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Human–Machine Cooperative Steering Control
Considering Mitigating Human–Machine Conflict

Based on Driver Trust
Zhuqing Shi , Hong Chen , Senior Member, IEEE, Ting Qu , and Shuyou Yu

Abstract—To reduce the impact of human–machine conflict on
vehicle safety, this study proposes a novel human–machine coop-
erative steering control approach from the perspective of driver
trust in the machine. The relationship between driver trust in
the machine and driving skill is analyzed by the chi-square test
method, and an online cooperative algorithm is designed using
fuzzy control for different conditions, which assigns control au-
thority based on driver trust under safe conditions and gives most
of the authority to the machine to ensure safety under dangerous
conditions. The machine is designed using model predictive control
as an alternative controller parallel to the driver. To implement the
proposed approach, a simulation platform that includes drivers and
a test vehicle is established. Based on the driving data of human
drivers collected in field tests, a two-point visual driver model
is established to simulate steering behaviors and reflect physical
workload. The parameters of the driver model are identified by a
particle swarm optimization method to represent different drivers.
The effectiveness of the approach, such as guaranteeing vehicle
safety and reducing physical workload and human–machine con-
flict, is verified by simulations under typical conditions and obstacle
avoidance conditions based on veDYNA vehicle dynamics software.

Index Terms—Driver trust, human–machine conflict,
human–machine cooperative control, model predictive control
(MPC).

I. INTRODUCTION

DURING the development of vehicle intelligence, human–
machine cooperative control is an important stage before
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full automation [1], [2]. In this stage, the machine cooperates
with a human driver in perception, decision-making, and action
to share vehicle control tasks, reduce physical workload, and
ensure vehicle safety [3]. However, many types of human–
machine conflicts may occur during the interaction, such as
different intentions and reverse action [4], which introduce great
difficulties for vehicle intelligence [5], [6].

The study of mitigating human–machine conflict in coopera-
tive control is necessary for ensuring vehicle safety and avoiding
serious accidents. When a conflict suddenly occurs, human
drivers are not capable of making immediate judgments and
assigning control authority, which may cause deaths as reported
in the news [7]. Judging which agent is correct and designing a
corresponding control authority are two important issues worth
discussing. Solutions to the issues have not been fixed in the
form of policies and regulations, and they are still open-ended
challenges.

One approach reserves the decision-making and control au-
thority to the human driver, using sound, vision, and touch as
reminders, such as lane departure warning [8] and forward colli-
sion warning [9]. In such systems, the human driver is supposed
to be right all the time. Although research on such systems
completely avoids human–machine conflicts in decision-making
and action, they are incapable of taking over the vehicle to reduce
any risk under driver nonresponse.

Another approach involves the design of explicit switching
control and a dynamic designed cooperative strategy between
the human driver and machine. In switching control, the control
authority is explicitly changed by a physical mechanism in
specific situations. Related research contains the judgment of
appropriate switching time [10], arousing driver attention [11],
and study of switching control methods [12]. This control avoids
the conflict of actions between the human driver and machine,
and only one agent is in the control loop at a time. However,
a sudden takeover request from the machine will cause human
drivers to be unaware of the situation. In that brief moment,
it is difficult for a human driver to correctly judge whether
the machine should take over and then operate the physical
mechanism.

In contrast to switching control methods, a dynamic designed
cooperative strategy cannot completely eliminate human–
machine conflict because the human driver is always interacting
with the machine in the control loop [4]. Two control frameworks
for designing cooperative strategies include direct shared control
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and indirect shared control [5]. Direct shared control enables
both the human driver and automated machine to simultaneously
exert actions on a control interface, of which the output directly
controls the vehicle systems [5]. Such systems are usually hap-
tic shared control (HSC), in which the human driver interacts
with the machine directly through haptic feedback [13], [14].
The main drawback of HSC, which is also defined as coupled
shared control, is the generation of torque conflicts between the
driver and the automated system when they have different inten-
tions [6]. To eliminate the conflict caused by increased steering
torque between a human driver and a constant haptic support
system, look-ahead controller adapting parameters are designed
according to individual drivers [15]. A reference-free framework
has been introduced to mitigate human–machine conflicts, in
which time to collision and vehicle states were constrained to
ensure vehicle safety [16].

For indirect shared control, the human driver and automated
machine do not interact directly at a control interface [5]. The
control inputs to the vehicle system are generated by mixing
the control of a human driver (usually on the control interface)
and an automated machine, which is the difference between
direct shared control and indirect shared control. Indirect shared
control claims to diminish human–machine conflicts, in which
the machine does not interact directly with the human driver [17],
[18]. A predictive model to capture driver adaption and trust in
indirect shared control was proposed, which indicated that a
driver’s control effort is more sensitive to the trust level and that
distrust would increase the driver steering effort [18]. Relevant
research on the importance of human driver’s trust in machines
for vehicle safety has also been conducted [19], [20]. The
framework of indirect shared control is taken for implementation
in this study.

Instead of suddenly switching the driving authority be-
tween agents or changing the cooperative weight according to
rules subjectively defined by researchers, this study proposes
a human–machine cooperative control strategy from the per-
spective of driver trust in the machine. A cooperative algorithm
is designed online for different conditions, assigning control
authority based on driver attitude to the machine under safe
conditions and giving most of the authority to the machine under
dangerous conditions. The attitude of human drivers with differ-
ent driving skills is analyzed using the chi-square test method,
where the data are obtained through questionnaires collected
from 67 randomly selected drivers. Based on the analysis, fuzzy
control is used for the online design of the cooperative algorithm,
which allocates the degree of cooperation according to driver
attitude to the machine and vehicle safety. Using simulations
under typical conditions and obstacle avoidance conditions, the
effectiveness of mitigating human–machine conflict is verified.

To prevent excessive or insufficient intervention, the machine
participates in vehicle control as an alternative controller parallel
to the human driver [21], [22]. The machine is involved in the
driving process only if it is needed to ensure vehicle safety.
Since the mechanism of model predictive control (MPC) is
similar to the driving process of a human driver and is capable of
explicitly handling constraints, it is used to design the machine.
To implement the proposed approach, a simulation platform
including drivers and a test vehicle is established. Based on

driving data of human drivers collected in field tests, a two-point
visual driver model is established to simulate steering behaviors.
The parameters of the driver model are identified using a particle
swarm optimization (PSO) method to represent different drivers.
The effectiveness of the approach, such as guaranteeing vehicle
safety and reducing physical workload and human–machine
conflict, is verified using simulations based on veDYNA vehicle
dynamics software.

The article is organized as follows. First, Section II introduces
the analysis of human driver’s attitude and the strategy for
mitigating human–machine conflict. Section III establishes the
cooperative simulation platform. Then, Section IV provides the
design of the automatic controller and online cooperative algo-
rithm. In Section V, the effectiveness of the proposed algorithm
is demonstrated through simulations under typical conditions
and obstacle avoidance conditions. Finally, Section VI draws
conclusions and discusses future work.

II. HUMAN–MACHINE COOPERATIVE STRUCTURE BASED ON

DRIVER TRUST

In the process of vehicle control, a machine performs better
than human drivers in the aspect of fast and accurate execution,
which is useful to help reduce physical workload and ensure
vehicle safety. At the same time, the advantages of human drivers
in environment perception and decision-making are irreplace-
able by any existing vehicle intelligence machine technology.
Although both advantages can be employed simultaneously in
shared control, the possible conflict between the two controllers
poses a new challenge to vehicle safety for shared control.

Conflicts between human drivers and machines may have
many sources [4], such as different intention, information gather-
ing, information processing, decision-making, and action imple-
mentation. Even if the reference trajectory is the same, different
levels of driver need and trust in the machine can cause action
conflict. In other words, if a human driver subjectively believes
that they do not need or trust the assistance of the machine,
the opposite action will occur, and vehicle safety may even be
threatened.

To mitigate the action conflict, in this section, different de-
grees of human driver’s need and trust in the machine based
on driving skill classification and design of a corresponding
human–machine cooperative control structure are studied. The
reason for this classification is that human driver’s driving skills
are fixed and stable over a period of time, and such classification
is also proven to be representative and reasonable in this section.

A. Driver Attitude Toward the Machine

To investigate human driver’s need and trust in the machine,
a questionnaire survey was conducted among 67 human drivers
randomly recruited in the field test. The questionnaire is given
by Table XI in the Appendix and involves the aspects of each
human driver’s actual years of driving, driving skill level, and
willingness to be assisted by the machine under safe and dan-
gerous conditions. Using the Mantel–Haenszel and chi-square
test statistics method, the relationships among the three aspects
are progressively determined as follows.
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TABLE I
STATISTICAL RESULTS OF DRIVING SKILL LEVEL

Y: Years of driving, values 1, 2, and 3 represent the novice, experienced, and most
experienced groups, respectively.
L: Driving skill level, values 1, 2, and 3 are poor, medium, and good levels,
respectively.

According to the years of driving, the 67 human drivers are
divided into three groups: 1) a novice group, 2) experienced
group, and most experienced group. In the novice group, years
of driving are less than 4 with an average of 2.1 years. For
the experienced group, years of driving are between 4 and 9
with an average of 5.6 years. In the most experienced group, the
years of driving are all over 9 with an average of 18 years. Note
that, the driving time and distance per day are also surveyed in
the questionnaire, by which the total driving time and distance
of each group are analyzed. Since the trends of total time and
distance are consistent with actual years of driving, the years of
driving are taken to represent actual driving experience.

First, the correlation between the years of driving and the driv-
ing skill level is analyzed by the Mantel–Haenszel chi-square
test. It is assumed that the self-assessment is objective and can
be used to represent the driving skill level. The self-assessment
of driving skill is divided into good, medium and poor levels.
The results are summarized in contingency Table I, in which
the years of driving and driving skill level are regarded as two
variables Y and L that both contain three values 1, 2, and 3. An
initial hypothesis is developed as follows:

H0: Y and L are independent.

Then the Mantel-Haenszel test of linear association can be
calculated as χ2

MH= (W − 1)r2, where W = 67 is the total, r
is the Pearson correlation coefficient and defined as [23]

r =
cov(Y, L)√
S(Y )S(L)

(1)

where cov(Y, L) is the covariance of the variables Y and L, and
the degrees of freedom are given by df = 4. Based on SPSS soft-
ware, the two-sided asymptotic significance P1 of the Mantel-
Haenszel chi-square test and the two-sided asymptotic signifi-
cance P2 of the Pearson correlation coefficient are calculated.
According to the resultsχ2

MH= 19.840 andP1 = 0.000 < 0.001
(confidence interval 99.9%), hypothesis H0 should be rejected
as there is a linear relationship between variables Y and L.
Furthermore, according to the Pearson correlation coefficient
results r = 0.548 and P2 = 0.000 < 0.001 (confidence interval
99.9%), there is a positive correlation between variables Y and
L, which means that the driving skill level increases as years of
driving increase. Based on this result, it is reasonable to classify
driving skill according to years of driving.

Second, the relationship between the years of driving and
driver need and trust in the machine is studied. The attitude of

TABLE II
WILLINGNESS UNDER SAFE CONDITIONS

Y: years of driving; S: willingness to be assisted under safe conditions, values 1 and
2 represent unwilling and willing, respectively.
Each subscript letter A or B denotes a subset of driver categories whose column
proportions do not differ significantly from each other at the 0.05 level (confidence
interval is 95%).

human drivers is shown in the contingency Table II, in which
variable S represents the willingness to be assisted under safe
conditions.

A null hypothesis for the relationship is developed as follows.

H0s: Under safe conditions, the driving years and willingness to be
assisted are independent of each other.

To analyze the relationship between variables Y and S, Pear-
son’s chi-square test is performed using data in contingency
Table II as follows:

χ2
p =

∑
ij

(fij − Eij)
2

Eij
, Eij =

ricj
W

(2)

where ri and cj are the ith row and jth column subtotal in the
contingency Table II, respectively. fij is the observed value
and Eij is the expected count. The minimum expected count
is Emin_s = 6.93 > 5, which satisfies the assumptions of using
a chi-square test.

According to the chi-square test threshold table, the chi-
square value corresponding to the significance level α = 0.05
(confidence interval 95%) and the degrees of freedom df = 2
is the critical value χ2 = 5.991. Compared to this value, the
result of Pearson’s chi-square test under safe conditions is
χ2
p_s = 7.604 > χ2. The related two-sided asymptotic signifi-

cance is P3 = 0.022 < 0.05. Therefore, hypothesis H0s should
be rejected, as it means that at the significance level of α = 0.05
(confidence interval 95%), there is a statistically significant
difference in the assisted willingness of different groups under
safe conditions.

Specifically, in contingency Table II, different subscript letters
A and B show significant differences among groups of Y at the
0.05 significance level. There is a significant difference between
groups 1 and 3. This again shows that drivers with different years
of driving and driving skills have different willingness to be
assisted under safe conditions. To further illustrate this relation-
ship, Kendall’s tau-b is used to analyze the correlation between
variables Y and S. The correlation coefficient and significance
results are τbs = −0.316 < 0 and Pbs = 0.007 < 0.01, respec-
tively. Thus, variables Y and S have a negative correlation at
the significance level of 0.01. In other words, the willingness of
drivers to be assisted decreases with increasing years of driving.

The same analysis is also conducted under dangerous condi-
tions using the data in contingency Table III. The null hypothesis
H0d is that variables Y and D are independent. Pearson’s chi-
square is χ2

p_d = 1.012 < χ2 at the significance level α = 0.05.
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Fig. 1. Structure of the human–machine cooperative strategy.

TABLE III
WILLINGNESS UNDER DANGEROUS CONDITIONS

Y: years of driving; D: willingness to be assisted under dangerous conditions,
values 1 and 2 represent unwilling and willing, respectively.

The two-sided asymptotic significance is P4 = 0.603 > 0.05.
That is, the hypothesis should be accepted as there is no signif-
icant difference among the three groups of Y .

It can be seen from the above analysis that the human drivers’
willingness to be assisted and driver’s need and trust in the
machine decrease with increasing years of driving and improve-
ment of driving skill level. This feature is significant under safe
conditions. The negative correlation between variables Y and
S proves again that it is representative and reasonable to study
different degrees of driver need and trust in the machine based
on the classification of driving skill level. Furthermore, the cor-
responding human–machine cooperative control structure can
be designed based on the analysis to mitigate human–machine
conflict.

B. Control Structure to Mitigate Human–Machine Conflict

Based on different degrees of driver need and trust in the ma-
chine under safe conditions, the corresponding human–machine
cooperative control structure is designed to mitigate human–
machine conflict, as shown in Fig. 1. On the premise of vehicle
safety, the cooperative algorithm is designed with a cooperative
weight according to different driving skills. Since drivers with
good driving skills are better at manipulation and environment
comprehension, they have less need and trust in the machine,
more driving authority is given to these drivers, and the automa-
tion should intervene as little as possible. On the contrary, drivers
with poor driving skills are usually unable to act quickly and
accurately, and they have more need and trust in the machine,
so more driving authority is delegated to the automation.

As shown in Fig. 1, the automation is designed parallel to
the human driver on the levels of perception, decision, and
action. Since the human–machine conflict caused by human
driver’s attitude to the machine is considered, the automation
collaborates with the human driver only on the action level in
this study. Therefore, it is assumed that the reference trajectory
of the automation and human driver is the same.

Under such an assumption, the automation and human drivers
are consistent in their driving decisions. Aiming at tracking
the reference trajectory, the human driver and automation exert
torques Tdr and Tauto in parallel, respectively. According to the
cooperative weight calculated using the cooperative algorithm
and the MPC design, the total torqueTtot is applied to the vehicle
system. Vehicle states and environmental information are mea-
sured by sensors and transmitted to the driver and automation.

Since subscript letters A and B in contingency Table II indicate
that there is a significant difference between the novice group
and the most experienced group at the 0.05 significance level,
while there is no significant difference from the experienced
group, human drivers’ driving skills are divided into good and
poor levels. The good level represents the most experienced
drivers who can manipulate quickly and accurately, whereas
the poor level describes the novice drivers who are unable to
act accurately. These two levels are defined for driving skills in
general conditions. However, the driving skill of an individual
driver sometimes fluctuates due to unexpected reasons, such
as fatigue, drunkenness, or bad mood. Thus, the cooperative
algorithm is designed based on an online decision of driving
skills, in which temporary fluctuation of driving skill can be
considered. The details of this strategy are explained in the
following sections.

III. SIMULATION PLATFORM INCLUDING DRIVERS

Considering the high cost of field tests and the complexity of
repeatability, a human–machine cooperative control simulation
platform is first established to implement the proposed method.
The simulation platform introduces a driver model to represent
the steering behavior of human drivers. Using the driving data of
human drivers collected in the field test, the model parameters
are identified according to drivers with different driving skills.
Based on the veDYNA vehicle dynamics software, the vehicle
is incorporated into the simulation platform.

A. Two-Point Visual Driver Model

To simulate steering behaviors and reflect the physical work-
load of human drivers, a two-point visual driver model is
adopted. The output of the driver model is driver torque on the
steering wheel that can better reflect the physical workload than
the steering wheel angle [24], [25].

In the structure of the model depicted in Fig. 2, PI and P
control are designed to keep tracking the road centerline and
maintain stability. Based on the far-angle θf and near-angle θn
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Fig. 2. Structure of the two-point visual driver model.

Fig. 3. Sketch of the vehicle. (a) Lateral motion. (b) 2-DOF vehicle model

shown in Fig. 3(a), the feedforward control and compensation
control can be expressed as follows:

Ga = Ka, Gc = Kc
TLs+ 1

TIs+ 1
(3)

where Ka is the proportional coefficient, Kc is the gain pa-
rameter, and TL and TI are the lead and lag time constants,
respectively. The near-angle θn and far-angle θf previewed by
drivers in the driving direction are approximated by

θn ≈ yd
lp
, θf ≈ Lf

Rref
+ ψd = Lfρref + ψd (4)

where lp and point P are the near distance and near point
of previewing, respectively, and Lf and point M are the far
distance and far point of previewing, respectively. The transfer
functions for the driver response lag and muscular response lag
are formulated as

GL = e−τps =
1− τp

2 s

1 +
τp
2 s
, Gnm =

1

TNs+ 1
(5)

where τp is the processing delay time constant of driver brain
and TN is the lag time constant. The transfer functions Gk1

andGk2 represent driver response to the feedback torque on the
steering wheel and compensation of the resistance moment of
the steering column, respectively. The transfer functions are

Gk1 = Kd
s

s+ 1
T1

, Gk2 = KG
TK1s+ 1

TK2s+ 1
. (6)

B. Human Driver Driving Data Obtained From Field Tests

The established driver model can simulate the steering behav-
ior of any driver for trajectory tracking. To reflect the driving skill
level of individual drivers using the model, the driving data of
different human drivers are collected and processed using field
tests.

In the field tests, 6 drivers with representative driving skill lev-
els are chosen from 67 drivers introduced in Section II-A. Drivers
1/2/3 of group 1 and drivers 4/5/6 of group 2 are selected from the
novice and most experienced groups, respectively. Since human
driver’s need and trust in the machine are statistically different

Fig. 4. Field test [(b): The black line is the reference trajectory; blue and red
lines are trajectories of drivers with poor and good driving skills, respectively].
(a) Test vehicle. (b) Vehicle trajectories under custom coordinates.

under safe conditions, they are asked to control the vehicle and
track the reference trajectory at a low speed of 10 km/h. The test
vehicle, a DONGFENG AX7 as shown in Fig. 4(a), is equipped
with an RT3002 inertial/GPS integrated navigation system to
collect vehicle states including speed, position, steering wheel
torque, steering wheel angle, and angular velocity. For data
processing, Universal Transverse Mercator projection is used
to convert latitude and longitude coordinates to custom coordi-
nates. The results of vehicle trajectories are shown in Fig. 4(b).

In the vehicle trajectories shown in Fig. 4(b), the black line
is the reference trajectory and the blue and red lines represent
drivers with poor and good driving skills, respectively. It can be
seen from the lines that the displacement deviation and angular
deviation are less for drivers with good driving skills than for
drivers with poor driving skills, which is consistent with the
accurate control ability of drivers with good driving skills.

C. Driver Model Parameter Identification

Using the driver model and driving data obtained above, driver
model parameters are identified to reflect different driving skill
levels. PSO, which has the advantages of fast optimization and
easy realization, is introduced. Given a reference trajectory, the
minimum mean square deviation of the output of the driver
model and the driver torque from the field data are defined as
the following fitness function:

f(x) =

√
1

n

∑n

i=1
[Tdi − T̄di]

2 (7)

where Tdi is the driver torque exerted on the steering wheel,
T̄di is the output of the driver model and n = 80 is the number
of particles. The position vector x of particle i is defined as
xi = (Kai,Kci) to represent driving skill variation, where Kai

is the proportional coefficient and Kci is the gain parameter.
The remaining parameters in the driver model are considered
constants as shown in Table IV. To enhance the global and local
search capability to converge to the global optimal solution, the
inertia factor and acceleration factor model with linear variation
are adopted [26]. The velocity and position of each particle are
updated as follows:

vid
t+1 = ωvid

t + c1r1(pid − xid
t) + c2r2(pgd − xid

t) (8)

xid
t+1 = xid

t + vid
t+1, i = 1, 2, . . . , n, d = 1, 2 (9)
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TABLE IV
DRIVER MODEL FIXED PARAMETERS

TABLE V
IDENTIFIED PARAMETERS OF THE DRIVER MODEL

Fig. 5. Identification results. (a) Driver model identification output and exper-
imental data. (b) Fitness function value of PSO.

where t is the iteration number, vi = (vi1, vi2) is the velocity
vector, pi = (pi1, pi2) and pg = (pg1, pg2) are the best expe-
rience of the particle i and the group, respectively, r1 and r2
are random numbers following a random distribution in [0,1].
vid ∈ [−vmax, vmax] and vmax = xmax are chosen for ensuring
the rate of convergence and identification precision [27]. The
number of iterations isM = 2000. c1 and c2 are learning factors.
The inertia factorω, which decreases linearly fromωmax toωmin,
is adopted as in [28] and [29].

The model parameter identification results of the six drivers
are shown in Table V. Taking driver 3 as an example, the results
of the steering wheel torque and fitness function are shown in
Fig. 5. As seen in Fig. 5(a), under the same road conditions,
the identified steering wheel torque is consistent with that in
the test, which reflects the steering behavior of the driver. As
Fig. 5(b) shows, the small fitness function value indicates a high
degree of fitting. Thus, the effectiveness of PSO for driver model
parameter identification is verified. In addition, the performance
of different driving skills reflected by different driver model
parameters is described in Section V.

IV. DESIGN FOR AUTOMATION AND COOPERATIVE ALGORITHM

A. MPC for Automation

Since the mechanism of MPC is similar to the driving pro-
cess of human drivers, including prediction, optimization, and

execution, it is adopted as the automatic controller parallel to
human drivers, as shown in Fig. 1.

A two-degree-of-freedom (2-DOF) vehicle model is adopted
to express the lateral and yaw motion of the vehicle. A sketch of
the 2-DOF vehicle model is shown in Fig. 3(b), and the dynamic
equations with assumptions are expressed as [30], [31]

β̇ = − (Cf + Cr)

mvx
β +

(
(bCr − aCf )

mvx2
− 1

)
γ +

Cf

mvx
δf

(10a)

γ̇ =
(bCr − aCf )

Iz
β − (a2Cf + b2Cr)

Izvx
γ +

aCf

Iz
δf (10b)

where m and β are the vehicle mass and the sideslip angle of
the center of mass (c.m.), respectively, Iz and γ are the moment
of inertia and the yaw rate about the yaw axis, respectively, vx
is the longitudinal velocity of the c.m. in the vehicle coordinate
system, a and b are distances from the front and rear wheel axles
to the c.m., respectively,Cf andCr are the cornering stiffnesses
of the front and rear tires, respectively, δf is the steering angle of
the front wheel. A steering column model is established as [32]

Jsω̇s = −bsωs − Tsw + Ttot (11)

δ̇s = ωs (12)

where Ttot is the total torque exerted on the steering wheel, ωs

is the steering wheel angle rate and δs = gs · δf is the steering
wheel angle, where gs is the gear ratio. bs and Js are the
friction coefficient and moment of inertia of the steering column,
respectively. The wheel aligning torque on the steering system
is

Tsw =
Ksαf

gs
(13)

where Ks = −KpCfηt is the aligning torque coefficient, ηt is
the sum of the tire trailing distance and caster moment arm, and
Kp is the steering system coefficient. The sideslip angle αf is
modeled in the linear region as

αf = β +
lfγ

vx
− δf . (14)

To describe the vehicle kinematics and trajectory in the inertia
coordinate system, a road perception model is introduced [24].
In Fig. 3(a), C denotes the c.m. of the vehicle. It is assumed that
the lookahead point P is observed by drivers along the vehicle
heading direction and that the lookahead distance lp is the length
of CP. The vertical distance DP between P and the road centerline
is defined as the lateral displacement deviation yd = y − yref ,
in which y is the lateral displacement and yref is the reference
along the road centerline. The reference curvature ρref = 1/Rref

is the curvature of the inner lane line, in which Rref is the
radius of curvature. The angle deviation ψd is the angle between
the heading direction of the vehicle and the tangent direction
of the road centerline, where ψd = ψref − ψ, ψ is the yaw
angle of the vehicle and ψref is the reference of ψ along the
tangent to the road centerline. Under the assumption that ψd is
small, the deviation of the lateral displacement and angle can be
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described as

ẏd = ẏ − ẏref

≈ vxβ + lpγ − vxψd − vxlpρref (15)

ψ̇d = ψ̇ref − ψ̇

= −γ + vxρref . (16)

For the convenience of calculation, the vehicle dynamic
equations and vehicle kinematic equations are rewritten in the
discrete state-space equations as

x(k + 1) = Adx(k) +Bdu(k) +Ddw(k) (17)

y = Cdx (18)

where the sample time is Ts = 0.01 s, w = ρref is the external
input, the state vector and the output vector are x = [ωs, δs,
β, γ, yd, ψd]

T and y = [yd, ψd]
T , respectively, and the control

input u = Ttot is defined as follows:

Ttot = λTauto + (1− λ)Tdr (19)

where Tdr is the human driver’s torque and Tauto is the MPC
torque that needs to be designed, λ is the cooperative coefficient
that is designed online using fuzzy control in the next section,
and λ = 1 represents full driving automation. The system ma-
trices are

Ad

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

− bs
Js

−KpCfηt

gs2Js

KpCfηt

gsJs

KpCfηta
gsJsvx

0 0

1 0 0 0 0 0

0
Cf

mvxgs
− (Cf+Cr)

mvx

(bCr−aCf )
mvx

2 − 1 0 0

0
aCf

Izgs

(bCr−aCf )
Iz

− (a2Cf+b2Cr)
Izvx

0 0

0 0 vx lp 0 −vx
0 0 0 −1 0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

Bd =
[

1
Js

0 0 0 0 0
]T
, Cd =

[
0 0 0 0 1 0

0 0 0 0 0 1

]

Dd =
[
0 0 0 0 −vxlp vx

]T
.

The trajectory tracking problem can be described as the fol-
lowing optimization problem:

min
ΔU(k)

J(x(k), u(k)) = min
ΔU(k)

||Γy(Yp,c(k + 1|k)

−R(K + 1))||2 + ||ΓuΔU(k)||2

s.t. x(k + 1) = Adx(k) +Bdu(k) +Ddw(k)

Hx(k) ≤ G, i = 0, 1, . . . , p

Δu(k) = u(k)− u(k − 1)

umin(k + i) ≤ u(k + i) ≤ umax(k + i)

i = 0, 1, . . . ,m− 1

u(k + i) = 0, i = m,m+ 1, . . . , p− 1 (20)

whereR(K + 1) = [r(k + 1), r(k + 2), . . . , r(k + p)]T 2p×1 is
the reference vector. The vector of control increment
ΔU(k) = [Δu(k),Δu(k + 1), . . . ,Δu(k +m− 1)]Tm×1 is
the independent variable of the constrained optimiza-
tion problem. The p steps control output Yp,c(k + 1|k) =
[yc(k + 1)|k, yc(k + 2)|k, . . . , yc(k + p)|k]T 2p×1 is predicted
by the system model at time k. The control input constraint
umax(k) = −umin(k) = 8 N ·m is introduced according to the
actuator saturation of the steering system.

In (21), the state constraintHx(k) ≤ G is defined by a stable
handling envelope to ensure vehicle stability, which is related to
limits on the vehicle sideslip angle and yaw rate [33]. The limits
show the maximum capacity of the given tires and subject to
steady-state assumptions. The vehicle yaw rate constraint is

−gμ
vx

≤ γ ≤ gμ

vx
(21)

where g is the gravitational acceleration andμ is the road friction.
The restriction of the vehicle sideslip angle is

−αp − bγ

vx
≤ β ≤ αp − bγ

vx
(22)

where αp = arctan( 3mgμ
Cr

· a
a+b ) is the slip angle related to the

maximum lateral rear force. Then, the matrices H and G of the
state constraint are

H =

⎡
⎢⎢⎣
0 0 0 1 0 0
0 0 0 −1 0 0
0 0 1 − b

vx
0 0

0 0 −1 − b
vx

0 0

⎤
⎥⎥⎦ , G =

⎡
⎢⎢⎣

gμ
vx
gμ
vx

αp

αp

⎤
⎥⎥⎦ . (23)

B. Fuzzy Control for the Cooperative Algorithm

In this section, the cooperative algorithm is presented for
deciding the cooperative coefficient in (19), which assigns con-
trol authority based on driver trust in the machine under safe
conditions and provides most of the authority to the machine
under dangerous conditions.

Fuzzy control, which works without mathematical models, is
adopted for the online design of the cooperative coefficient. The
reason for the online design is to prevent unexpected situations
from affecting driving skills. As shown in Fig. 1, except for
the basic driving skill level, the practical driving skill of a
human driver is affected by sudden fluctuations. For example,
an experienced driver may have poor driving skill due to fatigue
or a bad mood. The impact of such fluctuations is considered by
the online design of the fuzzy control.

In the fuzzy controller, the cooperative coefficient λ is the
output and accounts for the cooperative weight of the machine.
The absolute values of the lateral displacement deviation and an-
gular deviation, i.e., |yd| and |ψd|, are chosen as inputs. Because
the lateral displacement deviation yd and angular deviation ψd

between the vehicle trajectory and the reference trajectory are
components of the inputs to the two-point visual driver model
in (4), they reflect the driving skill of each driver in terms of
tracking accuracy. Since the signs of variables yd and ψd only
indicate opposite directions, the absolute values |yd| and |ψd|
are used instead.
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Fig. 6. Membership function and map in the fuzzy controller. (a) Membership
function of |yd|. (b) Membership function of |ψd|. (c) Membership function of
λ. (d) Map of |yd|, |ψd|, and λ.

Fig. 7. Sketch of the lane diagram.

The membership functions of |yd|, |ψd|, and λ are shown in
Fig. 6(a)–(c) and are composed of Z-type, triangle, and S-type
functions, which are divided into five sets, i.e., S, MS, M, MB,
and B. The map of the relationships among |yd|, |ψd|, and λ

is shown in Fig. 6(d). The ranges of |yd|, |ψd|, and λ are [0,
1.75] m, [0, 0.3] rad, and [0, 1], respectively. For |yd| and |ψd|,
the specific values of the five sets are determined by the lane
width and magnitude of tracking deviations.

In Fig. 6(a), the subsets from S to B correspond to increasing
lateral displacement deviation. As shown in Fig. 7, the maximum
value of |yd| is the half-width of the standard one-way lane,
which corresponds to the road boundary with a solid black line,
i.e., Lw/2 = 1.75 m. Since the vehicle width in the veDYNA
software is lw = 1.644 m, the distance deviation between the
vehicle centerline and road boundary should be limited within
Widthc = (Lw − lw)/2 = 0.928 m, which is defined as the cen-
ter boundary shown by the dashed black line in Fig. 7. An
approximate value Widthc ≈ 1 m is designed as the middle
value of subset MB; when the value is greater than this middle
value, it indicates that a large lateral displacement deviation
belongs to MB or B.

Dangerous conditions are defined when the vehicle’s c.m.
is outside the dangerous boundary with 0.9 · Widthc ≈ 0.8 m
(presented by the dashed red line in Fig. 7). When the ve-
hicle centerline is outside the dangerous boundary, the coef-
ficient is selected as λ = 0.9, i.e., the machine has most of
the control authority. To minimize interference with the driver,

TABLE VI
FUZZY RULES OF λ

TABLE VII
VEHICLE PARAMETERS

|yd| < 0.2 · Widthc ≈ 0.2 m is considered to be no deviation,
which is the max value of subset S.

In Fig. 6(b), the subsets from S to B correspond to increasing
absolute values of the angular deviation |ψd|. In the interval
[0, 0.3] rad of |ψd|, the intervals of the three subsets MS,
M, and MB are evenly distributed and fuzzified by triangle
functions. In Fig. 6(c), the subsets from S to B are distributed
within the interval [0,1]. The cooperative coefficient λ = 0.5
corresponds to the middle value of subset M, which represents
half driver control and half machine control. The other four
subsets are symmetrically distributed about the middle value.
By defuzzification of the gravity method, the value of λ is used
for the MPC design.

The fuzzy rules are designed so that the value of λ increases
as |yd| and |ψd| increase, as shown in Table VI. Larger values
of |yd| and |ψd| imply that the driver has poorer driving skills
in terms of tracking accuracy and higher need and trust in the
machine, so a larger value of λ is designed to increase the control
authority of the machine. The larger the value of λ is, the lower
the control authority of the driver. Conversely, drivers with
good driving skills correspond to smaller tracking deviations
|yd| and |ψd|, and they require a smaller value of λ and greater
control authority. This is in line with the discussion in Section II
that human drivers’ inclinations to need and trust the machine
decrease with the improvement of driving skills.

V. EFFECTIVENESS OF THE PROPOSED HUMAN–MACHINE

CONTROL STRATEGY

In this section, tests under typical and obstacle avoidance
conditions are discussed to illustrate the effectiveness of the
proposed approach in both normal and challenging scenarios.
The parameters of the vehicle are listed in Table VII.

A. Tests Under Typical Conditions

In this section, simulation results are presented for the
steady-state circular condition and double lane change (DLC)
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Fig. 8. Tracking results. (a) Vehicle trajectory under the circular condition.
(b) Lateral displacement deviation under the circular condition. (c) Vehicle
trajectory under the DLC condition. (d) Lateral displacement deviation under
the DLC condition.

condition, which are considered to be representative of typical
conditions. The radius of the reference circular trajectory is
Rref = 1000 m. The DLC condition is designed according to
ISO/TR3888 standard. The longitudinal speed of the vehicle is
a constant vx = 54 km/h.

1) Performance of a Single Agent: The test of a single agent
is first conducted based on the simulation platform. Either the
driver or automation controls the vehicle to track the reference
trajectory under two conditions. The vehicle trajectories and
deviations are shown in Fig. 8, in which blue lines and red lines
represent drivers 1/2/3 of group 1 and drivers 4/5/6 of group 2,
respectively, the magenta line represents the MPC, and the solid
and dashed black lines are the center boundary and dangerous
boundary, respectively.

In the MPC, the control horizon and the prediction horizon are
m = 5 and p = 20, respectively, and the weighting matrices are
Γy = 50× I2p×2p and Γu = 0.1× Im×m. As shown in Fig. 8,
the MPC performs the smallest tracking deviation and has the
best tracking accuracy. Compared to drivers with poor driving
skills, drivers with good driving skills have smaller tracking
deviation and higher tracking accuracy. Such a difference in
tracking performance is caused by the different parameters of
the driver model, which are identified based on the driving data
of the field tests.

As seen in Fig. 8, the lateral displacement deviations of
drivers sometimes deviate beyond the centerline boundary. Ve-
hicle safety cannot be guaranteed by human drivers under such
circumstances, so it is necessary to design a human–machine
cooperative control strategy for assistance. In addition, while the
MPC has the highest tracking accuracy, the reason for designing
a novel human–machine cooperative strategy rather than using
a constant cooperative weight is explained in detail in the next
section.

Fig. 9. Lateral displacement deviation of the cooperative algorithm. (a) Poor
driving skill under the circular condition. (b) Good driving skill under the circular
condition. (c) Poor driving skill under the DLC condition. (d) Good driving skill
under the DLC condition.

Fig. 10. Yaw rate and sideslip angle. (a) Under the circular condition. (b)
Under the DLC condition.

2) Superiority of the Novel Cooperative Algorithm: Based
on the proposed simulation platform and cooperative algorithm,
parallel human–machine cooperative steering control is carried
out under the steady-state circular condition and the DLC con-
dition. The control horizon, prediction horizon, and weighting
matrices of the MPC are defined as in the previous section. The
simulation results are shown in Figs. 9–14.

Based on the results, the effectiveness of the proposed method
from the following aspects is illustrated:

1) help human drivers ensure vehicle safety;
2) reduce physical workload of human drivers;
3) mitigate human–machine conflict by considering driver

attitude to the machine.
In contrast, the simulation results of any single agent are also

plotted in Figs. 9–14, in which the legends are the same as before.
The center boundary and dangerous boundary are represented
by the solid and dashed black lines, respectively. In addition,
the black lines with circles represent the results of the human–
machine cooperative control.

With regard to the first aspect, the vehicle lateral displacement
deviations and vehicle γ–β phase plane plots are shown in
Figs. 9 and 10, respectively, which explain the effectiveness of
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Fig. 11. Driver torque of the cooperative algorithm. (a) Poor driving skill
under the circular condition. (b) Good driving skill under the circular condition.
(c) Poor driving skill under the DLC condition. (d) Good driving skill under the
DLC condition.

Fig. 12. Cooperative coefficient. (a) Under the circular condition. (b) Under
the DLC condition.

Fig. 13. RMS of the conflict rate of drivers with poor driving skill.

Fig. 14. RMS of the conflict rate of drivers with good driving skill.

TABLE VIII
RMS OF THE DRIVER TORQUE FOR THE CIRCULAR CONDITION

dr_rms

Without/With: rms of the driver torque without/with cooperative control.
Reduction: Percentage reduction with cooperation compared to no cooperation.

TABLE IX
RMS OF THE DRIVER TORQUE FOR THE DLC CONDITION

dr_rms

Without/With: rms of the driver torque without/with cooperative control.
Reduction: Percentage reduction with cooperation compared to no cooperation.

the proposed method in ensuring vehicle safety. As shown in
Fig. 9, using the cooperative algorithm, vehicles are controlled
with smaller lateral deviations. The designed cooperative control
method ensures that the vehicle stays within the centerline
boundary and dangerous boundary under both conditions. The
relationship between the vehicle yaw rate and sideslip is shown
in Fig. 10, and the solid black lines are the constraints defined
in the MPC. Here, β and γ are all inside the constraints. Vehicle
safety and stability, which are the most important requirements
in cooperative control, are guaranteed by the proposed approach.

To illustrate the second aspect, driver torques under two
conditions are shown in Fig. 11. The reduction in the physical
workload is evaluated by the root mean square (rms) of the
torque [34], which is defined as

Tdr_rms =

√
1

N

∑N

i=1
Tdr(i)

2 (24)

where N is the total sampling time. The results of Tdr_rms

controlled with cooperation and without cooperation are listed in
Tables VIII and IX. As the percentages of the reduction in torque
shown in Tables VIII and IX, the driver torque is significantly
reduced in human–machine cooperative control compared to the
case where the human driver is driving alone. This shows that the
proposed algorithm can reduce physical workload on the human
drivers.

In addition, as the cooperative coefficient shown in Fig. 12,
drivers with good driving skills have smaller cooperative coef-
ficients than those with poor driving skills. This means that in
cooperative control, drivers with good driving skills have higher
driving authority than those with poor driving skills. The result is
consistent with the statistical analysis in Section II-A that drivers
with good driving skills have less need and trust in the machine. It
can be seen that the cooperative algorithm is designed according
to human driver’s attitude to the machine.
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Fig. 15. Sketch of the LC.

Finally, the effectiveness of the proposed method to mitigate
human–machine conflict in cooperative control is explained in
Figs. 12–14.

The conflict rate and its rms value are defined to express the
degree of human–machine conflict as follows:

Con =

∣∣∣∣ ydriver − yco
max (ydriver)

∣∣∣∣ (25)

Conrms =

√√√√ 1

N

N∑
i=1

Con(i)2 (26)

where ydriver and yco represent the lateral displacement of
steering control by the human driver and cooperative control,
respectively. Here, a constant cooperative coefficient λ = 0.5 is
introduced as the comparison to demonstrate the effectiveness of
the proposed cooperative algorithm. The results of the rms value
Conrms of drivers with poor driving skill and good driving skill
are shown in Figs. 13 and 14, respectively. As shown in the fig-
ures, the rms values are smaller for cooperative control than for
a constant cooperative coefficient λ = 0.5 without considering
driver attitude. This means that the novel cooperative algorithm
designed according to human driver’s attitude can effectively
reduce human–machine conflict.

B. Tests Under Obstacle Avoidance Condition

In addition to the trajectory tracking results under typical con-
ditions, the more challenging and practical scenario of obstacle
avoidance is carried out to illustrate the effectiveness of the
proposed method.

1) Path Planning for Obstacle Avoidance: The path planning
of a lane change (LC) is adopted to avoid collisions caused by the
sudden braking of the vehicle in front or the emergence of a fixed
object. Assuming that there is no obstacle in the left lane, the
vehicle is controlled to the left lane to avoid the near obstacle
(vehicle or object) in the current lane. As shown in Fig. 15,
the pink square and the blue square represent the vehicle to be
controlled and the approaching obstacle, respectively, and the
red pentagram and circle are the start point and end point of the
LC, respectively.

In Fig. 15, the lateral distance of the LC is SLC = Lw =
3.5 m, which is from the centerline of the current lane to that
of the left lane. Assuming the lateral velocity and acceleration
of the vehicle at the start and the end of the LC are zero, the
shortest possible time of the LC should satisfy

tLC = (2SLC/ay)
1
2 > (2SLC/0.4 g)

1
2 ≈ 1.336 s (27)

Fig. 16. Vehicle trajectory of the LC.

where the lateral acceleration ay < 0.4 g (g = 9.81 m/s2) is the
assumption of the 2-DOF vehicle model for lateral stability [30].
Therefore, tLC = 1.34 s is chosen as the time of the LC consid-
ering lateral stability.

During the LC, the longitudinal speed and longitudinal ac-
celeration of the vehicle are vx = 15 m/s and ax = 0 m/s2,
respectively, and the longitudinal speed of obstacle is reduced
to 0 ≤ vob < vx, i.e., the deviation of longitudinal speed satis-
fies 0 < Δv = vx − vob ≤ 15 m/s. The minimum longitudinal
distance, which the collision can be avoided by the LC with
lateral stability and without braking, is

Δxmin = Δv × tLC = 20.1m. (28)

Considering that the length of the vehicle or the obstacle is
5 m, the distance between the c.m. of the vehicle and the c.m.
of the obstacle is set to Δx = 25.1m at the start of the LC, as
shown by the longitudinal distance between the red pentagram
and the blue square in Fig. 15.

For trajectory planning, the reference trajectory is obtained
by the five-spline curve-fitting method as shown by the yellow
curve in Fig. 15. The fitting equations are

XLC(t) = 6.94t5 − 23.26t4 + 20.78t3 + 15t+ 100 (29a)

YLC(t) = 4.86t5 − 16.28t4 + 14.55t3 (29b)

where XLC(t) and YLC(t) are the longitudinal position and
lateral position at time t, respectively.

As seen in Fig. 15, the green line connecting the start and end
points is very close to the yellow curve. Therefore, to maintain
consistency with the trajectory planning of the DLC condition,
the simplified green line is chosen as the reference trajectory for
the LC.

2) Performance of the Cooperative Algorithm: By track-
ing the planned reference trajectory, the proposed approach is
demonstrated to work well in challenging obstacle avoidance
conditions. The simulation results are shown in Figs. 16–22,
where the black lines with circles represent the results by the
cooperative algorithm, the magenta lines denote the pure MPC,
and the red lines and the blue lines represent drivers with good
driving skills and drivers with poor driving skills, respectively.

The vehicle trajectories controlled by the six drivers with
the cooperative algorithm are shown in Fig. 16, where the
pink squares and the blue square represent the vehicle and the
fixed obstacle, respectively, and the green line is the reference
trajectory. As seen in Fig. 16, the vehicle starts to change the
lane at X = 100 m and successfully avoids the fixed obstacle.
Since the vehicle being controlled can avoid a fixed obstacle
whose velocity is vob = 0 m/s, it can certainly avoid the front
vehicle that suddenly brakes to a velocity of 0 ≤ vob < 15 m/s.
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Fig. 17. Lateral displacement deviation. (a) Poor driving skill. (b) Good
driving skill.

Fig. 18. Yaw rate and sideslip angle.

Fig. 19. Cooperative coefficient.

Fig. 20. Driver torque. (a) Poor driving skill. (b) Good driving skill.

The lateral displacement deviations are largely reduced by the
cooperation of the designed algorithm, which ensures vehicle
safety. The deviations controlled only by drivers, by the pure
MPC, and by the designed cooperative algorithm are shown in
Fig. 17. The deviations by the designed cooperative algorithm
are lower than 0.8 m, i.e., within the dangerous boundary shown
by the dashed black lines. Furthermore, the values of β and γ
are all within the boundaries shown by the solid black lines in
Fig. 18, which means that the lateral stability of the vehicle is
also guaranteed.

As shown by the driver torque in Fig. 19, the cooperative
coefficients are designed smaller for drivers with good driving
skills than those for drivers with poor driving skills. The small
difference in the cooperation coefficient is because the tracking
deviations of the pure driver controls are all large in such
conditions.

TABLE X
RMS OF THE DRIVER TORQUE FOR OBSTACLE AVOIDANCE

dr_rms

Without/With: rms of the driver torque without/with cooperative control.
Reduction: Percentage reduction with cooperation compared to no cooperation.

Fig. 21. RMS of the conflict rate of drivers with poor driving skill.

Fig. 22. RMS of the conflict rate of drivers with good driving skill.

As shown in Fig. 20, the physical workload of human drivers
can be largely reduced by the proposed algorithm. To evaluate
the reduction in torque, the rms of the torque corresponding to
each driver is listed in Table X. The percentages of the reduction
in driver torques by the cooperation are all over 60%, which
means that the proposed method is able to reduce the physical
workload of drivers.

In terms of human–machine conflict mitigation, the rms value
of the conflict rate is compared with that of the fixed cooperative
coefficient λ = 0.5, and the results are shown in Fig. 21 and
Fig. 22. The black bars represent the results of λ = 0.5, whereas
the blue and red bars denote the results of drivers with poor
driving skill and good driving skill, respectively. It can be seen
that the conflict rates of the proposed cooperative algorithm are
smaller than those of the fixed coefficient that does not consider
driver attitude.

VI. CONCLUSION

This research designs a human–machine cooperative strat-
egy to mitigate human–machine conflict by considering human
driver’s trust in the machine. Using a statistical analysis method,
it is determined that human driver’s trust in the machine de-
creases with the improvement of the driving skill level under
safe conditions. The machine, which is designed using an MPC,
is parallel to the human driver. Fuzzy control is used to design

Authorized licensed use limited to: JILIN UNIVERSITY. Downloaded on September 17,2022 at 01:29:52 UTC from IEEE Xplore.  Restrictions apply. 



1048 IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 52, NO. 5, OCTOBER 2022

the online cooperative algorithm for different conditions, which
assigns control authority by driver trust under safe conditions
and gives little authority to drivers to ensure safety under dan-
gerous conditions. Using the simulation platform containing
the developed driver model, the effectiveness of the proposed
approach in ensuring vehicle safety, reducing physical workload,
and mitigating human–machine conflict is illustrated through
simulations under typical conditions and obstacle avoidance
conditions. Future work includes introducing real human drivers
and conducting driver-in-the-loop experiments to test the perfor-
mance of the proposed approach. Due to the restrictions of safety
regulations and the lack of hardware equipment, such as a driving
simulator, this study uses the trained driver model as a virtual
human driver for testing. Although driver models can be used
to represent human drivers in shared control, the introduction
of real human drivers for driver-in-the-loop experiments will
enable further validation of the performance of this study.

APPENDIX

THE QUESTIONNAIRE

TABLE XI
DRIVER TRUST IN THE MACHINE
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