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Abstract— This paper deals with the optimal energy manage-
ment control of series hybrid electric vehicles (HEVs) by which
their fuel consumption is minimized. Based on the modeling
of the essential dynamics of a series HEV and its powertrain,
closed-form solutions of the optimal energy source power split
are formulated. These solutions yield a set of simple heuristic
control rules, by which a novel rule-based control strategy, the
truncated battery power following strategy (TBFS), is developed
for optimally allocating the hybrid energy sources to satisfy the
demanded propulsion power. Numerical examples show that the
TBFS is able to reproduce the globally optimal solutions found
by dynamic programming (DP), but with significantly reduced
computation effort, as the TBFS only requires one-dimensional
parameter tuning, rather than solving an optimization problem.
The results also indicate its benchmark potential for high-
fidelity HEV models, where DP is no longer applicable.

I. INTRODUCTION

Commonly, the hybrid electric vehicle (HEV) is a combi-
nation of an internal combustion engine (ICE) and a battery-
driven electric motor. As such, HEVs can profit from a
freely optimized power split between the two energy sources
for improving fuel economy as compared to conventional
vehicles. The problem of finding a fuel-efficient power split
for HEVs has received substantial research efforts in the
past [1], [2]. Numerous energy management (EM) control
strategies, from rule-based to optimization-based strategies,
have been proposed in the literature.

Optimization-based EM strategies represent the most com-
monly used benchmark methods as optimal or sub-optimal
solutions are guaranteed in most cases. The EM problem
in this category is usually formulated as an optimal control
problem (OCP), which is then solved by standard opti-
mization techniques. Dynamic programming (DP) represents
the most commonly used solution method, which usually
ensures global optimality [3]–[5]. However, it is limited to
highly simplified models as the computation burden increases
exponentially with the number of system states [6]. Many
alternative algorithms are developed by suitable approxi-
mations of the global optimization problem, such as the
Pontryagin Minimum Principle (PMP) based approaches and
the equivalent consumption minimization strategy (ECMS)
[7]–[10]. These approaches substantially reduce the compu-
tational burden at the price of yielding suboptimal solutions.
In contrast with DP, both PMP and ECMS can be potentially
implemented in real-time [11]–[13].

Heuristic control techniques are usually characterized by
Boolean or fuzzy rules, which mostly depend on the HEV
powertrain architecture. In terms of the series HEV that is the
focus of the present work, thermostat control strategy (TCS)
and power follower control strategy (PFCS) represent the two
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most conventional rule-based controllers designed for series
HEVs, yet their fuel economies are not optimized. By consid-
ering the most effective design principles of TCS, PFCS and
the optimization-based ECMS, the heuristic method exclu-
sive operation strategy (XOS) is recently proposed to reduce
the performance gap with optimization-based solutions [14].
Even though it outperforms existing heuristic strategies, the
XOS is still falling behind optimization-based benchmarks
by some margin.

The present work proposes a novel heuristic EM strategy,
the truncated battery power following strategy (TBFS), which
is constructed by simple and effective rules. The rules
are extracted from the optimal energy management control
problem analytic solution, which is derived in this work for
an elementary but widely used and applicable series HEV
model [11], [15], [16]. The devised heuristic strategy thus
allows the optimal EM solution to be reached without solving
any optimization problem, but merely by a single tunable
parameter, which demands very slight tuning effort. The
performance of the proposed EM strategy is evaluated and
compared with DP in numerical examples.

The remainder of the paper is structured as follows.
Section II introduces the vehicle model and formulation of
the EM problem. A theoretical study of the optimal EM
solutions is presented in Section III, and from the analysis
and derived solutions, a novel heuristic EM control strategy
is proposed. Simulation results, involving a comparison with
DP solutions, and discussion are presented in Section IV.
Finally, concluding remarks are given in Section V.

II. PROBLEM DESCRIPTION

A. Vehicle Model
The vehicle studied in this work is a mid-size car with

a series HEV powertrain that is sketched in Fig. 1. As it
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Fig. 1. Block diagram of the series HEV powertrain.

can be seen, the three powertrain branches: primary source
branch (PS), secondary source branch (SS) and propulsion
load branch (PL) are coupled electrically at the DC-link,
such that the demanded PL branch power PPL is met by the
combination of the PS output power PPS and the SS output
power PSS :

PPL = PPS + PSS . (1)



1) Propulsion Load Branch: For a given speed profile
specified in terms of speed v and acceleration a, the driving
force acting on the wheels is available, obtained as follows:

Fdrive = ma+ FT + FD +mg sin θ, (2)

in which m is the vehicle mass, FT = fT mg and FD =
fDv

2 are the resistance forces respectively due to tires and
the aerodynamics drag, and θ is the road slope associated
with the speed profile. fT and fD are the coefficients of
tire rolling and aerodynamics drag resistances, which are
specified in Table I.

In this work, the electric motor efficiency is described by
a static efficiency map, as shown in Fig. 2. The motor speed
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Fig. 2. Efficiency of the reversible PMS machine (generator = positive
torque, motor = negative torque). The torque bounds (due to power limita-
tion) are shown by dotted lines.

ωm is coupled with the speed of the wheels (i.e., vehicle
speed v) by a transmission system with single fixed gear
ratio gt, such that ωm = gtv.

It is clear that the operation of the PL branch is allowed
to be isolated from the EM strategy. As such, the load power
demand PPL at the DC-link can be calculated directly from
the power at the wheels, Pdrive, as follows:{

PPL =
Pdrive
ηiηmηt

,∀Pdrive ≥ 0 ,

PPL = max (Pdriveηiηmηt, PSSmin) ,∀Pdrive < 0 .
(3)

where Pdrive = Fdrive v is determined by the driving cycle
and longitudinal car dynamics, PSSmin

represents the SS
maximum charging power, and ηi, ηm, ηt are the efficiency
of the inverter, motor and the transmission, respectively. It
should be noted that the second equation in (3) relies on
the assumption that all the braking energy is recoverable
(not restricted by the braking distribution between front
and rear axles) and it is only restricted by PSSmin . In
this context, the mechanical braking power is as follows:
Ph = min (0, Pdrive − PSSmin/(ηiηmηt)), which is naturally
minimized as Ph is dissipated as heat.

To sum up, for a given driving cycle, PPL can be consid-
ered as the reference to be followed instead of the driving
cycle. As such, optimal energy management fulfills mini-
mization of fuel consumption by means of an appropriate
power split between PS and SS to satisfy PPL.

2) Primary Source Branch: The primary source branch
from the ICE to the AC-DC rectifier is modeled as a steady
state efficiency map, which is simply obtained as the product
of individual component efficiencies, where the same electric

machine as that in Fig. 2 is used for the generator. The
fact that there is no mechanical connection between the
engine and the vehicle wheels allows the crankshaft speed
to be freely assigned independently of the vehicle speed. By
operating the engine branch along the locus of most efficient
power-speed operating points, the engine fuel mass rate is
usually approximated as a linear function of PPS , as follows:

d

dt
mf = qf0 + αfPPS (4)

where qf0 acts as the idling fuel mass rate, and αf is
the coefficient of power transformation. These two positive
parameters are directly obtained by linear regression of the
steady state engine data when the most efficient torque-speed
operating point is followed at each power value. An example
is illustrated in Fig. 3, where the engine map utilized is for
the Audi 5-Cylinder Turbo Diesel Engine taken from the
Advanced Vehicle Simulator (ADVISOR) [17]. As it can be
noticed, the nonlinear relationship between ṁf and PPS is
accurately fitted by a linear fuel consumption model (FCM).
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Fig. 3. Left: map of overall efficiency of the engine branch. The torque-
speed operating points for maximum engine branch efficiency at different
output power values are shown by a dashed curve. Right: fuel mass rate with
PS power, when the most efficient torque-speed operating point is followed
at each power value.

3) Secondary Source Branch: The battery is modeled as
a series connection of an ideal voltage source and an ohmic
resistance [11]. Therefore, the battery output power Pb is
calculated as follows:

Pb = (Voc − ibRb)ib, (5)

in which Voc is the battery open-circuit voltage, ib denotes
the battery current, and Rb is the internal resistance. The bat-
tery state-of-charge (SOC) represents the only state variable,
governed by:

d

dt
SOC = − ib

Qmax
, (6)

where Qmax is the battery capacity and ib is assumed positive
during the discharge phase. By using (5), the battery current
can be solved as follows:

ib =
Voc −

√
V 2
oc − 4PbRb

2Rb
. (7)

Instead of using a nonlinear mapping between SOC and the
open circuit voltage (as it is known in the literature), Voc
is reasonably approximated by a constant voltage, which is
compatible with the usual aim of a charge sustained battery
management, by which the SOC is narrowly constrained.
Furthermore, by combining the battery with the bidirectional
DC/DC converter, the SS output power is obtained by:

PSS = η
sign(PSS)
dc Pb, (8)



where ηdc is the efficiency of the DC/DC converter. Substi-
tuting the algebraic solution of ib (obtained by applying (8)
in (7)), the dynamic behavior of the SS can be described by
the differential equation of SOC with respect to PSS only:

d

dt
SOC =

−Voc +

√
V 2
oc − 4PSS Rb/η

sign(PSS)
dc

2RbQmax
. (9)

B. Problem Formulation

According to the power balance at DC-link (1), the input
power signal PPS of the FCM (4) can be replaced by PSS .
Thus, the overall vehicle system is constructed with only a
single input, as follows:

d

dt
x = f(x,u)=

 qf0 + αf (PPL − PSS)

−Voc +

√
V 2
oc − 4PSS Rb/η

sign(PSS)
dc

2RbQmax

 .

(10)
where x , [mf , SOC]> and u , PSS represent the state
variables and the control input, respectively.

Consider T the total time duration of the driving mission.
The EM control of an HEV aims to minimize the overall
fuel consumption mf (T ) by properly selecting PSS , subject
to the SOC operational limits:

SOCmin ≤ SOC ≤ SOCmax , (11)

and the energy source power limits:

PSSmin
≤ PSS ≤ PSSmax

(12)
0 ≤ PPS ≤ PPSmax

(13)

where PPSmax
and PSSmax

are the maximum propulsive
power PS and SS can deliver. Resorting to (1) the power
limits (12) and (13) can be combined and implemented as a
constraint only on the SS power output PSS , as follows:

max(PPL−PPSmax , PSSmin) ≤ PSS ≤ min(PSSmax , PPL) .
(14)

In addition to (11), the EM also targets charge sustaining
operation:

∆SOC , SOC(0)− SOC(T ) = 0. (15)

It is worth noting that the described EM control problem
can be naturally formulated as an optimization problem
with only one dynamic state, the SOC, since the linear
dependence of the fuel consumption rate on the PS power
enables an alternative objective min

∫ T
0

(PPL − PSS)dt to
be used instead of minmf (T ). As such, the fuel usage is
allowed to be evaluated a posteriori based on the optimal
solution. Such single state optimization problem makes DP a
very effective tool for obtaining its globally optimal solution.

The main characteristic parameters of the vehicle model
are summarized in Table I. Note that the battery and engine
power limits are chosen to emulate the energy sources for a
non-plug-in HEV.

III. ENERGY MANAGEMENT STRATEGIES BASED ON THE
FUNDAMENTAL ANALYSIS OF FUEL EFFICIENCY

OPTIMIZATION

This section provides a fundamental analysis to show
the nature of optimal energy management solutions for the
presented series HEV model (10). The analysis provides an

TABLE I
MAIN VEHICLE MODEL PARAMETERS

symbol value description
m 1500 kg vehicle mass
fT 0.01 rolling resistance coefficient
fD 0.47 aerodynamics drag coefficient
ηt 0.96 efficiency of the transmission
gt 10 transmission ratio
qf0 0.12g/s idling fuel mass rate
αf 0.059g/kW/s power transformation factor
Qmax 5 Ah battery capacity
Rb 0.2056 Ω battery internal resistance
Voc 300 V battery open circuit voltage
ηr, ηi 0.96 efficiency of inverters
ηdc 0.96 efficiency of converter
PSSmin/max

−15/30kW SS power limit
SOCmin/max 0.5/0.8 battery SOC limits
PPSmax

70kW PS power limit

explicit condition for optimality, which yields the fundamen-
tal rules of the proposed TBFS. To proceed with the analysis,
let us first introduce some useful notations and definitions for
the upcoming analysis. Consider two sets of time intervals
Φ , {t|PPL(t) ≥ 0} and Ψ , {t|PPL(t) < 0}, such that
Φ ∪Ψ is the full time horizon {t|0 ≤ t ≤ T}. Moreover, it
is immediate to obtain the power-sharing pattern for t ∈ Ψ:

PPS = 0, PSS = PPL. (16)

Analogously, Φ can be divided into two subsets as Φ =
Φd ∪ Φc, where Φd , {t|PPL(t) ≥ 0, ib(t) ≥ 0} and Φc ,
{t|PPL(t) ≥ 0, ib(t) < 0}. These subsets respectively collect
the battery discharging and the charging intervals for all t ∈
Φ. Moreover, define the battery internal power: Poc , Voc ib.
Then the battery efficiency is expressed as:

ηb(t) =


Pb(t)

Poc(t)
= 1− Rb

V 2
oc

Poc(t), if t ∈ Φd

Poc(t)

Pb(t)
= 1 +

RbPoc(t)

V 2
oc −RbPoc(t)

, otherwise

(17)
The following assumptions are also made to address the

fundamental analysis.
Assumption 1: The ICE is large enough, such that

PPSmax ≥ sup{PPL(t)} holds for a given driving cycle.
Assumption 2: Given a driving cycle, the charge sustain-

ing condition (15) is reachable, such that the total regenerated
battery charge during the time interval Ψ (obtained by
following (16) and the second equation in (3))

∆ΨSOC =

∫
Ψ

PPL(t)ηdcηb(t)

VocQmax
dt, (18)

satisfies the condition

−∆ΨSOC ≤
∫

Φ

min(PPL(t), PSSmax)

ηdcηb(t)VocQmax
dt , (19)

where the right hand side of (19) represents the maximum
possible battery discharge throughout the mission (during the
time interval Φ).

Assumption 3: The battery is properly sized and SOC



operational limits SOCmin and SOCmax are selected, such
that SOC constraints (11) are not violated throughout the
mission when the forthcoming analytic solution is employed.

Assumption 1 is naturally fulfilled for a non-plug-in HEV,
which is expected to have a sufficiently large engine, allow-
ing the vehicle to be continuously driven under ICE-only
mode. The inequality condition (19) assumed in Assump-
tion 2 is expected to be true as: 1) in a normal driving cycle
on a level road the positive (driving) wheel energy is larger
than the negative (braking) wheel energy due to the various
energy losses throughout the mission, and 2) the HEV battery
allows much larger discharging power than charging power,
such that |PSSmax |>|PSSmin | (e.g., A123 AHR32113 cell
allows 30C for discharging while only 4C for charging).
Assumption 3 may be strong, but HEVs are expected to
be designed for the intended missions with large enough
batteries to avoid deep charges/discharges that rapidly wear
the battery out. Hence, it is reasonable to assume that the
SOC is always operated within the selected range.

A. Analytic Solution

By integrating both sides of the FCM (shown in (10)) over
[0, T ] and applying (8), we obtain:

mf (t) = mf0(t)− αf
∫

Φ

η
sign(Pb)(t)
dc Pb(t) dt, (20)

where mf0(t) = qf0T + αf
∫

Φ
PPL(t)dt is a fixed term,

independent of the EM control. By using the definitions of
Φd and Φc, (20) can be expanded as follows:

mf (t)=mf0(t)− αf
(
ηdc

∫
Φd

Pb(t)dt+
1

ηdc

∫
Φc

Pb(t)dt

)
(21)

Due to the fact that∫
Φc

Pbdt ≤ 0,
∫

Φd
Pbdt ≥ 0, ηdc < 1,

mf (t) is minimized when
∫

Φc
Pbdt = 0 and

∫
Φd
Pb(t)dt

is maximized. The former condition further implies that
Pb(t)=0, ∀t ∈ Φc. As such, Φc = ∅ and Φd = Φ indicating
that for an optimal EM the SS is never charged directly by the
PS throughout the whole mission. This solution also implies
that the battery is only charged by regenerative braking,
which produces a fixed amount Q+ of battery charge for
a given driving cycle:

Q+ = −Qmax∆ΨSOC (22)

where ∆ΨSOC is defined in (18). On the other hand, the
term

∫
Φd
Pb(t)dt can be rewritten by using (17), as follows:∫

Φd

ηb(t)Poc(t)dt =

∫
Φ

(
1− Rb

V 2
oc

Poc(t)

)
Poc(t)dt . (23)

By considering the charge sustaining condition ∆SOC = 0
in (15), which implies:∫

Φ

Poc(t)dt− VocQ+ = 0, (24)

the right hand side of (23) can be further simplified to:

VocQ+ −
Rb
V 2
oc

∫
Φ

Poc(t)
2dt .

Therefore, it is immediate to construct the following opti-
mization problem by which mf is minimized:

min
Poc

∫
Φ

Poc(t)
2dt, (25)

subject to constraints (24) and (14). The latter constraint can
be simplified to Poc(t) ≤ Pocmax

(t), where Pocmax
(t) is the

power limit of Poc(t). The justification for this simplification
(for the Φ time interval) is as follows. Since Φc = ∅,
then PSS(t) ≥ 0 is always true. Also, on the basis of
Assumption 1, max(PPL(t)−PPSmax , PSSmin) ≤ 0. Hence,
the first part of (14) is guaranteed. Regarding the second part
of (14), by resorting to the relationship between PSS and Poc
during the time interval Φd (see (8) and (17)),

PSS(t) = ηdcηb(t)Poc(t), (26)

and therefore, Poc(t) ≤ min(PSSmax ,PPL(t))
ηdcηb(t) , in which,

min(PSSmax
, PPL(t))

ηdcηb(t)
= Pocmax(t). (27)

By discretizing Poc(t) over the time interval Φ at N time
instants t1, t2, · · · , tN with a fixed sampling time Ts, and
denoting Poc(k) the sample at tk, the problem (25) can be
converted into a constrained optimization problem:

min
Poc

N∑
k=1

Poc(k)2

subject to
N∑
k=1

Poc(k)Ts − VocQ+ = 0 and Poc(k) ≤ Pocmax(k).

(28)
Such an optimization problem can be easily solved by using
the Karush-Kuhn-Tucker (KKT) optimality condition, ending
up with a solution:

Poc(k) = Pth, if Pocmax(k) ≥ Pth (29a)
Poc(k) = Pocmax

(k), if Pocmax
(k) < Pth (29b)

where Pth is a constant power threshold depending on
VocQ+, and consequently on ∆ΨSOC. By considering As-
sumption 2, it can be inferred that PSSmax

ηdcηb(t) ≥ Pth, and
therefore PSSmax can be dropped from the expression of
Pocmax

(t) in (27), since Poc(t) ≤ PSSmax

ηdcηb(t) is guaranteed.
Consequently,

Pocmax
(t) =

PPL(t)

ηdcηb(t)
, (30)

and the solution (29) can be rewritten as follows:

Poc(k) = Pth, if PPL(k) ≥ Pthηb(k)ηdc (31a)

Poc(k) =
PPL(k)

ηdcηb(k)
, if PPL(k) < Pthηb(k)ηdc (31b)

By applying (26), the condition (31) can be rewritten in terms
of PSS :

PSS(k) = PSS,th, if PPL(k) ≥ PSS,th (32a)
PSS(k) = PPL(k), if PPL(k) < PSS,th (32b)

where PSS,th=ηdc

(
1− Rb

V 2
oc
Pth

)
Pth. Note that the case when

PPL(t)<0 (see (16)) is naturally incorporated by (32b).



This solution is remarkable since it simply suggests that
an EM strategy is optimal in terms of fuel consumption if
the following conditions are met: 1) the SS is never charged
directly by the PS throughout the whole mission, and 2) the
SS is operated at a load following fashion when PPL is
smaller than the power threshold, otherwise PSS follows a
fixed threshold that depends on ∆ΨSOC (see (18)).

B. Truncated Battery Power Following Strategy (TBFS)
Inspired by the preceding solutions, the TBFS is developed

and graphically shown in Fig. 4. As it can be noticed, the

SoCmax

SoCmin

SoC

PPSmax
+ PSSmax

PPL

1

0
[kW]

PSS,th

PSS = PSS,th

PPSmax
+ PSS,thPSSmax

PSS = PPL

PSS = PSSmax

PSS = max(PPL − PPSmax
, PSSmin

)

Fig. 4. The operation scheme of the TBFS with different operating stages
classified based on the given SOC and PPL.

principles of TBFS are defined based on a 2-dimensional
map of the SOC and PPL, which is partitioned into several
zones by the SOC limits and power load thresholds. The
primary operation mode is activated in the zones where
the coordinates (on the PPL-SOC map) satisfy SOCmin ≤
SOC ≤ SOCmax and 0 ≤ PPL ≤ PPSmax

+ PSS,th, which
give rise to a rectangular box on the plane (see the box
with solid and red frame). The optimality condition (32)
is rigorously followed within this mode. Any coordinate
outside the primary region triggers the emergency rules,
which essentially enforce the SOC to be sustained and define
the power split for extremely large power demand. It is worth
pointing out that the emergency handling rules provide no
fuel efficiency guarantee, and they are requested to deal with
exceptional driving circumstances only.

Compared to the XOS [14], the TBFS also operates in
the SS-only mode at lower power demands (PPL ≤ PSS,th).
However, the TBFS switches to a hybrid model when PPL
further increases rather than the PS-only mode adopted by the
XOS. The power threshold PSS,th > 0 that determines when
to switch from SS-only mode to hybrid mode represents the
only design parameter of the TBFS. For a given driving
cycle, the tuning process of PSS,th is based on a simple
parameter searching approach, which ends when the charge
sustaining condition (15) is reached. In this context, if
none of the emergency rules is triggered during the driving
mission, the analytic solution (32) is realized without solving
any optimization.

IV. NUMERICAL RESULTS

A. Driving Cycles
The driving cycle defines the speed profile that needs to

be followed by the vehicle, it thus heavily influences the
operation of the EM strategy and the overall fuel economy.
In this work, the proposed TBFS will be globally tuned
for the WLTP speed profile that corresponds to the latest
test procedure adopted by industry. As shown in Fig. 5,

the WLTP profile is a single driving cycle with four stages,
defined by their speed: low (WL-L), medium (WL-M), high
(WL-H) and extra high (WL-E). Each of the stages can be
considered on their own as independent driving cycles. Some
particular features of the selected speed profiles are specified
in Table II.
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Fig. 5. Speed profile of the WLTP with four different stages according to
the average speed.

TABLE II
CHARACTERISTICS OF WLTP SPEED PROFILES

WL-L WL-M WL-H WL-E
Duration [s] 589 433 455 323
Distance [km] 3.1 4.8 7.2 8.3
Average Speed [km/h] 18.9 39.5 56.6 92
Max speed [km/h] 56.5 76.6 97.4 131.3
Max accel. [m/s2] 1.47 1.57 1.58 1.03
Max decel. [m/s2] -1.47 -1.49 -1.49 -1.21

B. Simulation Examples
The behavior of the proposed TBFS is investigated in this

Section. The control policies of the TBFS are obtained by
tuning the parameter PSS,th for each of the four driving
cycles of the WLTP profile. The tuning process ends up
with: PSS,th = 3.17 kW for the WL-L, PSS,th = 3.27 kW
for the WL-M, PSS,th = 2.11 kW for the WL-H and
PSS,th = 1.72 kW for the WL-E, by which the charge
sustaining condition (15) is guaranteed in all scenarios. For
benchmarking purposes, the DP algorithm developed in [18]
is implemented. To ensure a high level of accuracy, the
state variable SOC and the control input PSS are finely
gridded with 400 × 2000 points over the admissible ranges
[SOCmin, SOCmax]×[PSSmin

, PSSmax
]. The sampling times

used in both methods are identical, Ts = 0.5s.
It has been found that in all driving cycle cases Assump-

tions 1-3 are satisfied. As such, the emergency handing rules
are not triggered and the TBFS strictly obeys the optimality
condition (32). Consequently, the TBFS highly resembles the
global optimal solutions found by DP for all tested cycles.
In Figs. 6-7, two examples of the resulting power profiles of
DP and the TBFS when driving the WL-M and WL-E are
illustrated. As it can be seen, the battery is never charged by
the engine, and the charge sustaining condition is reached
by depleting all the regenerated charge for propulsion by
the end of the missions, as described by the analytic results.
The SOC profiles for both cases are shown in Fig. 8, which
further confirm the effectiveness of the TBFS in emulating
the global optimal solutions. Finally, the simulation shows
that the tuning of TBFS on average saves about 80% of
computation time as compared to the DP optimization.
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the WL-E driving cycle.
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Fig. 8. Battery SOC profiles solved by DP and TBFS when driving the
WL-M (left) and WL-E (right) driving cycles.

V. CONCLUSIONS

This paper proposes a novel rule-based energy manage-
ment (EM) control strategy for series hybrid electric vehi-
cles (HEVs), the truncated battery power following strategy
(TBFS). The fundamental control rules are extracted from
the mathematical analysis of a simple but representative
vehicle model, in which the engine fuel mass rate is linearly
related to the primary source power. Thus, it is possible to
arrive at feasible fundamental optimization solutions that take
into account the main physics of the energy management
problem for series HEVs. The TBFS essentially combines
two operational modes: battery-only mode and hybrid mode,
which are separated by the designed power threshold. This

parameter is regulated based on the information of the driv-
ing cycle, targeting charge sustaining operation. As such, the
globally optimal solutions for the presented vehicle model
can be simply produced by the TBFS without referring to
dynamic programming (DP), which usually involves heavy
computation effort. The simple nature of the TBFS also
makes it a potential benchmark strategy for high-fidelity
vehicle models, where DP is not applicable any more. Future
work involves extending TBFS to incorporate driving speed
prediction, which may allow the TBFS to be implemented
in real-time.
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