotes the cost-to-go for each feasible state variable at each time step. The initial state x(0)
and final state x(N) are the initial SOC and final SOC. A global optimum solution map is established
backward in time by storing the optimum u for each x. From a specified initial state x(0), the optimum
control u(0) stored at x(0) can be used to find the next state x(1) by satisfying the battery dynamics in
Equation (20). The optimum control u(1) stored at x(1) can then be used to find the next state x(2).
The optimum control policy can then be obtained forward-in-time by repeating the process until the
final state is reached

4. Power Management Strategy

4.1. Operation Modes

According to the driver’s power request Preq and the battery SOC, the operations of the target
REEV can be divided into four modes, i.e., EV, genset, hybrid, and charging. If Preq is less than Pgs,min

and SOC is larger than SOCmin, the REEV operates in the EV mode with the battery as the only power
source. If Preq is in the range between Pgs,min and Pgs,max, the REEV operates in the genset mode with
the genset as the only power source. If Preq is larger than Pgs,max and SOC is in the range between
SOCmin and SOCmax, the REEV operates in the hybrid mode with both power sources. The genset
outputs Pgs,max and the battery is used to supply the power gap of Preq − Pgs,max. If Preq is less than
Pgs,max and SOC is less than SOCmin, the REEV operates in the charging mode with the genset as
the only power source for providing electric power to the TM and charging the battery at the same
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time. Therefore, the power split ratio (PSR), which is defined as the ratio of the mechanical power
output of the genset to the driver’s power request as shown in Equation (27), is employed to divide
the operations of the REEV into four modes as shown in Table 2. If PSR = 0, the REEV is in the EV
mode. If 0 < PSR < 1, the REEV is in the hybrid mode. If PSR = 1, the REEV is in the genset mode. If
PSR > 1, the REEV is in the charging mode:

PSR =
Pgs

Preq
(27)

Table 2. Operation modes of REEV.

Mode Power Split Ratio Conditions Power Distributions

EV PSR = 0 Preq < Pgs,min and
SOC > SOCmin

Pgs = 0
Pb = Preq

Hybrid 0 < PSR < 1 Preq > Pgs,max and
SOCmin < SOC < SOCmax

Pgs = Pgs,max
Pb = Preq − Pgs

Genset PSR = 1 Pgs,min < Preq < Pgs,max and
SOC > SOCmin

Pgs = Preq
Pb = 0

Charging PSR > 1 Preq < Pgs,max and
SOC < SOCmin

Pgs = Preq + Pb

4.2. Equivalent Fuel Consumption Minimization Strategy

An instantaneous cost function JECMS, that consists of the fuel consumption rate of the genset and
the equivalent fuel consumption rate of the battery as shown below, is minimized to find the optimum
PSR based on the equivalent fuel consumption minimization strategy (ECMS) concept:

JECMS =
.

mgs
(
Pgs

)
+

.
mb(Pb) (28)

where
.

mgs is the fuel consumption rate of the genset power Pgs;
.

mb is the equivalent fuel consumption
rate of the battery power Pb.

.
mb can be obtained from the following equation:

.
mb = γ

SPbgice

ηb
+ (1− γ)SPbgiceηb (29)

where gice is the minimum BSFC of the engine; γ = 0.5(1 + sign(Pb)) is used to indicate the battery
power demand mode. γ is equal to 1 and 0 for discharging and charging, respectively. The equivalent
factor S is used to transform the electric power consumption into the equivalent fuel consumption
rate. Since the minimization of JECMS is subject to the constraint of Preq = Pgs + Pb, a one-dimensional
problem is formulated as follows:

PSR∗ = argmin
PSR

JECMS (30)

According to the relationship between PSR and JECMS in Figure 11, the PSRs are already defined
for the EV and the genset modes. The golden section method [37], which is an optimization method to
find the extremum of a function by successively narrowing down the range of values inside, is used to
search the local optimum PSRs in the hybrid and the charging modes. The global optimum PSR can
then be determined by comparing the costs of the local optimum PSRs at these four modes.

4.3. Adaptive Power Management Strategy

So as to develop the adaptive PMS suitable for different driving cycles, a charge-depleting problem
based on the energy-to-distance ratio [38] is formulated in this paper. Since the optimal SOC-distance
curve of DP looks like a line, the slope can be approximated by the energy-to-distance ratio, which
is defined as the difference between the initial SOC and the minimum allowable SOC divided by
the remaining travel distance. The desired trajectory of SOC for discharging the battery can then be
obtained as shown in Figure 12.
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The diagram of the proposed adaptive PMS is shown in Figure 13. If the SOC is less than the
desired SOC, i.e., SOCr, S should be increased to reflect a more expensive cost of the electric power
such that over discharging the battery can be prevented. If the SOC is larger than the desired SOC, S
should be reduced to reflect a cheaper cost of the electric power such that discharging the battery is
encouraged. The nominal equivalence factor Sn is obtained by minimizing the total fuel consumption
for one NEDC driving cycle with the initial SOC equal to 80% and the energy-to-distance ratio equal
to 0.549%. A self-organizing fuzzy controller (SOFC) [39] is utilized to modify the correction of Sn,
i.e., ∆S, according to the SOC tracking error e = SOCr − SOC and the error change cek = ek − ek−1.
The subscript k denotes the kth sample. The gains of the error and the error change, i.e., ge and gce, are
obtained by minimizing the total fuel consumption. ∆S is obtained from the fuzzy inference decision
and defuzzification operation. The overall equivalence factor S used for ECMS can then be obtained as:

S = Sn + ∆S (31)

If S is large, the proposed adaptive PMS discourages the usage of electric power. If S is small, the
proposed adaptive PMS encourages the usage of electrical power.
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Membership functions and fuzzy rules can be designed to obtain a suitable performance for a
given driving cycle. SOFC is utilized to modify these rules automatically for various driving cycles.
The control correction of the ith fuzzy rule can be described as:

∆ui,k = we,iwce,iα[(1− ζ)ek + ζcek] (32)

where α is the correction rate. A large α leads to large corrections of fuzzy rules which might cause
oscillations of the system output. The control correction of each fuzzy rule is proportional to its
excitation strength. ζ is the performance weighting between e and ce. The correction weightings we

and wce for the activated rules are obtained from the membership functions. The rule modification of
the ith rule with the control correction can then be obtained as:

ui,k+1 = ui,k + ∆ui,k (33)

According to Equation (32), ∆ui is zero only when e = ce = 0 or (1− ζ)ek + ζcek = 0. When the absolute
values of e and ce are less than the threshold values which are set to be 0.00005 by trial and error, the
rule is not updated for preventing unnecessary corrections around the zero point. The fuzzy control
rules of the SOFC are shown in Table 3.

Table 3. Fuzzy control rules.

Control Input (u) Error (e)
NB NM NS ZO PS PM PB

Er
ro

r
ch

an
ge

(c
e) NB NB NB NB NB NM NM NS

NM NB NB NM NM NS ZO ZO
NS NB NM NS NS ZO PS PM
ZO NB NM NS ZO PS PM PB
PS NM NS ZO PS PS PM PB
PM ZO ZO PS PM PM PB PB
PB PS PM PM PB PB PB PB

5. Simulation and Experimental Results

A longitudinal vehicle model of the target REEV established in MATLAB/Simulink is used to
evaluate the conventional TCS, the adaptive PMS and the DP. It is a forward-in-power model with a
driver model to follow the driving cycle. A simplified backward-in-power vehicle model is established
for DP to obtain the optimum control policy with respect to a given driving cycle. The conventional
TCS operates the REEV in the EV mode when the SOC is larger than or equal to 20%. When the SOC is
less than 20%, the genset is turned on and operated only at the most efficient working point to supply
electric power until the SOC is more than or equal to 25%. The SOC is sustained in the low SOC range
between 20% and 25% via the CS mode until the end of the driving event.

Figure 14 shows three different driving cycles: New European Driving Cycle (NEDC), Federal Test
Procedure (FTP) and Urban Dynamometer Driving Schedule (UDDS). These driving cycles are repeated
several times to obtain similar traveled distance to evaluate the performance of the conventional TCS,
proposed adaptive PMS and DP. The traveled distances of 10 NEDC, 6 FTP and 9 UDDS cycles are
109.3, 106.6 and 107.9 km, respectively. For the desired SOC trajectory, the final SOC is set to be 20%
which is the minimum allowable value to prevent the battery from over discharging. As for the initial
SOC, it can be any value between 100%, i.e., fully charged, and 20%, i.e., fully discharged. The initial
SOC is set to be 80% in this paper to match the condition of the target REEV. The energy-to-distance
ratios of 10 NEDC, 6 FTP and 9 UDDS can then be obtained as 0.549%, 0.563% and 0.556%, respectively.
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Figure 14. Standard driving cycles.

Simulation results of the proposed adaptive PMS at the 1st of 10 NEDC cycles are shown in
Figure 15. The nominal equivalence factor Sn is 0.97. The equivalence factor S is modified by the
SOFC for tracking the desired SOCr. When the SOC response of the adaptive PMS is lower than the
desired SOCr, S is increased by the SOFC to indicate that discharging the battery results in a more
expensive cost of the equivalent fuel consumption. The genset is turned on to generate electric power
for the TM while charging the battery at the same time. When the SOC is greater or equal to SOCr, S is
reduced by the SOFC to indicate that discharging the battery results in a cheaper cost of the equivalent
fuel consumption. The genset is turned off and the REEV is operated in the EV mode. The electric
power demand of the TM obtained from the driver’s requested power is positive for accelerating and
cruising. In the EV mode (PSR = 0), the battery provides electric power to the TM. In the hybrid mode
(PSR ≤ 1), both the genset and the battery provide electric powers to the TM. In the genset mode (PSR
= 1), only the genset provides electric power to the TM. In the charging mode (PSR > 1), the electric
power provided by the genset is larger than the power required by the TM. The rest of the genset
power is used to charge the battery.

The SOC responses of different control strategies for 10 NEDC, 6 FTP and 9 UDDS are shown
in Figures 16–18, respectively. The horizontal axis denotes the total traveled distance normalized
by the traveled distance of one complete driving cycle. The proposed adaptive PMS can gradually
discharge the battery by tracking the desired SOC such that the final SOC is approximately equal to
20%. The optimum control policies of the target REEV can be obtained using the DP for different
driving cycles. Since the SOC response of the DP is very close to the desired SOCr, it supports the
assumption of the desired SOCr and can be designed using the energy-to-distance ratio. In addition,
the SOC response of the proposed adaptive PMS is close to the SOC response of the DP. Whether it is
possible to approach the control performance of the DP using the proposed algorithm will be discussed
via the following simulation and experiment studies.
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Figure 18. SOC responses for nine UDDS cycles.

By using the fuel economy of TCS as the baseline, fuel economies and average battery
charge/discharge powers of different control strategies for 10 NEDC, six FTP and nine UDDS are
summarized in Tables 4–6, respectively. The associated fuel economies are corrected according to the
SAE standard J1711 [40]. The TCS is easily implemented with the rule-based structure. However, it
causes the lowest fuel economy, the highest average charge/discharge power and longest low SOC
operation. When the TCS operates the REEV in the EV mode, only the battery provides electric power
to the TM. Thus causes the largest average battery discharging power. In addition, the genset is only
turned on in the low SOC range and operated at the most efficient working point to prevent over
discharging the battery. This causes the largest average battery charging power and the longest low
SOC operation. DP offers the best performance by improving the fuel economy of TCS by 24.3 to
28.1%. Meanwhile, DP can also reduce the average charging and discharging powers, and the time
of low SOC operation of TCS by 48.1% to 50.4%, 31.4% to 34.9%, and 86.7% to 94.6%, respectively.
However, it cannot be implemented in real-time due to the requirement of the future driving cycles
and heavy computational loads. The proposed adaptive PMS, which does not require the information
of future driving cycles and can be implemented in real-time, is capable of improving the fuel economy
of TCS by 11.1% to 16%. Meanwhile, the proposed adaptive PMS can reduce the average charging and
discharging powers, and the time at low SOC operation of TCS by 21.9% to 30.1%, 16.9% to 26.2%,
and 85.7% to 90.9%, respectively. Since the battery capacity deteriorates with charging/discharging
rates [41,42], the battery life is possible to be increased by reducing average charging/discharging
powers. Meanwhile, the battery efficiencies can be increased by reducing the time of low SOC operation
which leads to larger internal resistance as shown in Figure 9.
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Table 4. Comparison of TCS, adaptive PMS and DP for 10 NEDC.

Strategy Fuel
Economy Improvement Avg. Charging/

Discharging Power
Reduction

Rate
Low SOC
Operation

Reduction
Rate

TCS 16.6 km/L NA 10.48/10.14 kW NA 7277 sec NA
Adaptive

PMS 18.5 km/L 11.1% 8.18/7.48 kW 21.9/26.2% 661 sec 90.9%

DP 20.7 km/L 24.3% 5.44/6.6 kW 48.1/34.9% 396 sec 94.6%

Table 5. Comparison of TCS, adaptive PMS and DP for 6 FTP.

Strategy Fuel
Economy Improvement Avg. Charging/

Discharging Power
Reduction

Rate
Low SOC
Operation

Reduction
Rate

TCS 15.3 km/L NA 10.67/11.46 kW NA 7264 sec NA
Adaptive

PMS 17.5 km/L 14.1% 7.53/8.61 kW 29.4/24.8% 921 sec 87.3%

DP 19.6 km/L 28.1% 5.29/7.46 kW 50.4/34.9% 896 sec 87.7%

Table 6. Comparison of TCS, adaptive PMS and DP for 9 UDDS.

Strategy Fuel
Economy Improvement Avg. Charging/

Discharging Power
Reduction

Rate
Low SOC
Operation

Reduction
Rate

TCS 16.0 km/L NA 10.78/10.39 kW NA 8167 sec NA
Adaptive

PMS 18.5 km/L 16.0% 7.54/8.63 kW 30.1/16.9% 1165 sec 85.7%

DP 20.1 km/L 26.1% 5.45/7.13 kW 49.4/31.4% 1083 sec 86.7%

The energy flow diagram of the REEV is shown in Figure 19. The output energy of the genset
Egs is equal to the subtraction of the fuel usage loss, Loss1 from the fuel energy, E f uel. Egs can be
divided into the 1st path with Egs, tm to drive the TM and the 2nd path with Egs, b to charge the battery.
The energy loss, Loss2, results from charging the battery with Egs, b. The energy loss, Loss3, results from
discharging the battery with the battery energy Eb,tm to drive the TM. The energy to drive TM, Etm,
is the summation of Egs,tm and Eb,tm.
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Loss1 can be divided into Loss1,b and Loss1,tm according to the ratio of Egs,b to Egs,tm. Loss1,b and
Loss1,tm are the energy losses associated with the usages of Egs,b and Egs,tm, respectively, as follows:

Loss1,b = Loss1·
Egs,b
Egs

, Loss1,tm = Loss1·
Egs,tm

Egs
(34)

Due to different energy sources of Eb,tm, Eb,tm can be decomposed as follows:

Eb,tm =
(
Egs,b − Loss2

)
+ Eb − Loss3 (35)
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where Egs, b − Loss2 is the charging energy into the battery; Eb is the initial electric energy in the battery
which can be expressed as follows:

Eb = Eb,tm + Loss3 − Egs,b + Loss2 (36)

Loss3 can be divided into Loss3,gs and Loss3,b according to the ratio of
(
Egs, b − Loss2

)
to Eb. Loss3,gs and

Loss3,b are the energy losses associated with the usages of
(
Egs, b − Loss2

)
and Eb, respectively, as follows:

Loss3,gs =
Egs,b−Loss2
Eb,tm+Loss3

, Loss3,b =
Eb

Eb,tm+Loss3
(37)

Thus Eb,tm can be divided into two parts as follows:

Eb,tm =
(
Egs,b − Loss2 − Loss3,gs

)
+

(
Eb − Loss3,b

)
(38)

where Egs,b − Loss2 − Loss3,gs is the output energy from the genset; Eb − Loss3,b is the output energy from
the initial electric energy in the battery.

The energy usage and loss comparisons of TCS and adaptive PMS for 10 NEDC, 6 FTP and 9
UDDS are shown in Tables 7–9, respectively. “Overall” denotes the total value at the end of the driving
cycle. “Low SOC” denotes the total value with the SOC between 20% and 25%. “Total loss” is the sum
of Loss1, Loss2 and Loss3. Table 10 shows the efficiencies η1 and η2 of the genset energy Egs in the 1st
path and 2nd path, respectively. These efficiencies are defined as follows:

η1 =
Egs,tm

Egs,tm + Loss1,tm
(39)

η2 =
Egs,b − Loss2 − Loss3,gs

Egs,b + Loss1,b
(40)

As can be seen from Tables 7–9, the adaptive PMS allocates 63 to 67% of overall Egs to Egs,tm,
and the TCS allocates 36 to 38% of the overall Egs to Egs,tm. Because the adaptive PMS operates the
genset according to the PSR resulting from the closed-loop tracking control of SOC, the fuel energy,
Egs,tm + Loss1,tm, through the 1st path is used more than the fuel energy, Egs,b + Loss1,b, through the
2nd path. As for the TCS, the genset is operated only in the low SOC. Therefore, the fuel energy,
Egs,b + Loss1,b, through the 2nd path is used more than the fuel energy, Egs,tm + Loss1,tm, through the 1st
path. As can be seen from Table 10, the energy usage efficiency of the genset in the 1st path is higher
than that in the 2nd path. In the case of using the same Egs,tm and Egs,b, the energy loss of the 1st path is
just Loss1,tm, but the energy loss of the 2nd path consists of Loss1,b (equal to Loss1,tm), Loss2 and Loss3,gs.
Therefore, the usage of the 1st path can reduce the loss of energy conversion. These simulation results
indicate that the proposed adaptive PMS can increase fuel economy by using the 1st path more to
reduce the energy conversion losses, and possibly increase the battery life by reducing the time at low
SOC operation.

Table 7. Energy usage comparison of TCS and adaptive PMS for 10 NEDC.

Energy (kJ) Egs Egs, b Egs,tm Eb,tm Loss1 Loss2 Loss3 Total Loss

TCS
Overall 57,646 36,024 21,622 68,811 101,385 731 1938 104,054

Low SOC 57,646 36,024 21,622 36,942 101,385 731 1078 103,194

Adaptive
PMS

Overall 55,967 18,680 37,287 53,146 99,402 210 1156 100,768
Low SOC 4010 901 3109 3883 7228 10 112 7350
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Table 8. Energy usage comparison of TCS and adaptive PMS for 6 FTP.

Energy (kJ) Egs Egs, b Egs,tm Eb,tm Loss1 Loss2 Loss3 Total Loss

TCS
Overall 66,937 42,345 24,592 72,107 118,295 693 2407 121,395

Low SOC 66,937 42,345 24,592 40,350 118,295 693 1434 120,422

Adaptive
PMS

Overall 63,855 22,259 41,597 55,103 113,734 229 1512 115,475
Low SOC 3962 1306 2657 4010 7013 16 108 7137

Table 9. Energy usage comparison of TCS and adaptive PMS for 9 UDDS.

Energy (kJ) Egs Egs, b Egs,tm Eb,tm Loss1 Loss2. Loss3 Total Loss

TCS
Overall 72,608 45,052 27,556 76,076 128,318 732 2409 131,459

Low SOC 72,608 45,052 27,556 44,293 128,318 732 1463 130,514

Adaptive
PMS

Overall 63,813 23,708 40,105 57,058 114,097 245 1478 115,820
Low SOC 4659 1935 2724 4138 8351 23 119 8493

Table 10. Energy usage efficiency of the genset in the 1st path and 2nd path.

Efficiency (%)
10 NEDC 6 FTP 9 UDDS

1st path 2nd path 1st path 2nd path 1st path 2nd path

TCS 36.2 34.5 36.1 34.4 36.1 34.5
Adaptive PMS 36.0 34.9 36.0 34.6 35.9 34.6

The experiment setup for evaluating the proposed adaptive PMS is shown in Figure 20.
The prototype REEV, which is an electric MPV with a genset mounted at the trunk space of the
target vehicle, is used to evaluate the performance of the proposed adaptive PMS on a chassis
dynamometer for 4 NEDC cycles. The experiment is paused for 20 min at the end of each cycle to
calculate the fuel economy and calibrate the initial SOC using the open circuit voltage. The proposed
adaptive PMS and the TCS are both implemented using the TeraSoft Micro-Box as a real-time controller.
Basic vehicle parameters and efficiency maps are required to implement the proposed adaptive PMS.
The Micro-Box communicates with the on-board hybrid control unit (HCU) of the prototype REEV
via the controller area network (CAN bus) which is a robust vehicle bus standard for communication
between microcontrollers and devices. The Micro-Box receives the accelerator pedal signal, SOC, wheel
speed and genset speed from the HCU and sends the required engine torque and generator speed
commands to the HCU. The required engine torque and generator speed commands are obtained by
1-D look-up tables of the desired genset power.
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Figure 20. Experiment setup of the prototype REEV.

The initial SOC is 50% at the beginning of the experiment. The SOC should be kept above 25% to
prevent over discharging the battery. For the conventional TCS, the prototype REEV is operated at
the EV mode for the first NEDC. The REEV is operated at the CS mode for the other NEDC cycles to
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maintain the SOC in the low SOC range between 25% and 30%. The proposed adaptive PMS tracks
the desired SOC with an energy-to-distance ratio equal to 0.764% for the first three NDEC cycles and
regulate the SOC around 25% for the last NEDC cycle.

The comparison of the TCS and the proposed adaptive PMS for the 4 NEDC experiment is shown
in Table 11. The corrected fuel economies of the TCS and the proposed adaptive PMS are 24.4 km/L
and 26.3 km/L, respectively. The proposed adaptive PMS can increase the fuel economy of TCS by
7.8%. In addition, the proposed adaptive PMS can reduce the average charge/discharge powers, and
the time at low SOC operation of TCS by 7.9%, 11.7%, and 55.9%, respectively. Because the TCS uses
the 2nd path more than the 1st path and has longer time at low SOC operation, it causes highest
energy conversion losses, lowest fuel economy and highest average charge/discharge power. These
experiment results indicate that the proposed adaptive PMS can increase fuel economy and possibly
increase the battery life by reducing average charging/discharging powers and low SOC operations.

Table 11. Comparison of TCS and adaptive PMS for the four NEDC experiments.

Strategy Fuel
Economy Improvement Avg. Charge/

Discharge Power
Reduction

Rate
Low SOC
Operation

Reduction
Rate

TCS 24.4 km/L NA 11.71 / 18.39 kW NA 3350 sec NA
Adaptive

PMS 26.3 km/L 7.8% 10.79/16.24 kW 7.9/11.7% 1477 sec 55.9%

6. Conclusions

An adaptive power management strategy (PMS) design, based on the equivalent fuel consumption
minimization strategy (ECMS) with the equivalent factor modified using a self-organizing fuzzy
controller (SOFC) for a range extended electric vehicle (REEV), is described in this paper. The SOFC
is used to adaptively modify the equivalence factor of the electric power consumption based on the
SOC feedback for tracking the desired SOC, which is designed using the energy-to-distance ratio. An
instantaneous cost function, that consists of the fuel consumption rate of the genset and the equivalent
fuel consumption rate of the battery, is minimized using ECMS to find the optimum power distributions
for the genset and the battery. Dynamic programming (DP) is employed to obtain the performance
upper bound of the target REEV for a given driving cycle. Three driving cycles of 10 NEDC, six FTP
and nine UDDS are used to evaluate the fuel economies and the average charging and discharging
battery powers via simulation studies. By using the thermostat control strategy (TCS) and DP outcomes
as the performance lower and upper bounds, respectively, simulation results show that the proposed
algorithm is adaptive for different driving cycles and can increase the fuel economy of TCS by reducing
the energy conversion losses. Meanwhile, the proposed algorithm is possible to extend the battery life
by reducing the average charging and discharging powers, and increase the battery efficiencies by
reducing the time of low SOC operation significantly. With the knowledge of technical parameters as
shown in Section 2, the proposed algorithm can be implemented for similar powertrain configurations.
Experiment results using a prototype REEV confirm that the proposed algorithm can achieve control
performance similar to that of the simulation results.
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Nomenclature

Abbreviations
BSFC brake specific fuel consumption
CAN controller area network
CD charge-depleting
CS charge sustaining
DP dynamic programming
ECMS equivalent fuel consumption minimization strategy
EVs electric vehicles
FTP Federal Test Procedure
HEVs hybrid electric vehicles
MPV multi-purpose vehicle
NEDC New European Driving Cycle
PFCS power follower control strategy
PHEVs plug-in hybrid electric vehicles
PMP Pontryagin’s minimum principle
PMS power management strategy
PSR power split ratio
RC resistance capacitance
REEV range extended electric vehicle
SOC state of charge
SOFC self-organizing fuzzy controller
TCS thermostat control strategy
TMs traction motors
UDDS Urban Dynamometer Driving Schedule

Symbols
A f vehicle frontal area [m2]
CD air drag coefficient
Cb bulk capacitor [F]
Cc surface capacitor [F]
Ie rotational inertia of the engine [kg-m2]
Ig rotational inertia of the generator [kg-m2]
Iw rotational inertia of the wheel [kg-m2]
Qb battery capacity [Ah]
Rc capacitor resistance [Ω]
Re end resistance [Ω]
Rt terminal resistance [Ω]
Sn nominal equivalence factor
Tb braking torque [Nm]
VCb voltage across bulk capacitor [V]
VCc voltage across surface capacitor [V]
Voc open circuit voltage [V]
Vt terminal voltage [V]
bw rotational damping coefficient
fr rolling resistance coefficient
gce gains of the error change
ge gains of the error
gice minimum BSFC of the engine [g/(kw-h)]
.

m fuel consumption rate [g/s]
np number of cells in parallel
ns number of cells in series
rw rolling radius of the wheel [m]
wce correction weighting of the error change
we correction weighting of the error
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i battery cell
C capacitor [F]
E energy [J]
F force [N]
I current [A]
J cost function
L instantaneous cost
Loss energy loss
M vehicle mass [kg]
N duration of the driving cycle
P power [kW]
R resistance [Ω]
S equivalent factor
T torque [Nm]
V voltage [V]
ce error change
e error
k kth sample
n gear ratio
u control input
v vehicle speed [m/s]
x state variable
α correction rate
γ battery power demand mode
ζ performance weighting
η efficiency [%]
θ throttle angle [degree]
λ tire slip ratio
µ friction coefficient
τ time constant
ω rotational speed [rad/s]

Subscripts
b battery
e engine
elec electric
f d final drive
f uel fuel
gs genset
int internal
max maximum
min minimum
oc open circuit
req requested
rg reduction gear
tm traction motor
w wheel
x longitudinal
z vertical
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