
© 2025 IEEE. Personal use of this material is permitted. Permission from IEEE must be 

obtained for all other uses, in any current or future media, including reprinting/republishing 

this material for advertising or promotional purposes, creating new collective works, for 

resale or redistribution to servers or lists, or reuse of any copyrighted component of this work 

in other works.  
 

 



IEEE TRANSACTIONS ON TRANSPORTATION ELECTRIFICATION 

Abstract—In this paper, a robust optimization design method 

is presented to improve the energy management effect of plug-in 

hybrid electric buses (PHEB). Various uncertain factors are 

taken into account, including passenger load, resistance, and 

efficiency. First, the deterministic design of the energy 

management strategy is conducted under a city bus route, which 

is divided into 20 segments according to bus stations. The 

segmented equivalent consumption minimization strategy 

(ECMS) is established wherein the equivalent factors undergo 

optimization by the dynamic programming (DP) algorithm. Then, 

the sequential Taguchi method is utilized to optimize the 

equivalent factors based on deterministic results. Uncertain 

factors are designated as noise factors, while equivalent factors 

serve as control factors. The total fuel consumption is chosen as 

the optimization objective, with consideration given to the final 

state of charge (SOC) limit. The simulation results demonstrate 

that the energy management system obtained by robust 

optimization achieves a 1.9% reduction in fuel consumption 

expectation compared to the deterministic optimization. The 

result proves the validity of the proposed robust optimization 

method. 

Index Terms—Plug-in hybrid electric bus, Energy 

management, Taguchi robust design, Equivalent consumption 

minimization strategy 

I. INTRODUCTION

owadays, pressure from both energy crises and 

environmental pollution promotes the development of 

plug-in hybrid electric vehicles (PHEV). Compared to 

conventional vehicles, an additional power source increases 

the freedom of power distribution which allows the engine to 

operate in a high-efficiency range [1]. Regenerative braking 

further improves fuel economy as well [2]. The ability to 

charge from the grid enables PHEV to work for long distances 

only using electricity. In public transport areas, the plug-in 

hybrid electric bus (PHEB) has been adopted in many cities [3, 

4]. 

The energy management strategy directly determines the 

fuel efficiency and emission performance of PHEBs. The 

current energy management strategies can be broadly 
classified into four categories, namely rule-based energy 

management strategy [5, 6], global optimization energy 

management strategy [7, 8], instantaneous optimization energy 

management strategy [9, 10], and learning-based energy 

management strategy [11]. Each approach exhibits distinctive 

characteristics. The global optimization method can achieve 

theoretically optimal energy management performance when 

the entire driving cycle is known beforehand. Subject to 

substantial computational demands, the global optimization 

method is utilized to assess the control effectiveness of other 

strategies [12], provide offline optimization results as the basis 

for online control [13], and solve the optimal control law under 

short-range vehicle speed prediction [14]. From the standpoint 

of real-time control, rule-based energy management strategies 

are widely adopted in the industry owing to elevated reliability 

and low computing cost [15]. However, optimal control 

remains a formidable challenge for the rule-based method [16]. 

Learning-based methods can obtain the near-optimal solution 

[17]. However, the relatively large computing load and 

parameter scale restrict the practical application. In response 

to both real-time and optimal control requirements, the 

instantaneous optimization method emerges as a viable 

alternative. By minimizing the transient cost function at each 

moment, a discernible control effect approximating global 

optimization is realized [18]. Representative strategies include 

the equivalent consumption minimization strategy (ECMS) 

and Pontryagin’s minimum principle (PMP) [19-21]. 

Considering the segment characteristic of the PHEB driving 

cycle, segmented ECMS assigns different control parameters 

to each road segment for better fuel economy. In [22], the 

offline optimization of control parameters for segments is 

conducted with different initial state of charge (SOC). The 

results are converted to a look-up table for real-time 

adjustments. Model prediction control is applied to make 

adaptive changes in ECMS based on road segments [23]. 

In deterministic optimization design, all operating 

parameters are fixed at their nominal values without any 

variation. The energy management strategy optimized under 

this approach can achieve theoretically optimal given the 

known driving cycle. However, uncertain factors such as 

passenger load exhibit continuous variability, leading to a 

changing and unpredictable demand for power. Consequently, 

the control effect of energy management experiences 

degradation. Given the potential for considerable variations in 

the gross mass of PHEB due to large passenger capacity, 

numerous robust design methods have been proposed [24-29]. 
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Robust design aims to find an optimal solution that is 

insensitive to noise. The Taguchi robust design and design for 

six sigma (DFSS) are representative methods. The Taguchi 

robust design is widely used in manufacturing, engineering, 

product design, and other technological process [30-32]. In 

[24], the Taguchi method is utilized to design a robust co-state 

sequence of PMP, considering uncertain driving cycles and 

vehicle mass. In [25], the parameters of the proportion-

integration (PI) controller are designed through the Taguchi 

method. DFSS is generally used to develop products to meet 

needs with very low defect levels [26]. As reported in [27], a 

robust co-state for pattern recognition-based energy 

management is found offline through DFSS. 

The above optimization methods address the impact of 

uncertain factors, encompassing passenger load and driving 

cycle. Notably, additional parameters also exhibit uncertainty 

during actual driving. Regarding power demand, both rolling 

resistance and air drag coefficient fluctuate within a narrow 

range. During operation, the efficiency of the machine and 

engine may differ from the nominal value [33, 34]. In the 

context of long-term operation, variations in uncertainties can 

lead to changes in energy management performance. The 

accumulation of different uncertainties will make the control 

effect further deviate from the expectation. 

This paper aims to enhance the fuel economy of PHEB 

during long-term operation by robust energy management 

optimization. For real-time implementation on a city bus route, 

the segmented ECMS is selected. Additionally, the sequential 

Taguchi robust method is employed to identify robust 

equivalent factors. The primary innovations of this study 

include two aspects: 

1) Sequential Taguchi robust optimization is conducted

based on deterministic optimization. The optimized energy 

management strategy can achieve lower fuel consumption 

when facing driving uncertainties. 

2) Various uncertainties during actual driving, including air

drag resistance, rolling resistance, passenger load, and 

efficiency attenuation of power source are comprehensively 

considered. During long-term operation, the segmented ECMS 

after robust optimization demonstrates superior practical 

performance. 

This paper is organized as follows. In Section II, the PHEB 

model is established. Section III presents the formulation of 

segmented ECMS, deterministic optimization, and robust 

optimization utilizing the sequential Taguchi method. The 

simulation and test are conducted, and the results are analyzed 

in Section IV. Conclusions are drawn in Section V. 
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Fig. 1. Structure of the PHEB. 

II. PHEB MODEL

The PHEB in this study adopts a coaxial configuration, 

where torque from both the engine and machine is transmitted 

to the same shaft, so the total power belongs to mechanical 

power. The structure of PHEB in this paper is shown in Fig. 1. 

A. Vehicle Dynamic Model

Considering that the primary purpose of energy 

management strategy is to minimize fuel consumption while 

satisfying power requirements, the longitudinal dynamics can 

be used as the theoretical basis for modeling. The driving 

torque acting on the wheels Tw, which originates from the 

coupling torque can be formulated as 

w e m AMT f t( )T T T i i = + (1) 

where Te and Tm are the engine torque and machine torque. 

iAMT and if are the ratio of AMT and final drive respectively. ηt 

is the transmission efficiency. Meanwhile, resistant torque Tf 

can be written as 

2

f r a d b

1
cos sin

2

dv
T MgC AC v Mg M r T

dt
   = + + +  +（ ） (2) 

where M is the total mass including curb mass and passenger 

load. g is the local gravity acceleration. Cr and Cd are the 

rolling resistance coefficient and air drag coefficient. θ, ρa, A, 

v, and δ represent the road angle, air density, bus frontal areas, 

speed, and rotational mass conversion factor. r is the radius of 

the wheels. Tb represents mechanical braking torque. For 

longitudinal dynamic balance, Tw should be equal to Tf. The 

main parameters of the PHEB are given in Table Ⅰ. 
TABLE I 

PARAMETER OF THE PHEB 

Component Parameter Value 

Vehicle 

Rolling resistance 

coefficient 
0.016 

Air drag coefficient 0.6 

Front area 6.05 

Curb mass 13000kg 

Gross mass 16500kg 

Wheel radius 0.512m 

Engine 

Type 6.5L, diesel engine 

Maximum torque 1150Nm 

Maximum power 250kW 

Machine 
Type PMSM 

Maximum torque 870Nm 

Battery 
Voltage 390V 

Capability 26.6kWh 

AMT Gear ratios 6.71/3.77/2.26/1.44/1/0.77 

Final drive Transmission ratio 5.571 

190.9

247.5

1000 1200 1400 1600 1800 2000 2200
200

400

600

800

1000

be  (g/kWh)

T
e 
 (

N
m

)

ωe (rpm) 

204.4

218.8

233.1

261.9

276.3

290.6

305.0

Fig. 2. Fuel consumption map of diesel engine. 
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B. Engine Model

The energy management strategy prioritizes fuel 

consumption over the specific combustion conditions or the 

internal operating state of the engine components. Therefore, a 

simplified quasi-static engine model is necessary. The 

instantaneous fuel consumption fm  can be calculated through 

e e e

f
9550 3600

T b
m


=  (3) 

where ωe and be represent the rotational speed of the engine 

and the fuel consumption rate. Once ωe and Te are known, be 

can be obtained through looking up the fuel consumption 

contour map shown in Fig. 2. 

C. Electric Machine Model

PHEB is equipped with one permanent magnet synchronous 

machine (PMSM) which has two working modes. During the 

braking process, the electric machine can regenerate electricity 

by operating as a generator. When the PHEB requires driving 

force, torque from the electric machine in motor mode helps 

adjust the engine operating points. 

Corresponding to different working modes, the machine 

power can be formulated as 

m m

m

mm

m m m m

0

       0

T
T

P

T T





 




= 
 

(4) 

where Pm, ωm, and ηm represent the machine power, the 

rotational speed of the machine, and the efficiency of the 

machine. Negative torque indicates that the electric machine is 

charging the battery. Similar to the fuel consumption rate, ηm 

can be deterministic by a look-up table quickly according to 

Tm and ωm. The electric machine efficiency map used in this 

paper is shown in Fig. 3. 
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Fig. 3. Electric machine efficiency map. 

D. Battery Model

In this paper, a simplified equivalent internal resistance 

battery model is selected to simulate the complex dynamic 

characteristics, as shown in Fig. 4. The effects of battery aging 

and temperature change are ignored as well. 

Rb

IbUb

Fig. 4. The simplified schematic of the battery. 

Battery current and SOC can be calculated by 

2

b b b b

b

b

4

2

U U R P
I

R

− −
= (5) 

b b
0

b

T

Q I dT
soc

Q

−
=

 (6) 

where Ib and soc are battery current and SOC. Pb, Ub, Rb, and 

Qb represent the battery power, open circuit voltage, internal 

resistance, and nominal battery capacity, respectively. As SOC 

decreases, both Rb and Ub change accordingly. The 

characteristics of the battery are shown in Fig. 5. 
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Fig. 5. The schematic diagram of battery characteristics. 
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Fig. 6. Produce of robust energy management optimization. 

III. ROBUST ENERGY MANAGEMENT OPTIMIZATION

The proposed robust energy management strategy can be 

divided into three steps: (i) Deterministic energy management 

strategy design, (ii) sequential Taguchi robust optimization, 

and (iii) Performance evaluation, as shown in Fig. 6. 

Segmented ECMS is selected as the foundational energy 

management strategy. It should be noted that the equivalent 

factors (EF) vary between bus stations for better control. 

A. Deterministic design of segmented ECMS

The principle of ECMS is to allocate a portion of energy

consumption to electricity at each moment, equating the 

consumed electricity to a corresponding amount of fuel. The 

instantaneous equivalent fuel consumption can be calculated 

through 

f,eqv f ress( ) ( ) ( )m t m t m t= + (7) 
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ress b

lhv

( )
( )= ( )

s t
m t P t

Q
(8) 

where Qlhv, f,eqv ( )m t and ress ( )m t represent the fuel low 

calorific, the instantaneous equivalent fuel consumption, and 

the electricity equivalent fuel consumption. s(t) represents EF 

which functions to allocate a specific cost to the utilization of 

electricity, thereby directly influencing the control effect of 

ECMS. 

This paper focuses on a PHEB operating on a city bus route. 

The route has a total length of 11.6 km and 21 bus stations, as 

shown in Fig. 7. 

Fig. 7. A city bus route for PHEB. 

In previous work, historical driving information on this 

route was collected. After cluster analysis of original data, one 

representative driving cycle is built for ECMS design, 

including reference passenger numbers between bus stations, 

as shown in Fig. 8. Due to the varying number of passengers 

on each trip and the differing speed characteristics across 

regions, the entire driving cycle is divided into 20 segments 

with bus stations serving as nodes. Accordingly, each segment 

is assigned a specific EF, which is the key to segmented ECMS. 

In real-time driving, the energy management system of PHEB 

adjusts the EF dynamically based on the current bus station. 
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Fig. 8. The constructed driving cycle of a city bus route. 

The SOC trajectory obtained from dynamic programming 

(DP) serves as a reference for deterministic optimization. The 

objective is to minimize deviations between the reference SOC 

trajectory and the SOC trajectory generated by ECMS. Table 

II lists the deterministic optimization result. 

In the sequential Taguchi robust optimization, employing 20 

EFs as optimization variables will result in a substantial 

number of tests and a large orthogonal table. Therefore, 

segments of the constructed driving cycle are clustered to 

reduce the complexity and difficulty of robust optimization. 

The K-means method is utilized, and the characteristic 

parameters selected include mean speed, mean running speed 

and speed standard deviation. 
TABLE II 

DETERMINISTIC OPTIMIZATION RESULTS 

No EF No EF No EF No EF 

1 2.73 6 2.99 11 3.17 16 3.90 

2 2.11 7 3.03 12 2.94 17 3.80 

3 3.79 8 3.89 13 1.82 18 3.13 

4 2.86 9 3.83 14 2.86 19 3.58 

5 3.79 10 3.67 15 3.94 20 2.68 

The 20 segments are clustered into four types. Additionally, 

EFs within each of the four types are close in value, which 

indicates the validity of clustering. Based on the deterministic 

optimization result, the mean EF of each segment type can be 

calculated, and this mean value is then assigned to all segments 

within the particular type. Consequently, four EFs 

corresponding to segment types are derived, namely S_1, S_2, 

S_3, and S_4. The deterministic optimization results after 

clustering are listed in Table III, and Fig. 9 illustrates the 

deterministic EF sequences. 
TABLE III 

DETERMINISTIC SOLUTION AFTER CLUSTERING 

Segment type 1 2 3 4 

EF S_1 S_2 S_3 S_4 
Value 3.05 3.80 2.78 1.97 
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Fig. 9. Deterministic EF sequences. 

B. Uncertainties during driving

During actual driving, the parameters of PHEB may

fluctuate around their corresponding nominal values. 

Uncertainties from many aspects are taken into account in the 

process of robust optimization. 

1) Passenger load

While PHEB operates on a city bus route, the number of

passengers will inevitably fluctuate, thereby influencing the 

actual performance of the energy management system. 

Therefore, passenger load is selected as an uncertain factor, 

denoted by Mp. 
The distribution of passenger flow is a specialized issue 

characterized by uneven distribution in time and space. The 

specific distribution and temporal changes in passenger flow 

are not the primary focus of this paper. For simplicity, it is 

assumed that the number of passengers between stations 

conforms to a normal distribution. The mean passenger 

number of each road segment is shown in Fig. 8. Additionally, 

the average passenger weight is 70kg. 

2) Rolling resistance

The PHEB must overcome rolling resistance while

traversing the relatively flat urban road surface. When 

estimating the required power for a PHEB, the rolling 

resistance coefficient Cr is typically considered at its nominal 

value. However, Cr is influenced by road surface type, driving 

speed, tire pressure, etc., which vary with time and segments 

during the actual driving process, leading to uncertainty of 

rolling resistance. 

3) Air drag resistance

In deterministic design, PHEB is usually considered as

operating under windless conditions where the air drag 

coefficient Cd remains constant. Although Cd is mainly 

deterministic by the body configuration, uncertainties such as 

the distance from the ground, pitch angle, and lateral wind 

matter as well. Besides, Cd remains constant only at higher 

vehicle speeds, elevated dynamic pressures, and when the 

corresponding gas viscosity is relatively low. Therefore, the air 

drag resistance coefficient is selected as one uncertain factor. 
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4) Attenuation of machine and engine efficiency

The power source of a PHEB comprises an engine and a

machine, the efficiency of which is determined by the current 

speed and the torque. However, factors like abrasion, 

components aging, and changing operating conditions can 

cause the attenuation of efficiency. Consequently, the actual 

efficiency of the power source may be lower than the expected 

value, directly affecting energy management decisions. Over 

time, the error continues to accumulate. Hence attenuation of 

motor and engine efficiency are selected as uncertain factors, 

denoted by attenuation coefficients σm and σe. 
All uncertain factors considered in this paper are listed in 

Table IV. Given the relatively stable nature of urban driving 

conditions, uncertainties are presumed to follow normal 

distributions with small standard deviations. During each 

actual driving cycle, the uncertainties fluctuate randomly. 
TABLE IV 

NOMINAL VALUE AND STANDARD DEVIATIONS OF UNCERTAINTIES 
Parameter Nominal values Standard deviations 

Cr 0.016 0.001 
Cd 0.6 0.02 

σm 0.97 0.0045 

σe 0.97 0.0045 

Mp 
2/16/22/27/25/25/29/28/30/31 

/29/20/15/17/21/27/22/15/10/3 

2/9/10/12/13/10/9/6/7/6 

/9/8/10/7/8/9/10/7/8/2 

C. Sequential Taguchi robust optimization

By utilizing the orthogonal array matrix and statistical

analysis, the Taguchi method empowers engineers to 

efficiently identify the most influential factors, optimize 

design parameters, and enhance the overall quality. A 

sequential Taguchi method, combining the strengths of the 

Taguchi method and the sequential optimization strategy, is 

applied to systematically search for a robust solution. The 

robust optimization method in this paper can be divided into 

seven 7 steps: 

Step 1: Determine the response and constraints of the 

sequential Taguchi method. 

The optimization model is defined as 

1 f 2 end

c1 end

c2 m m min m max

c3 e e min e max

c4 m m min m max

c5 e e min

min :    ( ) s 30%

s.t.       ( ) 30% 35%

( ) [ , ]

( ) [ , ]

( ) [ , ]

( ) [ ,

s

s

s

s

s

s

f x m oc

g x soc

g x T T T

g x T T T

g x

g x

 

  

 

= + −

=  

= 

= 

= 

=  e max ]

(9) 

where xs, f, mf, and gc are the control factor, response, total fuel 

consumption, and constraint, respectively. socend represents the 

final SOC. ω1, ω2 are the weight factors. The total fuel 

consumption of PHEB after 5 successive trips on the city bus 

route is selected as the response, with punishment that final 

SOC deviates from the lower limit of 30%. Additionally, 35% 

is set as the upper limit of SOC to avoid insufficient battery 

usage. To prevent over-discharge, an additional charge-

sustaining (CS) mode is designed. 

Step 2: Select control and noise factors. 

Four EFs corresponding to segment types are chosen as 

control factors. To account for the influence of uncertainty on 

the PHEB energy management strategy, noise factors consist 

of uncertain factors shown in Table IV. 

Step 3: Define the levels for control factors and noise factors. 

Both the control factor and the noise factor are designed at 

3 levels. For each control factor, level 2 represents the initial 

value, which is the result of deterministic optimization listed 

in Table III. The step size is set as 0.4 in the first iteration, 

determining level 1 and level 3. As for the noise factors,

nominal values μ in Table IV correspond to level 2. 

Analogously level 1 and level 3 correspond to μ+1.5σ and μ-

1.5σ where σ represents the standard deviation. 

Step 4 Design of the inner-outer table and implement the 

simulation. 

The L9(34) inner orthogonal array is generated by control 

factors. Each row represents a unique combination of control 

factor levels. Similarly, the L16(35) outer orthogonal array has 

16 rows representing different noise conditions. During one 

iteration, 144 (9×16) simulations of combinations will be 

executed. 

Step 5 Compute the S/N ratio and select the best level of 

each EF. 

According to the data obtained from the simulation, the 

signal/noise (S/N) ratio can be utilized as an evaluation index 

to find the optimal combination of EFs. Two main steps should 

be accomplished to calculate the S/N ratios of each level. 

Lower fuel consumption signifies a better energy management 

effect. Hence, the smaller-the-better criterion is applied, where 

a higher S/N ratio signifies less fuel consumption and better 

robustness. First, the S/N ratio for each row of the inner 

orthogonal array is calculated by 
16

2

1

( ) 10 lg[ ( , )]
j

SN i f i j
=

= −   (10) 

where i (1,2…9) and j (1,2…16) are the row numbers of the 

inner and outer table respectively. f(i,j) denotes the response of 

the corresponding simulation results. 

Then, the average S/N ratio for all levels of EFs is calculated 

based on SN(i). The S/N ratio of a level is determined by 

simulation with EF set at this level. For example, the S/N ratio 

for level 1 of S_2 is the average of SN(1), SN(4), and SN(7).  

The level revealing the highest S/N ratio of each control 

factor is selected as the outcome. As illustrated in Fig. 10, 

levels 3, 2, 1, and 2 are selected for S_1, S_2, S_3, and S_4 in 

iteration 1. Table V lists the corresponding selection results in 

bold. 

Step 6 Calculate the value of the optimization function of 

the selected EF combination. 

The sequential Taguchi method involves multiple iterations 

of a single Taguchi design. The introduction of the iteration 

mechanism ensures the convergence of the optimization 

process and guarantees that the final EF sequence cannot be 

further optimized. Fig. 11 illustrates the flowchart, where steps 

3 to 5 are considered as one iteration process. The optimization 

function for the selected EF combination in each iteration can 

measure the robust optimization effect, which is defined as 
16

1

1
( )

16 j

F f j
=

=  (11) 

where F denotes the value of the optimization function. f(j) 

refers to the response of selected EFs with noise factors in the 

outer table, row j. 
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Fig. 10. Illustration of S/N ratio. (a) Iteration 1, (b) Iteration 2, (c) Iteration 3, 

and (d) Iteration 4. 

TABLE V 
LEVELS OF CONTROL FACTORS 

EF Level Iteration 1 Iteration 2 Iteration 3 Iteration 4 

S_1 

1 2.65 3.05 3.25 3.35 

2 3.05 3.25 3.35 3.40 

3 3.45 3.45 3.45 3.45 

S_2 

1 3.40 3.60 3.70 3.75 

2 3.80 3.80 3.80 3.80 

3 4.20 4.00 3.90 3.85 

S_3 

1 2.38 2.38 2.48 2.58 

2 2.78 2.58 2.58 2.63 

3 3.18 2.78 2.68 2.68 

S_4 

1 1.57 1.77 1.97 2.07 

2 1.97 1.97 2.07 2.12 

3 2.37 2.17 2.17 2.17 

start

0<ΔF/F< 

end

Single Taguchi design Reduction of 

design space

Yes

No


Determine the 

optimization model

Fig. 11. Flowchart of sequential Taguchi method. 

Step 7 Termination judgment. 

The value of optimization function F is used to judge 

whether the selected EF combination meets the convergence 

condition. Iteration continues until the relative error of F 

between successive iterations is less than the specified 

threshold ε, which is set as 3% in this study. The value of F 

from iteration 1 should be compared with the initial design. If 

the relative error is smaller than ε and larger than 0, terminate 

the iteration progress and output the optimal EF sequence. 

Otherwise, reduce the design space and start another iteration. 

The space reduction method is defined as follows. Assume 

the initial design space of a control factor is [a, b], including 

three levels with a step size of d. It is noteworthy that the step 

size will be halved during the space reduction. If the optimal 

level is x0, then the designed levels for the same control factor 

in the next iterative process are determined by 

0

0

0 0 0

( , / 2, ),   / 2

( , / 2, ),   / 2

( / 2, , / 2),        

a a d a d x d a

b d b d b x d b

x d x x d others

+ + − 


− − + 
 − +

(12) 

where d is the step size of the present iteration. The initial d is 

set as 0.4. The levels of control factors during the iteration are 

listed in Table V. Fig. 12 illustrates the robust EF sequence 

after 4 iterations. Actual values of robust EFs are listed in Table 

VI. 
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Fig.12. Robust EF sequence after 4 iterations. 

TABLE VI 
ROBUST SOLUTION 

Segment type 1 2 3 4 

EF S_1 S_2 S_3 S_4 

Value 3.45 3.80 2.63 2.17 

D. Performance evaluation

Monte Carlo simulation (MCS) is employed to verify the 

effect of robust optimization. Latin hypercube sampling (LHS) 

is chosen as the sampling method to ensure the 

comprehensiveness of groups. Expectation and standard 

deviation of fuel consumption serve as evaluation indexes of 

robustness. The smaller expectation and standard deviation 

indicate that PHEB can maintain energy management effects 

under various driving conditions. Meanwhile, the distribution 

of socend is used as a failure measure for the upper limit of 35%. 

Too much battery power left indicates that the advantages of 

PHEB cannot be fully utilized. Despite conditions with 

uncertain factors smaller than nominal, most socend should be 

within the feasible region. The limit of socend and the objective 

of fuel economy are inherently non-conflicting. 

IV. RESULTS AND DISCUSSION

A. Results of deterministic and robust solutions

Since the robust optimization is conducted based on 

deterministic design, a comparison between robust EF 

sequence and deterministic EF sequence is necessary, as 

listed in Table VII. It should be noted that the comparison 

is carried out under the constructed driving cycle with 

uncertainties set to their nominal values. Optimized by DP, 

deterministic EF sequence can achieve minimum fuel 

consumption. While the robust EF sequence consumes an 

additional 0.146L of fuel for considering the uncertainties. 

Besides, compared to the rule-based method and ECMS 

with fixed EF, segmented ECMS with robust EF sequence 

performs better. The final SOC of the robust EF sequence is 

32.45% surpassing the lower limit of 30%. The SOC 

trajectories are similar, as shown in Fig. 13. Only a few 

points exhibit noticeable variations in machine torque on 

segment 13. On the other road segments machine torque 

curves are closer.  
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TABLE VII 
COMPARISON UNDER DRIVING CYCLE WITH NOMINAL UNCERTAINTIES 

Method Fuel consumption Final SOC 

Deterministic EF sequence 19.19436 30.21% 

Robust EF sequence 19.34034 32.45% 

Fixed EF 20.16279 30.12% 

Rule-based 22.13163 30.33% 
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Fig.13. Comparison of simulation results (a) SOC trajectory, (b)Machine 

torque on segment 13. 

B. Energy management performance in the face of

uncertainties

The objective of robust optimization is to enhance overall 

fuel economy in the presence of uncertainties during actual 

driving. As a result, MCS is used to evaluate the 

performance of segmented ECMS. Fig. 14 illustrates the 

comparison of fuel consumption distribution. The 

distribution of the deterministic EF sequence reveals 

several clusters around 20L and 19L, whereas the robust EF 

sequence exhibits a peak value near 19.4L. Additionally, the 

deterministic results have a few test groups with fuel 

consumption exceeding 22L. While the highest fuel 

consumption in the robust results is 21.69L. 
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Fig.14. Distribution of fuel consumption. (a) Deterministic, (b) Robust. 

Table VIII lists the actual fuel consumption expectations 

and standard deviation. The fuel consumption expectation 

of the robust EF sequence decreased by 0.3902L, equivalent 

to a reduction of 1.93%, compared with the deterministic 

EF sequence. Under the conditions of the city bus route and 

long-term operation, the overall fuel economy can be 

regarded as improved by robust optimization. Besides, the 

reduced standard deviation of the robust EF sequence 

indicates that the energy management system after robust 

optimization can keep good control effects despite 

uncertainties. 
TABLE VIII 

EXPECTATION AND STANDARD DEVIATION OF FUEL CONSUMPTION 

Fuel consumption Deterministic Robust 
Expectation(L) 20.2550 19.8648 

ΔExpectation(%) - -1.93% 

Standard deviation 0.7327 0.6296 

Most final SOC values can satisfy the design requirement, 
with nearly half of the test groups depleting the battery 

capacity, as shown in Fig. 15. Only 4.8% of the test groups end 

with SOC values exceeding 35%, and part of them are 

associated with extreme working conditions. Therefore, the 

robust EF sequence can be considered reliable without 

insufficient battery usage. This result aligns with the observed 

decrease in the fuel consumption expectation. 
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C. HIL test

Hardware-in-the-loop (HIL) is an important testing 

method in the process of energy management control 

strategy development. By simulating the environment and 

using real hardware to form the HIL system, the real-time 

performance and reliability of the energy management 

strategy can be further verified. The HIL testing system 

built in this paper is mainly composed of the HIL testing 

cabinet, host computer, and physical controller, as shown in 

Fig. 16. 

Real-time 

simulator

Rapid Control 

Prototype

Power 

management

module

Break-Out 

Box

PHEB

Segmented ECMS

Host computer

CAN

LAN

Fig.16. HIL testing platform. 

The power management module supplies electricity for 

the HIL test cabinet and the real controller. The break-out 

box builds connections between the controller and test 

system, facilitating the independent extraction of each 

signal. The designed segmented ECMS with robust EF 

sequence is written into the rapid control prototype. The 

real-time simulator is used for simulating the PHEB model 

and sending dates to the host computer. 

The HIL test results of the robust solution are shown in 

Fig. 17. The speed curve can track the constructed driving 

cycle of the city bus route well. Meanwhile, both the engine 

torque and the machine torque approximate the simulation 
results. The total fuel consumption is 19.37468L, close to 

the simulation result of 19.34034L, and the socend is 0.37% 

higher than 32.45%. According to the HIL test, the designed 

robust energy management strategy can be regarded as valid 
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and reliable. 

(b) Time (s)

-800

-600

-400

-200

0

200

400

600

800

0 500 1000 1500 2000 2500

M
a

c
h

in
e
 T

o
rq

u
e
 

(N
m

)

E
n

g
in

e 
T

o
rq

u
e

 (
N

m
)

0 500 1000 1500 2000 2500

(c) Time (s)

0

200

400

600

800

1000

1200

0

10

20

30

40

50

60

HIL test Simulation

0 500 1000 1500 2000 2500
(a) Time (s)

S
p

e
ed

 (
k

m
/h

)

Fig.17. HIL test results. (a) Speed, (b) Machine torque, (c) Engine torque. 

D. Discussion

The proposed robust optimization method is applied to the 

segmented ECMS, where the robust EF sequence enhances the 

effective control under uncertainties. From a theoretical 

perspective, the latest learning-based approaches have the 

potential to achieve similar robustness and near-global optimal 

performance. However, in practical application, the learning-

based method faces challenges with design complexity and 

computational burden. In contrast, the proposed robust 

optimization method demonstrates superior overall 

performance in PHEB. Its advantages include ease of 

implementation, with the computationally intensive 

optimization process conducted offline, and the online use of 

ECMS providing strong real-time performance. The fixed 

routing of PHEB guarantees the potential for offline 

optimization as well. 

V. CONCLUSION

This paper aims to improve the robustness of the energy 

management system for PHEB in the actual operation. Several 

uncertain factors that vary during the actual driving process are 

taken into account. The segmented ECMS is chosen as the 

basic control strategy, with EFs corresponding to each segment 

as optimization variables. Based on the result of deterministic 

optimization, a sequential Taguchi method is utilized for the 

robust optimization of control parameters. Results of MCS 

demonstrate that fuel consumption expectation of robust EF 

sequence decreases by 1.93% compared to the deterministic 

one. Given that the robust optimization is built upon the 

optimal fuel economy achieved through deterministic design, 

the reduction in fuel consumption is acceptable. This decrease 

comes from maintaining a strong control effect in the face of 

uncertain factors during actual driving. Especially in the case 

of long-term operation, a PHEB with robust ECMS can 

significantly reduce total fuel consumption. 

To enhance robustness further, additional uncertain factors, 

such as the efficiencies of electronic components, can be 

incorporated into the optimization in future investigations. 

Moreover, the model predictive control can aid in addressing 

uncertainties related to speed on the basis of control parameter 

robust design. 
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