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Abstract—For autonomous driving, motion planning and mo-
tion control are two significant modules. In this paper, an iterative
trajectory optimization (ITO) method is proposed to improve
the motion controller’s tracking performance and increase the
physical and operational feasibility of the motion planning tra-
jectory. Based on the proposed scheme, a feedback connection is
built from the motion controller to the motion planner. Different
from traditional motion controllers, the motion controller in
the proposed scheme is divided into two sub-modules, iterative
motion simulator, and motion control operator. In the iterative
motion simulator, the vehicle trajectory response is simulated
while updating a trajectory offset iteratively. This offset will
correct the vehicle response closer to the reference trajectory.
After the iterative trajectory adjustment finishes, the simulated
tracking error and trajectory offset are sent back to motion
planner. The motion planner will first evaluate the simulated
trajectory in terms of the response effectiveness, and then send
the trajectory with the offset to the motion control operator to
calculate the vehicle control maneuver. Comparing with tradition
motion planning schemes, the proposed ITO approach can
guarantee the trajectory’s physical and operational feasibility,
make the motion controller have better tracking performance,
and have a predictive evaluation on the vehicle response. The
simulation results demonstrate the effectiveness of the proposed
method.

Index Terms—TIterative optimization, trajectory optimization,
motion planning, motion control, and autonomous driving

I. INTRODUCTION

Autonomous driving has been developing rapidly over the
last few years, and such technology offers great promising ben-
efits. Motion planning and control are two important modules
in the autonomous driving system. Motion planning needs to
configure a collision-free, physically and operationally feasi-
ble, and comfortable motion trajectory to enable the vehicle
to operate safely and efficiently in traffic; for the motion
controller, it is responsible to drive the vehicle close to the
motion planning trajectory and keeps the vehicle in safety and
comfort under different kinds of disturbance.

The traditional motion planner mainly consists of two parts:
trajectory generation and trajectory optimization, as shown in
Fig. 1. Trajectory generation first generates motion trajectory
candidates while considering road shape, obstacle collision
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avoidance, and vehicle physical dynamics. Various techniques
have been proposed and implemented for trajectory generation
including the graph search based method [1], [2], incremental
search method (e.g. RRT* [3], [4] and fast marching tree
[5]), and optimization based method (e.g. sequential quadratic
programming [6] and dynamic programming methods [7]). For
trajectory optimization, it makes the trajectory safer, smoother,
and more comfortable, and then selects the optimal trajectory
based on the cost function. In [8], a conjugate gradient method
is presented to smooth the path result; and [9] proposes
the separate optimization for both path and speed space; in
[10], [11], the model predictive based method is applied to
optimize the selected trajectory; in addition, some geometric
and polynomial methods are applied to further smooth the
trajectory [12]-[14].

However, traditional trajectory optimization methods have
several issues. First, the trajectory generation only applies a
simple vehicle model to save computational cost. Therefore,
it cannot guarantee the generated trajectory being accurately
tracked especially at the winding road scenario. Second, tra-
ditional motion planners do not provide any compensation to
decrease the potential tracking error of the motion controller.
Third, because of the unidirectional signal flow between the
motion planner and the motion controller, the motion planner
does not have a prediction on the deviation of the motion
controller tracking. When the deviation accumulates and leads
to potential collisions, the motion planner will not have enough
time to regenerate a motion trajectory.

Motion Planner
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generation

Trajectory
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Fig. 1. Traditional structure of motion planner and motion controller

In this paper, an iterative trajectory optimization (ITO)
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approach is proposed by building a feedback connection from
the motion controller to the motion planner. In this method, the
motion controller is divided into two parts, motion simulator,
and motion control operator. Both two parts are based on the
same vehicle model and control algorithm design. First, the
generated motion trajectory is sent to motion simulator. In
this iterative simulation, the trajectory offset is updated from
previous simulation cycle to reduce trajectory tracking error,
and the tracking error is used to adjust the trajectory response
in the current simulation such that the trajectory response will
be close to the reference trajectory. After the iterative motion
simulation finishes, the final simulator trajectory and trajectory
offset are saved in ITO module. The motion planner needs to
verify the effectiveness of the final simulator trajectory. If it
meets the requirement, the motion planner sends the initial
trajectory with the final trajectory offset to motion control
operator to calculate the vehicle control maneuver. Otherwise,
the motion planner needs to regenerate a motion trajectory and
do the process again.

The rest of this paper is organized as follows: Section II
provides a brief description of the vehicle dynamic model and
LQR motion controller design; Section III introduces the feed-
back motion planning structure, ITO, simulation evaluation,
and real-time application strategy in detail; one simulation
result and a number of numerical results are provided to
show how the motion planning strategy improves the tracking
performance, and in one scenario, the proposed motion planner
predicts an operational unfeasible trajectory. The conclusion is
summarized in Section V.

II. VEHICLE MODEL AND OPTIMAL CONTROLLER
DESIGN

A. Vehicle dynamic model

To simplify the vehicle modeling complexity, the bicycle
model as shown in Fig. 2 is used for motion controller design,
where [; and [, are distances of front and rear wheels from
center of gravity (CG), § is the steering angle, v is vehicle
velocity based on CG, S is the slip angle of the vehicle, x and
y denote the longitudinal and lateral direction of the vehicle
body frame, and X and Y denote the absolute car position
inertial coordinates.

Fig. 2. The simplified vehicle dynamic model

The moving direction of each wheel will be no longer
towards their heading directions especially at high speed,
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so the dynamic model represents the vehicle motion more
accurately than the kinematic model [15]. The dynamics of
the bicycle model [16] are built from the lateral, longitudinal,
and turning degrees of freedom as:

mi = myeh + 2F, ¢ + 2F,, 1)
mij = —miy) + 2F,; + 2F,, 2
L = 21F,; — 21, F,, )

where © and y denote the longitudinal and lateral velocity
in the vehicle body frame, & and ¢ denote the longitudinal
and lateral acceleration, m and I, denote the vehicle’s mass
and yaw inertia, and F' denotes the force on the vehicle body
in which the subscripts « and y denote the longitudinal and
lateral directions and f and r denote the front and rear wheels.

To effectively drive the vehicle to the desired motion, the
vehicle motion controller is divided into two sub-controllers,
lateral controller and longitudinal controller. For the longitudi-
nal dynamic control, a simple PI controller has provided good
enough longitudinal velocity and distance control. However,
it is still a challenging task for accurate control of lateral
dynamic.

B. Vehicle lateral dynamics

Considering vehicle dynamics on lateral direction, the front
and rear tire forces are:
g+l
Fyr =Gy - 718

§+ 1)
@

“

where C'y and C,. are the cornering stiffness of front and each
rear tire.

The vehicle dynamic model can be converted to the state
space based on the lateral error e; and heading error ey with
respect to the desired lateral position yg.s and the desired
heading 4.5 as [17]:

@ = Az + B16 + Bothges (6)
where
. . T
xr = [61 €1 €9 62} H
0 1 0 0
0 _2CsHCr) 2(Cy+C,) 2(Crl=Cyly)
A= 0
0 ACH—Csly)  2Cyly=Crly) 2(Cfl3+C12)
I.a I. - I.a
T
B=fo 2 o 2]
Crlo—Cyl 22 +002) T
Bz:[o T~ 0 - Ifac T}

C. Optimal lateral controller design
Based on the state space model (6), the optimal state
feedback control has the form of:

0" =—-Kx = —(k161 + koéq + kseo + k4é2) (7)
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To optimize the controller design, a discrete time finite-
horizon linear quadratic regulator (LQR) is utilized with a
cost function over an n-step horizon window [18]:

J=3 (xiTHme ol Rui) ®)
i=0
where x; is the discrete state of x, u; is the discrete input
¢ in model (6) with the sampling time ¢4, and @ and R are
diagonal weighting matrices. The optimal feedback gain K is
derived as:

K= (R+Bl,PBy)'Bl,PA, )

and P is the unique positive definite solution to the discrete
time algebraic Riccati equation:

P=ATPA; — AYPB4(R+ BL,PB1y) 'BL,PA;+Q
(10)
where A; and By4 are the discrete time state space of A and
B in model (6).
In addition, another feed-forward controller will be added
to eliminate the influence of the constant term BQ’LZ)deS and to
cancel the steady-state tracking error [19].

III. ITERATIVE TRAJECTORY OPTIMIZATION
MOTION PLANNING AND CONTROL

A. Feedback motion planning structure

As shown in Fig. 1, tradition motion planners mainly
contain two steps: trajectory generation and trajectory op-
timization shown in Fig. 1. In motion planning, a set of
path and trajectory are generated first, and then the trajectory
optimization chooses the best trajectory based on the cost func-
tion among the trajectory candidates and makes the selected
trajectory smoother and satisfy a number of constraints.

The traditional data flow between the motion planner and
motion controller is unidirectional. The reference motion
trajectory is sent to the motion controller to derive the au-
tonomous vehicle operation maneuver (acceleration, deceler-
ation, and steering). The limitations of the traditional motion
planners are discussed in the introduction part.

Motion Planner
Trajectory |, . |lterative trajectory
generation optimization
Iterative motion Motion control
simulator operator
Motion Controller

Fig. 3. The proposed structure of ITO motion planning

In this paper, an ITO based motion planning as shown in
Fig. 3 is proposed to solve the issues of traditional motion
planning optimization. In the proposed structure, the motion
controller is divided into two parts, motion control simulator
and motion control operator. The initial reference trajectory

from the traditional optimization method is first sent to the
motion control simulator to get the vehicle simulated tra-
jectory. Based on the idea of iterative learning control [20],
[21], this simulation repeats iteratively by updating a trajectory
offset. When meeting the termination condition, the final
simulated trajectory and final trajectory offset are saved. If
the final simulated trajectory does not meet the requirement,
e.g. collision-free, the motion planner needs to re-select a
trajectory candidate and repeats the optimization process. If
the requirement is met, the reference trajectory with the final
offset will be sent to the motion control operator. The process
detail is introduced in the Section III-B.

B. Iterative trajectory optimization
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Fig. 4. The block diagram of iterative trajectory optimization and motion
control simulator at the i-th iteration

Fig. 4 shows the block diagram of iterative trajectory
optimization and motion simulator at the ¢-th iteration. First,
an initial motion trajectory P is generated from the traditional
trajectory optimization and then sent to motion control simu-
lator (with initial offset APy = 0). The motion trajectory is
made up of n trajectory waypoints p; (j = 1,2, ...,n), which
contain the desired vehicle motion status.

an

At the i-th iteration, the motion control simulator operates
based on the vehicle dynamic model, vehicle operational
constraints, and motion controller design in Section II. The
simulated motion trajectory S; is obtained in the form of n
simulated motion points s; (j = 1,2,...,n) corresponding to
each motion trajectory waypoint {po, p1, ..., Pn }i-

PO = {p()apla 7pn}

Si = {50,581, .., 8n}i (12)

By comparing the difference between initial trajectory Py
and simulated motion trajectory S;, the tracking error at the
i-th iteration is obtained as:

Ei :PO_SL :{617627"'767L}i (13)

Applying the idea of iterative learning control, a trajectory
offset AP; can be derived as:

where AP;_ is the trajectory offset of previous iteration, and
I" is the iterative learning control gain matrix. Then the offset
AP; will be added to the initial trajectory for the simulation of
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the next iteration. This process is repeated until a termination
condition in simulation evaluation is met.
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Fig. 5. Illustration of iterative motion planning

Fig. 5 shows a comparison between motion planning with
ITO and traditional motion planning. In the example, the initial
trajectory is regarded as the reference trajectory. For the LQR
motion controller in Section II, the simulated trajectory has
a certain deviation with the trajectory path. When applying
the ITO, a trajectory with an offset is sent to the motion
control operator instead of the initial trajectory. The simulation
trajectory under the trajectory with offset is much closer to the
initial trajectory comparing with the traditional plan.

C. Terminating condition and trajectory evaluation

The ITO module also needs to consider the terminating con-
dition of the iteration simulation and the simulated trajectory
evaluation.

Inside simulation evaluation, an iteration limit 4;,,;; and a
terminating condition

n

Z (efWek) <e€

k=1

15)

are added for terminating the iterative simulation, where W
is the weight matrix and e is the terminating threshold. When
iterative simulation performance is close enough to the initial
trajectory Py (when condition (15) is met) or reaching the it-
eration limit 7;,,;¢, the iterative motion simulation terminates.
The trajectory offset AP; and the tracking error F; are saved
as shown in Fig. 3.

The final simulated trajectory, Py + E;, is used to motion
planning evaluation. If the simulated trajectory still meets the
motion planning requirement, e.g. collision-free, it will be used
as the desired motion trajectory, and an adjusted trajectory of
(Po+ AP;) will be sent to motion control operator to calculate
the vehicle control maneuver. If the simulated trajectory does
not meet the requirement, it will trigger a motion trajectory
regeneration, and then repeats the iterative motion simulation
process.
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D. Real-time application strategy

To apply the proposed ITO motion planning method to
real-time applications, a concrete time interleaving of iterative
motion planning and motion operator’s execution is shown
in Fig. 6. The overall planning process starts at time ¢, and
finishes at time ?, when the vehicle reaches the goal. The
motion planning here generates a motion trajectory for a time
horizon ?,, and motion control operator executes an motion
planning trajectory for a time horizon t. (t. < tp).

For step 0, motion planning generates the initial planning
for the motion control operator. At the same time, step 1 of
ITO motion planning begins. The motion control simulation
runs based on the initial vehicle position at time £, and get the
ITO motion trajectory planning 1. If the simulated trajectory
meets the mission and behavior planning requirement, the
motion control operator will follow an offset trajectory of
the ITO motion planning 1 and execute for the next time
length of t.. If it does not meet the requirement, the motion
planning will regenerate another motion planning and go over
the above iterative motion planning again until finding an
available motion trajectory. This ITO process will repeat in the
entire planning process until the motion planning time window
reaches the time of t,. For the last step, step n, the motion
control operator executes the remaining motion trajectory until
reaching the target.

The only requirement of this real-time application strategy
is that the ITO motion planning process should finish within
the time length of ..

IV. SIMULATION RESULTS

In this section, the proposed iterative motion planning
and controller strategy are tested under several simulation
scenarios. The optimization problem is solved in MATLAB
on a Windows laptop with an Intel Core i5 CPU at 2.50 GHz
in 43.65 milliseconds averaged over 150 tests.

A. Parameter setting

The motion planning and motion controller have different
update frequency. The motion planning update frequency is
10 Hz, and the motion controller is 100 Hz in our tests.
For each waypoint p; from motion planning, it contains the
desired motion profile of X and Y, heading angle 1), trajectory
curvature x, velocity v,

pi = [X,Y, ¢, k,0]F (16)

For the ITO motion planning, the motion planning horizon
tp is 5s, and the motion controller execution horizon . is
1s. The iterative upper limit %y;,,;; is set as 20. The iterative
learning control gain is set as:

I =[0.1,0.1,0.05,0,0.05] (17)

B. Test case: winding road

The first test is a motion trajectory of a winding road shown
in Fig. 7. From the simulation comparison, the trajectory of the
simulation with ITO motion planning is almost overlapping

Authorized licensed use limited to: La Trobe University. Downloaded on September 21,2020 at 00:15:59 UTC from IEEE Xplore. Restrictions apply.



i b » gesl
[y ’I A
Initial planning time

ITO motion planning 1

|
Execution 0 - : :
|

Execution 1
ITO motion planning 2 H
Step 2 - P 9 '
: Execution 2 | : :
Step 3 ] ITO motion planning 3 |
: ' Execution 3 I i
Stepn ITO motion plannlng n
i i ; . l Execution n
te : fe ; te : le ' : ¥, te _final S
€« >C——P>C—HP€C——> < >
) ty t3 s th tg
Fig. 6. The time interleaving of iterative motion planning and motion operator’s execution
25 1 . . . : .
ol N [ Isnmall trajectory B | ——Trajectory w/o offset
——Simulation w/o offset = — i
1is —— Simulation w/ offset £ 0.5 Trajectory w/ offset 1
S
10 s 0 §
©
5 8-05 1
E o -
> =1 )
5 : : f : |
0 5 10 15 20 25 30
10 15 - - T . .
-15 > 10
(9}
20 T 5
S o
25 ! i ! E
0 5 10 15 20 25 30 35 40 S =5
X (m) £
S -10
b
Fig. 7. Test case: motion trajectory and the simulations with and without the <-15

trajectory offset from ITO motion planning

with the initial motion planning trajectory. On the contrary,
the simulation trajectory without trajectory offset has a large
deviation away from the initial trajectory, especially on the
curvy road part.

The comparisons in terms of lateral tracking error and
heading error are shown in Fig. 8. The simulation with the ITO
motion planning offset has a much smaller lateral error and
heading error. The lateral tracking error is within 0.2 m along
the whole trajectory, and the maximum heading error is about
8 degree. On the contrary, the simulation under traditional
motion planning and motion controller structure show a large
tracking error of about 1.2 m the maximum lateral tracking
error and 16 degrees the maximum heading error.

When the motion control simulator gets a certain deviation
away from the initial trajectory, the iterative learning controller
will add a trajectory offset for the simulator until it gets a
satisfied tracking performance or reaches the iteration limit.
Fig. 9 shows how the motion trajectory offset affects the mo-
tion controller. From the figure, the motion control simulator
detects a tracking deviation on the winding road part, and
then it sends the offset back to motion planning. After doing
this process repeatedly, the trajectory offset will converge to
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Fig. 8. Test case: lateral and heading errors of the motion simulation with
and without the trajectory offset from iterative motion planning

a certain value. At last, the motion planning sends the motion
trajectory with offset, the green dash line in the figure, to the
motion control operator. The operator executes only the first
part t. of the offset trajectory, and then repeat this process for
the following trajectory.

C. Numerical result comparison

Table I compares the simulation results in term of lateral
tracking error and heading error between traditional motion
planning and the proposed ITO motion planning. The com-
parisons are for three typical driving scenarios: winding road,
single-lane change, and double-lane change. The numbers
listed are the root-mean-square error in meter or degree.

The comparison shows that the vehicle tracking perfor-
mance of the proposed motion planning has a significant
improvement over that of the traditional one. For the winding
road, the proposed method has only 0.0758 m lateral error and
3.6358 degrees heading angle error, compared with 0.4627
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Fig. 9. Test case: initial trajectory from motion planning and trajectory with
an offset to motion control operator

TABLE I
TRAJECTORY TRACKING ERROR COMPARISON
Lateral error (m) | Heading error (deg)
Trad. ITO Trad. ITO
Winding road 0.4627 | 0.0758 | 7.2801 3.6358
Single-lane change 0.0668 | 0.0375 | 1.6207 1.1919
Double-lane change | 0.0345 | 0.0166 | 1.1175 0.8912

m and 7.2801 degree of traditional motion planning. The
improvements are 83.8% and 50.1%, respectively. For the
other two scenarios, the proposed method also shows 43.9%
and 51.9% improvement on lateral tracking and 26.5% and
20.3% improvement in heading angle tracking.

V. CONCLUSIONS

In this paper, an iterative trajectory optimization method is
proposed for real-time motion planner. The proposed method
provides a feedback connection from the motion controller to
the motion planner, and it brings about three benefits for the
motion planner and motion controller. First, the iterative learn-
ing controller updates a motion trajectory offset by accumulat-
ing the motion control simulator tracking error. By adjusting a
trajectory offset iteratively, the motion controller performance
gets significant improvement on trajectory tracking. Second,
taking advantage of vehicle dynamic based control algorithm,
the motion planner is able to generate a physically and opera-
tionally feasible trajectory. Third, a vehicle control simulation
executes before the trajectory is sent to the motion control
operator. The motion planner can predict the vehicle response,
have enough time to do a re-planning if the vehicle cannot
follow the trajectory well enough. It is worth mentioning that
iterative trajectory optimization is also a model-based method
similar to model predictive control. The planning and control
precision depends on model accuracy. The proposed approach
has been implementing in a test vehicle to gather real-world
validation results.
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