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ABSTRACT The in-wheel-motor-driven electric vehicle is a typical over-actuated system. The actuation
flexibility can be utilized to improve operational efficiency and enhance vehicle motion control performance
by allocating different torques to four wheels. Various control objectives are emphasized for different
working conditions. To trade off energy optimization and driving stability in actual complicated conditions,
a unified control allocation law composed of two-step optimization is developed. A pre-allocation law is
carried out for energy efficiency optimization with the assumption that no wheel is skidding or slipping, and
a control reallocation law is performed using model predictive control to avoid the vehicle from unstability
and to enhance the driving performance. Simulation tests are carried out via a professional vehicle dynamics
simulating software veDYNA. The controller is verified to improve energy recovery in routine stable driving
conditions and also to dynamically modify torques to ensure the vehicle stability on mu-split and low-
adhesion road in extreme conditions.

INDEX TERMS Over-actuated electric vehicle, multi-objective optimal, control allocation, model predictive
control.

I. INTRODUCTION
Electric vehicle (EV) has attracted increasing attention from
both industrial and academic communities recently. The
motor has high efficiency and fast response, which is helpful
to improve energy saving and vehicle stability, especially
for the electric vehicle with four independently actuated
in-wheel motors [1], [2]. One highlighted advantage of the
in-wheel-motor-driven electric vehicle is higher control flex-
ibility, i.e., the torque of each in-wheel motor can be inde-
pendently and precisely controlled. The actuation flexibilities
together with the motors’ fast and precise torque responses
can enhance vehiclemotion control performance, e.g., in trac-
tion control system [3], [4], anti-lock braking system [5], [6],
and yaw stability control system [7], [8]. Moreover, the actu-
ation flexibility can also be utilized for improving the oper-
ational efficiency by allocating different torques to the four
wheels with respect to the desired total torque and motor
efficiency.

As well known, driving distance is the choke point of
electric vehicles, so it is significant to research on how to
improve the energy efficiency [9]. For instance, a range exten-
sion control system was proposed to minimize resistance
with driving force distribution ratio between front and rear

wheels in [10], and an energy optimal control approach was
developed by minimizing actuator losses and power con-
sumption for driving along a pre-calculated trajectory in [11].
For a general optimization problem,minimum actuationmag-
nitudes for actuators is always used as cost function, but it
does not necessarily lead to minimum power consumption
due to actuators’ efficiency characteristics. The motor effi-
ciency is highly dependent on the working speed or torque,
and the efficiency curves are not strictly concave or con-
vex. Thereby, it will come to a non-convex optimization
problem by explicitly incorporating the efficiency func-
tions. A numerical method was proposed in [12], and the
results showed good potentials for improving the operational
energy efficiency. Further, by fitting themotor efficiencywith
polynomial, various non-convex optimization algorithms
were developed in order to simultaneously achieve energy
optimization as well as desired vehicle dynamics control
in [13]–[15]. Also, a real-time torque distribution strat-
egy was determined by particle swarm optimization the-
ory in [16]. Additionally, more characteristics such as
clutch control were also taken into account for complicated
system [17], [18]. The aforementioned research contributed
to energy-saving, but the application was limited on
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condition that no wheel was skidding or slipping. The meth-
ods are not suitable for urgent operations or on low adhesion
roads, because the tire friction saturation is not taken into
account.

Due to the variety and complexity of driver operation and
road condition, not only the energy efficiency but also the tire
friction saturation should be considered for control allocation.
Therefore, it comes to a constrained optimal problem or a
multi-objective optimal problem. Model predictive control
is an effective solution and widely used in electric vehicle
control allocation in recent years [19]. References [20]–[22]
researched on real-time model predictive control allocation
algorithms for the over-actuated electric vehicles, in which
the tire friction saturation was formulated as soft constraints
on wheel slip or tire forces. The vehicle longitudinal force
and yaw moment were pre-distributed into wheel torques
based on wheel loads, and then wheel torques were re-
distributed by considering the wheel dynamics or actuator
dynamics by using model predictive control method. In [23],
a model predictive regenerative braking controller was pro-
posed, where the energy-saving objective was accomplished
by including in the cost function the additional penalty term
on the motor-to-battery regenerative braking power, while the
safety objective was formulated as hard constraints on the
wheel slip ratios. Initial plane gridding was applied for better
solution of the constrained nonlinear optimization problem.
Reference [24] proposed a model predictive control allo-
cation approach to solve the torque blending problem of
the hybrid braking system, and provided a detailed com-
parison between the proposed method and two other allo-
cation solutions. These model predictive control laws paid
more attention to the optimal control allocation constrained
by the tire forces, while the in-wheel motor efficiency
curves were ignored. As mentioned above, minimum actu-
ation magnitudes for actuators does not necessarily lead to
minimum power consumption due to actuators’ efficiency
characteristics.

To sum up, a considerate control method should take into
account of actuators’ efficiency as well as the tire forces
constraints. However, the existing research focused on either
the energy optimization or the stability control, but not con-
sidering both sides. Due to the complicated condition and
various operations in practice, the two distinct controllers
would be actuated alternately. The controller switching might
cause a drastic change in control input or other potential trou-
bles, and a smoothly transition cannot be guaranteed owing
to lack of supervision. Besides, the separated two modes
cannot handle properly the transitional condition between
the two cases. The main objective of this paper is to design
a unified control allocation law to deal with the various
requirements in more complicated cases, i.e., to improve the
energy recovery if all wheels work stably, to keep stability if
the vehicle tends to unstable, and also to enhance the vehicle
driving or braking performance by dynamic allocation if
some individual wheel is skidding or slipping. In order to sim-
plify problem and reduce computational load, the constrained

optimization problem is decomposed into two-step optimal
problems to deal with the energy saving and the vehicle
stability objectives.

The rest of this paper is organized as follows. In section II,
the over-actuated electric vehicle model is presented. Then
the two-step optimal controller is developed in Section III,
including an off-line pre-calculated control law to opti-
mize energy efficiency, and a dynamic control allocation
modification to enhance vehicle stability and performance.
In section IV, a professional simulator veDYNA is utilized for
different vehicle maneuvers in order to verify improvements
on both economy and safety.

II. SYSTEM OVERVIEW AND MODELING
A. VEHICLE STRUCTURE
In our experiment vehicle, the in-wheel motor is a per-
manent magnet synchronous motor and outputs torque via
a fix transmission gear. Both the motor and the gear are
regarded as a whole actuating module, whose output torque
is Tmi and rotational speed is ωi. For braking operation,
the motor will work as a generator and output regenerative
braking torque [25]. The regenerative braking is limited and
cannot be performed for low speed, so an electro-hydraulic
braking system is applied to provide adequate braking
torque [26], [27], and the hydraulic braking torque of each
wheel can also be regulated independently [28]. Hence,
the in-wheel-motor-driven electric vehicle is a typical over-
actuated system, i.e., four motor torques for driving opera-
tion or eight braking torques for braking operation.

B. VEHICLE DYNAMICS MODEL
As the energy-efficient performance and tire friction satura-
tion are most concerned in this study, the simplified vehicle
longitudinal dynamics is used, with five degrees of freedom
for vehicle longitudinal motion and four wheels’ rotation.
A single wheel dynamics model is illustrated in Figure 1.

The equations of vehicle dynamics in longitudinal and
rotational directions can be expressed as{

Mv̇ = 6Fxi
Jwω̇i = Tmi − Thi − rFxi

(1)

Wheel slip ratio is introduced to describe the tire friction
and the wheel dynamics, which is defined as

λi =
rωi − v

v
× 100% (2)

The tire force Fxi is related to Fzi and λi [29]. In this paper,
the Dugoff model is used and written as Fxi = f (Fzi, λi) for
short. Then, a simplified wheel slip dynamics equation can
be obtained [30]

λ̇i = −
r2

vJw
f (Fzi, λi)+

r
vJw

Thi −
r
vJw

Tmi (3)

As shown in Figure 2, theFxi−λi curve is highly nonlinear.
For most driving cases, the system works within the linear
region. ωi ≈ v/r and Fxi ≈ Tmi/r hold and the vehicle is

VOLUME 6, 2018 4825



H. Jing et al.: Multi-Objective Optimal Control Allocation for an Over-Actuated EV

FIGURE 1. Single wheel model.

FIGURE 2. Relation between Fxi and λi .

in a stable status. However, for an excessive driving torque
Tmi, Fxi reaches its limit. Then the system will transit to the
nonlinear region and lead to an unstable behavior. That’s why
researchers always try to restrict λi within the linear region.
Similar principle holds for braking operation. Accordingly,
the model can be simplified when the tire force can balance
the wheel driving/braking torque, while the wheel dynamics
as well as the slip ratio limit must be taken into account if the
tire force gets saturated.

III. MULTI-OBJECTIVE OPTIMAL CONTROL ALLOCATION
As shown in Figure 3, the vehicle is a human-in-the-loop sys-
tem, and a hierarchical approach is beneficial for modulariza-
tion and reducing complexity. Firstly, the driver determines
the vehicle longitudinal force. Then a control allocation law
is needed to calculate the motor torque and hydraulic torque
(when braking) of each wheel. Finally, the desired wheel
torques are put into effect by motor control unit or hydraulic
control unit. In this work, we focus on the research of control
allocation.

Both energy and stability should be considered as the
main objectives for driving or braking control of an electric
vehicle, so it leads to a multi-objective optimal problem. But
it is challenging to solve on-line to deal with the two issues
together, because the motor efficiency is highly nonlinear and
the wheel slip ratios must be constrained. Thereby, a two-
step optimal control allocation is developed in this paper:
Firstly, a pre-allocation is carried out for energy efficiency

optimization with the assumption that no wheel is skid-
ding or slipping, called EECA for short; Then, with the pre-
allocation as a reference, a control modification could be
performed by reallocation to avoid the wheels from skid-
ding or locking, called MPCA for short. In this way, not only
the energy-saving objective can be achieved inmost cases, but
also the vehicle stability can be kept when facing a potential
risk.

A. ENERGY EFFICIENCY CONTROL ALLOCATION (EECA)
EECA is designed for the energy efficiency optimization,
with the assumption that no wheel is skidding or slipping.
In this case, ωi ≈ v/r and Fxi ≈ Tmi/r hold. Accordingly,
the longitudinal force of the vehicle is actualized by the wheel
torques, including motor torques and hydraulic torques.

Fveh =
4∑
i=1

Fxi ≈
4∑
i=1

(Tmi − Thi)/r (4)

Tveh = Fvehr ≈
4∑
i=1

(Tmi − Thi) (5)

where Tmi ≥ 0 and Thi = 0 for driving cases, whereas
Tmi ≤ 0 and Thi ≥ 0 for braking cases.
Take driving control with F∗veh > 0 for instance to study

the energy efficiency optimization. The desired vehicle total
torque is defined as

T ∗veh = min

(
F∗vehr,

4∑
i=1

(Tmmax(ωi))

)
.

Because the battery power should be minimized to reduce
the energy consumption, we select T ∗mi > 0 and the energy
efficiency optimization problem can be written as

min
Tmi∗

J1 =
4∑
i=1

ωi · T ∗mi
ηdi(ωi,T ∗mi)

s.t.
4∑
i=1

T ∗mi = T ∗veh

0 ≤ T ∗m,i ≤ Tmmax(ωi) (6)

Since no obvious wheel slip exists under a stable
driving maneuver, it can be approximately obtained that
ωi ≈ v/r . Besides, the four in-wheel motors are the same,
so the energy optimization problem can be studied in half
part of the vehicle, i.e., T ∗m1 = T ∗m2, T

∗

m3 = T ∗m4, and
T ∗veh = min(F∗vehr, 4 Tmmax(v)). Then, by considering v as
a slow-varying parameter, the optimization problem can be
simplified as

min
Tm1
∗
J ′1 =

v · T ∗m1

ηd1(v,T ∗m1)
+

v · (T ∗veh/2− T
∗

m1)

ηd3(v, (T ∗veh/2− T
∗

m1))
s.t. 0 ≤ T ∗m1 ≤ Tmmax(v) (7)

where the efficiency is defined as ηdi = (Tmiωi)/(UI )
to describe how much battery power is transferred to the
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FIGURE 3. Control system framework.

FIGURE 4. Battery to motor efficiency characteristics of the mounted
actuating module.

motor output power. It is usually written as ηdi(ωi,Tmi) and
described as a MAP, as shown in Figure 4.

As the efficiency is highly nonlinear and always described
as a MAP, it is difficult to get an analytic solution. Hence,
a numerical method is used. At each instantaneous time, v
is assumed to be a constant. So T ∗m1 is the only variable
for optimization. By setting various T ∗m1 for some typical
vehicle speed to complete an ergodic process, we can get
rid of local solutions and select a tendentious one when they
are not unique. In this way, we can get an optimal control
allocation for various requirement T ∗veh under various vehicle
speed, which is described as a map shown in Figure 5. For
low T ∗veh, the two-wheel-driving mode is preferred. And the
rear wheels are chosen as driving wheels so as to provide
higher maximum adhesion force. In application, the optimal
target torque T ∗m1 will be calculated on line using look-up
table and interpolation, and then T ∗m3 = T ∗veh/2− T

∗

m1 is also
obtained.

As for the braking case with F∗veh < 0, The desired
total braking torque is T ∗veh = F∗vehr , while the desired
total torque for generative braking is defined as T ∗rb =
max(F∗vehr,−4 Tmmax(v)). The total power of the battery
should be maximized to recover as much energy as possible
from the in-wheel motors at a given braking torque. Similar
to the driving case, the optimization solution for regenerative

FIGURE 5. Energy efficiency optimization solution for T ∗

m1 respect to
various T ∗

veh and v .

braking can be obtained by

min
Tm1
∗
J ′1 = v · T ∗m1 · ηb1(v,T

∗

m1)

+ v · (T ∗veh/2− T
∗

m1) · ηb3(v, (T
∗

veh/2− T
∗

m1))

s.t. − Tmmax(v) ≤ T ∗m1 ≤ 0. (8)

Besides, hydraulic braking is needed to provide sufficient
torque for low speed or strong braking. The hydraulic brak-
ing is activated by an active braking system such as Bosch
iBooster, and the hydraulic torques for front and rear wheels
are distributed with a constant ratio β{

T ∗h1 = T ∗h2 = β((T
∗

m1 + T
∗

m3)− T
∗

veh/2)
T ∗h3 = T ∗h4 = (1− β)((T ∗m1 + T

∗

m3)− T
∗

veh/2)
(9)

To sum up, a reference solution is obtained for the wheel
torque distribution with the purpose for energy efficiency,
written as

u∗ = [T ∗m1,T
∗

m2,T
∗

m3,T
∗

m4,T
∗

h1,T
∗

h2,T
∗

h3,T
∗

h4]
T (10)

B. MODEL PREDICTIVE CONTROL ALLOCATION (MPCA)
The energy-saving objective can be achieved in most cases
using the previous method, but its application is limited to
the stable driving cases. For complex conditions such as
driving on a low adhesion road, the wheels might skid or slip.
To ensure the vehicle stability, the friction constraints should
be taken into account to reallocate the control torque to
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avoid the wheels from skidding or locking. In this section,
a model predictive controller is designed for torque reallo-
cation. Firstly, the control-oriented model is given based on
vehicle dynamics. Then the cost function and constrains are
established for the purpose of braking stability and energy
optimization. Finally, the solution and application of the
method are discussed.

1) VEHICLE MODEL
Various estimationmethods or measurement approaches such
as GPS are developed and applied in practice, the vehi-
cle speed is considered to be obtained in real-time, so the
wheel slip dynamics are utilized for the controller design.
From (1)-(3), the motor torques and hydraulic torques for
each wheel can be regulated independently. The system states
and control variables are defined as x = [λ1, λ2, λ3, λ4]T, and
u = [Tm1,Tm2,Tm3,Tm4,Th1,Th2,Th3,Th4]T.

Combining the four wheel-slip-dynamics models, the state
equation can be described as follows

ẋ = f (x)+ Bu (11)

where f (x) = − r2
vJw

diag{[f (Fz1, λ1), f (Fz2, λ2), f (Fz3, λ3),
f (Fz4, λ4)]}, B = r

vJw
[−I4, I4].

2) COST FUNCTION
The cost function is designed to satisfy several demands: to
carry out the pre-allocated control, to satisfy the wheel slip
constraints, and also to respond to the desired longitudinal
force.

The primary objective is the energy optimization. Since
this issue has been solved using off-line optimization and the
on-line look-up table in the previous section, the objective is
accomplished by including the control tracking error square
from current time t to t + pTs in the cost function

J21 =
∫ t+pTs

t
‖u− u∗‖2dτ (12)

Moreover, as illustrated in Figure 2, the wheel slip directly
reflects tire friction saturation and the vehicle stability. Soft
constraints xi ∈ [−λmax, λmax] are imposed on the wheel
slip ratios to achieve stable operating conditions, which is
described as an additional penalty term in the cost function.

J22 =
∫ t+pTs

t
‖Ei(τ )‖2dτ (13)

where the penalty function Ei(τ ) is formulated as

Ei =


(xi − λmax)/λmax, xi > λmax

0, −λmax ≤ xi ≤ λmax

(xi + λmax)/λmax, xi < −λmax

(14)

Another objective is to meet the requirement of the driver’s
driving or braking command. This can be met naturally when
all wheels are stable. However, if one or two wheels tends to
skid or slip due to a spot of low adhesion road, (12) cannot

TABLE 1. Parameters of the simulation mode and controller.

be minimized since (13) takes effect. Noting that the vehicle
total torque can also be satisfied by transferring some torque
to other wheels, the third cost function is to make the sum of
the total torque error square as small as possible

J23 =
∫ t+pTs

t
‖Bvehu− T ∗veh‖

2dτ (15)

where Bveh = [1, 1, 1, 1,−1,−1,−1,−1].
These three objectives are accounted for by the following

terms in the integral cost function, and a mixed-optimization
formulation is obtained.

min
u

J2 = q1 J21 + q2 J22 + q3 J23

s.t. ẋ = f (x)+ Bu{
0 ≤ Tmi ≤ Tmmax(v),Thi = 0, for driving
or− Tmmax(v) ≤ Tmi ≤ 0,Thi ≥ 0, for braking

(16)

where q1, q2, and q3 are weighting weight coefficients.
The system (16) is dependent on the vehicle speed, but

the vehicle dynamics is relatively slow when comparing with
wheel dynamics due to the large mass. Hence, the vehicle
speed is assumed to be constant for the duration of the pre-
diction horizon, and then updated in each sampling step.

3) MODEL PREDICTIVE CONTROL LAW
From (16), It comes to a nonlinear model predictive con-
trol (NMPC) issue. According to the current measurement
information, the finite horizon optimization problems is
solved online at each sampling time, and then this procedure
is repeated at next sampling time on the basis of the new
measurements. In this research, Matlab function fmincon
in optimization tool box is used for simulation validation.
Although the method is not applied to the experimental
vehicle, it is still quite promising for practical application.
Firstly, many low-computation optimization tools have been
put in use, e.g., MPC with PSO in [31] and GRAMPC with
a recently published gradient-based algorithm in [20]. More-
over, the calculation ability of the electronic control unit has
been highly improved. Putting the controller into practice will
be our work in the next.

IV. SIMULATION RESULTS
The proposed control allocation strategy is validated with
simulations on a professional software veDYNA, which is

4828 VOLUME 6, 2018



H. Jing et al.: Multi-Objective Optimal Control Allocation for an Over-Actuated EV

FIGURE 6. NEDC test result for energy consumption.

FIGURE 7. NEDC test result for control allocation.

widely used in BMW and other institutes [30]. It mainly
includes a high-fidelity vehicle dynamics model, a driver
module, and also a road setting. Apart from the traditional
vehicle dynamics, the veDYNA model also explicitly con-
siders four in-wheel motors modules, a battery pack module,
so that it is capable of simulating the experimental vehicle
motion in 3-D environments. Some parameters of the simu-
lation model and the controller are given in Table 1, with the
sample time set as Ts = 0.01s. Herein, q2 is selected to be
dependent on v in practical application to avoid from serious
oscillation under low speed, noting that the wheel slip dynam-
ics are related with the vehicle speed. In the following, several
typical cases are simulated to verify the effectiveness of the
developed controller, i.e., a NEDC (New European Driving
Cycle) test for energy efficiency evaluation on high adhesion

road, an acceleration and deceleration test for vehicle stability
validation on low adhesion road, and an acceleration test for
dynamic torque distribution on µ-split road.

A. NEDC TEST
Firstly, a NEDC test is conducted to illustrate the efficiency
of the proposed strategy, as shown in Figure 6. Figure 6 (a)
shows that the actual vehicle speed v can well track the NEDC
reference curve v∗. From Figure 6 (c), the vehicle torque Tveh
is not so high, implying that the vehicle is working in stable
status. It means that the penalty term on the wheel slip does
not work, and the final controller output u is the same as
u∗ determined by EECA. To better show the effectiveness
of the proposed control allocation method (Opt for short),
the equally distributed torque method (Avg for short) and the
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FIGURE 8. Low adhesion road test result for control allocation.

two-wheel-driving method (2wd for short) are also simulated
and compared. Both the total power P and E energy are given
in Figure 6 (b) and (d). It can be seen that the proposed
method is consistent with the two-wheel-driving method, and
can save about 5% energy than the equally distributed torque
method. That is because the motor efficiency is low for a
small torque, and only the front two or rear two motors are
actuated and work at a higher efficiency range, as illustrated
in Figure 5. Specifically, Figure 7 shows the wheel torques
for high speed from 800s to 1200s. For the proposed method,
the rear wheels will output positive motor torque Tm3 for
driving process while the front wheels output negative torque
Tm1 for braking process, which is consistent with the vehicle
load transfer. This simulation illustrates that the proposed
law is beneficial for energy saving, especially for driving on
highways.

B. LOW ADHESION ROAD TEST
Secondly, a low adhesion road test is carried out to validate
the controller’s ability to keep the vehicle stability under crit-
ical conditions. There are three phases in this test: (1) a sharp
acceleration from 0s to 9s; (2) cruise around 100km/h from 9s
to 13s; (3) a panic brake from 13s to the end. The simulation
results are illustrated in Figure 8. Firstly, the acceleration
process is discussed. From Figure 8 (c), (b), (d), the EECA
module commands T ∗m1 = T ∗m3 = 500Nm tomeet the driver’s
driving requirement (2000Nm), but it is markedly greater
than the torque provide by the road-tire friction. Then the
MPCAmodule limits the actual motor torques Tm1 and Tm3 at

around 300Nm, so that the wheel slip ratios λi are constrained
under 20% as shown in Figure 8 (f). The driver’s vehicle
torque T ∗veh is limited to ensure the vehicle stability. Secondly,
when cruising, the control allocation transits from the equally
distributed torque mode and the two-wheel-driving mode,
in order to improve the energy saving. Finally, the braking
process is similar to the acceleration process, with only a
few differences. From Figure 8 (b), (d), since the motor
torques are limited by the maximum power, the hydraulic
braking torque is actuated for supplement. Besides, since the
regenerative braking is not available for low vehicle speed,
the hydraulic braking would also supply. Furthermore, due to
the selected weighting coefficient q2 get lower as the vehicle
speed decreases, thewheel slip ratios are a bit higher for speed
less than 20km/h. In this way, no serious oscillation occurs,
and there is no obvious decline in braking performance. This
simulation illustrates that the proposed law can ensure the
vehicle stability even under critical conditions such as on the
low adhesion road.

C. µ-SPLIT ROAD TEST
Finally, a µ-split road test is performed to verify the con-
troller’s ability to dynamically distribute the wheel torques
in the transitional condition between the stable and critical
cases. The adhesion coefficient is low on the left and high
on the right. Figure 9 shows a result for acceleration test
on the µ-split road. The total desired torque of the vehicle
T ∗veh is plot in Figure 9 (c). Figure 9 (b) and (d) show the
expected torque of the EECA module for one front wheel
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FIGURE 9. µ-split road test result for control allocation.

T ∗m1 and one rear wheel T ∗m3. Clearly, the left two wheels
would tend to skid due to the low adhesion under so excessive
torque. Hence, although the EECA module commands the
same torques for the left and right wheels, the actual torques
after the MPCA module become different. For the left side,
the torques Tm1 and Tm3 are reduced to avoid the wheels from
skidding, while the right wheels increase the torques Tm2 and
Tm4. In this way, the vehicle total torque Tveh can also be
satisfied by dynamically distribution, and all the wheel slip
ratios λi are kept in the stable region. From Figure 9 (a), it is
clear that a good acceleration is obtained. Besides, the driver
needs to take a steer δ to keep the vehicle in its lane, which is
shown in Figure 9 (e). In the existing research, even though
only one-side wheels slip, the wheel slip controller would
be actuated to replace with the energy optimal controller,
resulting in unnecessary controller switching or performance
loss. This simulation illustrates that the proposed law is
helpful to enhance the vehicle acceleration capability under
complicated transitional conditions such as on the µ-split
road.

V. CONCLUSION
To trade off energy optimization and driving stability in
actual complicated conditions, a multi-objective optimal con-
trol allocation problem is presented, and a two-step optimal
control allocation law is developed. By combining the energy
efficiency control allocation and model predictive control
allocation, the approach can improve the energy saving in
most cases, keep the vehicle stability in critical conditions,

and also enhance the vehicle acceleration/deceleration capa-
bility under some transitional conditions. It acts as a self-
adapting controller to highlight energy or stability accord-
ing to the actual situation. Simulations are performed via
a professional vehicle dynamics software to verify the con-
troller’s practicability and effectiveness. In the next, both
battery characteristic and actuator failures will be taken into
account to improve the performance, and we will also work
on putting it into practical application on the experimental
vehicle.

APPENDCES
Nomenclature list:

aveh longitudinal acceleration of the vehicle (m/s2) ;
E total consumed energy of the vehicle (kW · h);
Fveh total longitudinal force of the vehicle for driving

or braking (N);
Fxi longitudinal tire-road friction force of the i-th

wheel (Nm);
Fzi normal force supported by the i-th wheel (Nm);
Jw wheel rotation inertia (kg ·m/s2);
I battery current (A);
M vehicle mass (m);
P total power of the vehicle (kW);
r effective rolling radius of the wheel (m);
Tmi torque provided by the i-th in-wheel motor

actuating module (Nm), positive for driving and
negative for regenerative braking;
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Tmmax maximum torque of the in-wheel motor actuating
module (Nm), which is dependent on wheel
rotational speed according to the motor’s external
characteristic;

Thi hydraulic braking torque of the i-th wheel (Nm);
Tveh vehicle total torque on wheels for driving or

braking (Nm);
U battery voltage (V);
v longitudinal velocity of the vehicle (m/s);
δ steering wheel angle (deg);
ηdi driving efficiency of the i-th in-wheel motor

actuating module (%);
ηbi energy recovery efficiency of the i-th in-wheel

motor actuating module (%);
λi wheel slip ratio of the i-th wheel (%);
ηmax constraint on wheel slip ratio (%);
ωi wheel rotational speed of i-th wheel (rad/s);

where i = 1, 2, 3, 4 denote front left, front right, rear left and
rear right, respectively. Besides, variable with superscript *
denotes its desired value.
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