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(PID) based control algorithm is executed to control
the longitudinal slip within a stable zone to obtain
contrasting simulation results. Simulation parameter
settings and the road surface conditions in different
scenarios are consistent with those of the proposed
SLN-MPC based control algorithm, so that rationality
in the comparison of the simulation can be ensured.

Table 1 Simulation parameters of weight factors in the
SLN-MPC controller

Weight factor Value
o 0.30
0, 0.78
0; 0.97
0, 0.12
S, 0.04
S, 0.66
S3 0.93
Sy 0.52

Table 2 Simulation parameters of collision avoidance
constraints

Collision avoidance

constraint Value
Omin 0
Oana 3.5 m/s’
- 0.7 rad/s’
Vinin 0
Vinax 40 m/s

4.3 Simulation results and discussion

Fig. 7 indicates the trajectories generated by the
MLN-MPC controller in different simulation sce-
narios. Here, the red fields indicate the obstacles,
including the lane boundaries and the leading vehicle.
Assuming that there is only one obstacle vehicle,
these three red boxes denote the positions of the ob-
stacle vehicle at three simulation moments. The black
dotted line is the road centerline, and these curves
represent the trajectories generated by the MLN-MPC
controller under four different simulation conditions.

In these simulation scenarios, to present the real-
time position relationship between the ego vehicle
and the obstacle vehicle during overtaking maneuver,
the corresponding positions of the two vehicles at
time instants #,—¢; have been marked. It can be seen
from Figs. 811 that the ego vehicle can safely and

quickly overtake the obstacle vehicle, because the
initial speed of the ego vehicle is greater than that of
the obstacle vehicle. Furthermore, it can be concluded
that the ego truck running with a higher initial speed
starts earlier to execute a lane change than the ego
truck running with a lower initial speed. However, for
the truck running with a higher initial speed, it is time
to return to the original lane after overtaking. Simi-
larly, when the initial speed of the ego truck is invar-
iable, the ego truck in the better road conditions starts
earlier to execute lane change than the ego truck on
the worse road conditions and returns to the original
lane later after overtaking.
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To present the relative distance between the two
vehicles in these scenarios, the real-time trends of the
relative distance from the simulation results are
shown in Fig. 12. 4 denotes the relative distance
between the points at which the ego truck starts lane
change in these four scenarios. B indicates the relative
distance between the points where the ego truck ends
the initial lane change. C presents the relative distance
between the points where the ego truck overtakes the
leading vehicle. D shows the relative distance be-
tween the points where the ego truck starts returning
to the original lane. £ denotes the relative distance
between the points where the ego truck returns to the
original lane. It can be seen from Fig. 12 that the time
to reach the critical points (4, B, C, D, and E) of the
vehicle in Scenario 1 is always the earliest. However,
the time to reach these critical points in Scenario 4 is
always the latest. This phenomenon can be explained
by the fact that the ego truck in Scenario 1 has a lower
initial speed and the road condition is poorer. It can
also be known from Fig. 12 that the smallest relative
distance is approximately 5 m, and that this distance
can satisfy a safe distance in an overtaking maneuver
in the real world.

Because the longitudinal slip of the wheels is
used as a system constraint in the proposed algorithm,
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Fig. 12 Relative distance trends between the ego truck and
the leading vehicle in the overtaking maneuver
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(A), ending the lane change (B), overtaking the leading vehicle
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return (£)

the longitudinal slip during overtaking is tested in this
simulation to further verify the feasibility of this
method. The simulation results are presented in
Figs. 13—-16. To distinguish the longitudinal slip gen-
erated by the SLN-MPC controller from the slip
generated by the conventional PID-based control
algorithm, k;\pc and k;pip are used to present their
slip values, separately. When the ego truck starts to
travel, the slip k; (i=fI-MPC, fr-MPC, rl-MPC,
rr-MPC) increases dramatically because of the large
driving torque generated by the motor. However, the
stability of the truck is not jeopardized due to the role
of cost functions Jg; ; and Jg; . Note that there are two
significant increases near 3.5 and 7.5 s in the entire
simulation. This phenomenon is caused by the fact
that the ego truck performs lane change before over-
taking and returns to the original lane after overtaking
during these two periods. However, it can be seen
from the peaks of these two periods that no maximum
longitudinal slip ratio exceeds 0.05 (within the stable
zone). In addition, from Figs. 13-16, it can be sum-
marized that there is a largest and a smallest longitu-
dinal slip rate of the ego truck in Scenario 3 (Fig. 15)
and Scenario 2 (Fig. 14), respectively. This is because
there is a higher initial speed of the truck and a poorer
road condition in Scenario 3, whereas in Scenario 2,
there is a lower initial speed and a better road
condition.

For the results of comparative simulation with
the PID-based method, when the ego truck starts to
travel, the slip k; (i=fI-PID, fr-PID, rl-PID, rr-PID)
increases rapidly and significantly, exceeding the
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desired slip zone at =1 s. Like the trends of kypc,
there are two large increases near =3 and =7 s in the
four simulation scenarios. This is caused by the fact
that the ego truck performs lane change before
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overtaking and returns to the original lane after
overtaking during the two periods. Furthermore, the
change in k.pp has a larger fluctuation than the
change in k;\pc in the whole simulation because of
error compensation in the PID-based method.

To verify the computational cost of these meth-
ods, the computational time in simulation is presented
in Fig. 17. The orange and red areas denote the
elapsed time to control the longitudinal slip by the
PID-based (=1.437 s) and SLN-MPC algorithms
(=0.821 s), respectively. The green and purple fields
indicate the total time to control the longitudinal slip
and generated trajectories by the PID+MLN-MPC
(=1.753 s) and SLN-MPC+MLN-MPC (=1.137 s)
algorithms, respectively. It can be concluded that the
proposed algorithm SLN-MPC+MLN-MPC requires
less time and is more efficient.

This method should provide the truck with a safe
driving guarantee based on its safe driving

—kimee  — Kirmec — Ku-mpc — Kr-mpc

— —kario — = Ker.piD — —Ku-piD — = kiPiD

o
=3
>

o
o
a
R
et

4

Slip rate
o o
o o
[ S

| —
P
=
\‘!\

Fig. 16 Ego truck slip rate with the initial speed of
80 km/h during overtaking on a wet and slippery asphalt
road
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requirements. Here, the lateral acceleration of the
truck during overtaking maneuver should be limited
to a safe range. Therefore, in this simulation, the lat-
eral acceleration trend is verified in four simulation
scenarios. It can be seen from Fig. 18 that the lateral
acceleration of the truck does not exceed the safety
threshold (@,<0.4g, g is the gravity acceleration)
during the lane change. Based on all the simulation
results above, the proposed method can accurately
control the longitudinal slip within a stable zone and
satisfy the safety requirements of the truck during
overtaking.
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Fig. 18 Lateral acceleration changes of the truck during
the overtaking maneuver

In addition, because the hub motor torque in this
model is constrained by the maximum output torque
and the optimal longitudinal slip, the motor torque is
usually maintained within a smooth working range,
but the optimal longitudinal slip may not be achieved
in some extreme driving conditions. Therefore, we
verify that the proposed algorithm is feasible for ap-
plications in the real world or future research. A driver
model is shown in Fig. 19, which provides an external
signal input of the motor torque. This model is con-
nected to the simulation system to verify the stability
and robustness of the control algorithm when the
motor torque is determined by driver’s behaviors.
Sub-modules under the AMESim environment are not
changed. In this test, two drivers provide the signal
input of the motor torque based on the accelerator
pedal action; the trends are shown in Fig. 20. Note
that other pedals in the equipment have no signal
input. Test results with these inputs are shown in
Fig. 21.

Overall, it can be seen from Fig. 21 that the
ki-griverj (=11, fr, 11, 11, j=1, 2) generated by these two

drivers’ behaviors is changed with pedal’s opening.
Furthermore, under the two extreme test conditions at
1.83 and 4.51 s, the maximum slip values of ki giver 1
and kigriver2 are 0.042 and 0.039, respectively. The
fluctuation of slip £;.qriver; can be kept within a desired
range (0—0.05) during the whole test. Therefore, we
conclude that the control algorithm can protect the
truck against external irregular disturbances from
humans or environments.

Fig. 19 Test platform of the driver model
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5 Conclusions

A double-layered control algorithm has been
developed to plan the local trajectory for autonomous
trucks equipped with four hub motors. The results
showed that this proposed algorithm makes it possible
to generate a dynamically feasible and customizable
trajectory. The longitudinal wheel slip controlled by
the SLN-MPC controller in uncertain road conditions
can be accurately controlled within a stable zone. This
slip had a smaller maximum and smoother fluctuation
than that of the conventional PID-based control
method. In overtaking maneuver, the lateral acceler-
ation of the truck is limited to a safety range to avoid
truck side slipping. Thus, the ego truck can complete
overtaking maneuver safely under the formulated
avoidance constraints. Co-simulation results showed
that this method guarantees that the truck will operate
safely, satisfy its driving requirements, and provide a
feasible reference basis for applications in the real
world.

There are still some issues that need to be ex-
plored in the future. On the one hand, the collision
avoidance system in this study needs to be improved,
because it is assumed that there is only one leading
obstacle vehicle and no other static or moving obsta-
cle around the ego truck. On the other hand, to verify
the real-time performance, a hardware-in-the-loop
simulation (HILS) needs to be developed in the pro-
posed double-layered nonlinear MPC controller.
High-efficiency energy-saving measures in practical
commercial motor applications need to be further
studied.
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