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 With a model predictive control approach including boundary analysis and uncertain 

prediction of activities of different road participants, this paper proposes solutions that 

support motion control by steering control and appropriate acceleration to create safe 

motion trajectories for an autonomous vehicle. The motion control support element is 

determined by the principle of minimal intervention and can handle complex situations, 

while building control model to predict real-time operation with speed factors, ability to 

control driving and limit the long period. The performance of this solution is assessed 

through simulation, then there are applied research orientations on practical autonomous 

vehicle accounting. 
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1. Introduction 

Currently, the manufacturers have equipped with standard 
safety systems in researching the production of autonomous 
vehicles. However, in the context of traffic in complex 
environments, with the development of technology, the safety 
standards for autonomous vehicles have been raised, in which the 
driver assistance technology is a problem that needs to be cared 
about creating safe movements for vehicle. This technology can be 
mentioned by tracking driving conditions such as road conditions, 
vehicle status information, sensor technology, etc. to contribute to 
the development of advanced driver-assistance technology. For 
example, technology that supports the safety system in the 
adaptive cruise control system helps maintain distance from the 
vehicle ahead, collision avoidance assistance system helps predict 
collisions with obstacles with timely braking, as well as the lane 
keeping system helps the vehicle recognize the separator to adjust 
the vehicle direction so that the vehicle is always moving in the 
middle of the lane. 

However, the scenario that these systems handle may be 
relatively simple compared to the diverse and complex situations 
we often encounter in traffic environment conditions. To solve this 
problem, we offer a motion control assistance solution to create a 
safe motion trajectory for the vehicle. The design of this control 
support system has two main goals: the first is minimal 

intervention - that is, applying autonomous control only when 
necessary, the second is to ensure safety - meaning the vehicle's 
collision-free state is clearly enforced through optimal constraints. 

 The control support solution we propose in this article is 
implemented by predictive control based on the non-linear model 
predictive control and optimize the steering support system by the 
steering system along with the acceleration of the vehicle. In the 
solution assuming the current position of the vehicle, road 
boundaries, vehicles ahead and uncertain predictions about the 
future state of the vehicle in the form of a parametrized posterior 
distribution by their mean and covariance are known. Specifically, 
for this solution, we will combine the uncertainty changes over 
time to the mobile obstacle predictions into the optimization 
problem, and also introduce constraints for boundary limits and 
moving obstacles while maintaining a vehicle's movement plan for 
a limited time. 

The next section of the paper will introduce the basic principles 
of predictive control and thereby propose a control solution based 
on Non-linear Model Predictive Control. Next is the experimental 
section and conclusion with some suggestions for further research 
directions for the problem of autonomous vehicles. 

2. Building solution to support motion control  

Theoretically, in order for an autonomous vehicle to avoid 
collisions, we need to calculate to find the set of states in which the 
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vehicle may encounter a collision situation when participating in 
traffic and then control the movement so that the vehicle does not 
move into that state set. There are many studies [1,2,3,4,5] doing 
this task that have determined the inevitable collision state set or 
target motion set. However, these studies do not limit the 
applicability or make assumptions for simple traffic scenarios, so 
it is difficult to analyze calculations. In this paper, the solution that 
we propose is the idea of defining collision state set and thereby 
determining the set of probability constraints to avoid collisions. 
At the same time, in this solution, we combine the steering speed 
control and increase/decrease speed so that the collision avoidance 
effect can be realized better. The ideas have originated from the 
studies [6,7,8,9] in the process of determining the difference of the 
steering angle or the deviation of the front wheel to achieve a safe 
trajectory.  

In many studies, the model predictive control (MPC) has been 
applied to control autonomous vehicle [7,10,11] as the MPC 
approach to plan motion based on the vehicle's basic movements 
and track the road to avoid obstacles, or the MPC approach without 
constraint conditions and determine the stability of the vehicle with 
the surrounding environment to provide a safe steering angle at 
constant speed in a discrete environment. In this article, the MPC 
approach that we use can handle complex situations with steering 
control, increase/decrease vehicle speed, and avoid mobile 
obstacles at a certain extent in an uncertain environment. 

The cost function of most MPC methods [7,11,12,13] often 
depends on the time and the constraints on the path, so it needs to 
be pre-optimal or specific time steps or generated out and track the 
fixed motion of the vehicle, this leads to differences in result from 
the initial conditions of optimization that could result in invalid 
linear constraints and unpredictable motion planning. Therefore, 
we apply the point processing method in [14] and directly solve 
the nonlinear model predictive control problem by focusing on 
providing all costs and constraints for the decoding set that does 
not need to be linear manually. 

2.1. Statement of problems 

This problem is built on two basic principles: the first is 
minimal intervention, the second is to ensure safety, meaning the 
probability of a collision involving the surrounding environment 
and other traffic objects must be below certain thresholds. And this 
problem is done in discrete time intervals 𝑘 ≜ 𝑡𝑘, with 𝑡𝑘 = 𝑡0 +
∑ ∆𝑡𝑖

𝑘
𝑖=1  (𝑡0 is the current time, ∆𝑡𝑖 is the i time step of the plan). 

 

Figure 1. Modeling of autonomous vehicle and other vehicles 

At interval k, with values of position 𝑠𝑘 = (𝑥𝑘 , 𝑦𝑘) , linear 
velocity 𝑣𝑘 , direction of vehicle ∅𝑘  and steering angle 𝛿𝑘 , the 
mathematical model of the vehicle is determined by the set 𝒛𝑘 =
[𝑠𝑘 , ∅𝑘 , 𝛿𝑘, 𝑣𝑘] ∈ ℤ. 

Assuming ℬ(𝒛𝑘) ⊂ ℝ2  is the occupied area of the vehicle at 
𝒛𝑘 state (illustrated in Figure 1, with autonomous vehicle modeled 

by linked circles), the input values on the control using �̇�𝑘 steering 

speed and 𝑎𝑘 acceleration is assigned by 𝒖𝑘 = [𝑢𝑘
𝛿 , 𝑢𝑘

𝑎] ∈ 𝒰. 

Thus, the future state of the vehicle is represented by a discrete 
dynamic system as follows: 

  𝒛𝑘+1 = 𝑓(𝒛𝑘, 𝒖𝑘)  () 

With other objects in traffic such as different kinds of car, 
bicycles, pedestrians, etc. called other objects will be assigned by 
the index 𝑖 = {1, … , 𝑛}, the input control and their configuration 

parameters are determined by the values of 𝒛𝑘
𝑖 ∈ ℤ𝑖 and 𝒖𝑘

𝑖 ∈ 𝒰𝑖. 

In order to combine uncertainty, it is necessary to assume that 
the future state distributions of the objects at 𝑚  future time 
intervals is known. They are parameterized to the average state 

value 𝒛1:𝑚
𝑖   and covariance 𝝈1:𝑚

𝑖 . Therefore, the degree of 
uncertainty in the forecast can be reflected through the covariance 

value 𝝈1:𝑚
𝑖  . 

At each given state, each object will occupy one space 

ℬ𝑖(𝒛𝑘
𝑖 , 𝝈𝑘

𝑖 , 𝑝𝜖) ⊂ ℝ2 having probability greater than 𝑝𝜖 (𝑝𝜖 is the 

acceptable probability of collision that may happen), the model of 
the object and this occupied space are shown in Figure 1. 

The free space defined in this problem is the workspace 𝒲 =
ℝ2  and the location map of obstacles 𝒪 ⊂ 𝒲  containing static 
obstacles such as limit of roads and systems of seperator, etc., at 
the same time, the surrounding environment ℰ(𝑘) is determined to 
be the state of other objects (including means of traffic, obstacles) 
at the time 𝑘. 

In this study, with the set of states 𝒛0:𝑚 = [𝒛0, … , 𝒛𝑚] ∈ ℤ𝑚+1 
and input set 𝒖0:𝑚−1 = [𝒖0, … , 𝒖𝑚−1] ∈ 𝒰𝑚 , we will build a 
general discrete time constraint optimization at 𝑚 time steps with 
a time limit 𝜏 = ∑ ∆𝑡𝑘

𝑚
𝑘=1 . 

Thus, the goal of the solution is to calculate the optimal input 
values 𝒖0:𝑚−1

∗  for autonomous vehicle with minimizing cost 

function 𝐽ℎ(𝒖0:𝑚−1, 𝒖0
ℎ) + 𝐽𝑡(𝒛0:𝑚, 𝒖0:𝑚−1). 

In which: 𝐽ℎ(𝒖0:𝑚−1, 𝒖0
ℎ)  is the minimum cost to minimize 

deviations from the input value 𝒖0
ℎ , and 𝐽𝑡(𝒛0:𝑚, 𝒖0:𝑚−1) is the 

cost depending on the properties of the trajectory according to the 
motion plan. 

This optimum problem follows a set of constraints: the first is 
to use the vehicle transition model, the second is the non-collision 
constraint with static obstacles and the third is the probability that 
no collision will occur 𝑝𝜖 with other traffic participants. 

And the optimal trajectory of the vehicle is given as follows: 

  𝒖0:𝑚−1
∗ = arg min

𝒖0:𝑚−1

𝐽ℎ(𝒖0:𝑚−1, 𝒖0
ℎ) + 𝐽𝑡(𝒛0:𝑚, 𝒖0:𝑚−1) () 

Where: 

  𝒛𝑘+1 = 𝑓(𝒛𝑘, 𝒖𝑘)  

  ℬ(𝒛𝑘) ∩ 𝒪 = ∅  

  ℬ(𝒛𝑘) ∩ ⋃ ℬ𝑖(𝒛𝑘
𝑖 , 𝝈𝑘

𝑖 , 𝑝𝜖) = ∅𝑖∈{1,…,𝑛}    
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  ∀𝑘 ∈ {0, … ,𝑚}  

𝒛0:𝑚
𝑖  , 𝜹0:𝑚

𝑖  with 𝑖 = 1,… ,𝑚 : are parameters for all other 
traffic objects, 𝒛0 is the initial state of vehicle. 

2.2.  Building a solution 

The solution was built to calculate the creation of a safe motion 
trajectory with a predefined horizon. Optimal problems are 
constrained by cost values, transition models, maintaining vehicle 
movement within the boundaries of the lane median, and avoiding 
collisions with other road participants that must ensure the 
probability of collision below the value 𝑝𝜖. 

In solutions using model predictive control of previous studies 
[7,11,13], the researchers often use factors such as constant 
longitudinal speed and small angle assumptions in scenarios 
avoiding obstacles on the straight road. In this study, we will 
consider the impact of longitudinal speed to ensure overall safety 
in complex traffic environments.   

 

Figure 2. Vehicle dynamics model 

The vehicle model in this solution has been introduced with a 
fixed rear wheel and the motion control is located on the front 
wheel with 𝒛 and 𝒖 states set here, and the control of rear wheel 
movement is via center bridge with distance 𝐿 and a continuous 
dynamic model. This motion model is described by a discrete time 

model with integrals 𝒛𝑘+1 = 𝒛𝑘 + ∫ �̇�d𝑡 = 𝑓(𝒛𝑘, 𝒖𝑘)
𝑘+∆𝑡𝑘
𝑘

, as 

follows: 

  

[
 
 
 
 
�̇�
�̇�

∅̇

�̇�
�̇�]
 
 
 
 

=

[
 
 
 
 
𝑣 cos (∅)

𝑣 sin(∅)
𝑣

𝐿
tan (𝛿)

0
0 ]

 
 
 
 

+

[
 
 
 
 
0 0
0 0
0
1
0

0
0
1]
 
 
 
 

[𝑢
𝛿

𝑢𝑎
]  () 

Where: �̇� =

[
 
 
 
 
�̇�
�̇�

∅̇

�̇�
�̇�]
 
 
 
 

 and 𝑢 = [𝑢
𝛿

𝑢𝑎
] 

In this model, the limits applied include steering angle ‖𝛿‖ ≤
𝛿𝑚𝑎𝑥 , steering speed ‖𝑢𝛿‖ ≤ �̇�𝑚𝑎𝑥  and longitudinal speed 𝑣 ≤
𝑣𝑚𝑎𝑥 . The introduction of these limits is consistent with vehicle 
performance and road traffic rules, as well as a number of 
restrictions will be set to ensure safety such as speed limits when 
moving into the corners by limiting the slip coefficient ‖∅‖ ≤
∅𝑚𝑎𝑥  and limiting the maximum speed quickly by the acceleration 
limit 𝑢𝑎 ∈ [𝑎𝑚𝑖𝑛 , 𝑎𝑚𝑎𝑥]. 

The model predictive control method in this study is based on 
model predictive contouring control method [15,16,17] and is used 
to solve problems, in this study, it is not required that the motion 
trajectory of the vehicle must be exactly according to the reference 
trajectory, but the motion trajectory must be in the safe range. 

On the reference trajectory, the process takes place as follows: 

At time 𝑘, the vehicle is in position 𝑠𝑘 = (𝑥𝑘 , 𝑦𝑘), the process 
of following the reference path is limited and continuously 

differentiable in geometric space (𝑥𝑃(𝜃), 𝑦𝑃(𝜃))  of path 

parameter 𝜃, with the tangential vector 𝒕 and the normal vector 𝒏 
as follows: 

  𝒕 = [

𝜕𝑥𝑃(𝜃)

𝜕𝜃

𝜕𝑦𝑃(𝜃)

𝜕𝜃

]    𝒏 = [
−

𝜕𝑦𝑃(𝜃)

𝜕𝜃

𝜕𝑥𝑃(𝜃)

𝜕𝜃

]    () 

and the path instructions are described as follows: 

  ∅𝑃(𝜃𝑘) = arctan (
𝜕𝑦𝑃(𝜃)

𝜕𝑥𝑃(𝜃)
)  () 

the path parameterized according to the arc length (
𝜕𝜃

𝜕𝑠
= 1) 

will allow to estimate the vehicle's progress with 𝑣𝑘  on the 

reference path and the actual path 𝑠 = ∫ 𝑣 d𝑡  if during the 
parameterization of the curves the arc length is negligible and the 
distance between the points is small compared to the arc length. At 
the same time, since the motion trajectory of the vehicle will follow 
a certain path and have a slight deviation from the reference 
trajectory determined by the road boundary, we can assume that 
the trajectory remains the same offset, so: ∆𝜃 ≈ ∆𝑠 = 𝑣∆𝑡, with 
this additional assumption will generate an approximate process 
according to the path parameter, as follows: 

  ∆𝜃𝑘+1 = ∆𝜃𝑘 + 𝑣𝑘∆𝑡𝑘 () 

where 𝑣𝑘∆𝑡𝑘 describes the approximation process in time step 
𝑘. 

In the general case, finding the path parameter 𝜃𝑃(𝑥𝑘 , 𝑦𝑘) of 
the nearest point 𝑆(𝑥𝑘 , 𝑦𝑘) on the reference path is not feasible and 
not suitable for fast optimization. Therefore, the value of 
𝜃𝑃(𝑥𝑘 , 𝑦𝑘) will be approximated according to equation (6). 

During the motion planning process, if the actual path deviates 
from the reference path, the delay error from the first 
approximation point in time progression to the next point and the 
position error referenced to the horizontal roads 𝜃𝑘  along the 
tangential path 𝒕𝑘 are defined as follows: 

 𝑒~𝑙(𝒛𝑘, 𝜃𝑘) =
𝒕𝑘
𝑇

‖𝒕𝑘‖
[
𝑥𝑘 − 𝑥𝑃(𝜃𝑘)

𝑦𝑘 − 𝑦𝑃(𝜃𝑘)
] = −𝑐𝑜𝑠∅𝑃(𝜃𝑘)(𝑥𝑘 −

𝑥𝑃(𝜃𝑘)) −  𝑠𝑖𝑛∅𝑃(𝜃𝑘)(𝑦𝑘 − 𝑦𝑃(𝜃𝑘)) () 

If the delay error 𝑒~𝑙(𝒛𝑘 , 𝜃𝑘)  is small, the process of 
constructing an approximate path will be as close to the horizontal 
asymptote as ∆𝜃 ≈ ∆𝑠 = 𝑣∆𝑡 and 𝜃𝑘 ≈ 𝜃𝑃(𝑥𝑘 , 𝑦𝑘). Also, in the 
process of optimizing the prediction control, the delay error should 
be actively handled so that the error of the predictive process 𝜃𝑘 is 
small enough according to the motion planning process. 
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When projected on the standard path between the actual 
position and the predicted position, we will determine the 
contouring error by the deviation of these two positions, as follows: 

 𝑒~𝑐(𝒛𝑘, 𝜃𝑘) =
𝒏𝑘

𝑇

‖𝒏𝑘‖
[
𝑥𝑘 − 𝑥𝑃(𝜃𝑘)

𝑦𝑘 − 𝑦𝑃(𝜃𝑘)
] = 𝑠𝑖𝑛∅𝑃(𝜃𝑘)(𝑥𝑘 −

𝑥𝑃(𝜃𝑘)) −  𝑐𝑜𝑠∅𝑃(𝜃𝑘)(𝑦𝑘 − 𝑦𝑃(𝜃𝑘))  () 

and the contouring error is a standard for establishing good 
motion planning when the vehicle is in motion not deviated from 
a given reference path. Therefore, the cost function of predictive 
state control is built based on the balance between the contouring 

error factors 𝑒~𝑐(𝒛𝑘 , 𝜃𝑘), delay error 𝑒~𝑙(𝒛𝑘 , 𝜃𝑘) and the process 
of building approximate path 𝑣𝑘 to achieve the best combination, 
as follows: 

  𝐽𝑎𝑣(𝒛𝑘, 𝜃𝑘) = 𝒆𝑘
𝑇𝑄𝒆𝑘 − 𝑣𝑘  () 

with path error vector formed from delay error and contouring 
error as follows: 

 𝒆𝑘 = [
𝑒~𝑙(𝒛𝑘, 𝜃𝑘)

𝑒~𝑐(𝒛𝑘 , 𝜃𝑘)
] () 

For the performance of the path, all reference paths are 
parameterized by 𝐶1 - a continuous clothoid path in a system of 
paths through predetermined points. The clothoid path estimate 
will be replaced by the third-order spline function of equally 
spaced nodes and parameterization of the spline functions along 
the arc length is sufficiently accurate, as well as achieves good 
performance in the calculation. Because the spline functions 
provide an analytical parameter about the reference path, the limit 
of the path and the derivatives needed to solve the nonlinear 
optimization problem. 

At position 𝑆(𝑥𝑘 , 𝑦𝑘), from the projection along the normal of 
the reference path at the actual culvilinear abscissa 𝜃𝑃, we get the 
lateral distance 𝑑(𝒛𝑘 , 𝜃) with the reference path and approx slag 
equal to 𝜃𝑘  such that 𝑑(𝒛𝑘, 𝜃𝑘) = 𝑒~𝑐(𝒛𝑘 , 𝜃𝑘). Just as the movable 
space of autonomous vehicles at the crossroads 𝜃𝑘 is limited by the 
left boundary 𝑏𝑙(𝜃𝑘), the right boundary 𝑏𝑟(𝜃𝑘)  of the lane and 
other static obstacles will be parameterized by the third order 
spline function to allow analytical evaluation and derivation. 

As such, the horizontal traverse for the path is limited as 
follows: 

  𝑏𝑙(𝜃𝑘) + 𝑤𝑚𝑎𝑥 ≤ 𝑑(𝒛𝑘, 𝜃𝑘) ≤ 𝑏𝑟(𝜃𝑘) − 𝑤𝑚𝑎𝑥 () 

Where: 𝑤𝑚𝑎𝑥  is the upper limit of the vehicle position 
projection on the standard reference path and this value is greater 

than 
1

2
 of the vehicle width. At the same time, maintaining the 

validity of 𝑤𝑚𝑎𝑥  as a limit just taking the radius of the vehicle's 
operating range as an upper limit is enough to ensure safety. 

Because the relationship between the path and the direction of 
the vehicle is relative, we need to establish a constraint between 
the direction of the path ∅𝑃(𝜃𝑘) and the movemen direction of the 
vehicle ∅𝑘, as follows: 

  ‖∅𝑘 − ∅𝑃(𝜃𝑘)‖ ≤ ∆∅𝑚𝑎𝑥  () 

In the solution of this study, other traffic participants will be 
described by an orientation ellipse ∅ with 𝑎𝑠ℎ𝑎𝑝𝑒  being a semi-

major axis and 𝑏𝑠ℎ𝑎𝑝𝑒 being a semi-minor axis of the ellipse in the 

longitudinal and horizontal directions of the objects. 

The development of future trajectories of these objects is 
assumed to have some uncertain positions of posterior distribution 

and is parameterized by the average trajectory 𝒛0:𝑚−1
𝑖  and degree 

uncertainty 𝝈0:𝑚−1, as follows: 

  𝝈𝑘+1 = 𝝈𝑘 + 𝝈∆𝑡𝑘 () 

In the general case, we propose a model for generating 
indeterminate positions of vehicles with uncertainty 𝝈𝑘 =

[𝜎𝑘
𝑎, 𝜎𝑘

𝑏]
𝑇

 at the time 𝑘  and 𝝈 = [𝜎𝑎, 𝜎𝑏]𝑇  is the uncertainty 

incurred. Therefore, the value of the variance is determined to 
approximate to adjust the direction of the vehicle motion aligning 
the main axis of the surrounding ellipse. The generation of 
indeterminate positions in the horizontal direction of the vehicle is 
limited by a maximum value to consider the maximum rationality 
of the maximum flow of vehicles currently in the current lanes. 

The level-set of Gaussian 𝒩(0, 𝑑𝑖𝑎𝑔(𝝈𝑘))  describe the 

indefinite position of other road users at 𝑝𝜖  degree and ellipses 
formed with coefficients are set as follows: 

  [
𝑎𝝈𝑘

𝑏𝝈𝑘

] = [
𝜎𝑘

𝑎

𝜎𝑘
𝑏] (−2𝑙𝑜𝑔(𝑝𝜖2π𝜎𝑘

𝑎𝜎𝑘
𝑏))

1/2

 () 

Therefore, we can use the main axis direction and add 
coefficients to the cross axles of the vehicle to identify the area of 
the obstacle with the probability of occupancy above the threshold 
𝑝𝜖. At the same time, the rectangular area used to determine the 
position and occupied area of autonomous vehicles will be 
replaced by a set of circulars with radius 𝑟𝑎𝑣 . The use of circles 
instead of ellipses represents obstacles because the presence of an 
autonomous vehicle does not need to be aligned in a straight axis, 
and Minkowski's sum calculation efficiency is not possible if 
shown by ellipses whose axes do not fit tightly. The Minkowski 
sum of the sets of circles surrounding the vehicle and the collision 
constraints shown by the previous displaced ellipses are calculated 
as follows: 

  𝑐𝑘
𝑜𝑏𝑠,𝑖(𝒛𝑘) = [

∆𝑥𝑗

∆𝑦𝑗
]
𝑇

𝑅(∅)𝑇 [

1

𝑎2 0

0
1

𝑏2

] 𝑅(∅) [
∆𝑥𝑗

∆𝑦𝑗
]|

𝑘,𝑖

> 1   () 

with  ∀𝑗 ∈ {1, … ,4}   

where ∆𝑥, ∆𝑦 are the distances from the circle set covering the 
area around the vehicle to the center of obstacle 𝑖 at the time 𝑘 and 
𝑅(∅) is the rotation matrix corresponding to the motion direction 
of the obstacle, and the semi-major axis of the constraint ellipse. 
The result is calculated as follows:  

  [
𝑎
𝑏
] = [

𝑎𝑠ℎ𝑎𝑝𝑒 + 𝑎𝝈𝑘
+ 𝑟𝑑𝑖𝑠𝑐

𝑏𝑠ℎ𝑎𝑝𝑒 + 𝑏𝝈𝑘
+ 𝑟𝑑𝑖𝑠𝑐

] () 

Thus, we have a collision-free constraint with a higher 
probability 𝑝𝜖 than other means. 
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As our goal of the solution in this research is to minimize the 
intervention of the driving, that is, the control system only 
intervenes with the steering operation when really necessary with 
the minimum intervention time: 

  𝐽ℎ(𝒛𝑘, 𝒖𝑘, 𝒖0
ℎ) = [

𝑢𝑘
𝑎 − 𝑎0

ℎ

𝛿 − 𝛿0
ℎ ]

𝑇

𝐾 [
𝑢𝑘

𝑎 − 𝑎0
ℎ

𝛿 − 𝛿0
ℎ ]  () 

where 𝒖0
ℎ = [𝛿0

ℎ, 𝑎0
ℎ]𝑇 is the inconsistent value of system state, 

𝛿ℎ is the steering angle value and 𝑎ℎ is the acceleration value at 
the time 𝑡𝑘. 

In the process of setting values for control inputs, we only 

determine the steering angle value 𝛿ℎ and acceleration 𝑎ℎ without 

determining the steering speed value �̇�ℎ. However, in the general 
case if the front view angle can be controlled, the speed value is 
still used as the input value, and the control process 𝒖𝑘 maintains 
the steering speed and acceleration of the vehicle. 

The calculation of the trajectory cost will include the cost of 
the model predictive control calculated by the equation 𝒆𝑘 =

[
𝑒~𝑙(𝒛𝑘, 𝜃𝑘)

𝑒~𝑐(𝒛𝑘 , 𝜃𝑘)
], and at the same time add input control deviations 

and slip coefficients to create smooth and comfortable trajectories 
when the vehicle is in motion. The weights 𝑅  and 𝐴  allow for 
sorting based on different priorities, so the trajectory cost is 
calculated as follows: 

  𝐽𝑡(𝒛𝑘 , 𝒖𝑘, 𝜃𝑘) = 𝐽𝑎𝑣(𝒛𝑘 , 𝜃𝑘) + 𝒖𝑘
𝑇𝑅𝒖𝑘 + ∅̇𝑘𝐴∅̇𝑘  () 

where 𝐽𝑎𝑣(𝒛𝑘, 𝜃𝑘) has transformed the inconsistency from the 
reference path error into a better direction of motion. 

Finally, the solution proposed is the optimization problem. It is 
done by the minimum factor  combining linear between the cost of 
intervention into the system and trajectory cost, as follows: 

 𝐽𝑎𝑣(𝒛𝑘, 𝒖𝑘, 𝜃𝑘 , 𝒖0
ℎ) = 𝛽𝜔(𝑡𝑘)𝐽ℎ(𝒛𝑘, 𝒖𝑘, 𝒖0

ℎ) + (1 −

𝜔(𝑡𝑘))𝐽𝑡(𝒛𝑘 , 𝒖𝑘, 𝜃𝑘)   () 

in which, the weight 𝛽  and exponential decay function 
𝜔(𝑡𝑘) = 𝑒𝑥𝑝(−𝛼𝑡𝑘) are used to enhance the input value for the 
system. 

We have chosen the solution to make the weight 𝛽 reach a high 
value, so that when moving forward in the predictive model, the 
system will be able to respond well to inputs but still depend on 𝐽𝑡. 
By doing so, the solution presented in this study can plan a full 
implementation without having to predict the planned motion 
trajectory. Therefore, the nonlinear optimization problem with 
constraints on state, dynamics, paths and obstacles is constructed 
as follows: 

  𝒖0:𝑚−1
∗ = arg min

𝒖0:𝑚−1

∑ 𝐽𝑎𝑣
𝑚
𝑘=1 (𝒛𝑘, 𝒖𝑘 , 𝜃𝑘, 𝒖0

ℎ)∆𝑡𝑘 () 

where: 𝒛𝑘+1 = 𝑓(𝒛𝑘 , 𝒖𝑘) ; 

 𝜃𝑘+1 = 𝜃𝑘 + 𝑣𝑘∆𝑡𝑘    

 𝒛𝑘 ∈ [𝒛𝑚𝑖𝑛 , 𝒛𝑚𝑎𝑥]  

  𝒖𝑘 ∈ [𝒖𝑚𝑖𝑛 , 𝒖𝑚𝑎𝑥] 

 ‖∅̇𝑘‖ < ∅̇𝑚𝑎𝑥   

  ‖∅𝑘 − ∅𝑃(𝜃𝑘)‖ < ∆∅𝑚𝑎𝑥    

 𝑑(𝒛𝑘, 𝜃𝑘) ∈ [𝑏𝑙(𝜃𝑘) + 𝜔𝑚𝑎𝑥  , 𝑏𝑟(𝜃𝑘) − 𝜔𝑚𝑎𝑥]   

𝑐𝑘
𝑜𝑏𝑠,𝑖(𝒛𝑘) > 1 , 𝑖 = {1, … , 𝑛} ∀𝑘 ∈ {0, … ,𝑚} 

with initial initialization values for the path (𝑥𝑃(𝜃), 𝑦𝑃(𝜃)), 

the left boundary 𝑏𝑙(𝜃) and the right boundary 𝑏𝑟(𝜃) set by the arc 
and the static obstacles that the vehicle is moving. At the same time, 
in each loop when the system executes the initial states 𝒛0 and 𝜃0, 

the input variables 𝒖0
ℎ  and predicts other objects of traffic 𝒛0:𝑚

𝑖  

𝝈0:𝑚
𝑖  will be given a predictive model for the control system. After 

that, the optimal solution given by equation (20) and the optimal 
control 𝒖0

∗  will be executed by the system. 

3. Experimental results 

To test and evaluate the proposed solution, we have conducted 
empirical simulation of processes in the matlap environment. At 
the same time, in order to ensure the objectivity and reliability 
when evaluating, we have conducted simulations with different 
scenarios and autonomous vehicles controlled moving with 

steering angle 𝛿0
ℎ and desired acceleration 𝑎0

ℎ. Input variables will 
be handled using model predictive control to ensure generating 
safe movement, the reference path and the left boundary 𝑏𝑙, right 
boundary 𝑏𝑟  are designed and determined accordingly with the 
road system. During the experiment, the calculations uses SI 
measurement system with sampling interval of 0.1s, the trajectory 
is transferred to I/O controller with simulation time of 0.005s. 

 

Figure 3. Simulating the scenario 1 

Scenario 1: In this scenario, the autonomous vehicle will move 
into a corner, with the input values for the control system will be 
able to make the vehicle's direction of travel out of the limit of 
traffic lanes. At this point, the driver assistance system will 
perform braking to reduce the vehicle speed to the safe speed limit 
with the coefficient constraint before the car enters a corner, then 
increase the vehicle speed after going out of the corner to ensure 
the progress in the motion planning. With such a driver assistance 
process, it shows the advantages of controlling the longitudinal 
force, horizontal force and acceleration the vehicle, as well as 
implementing the vehicle's movement plan that is complete when 
entering corners with the brake and increase/decrease speed 
operations.  

Scenario 2: In this scenario, the autonomous vehicle will 
implement the movement plan from the slip road and turn left to 
enter the main traffic lane, the initial positions and the speed of 
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other traffic participants  are initialized randomly. To increase the 
time span of the planning without adjusting the calculations, we 
will take the approach of changing the distance at each step as 
follows: The first 40 steps have a distance of ∆𝑡𝑘 = 0.1𝑠  and the 
next 50 steps have ∆𝑡𝑘 = 0.4𝑠, which leads to a planning time of 
24 seconds for all calculations to be performed in real time. 

 

Figure 4. Simulating the scenario 2 

The process of following this scenario will be repeated many 
times with randomly generated input values and there are times 
when the input values are insecure input to the system, which will 
lead to accident when the vehicle is moving as planned. However, 
with the control support system that our solution offers, it is 
possible to prevent incidents in the most likely cases of accidents. 

Specifically: The planning process of movement when the 
vehicle is moving in a slip road before entering the main road, a 
collision may occur with the right boundary of the lane. After that, 
to move into the main lane, the vehicle turns left, at this time on 
the main lane, other vehicles are moving complicatedly, and unsafe 
situations may occur. To handle this movement of the vehicle, the 
control support system will activate the brakes to bring the 
vehicle's motion status to a stop state so that other vehicles in 
traffic can move through it, until the safe distance between the 
autonomous vehicle and other vehicles is large enough, the system 
activates the vehicle velocity so that the vehicle can move over the 
cross and merge into the main lane. 

During the experiment, we can see that the uncertainty in the 
predictive of other vehicles is very important because the future 
states of the predictive model can deviate from the desired 
predictive point. In the case of omitting uncertainty, the motion 
planning process needs to provide more precise and specific 
constraints to ensure the vehicle safety. 

4. Conclusions 

This paper has proposed a motion control assistance solution 
to ensure the safety of an autonomous vehicle. The optimal feature 
of this solution is to shorten the motion planning cycle to minimize 
deviations from inputs of the prediction while ensuring movement 
safety. This controller support solution is only implemented in 
situations where a complex vehicle movement scenario is likely to 
have a collision with realistic warning elements. 

The main idea of this technical solution will support designing 
an autonomous vehicle with a safe stop whatever the current 
vehicle control. The experimental simulation with the given 
scenarios shows that the safety factor can be achieved by 
calculating to consider all possible possibilities of other vehicles. 

In the future, in order that this solution will be more reliable, 
we have experimented the settings by transferring the simulation 
to the real environment with experimental vehicle equipped with 
sensors. When experimenting on reality, it will add a number of 
factors to analyze the stability of the system so that the behavior of 
traffic participants is more accurately forecasted. The extensive 

implementation of this driver-assistance solution for semi-
autonomous or autonomous vehicles in vehicle control systems 
will be able to minimize the amount of damage and create a safe 
movement plan for the future. 
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