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ABSTRACT The optimal engine operating zone of energy management plays an important role in the fuel
economy improvement of Plug-in hybrid electric buses. However, the existing investigations usually design
the engine operating zone by experience. This paper proposes a robust design method for the robust and
optimal design of the engine operating zone. Firstly, a nonlinear model predictive control (NMPC)-based
energy management together with a single-point preview SOC (state of charge) plan method is designed.
Then, a Taguchi robust design model is designed to find the optimal engine operating zone by taking the
energy management as underlying solving module. Particularly, the noises of driving cycles and stochastic
vehicle mass are considered to improve the robust performance of the engine operating zone. Finally, The
Monte Carlo Simulation is deployed to verify the robustness and optimal performances of the designed
engine operating zone. Simulation results demonstrate that the proposed method is beneficial to the fuel
economy improvement, where the fuel economy can be averagely improved by 9.10% compared with the
experienced designed engine operating zone, and can be averagely improved by 16.34% compared with the
rule-based energy management strategy.

INDEX TERMS Energy management, engine operating zone, nonlinear model predictive control, plug-in
hybrid electric bus, Taguchi robust design.

I. INTRODUCTION
With the increasing energy crisis and environmental pollution
problems, many countries have launched relevant policies
to promote the development of new energy vehicle [1], [2].
Plug-in hybrid electric vehicle (PHEV) develops rapidly
because it can incorporate the merits of the pure electric
vehicle (PEV) and the hybrid electric vehicle (HEV) [3], [4].
Moreover, energy management strategy(EMS) is the key of
the fuel economy improvement to the PHEV [5], [6].

EMS can be divided into rule-based, optimization-based,
adaptive control and reinforcement learning-based (RL)
strategies [7], [8]. In terms of the rule-based strategy,
Li et al. proposed a torque-leveling threshold-changing
strategy, which can ensure the engine operates at an efficient
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operating point [9]. Xu et al. proposed a double fuzzy control
strategy for a parallel hybrid electric vehicle, where the
genetic algorithm (GA) is deployed to optimize the fuzzy
control rules. The simulation results demonstrated that the
optimized fuzzy control rules can adjust the operating points
of the engine, and improve the fuel economy of the vehi-
cle [10]. Zhou et.al proposed a parameter selection method to
optimize rule-based energy management based on dynamic
programming. The results showed that the optimized method
can improve the operating points distribution of the engine,
and improve the fuel economy of the vehicle [11]. In terms
of the optimization-based strategy, Hu et al. presented a
dynamic programming (DP) algorithm to distribute the power
between engines and batteries for a heavy-duty hybrid
electric vehicle. The simulation results demonstrated that
the fuel economy can be greatly improved due to the
better distribution of the operation points of engine [12].
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Solouk et al. presented a Pontryagin’s Minimum Principle
(PMP)-based energy management, where the fuel economy
of the vehicle can be greatly improved, because the engine
operating points can be located in an efficient zone [13].
Liu et al. proposed an improved equivalent fuel consumption
minimization strategy (ECMS) for a hybrid electric vehicle,
where the fuel economy can be improved by adjusting the
engine operating point to a high-efficiency zone during the
acceleration process [14]. In terms of the adaptive control
strategy, Wang et al. presented a stochastic model predictive
control (SMPC)-based energy management, to improve the
operating points distribution of an engine [15]. Liu et al.
proposed an adaptive hierarchical energy management for a
PHEV, which can prevent the engine from operating in the
inefficient zone while reducing the fuel consumption of the
vehicle [16]. In terms of the RL-based strategy, Zhang et al.
presented a Q-function-based energy management, where the
results indicated that the operating points of the engine can
be concentrated in the high-efficiency zone [17]. According
to the above research results, the distribution of the engine
operating points plays an important role in the improvement
of the fuel economy.

Therefore, if the engine operating zone can be optimally
designed in advance, the fuel economy may be greatly
improved. Fortunately, many investigations have paid atten-
tion to this problem [18]. Bagwe et al. proposed a method
for the optimization of the engine operating zone based
on adaptive rule-based energy management. The results
showed that it can prevent the engine from operating in
highly inefficient zones and reduce the total equivalent fuel
consumption of the vehicle [19]. Zhang et al. proposed an
engine operating zone design method based on a designed
optimal operating curve, where the fuel economy can
be greatly improved. Moreover, the problem of starting
and stopping the engine frequently can be reduced [20].
Guo et al. and Shabbir et al. proposed a method to locate
the engine points in the high-efficiency zone, by which the
fuel economy and the driving performance can be greatly
improved [21], [22].

However, the above methods ignored the noises of driving
cycles and stochastic vehicle mass. In fact, the above noises
have a great effect on the design of the engine operating
zone [23]. For example, different driving cycles imply
different power requirements of the vehicle. Different power
requirements imply that the optimal engine operating zone
should also be different. Otherwise, the fuel economy of
the vehicle may be deteriorated. Similarly, different bus
routes imply different distributions of the vehicle mass due
to the stochastic distribution characteristic of the passengers
in different bus stops, and different distributions of the
vehicle mass imply different distributions of the power
requirement [24].

This paper exclusively proposes a robust design method
for the robust and optimal design of the engine operating
zone of a Plug-in hybrid electric bus (PHEB), by con-
sidering the noises of the driving cycles and stochastic

FIGURE 1. The diagram of the PHEB with signal-parallel hybrid
powertrain.

TABLE 1. The detailed parameters of the PHEB.

vehicle mass. The main contributions are summarized as
follows:

1) A NMPC-based energy management strategy together
with a single-point preview SOC (state of charge of battery)
plan method is proposed, to realize the adaptive energy
management control.

2) A Taguchi robust design (TRD) method is proposed for
the robust and optimal design of the engine operating zone in
consideration of the noises of driving cycles and stochastic
vehicle mass. Meanwhile, a reliable verification method is
deployed to verify the performance of the designed energy
management, based on the Monte Carlo Simulation (MCS).

The paper is organized as follows. The description of
PHEB is given in Section II. The NMPC-based energy
management is detailed in Section III. The TRD and MCS
methods for the engine operating zone are introduced in
section IV. The results and discussions are given in Section V,
and the conclusions are drawn in Section VI.

II. MODEL DESCRIPTIONS FOR PHEB
A. CONFIGURATIONS AND MODELS OF THE PHEB
As shown in Fig. 1, the PHEB is signal-paralleled, where an
engine, a clutch, an electric motor (EM), and an automatic
manual transmission (AMT) are sequentially assembled in
the driveline. It can realize five typical working modes,
including EM driving mode, engine driving mode, hybrid
driving mode, engine charging mode, and regenerative
braking mode. The detailed parameters of the PHEB are
shown in Table 1.

B. VEHICLE DYNAMIC
The energy consumption of the PHEB is mainly impacted by
longitudinal model [25]. Based on the longitudinal dynamics
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FIGURE 2. The fuel consumption rate MAP of the engine.

equation, the relationship between the torque of wheel
and the output torque of two power sources is written
as:

Tw = ηt · iAMT · i0 (Te + Tm)+ Tb

= (mv + mp)grfr cos θ +
CDArv2

21.15

+(mv + mp)gr sin θ + δ(mv + mp)
dṽ
dt
r (1)

where Tw denotes the torque of wheel; ηt denotes trans-
mission efficiency; iAMT and i0 denote gear ratio of the
AMT and the final drive ratio, respectively; Te and Tm
denote the engine torque and the EM torque, respectively;
Tb is the braking torque acting on the wheel; g, θ and fr
denote the gravity acceleration, angle of the road slope and
rolling resistance coefficient, respectively. The slope is not
considered in this paper, so θ is 0;, CD, A and v denote the
air resistance coefficient, windward area and velocity of the
vehicle, respectively;δ denotes the conversion coefficient of
rotating mass; r denotes the radius of the wheel; mv and
mp denote the empty vehicle mass and the passenger mass,
respectively.

C. ENGINE MODEL
As shown in Fig. 2, the engine is a highly complex system,
the engine dynamic model, which reflects the transient
characteristics of all parts, is not the research focus of this
paper. Therefore, the experimental approach is adopted to
model the engine, and the dynamic characteristics the engine
are neglected. The instantaneous fuel consumption of engine
can be calculated by the fuel consumption rate in (2). The
fuel consumption is obtained through looking up the fuel
consumption rate MAP of the engine,

ṁe =
Te · ne
9550

·
be (Te, ne)

3600
(2)

where ṁe denotes the instantaneous fuel consumption; ne
denotes the speed of the engine; be(Te, ne) denotes the
fuel consumption rate. During the driving cycle, the fuel
consumption performance can be optimized by limiting the
engine operating point to the high efficiency zone.

FIGURE 3. The efficiency MAP of the EM.

FIGURE 4. The equivalent circuit of simplified battery model.

D. MOTOR MODEL
Similar to engine model, the dynamic performance of the EM
is also neglected. Since only one EM is used in the plug-in
hybrid electric powertrain, it can be used as an electromotor
or a generator during driving or braking modes, respectively.
The power consumption of the EM can be calculated by

Pm =
{
(nm · Tm)/ (ηm · 9550) , E lectromotor
(nm · Tm · ηm) / (9550) , Generator

(3)

where Pm denotes the power of the EM; nm denotes the speed
of the EM; ηm denotes the efficiency of the EM, which can
be interpolated by the efficiency MAP of the EM, as shown
in Fig. 3.

E. BATTERY MODEL
As shown in Fig. 4, the battery model is simplified as an
equivalent circuit with a voltage source and a resistance. The
dynamics of battery SOC and the internal current can be
described as

SȮC = −Ib/Qb (4)

Ib =
VOC −

√
V 2
OC − 4Pb · Rb

2Rb
(5)

wherePb denotes the power of battery;VOC denotes the open-
circuit voltage; Qb denotes the battery capacity; Rb denotes
the internal resistance.

III. THE FORMULATION OF THE NMPC-BASED ENERGY
MANAGEMENT
The fuel minimization problem of the PHEB can be taken
as a nonlinear and constrained optimal control problem [26].
ANMPC-based energymanagement is proposed in this paper
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because its performance in dynamic control is excellent [27].
The detailed description of the method is listed as follows.

Firstly, in the discrete time domain, the PHEB system can
be described as follows:{

x(k + 1) = A(k)x(k)+ Bu(k)+ Dw(k)
y(k) = Cx(k)

(6)

where x(k), u(k), w(k) and y(k) denote the discrete time
state variables, control variables, disturbance variables and
output variables, respectively. They can be expressed as
follows:

x(k) = [v(k),Te(k),Tm(k),Tb(k), SOC(k)]T

u(k) = [T ∗e (k),T
∗
m(k)]

T

w(k) = [Tdriver(k),Ff (k)]T

y(k) = [v(k), SOC(k)]T

(7)

where v(k) is the vehicle velocity; Te(k) and Tm(k) denote
the torques of engine and EM, respectively; Tb(k) denotes the
mechanical braking torque on wheels. SOC(k) is the state of
charge of battery; T ∗e (k) and T

∗
m(k) is the desired torque of

engine and EM, respectively; Tdriver(k) is the driver demand
torque acting on the wheels of the vehicle; Ff (k) is the total
resistance of vehicle; k denotes the times of kTs, where Ts
represent the sample time.

In addition the equation can be derived, as shown at
the bottom of next page, where τe, τm and τb denote the
time-delay coefficient of the engine, motor and mechanical
braking system, respectively. Since the characteristics of
battery SOC is nonlinear, (6) is a nonlinear model. The
derivate of SOC is relevant to the vehicle velocity, the torque
of motor, and SOC, so we define the fN (k) in the coefficient
matrix A(k).

Because the electric energy of battery is always cheaper
than petroleum, it is usually hoped that the electric energy
of battery can be exhausted (to the lowest level SOCMin) in
the destination of driving cycle to reduce fuel consumption.
Therefore, the cost function is designed as follow:

J =
N∑
k=1

ṁe(x(k)) · Ts + p(SOC(N )) (8)

where N is the length of the predictive horizon; p(SOC(N ))
penalizes the deviation of SOC at the end of the pre-
dictive horizon from a value of SOC reference trajectory,
which can guarantee the electric energy can be consumed
reasonable.

The vehicle constraint conditions of the cost function are
shown below.

SOCMin
≤ SOC(k) ≤ SOCMax

nMin
e ≤ ne(k) ≤ nMax

e

nMin
m ≤ nm(k) ≤ nMax

m

TMin
e ≤ Te(k) ≤ TMax

e

TMin
m ≤ Tm(k) ≤ TMax

m

(9)

where SOCMin and SOCMax denote the corresponding
boundaries of SOC(k), respectively; nMin

e , nMax
e and nMin

m ,

nMax
m denote the corresponding boundaries of ne(k) and
nm(k), respectively; TMin

e , TMax
e and TMin

m , TMax
m denote the

corresponding boundaries of Te(k) and Tm(k), respectively.
As shown in Fig. 5, the single-point preview SOC plan

method is proposed. In order to make the SOC reach the
objective of 0.3 at the destination of the route and avoid
the influence of the stochastic characteristic of driving
conditions, the SOC reference trajectory will be dynamically
planed by linear method at every fixed distance step (the
0.05 normalized travelling distances). Here, the initial point
is the SOC value corresponding to the starting position of the
fixed distance step, and the terminal point is (1, 0.3). The SOC
reference trajectory can be described as:

SOCr(k) =
dr(k)− 1

df(k − 1)− 1
(SOCf(k − 1)− 0.3)+ 0.3 (10)

where SOCr and dr denote the reference SOC and traveled
normalized distance at current time step, respectively; SOCf
and df denote the feedback of the SOC and the normalized
distance from the previous time step, respectively. Here, the
SOCf and df will be updated only at the starting position of
the fixed distance step.

As shown in Fig. 6, the specific procedures of
NMPC-based energy management are listed as follows.

1) Firstly, the driver model is constructed based on
PID controller, which is used to obtain pedals opening
based on the error between current and reference velocities.
According to the above pedals opening, the demand torque
can be obtained by looking-up table, and will be delivered
to the prediction module as the start point of control
horizon.

2) Secondly, according to the assumption that the predicted
torque decreases exponentially, the demand torque sequences
over the prediction horizon will be predicted in the prediction
module. It can be expressed as follows:

Tdriver(k + i) = Tdriver(k)e
( (−i∗0.1+0.1)∗τ

τd
)

i = 1, 2, . . . ,N

(11)

where Tdriver(k) is the known at the current step; Tdriver(k+ i)
is the driving demand torque over the prediction horizon; τ is
the sample time and τd is the decay coefficient;N is the length
of the prediction. After solving the demand torque sequences,
the velocity forecast sequences are estimated by the vehicle
longitudinal dynamic equations.

3) Thirdly, the optimal torque sequences can be solved
by DP, by taking the reference SOC, the velocity forecast
sequences and the PHEB states as inputs of optimization
module. In addition, the PHEB states are composed by SOC,
gear position, velocity, resistance force of road, etc. More
importantly, the first element of the optimal torque sequences
will be extracted to the PHEB model to solve the next
states.

4) Then, taking the SOC, traveled normalized distance
and feedback normalized distance from the PHEB model as
inputs of the SOC reference trajectory planning module, the
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FIGURE 5. The single-point preview SOC plan method.

reference SOC of the next states will be predicted, which will
be delivered to the optimization module.

5) Finally, repeat steps (1) to (4).

IV. THE FORMULATION OF THE ROBUST DESIGN
METHOD
As shown in Fig. 7, the robust design method is mainly
divided into two steps. The first step is to design the
engine operating zone based on TRD. Here, the engine
operating zone is designed as the control factor; the historical
driving cycles and the stochastic vehicle mass (the stochastic
passenger mass) are designed as the noise factors. Then
the control factors and the noise factors are combined to
design the inter-outer table. Finally, based on the NMPC,
the signal-to-noise ratio (SNR) can be calculated and the
designed engine operating zone can be obtained by analyzing
the SNR. The second step is to verify the designed engine
operating zone obtained by the TRD based on theMCS. Here,
the historical driving cycles and stochastic vehicle mass are
designed as random input variables, and the terminal SOC are
designed as responses of the NMPC. Based on the responses
of the NMPC, once the better robustness of the designed

FIGURE 6. The framework of NMPC-based energy management.

engine operating zone is guaranteed, it will be applied to the
PHEB that taking the NMPC-based energy management as

A(k) =



1
ηtiAMTi0

δ(mv + mp)r
ηtiAMTi0

δ(mv + mp)r
1

δ(mv + mp)r
0

0 1−
1
τe

0 0 0

0 0 1−
1
τm

0 0

0 0 0 1−
1
τb

0

fN (k) 0 fN (k) 0 1+ fN (k)


,

B =



0 0
1
τe

0

0
1
τm

−
ηtiAMTi0
τb

−
ηtiAMTi0
τb

0 0


, C =

[
1 0 0 0 0
0 0 0 0 1

]
, D =



0 −
1

δ(mv + mp)
0 0
0 0
1
τb

0

0 0


,

fN (k) = −
VOC −

√
V 2
OC − 4Pb · Rb

2QbRb (v(k)+ Tm(k)+ SOC(k))
.
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FIGURE 7. The diagram of the robust design method.

FIGURE 8. The diagram of the Taguchi robust design.

underlying solving module; otherwise, the above steps are
repeated.

A. THE FORMULATION OF THE TAGUCHI ROBUST DESIGN
As shown in Fig. 8, the detailed diagram of Taguchi Robust
Design is described. Firstly, the control factors are designed
based on the Optimal Latin Hypercube Design (Opt-LHD)
to structure the inner table of inner-outer table; the noise
factors are designed based on the Opt-LHD to structure the
outer table of inner-outer table. Here, the control factors
are represented in detail as the intervention speed, departure
speed, intervention torque and departure torque of engine; the
noise factors are represented in detail as the historical driving
cycles and the mass of passenger in different road segments.
Secondly, the inter-outer table is applied to the NMPC-
based energy management to calculate fuel consumptions
for each combination of control factors and noise factors.

FIGURE 9. The scope of each control factors.

FIGURE 10. The terminal SOCs corresponding to different noise
factors.

Then, based on the above calculation results, the SNRs cor-
responding to each control factors are calculated. At last, the
designed engine operating zone is obtained by analyzing the
SNRs.

1) TRD CALCULATION METHOD
The SNR is designed as an evaluation index that is used to
evaluate the robustness of the system. The higher SNR of the
system means less quality loss and higher robustness. In this
case, based on analysis of the SNR, the impact of noises on
the system response will be reduced by designing control
factors. For static system, SNR has three different evaluation
indexes, which include the larger-the-better, smaller-the-
better (STB) and the nominal-the-best. Because the NMPC-
based energy management problem mainly belongs to the
static system and its purpose is to minimize the average fuel
consumption, the STB is applied for SNR. It can be expressed
by the following equation:

η = −10 log10

(
1
n

n∑
i=1

y2i

)
(i = 1, 2, . . . , n) (12)

where η denotes the SNR of the STB; yi denotes the fuel
consumption at every instant. n denotes the number of
experiments. In addition, the quality loss function is defined
as follows.

L(y) = βy2, y ≥ 0 (13)

where L(y) denotes the quality loss; β denotes the coefficient
of the quality loss; y denotes the quality value.
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TABLE 2. The inner-outer table.

FIGURE 11. The framework of MCS reliable verification.

FIGURE 12. The historical driving cycles from No.1 to No.10.

2) THE INNER-OUTER TABLE DESIGN
As shown in Table 2, the inner table is composed of 60 sets of
control factors. The scopes of each control factors are shown
in Fig. 9. The outer table is composed of 50 sets of noise
factors. Moreover, 50 energy management calculations will
be executed to each control factor, based on the noise factors.

The SNRs and the quality losses for each control factors can
be calculated by (12) and (13), respectively.

B. MCS RELIABLE VERIFICATION
As shown in Fig. 10, corresponding to the different noise
factors, the terminal SOCs based on the result of TRD may
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FIGURE 13. The SNRs of experiments.

FIGURE 14. The quality losses of experiments.

FIGURE 15. The means of fuel consumption.

TABLE 3. The optimal control sequence based on TRD.

deviate from the feasible region. Therefore, the robustness of
the result of TRD should be verified. As shown in Fig. 11,
the reliable verification based on MCS is described. Firstly,
the historical driving cycles and the stochastic vehicle mass
are designed as random variables by the probability model
of normal, and are sampled by the descriptive sampling
method. Secondly, the sampling results and the designed
engine operating zone of the TRD are delivered to the NMPC-
based energy management to calculate the terminal SOCs for

FIGURE 16. The feasible and unfeasible region distribution.

FIGURE 17. The combined driving cycles from No. 11 to No. 14.

FIGURE 18. The deviations between the actual SOC and the reference
SOC.

every combination of random variables. Finally, analyzing
the reliability of the designed engine operating zone based
on above calculation results, once the robustness is satisfied,
the robust engine operating zone can be employed in the
NMPC-based energy management; otherwise, it needs to be
redesigned by the TRD.

V. RESULTS AND DISCUSSION
A. TRD RESULTS AND DISCUSSION
As shown in Fig. 12, 10 historical driving cycles (from No.1
to No.10) are downloaded from remote monitoring system,
and are used to design the robust engine operating zone. The
maximum velocities of the 10 driving cycles do not exceed
50 km/h, and the maximum driving distances do not exceed
47 km.
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FIGURE 19. The SOC trajectories of the control strategies.

As shown in Fig. 13, the maximum value of SNR in all
experiments comes from experiment 21, and its value is
−15.2. As shown in Fig. 14, the minimum value of quality
loss comes from experiment 21, whose value is 33.119.
As mentioned above, the higher SNR implicates less quality
loss and higher robustness. Thus, based on the analysis
of Fig. 13 and Fig. 14, the experiment 21 possesses the
preferable system and higher robustness. Meanwhile, the
Fig. 15 shows that the minimum mean of fuel consumption
is also from experiment 21, whose value is 5.753. It implies
that the experiment 21 has preferable fuel economy compared
with other experiments. Eventually, the optimal control
sequences based on TRD are shown in Table 3.

B. MCS VERIFICATION RESULTS AND DISCUSSION
The designed engine operating zone based on TRD is verified
by MCS. As shown in Fig. 16, the feasible region and
the unfeasible region are divided by the lower specification
limit (LSL) and the upper specification limit (USL), whose
values are 0.27 and 0.32, respectively. Based on the MCS
results, the failure probabilities of LSL and USL are 1% and
0%, respectively, and the total reliable probability is 99%,
which indicates that the designed engine operating zone has
high reliability and good robustness.

C. THE SOC FOLLOWING PERFORMANCE RESULTS AND
DISCUSSION
As shown in Fig. 17, 4 combined driving cycles (the
combination of driving cycles and the stochastic passenger
mass) fromNo.11 to No.14 are designed to verify the tracking
accuracy of the actual SOC to the reference SOC. Here,
the stochastic passenger mass in different road segments is
obtained based on the Opt-LHD method, and the historical
driving cycles are obtained from remote monitoring system.
As shown in Fig. 18,most of the deviations between the actual
SOC (Percentile System) and the reference SOC (Percentile
System) locate in the scope of [−2, 2]. This implies that
the designed SOC reference trajectory is reasonable for

FIGURE 20. The fuel consumption of O-NMPC compared with E-NMPC.

the NMPC-based energy management and the actual SOC
controlled by NMPC has excellent following performance.

D. SIMULATION RESULTS AND DISCUSSION
The combined driving cycles from No.11 to No.14 are
applied to verify the effectiveness of the proposed method.
To evaluate the NMPC-based energy management with
optimization of engine operating zone (O-NMPC), the
NMPC-based energy management with experience of engine
operating zone (E-NMPC) and rule-based (RB) energy
management are employed here. As we all know, the RB
has been widely used in real-world conditions, and it is
characterized by charge depletion mode (CD) and charge
maintenance mode (CS) [28]. In the CD mode, the battery
is the main power source, but in the CS mode, the engine
is the main power source. As shown in Fig. 19, the SOC
trajectories under four different combined driving cycles are
obtained, and the initial SOCs of three control strategies are
all designed as 0.8. It is noteworthy that the SOC trajectory of
the RB shows a trend of rapid decline first and then flattens.
However, the SOC trajectories of O-NMPC and E-NMPC
decline gradually which is different from the RB.

As shown in Fig. 20, the fuel economy of the O-NMPC
improved on average by 9.10% compared with the E-NMPC.
As shown in Fig. 21, the main reason is that the engine
operating points of O-NMPC are more concentrated in the
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FIGURE 21. The engine operating points of the O-NMPC and the E-NMPC.

FIGURE 22. The fuel consumption of O-NMPC compared with RB.

high-efficiency zone than that of E-NMPC. Fig. 22 shows
that the fuel economy of the O-NMPC is better than the RB,
and it improved on average by 16.34% compared with the
latter. The simulation results show that the proposed method
is feasible, and the optimized engine operating zone has a
significant effect on improving fuel economy.

VI. CONCLUSION
This paper proposes a robust design method to optimize the
engine operating zone. The main conclusions are as follows.

1) The MCS reliable verification is deployed to verify
the designed engine operating zone based on TRD, whose
results demonstrate that the designed engine operating zone
is reliable and robust, while there is still a 1% probability of
failure.

2) For the proposed SOC reference trajectory based on the
single-point preview, the experimental results demonstrate
that the actual SOC has an excellent ability to follow the
reference SOC. Most of the deviations between the actual
SOC and the reference SOC locate in the scope of [−2, 2].

3) The simulation results demonstrate that the proposed
method can effectively improve the economy of PHEB. The
fuel economy of the O-NMPC can be averagely improved
by 9.10% compared with the E-NMPC, and be averagely
improved by 16.34% compared with the RB.

The further research will concentrate on two aspects.
(1) The proposed method should be further verified by real
vehicles, because of the dynamic and stochastic characteris-
tics of real traffic environment. (2) Since the design method
of TRD is a general method, it can be further used in other
strategies. For example, the SOC trajectory of the PHEB can
be planned by the similarmethod to improve its fuel economy.
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