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Abstract – Autonomous vehicles will be a reality in our society shortly, first coming vehicle will 

come with level 3 of automation where the driver is expected to be available for occasional control 

either for pleasure or during critical situations. This article proposes a strategy that aims to predict 

the path desired by the driver through steering actions and the algorithms used by of the autonomous 

vehicle to utilize risk indicators. These risk indicators can be used to condition the cooperation and 

the transition from automatic to manual driving. This technique uses the data of a path model 

predictive controller and local path planning data based on a curvilinear space to predict the driver 

interaction and intention when he engages the steering wheel. Some results are presented in a 

processor-in-the-loop environment, which let to verify that driver intention can be integrated with 

the risk analysis of the autonomous vehicle with minimal computational cost. Some conclusions and 

future improvements to the system are proposed. 
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 Nomenclature 

𝐱𝐞 State space variables of car over the 

reference path. 

𝛿𝑓 Steering angle on the wheel  of the car 

𝜏𝑢𝑠𝑒𝑟  Torque applied at the steering by user 

κ Curvature of a path 

[𝑥, 𝑦, 𝜃] Variables in the planar system of the 

reference and the path 

[𝑠, 𝑞] Arc length and deviation over the 

curvilinear path 

I. Introduction 

Considering the alarming rate of automotive accidents 

and road traffic injuries, and taking into account that 

multiple studies present that the main cause of crashes is 

due to human error, it could be argued that a higher 

number of driverless cars would translate into fewer 

accidents if they work in deterministic environments. 

Nonetheless, this project is concerned with a transition 

phase, which consists of a mixture of automated cars with 

assistance systems such as ADAS (Advanced Driver 

Assistance Systems) or vehicles with Level 3 of 

automation [1]. In these situations, the driver is expected 

to be available for occasional control either for pleasure or 

during critical situations. 

One way like the driver risk is tested is measuring the 

inattention of the driver like the bibliography revision 

presented in[2]. Approaches, like will be presented in this 

article, are: [3] uses an Auto regressive Input-Output 

Hidden Markov to model the contextual information along 

with the maneuvers of the driver to anticipate accidents a 

few seconds before they occur and to prevent them. [4] 

presents an intelligent driver training system that analyzes 

crash risks for a given driving situation, providing avenues 

for the improvement and customization of driver training 

programs. [5] presents a trajectory prediction of a lane-

changing vehicle through a Hidden Markov model to 

estimate and classify the driver behavior. [6] shows how 

to estimate the driver’s intention at each time step using a 

multi-class Support Vector Machine approach. 

This project aims to test strategies to operate a vehicle 

cooperatively between an autonomous system and a 

driver, which could help to reduce the risk of accidents. 

This proposal assumes that the autonomous system is 

more reliable than the driver is, even though in other 

circumstances the driver could interact with the human-

machine interface to disengage the autonomous system. 

Based on the architecture of autonomous mobile robots 

consisting of perception, planning, and control [7], the 

strategies proposed are categorized as cooperative 

planning and cooperative control, which determine when 

and how the driver can change the path projected by the 

autonomous system safely from the desired trajectory 

through the steering. 

As an example of our approach, the Fig. 1 presents an 

autonomous vehicle (blue), which using perception layer 

plan to proceed forward (blue line). There are two options, 

first, one the driver take the steering wheel and is predicted 

that he wants to merge into the right-hand lane (orange 

line), which has a high risk of accident- it is prohibited by 

laws- so that the autonomous vehicle will trigger an alarm. 

The second one is that the algorithm predicts a maneuver 

merging into the left lane (gray line), which has low risk. 

So the autonomous path planning will be changed (dotted 

line) to follow the driver and continue working in tandem. 

This article presents a method to predict the driver’s 

intentions when he takes the steering wheel under the 

autonomous vehicle activated. The first section presents 

the layers of the architecture of the autonomous test 

vehicle, describes the risk analysis made in the local path 
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planning, and describes the cooperative model predicted 

control (MPC) used. The next section present the 

methodological contribution, which describes how the 

driver interaction is predicted when is in cooperative 

strategies. After that, some results in a processor in the 

loop environment are presented to show how to join the 

risk analysis and driver path prediction. Finally, some 

conclusions and future work are presented. 

 

 

Fig. 1. Prediction analysis of the desired path of the driver. 

II. Architecture of autonomous vehicle 

Considering the autonomous vehicle like an 

autonomous robot, according to [7] the steps to give 

autonomy can be classified into three layers: perception, 

planning, and motion control. The Fig. 2 shows the 

function blocks for the project of the autonomous vehicle 

VILMA01(First Intelligent Vehicle of Laboratory of 

Autonomous Mobility) [8] inside the layers, the gray 

blocks represent the issues that are tackled in the article 

and the dotted lines schematize how the cooperative 

strategies proposed in this article interact with the 

architecture.  

For the cooperative strategies, there are two 

considerations, the first one is the interaction of the driver 

and the robot through steering (dotted line 1), which in 

turn generates the second one, posing the question in the 

planning layer (dotted line 2): is it safe to change the 

projected path?. These possibilities, in addition to the 

existent architecture, generate two types of cooperation: 

The first one, cooperative control is defined when the 

control signal of the driver and the autonomous system 

cooperate about the local path planned by the autonomous 

system. The second one, cooperative planning is defined 

when the driver and the autonomous system cooperate to 

change the local path after risk analysis. 

 
Fig. 2. How the cooperative strategy proposed to interact with the 

architecture of autonomous vehicle (VILMA01). 

II.1. Risk Analysis in Local Path Planning 

The autonomous vehicle has its specific aspect of 

cognition directly linked to robust mobility as a navigation 

competence [7]. The path planning layer consists of 

determining where the vehicle should go according to the 

perception and the mission. The reactive part, also known 

as local path planning, is implemented generating a 

curvilinear space based on the global route. Assuming that 

is available from off-the-self packages like Google Maps, 

Bings or OpenStreetMap. This approach for automotive 

applications has implemented more recently by [9] [10] 

[11] [12]. 

Using the methodology presented in [9], the local path 

planning algorithm is broken down into the following five 

components: Construction of the base frame through a 

curvilinear space, localization of the vehicle in the base 

frame, generation of path candidates, selection of the 

optimum path, and generation of the speed profile. In [13]  

details and the conclusion of the implementation of the test 

vehicle are presented. The Fig. 3 shows that around a 

global route (blue line) a set of path candidates (black 

lines) are generated through a curvilinear space based on 

the global route. In order to introduce the concepts of risk 

analysis in the following lines the selection of the 

optimum path in the algorithm is explained. Note that this 

algorithm is executed each time periodically that the 

information of the perception is updated, which is between 

ten and twenty times every second. 

 
Fig. 3. Global route and path candidates. 
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The risk of collision, the smoothness and the 

consistency of the path are the parameters used to select 

the path. A search algorithm first finds the paths that have 

an obstacle and discards them. After that, the path that 

minimizes a linear combination of the cost functions with 

weighing factors as follows is calculated: 

𝐽[𝑖] = 𝑤𝑠𝐶𝑠[𝑖] + 𝑤𝑚𝐶𝑚[𝑖] + 𝑤𝜅𝐶𝜅[𝑖] + 𝑤𝑐𝐶𝑐[𝑖] (1) 

Where 𝑖 is the index of a candidate path generated over 

the base frame, 𝐶𝑠 is the extrinsic risk over static objects 

for the path, 𝐶𝑚 is the extrinsic risk over mobile objects, 

𝐶𝑘 is the intrinsic risk for the smoothness of a path, and 𝐶𝑐 

is the risk for consistency. Each risk has a weighing factor 

that determines the characteristics of the path. 

 

Intrinsic risk for the Smoothness of Paths 

The smoothness of a path is important for autonomous 

driving because it affects the driving quality. In particular, 

a not smooth path may increase the risk of accidents 

caused by possible loss of control of the vehicle associated 

with dynamics parameters, increasing risk indicators like 

the lateral load transfer [14] [15], speed excess [14], lane 

departure and friction loss [16] [17] [18] [19]. The 

integration of the squared curvature along the length of a 

path is chosen as the smoothness criterion of a path [20] 

[9] [21]. 

Cost for the Safety of Paths over objects 

The collision check provides only binary information. 

Therefore, a risk for collision is required for every path 

candidate. The risk for each path is quantitatively 

evaluated in blurring the binary data for a collision [9]. To 

infer the risk of a path, the following subjective properties 

are used: The collision affects the risk of a neighbor of the 

path, and the collision has an insignificant effect on the 

risk of a distant path. The risk of a path is defined by 

discrete Gaussian convolution with collisions. 

The distance to mobile objects change over the arc 

length, 𝑠, and helps to determine the speed profile of the 

car. A bigger collision risk is caused by the variance of the 

kinematic model variables like speed, position, and 

orientation, so different parameters can be applied. The 

safety factors will be calculated in the same way as for 

static obstacles for paths without mobile objects. But for 

paths with mobile object it will depend of the speed of the 

mobile objects (𝑣𝑜) and the calculated minimum distance 

between the car and the mobile object over the path 

candidate (𝑑𝑝𝑎𝑡ℎ). This is calculated through the 

Algorithm 1. 

where, 

 

𝑔𝑚[𝑖] =
1

√2𝜋𝜎𝑚

𝑒𝑥𝑝 (−
(𝛥𝑞. 𝑖)2

2𝜎𝑚
2

) 
(2) 

𝑐𝑚[𝑖] is the mobile detection of a path with index 𝑖, 𝛥𝑞 

is the resolution of the lateral offset for a path, and 𝜎𝑚 is 

the standard deviation of the risk of collision. The standard 

deviation of the Gaussian kernel 𝑔𝑚[𝑖] is a design factor, 

which depends highly on the covariance of the estimation 

and the velocity of the mobile object. As when the speed 

is higher, the capability to change the lateral offset is 

bigger. The condition to overtake a vehicle will also 

depend on the road laws. 

 

 
Algorithm 1. Cost for safety in mobile objects. 

The distance is compared to the worst possible case, 

stopping the car. In this case, the car has the maximum 

speed of the path (𝑣𝑝𝑎𝑡ℎ) and stops with a longitudinal 

deceleration 𝐷𝑒𝑐𝑙𝑜𝑛𝑔 and the other object stops abruptly. 

The speed of the mobile object with a safety factor (𝑘𝑜) 

will determine if it is better to follow that path because the 

car will not have to reduce speed. If this condition is not 

satisfied, the path will be eliminated (the car will pass the 

mobile object). 

 

Risk for consistency of the Path 

The safety and smoothness costs do not prevent the 

generation of a path that is significantly different from a 

path at a previous step. An abrupt change in a path requires 

excessive energy and control effort to follow the path; this 

is called the consistency risk. 

The concept of path consistency means that current 

states, actions, or decisions depend on previous states, 

actions, or decisions [9]. The selection of a current path 

from the candidates should be performed by considering 

the past path. To consider the influence of a past path for 

the path selection, a measure of similarity between the past 

path and current path candidates is required. The integral 

of the distance between points on the current path and the 

previous path along the overlapped region is adopted as a 

measure of the similarity. 

II.2. A Cooperative control with model predicted 

control (MPC) 

This section presents the path control layer consisting 

of manipulating the degrees of freedom of the car 

(steering, braking, and acceleration) to bring it to the 

desired position at each instant in time. In order to achieve 

that, the dynamic models of the vehicle and the steering 

system are used to apply the predictive control technique. 

For the cooperative analysis, it is assumed that the 

longitudinal speed is known and that the variables that 

need to be controlled are the orientation and lateral error 
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over the steering of the vehicle. To achieve these 

objectives, multiple techniques of feedback control have 

been proposed [22] [23] [24] [25] [26]. 

The technique selected consists of solving an 

optimization problem using a cost function, which 

represents the quadratic error of the controlled variables 

plus the square of the variation of the control signal over 

a prediction horizon, 𝐻𝑝. This optimization problem in the 

studied case has an analytical solution in a control horizon, 

𝐻𝑐(O. Garcia, Ferreira, and Neto 2014). The algorithm can 

be divided in two stages: first the, controlled variables are 

predicted,𝐲(𝑘 + 𝑖|𝑘)∀𝑖 = 𝐻𝑤 . . . 𝐻𝑝, through a 

representation in a state space model; after which, the 

optimization process is carried out in order to obtain the 

control signals, 𝐮(𝑘 + 𝑖), ∀𝑖 = 0. . . 𝐻𝑐 . The prediction 

output is described by 

 

(3) 

Where, Υ,𝛩,𝛹, and 𝛷 are matrices obtained through the 

state space model of the vehicle [27]. The control output 

is described by algebra manipulation of these matrixes, 

join with some weight matrices [28]. Finally, this 

algorithm is complemented by estimated state space 

variables, which was made in this project through a 

Kalman filter [27]. State model used is presented in the 

appendix. 

III. Driver interaction 

The proposed cooperative path control consists of 

determining how the interactive sensors would be used in 

order to calculate the risk of a transfer the control. These 

methods use the control and path planning layer as the 

automatic system to predict the path desired by the driver. 

The proposed strategy, to make both control and 

cooperative planning contingent upon risk prediction, is 

shown in the Fig. 4. 

The first phase, called dynamic horizon, uses the 

calculations from the predictive controller to determine 

what would happen if the control signal of the automatic 

system were switched off during the prediction horizon. 

The second phase, called kinematic horizon, uses 

environmental information to determine the final 

condition of the user trajectory and the results from the 

dynamic horizon to determine an analytic function of 

curvature, predicting future actions the driver will take 

within the prediction horizon. As a result of the simulation 

of the trajectory, the calculated values can be converted to 

the path planning curvilinear space to determine the 

intrinsic and extrinsic risks based on the cost functions 

used in the path planning layer. 

 

 
Fig. 4. Block diagram of the proposed approach to risk analysis of driver 

intention. 

To present the proposed cooperative conditioning, a 

simulation of the cooperative path control between the 

driver and the automatic system was realized using 

Simulink/Matlab (Fig. 5) and implemented directly in the 

embedded system DSpace Microautobox from the test 

vehicle. This architecture enables the verification and 

testing of the algorithms in the embedded system in a 

Processor-in-the-loop environment. 

The implementation consists of two processes, the first 

one working at a 1khz rate includes the simulation of the 

dynamic model of the vehicle, the model for the steering 

motor and the noise models for the sensors, solved via 

Runge-Kutta, and also the Extended Kalman Filter. In the 

second process, at 100hz, the path control system and a 

controller emulated the driver by using an MPC controller 

with the same characteristics of the automatic control. 

Additionally, this second process receives asynchronously 

by Ethernet connection and the coefficients of the 

polynomials, which describe the trajectory of the local 

path planning algorithm.  

The path planning algorithm is calculated outside the 

embedded system, for the simulation in Matlab, but it is 

designed to be implemented as a separate program running 

on a Linux computer which communicates in real time, 

through ROS [29] with the embedded system. To work in 

a defined framework, [30] the path changes are described 

by the trajectory for the VDA-Test- Double lane change 

test, as defined by ISO-3888-2: 2008 standard, Passenger 

Cars - Test track for a severe lane change maneuver Part 1 

- Double lane-change. 

Results from this simulation, for different desired 

trajectories between the driver and the autonomous 

vehicle, are presented below, and then the proposed 

mathematical formulation for the dynamic and kinematic 

horizons is explained. Moreover, a method for identifying 

divergences in planned trajectories is outlined. 
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Fig. 5. Block Diagram of the software in the loop test of the path 

controller. 

III.1. Cooperative path control 

The performance of the system was evaluated. First 

when the reference signals of the driver and the automatic 

system are the same, concluding that over different driver 

conditions, which were set by changing the objectives for 

the driver controller, the performance indicators for the 

controller were acceptable, and the torque signal of the 

driver and the steering motor worked cooperatively. After 

that, the controller was evaluated when the path desired by 

the driver and the automatic controller were different, 

showing that attempts to follow the reference trajectory for 

the automatic control system is only achieved with torque 

conditions which are unfeasible for any of the control 

systems. The objective is to anticipate these scenarios. 

 
Fig. 6. Prediction of control signals for different desired trajectories.  

 

In Fig. 6 it is possible to see in each time step 𝑘 how the 

controlled signals (Equation (16)) behave at the last time 

instant of the prediction horizon, 𝑘 + 𝐻𝑝, independently 

for both control signals (𝑣𝑚 and 𝜏𝑢𝑠𝑒𝑟). Given the vehicle 

dynamics, which are related to a time delay of the yaw 

angle and also the lateral and orientation error, it is not 

possible to visually detect the difference with the reference 

signal. But for both the front wheel angle and the lateral 

error rate, the differences in the automatic control outputs 

are noticeable. 

 

Finally, for the global and local path planning control 

to analyze the predicted outputs, the front wheel angle 

𝛿𝑓(𝑘 + 𝐻𝑝) and the kinematic model of the vehicle were 

converted to the curvature of the car using the equation 

(𝑘 + 𝐻𝑝) = 𝑡𝑎𝑛(𝛿𝑓(𝑘 + 𝐻𝑝))/𝐿 [31]. In Fig. 7 the path 

calculated by the automatic system and the appropriate 

path planning layer is represented (𝜅(𝑘)), as well as the 

paths in the prediction horizon for both control signals 

(𝜅𝑣𝑚(𝑘 + 𝐻𝑝) and𝜅𝜏𝑢𝑠𝑒𝑟(𝑘 + 𝐻𝑝)). It is within this frame 

that the proposed dynamic and kinematic horizons are 

described below. 

III.2. Dynamic Horizon 

The estimation of future control signals for both the 

driver and the automatic system obtained from equation 

(16), is defined as the dynamic horizon. In the case of 

automatic control on it is obtained by solving (4) 

𝒴(𝑘)𝑣𝑚 = 𝛹𝐱(𝑘) + 𝛷𝒰2(𝑘) + 𝛶 [
𝑣𝑚(𝑘 − 1)

𝑢2̂ (𝑘 − 1)
]

+ 𝛩𝛥𝒰(𝑘) 

(4) 

 

 
Fig. 7. Curvature prediction for different control efforts 

 

in which, 𝛥𝒰(𝑘) is the control signal obtained by the 

MPC Controller where 𝐮(𝑘 − 1) = [𝑣𝑚 �̂�𝑢𝑠𝑒𝑟]
𝑇  and 𝑢2̂ 

is a variable stored by the program which represents how 

much the driver’s torque should be, according to the 

cooperative control. In the case of the driver estimation, 

we have (5) 

 

𝒴(𝑘)𝜏𝑢𝑠𝑒𝑟 = 𝛹𝐱(𝑘) + 𝛷𝒰2(𝑘)

+𝛶 [
0

�̂�𝑢𝑠𝑒𝑟 (𝑘 − 1)
] + 𝛩

[
 
 
 
 [

0
𝛥 �̂�𝑢𝑠𝑒𝑟

]

⋮

[
0

𝛥 �̂�𝑢𝑠𝑒𝑟
]
]
 
 
 
 
 

 

 

 

 
(5) 

in which, 𝛥 �̂�𝑢𝑠𝑒𝑟 = �̂�𝑢𝑠𝑒𝑟 (𝑘 − 1) − �̂�𝑢𝑠𝑒𝑟 (𝑘 − 2) is 

the variation of the torque signal from the driver in the 
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prediction horizon. It is assumed to be constant and equal 

in direction. It is important to note that the first and second 

terms in the predictors are the same and were already 

calculated by the automatic control when obtaining the 

control signal, which keeps the computational cost to a 

minimum. Furthermore, the adopted dynamic horizon 

corresponds to the prediction horizon used in the 

predictive control technique, i.e. 𝑘 + 𝐻𝑝. 

III.3. Kinematic Horizon 

The problem of expanding the dynamic horizon lies in 

the assumption that the torque exerted by the driver, or its 

variation, remains constant during the horizon, hence the 

use of the kinematic bicycle model is proposed. 

Contingent on the ambient conditions along with the 

known map, the following assumptions are defined: 

• The velocity profile is known for the kinematic horizon, 

thus the curvatures 𝜅𝜏𝑢𝑠𝑒𝑟(𝑘) and 𝜅𝜏𝑢𝑠𝑒𝑟(𝑘 + 𝐻𝑝) can be 

transformed into the space of curve length, or arc length 

space, by (6). 

𝑠𝜏𝑢𝑠𝑒𝑟(𝑚) = ∑𝑣𝑐𝑎𝑟

𝑚

𝑖=0

(𝑘 − 𝑖)𝑇𝑐 
 
(6) 

• In an arc length, 𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟, the yaw angle will have a 

constant value, hence 𝜃𝜏𝑢𝑠𝑒𝑟(𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟) = 𝜃𝑓𝑖𝑛𝑎𝑙 −

𝜃𝑐𝑎𝑟 (𝑘) 

• In an arc length, 𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟, the curvature followed by the 

car will be that of the road, until 𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟, hence 

𝜅𝜏𝑢𝑠𝑒𝑟(𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟 : 𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟) = 𝜅𝑏 

• The mathematical function which describes the 

curvature followed by the driver would be polynomial, 

and described by (7), 
𝜅𝜏𝑢𝑠𝑒𝑟 = 𝑘0 + 𝑘1𝑠

𝜏𝑢𝑠𝑒𝑟 . . . +𝑘𝑛𝑠𝜏𝑢𝑠𝑒𝑟𝑛

= [1 𝑠𝜏𝑢𝑠𝑒𝑟 𝑠𝜏𝑢𝑠𝑒𝑟2 . . . 𝑠𝜏𝑢𝑠𝑒𝑟𝑛]𝐤𝑢
 

 
(7) 

 

  where 𝐤𝑢 = [𝑘0 𝑘1 . . . 𝑘𝑛] 
• The two-wheel kinematic bike model is used to 

represent the car [22], therefore the yaw angle can be 

defined by integrating  respect to 𝑠𝜏𝑢𝑠𝑒𝑟 , as shown in (X. 

Li et al. 2014) it can be described by (8), 

 

𝜃
𝜏𝑢𝑠𝑒𝑟

(𝑠𝜏𝑢𝑠𝑒𝑟) = ∫ 𝜅𝜏𝑢𝑠𝑒𝑟

𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟

0

𝑑𝑠𝜏𝑢𝑠𝑒𝑟 

 

 
(8) 

Finding a polynomial function of curvature is a 

problem of curve fitting to obtain the coefficients of a 

function, which describes the curvature, which can be 

solved analytically because the equation (8) also generates 

a polynomial, thus yielding a linear system of equations, 

described by  

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

(9) 

𝐲𝑢 =

[
 
 
 
 
 
 
 
𝜅𝜏𝑢𝑠𝑒𝑟(𝑘 + 0)

⋮
𝜅𝜏𝑢𝑠𝑒𝑟(𝑘 + 𝐻𝑝)

𝜅𝜏𝑢𝑠𝑒𝑟(𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟)

⋮
𝜅𝜏𝑢𝑠𝑒𝑟(𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟)

𝜃𝜏𝑢𝑠𝑒𝑟(𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟) ]

 
 
 
 
 
 
 

𝐲𝑢 =

[
 
 
 
 
 
 
 
 
 

𝑘0

⋮
𝑘0 + 𝑘1𝑠

𝜏𝑢𝑠𝑒𝑟(𝐻𝑝). . . 𝑘𝑛(𝑠
𝜏𝑢𝑠𝑒𝑟(𝐻𝑝))

𝑛

𝑘0 + 𝑘1𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟 . . . 𝑘𝑛(𝑠𝑧𝑒𝑟𝑜

𝜏𝑢𝑠𝑒𝑟)
𝑛

⋮
𝑘0 + 𝑘1𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟 . . . 𝑘𝑛(𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟)

𝑛

𝑘0𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟 +

𝑘1

2
(𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟)
2
. . .

𝑘𝑛

𝑛 + 1
(𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟)
𝑛+1

]
 
 
 
 
 
 
 
 
 

𝐲𝑢 = 𝛩𝑢𝐤𝑢

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

(9) 

The objective function is described by (10), 

𝑉 =∥ 𝛩𝑢𝐤𝑢 − 𝐲𝑢 ∥ 
2

𝑄𝑢

 
 
(10) 

where matrix𝒬𝑢 is a weight matrix which dimension is 

the same as the number of linear equations. Solving the 

quadratic norm problem and derivation for 𝐤𝑢, yields (11). 

Note that matrix ℳ𝑢 is only modified if the velocity 

profile is changed; in any other case it i,s constant, which 

simplifies the implementation in real time of the prediction 

of the curvature function. 

𝐤𝑢 = (𝛩𝑢
𝑇𝒬𝑢𝚯𝐮)

−1𝛩𝑢
𝑇𝒬𝑢𝐲𝐮

= ℳ𝑢𝐲𝐮

 
 
(11) 

Once the estimated curvature function for the driver 

maneuver is obtained at instant 𝑘, the system can estimate 

the final position 𝑥𝑢𝑠𝑒𝑟 (𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟) and 𝑦

𝑢𝑠𝑒𝑟
(𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟) in order 

for the path planning layer to be able to anticipate the 

future position of the vehicle and therefore estimate the 

intrinsic and extrinsic risks involved in the maneuver 

intended by the driver. The position estimation is achieved 

by the numerical integration of the system of equations 

(12) 
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𝑥 (𝑠𝜏𝑢𝑠𝑒𝑟) = ∫ cos 𝜃
𝜏𝑢𝑠𝑒𝑟

𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟

0

𝑑𝑠𝜏𝑢𝑠𝑒𝑟

�̂� (𝑠𝜏𝑢𝑠𝑒𝑟) = ∫ sin 𝜃
𝜏𝑢𝑠𝑒𝑟

𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟

0

𝑑𝑠𝜏𝑢𝑠𝑒𝑟

𝜃
𝜏𝑢𝑠𝑒𝑟

(𝑠𝜏𝑢𝑠𝑒𝑟) = ∫ 𝜅𝜏𝑢𝑠𝑒𝑟

𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟

0

𝑑𝑠𝜏𝑢𝑠𝑒𝑟

 

 
(12) 

In case there is a difference in the references 

for the MPC and the driver input, for instance, 

𝑦𝑚𝑝𝑐 = 0.3 e 𝑦𝑢𝑠𝑒𝑟 = 0. Fig. 8 represents the 

estimated curvatures at the end of the dynamic 

horizon (green and black), the reference (red), 

and the estimated curvature at the end of the 

kinematic horizon (blue) are calculated with a 

frequency of 𝑓𝑝𝑎𝑡ℎ = 10ℎ𝑧 when the difference 

of predicted curvatures is significant. Note that 

each curvature is used to estimate the function of 

curvature (𝜅𝜏𝑢𝑠𝑒𝑟(𝑠𝜏𝑢𝑠𝑒𝑟)) at instant 𝑘 obtained 

by (9) is a future prediction at the end of the 

dynamic horizon (𝑙 + 𝐻𝑝) at time 𝑙 = 𝑘 − 𝑖, 

where 𝑖 varies from 1 to 𝐻𝑝. 

 

 

 
Fig. 8. Curvature prediction on the kinematic horizon. 

 
Fig. 9. Estimated position (�̂�𝑐𝑎𝑟(𝑘); �̂�𝑐𝑎𝑟(𝑘)) in red and estimated 

paths which the user want to do in a kinematic horizon of 25𝑚.  

 

Fig. 9 represents the estimated position of the vehicle 

(𝑥𝑐𝑎𝑟 (𝑘), 𝑦
𝑐𝑎𝑟

(𝑘)) in red points and the estimated 

trajectories of the maneuver intended by the driver in a 

prediction horizon of 25𝑚 in blue. The parameters for the 

simulation were 𝜃𝑓𝑖𝑛𝑎𝑙 = 0, 𝑣𝑐𝑎𝑟(𝑘 + 𝑖) = 𝑣𝑐𝑎𝑟(𝑘) =

10𝑚/𝑠, 𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟 = 24,98𝑚, 𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟 = 25𝑚 and 𝑛 = 5. 

III.4. Detection of different trajectories 

The idea behind an algorithm for the detection of 

divergence in the trajectories is to detect, as fast as 

possible, the intent of the driver to take a different path. 

Visually, the derivatives of the torque signals have 

opposite directions; then the system wants to go in the 

opposite direction. Nonetheless, the noise in the torque 

measurement renders this method inappropriate at the 

initial stages of trajectory changes. 

 Hence, the idea consists in comparing the signs of the 

values for both front wheel angles 𝛿𝑓
𝑡𝑢𝑠𝑒𝑟 and 𝛿𝑓

𝑣𝑚, 

obtained by (4) and (5) respectively. Note that depending 

on the parameters of the cooperative control, the signs 

could be opposite while there is no fault to be detected, 

hence the difference between them at the end of the 

dynamic horizon must be greater than a parameter, which 

is calculated heuristically. The logical conditions used to 

detect a difference are described by (13). 

𝑠𝑖𝑔𝑛 (𝛥𝛿𝑓
𝜏𝑢𝑠𝑒𝑟(𝑡: 𝑡 + 𝐻𝑝)) ! 𝑠𝑖𝑔𝑛 (𝛥𝛿𝑓

𝑣𝑚(𝑡: 𝑡 + 𝐻𝑝)) 

𝐴𝑁𝐷|𝛿𝑓
𝜏𝑢𝑠𝑒𝑟(𝑡 + 𝐻𝑝) − 𝛿𝑓

𝑣𝑚(𝑡 + 𝐻𝑝)| > 𝛿𝑚𝑖𝑛

 
 
(13) 

It should be noted that this calculation is realized in 

control programs at a higher sampling rate. This gives two 

advantages: The first one can have several fault detection 

estimates during one sample period of the path planning 

layer. The second one is to reduce the quantity of 

information which needs to be sent from the control layer 

to the path planning layer, because sometimes it is not 

necessary to send the vector 𝛿𝑓
𝑣𝑚(𝑡: 𝑡 + 𝐻𝑝). 

IV. Results 

In the simulation, the global space is described by the 

trajectory for the VDA-Test, which is  programmed to the 

autonomous vehicle and the driver chosen the path. Fig. 

10 represents the desired curvatures by the automatic 

system (red), the driver (yellow) and the estimated 

curvatures on the horizon 𝛿𝑓
𝜏𝑢𝑠𝑒𝑟(𝑡 + 𝐻𝑝) and 𝛿𝑓

𝑣𝑚(𝑡 +

𝐻𝑝) in green and black respectively. Finally, in the same 

figure the curvature predicted by the system is shown in 

brown. This assume that 𝜅𝜏𝑢𝑠𝑒𝑟(𝑠𝑧𝑒𝑟𝑜
𝜏𝑢𝑠𝑒𝑟 : 𝑠𝑚𝑎𝑥

𝜏𝑢𝑠𝑒𝑟) and 

𝜃𝜏𝑢𝑠𝑒𝑟(𝑠𝑚𝑎𝑥
𝜏𝑢𝑠𝑒𝑟) will be the same as the global path after 

30𝑚.In order to estimate the curvature, two alternatives 

were evaluated, the first one using the estimation of the 

kinematic horizon 𝛿𝑓
𝜏𝑢𝑠𝑒𝑟(𝑘: 𝑘 + 𝐻𝑝) and the second one 

using 𝛿𝑓
𝜏𝑢𝑠𝑒𝑟(𝑙 + 𝐻𝑝) with 𝑙 = 𝑘 − 𝑖, where 𝑖 varies from 

1 to 𝐻𝑝. 

Fig. 11 shows the path followed by the vehicle in red, 

while green shows the path desired by the driver. Blue 
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shows the estimation using the first alternative and the 

estimation using the second alternative is shown in brown. 

Considering that the objective is to detect divergence in 

the trajectory desired by the driver as fast as possible, the 

first method is adopted. However, if what is being sought 

is the predicting what of the driver would do in manual 

mode, and then the most appropriate alternative is the 

second one since it employs more information for the 

estimation. 

Accordingly, using the first method, it is shown in Fig. 

12 the prediction for the estimated trajectory of the driver 

(brown) where it is possible to appreciate from early-on in 

the maneuver it is possible to detect where the driver is 

going.  

Finally, in order to find the risk functions for the 

trajectories, the path-planning layer must receive the 

curvature (12). Once the process of localization in the 

curvilinear space is completed, the obtained value of 𝑞 at 

the end of the kinematic horizon is searched for within the 

risk functions for the actual iteration. If the risk is low 

(green traffic light) the path planning layer must re-

calculate again the path according to the path desired by 

the driver, thus generating cooperative planning. If on the 

contrary, the risk is high, the strategy is to continue with 

the current trajectory and alarm signals might be activated.  

 

 

 

 
Fig. 10. Curvature estimation of the intention of the driver. 

 
Fig. 11. Prediction of the trajectory desired by the driver. Red automatic 

The general proposed procedure is summarized in Fig. 

13 showing what is performed at each point of the path 

planning layer when the controller detects a divergence of 

the torque of the driver. 

V. Conclusion 

In this research, we proposed a method to predict the 

driver’s intentions when they take the steering wheel 

during autonomous driving is activated. The method 

includes integrating the driver’s intention with the risk 

analysis of the autonomous vehicle with minimal 

computational cost. The process includes using 

calculation from a cooperative model predictive control 

and the path planning in a curvilinear space.  

The cooperative control and cooperative planning 

strategies implemented illustrate the challenge of working 

with level 3 automation, as the autonomous system needs 

to understand when the user wants to share control of the 

vehicle and at the same time must reduce the extrinsic and 

intrinsic risks. 

 

 
Fig. 12. Driver path prediction over the kinematics horizon. 

 
Fig. 13. Block diagram of risk measurement for conditioning the 
cooperation between the driver and the autonomous system. 

To validate the result, the algorithm was tested in a 

Processor in Loop environment based on an automotive 

embedded system. Additionally, the tests validate the 

connection with other blocks of the software architecture 

[8], including the non-real-time software based on Linux 

through the middleware ROS. 
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As future works, we plan to assess the algorithm in the 

test vehicle. In addition, to improve the methodology we 

are looking to apply artificial intelligence [32] in the 

optimization of the kinematic horizon and for the driver 

model. This  would let to eliminate some assumptions like 

the polynomial curvature approximation and include 

measurable information of the driver characteristics to 

improve the accuracy of the detection. 

Appendix 

Fig. 14 presents the localization of a vehicle 

represented through a bicycle model described by (𝑥,𝑦 and 

𝜃) with respect to the position of the path. Like it is shown 

in (Snider 2009) a state space representation can be 

obtained, 𝐱𝐞 = [𝑒𝑐𝑔 �̇�𝑐𝑔 𝜃𝑒 �̇�𝑒]
𝑇  with inputs 𝐮𝑒 =

[𝛿𝑓 𝑟𝑝 𝑟�̇�]𝑇. Where, 𝛿𝑓 is the front steering angle of the 

tire in the vehicle and 𝑟𝑝 = �̇�𝑝𝑎𝑡ℎ is the angular speed of 

the desired path. 

 

Fig. 14. Bicycle model of the car in the reference path units. 

The relation between the angle of the tire,𝛿𝑓, the angle 

of the wheel of the steering, 𝛿𝑗, the torque applied by the 

user, 𝜏𝑢𝑠𝑒𝑟 , and the voltage of the steering motor, 𝑣𝑚, is 

described by the state space variables 𝐱𝐬 =

[δj δj
̇ δf δf

̇ ]
𝐓
 with inputs 𝐮𝑠 = [𝜏𝑢𝑠𝑒𝑟 𝑣𝑚]𝑇  [33]. 

Joining the state variables for the steering and the 

position of the vehicle, 𝐱𝑐 = [𝐱𝐬: 𝐱𝐞]
𝑇 , the following 

state space representation is obtained 

𝐲 �̇�𝑐 = 𝐴𝑐𝐱𝑐 + 𝐵1𝐮𝟏 + 𝐵2𝐮𝟐 (14) 

where, 𝐮1 = [𝑣𝑚 𝜏𝑢𝑠𝑒𝑟]𝑇 are the control inputs and 

𝐮2 = [𝑟𝑝(𝑠) 𝑟�̇� (𝑠)]𝑇are perturbations to be controlled 

by feed-forward control. Note, that the driver torque is 

considered as a control input to try to predict some 

characteristics of the signal, for example, the frequency 

that the user will be able to respond and how much energy 

he is giving to the system indirectly. The state space (14) 

can be discretized by the method of the impulse response, 

which yields, 

𝐱𝐜(𝑘 + 1) = 𝐴𝐱𝐜(𝑘) + 𝐵𝐮𝑐(𝑘) (15) 

 

where, 𝐮𝑐 = [𝐮1 𝐮2]𝑇 . 

𝐲 =

[
 
 
 
𝑒𝑐𝑔

�̇�𝑐𝑔

𝜃𝑒

𝛿𝑓 ]
 
 
 
 

 

 
(16) 
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