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ABSTRACT This paper proposes a collaborative optimization strategy for speed planning and energy man-
agement of intelligent plug-in hybrid electric vehicles (PHEVs). In this study, a single-axis parallel PHEV
with the powertrain of P2 configuration is employed as the research object. Then, dynamic programming
(DP) is leveraged to ensure optimal fuel economywith the consideration of the simultaneous optimal demand
torque distribution and autonomous speed selection. An adjustment coefficient that reasonably constrains
the feasible domain of vehicle speed is designed to limit the range of autonomous speed selection according
to driving conditions. The reasonableness of speed selection is enhanced by adding penalty functions to
inhibit gear shifting and speed fluctuations. To consider the variability of the control strategies based on the
constraints of travel time and distance, a time-domain and a space-domain collaborative optimization model
are established respectively, and a simulation analysis of the collaborative optimization energy management
strategy is conducted. The simulation result shows that the strategy achieves the collaborative optimization of
speed autonomous planning and reasonable allocation for demand torque. In addition, the proposed strategy
demonstrates preferable energy economy under different constraints based on time and space domains.

INDEX TERMS Plug-in hybrid electric vehicles, collaborative optimization, energy management strategy,
hierarchical optimization.

I. INTRODUCTION
With the increasing attention to environmental protection and
energy conservation, clean energy vehicles with lower energy
consumption and lighter emission pollution have become
a research hotspot. Classical clean energy vehicles include
electric vehicles (EVs), hybrid electric vehicles (HEVs) and
fuel cell vehicles. EVs are regarded as an ideal solution
to clean energy vehicles, due to the non-fuel consump-
tion and pollutants, while the charging takes a relatively
long time, and EV charging is not easy to be achieved
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due to the incomplete charging facilities [1]. HEVs are
deployed with electric system and fuel system that can
form different operation modes according to the power
demand and vehicle dynamic state. Furthermore, PHEVs
combine the merits of EVs and traditional HEVs to bring
an all-electric range (AER) and featuring the characteris-
tics of long driving range and high efficiency. Currently,
PHEVs are one of the most promising solutions among clean
energy vehicles [2]. With the wide development of percep-
tion, communication and automation technologies, PHEVs
are gradually deployed with autonomous driving and con-
nected capabilities that is referred to as intelligent connected
PHEVs [3].
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For PHEVs, an effective energy management strategy
(EMS) is imperative to distribute the power between differ-
ent energy sources, usually with the target of minimizing
energy consumption under the premise of meeting the driving
demand. EMSs are mainly divided into two categories which
are rule-based and optimization-based strategies. Rule-based
energy management strategies [4], [5] are both: 1) Deter-
ministic rules identify heuristic functions based on human
empirical values and form a control table to determine the
energy allocation. A typical strategy is the charge-depletion
and charge-sustaining (CD-CS) [6]. Fuzzy rules establish
the affiliation function through expert experience and do
not enable optimal control [7]. Reference [8] combines state
of battery charge (SOC) and power limit to formulate an
eco-discharge strategy that offers better fuel economy than
the CD-CS strategy. Although rule-based strategy features
strong practicality, it heavily relies on empirical engineering
practice and is difficult to attain the optimal solution, espe-
cially when encountering time-varying driving conditions.

Optimization-based strategies are mainly divided into
global optimization methods and instantaneous optimization
solutions [9]. Dynamic programming (DP) has been widely
adopted so far as a typical global optimization strategy [10].
However, DP requires detailed power demand in the whole
optimization range which is more preferred to offline applica-
tion because of time and space consuming when applying for
energy management of PHEVs. Therefore, the solution of DP
is generally considered as an ideal benchmark to evaluate the
performance of other algorithms of energy management [11].
Reference [12] adopts the DP algorithm for global optimiza-
tion to obtain the optimal torque distribution under historical
operating conditions provides the application guideline for
online implementation. On the other hand, the representative
strategies for instantaneous optimization are model predic-
tive control (MPC) and equivalent consumptionminimization
strategy (ECMS) [13], [14]. Reference [15] formulates an
MPC strategy based on an evolved EMS to rationally dis-
tribute the demand power of the PHEV among multiple
power sources. In [16], an EMS incorporates real-time traffic
information is proposed with an equivalence factor (EF) that
can be dynamically adjusted according to operation condi-
tions. In [17], [18], [19], [20], and [21], adaptive ECMS
(A-ECMS) is designed according to different driving condi-
tions to achieve energy savings of PHEVs.

With the development of intelligent connected tech-
niques [22], the vehicle speed is planned after absorbing
the surrounding road and neighbor vehicle information. In a
hierarchical control strategy the upper layer plans the speed
based on the driving conditions and intelligent traffic data
and the lower layer allocates the demand power based on the
predicted speed information derived in the upper layer [23].
Reference [24] describes the upper layer solves the optimal
driving speed with a fuzzy adaptive algorithm, and the lower
layer using an A-ECMS combined with a genetic algorithm
(GA) to optimize power allocation to increase fuel economy.
Reference [25] proposes an A-ECMS combining Markov

chains and back propagation (BP) neutral networks to predict
vehicle speed, reasonably select driving modes and accom-
plish power allocation. Reference [26] leverages the radial
basis function neural network algorithm to predict SOC to
obtain predictive EMS (PEMS).

The conventional PHEV EMS is based on the hierarchical
control of driving factors which does not sufficiently consider
the influence of vehicle speed on energy management and
is unable to achieve the optimal control of the integrated
vehicle energy. In this paper, a collaborative optimization
study is conducted on the autonomous selection of vehicle
speed and real-time torque distribution of power source for
intelligent networked PHEVs to effectively reduce the cost
of integrated energy consumption. The contributions of this
paper are mainly embodied in the following two perspectives:
1) An adjustment factor that properly constrains the feasible
domain of vehicle speed is designed to study the collabo-
rative optimization of vehicle speed autonomous selection
and power source demand torque distribution in real time
according to the driving condition limitation range. 2) TheDP
optimization method is used to solve the proposed collabora-
tive control strategy in this paper. The remainder of this paper
is organized as follows: In Section II, the vehicle model is
established and addressed. In Section III, the speed feasible
region design rule is illustrated, and the design of an opti-
mal energy management strategy based on DP is completed.
In Section IV, the feasibility of the collaborative optimization
strategy is verified, and the simulation results are compared.
In Section V, the conclusions of this paper are presented.

II. POWERTRAIN CONFIGURATION AND SYSTEM
MODELING
In this paper, a PHEV equipped with single-axis parallel P2
configuration is selected as the research object, and the design
of the vehicle drive scheme is shown in Fig. 1. As can be
found, the powertrain is mainly composed of five key com-
ponents, i.e., engine, motor, dual clutch transmission (DCT)
gearbox, main reducer, main clutch and battery pack. The
motor can be a generator to store energy for the battery or
an electric motor to propel the wheels. The DCT clutch is a
double clutch without internal torque converter and planetary

FIGURE 1. PHEV powertrain.
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gear set. The DCT transmission is comprised of two clutches,
one handling even gears and the other handling odd gears.

A. ENGINE MODEL
The main input to the model of the engine mainly includes
output torque, speed, throttle opening, etc. [27]. According to
the bench test data, the engine fuel consumption model can
be established, as:

Te = f (ne, α) (1)

bf = f (Te, ne) (2)

where Te is the output torque of the engine, bf denotes the
fuel consumption, ne means the engine speed, and α repre-
sents the throttle opening. The operational performance of the
components was obtained using bench experimental data and
modeled in MATLAB simulation as shown in Fig. 2 (a) and
Fig. 2 (b). The maximum torque of the engine is 300Nm and
the maximum power is 150kW. The image data matched the
above requirements which will allow the engine to workmore
efficiently and the parameters set to meet the requirements.

FIGURE 2. Engine model. (a) External characteristic curves of the engine.
(b) Fuel consumption of the engine.

B. MOTOR MODEL
Themain input parameters of the deployed ISGmodel mainly
include motor torque, motor speed and motor efficiency. The
efficiency and power of the motor are calculated, as:

ηm = f (nm,Tm) (3)

pm = ηmTmnm (4)

where ηm indicates motor efficiency, nm denotes motor speed,
Tm represents motor torque, Pm indicates motor power, and
nm means motor speed. The maximum torque of the motor
is 140Nm and the maximum power is 50kW. The external
characteristic curves in Fig. 3 (a) and efficiency diagram of
motor is demonstrated in Fig. 3 (b) which is in a range of
torque limitation and the motor efficiency is good.

FIGURE 3. ISG model. (a) External characteristic curves of motor.
(b) efficiency diagram of motor.

C. BATTERY MODEL
In this paper, a simplified battery model is established which
consists of a resistor and an open voltage source [28]. The
effects of temperature and aging on internal resistance are
ignored. The relationship between battery resistance, elec-
tric potential and SOC can be obtained by interpolation
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fitting, and the theoretical representation can be determined
as follows:

Pb = I · U (5)

U = E − IR (6)

I =
E −

√
E2 − 4RPb
2R

(7)

where Pb is the battery power, I means battery current,
E stands for electromotive force,U is the termination voltage,
and R representatives equivalent resistance.
The SOC estimation method of the battery is calculated by

the current integration method with the initial value of SOC
and the battery current for the battery charge state shown as
follow:

SOC(t) = SOC(t0) −

∫ t
t0
i(t)dt

C
(8)

where t stands for the t th moment, t0 represents the initial
moment, SOC(t) means the state of charge of the battery at
the t th moment, SOC(t0) denotes the value of SOC at the
initial moment, i(t) indicates the current at t th time,and C is
the battery capacity. As shown in Fig.4 (a) and Fig.4 (b), the
internal resistance and voltage of the battery vary with the
direction of current, and the specific data are obtained from
the bench test.

FIGURE 4. Battery model. (a) Curves of battery charging and discharging
resistance and SOC. (b) Battery charge and discharge electromotive force
and SOC change curves.

III. COLLABRATED OPTIMIZATION ENERGY
MANAGEMENT STRATEGY
In this article, a collaborative optimization based on
autonomous speed planning is proposed, and the design flow
is shown in Fig.5. As can be seen, collaborative optimiza-
tion is based on from the following three points. Firstly, the
boundary factor is added to set the rule feasible domain to
determine the working conditions which is closer to actual
road requirement criteria. Secondly, the DPmethod stores the
optimal paths of each stage and reduces the repeated calcula-
tions compared with the conventional algorithm. Thirdly, the
coupling relationship between autonomous speed planning
and torque distribution is considered to design a collaborative
optimization strategy.

A. COLLABORATIVE OPTIMIZATION MODEL IN TIME
DOMAIN
The collaborative optimization model is solved based on
the dynamic programming algorithm, and the process of
structural design and parameter setting is basically the same
as the way of solving the dynamic programming problem.
When discussed from the time domain, the driving task is
measured in terms of time duration which is determined
but the driving distance is not constrained. The opposite is
true when discussing from the space domain, where driving
under the distance constraint does not ensure the duration
of time. Discussing from different constraints, firstly, it can
be determined that the synergistic strategy can complete the
driving task with generality in different angles of limitation
states. Then, the loss of driving distance and time can be
derived from the comparison between the results of syner-
gistic optimization in time and space domain and the results
of hierarchical optimization. The foundation is laid for the
subsequent addition of the boundary adjustment factor of the
feasible domain to limit the driving range of the vehicle speed
autonomy selection. In this paper, wewill conduct a compara-
tive analysis and research on collaborative optimization from
the above two aspects.

1) CONSTRUCTION MODEL
The time step is set as a stage variable with 1 s as an incre-
mental step. The engine torque, gear shift speed ratio and
acceleration are selected as decision variables, as:

u(k) = f (Te, iDCT , a) (9)

where u(k) stands for the decision variable, k means the
k stage, a represents the acceleration of the k stage, vf rep-
resents the discrete speed in the finale place after the k stage
of dispersion, and va represents the discrete speed in the first
place after the k stage of dispersion.{

x(k + 1) = f (x(k), u(k), k)
x(0) = x0

(10)

The state variables are time, vehicle speed and SOC.
Where, x(k + 1) means the k +1 state of the power battery
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FIGURE 5. Collaborative optimization design process.

SOC and vehicle speed, x(k) represents the k state of the
power battery SOC and vehicle speed, u(k) stands for the
decision variable in the kth phase, x(0) indicates the initial
value of SOC and vehicle speed and is assigned to x0.
The constraints are shown in (11). The DCT transmission

follows the rules of sequential upshift and interval downshift
when shifting. Secondly, in order to ensure that the vehicle
autonomous speed planning results satisfy the actual driv-
ing, the acceleration, speed and speed transfer vectors are
restricted as shown in (12). Finally, two penalty functions
are added to the collaborative optimization. The same vehicle
speed could correspond to different gears, and the frequent
shifting due to speed changes can lead to loss of energy
consumption and wear of operating components. To enhance
economy and ensure smoothness of the shift penalty func-
tion is considered, as formulated in (13). Penalty values are
obtained using the enumeration method. A penalty function
is taken into consideration to suppress the invalid speed
change and obtain smooth speed curves when vehicle speed
is autonomously planned, as shown in (14).

Te min ≤ Te ≤ Te max

Tm min ≤ Tm ≤ Tm max

0 ≤ ne ≤ ne max

nm min ≤ nm ≤ nm max

SOCmin ≤ SOC(k) ≤ SOCmax

iDCTmin ≤ iDCT (k) ≤ iDCTmax

(11)

where Temax and Temin mean the maximum and minimum
engine torque respectively, nemax and nmmin indicate the

maximum and minimum engine speed, Tmmax and Tmmin
denote the maximum and minimum torque of the motor,
nmmax and nmmin stand for the maximum andminimum speed
of the motor, SOCmax and SOCmin represent the maximum
and minimum of SOC, respectively, iDCT max and iDCT min
respectively represent the highest, lowest gear, iDCT (k) and
iDCT (k + 1) represent the k , k + 1 time gear value.

vm(k) ≤ v(k) ≤ vM (k)
vm(k + 1) ≤ vo(k) ≤ vM (k + 1)

am ≤ a(k) ≤ aM

(12)

where v(k) signifies the state variable of the kth stage speed,
vM (k) and vm(k) represent the maximum speed and mini-
mum speed in the k th stage, vo(k) denotes the selectable range
of speed for k th stage, a(k) shows the state variable of the
k th stage acceleration, am, and aM indicates the maximum
and minimum acceleration at the k th moment.

Qg(k) =


0
0.0008
NAN

(13)

Qv(k) =

{
(abs(Vc − Vo))Vp
0

(14)

whereQg(k) shows the gear penalty function at time k,Qv(k)
denotes the penalty function for speed fluctuations at time k ,
VO indicates the speed selectable value at time k , VC repre-
sents the initial speed matrix at the next time, and VP means
the penalty value. After satisfying the above constraints, the
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time domain objective function can be expressed as:

J =

N∑
k=1

L(x(k), u(k))

=

N∑
k=1

(pfQe(k) + pmQm(k)) + Qg(k) + Qv(k) (15)

where J means the comprehensive cost, pf represents the
unit price of fuel, Qe(k) is the fuel consumption at time
k, pm represents the unit price of electric energy, and Qm(k)
represents the electricity consumption at time k .

2) SOLVING MODEL
The PHEV is solved in the time domain by the DP, but its
state variable vehicle speed becomes an indefinite variable.
The ordinary two-dimensional matrix can no longer meet
the system design requirements, the state variable needs to
be stored using a three-dimensional matrix. It makes the
computation highly inefficient, and the storage capacity is
so large that the computer does not work efficiently. The
cell array technique can effectively raise the storage space,
increase the computation speed, and reduce the computer
performance requirements [29]. The variable matrix storage
size and representation can be calculated as:{

cell(1,Lt)
size(Ls,La(k))

(16)

The initial and final velocity matrix magnitudes are
expressed, as: {

vf = size(1,Lf (k))
va = size(1,La(k))

(17)

The cost is expressed as:{
J = cell(1,Lt)
J{k} = size(Ls,La(k))

(18)

The size of the matrix of decision variables is expressed,
as: {

size[La(k),Lf (k)]
size[La(k),Lf (k),Lg,Lu]

(19)

where V is the velocity state variable, A indicates the accel-
eration decision variable, G denotes the state variable of the
gear decision, U stands for the torque decision state variable,
J is the total cost, Lt indicates the length of the stage, La(k)
means the length of the initial velocity at the k stage; Ls is
used as the discrete length of the SOC, vf shows the end
dispersion matrix of the velocity at a certain stage, Lf (k)
denotes the size of the end dispersion matrix of the velocity
at a certain stage, va indicates the velocity at a certain stage
denotes the initial dispersion matrix, La(k) represents the size
of the initial dispersion matrix and the size of the matrix at the
k th moment is size(Ls,La(k)).

Not all values within the velocity and acceleration domain
are adequate to full satisfy the collaborative optimization
requirements. The process of selecting data is as follow:

pt = find(∼isnan(v))
[c1, c2] = ind2sub {(La,Lf ), pt}

c1 = unique(c1)
c2 = unique(c2)

V {i} = va(c1)
vs(c2) = c2

vi = repmat(vs,La, 1,Lg,Lu)

(20)

where vs indicates the speedmatrix corresponding to the SOC
state; vi denotes the speed matrix of the interpolation. If the
value of the current speed is not found within the acceleration
threshold to reach the next stage properly, the data will be
removed as invalid points. Then the valid data will be stored
to obtain the decision variables and interpolated values.

The solution process still follows the principle of sub-
problem optimality, and the expression is shown in (21). The
state variables in the next stage of the forward optimization
search process are represented, as shown in (22). J∗(x(k)) = min

u(k)
[L(x(k), u(k))] + J∗(x(k + 1))

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


vn(k + 1) = vn(k) + an(k)
SOC(k + 1) = SOC(k)

−
U (SOC) −

√
U (SOC)2 − 4R(SOC)Pm(k)
2R(SOC)C

(22)

where J∗ denotes instantaneous cost, vn(k + 1) means the
speed of the k +1th, vn(k), an(k) and Pm(k) is the velocity,
acceleration and motor power of k. During the solution of the
system, the solution of the previous stage possibly cannot fall
exactly on the grid points of the state variables for which the
discretization is complete. As the speed becomes variable, the
interpolation point changes from single data to coupled data
SOC-V. The interpolation solution procedure is shown in in
Fig. 6 (a) and Fig. 6 (b).

B. COLLABORATIVE OPTIMIZATION MODEL IN SPACE
DOMAIN
1) CONSTRUCTION MODEL
In using distance as a uniform discretization of the phase,
the integrity of the mileage is broken, and the speed appears
to be stepwise. In this paper, the space domain collaborative
optimization model uses with non-uniform discrete distances
as stages while planning the vehicle speed in a range of given
speeds. The decision functions remain the same as before
including vehicle acceleration, engine torque and gear posi-
tion. The state transfer function and state variables are driving
range, vehicle speed and battery SOC. The constraints, shift
penalty, and velocity fluctuation penalty are consistent with
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FIGURE 6. The procedure of interpolation solution.

those of the time-domain rules. The time factor is added in
the design of the objective function as follows:

J =

N∑
k=1

L(x(k), u(k))

= (
N∑
k=1

(pfQe(k) + pmQm(k)) + Qg(k) + Qv(k))∗t(k)

(23)

where t denotes the time passed in the k th period.

2) SOLVING MODEL
The solution steps in the space domain are similar to the time
domain, and the data with space domain characteristics are
stored. The variable matrix is stored, as:{

cell(1,Ld)
size(Ls,La(k))

(24)

The initial and final velocity matrices are expressed as:{
vf = size(1,Lf (k))
va = size(1,La(k))

(25)

The costs are transformed into:{
J = cell(1,Ld)
J{k} = size(Ls,La(k))

(26)

The matrix of decision variables is expressed as:{
size[La(k),Lf (k)]
size[La(k),Lf (k),Lg,Lu]

(27)

The non-uniformly discrete spatial domain phases are con-
strained in their selection using the travel distance of each
phase in the time domain. Therefore, the non-uniformly dis-
crete distance space domain model has the same driving
distance with the uniformly discrete time model at the same
horizontal coordinate. The relationship between driving time,
distance, and speed is as follow.

d_d(k + 1) = d_d(k) + v(k) +
v(k + 1) − v(k)

2
a = ((vf )2 − (va)2)/(2 ∗ d_d(k))
t = (2 ∗ d_d(k))/(vf + va)

(28)

where Ld refers to the discrete distance length, v(k), v(k +

1) stands for the average velocity of stage k th, k+1th, and
d_d(k + 1) indicates the mileage of stage k +1th.

C. SPEED LIMITED DRIVING CYCLES
During the simulation, it is found that the smaller the value of
the adjustment factor of the lower limit for feasible domain is
taken, the better the economy. In contrast to standard working
condition data, vehicles in the time domain fail to reach
their destination within the specified time and take more
time in the space domain resulting in non-corresponding
demand. To combine the economy, driving time and distance
constraints, an adjustment factor α is added to constrain the
feasible domain of the speed, as:

Vu = αuV
Vl = αlV
αu > 0
0 < αl < 1

(29)

where V represents the original speed data value, Vu stands
for the upper speed limit after constraint, Vl means the lower
speed limit after constraint, the value of the upper bound con-
straint is represented by αu, and the lower bound constraint
factor takes the value αl .

Theworld light vehicle test cycle (WLTC) as an example of
collaborative optimization simulation analysis. The feasible
range of autonomous speed planning is important for the
speed pick-up, energy economy, driving time and distance of
intelligent connected plug-in hybrid vehicles. The higher the
adjustment factor of the upper limit of the feasible domain,
the better the economy. Therefore, the upper limit of the
feasible domain is adjusted by an upper limit factor based on
the maximum speed set for each country for different road
sections. Therefore, this paper constrains the four working
conditions stages of WLTC: low speed, medium speed, high
speed and ultra-high speed according to the road driving
speed limit conditions respectively takes the highest speed of
each stage as the standard to ensure the speed feasible domain
meets the actual requirements. The maximum speed limits
of the above four stages are 140km/h, 100km/h, 90km/h and
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60km/h. The constraint functions for the velocity domain of
each interval are expressed as follows:

V 1
u = α1

uVl
V 2
u = α2

uVm
V 3
u = α3

uVh
V 4
u = α4

uVu
Vl = αlV

(30)

The simulation results are more in line with the com-
bined travel time and distance requirements of the exhaustive
approach in the lower bound constraint factor is 0.98 or
above. Therefore, in this paper, αl is 0.98 as an example for
analysis and illustration. To achieve a comparison effect, the
plots of the space data for the selected 0.9 are presented in
section IV for comparison and illustration. The final choice
of speed equation is shown below:Vl ,Vm,Vh andVu represent
the raw data in the low speed, medium speed, high speed
and ultra-high speed of stage speed data of WLTC. Where
V 1
u ,V 2

u , V
3
u , and V

4
u represent the maximum speed that can be

reached after setting the rule limit, respectively, the specific
parameters are shown in TABLE 1.

TABLE 1. Speed feasible domain rule table.

The corresponding speed data in the time domain and space
domain are shown in Fig. 7 (a) and Fig. 7 (b).
EMSs for vehicles have been studied in a much more

uniform way with respect to time domain based on interna-
tional open-source information given with standard working
condition data in the speed-time data for simulation calcula-
tions. Artificially setting the standard design space domain
is simpler when dealing with driving conditions, but can
result in incomplete driving conditions. It is difficult to
judge the correctness due to different standards, and there
is a travel loss error. The time domain working condition
is directly transformed into the space domain which has
stronger mathematical logic, more rational, rigorous and
convenient characteristics. Therefore, this paper conducts a
simulation analysis study based on the latter. In this paper, the
collaborative optimization is designed in an inhomogeneous
and discrete way to avoid speed steps and driving conditions
irregularities. The point with zero-speed in the time domain is
zero-distance in the space domain which cannot be displayed
on the speed-distance data plot. The data points generated in
this case are called invalid points which have been removed
for graphical simplicity purposes.

FIGURE 7. WLTC cycle. (a) Time. (b) Space.

IV. RESULTS AND ANALYSIS
To validate the rationality of the collaborative optimization,
a simulation study of a parallel hybrid vehicle is conducted
with the specific parameters of the vehicle as shown in
TABLE 2. In this paper, simulation is verified in both time
and space domains, and the SOC threshold of this strategy
is chosen to be 0.8 to 0.2 to give full play to the economic
advantages of the electrical system.

A. TIME DOMAIN
The test range is 5 WLTC driving cycles. Since the mileage
is long enough, the autonomous vehicle will go into mixed
mode and the results are shown in Fig. 8 to Fig. 10. The
time domain autonomous speed planning curve is close to
the lower limit. Acceleration and deceleration are performed
in advance at the acceleration mutation point which makes
the absolute value of acceleration smaller. As a result, speed
changes are more rational, and the reduced frequency of gear
changes allows for increased energy economy.

The distributions of torque and SOC are shown in
Fig. 11. The battery releases energy uniformly throughout the
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TABLE 2. Vehicle parameters and vehicle objectives.

FIGURE 8. Speed comparison of 5 WLTC in Time.

process, with the SOC curve showing a uniform downward
trend within the allowed range. The curve of SOC tends to
a higher level. The reasonable distribution mode makes the
engine work in a more moderate load state.

B. SPACE DOMAIN
The strategy is solved in space domain using in the same
working conditions restrictions. The speed autonomous

FIGURE 9. Partial magnification of speed of 5 WLTC in Time. (a) 700-900s.
(b)7900-8050s.

FIGURE 10. Comparison diagram of speed and gear of 1 WLTC cycle in
Time.

planning curve shown in Fig.12 and is also close to the
downlink driving limit. The underlying trends are similar in
the time domain. The gear shifting in Fig.14 meets the reality
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FIGURE 11. Engine, motor torque and SOC curves of 5 WLTC in Time.

FIGURE 12. Speed comparison of 5 WLTC in Space.

of driving requirements. As shown in Fig. 13 (a), Fig. 13 (b)
and Fig. 15, the high gear stage in the gear-speed comparison
diagram is more than in the time domain. In the torque and
SOC comparison plots, the energy is released uniformly by
the battery. Motor is still involved for the entire driving range.
The engine operates at a higher frequency than in the time
domain.

From the simulation results of time domain and space
domain, it can be seen that the focus of the two is different.
The vehicle speed is planned autonomously in time domain,
economy is preferred, the simulation is completed by stop-
ping within the specified time. The driving process is not
constrained by the mileage. The average speed is smaller, and
the speed curve is smoother. The results of space domain are
done with economy as a prerequisite for distance, the vehicle
is not constrained by time. Average speed is relatively high,
and the economy is slightly worse than in the space domain.
Both simulation results are less economical than the original
velocity curves.

In engineering practice, both distance and time are impor-
tant for passengers. The co-optimization strategy is validated
in both time and space domains. After adding the speed

FIGURE 13. Partial magnification of speed of 5 WLTC in Distance.
(a) 3.30 × 103-4.65 × 104m. (b) 9.75 × 103-1.00 × 105m.

FIGURE 14. Comparison diagram of speed and gear of 1 WLTC cycle in
Space.

domain adjustable factor, it can take into account both of them
which proves its feasibility and practical application.

C. LOWER LIMIT VALUE COMPARISON SIMULATION
The option of speed feasible region in collaborative opti-
mization management strategy is crucial. Since the maximum
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TABLE 3. Time domain planning and hierarchical optimization cost analysis.

TABLE 4. Space domain planning and hierarchical optimization cost analysis.

TABLE 5. Time domain planning and hierarchical optimization cost analysis.

FIGURE 15. Engine, motor torque and SOC curves of 5 WLTC in Space.

velocity is used as the upper bound in the space domain to
select the value of the adjustment factor with better economy,
the choice of its value is not discussed in further detail. Unrea-
sonably low speed limits are set to achieve energy savings, but
they do not balance travel time and distance.

To verify the accuracy of the adjustment factor of the
lower speed limit value adopted in this paper, simulated data
with a lower limit constraint factor αl of 0.9 is used as an
example. The simulation results indicate that the operating,

the working conditions of the time domain and the space
domain are shown in Fig. 16 (a) to Fig. 16 (d). In Fig. 16 (a)
and Fig. 16 (b), the PHEV is in pure electric operation mode
at 1WLTC, and the engine is not assigned torque at that stage.
As shown in Fig. 16 (c) and Fig. 16 (d), the results at 5WLTC
demonstrate that the engine operating frequency decreases
significantly. The slope of the battery SOC curve becomes
smaller, and the energy of battery is released more slowly
compared to the case where the adjustment factor αl takes
the value of 0.98.

D. COST AND EFFICIENCY
In this paper, a hierarchical EMS based on DP is designed to
further investigate and analyze the accuracy of the collabo-
rative optimal energy management strategy. For simulations
of strategies based on the same constraints, at WLTC cyclic
operating conditions the following results are obtained for
the WLTC periodic operating conditions. For the economic
analysis, the currency unit is chosen as China Yuan (CNY).

The results for the adjustable factor of 0.90 for the lower
limit of the speed domain are shown in Tables TABLE 3
and TABLE 4. It shows a 44.9% increase in economy com-
pared to the hierarchical optimized time domain, but with
9.3 km less driving distance. The economy in the space
domain was improved by 30.7%, with an additional 442 sec-
onds of time consumed. As shown in Tables TABLE 5 and
TABLE 6, αl is selected as 0.98. Compared to the hierarchical
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FIGURE 16. Engine, motor torque and SOC curves. (a) 1 WLTC in Time. (b) 1 WLTC in Space. (c) 5 WLTC in Time. (d) 5 WLTC in Space.

TABLE 6. Space domain planning and hierarchical optimization cost analysis.

optimization, the time-domain solution resulted in an 11.0%
increase in the cost. The fuel consumption cost is dropped
by 15%, and the power consumption cost is reduced by
2.5%. The space-domain solution results in a 9.0% increase
in fuel economy. The fuel consumption cost is decreased
by 11.6%, and the power consumption cost is decreased
by 3.6%. According to TABLE 7, the engine operating
points are also mostly in the efficient region within this
lower limit selection range. The comparison of the two
control strategies shows that the economy of the collab-
orative optimization is better than that of the hierarchical
strategy.

The comparison results for the two cases with a lower
adjustment factor of 0.90 and 0.98 are chosen as the lower
limit of the collaborative optimization, and the results show
the former exhibits better economy in both the temporal and
space domains. But the number of miles driven in the time
domain decreases and the length of time in the space domain
increases which is not in line with the true requirements.
The simulation results above αl takes the value of 0.98 to
show the economic advantage. The mileage driven in the
time domain is not much less than the original mileage,
the time consumption in the space domain is lower than in
the hierarchical optimization. Therefore, the constraint factor
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TABLE 7. Fuel consumption distribution range of engine operating point.

is set as 0.98 to well meet the design intent of the proposed
strategy.

V. CONCLUSION
In this paper, a collaborative optimal control strategy for vehi-
cle speed planning and torque distribution is designed with
energy economy as the research goal. First, the DP algorithm
is leveraged to solve the optimal sequence of variables for the
cooperative control model. Second, the torque and speed are
coupled to achieve the synergistic effect during the solution
process. Then, the feasible domain of conventional speed
is determined to enable the autonomous vehicle to choose
the velocity reasonably and accomplish the power allocation.
Finally, by adding adjustable factors of constraint to limit
the upper and lower limits of the speed domain, the vehicle
can complete the mileage objectives in a specified time.
To comprehensively confirm its effectiveness, simulations
are performed in the time and space domains, respectively.
The simulation results show that the collaborative opti-
mization based on vehicle speed planning can increase fuel
economy by 11% and 9% in the time and space domains
respectively, compared to a hierarchical optimization
strategy.

Further research can consider adding emission control cri-
teria on the basis of energy economy to form amulti-objective
optimal control strategy. Moreover, the exploration of the
synergistic coupling between multiple environmental factors
and speed, as well as power allocation, remains more chal-
lenging by incorporating more traffic environment factors
into the cooperative optimization control strategy.
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