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Abstract—This paper focuses on the controller design for path-

tracking problem of autonomous ground vehicles (AGVs) by 

employing a multi-constraint nonlinear predictive control 

(NMPC) schema. It is aimed to improve the transient 

performance of the vehicle and to consider a rollover prevention 

criterion in the proposed method. The path-tracking problem is 

transformed into the yaw stabilization issue, and a feedback 

control law with input saturation is developed to decrease the 

steady-state errors. Furthermore, the yaw-rate signal is 

generated for the desired path-tracking performance. The major 

contributions of the present paper are 1) developing a neural 

network autoregressive with exogenous input system to assist in 

obtaining an accurate and explicit model in order to contribute to 

the control of the system over the prediction horizon; 2) 

describing a Frenet-Serret differential geometry based path-

following agenda and developing AGV dynamic model by 

incorporating the vehicle vertical mode of motion to prevent 

vehicle rollover during critical maneuvers, and 3) achieving an 

enhanced yaw stabilization and transient tracking performance 

considering saturated input signal by employing the proposed 

system identification algorithm. The effectiveness of the proposed 

control system is verified by comparing with the traditional 

NMPC method by employing a high-fidelity CarSim/Matlab 

framework. 

 
Index Terms— Autonomous vehicles, predictive control, path-

following, rollover prevention 

I. INTRODUCTION 

APID progress in cyber-physical systems such as mobile 

and wireless sensor networks, integrated internet-based 

systems, remote sensing, and process control systems together 

with the rising demand for the improved transportation 

systems in terms of performance, safety, reliability, and 

efficiency have incentivized the necessity of emerging 

technologies such as autonomous ground vehicles (AGVs) [1-

2].  AGVs potentially provide further benefits such as the 

optimal use of parking spaces, energy security, comfort of 

driving, and the reduced transportation costs [2]. Nevertheless, 

there are still barriers related to the control of AGVs on roads 

which need to be minutely explored. For example, 

the changing traffic condition and driving environment 

together with the critical maneuvering conditions impose 

the implementation of sufficiently optimal and robust 

controlling systems for AGVs [3-4]. Additionally, the 

navigation is entirely implemented alongside a preplanned 

path without the driver intervention or any prior knowledge of 

the path in the time domain [5], which serves as a substantial 

challenge for the control of AGVs [6].  

The minimal path-following errors in terms of the lateral 

offset and the heading error under varying driving conditions 

guarantee that the target vehicle travels on the desired 

trajectory.Consequently, the minimization of the lateral path-

tracking error while the vehicle stability is upheld during 

various maneuvering conditions is of primary significance for 

the effective design of control laws. The satisfactory path-

following control of the autonomous vehicles can be 

accomplished using an integrated longitudinal and lateral 

control based on the knowledge of current vehicle states and 

the road specifications [7-8]. The major goal for longitudinal 

control of the vehicle is typically to maintain the desired speed 

and the reliable distance with respect to the leading vehicle in 

order to prevent the risk of collisions [9-10]. Additionally, the 

lateral control accounts for two substantial tasks; lane-keeping 

performance and vehicle stability. Lane-keeping and path-

tracking of autonomous vehicles can be achieved 

simultaneously [11-12]. The importance of lateral control of 

AGVs has pushed researchers toward employing the effective 

and instrumental controllers to meet with the high 

performance expectations from AGVs. 

The integrated control framework which incorporates both 

the steering angle and the direct yaw moment control (DYC) 

is reported to potentially serve as an effective approach to 

improve the handling and stability of a vehicle under harsh 

driving conditions [13]. A DYC approach is typically achieved 

by generating an external yaw moment and using the 

differential braking and thereby generating external yaw 

moment to the chassis to improve vehicle active safety [14]. In 

order to increase the performance of such controllers, an 

integrated DYC and active front steering (AFS) methods are 

utilized [15-16] which can typically bring about the increase in 

the power demand of the system. Furthermore, because DYC 

depends on regulating the tire longitudinal and lateral force 

differences in the left and right wheels rather than directly 

employing the tire lateral force, it may not be adequately 

efficient in controlling the sideslip angle which serves as a 

critical state parameter to reach the desired vehicle 

performance. In light of the optimality in power consumption 

and the actuator limits, the present paper is focused on 

employing the front wheel steering angle as the only means to 

control the path-tracking of AGVs. 

Apart from the controller actuation input type, the control 

method has been the focus of research in a swath of previous 

reported studies. The papers related to the path-following 

control of AGVs are ranging from adaptive multivariable 

super-twisting control [17], composite nonlinear feedback 

[18], adaptive neural network [19], robust H∞ output-feedback 

control [20], fuzzy sliding mode [21], and model predictive 

control (MPC) [22]. Among these methods, MPC benefits 
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from the possibility to introduce multiple explicit constraints 

on the states, outputs and the control inputs, expanding for 

multi-variable systems, and reducing the variance by 

providing high precision and optimality in solution by 

employing the optimization problem. In this manner, the 

integrated regulation of the vehicle states and control 

constraints is feasible by employing model predictive control 

(MPC) in conjunction with the estimation of the vehicle 

system dynamics. Furthermore, MPC holds the capacity of 

generating an optimal sequence of control actions within a 

finite horizon using the effective optimization tools [23]. 

Hence, MPC is a practical approach for realizing the path 

following control for autonomous vehicles [24] because of its 

strong capacity to manipulate multi-constraint/multi-objective 

problems. Additionally, MPC can employ the explicit model 

of the system and incorporates the required soft/hard 

constraints [25]. However, the accompanying online 

computational burden has limited the application of MPC for 

vehicle systems because of the necessity of solving a quadratic 

or nonlinear programming problem at each sampling instant, 

which can be exacerbated in case of nonlinear dynamics. 

However, MPC is typically a simplistic consideration of the 

vehicle dynamics where nonlinear model predictive control 

(NMPC) offers a more realistic and practical control of the 

system dynamics at the expense of substantial computational 

demand [23]. Du et al. [26], proposed an NMPC method to 

control the vehicle velocity and steering simultaneously while 

the employed optimization solver was based on genetic 

algorithms (GA) in order to provide a more flexible structure 

for MPC formulation. However, the major problem with the 

heuristic approach such as GA is that there is no guarantee of 

an optimal solution. Ren et al. [27] designed an NMPC path-

tracking controller by employing the lateral stability and an 

optimal torque vectoring controllers. The NMPC input was 

used to generate the steering angle and the desired longitudinal 

force for following the desired trajectory and the lateral 

stability controller to balance the vehicle stability. Ultimately, 

the optimal torque vectoring controller was employed to 

distribute the desired wheel torques for the purpose of 

providing longitudinal force and yaw moment. A setback is 

though for the uncertainty in the system dynamics as NMPC is 

strongly dependent on an explicit and accurate availability of 

the system model. In this manner, effective system 

identification can potentially capture the precise dynamics of 

the nonlinear system and reduce the computational demand of 

the closed-loop system. Liu et al. [28] employed an NMPC 

method for obstacle avoidance at the high-speed condition for 

large-sized AGVs featuring a high center of gravity (CG) that 

perform in unstructured situations. As a major goal of the 

system control, no-wheel-lift-off condition, which serves as 

the major dynamical safety factor at high-speed motions was 

incorporated to ensure limiting the steering angle within a 

reliable range. However, the limiting factor for the steering 

wheel was obtained offline for the vehicle model which may 

reduce the system effectiveness since the optimization in 

NMPC model is iteratively implemented at each time step in 

an online manner. Yoon et al. [29] employed an NMPC 

approach for trajectory generation of unmanned ground 

vehicles (UGVs) to perform an optimal tracking problem 

wherein the obstacle collision avoidance was incorporated in 

terms of a cost minimization subject to constraints. The 

optimization problem was solved online with nonlinear 

programming and the related obstacle information was 

provided using a limited sensing range. 

 Although several reported studies are available related to the 

application of NMPC for path-tracking of AGVs in a practical 

and effective manner, there are few entries in the literature that 

have employed NMPC path-following scheme by considering 

the differential geometry based varying road conditions and 

the system nonlinearities due to the coupled motions. 

Additionally, NMPC method is strongly dependent on the 

availability of explicit models which can predict the system 

response over the prediction horizon. An effective system 

identification method for those of nonlinear systems can 

substantially contribute to achieve a more accurate and robust 

estimation of the system states and thereby an improved 

controlled system. The present paper contributes to the 

literature mainly through the following steps. First, the 

integrated nonlinear dynamics of the vehicle system is 

developed and the errors in terms of the lateral offset and 

heading angle criteria are incorporated according to Frenet-

Serret formula of differential geometry. Secondly, a neural 

network autoregressive with exogenous input 

assisted approach is developed for the system identification of 

the nonlinear dynamics of the vehicle considering the multi-

constraints of the system. Finally, the rollover prevention of 

the vehicle during the path-tracking maneuver due to the 

lateral load transfer rate is incorporated as a cost function 

component. The remainder of the paper is organized as 

follows. In Section 2, the vehicle dynamics model is 

formulated and the desired path trajectory based on 

differential geometry is provided. In Section 3, the NMPC is 

developed and the neural network autoregressive with 

exogenous input assisted system identification is discussed. 

The simulation and results are provided in Section 4 and the 

conclusions are outlined in Section 5. 

II. PROBLEM STATEMENT 

A.  REFERENCE PATH TRAJECTORY 

Path-tracking control models related to AGVs being employed 

so far have typically ignored the effect of vehicle bounce 

motion on the lateral mode. The modified path-following 

model of AGVs can be described by considering the Frenet–

Serret differential geometry approach.  

Definition: Let us consider the desired curve  (     ) where 

the desired position in vector form is denoted by   ( ( ))  

[  ( ( ))   ( ( ))]
 
and   is the independent 

parameterization variable. Furthermore, ‖  ( ( ))‖  

        and put   ( )   ̇ ( ) and 
  

  
 ‖  ( )‖ where   

denotes the curvilinear coordinate (arc-length) of point   

along the path from an initial position predetermined. Hence,   
can be further defined as: 
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Let us further employ   as the parameterization variable and 

  ( ) be the angle between the global coordinate X and the 

tangential unit vector  ( ) where   [     ]
 
 

[           ]
 . Consequently: 

  

  
 

  

   

   

  
 [            ]

    

  
                            (2) 

Let us define the curvature vector as  ( )  
  

  
, and  ( )  

   

  
, and ‖ ( )‖  ‖ ( )‖ because ‖

  

  
‖  ‖

   

  
‖. By 

employing the Frenet-Serret equations [30], the following 

kinematics can be developed: 

 (   ) ̇   (  )                                                           (3) 

where 
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], 

  [       ]
 
,         and   is the vehicle heading 

angle. The lateral offset   refers to the distance from the 

vehicle center of gravity (C.G.) to its closest point on the 

desired path. The heading error generally refers to the error 

between the actual vehicle heading   and the desired heading 

angle   . Furthermore   ,   ,   and   are respectively the 

longitudinal velocity, lateral velocity, sideslip angle and yaw 

rate, where  ̇   , and            (
   

   
) which is 

approximately equal to 
   

   
 for small sideslip-angle values. 

Considering (3), the lateral offset and the heading angle error 

   can be obtained. 

 

B.  VEHICLE DYNAMICS 

By defining the kinematics of the path-tracking error, the 

coupled vertical and lateral dynamics of the AGV is developed 

using a 7 degree of freedom (7-DOF) model. The DOFs 

include two yaw and roll modes of motion together with the 

heave motions related to the sprung and unsprung masses and 

the lateral and longitudinal motions of the vehicle in yaw 

plane. The vehicle has the total mass   and the mass moment 

of inertia    about the yaw axis and   is the mass moment of 

inertia about the roll axis. The front and rear wheel axles are 

located at distances    and    from the C.G., respectively.   , 

   and    represent the longitudinal, lateral and vertical 

velocities of the vehicle, respectively. Furthermore,   ,    

and    stand for the rotational velocities of the vehicle about 

the roll, pitch and yaw axes, respectively.    and   denote the 

sideslip angle and the yaw rate of the vehicle, respectively. 

 (  ̇           )   (            )                    (4) 

 (  ̇           )   (            )      ̈    (5) 

    ̈                                                    (6) 

∑      ̈                (         )
 
                  (7) 

(      
 ) ̈     ( ̈           )  

  

 
(          

         )                                                                    (8) 

   ̇   (                )  ∑ (  )            
 
    

                                                                                  (9) 

where    is the sprung mass,   is height of the center of 

sprung mass from the roll center,   stands for the roll angle of 

the sprung mass,    denotes the wheelbase of the vehicle. 

Furthermore,    ,    ,    , and     are the longitudinal and 

lateral forces applied to the front and rear tires, respectively. 

The lower scripts ( )  and ( )  particularize a variable at the 

front wheel and the rear wheel, respectively, e.g.      is the 

front wheel longitudinal force (Figure 1). The front steering 

angle    and the external yaw moment serve as the two 

controller inputs for the AGV to follow the desired trajectory. 

The suspension system related spring and damper force 

components can be expressed as follows: 

       (         
  

 
    )                                (10) 

       (         
  

 
    )                                (11) 

       (  ̇    ̇   
  

 
 ̇     )                             (12) 

       (  ̇    ̇   
  

 
 ̇     )                             (13) 

where   ,   ,   and    are the stiffness and damping 

coefficients of the suspension system, respectively (Figure 1). 

Moreover,     is the sprung mass displacement and    and 

     denote the unsprung masses of the left and right wheels, 

respectively. The front and rear lateral forces applied to the 

tire can be expressed as a function of wheel slip angles: 

        ( )                        ( )                             (14) 

    and   denote the generalized cornering stiffness of the 

front and rear tires as follows: 

                                                               (15) 

where     and     stand for the generalized normal cornering 

stiffness of the front and rear tires, respectively, in the 

condition that the tires operate in the linear region.     and 

    denote the additional nonlinear but bounded terms. The 

time dependent wheel slip angles can be described as: 

  ( )        (   
(      )

  
)     

   

  
  

  ( )        (
(      )

  
)  

   

  
  

                (16) 

In path-following problems, it is a logical assumption that the 

forward speed    remains constant and thereby (4)-(9) can be 

simplified into (17) by plugging in (14)-(16) as follows:  

{
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  )      )    (  (

   

  
  )))

  

(17) 

where   is the roll rate (i.e.    ̇). Since this study focuses on 

the path-following control considering the rollover prevention, 

it is assumed that the left and right-side road profiles are both 

zero, there is no slip between the tires and road surfaces, and 

vertical translations are unknown. 

The state-space equation of the system with states and output 

defined in (17) can be formulated as follows: 

 ̇    ( ( )  (   ))

   ( )
                                                           (18) 



This is a pre-print version accepted for publication by IEEE Transactions on Vehicular Technology  

 

 
 

where   [                        ]
 
and   [  ]

 
are the 

state and input vectors, respectively, and the functions   ( ) 
is the nonlinear but bounded function of the states and the 

inputs. The system dynamics in (18) is discretized in order to 

design a nonlinear predictive model for the trajectory-tracking 

problem. The discrete-time state-space representation of the 

system can be expressed as follows: 

 (   )   ( )      ( ( )  ( ))

 (   )   ( )
                              (19) 

where    denotes the sampling time and   is an index 

indicating the instantaneous discrete time step. 

 

 
Figure 1. Yaw-plane and roll-plane vehicle model of 7-DOF 

III. CONTROLLER DESIGN 

A. NONLINEAR MODEL PREDICTIVE CONTROL 

In this section, model predictive control with multiple 

constraints is developed in order to solve the AGV path-

tracking problem. The nonlinear model predictive controller 

(NMPC) is basically a type of a state-feedback controller 

wherein the input to the system is generated by solving an 

optimization problem. The major functionality of NMPC is to 

realize a control trajectory through an optimal input which 

minimizes a typical quadratic cost function  (     ) subject 

to multiple constraints of the states or the control inputs. In 

this manner, the future state values related to  ( ) are 

predicted using a nonlinear dynamic model  ̇( )  

  ( ( )  ( )). In single-input-single-output (SISO) control 

systems, the single state is pushed towards a constant set point 

or a time-varying trajectory by employing only a unique 

control input. In NMPC, the constraints on the multiple states 

add to the complexity of identifying the desired control signal. 

In an NMPC problem, the major equality constraint is 

typically the system model, and the inequality constraints are 

those related to the states, the output and the control input 

which is due to the actuator saturation limits. The states and 

the outputs are predicted over a predefined prediction 

horizon   , and the control inputs are generated over a 

predefined control horizon         . At each time step, 

only the initial portion of the generated control strategy is used 

by the system and a distinct optimization problem is 

considered over a shifted receding horizon. In this manner, the 

initial states for each time step are those of outputs in the 

receding horizon obtained from the plant. A finite-time 

receding horizon is employed to run the controller in a real-

time optimization way subject to hard multi-constraint on 

states or inputs. In this paper, the constraints are applied to the 

side-slip angle of the vehicle and the yaw rate to ensure the 

stability of the vehicle. Additionally, the constraint of the slip-

angle is to prevent the vehicle from getting close to the 

adhesion limits. The slip-angle strongly depends on road 

surfaces and different adhesion properties. Therefore the 

constraints applied to the slip-angle and yaw rate can be 

described as: 
                 
                 

                                                  (20) 

Tire-road adhesion property affects the vehicle acceleration 

which can be limited to a maximum of    where   is the 

tire/road friction coefficient and is the gravitational 

acceleration. Therefore, the absolute acceleration of the 

vehicle can be bounded as: 

√  ̇ 
    ̇ 

                                                           (21) 

Given the constant forward speed  ̇   , (21) can be 

simply expressed as: 

‖  ̇ ‖                                                                       (22) 

Furthermore, the actuators for the active chassis control in 

practical applications are electromechanical systems. 

Therefore, there are typically constraints on the controller 

inputs because the actuators are bounded to a certain range of 

operation. The steering angle and its variations are thereby 

bounded by: 
      

        
      

       
            

       
   

                    (23) 

where      defines the maximum allowable magnitude of 

the control input perturbation. 

        
2

0

1
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        (     )   (  (     ))   (  ((     )))                
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         (24-b) 

where   denotes the weighting matrix associated with the 

tracking error,   and   represent weighting matrices related to 
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the control effort and rollover prevention criteria,     ( ) is 

the reference trajectory vector,  ( ) is the control command 

and   ( ) is the incremental control command representing 

the energy needed to actuate the control effector. Furthermore, 

  is a slack variable and     is a term to penalize the vehicle 

cost function exceeding the constrained slip angle of the tire. 

The control objective at any incremental step of time is 

generated to achieve the desired path-trajectory while 

minimizing the rollover prevention criteria.  

A major impediment related to the implementation of 

NMPC for AGVs is the requirement to a precise and explicit 

model because the minimization problem at any iteration 

strongly depends on the availability of the states in future time 

steps. For such dynamical control systems, the values of the 

output signals depend on both the instantaneous values of its 

input signals and also on the past behavior of the system with 

a consideration given for the future behavior. In this paper a 

NARX assisted system identification is implemented to 

capture and estimate the dynamic response of the system in 

future time steps. The future control inputs in NMPC control 

schema will then be generated with reference to the NARX 

predicted response of the system over the prediction horizon. 

The control inputs of the AGV path-tracking problem are 

considered as white noise signals in order to excite the entire 

frequency range of the system dynamics and will be 

simultaneously considered as the inputs of the NARX neural 

network. The response of the system to those inputs is 

considered as the output vectors of the neural network. Since 

the system dynamics is effectively identified through NARX 

neural network, it is then possible to predict the future 

response of the system for any given input.  

 B. SYSTEM IDENTIFICATION 

 

A broad range of nonlinear and discrete-time systems can be 

described employing neural network systems as follows:  

   
  ∑    

 
                                      (25) 

where the states  
  
[  ( )   (   )    (   )   ( )   (   )    (   )   ( )   (  

 )    (   )]
 , as the states of the path-following of the AGV 

model in (19) are multiplied by the associated synaptic 

weights   [     (   )   (   )] in an element-wise 

manner where      . The total input to an individual unit   

by shifting time   is simply the weighted sum of the separate 

outputs from each of the connected units plus a bias term θjs.  

And the transfer function passes the net input of the above 

neuron through the following tangent-sigmoid function: 

 (  
 )  

       
 

       
                                                         (26) 

The augmented hidden layer units up to       { }, 
generates the multilayer perceptron neural network structure 

represented by:  

     (      (         (    (     
 )  

  
 )    

   )  
 )                                                      (27) 

The outputs of the perceptron in (27) will deliver the nonlinear 

AGV states which will be used by NMPC to control the 

system to follow the desired trajectory. It is also evident that 

the output of each neuron in first layer is transmitted into the 

subsequent layer neurons. It is worth to note that the addition 

of neuron layers, although of merits related to the accuracy, 

can add to the computational demand and instability primarily 

owing to the substantial data size of the AGV system. Hence, 

a single hidden layer was used in this study to also avoid the 

potential over-training setback. An error metric can be defined 

in terms of the total quadratic of error between the computed 

output and the desired output at the output units as follows. 

   
 

 
∑ (     

 )
 

                                                  (28) 

Where   and   
  represent the desired and actual states of 

the AGV, respectively. Gradient descent based optimization 

can be employed to minimize the quadratic based error 

function (28) in order to find the optimal weights  . The 

optimization problem can be thereby expressed as follows: 

        
   

    
                                                            (29) 

where   is the learning rate and (30) can be written using a 

chain rule: 
   

    
 

   

   
  

   
 

    
                                                        (30) 

By plugging (25) in (30): 
   

 

    
   

                                                                      (31) 

And by defining 
   

   
     

 
                                                                 (32) 

The gradient descent based updating rules can be thereby 

expressed on the error surface as follows.  

         
   

                                                          (33) 

However, a significant drawback related to such optimization 

is that the solution may converge to only a local minimum or 

to be trapped in a saddle point. Therefore, we propose the 

combined damped least-squares by interpolation of the above 

gradient descent and Gauss–Newton algorithm that fits well 

for the nonlinear least squares problems for solving the 

optimization problem related to the state-estimation of the 

nonlinear AGV system. Let us assume that  ( ) is a sum of 

squared function: 

 ( )  ∑   ( )
  

      ( ) ( )                                    (34) 

Then the jth element of the gradient would be 

[  ( )]  
  ( )

   
  ∑   ( )

   ( )

   

 
                                 (35)  

The gradient can therefore be written in matrix form: 

  ( )     ( ) ( )                                                         (36) 

where  ( ) is the Jacobian matrix, however, the Newtonian 

method is proportional to the second order gradient of the sum 

of square function, thus the Hessian matrix can be presented 

as: 

   ( )     ( ) ( )   ∑   ( ) 
   ( )

 
   ⏟            

     

 

   ( ) ( )                                                                         (37) 

where the higher order term is considered to be negligible and 

thus the cost function for multilayer network training is the 

mean squared error (28), (24) can be rewritten as following for 
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the O targets in the training set: 

 ( )  ∑ (     )
 (     )

 
    ∑ (  )

 (  )
 
    

∑   
  

                                                                                   (38) 

where do and so are the desired and predicted output using the 

neural representation. The arduous task in the damped least-

square optimization problem is to define the Jacobian matrix. 

For this purpose, the derivatives of the errors were computed 

instead of the derivatives of the squared errors in order to 

implement such computation in the neural model. 

 ( )  
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   ( )

   

   ( )

   

   ( )

   
 
   ( )

   ]
 
 
 
 
 
 
 

                        (39) 

Where the error and input vectors can be defined as following: 

  [         ] 

  [    ]
                                          (40) 

By plugging (40) in (39), the Jacobian matrix for the 

multilayer network learning is developed and by considering 

the backpropagation method as: 
  ( )

   
 
   

   

   
                                                             (41) 

For the elements of the Jacobian matrix that are needed for the 

damped least-square algorithm we need to calculate the terms 

such as 

[ ]    
   ( )

   
                                                             (42) 

And considering the variables n and layer m and using a chain 

rule, derivation of backpropagation is obtained where the 

right-hand term is the sensitivity: 
  

     
 

  

   
  

   
 

     
                                                    (43) 

The backpropagation process calculates the sensitivities by a 

recurrence relation for the sensitivity by using the chain rule in 

matrix form. 

  
  

  

   
  

  

   
  [ ]    

   ( )

   
 

  

   
  

   
 

     
   

  

   
 

     
                                                                             (44) 

During the backpropagation, the sensitivities can be computed 

through the same recurrence relations as the standard 

sensitivities [31]. 

Stability proof: 

It is realized that feasibility at one instance indicates 

feasibility at the next sampling and by attesting that the cost 

function is strictly decreasing, it can be concluded that the 

states and input will converge to the origin [32]. Therefore, the 

asymptotic stability is provided by employing the continuity 

and monotonicity of the cost function (24) at the origin. 

Considering the positive definite Lyapunov like function  ( ) 
such as (24), the stability of Lyapunov NMPC (LNMPC) is 

presented by assuming that there exists an input  (   ) which 

satisfies the input constraint for the states inside a given 

stability region and provides asymptotic stability of the 

system.  

Assumption 1 [32]: for a continuously differentiable 

Lyapunov function  ( ) (such as (24),        and    such 

that: 

  (‖ ‖)   ( )    (‖ ‖)
  ( )

  
  (   (   ))     (‖ ‖)

                                    (45) 

 

First, let us assume that the states estimated by neural 

network autoregressive with exogenous input according to 

(25) are denoted by: 

   ̂( )    
                                                                   (46) 

Therefore, the system in (18) is presented as: 

 

 ̂ ̇    ( ̂( )  ( ̂  ))                                                    (47) 

According to the definition of  ̂( ), the time derivative of 

the Lyapunov function  ( ) related to  ̂( ) for the system 

(18) is: 

 ̇ ( ̂( ))  
  ( ̂( ))

  
  ( ̂( )  (   ))                          (48) 

By simple subtraction and addition operation, (48) would 

be: 

 ̇ ( ̂( ))  

  ( ̂( ))

  
  ( ̂( )  ( ̂  ))  

  ( ̂( ))

  
  ( ̂(  )  ( ̂   ))  

  ( ̂( ))

  
  ( ̂(  )  ( ̂   ))                                                  (49) 

where   is the step size in the prediction horizon (  ) based 

on (24) and    is the time at the associated step increment. By 

recalling from (45), one can write: 

 ̇ ( ̂( ))     (‖ ̂(  )‖)  
  ( ̂( ))

  
  ( ̂( )  ( ̂   ))  

  ( ̂( ))

  
  ( ̂(  )  ( ̂   ))                                                  (50) 

Since  has no singularity and is locally Lipschitz vector 

function, one can obtain: 

 ‖
  ( ̂( ))

  
  ( ̂( )  ( ̂   ))  

  ( ̂( ))

  
  ( ̂(  )  ( ̂   ))‖   ‖ ̂( )   ̂(  )‖                (51) 

Therefore, 

 ̇ ( ̂( ))     (‖ ̂(  )‖)   ‖ ̂( )   ̂(  )‖               (52) 

Lemma 1 [32]. There can be found positive gains   and   to 

obtain a bound on the above time derivative of the Lyapunov 

function for         to satisfy: 

   (‖ ̂(  )‖)   ‖ ̂( )   ̂(  )‖                        (53) 

Therefore, the negative semi-definite  ̇ ( ̂( )) is obtained: 

 ̇ ( ̂( ))                                                               (54) 

Without the loss of generality, the asymptotic stability of 

the system is provided based on the LNMPC according to 

system identification according to neural network 

autoregressive with exogenous input. Figure 2 illustrates the 

architecture of the proposed controller for autonomous 

vehicle. 
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Figure 2. Architecture of the proposed controller for autonomous vehicle 

IV. RESULTS AND DISCUSSION 

 The effectiveness of the proposed control method is 

evaluated considering simulation scenario involving a double 

lane change (DLC) (Fig. 3). The DLC maneuver accounts for 

an emergency maneuver condition and invariably determines 

the rapidness and capacity of a vehicle for the performance 

criteria related to the lateral dynamics, during which a variety 

of understeering, oversteering and rollover conditions can 

occur [33]. The simulation scheme involving CarSim and 

MATLAB/Simulink co-simulations is shown in Fig. 3. The 

simulation parameters are summarized in Table 1. The 

simulations are performed considering the road adhesion 

coefficient and different constant forward velocities (    =10, 

20 and 30 m/s). Furthermore, the study is extended to evaluate 

the performance of the proposed controller with respect 

to uncertainties and disturbance. The external disturbance can 

be attributed to the wind force, sloped road, wind gust or any 

external disturbance source which is not predicted in the 

model which can potentially affect the overall performance of 

the autonomous vehicle to perform a desirable path-following. 

To this end, a lateral force with magnitude of 1500 N is 

applied to the system a mismatched disturbance source using a 

pulse signal of width 0.1s at 2.5s. Additionally, the matched 

uncertainties/disturbances related to the vehicle parameters of 

the model including   and    (           ( )        

             ( ) ). Similarly, the uncertainties of the tire lateral 

stiffness are included at  20% of the nominal values such that 

(              ( )       ) to account for different levels 

of tire force-deflection properties. In order to realize the effect 

of vertical mode of motion on roll variations and thereby on 

the vehicle path-tracking performance, power spectral density 

(PSD) of road excitation for an average road class D based on 

ISO-8608 standard is employed in this study. In this paper, a 

common index is also employed for the effectiveness of the 

proposed controller and as an index to quantify vehicle 

rollover inclination which is known as lateral transfer ratio 

(LTR): 

     
   (         )    (         )

   (         )    (         )
                                 (55) 

As it can be seen, LTR index employs left and right vertical 

tire forces if being subject to wheel-hop. The LTR magnitude 

varies between 0 and 1, where 1 refer to either the right or the 

left vehicle tire losing contact with the ground, respectively. 

An LTR value of 0 corresponds to equal vertical forces on 

both sides of the vehicle (no roll motion) and is desired. So the 

effort is to decrease LTR magnitude toward zero to provide a 

better path-following performance because increased roll 

motion decreases the lateral stability. The RMS and maximum 

lateral offset together with the heading error as well as the 

LTR are taken as the performance metrics for evaluating the 

proposed controller. In order to compare the effectiveness of 

the proposed controller, a classical NMPC method without 

system identification is also employed and results are 

compared with those obtained with the proposed controller to 

further examine the relative effectiveness of the proposed 

method. The simulation results are further compared with 

those of an active disturbance rejection control (ADRC) 

method, reported in [34]. For the simulation of NMPC model, 

the parameters of   ,  ,   ,    ,   are considered at 20, 10, 

0.05,     , and 1000, respectively. The NMPC method 

difference with the proposed controller is in terms of absence 

of any system identification approach to provide an accurate 

estimation of the nonlinear vehicle system response during the 

prediction horizon for any iteration increment. The effect of 

system identification using the approach described in part B of 

Section III and the absence of such knowledge for path-

tracking performance of AGV are represented by the proposed 

controller and NMPC methods, respectively. For the NN 

system identification, a single hidden layer with 10 neurons in 

the hidden layer was employed and the initial weights were 

adopted randomly in order to predict the system states over the 

prediction horizon. The obtained results in terms of the global 

lateral position of the AGV related to the desired path, NMPC 

control agenda and the proposed controller are presented in 

Figure 4. It is evident that the proposed controller holds the 

capacity to generate the desired control signal to follow the 

reference DLC path with only marginal lateral offset, 

particularly when compared to NMPC algorithm. The 

availability of the accurate states related to the nonlinear 

model of the vehicle contributes to the optimal control signal 

generation over the control horizon in a swiftly manner. The 

lack of such knowledge can lead to the impediment of a phase 

lag in the generated control signal and thereby a remarkable 

lateral offset in path-tracking performance of AGV (Fig. 4). 

Based on the obtained results, the maximum lateral offset 

related to the proposed control method and classical NMPC 

are 0.0122 m and 0.1954 m, respectively. Although the 

performance of NMPC is considerably improved when 

compared to other methods [34], the unavailability of the 

nonlinear vehicle model states serves as a substantial barrier to 

regulate the lateral offset of the AGV when employing NMPC 

method. The proposed controller has reasonably improved the 

performance owing to a well-trained neural network 

autoregressive with exogenous input model (Fig. 5). During 

the three phases of training, validation and test of the 

employed NN method, the augmented matrix related to the 

vehicle states has been trained with a reasonably high 

coefficient of determination above 0.98, 0.99 and 0.95, 

respectively. Such accuracy in NN predicted states contributes 

to the prediction of the vehicle states over the prediction 

horizon and thereby the reduced vehicle lateral offset term. 

Furthermore, the minimal training error is achieved very 

swiftly during 98 epochs with mean square error (MSE) 

magnitude of           which is indicative of the 
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efficiency of the proposed algorithm in terms of the 

computational demands (Fig. 6). The performance of the 

proposed controller is further verified by the results reported 

in the literature related to ADRC and LQRT methods [34] in 

Table 2 which is suggestive of the superior performance of the 

proposed controller in terms of the RMS and maximum 

magnitudes of the lateral offset and AGV heading angle 

errors.For the DLC maneuver, the vehicle is aimed to not only 

follow the desired path, but also to minimize the magnitude of 

roll angle variation by employing the front steering wheel as 

the single control input. Figure 7 demonstrates the variations 

in the roll angle which is a contributory factor for the 

occurrence of vehicle rollover. It is evident that the proposed 

controller provides a small bounded variation in the vehicle 

roll angle is achieved when compared to NMPC method which 

can contribute to the yaw stabilization of the vehicle during 

the lane changes. Figure 8 demonstrates the capacity of the 

proposed controller to generate smooth bounded LTR 

variations during the DLC maneuver wherein the classical 

NMPC method suffers from abrupt and high-frequency 

variations in the LTR magnitude which can lead to the limited 

vehicle stability during critical maneuvers. Both of the LTR 

magnitudes lie within the permitted range between 0 and 1 

where the lower bound stands for no load transfer and the 

upper bound signifies that the vehicle has reached the rollover 

threshold. The RMS magnitude related to the proposed 

controller is achieved at 0.2190 which is a reasonably smooth 

and bounded magnitude. It is also evident that the classical 

NMPC during the entire range of vehicle motion has not 

reached a lower magnitude than the proposed control 

algorithm. Figure 9 represents the variations in heading angle 

and the control input of AGV during the DLC maneuver. It 

can be seen that there is a time delay between the proposed 

controller and that of classical NMPC method in terms of the 

heading angle and the front-wheel steering angle input. Owing 

to the direct relationship between the lateral offset and the 

vehicle heading error, it can be inferred that such a delay in 

control input generation is a substantial factor for the inferior 

performance of the classical NMPC method compared to the 

NN-based system identification assisted NMPC method. 

Neither the controller input nor the states have violated from 

the constraints introduced in (24) although the optimal control 

signals are generated when NN system identification is 

coupled to the system (Fig. 9). The generated front-wheel 

steering angle contributes to the steady-state as well as the 

transient response of lateral-offset (Fig. 4) which is of great 

importance for vehicles in critical maneuvers such as lane 

changing or collision avoidance and thereby the improved 

vehicle security. The vehicle yaw-rate and roll-rate variations 

during DLC maneuver are plotted in Fig. 10 which are also 

compatible with the discussions provided for the swift signal 

generation of the proposed controller for the yaw motion and 

small bounded magnitude of the roll motion, respectively. 

Similarly, the lateral and yaw accelerations of AGV during 

DLC maneuver presented in Figure 11 are suggestive of the 

substantially large magnitude of these vehicle states at the 

onset of motion. On this basis, the maximum lateral 

acceleration of the vehicle at the onset of motion which 

directly affect the vehicle transient performance are achieved 

at 0.8746 and 0.5589 m/s
2
 for the NMPC and the proposed 

control algorithms, respectively. This is indicative of almost 

56% higher lateral acceleration applied to the vehicle at the 

onset of the motion which can decrease from the system 

stability and the transient performance. In another term, there 

is almost 470 N of difference between the load applied to the 

vehicle by proposed and the benchmark control algorithms 

which can significantly increase the performance of the 

proposed method. Finally, the simulation results related to the 

vehicle speed at low rate (10 m/s), average speed (20 m/s) and 

high-speed (30 m/s) are presented in Table 3 in terms of the 

RMS and maximum magnitudes of lateral offset, LTR and 

heading angle error. It can be inferred that although the 

uncertainty related to the vehicle speed can be perturbed at a 

considerable range, the vehicle has the capacity to perform a 

reasonable path-tracking task by employing the proposed 

control framework. Finally, Table 4 confirms the effectiveness 

of the propose controller for stabilizing the tracking error 

characteristics against NMPC subject to parametric 

uncertainty and disturbance.   

 
Table I. Simulation Parameters [34] 

Parameter (Unit) Value 

m, kg 1480 

  , kgm2 2350 

  , m 1.05 

  , m 1.63 

   , N/rad 67500 

     N/rad 74500 

 

Table II. Comparison of RMS and maximum values for tracking errors 

related to ADRC and LQRT [34], and the proposed controller. 

Performance Metric ADRC LQT Proposed method 

rms lateral offset (m) 0.2207 1.1049 0.0122 

maximum lateral offset (m) 0.5592 1.7757 0.0307 

rms    (rad) 0.0178 0.0592 0.0025 

maximum    (rad) 0.0363 0.1456 0.0031 

rms LTR NA NA 0.2190 

Maximum LTR NA NA 0.2242 

 
Table III. Comparison of RMS and maximum values for tracking errors at 

different longitudinal speeds 

Performance Metric 10 m/s 20 m/s  30 m/s 

rms lateral offset (m) 0.0122 0.0985 0.1132 

maximum lateral offset (m) 0.0307 0.1281 0.1469 

rms    (rad) 0.0025 0.0028 0.0030 

maximum    (rad) 0.0031 0.0033 0.0037 

rms LTR 0.2190 0.2217 0.2236 

maximum LTR 0.2242 0.2289 0.2301 

 
Table IV. The tracking error characteristics of proposed controller against 

NMPC subject to parametric uncertainty and disturbance 

Controller type Proposed Method NMPC 

rms lateral offset (m) 0.0122 0.0687 

maximum lateral offset (m) 0.0307 0.0939 

rms    (rad) 0.0025 0.0107 

maximum    (rad) 0.0031 0.0133 

rms LTR 0.2190 0.2203 

maximum LTR 0.2242 0.2268 
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Figure 3. Pictorial diagram of the high-fidelity CarSim-Matlab platform for 

autonomous path-tracking control 

 
Figure 4. Global lateral position tracking performance of the proposed 

controller compared to NMPC following the desired DLC path 

 

 
Figure 5. Performance of neural network autoregressive with exogenous 

input predicted states in the system identification stage of the proposed control 

method during the three phases of training, validation and test 

 
Figure 6. Performance of developed NN model versus the epochs in terms 

of the MSE of vehicle states 

 
a) 

 
b) 

Figure 7. Variations in a) vehicle roll angle and b) vehicle sideslip angle 

during the DLC maneuver at      
 

 
 

 
Figure 8. Changes in LTR magnitude of AGV during the DLC maneuver at 

     
 

 
 

 
Figure 9. Changes in heading angle and control input (front-wheel steering 

angle) of AGV during the DLC maneuver at      
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Figure 10. Yaw-rate and roll-rate of AGV during the DLC maneuver 

 

 
Figure 11. Lateral acceleration and yaw acceleration of AGV during the 

DLC maneuver at      
 

 
 

V. CONCLUSIONS  

The path-following problem of autonomous vehicles is still a 

dynamic field of studying due to the system hard 

nonlinearities, disturbances, modeled and unstructured 

uncertainties, input saturation, etc., affecting the stability of 

the vehicle performance. In this paper, design of a path-

tracking controller for autonomous ground vehicles (AGVs) 

by employing a multi-constraint nonlinear predictive control 

(NMPC) schema was discussed. First, the transient 

performance of AGVs was aimed to be improved by 

incorporating a rollover prevention framework. The path-

tracking problem was transformed into the yaw stabilization 

issue, and a feedback control law with saturation is developed 

to decrease the steady-state errors. Furthermore, the yaw-rate 

signal is generated for the desired path tracking task. The 

major contributions of the current paper are 1) developing a 

neural network autoregressive with exogenous input system to 

assist in obtaining an accurate and explicit model in order to 

contribute to the control of the system over the prediction 

horizon; 2) describing a Frenet-Serret differential geometry 

based path-following agenda and developing AGV dynamic 

model by incorporating the vehicle vertical mode of motion to 

prevent vehicle rollover during critical maneuvers, and 3) 

Achieving the yaw stabilization and enhance the transient 

tracking performance considering the input saturation by 

employing the proposed system identification algorithm. 

Comparative simulations by using the high-fidelity 

Matlab/Simulink–CarSim for different operating conditions 

confirmed that the proposed controller is outperforming the 

other control methods by an effective path-following 

performance.  
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