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Abstract 

The main challenge of the well-celebrated Levenberg-Marquardt algorithm (LMA) is the selection of the searching direction and 

adaptation parameters. Secondly, the implementation of the LMA for online model identification has faced challenges as it is a 

batch optimization. As a third challenge, the solution of the Levenberg-Marquardt based on the full-Newton nonlinear 

optimization (FNNO) for online applications have been limited due to its unguaranteed positive definiteness. This paper presents 

two versions of the modified Levenberg-Marquardt algorithm (MLMA) for neural network model identification and adaptive 

predictive control for the online dynamic model identification and adaptive control of a self-balancing two-wheel LEGO 

Mindstorms NXTway-GS robot. The first version is the online-window-approach of the modified Levenberg-Marquardt 

algorithm (OWA-MLMA) based on approximate Guass-Newton algorithm (AGNA) for training neural network model predictor. 

The second version is a neural network-based adaptive predictive control (APC) algorithm based on the full-Newton nonlinear 

optimization of the modified Levenberg-Marquardt algorithm (FNNO-MLMA) for online adaptive control. A NNARMAX 

model predictor for the NXT robot is first trained and validated using the OWA-MLMA based on AGNA. The validated 

NNRAMAX model is then used for the design of the NN-APC based on FNNO-MLMA. Finally, the model identification based 

on OWA-MLMA and APC based on FNNO-MLMA schemes are simulated in closed-loop for online NNARMAX model 

identification and adaptive predictive control of the NXT robot. The comparison of the proposed OWA-MLMA based on AGNA 

shows superior performance over the recursive incremental back-propagation algorithm (INCBPA) while the proposed NN-APC 

based on FNNO-MLMA shows excellent control and good tracking performances over a discrete-time fixed-parameter 

proportional-integral-derivative (PID) controller for the NXT robot control. The simulation results show that the developed 

OWA-MLMA based on AGNA and the APC based on FNNO-MLMA can be adapted for the online dynamic modeling, 

automation, control and robotics applications. 
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1. Introduction 

The term robot means different things to different people. 

Science fiction books and movies have strongly influenced 

what many people expect a robot to be or what it can do. Sadly 

the practice of robotics is far behind this popular conception 

[1]. Basically, the design, implementation and control of any 

class or type of robots present a challenge to the designer [1-3]. 

In particular, the design of two-wheeled robot control system 

represents a challenge to the designer [2]. The robot motion in 

horizontal and vertical planes is described by a nonlinear 

model whose derivation may be a difficult task [1-3]. The 

linearization of this model leads to unstable non-minimum 

phase plant which should be stabilized in the presence of 

parameter variations, noises, and disturbances [2, 4-6]. 

During the last few years a growing interest was observed 

in using laboratory devices in control education. Among dif-

ferent designs robotic and oscillatory devices have become 

most popular [1-3, 7]. New practical problems such as the 

control of networks and cyber-physical systems demand both 

for new theory and for new design and education means. 

Fortunately, the developments of computer technologies lead 

to creation of convenient computation and communication 

environments, supporting design and education. 

One of the recent milestones on this way is LEGO Mind-

storms NXT [7-10]. The LEGO Mindstorms NXT 

two-wheeled self-balancing robot (simply referred to in this 

study as NXT robot) has become a standard robot for devel-

oping several classes of humanoid robot [1-3, 7-10]. 

LEGO Mindstorms NXT Robot and Oscillators have been 

used to demonstrate the concept of adaptive control in edu-

cation [7-10]. Autonomous Mobile Robot has been imple-

mented using LEGO EV3 integrated with Raspberry Pi which 

uses android-based vision control algorithms for hu-

man-machine interaction [11]. Different variations and ver-

sions of adaptive control has been applied for the study and 

modeling of the LEGO Mindstorms NXT two-wheeled 

self-balancing robot based purely on linear models of the 

NXT robot as well as their implementation for different 

demonstrations and applications [2, 12, 13]. However, there is 

a strong differences between adaptive control based on model 

reference adaptive control (MRAC) and model predictive 

control (MPC) [14-16]. Rather than the MRAC, the MPC 

strategy is adopted in this work. 

Model predictive control (MPC) is a class of advanced 

control algorithms that utilize an explicit process model to 

predict the future response of the process and have been 

proven to be very successful in many industrial applications 

[16-22]. 

The design and implementation of online modeling and 

control algorithms for any class or type of robots with rela-

tively short sampling time presents several challenges [1-3]. 

Rather than using linear model of the NXT robot, nonlinear 

modeling approach based on neural network is proposed in 

this work [17]. In fact, the algorithms obtained by MPC de-

sign techniques which are based on a linear mathematical 

model of the controlled process are not very efficient because 

these methods cannot guarantee stable control of the system 

outside the range of the model validity [17-22]. 

The present study focuses on the development of a neural 

network-based nonlinear modeling technique and a neural 

network-based nonlinear model adaptive predictive control 

approach for the online model identification and adaptive 

predictive control of the NXT robot. 

The paper proposes an iterative technique for updating the 

Levenberg-Marquardt parameter which is a difficulty task for 

adapting and updating the NN parameters which are the 

weights and biases of the network. 

The main challenge of the well-celebrated Leven-

berg-Marquardt algorithm (LMA) is the selection of the 

searching direction and adaptation parameters. Secondly, the 

implementation of the LMA for online model identification 

has faced challenges as it is a batch optimization. As a third 

challenge, the solution of the Levenberg-Marquardt based on 

the full-Newton nonlinear optimization (FNNO) for online 

applications have been limited due to its unguaranteed posi-

tive definiteness. Thus, by creating a continuously updated 

sliding stack window, the paper proposes an online imple-

mentation of the Levenberg-Marquardt algorithm. We refer to 

the proposed NN training algorithm as the 

online-window-approach based on modified Leven-

berg-Marquardt algorithm (OWA-MLMA) for training the 

NN model predictor. 

The use of nonlinear NN model for nonlinear MPC has also 

been reported where the NN model is identified off-line and 

employed for online-line nonlinear MPC design based on the 

full-Newton method [23, 24]. The well-known problem with 

the full-Newton method is that the second-order Hessian 

matrix is not guaranteed to be positive definite in an open 

neighbourhood of a global minimum among other issues 

which have made this method unsuitable for online nonlinear 

adaptive model predictive control applications. This issue still 

remains open under current research and depends also on the 

accuracy of the online nonlinear model identification of the 

process [16, 18, 19]. 

This paper adopts the nonlinear adaptive model predictive 

control strategy which uses a nonlinear NN model for the 

controller design [16, 17]. The proposed control strategy is an 

online nonlinear optimization based on the full-Newton 

method using the modified Levenberg-Marquardt algorithm 

(MLMA) [15-17]. The proposed nonlinear adaptive predictive 

control (NAPC) scheme incorporates an iterative scheme for 

guaranteed positive definiteness of Hessian matrix and then 

applies another iterative technique to adjust and update the 

Levenberg-Marquardt parameter. 

The paper is structured as follows. The development of the 

http://www.sciencepg.com/journal/acis


Automation, Control and Intelligent Systems http://www.sciencepg.com/journal/acis 

 

88 

mathematical model, formulation of the control problem and 

the design of the desired reference trajectory for the NXT 

Robot is presented in Section 2. The neural network-based 

online-window-approach of the modified Leven-

berg-Marquardt algorithm (OWA-MLMA) based on ap-

proximate Gauss-Newton algorithm (AGNA) for training 

neural network for nonlinear model identification is formu-

lated in Section 3. The summary of the incremental 

back-propagation algorithm (INCBPA) is also given in this 

Section. Then, Section 4 presents the complete formulation of 

the nonlinear adaptive predictive control (NAPC) algorithm 

based on MLMA using the full-Newton nonlinear optimiza-

tion (FNNO-MLMA) and a PID control law for the NXT 

robot control. In Section 5, the off-line closed-loop imple-

mentation of the OWA-MLMA for NNARMAX model iden-

tification of the NXT robot is first presented with simulation 

results. Secondly, the identified NNARMAX model is then 

used to design the NAPC and PID controller for performance 

comparison. Lastly, the online closed-loop implementation of 

the OWA-MLMA and NAPC based on FNNO-MLMA and 

the simulation results are discussed and presented in this 

Section. Section 6 concludes the paper and highlights its 

major contributions and directions for further work. 

 
Figure 1. Self-balancing two-wheeled LEGO Mindstorms 

NXTway-GS. 

2. Development of the Mathematical 

Model, Formulation of the Control 

Problem, and the Design of the Desired 

Reference Trajectory for the NXT 

Robot 

2.1. Mathematical Modeling of the NXT Robot 

as a Two-Wheel Inverted Pendulum 

The two-wheeled NXT robot as an inverted pendulum 

shown in Figure 1 can be considered as a two-wheel inverted 

pendulum model as shown in Figure 2. The side and plane 

views of the two-wheel inverted pendulum model is shown in 

Figure 3. The coordinate system of Figure 3 can be used to 

formulate and derive the equations of motion for the 

two-wheel inverted pendulum as discussed in the next 

sub-section. Note that in Figure 3,   is the body pitch angle, 

,l r  is the wheel angle (where l and r indicates left and right 

angles), and 
,ml r

  is the DC motor angle. The physical pa-

rameters of the NXT robot are defined in Table 1. 

 
Figure 2. The schematic of the two-wheeled inverted pendulum 

robot. 

 

 
Figure 3. (a) Side view and (b) the plane view of the two-wheeled 

inverted pendulum. 
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2.1.1. Equations of Motion for the Two-Wheel 

Inverted Pendulum 

We can now derive the equations of motion for the 

two-wheel inverted pendulum by the Lagrangian method 

based on the coordinate system in Figure 3. If the direction of 

the two-wheel inverted pendulum is x-axis positive direction 

at t = 0, each coordinates are given as the following [2, 25]: 

     
1

,
2

t r r t

R

W
     

 
   
 

          (1) 

   
   

, , , ,

, sin

m m m m m

m m

x y z x dt y dt R

x y R cos R   







 
          (2) 

 , , sin , cos ,
2 2

t t t m m m

W W
x y z x y z 

 
   
 

      (3) 

Table 1. Physical parameters, numerical values and units for the 

self-balancing two-wheeled NXT robot. 

S/N Physical Parameters Values Units 

1 Gravitational acceleration (g) 9.810 m.sec-2 

2 Wheel weight (m) 0.030 kg 

3 Wheel radius (R) 0.040 m 

4 Wheel inertia moment (JW) mR2/2 kg.m2 

5 Body weight (M) 0.600 kg 

6 Body width (W) 0.140 m 

7 Body depth (D) 0.040 m 

8 Body height (H) 0.144 m 

9 
Distance of the centre of mass 

from the wheel axle (L) 
H/2 m 

10 Body pitch inertia moment (Jψ) ML2/3 kg.m2 

11 Body yaw inertia moment (Jϕ) 
M (W2 + 

D2)/12 
kg.m2 

12 DC motor inertia moment (Jm) 1 x 10-5 kg.m2 

13 DC motor resistance (Rm) 6.690 Ω 

14 
DC motor back EMF constant 

(Kb) 
0.468 

V.sec.rad
-1 

15 DC motor torque constant (Kt) 0.317 Mn.A-1 

16 Gear ratio (n) 1.000 - 

17 
Friction coefficient between body 

and DC motor (fm) 
0.002 - 

18 
Friction coefficient between 

wheel and floor (fW) 
0.000 - 

 , , sin , cos ,
2 2

r r r m m m

W W
x y z x y z 

 
   
 

    (4) 

 

sin cos ,

, , sin sin ,

cos

m

b b b m

m

x L

x y z y L

z L

 

 



 
 

  
  

           (5) 

The translational kinetic energy T1, the rotational kinetic 

energy T2 and the potential energy U are given respectively 

by: 

   

 

2 2 2 2 2 2
1

2 2 2

1 1

2 2

1

2

l l l r r r

b b b

T m x y z m x y z

m x y z


      


  


    (6) 

   

2 2 2 2
2

2 22 2

1 1 1 1

2 2 2 2

1 1

2 2

w l w r

m l m r

T J J J J

n J n J

    

   


    


   


    (7) 

l r bU mgz mgz mgz              (8) 

The fifth and sixth terms in T2 are rotational kinetic energy 

of an armature in left and right DC motor. The Lagrangian (L) 

has the following expression: 

1 2L T T U                   (9) 

where the generalized coordinates are defined with θ = av-

erage angle of left and right wheel, ψ = body pitch angle, and 

ϕ = body yaw angle. 

The Lagrangian equations are the following: 

d L L
F

dt




  
  
 

             (10) 

d L L
F

dt


 

  
  

  
              (11) 

d L L
F

dt




  
  
 

              (12) 

Evaluation of (10)-(12) gives the following set of equa-

tions: 

 

 

2 2

2 2

2 2 2

cos 2 sin

w m

m

F m M R J n J

MLR n J MLR

 

   
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  


   



   (13) 
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 

 

2

2 2

2 2

cos 2

2
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m

m

F MLR n J
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        (14) 

 
2

2 2

2

2 2

2

1

2 2

sin

2 sin cos

w m

W
mW J J n J

F R

ML

ML


 



  

 
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       (15) 

In consideration of DC motor torque and viscous friction, 

the generalized forces are given as the following equations: 

   1 2, , , ,
2

r l

W
F F F F F F F F

R
   

 
   
 

      (16) 

where 

 l t l m l w lF nK i f f                 (17) 

 r t r m r w rF nK i f f                 (18) 

   t l t r m l m rF nK i nK i f f               (19) 

and il,r is the DC motor current. 

It should be noted that we cannot use the DC motor current 

directly in order to control the motor because it is based on 

PWM (voltage) control. Therefore, we need to evaluate the 

relation between current il,r and voltage vl,r using DC motor 

equations. If the friction inside the motor is negligible, the DC 

motor equation is generally as follows: 

 , , , ,m i r i r b i r m i rL i v K R i               (20) 

Here we consider that the motor inductance is negligible 

and is approximated as zero. Therefore, the current becomes 

 , ,

,

i r b i r

i r
m

v K
i

R

  
                (21) 

From (21), the generalized force can be expressed using the 

motor voltage as follows: 

   2 2l r wF v v f                  (22) 

  2 2l rF v v                    (23) 

   
2

22 2
r l w

W W
F v v f

R R
                  (24) 

where 

t

m

nK

R
  and

t b
m

m

nK K
f

R
               (25) 

2.1.2. State Equations for the Two-Wheel Inverted 

Pendulum 

We can now derive the state equations based on modern 

control theory by linearizing the equations of motion at a 

balance point of the robot based on the Taylor’s series [2-6]. It 

means that we consider the limit 

0(sin , cos 1)       and neglect the second-order 

term like 2 . The motion equations (13-15) are approxi-

mated according to the following equations respectively: 

 

 

2 2

2

2 2 2

2

w m

m

F m M R J n J

MLR n J

 



    
  


  



      (26) 
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       (28) 

Note that both (26) and (27) have θ and ψ, whereas (28) has 

ϕ only. These equations can be expressed in the following 

forms: 

l
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v
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where 

  2 2 2

2 2 2

2 2 2 2

2 2

w m m

m m

m M R J n J MLR n J
E

MLR n J ML J n J

    
 

    

 

0 0
2 , ,

0

wf
F G H

MgL

   

   

      
       

        
 

and 

http://www.sciencepg.com/journal/acis


Automation, Control and Intelligent Systems http://www.sciencepg.com/journal/acis 

 

91 

 

 
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,

1
,
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,
22
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    (30) 

Here we consider the variables x1, x2 as state variables and 

u as the input defined respectively by the following expres-

sions: 

1 2x , , , , x , , u ,
T T T

l rv v                
  (31) 

Consequently, we can derive state equations for the 

two-wheeled inverted pendulum robotic system from (29) and 

(30) as follows: 

1 1 1 1x x uA B                (32) 

2 2 2 2x x uA B               (33) 
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A f E E E

A f E E E

A E E E

A E E E

B E

 

 







 



     

    

 

  

  

 1

(1,2) / det( )

(4) (1,1) (1,2) / det( )

E E

B E E E














   

 (36) 

with 

2det( ) (1,1) (2,2) (1,2)E E E E   

2.2. Control Problem Formulation for the 

Self-Balancing Two-Wheel NXT Robot as 

an Inverted Pendulum 

The characteristics of the self-balancing two-wheel NXT 

robot as a control system are described as follows. 

2.2.1. Inputs and Outputs 

The input to the actuator is PWM duty of the left and right 

DC motor even though input u in (31) is voltage. The outputs 

from sensors are the DC motor angle ,l rm  and the body pitch 

angular velocity  . It is easy to evaluate   and   by 

using ,l rm . There are two methods to evaluate   by using 

 , namely: 1). Derive   by integrating the angular speed 

numerically and 2). Estimate   by using an observer based 

on modern control theory. In this study, we use the second 

method in the following for the controller design chiefly be-

cause of easy stability establishment. 

2.2.2. Stability of the NXTway-GS Robot 

It is easy to understand that NXT robot balancing position 

is not stable. We have to move NXT robot in the same direc-

tion of body pitch angle to keep balancing. Modern control 

theory gives many techniques to stabilize an unstable system. 

Equation (29) is a similar equation as mass-spring-damper 

system. Figure 4 shows an equivalent system of two-wheeled 

inverted pendulum interpreted as mass-spring-damper system. 

We find out that we can make the two-wheeled inverted 

pendulum stable by adjusting spring constants and damper 

friction constants in Figure 4. The Simulink model of the 

self-balancing two-wheel NXT robot is shown in Figure 5. 

 
Figure 4. Equivalent mass-spring-damper system for one side of the 

two-wheeled inverted pendulum of the NXT robot. 
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Figure 5. Simulink model of the self-balancing two-wheel NXT robot. 

2.2.3. Simulation of the MATLAB/Simulink Model 

of the NXT Robot for Data Generation 

The NXT robot uses the model reference feature as the 

controller and plant parts that have different Simulink model 

files. This modeling approach allows a parallel development 

process for controller design and physical plant design. Sim-

ulink buses and bus objects are used to keep the interface 

between the controller model and plant model. The 

MATLAB/Simulink, from the MathWorks [26], is used to 

program, model and simulate the mathematical model of the 

self-balancing two-wheel NXT robot. The data generated 

from the simulation MATLAB/Simulink model of the 

self-balancing two-wheel NXT robot are shown in Figure 6(a) 

and 6(b) for 250,000 data samples. The inputs to the NXT 

robot are the voltages to the Left and Right wheels of the 

self-balancing two-wheel NXT robot a shown in Figure 6(a) 

and 6(b) respectively. The outputs of the NXT robot are the 

angles of rotation of the Left and Right wheels of the 

self-balancing two-wheel NXT robot as shown in Figure 7(a) 

and 7(b) respectively. 

 
Figure 6. The NXT robot motor input voltage (V): (a) Left wheel motor and (b) Right wheel motor. 
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Figure 7. The NXT robot output wheel rotation in degrees (°): (a) Left wheel rotation and (b) Right wheel rotation. 

2.3. Desired NXT Robot Trajectory Design 

2.3.1. Operation of the Robot Based on the 

Controlled Variable Based on the 

Manipulated Variables 

The typical operation of the robot based on each of the 

controlled variables (i.e., the angle of rotation of the right and 

left wheels as the outputs) of the NXT Robot based on the 

manipulated variables (i.e., the input voltages to left and right 

wheels as the inputs) are described as follows: 

1) For the robot to achieve forward movement, right and 

left wheel motor voltages should be kept high (i.e., +5 

V). The robot wheel angle of rotation should be main-

tained at 90°. 

2) To achieve a backward movement of the robot, both the 

right and left wheel motor voltages should be reversed 

(i.e., -5 V). The robot wheel angle of rotation should be 

maintained at 90°. 

3) For the robot to turn to the right direction, the right 

wheel motor voltage should be stationary at logic low 

(i.e., stationary at 0 V) while the left wheel motor volt-

age should be maintained at logic high (i.e., +5 V). This 

will keep the robot left wheel moving while the robot 

turns right until the desired angle of rotation is achieved 

(i.e., from 90° to 180°, 270°, 360° and possibly back to 

90° as the case may be). 

4) For the robot to turn to the left direction, the left wheel 

motor voltage should be stationary at logic low (i.e., 

stationary at 0 V) while the right wheel motor voltage 

should be maintained at logic high (i.e., +5 V). This will 

keep the robot right wheel moving while the robot turns 

left until the desired angle of rotation is achieved (i.e., 

from 90° to -180°, -270°, -360° and possibly back to 90° 

as the case may be). 

2.3.2. Design of the Desired Reference Trajectory for 

the Robot Based on the Controlled Variables 

(CV) and the Manipulated Variables (MV) 

The NXT-robot wheels have several features for achieving 

its movement, manipulative and functional characteristics. In 

the following discussion stationary is logic 0 (i.e. 0 V), logic 

low is -5 V and logic high is +5 V. Each sampling instant is 20 

seconds which corresponds to to the sampling time of the 

robot as arbitrarily considered in this work. 

At the first sampling instant both the left wheel and the 

right wheel of the NXT robot are stationary for a period of 20 

seconds. 

At second sampling instant, the left wheel and the right 

wheel are both at logic high and the NXT robot moves for-

ward. 

At the third sampling instant, the left wheel is at logic high 

while the right wheel is at logic low, then the NXT robot turns 

to the right wing. 

At the fourth sampling instant, the left wheel is stationary 

and the right wheel is at logic high, the NXT robot is turning 

to the left wing. 

At the fifth sampling instant, the left wheel is at logic low, 

while the right is also at logic low, the NXT robot moves 

backward. 

At the sixth sampling instant, the left wheel is stationary 

while the right wheel is at logic high, then the NXT robot 

turns to the left wing. 

At the seventh sampling instant, the left wheel is at logic 

high, while the right wheel is stationary, then theNXT robot 

then rotates to the right wing. 
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At the eighth sampling instant, both the wheels are at logic 

high; this makes the NXT robot to move forward again. 

At the ninth sampling instant, the left wheel is stationary 

while the right wheel is at logic high, then the NXT robot 

rotates to the left. 

At the tenth sampling instant, the left wheel is at logic high 

while the right wheel is stationary, and this forces the NXT 

robot to rotate to the right wing. 

At the eleventh sampling instant, the left wheel is at logic 

low, while the right wheel is also at logic low, then the NXT 

robot movement is reversed and the robot moves backward. 

At the twelfth sampling instant, the left wheel is at logic 

high, while the right wheel is stationary, then the NXT-robot 

rotates to the right wing. 

At the thirteenth sampling instant, the left wheel is sta-

tionary, while the right wheel is at logic high, this makes the 

NXT robot to rotate to the left. 

Finally, at the fourteenth sampling instant, the left wheel of 

the NXT robot is at logic low while the right wheel is at sta-

tionary, which forces the NXT robot to come to rest. 

On the basis of the prescribed operation of the NXT robot 

based on the controlled variables (outputs) based on the ma-

nipulated variables (inputs) described in sub-section 2.3.1 and 

the desired reference trajectory design for the NXT robot 

based on the controlled variables and the manipulated varia-

bles discussed in Sub-Section 2.3.2 above, the desired refer-

ence trajectory for the NXT robot used in this work is con-

structed as shown in Figure 8. 

 
Figure 8. The desired reference trajectories for the NXT Robot. 

3. Formulation of the OWA-MLMA 

Based on AGNA for Training 

NNARMAX Model Predictor 

3.1. The OWA-MLMA Based on AGNA 

In this section we first introduce the system description. In 

the next sub-section, we introduce the basic MLP NN and its 

extension to the series-parallel structure of NNARMAX 

model identification. Then in the last sub-section, we present 

the OWA-MLMA for training the NN to adjust and update the 

NN parameters (i.e. weights and biases) for NNARMAX 

model identification. 

3.1.1. General System Description 

The method of representing dynamical systems by vector 

difference or differential equations is well established in 

systems [27] and control [2, 16-22] theories. Consider that the 

ith output ( )iy k  of a discrete-time nonlinear m-input 

n-output multivariable system at time instant k responding to 

the lth input ( )lu k  can be described by the following Non-

linear AutoRegressive Moving Average with eXogeneous 

input (NARMAX) model: 

( ) ( ( ), ( 2), , ( ),

( 1), ( 2), , ( ),

( 1), ( 2), , ( )) ( )

y k J u k d u k u k d m

y k y k y k n

k k k n d k  

    


   


    

  (37) 

where ( , , )J  is a nonlinear function of its input arguments 

assumed to be differentiable, ( ), ( 2), ,u k d u k 

( )u k d m  , ( 1), ( 2), ,y k y k  ( )y k n  and ( 1),k 

( 2), , ( ))k k n    are the vectors of the past input, past 

output and past prediction error values respectively while 

( )d k are the disturbances and d is the system delay. Assuming 

that the input-output data pair 
NZ  of the system taken over 

NT period of time is available 

{[ (1), (1), , ( ), ( )], 1,2, , },NZ u y u k y k k N     (38) 

where N is the number of data pair and T the sampling time. 

Equation (37) can be expressed in a more compact form as 

0 0( ) ( , ( ), ( ))Ny k J Z k k            (39) 

where 0 ( )k  is a known vector of appropriate dimension that 

defines the parameters of the system and 

0( ) [ ( ), , ( ), ( 1), , ( ),k u k d u k d m y k y k n      

( 1, ( )), , ( , ( ))]Tk k k n k      is the state (regression) 

vector at time k . 

To set up a model identification problem, given (38), m , 

n , with an initial small random value of 0 ( )k ; at time 1k   

we can construct a predictor ˆ( 1)y k   that will produce the a 

priori predictor estimate of (39) ( 1)y k   based on the state 

of the system 0 ( )k  at time k  can be define as 
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0ˆ ( 1) ( , ( ), ( ))Ny k J Z k k     

where ( )k  is an unknown adjustable parameter vector of 

appropriate dimension and the regression (state) vector 

( )k  [ ( ), , ( ), ( 1), , ( )u k d u k d m y k y k n    

( 1, ( )), , ( , ( ))]Tk k k n k     . Thus, at time 1k   a new 

value of ( 1)k   will be known and the a posteriori pre-

dictor estimate can be computed as 

ˆ( 1) ( , ( ), ( 1))Ny k J Z k k            (40) 

where the predictor output ˆ( 1)y k  is compared to the system 

output ( 1)y k   and the error ( 1)k   between the two 

outputs is minimized and used to adjust and update ( 1)k   

such that ˆ( 1) ( 1)y k y k   . It is evident that the predictor 

output depends on ( 1)k  . For notational convenience, we 

define the error here as: 

ˆ( , ( )) ( ) ( | ( ))k k y k y k k                 (41) 

where ( ) ( 1)y k y k  , ˆ ˆ( ) ( 1)y k y k   and ( ) ( 1)k k    

are the true system output, network predicted output and the 

adjustable parameters of the network. Thus, the determination 

and adjustment of ( )k  becomes an unconstrained nonlinear 

minimization problem defined here as: 

ˆ( ) arg min ( , ( ), ( ))Nk J Z k k


               (42) 

where ˆ( )k  is the value of ( )k  that minimizes (42) and 

( , ( ), ( ))NJ Z k k   is formulated as a total square error (TSE) 

type cost function given as: 

2

1

1
( , ( ), ( )) [ ( , ( ))]

2

N
N

k

J Z k k k k
N

   


         (43) 

Several techniques for solving (42) exist in literature 

[27-29]. Following the discussion in the Section I, the NN 

technique is proposed in this paper for solving (42) based on 

its nonlinear model approximation capabilities [16, 17, 20, 

30-32]. 

3.1.2. The Neural Network Identification Model 

The proposed NN model identification scheme is based on 

the series-parallel structure shown in Figure 9 where the sys-

tem is in parallel with the NN identification model (in the 

dashed box) and TDL denotes tapped delay line memory. The 

NN identification model consists of a training algorithm and 

the NN model. The inputs to the NN model, via an m-TDL 

and n-TDL, are the past m-inputs and n-outputs contained in 

( )k  which is obtained from 
NZ  defined in (38). 

The NN identification model of Figure 10 has a recurrent 

architecture since it contains feedbacks form the output of the 

system rather than the output of the NN model [17]. This is the 

so-called teacher forcing method where the network output is 

forced to follow the system outputs which leads to faster 

training in real-time [17]. With this method, the NNARMAX 

model can be trained as a FNN. 

 
Figure 9. The NXT robot NNARMAX model identification scheme 

using OWA-MLMA training algorithm. 

 
Figure 10. Architecture of the dynamic feedforward NN (DFNN) 

model. 

The NNARMAX model architecture proposed here is a 

MLP NN with two-layers (one hidden and one output layer) 

shown in Figure 10. To obtain the mathematical description of 

Figure 10, ( )k  in (42) is decomposed into the past input, 

past output and past prediction error parts 

( ) [ ( ),..., ( )]
b

T
n k u k d u k d m     , ( ) [ ( 1),

an k y k  

( )]Ty k n  and ( ) [ ( 1, ( )), , ( , ( ))
an k k k k n k        

respectively. The outputs of the NN model of Figure 10 can be 

expressed in terms of the network parameters as: 

, ,0

1

ˆ( | ( )) ( )

m n

i i j j i

j

y k k F W f a W




 
  
 
 
       (44) 
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where 

, , ,0

1 1

( ) ( 1)
m m n n

m n

m n

j l l j i i j

l i

a w k w k w 
 

      

j is the number of hidden neurons; ,(
mj lw and , )

nj iw and ,i jW  

are the hidden and output weights respectively; ,0jw  and 

,0iW  are the hidden and output biases; ( )iF b  is a linear ac-

tivation function for the output layer and ( )jf a  is an hy-

perbolic tangent activation function for the hidden layer given 

here as: 

2

2
( ) 1

1
j a

f a
e 

 


              (45) 

Bias is interpreted as a weight acting on the input clamped 

to 1. Here, the network weights and biases constitute ( ) k . 

Regularization can reduce the modeling errors inherent in 

dynamical systems modeling while improving the robustness 

and performance of second-order training algorithm for finite 

data set
NZ [27-29]. One common method of implementing 

regularization is by weight decay [17, 27, 30-32]. According 

to this method, the cost function (43) is augmented with a 

weight decay term defined as (1/ 2 ) ( ) ( )TN k D k  ; where

[ ]d h oD I   , I  is an identity matrix, h  and o  

are the weight decay values for the input-to-hidden and hid-

den-to-output layers respectively. Using (44), the regularized 

criterion from (43) becomes: 

2

1

( , ( ), ( ))

1
[ ( , ( ))] ( ) ( )

2

N

N T

k

J Z k k

k k k D k
N

 

   




  

 


   (46) 

and the minimization problem (42) is re-written as 

ˆ( ) arg min ( , ( ), ( ))Nk J Z k k


            (47) 

Because NN training is a data-driven method, it should be 

noted that there are several ways on how 
NZ  can be pre-

sented to the training algorithm at each time step. The most 

popular way being the batch (off-line) mode where all the data 

set 
NZ  is evaluated at each time step and the recursive 

(online) mode where each data pair of 
NZ  is evaluated at 

each time step. 

This paper uses a different approach based on a first-in first 

out sliding stack OWA which store a short history of the 

input-output data. The stack discards the oldest data as new 

input-output data pair are progressively added to
NZ  at 

each sampling time step and all the data are evaluated in batch 

mode at each sampling time step. 

3.1.3. Approximate Gauss-Newton Algorithm 

(AGNA) 

The minimization of (47) is based on an iterative procedure 

which starts with a randomly initial ( )k  and updates ˆ( )k  

iteratively according to the following typical updating rule: 

1( ) ( ) ( )k k k                    (48) 

where ( )k  denotes ( )k  at the current iteration ,

( )k  is the searching direction, 1( )k   is the global 

minimum and 1
ˆ( ) ( )k k    if certain stopping criteria are 

satisfied. 

The most commonly used method for updating 1( )k   is 

the back-propagation algorithm (BPA) [33, 34]. This algo-

rithm uses the gradient method [28, 35-37] and set the 

( )k  directly proportional to the negative of the gradient 

of (46) evaluated at ( ) ( )k k  . Using (46) and (48), the 

basic BP algorithm can be stated as: 

1 ( ) ( )( ) ( ) ( , ( ), ( )) |N
k kk k J Z k k

                (49) 

where   is the step size and   is the gradient NN training 

using the BPA has been reported to be characterized by poor 

performance [28, 29, 36]. To improve the performance of the 

BP algorithm, the Gauss-Newton method has been widely 

used as a starting point for this purpose. 

The AGNA uses the linear approximation error 

( , ( ))k k   to the error ( , ( ))k k   in (45) expressed as: 

( ) ( )

( ) ( )

( , ( )) [ , ( )]

[ ( ) ( )] [ ( , ( ))]

[ , ( )]

ˆ[ ( ) ( )] [ ( | ( ))]

T

k k

TT

k k

k k k k

k k k k

k k

k k y k k





 

  



  

   

   

 

  





 


   


 


   

  (50) 

to obtain (46) as a quadratic criterion ( ( ))J k   given as 

2

1

1
( ( )) [ ( , ( ))] ( ) ( )

2

N T

k
J k k k k D k

N
     



   
    (51) 

where ( ( )) ( , ( ), ( ))NJ k J Z k k     from now on shall be 

used for convenience. Note that Equation (17) can also be 

expressed as [15-17]: 
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( ( )) ( ( )) [ ( )] ( ( ) ( ))

1
( ( ) ( )) [ ( )]( ( ) ( ))

2

T

T

J k J k G k k k

k k R k k k

    

  

    

    

  



   


 (52) 

where 

1
( , ( )) ( , ( ))1

[ ( )]

( )

N

k
k k k k

G k
N D k

 




   






 
  
  

   (53) 

and 

1
( , ( )) ( , ( ))1

[ ( )]

N T

k
k k k k

R k
N D

 


   
 

 
 
  

   (54) 

where [ ( )]G k  and [ ( )]R k  are the gradient and exact 

Gauss-Newton Hessian matrices respectively, and 

( , ( ))k k  ( ) ( )
ˆ( | ( )) | k ky k k

    denotes the derivative of 

the network output with respect to ( )k  evaluated at

( ) ( )k k  . By substituting ( ) ( ) ( )k k k       into 

(52) and setting its derivative to zero as follows: 

( ( ))
[ ( )] [ ( )] ( ) 0

( )

dJ k
G k R k k

d k


  


  


     

we obtain the AGNA searching direction given as 

1( ) [ ( )] [ ( )]k R k G k                 (55) 

Using (49), the AGNA can be stated as: 

1( ) ( ) ( ( ))k k k                     (56) 

where 1  . Equation (54) is guaranteed to be positive 

definite since it is based a second-order approximation of (47) 

which is well-known to be positive definite [35]. The major 

problems with the Gauss-Newton method are slow conver-

gence due to   especially when 1( )k   is far from 

( )k  and (53) can sometimes be ill-conditioned. In the next 

sub-section, we utilize (56) to formulate the proposed 

OWA-MLMA based on AGNA which addresses the above 

issues dynamically. 

3.1.4. The OWA-MLMA Based on AGNA 

The Levenberg-Marquardt’s modification to (55) is the in-

troduction of a nonnegative parameter   to the diagonal of 

[ ( )]R k  with a new updating rule given as [35-37]: 

1( ) ( ) ( )k k k                   (57) 

where 

1ˆ[ [ ( )] ] [ ( )]R k I G k                    (58) 

is the searching direction and I is a diagonal matrix. 

The parameter   characterizes a hybrid of searching di-

rections and has several effects [35-37]: 1). for large values of

 , Equation (57) reduces to the steepest descent algorithm 

(with step 1 )  which requires a descend search method; 

and 2). for small values of  , Equation (57) reduces to 

Gauss-Newton algorithm (with step given by (56)). 

The convergence of (57) may be slowed if the magnitude of 

1
ˆ ( )k   is large [28, 29, 36]. Here, we modify (58) by in-

troducing a scaling matrix S , so that (58) becomes 

1( ) [ [ ( )] ( ) ] [ ( )]Tk R k S S G k                  (59) 

where the scaling matrix S sI   is adjusted simultaneously 

with ( )k  in the search for 1( )k   by (57), s is the scal-

ing parameter, and I is an identity. The solution to (57) using 

(59) based on the trust region method [35, 36] can then be 

stated as a constrained minimization problem defined by: 

1( ) arg min ( ( ))k J k 


                 (60) 

subject to 

1( ( ) ( ))S k k        .  

where   is the trust region radius within which 1( )k   can 

be found. A difficulty with the Levenberg-Marquardt method 

is in selecting and adjusting the parameter   as well as how 

1( )k   should be updated. The choice for the proper selec-

tion of   has led to the formulation of several algorithms 

[28, 29, 35-37]. 

The approach in this paper builds on the indirect method 

described in [37] which has been shown in [15-17] to out-

perform the original Levenberg-Marquardt algorithm [38, 39]. 

According to this method   is adjusted based on the ratio 

  between the actual reduction ( )ared  and theoretical 

predicted decrease ( )pdec  subject to the constraint in (60) 

stated here as: 

( ( )) ( ( ) ( ))

( ( )) ( ( ) ( ))

J k J k kared

pdec J k J k k

  


   

  


  

 
 

 
     (61) 

where ( ( )) ( , ( ), ( ))NJ k J Z k k    in (46) for convenience. 

Thus, we summarize the OWA-MLMA based on AGNA 
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for training NN in a stepwise procedure as follows: 

1) Specify τ, max , D,
3

max [1,10 ]   and m and n for

( )k . 

2) Initialize

2 4 4[0.1,10 ], [0.1,10 ], [0.1,10 ]        

2[0.1,10 ],s  ( )k  and evaluate ( , ( ), ( ))NJ Z k k   

in (46). 

3) While 1  , compute [ ( )]G k  and ( )k  using 

(53) and (58) respectively. 

4) Evaluate the ratio   in (61). 

5) Update   according to the following conditions on

 : 

If 0.75  , then 0.5*    and go to Step6). 

If 0.25  , then 2*    and go to Step 6). 

6) If 0ared  , then 1( ) ( ) ( )k k k        subject to 

(53) 

Set 1    and 1    . 

7) If 1( ( ) ( ))S k k         or max  or max   

(number of iterations); go to Step 8), else go to Step 3). 

8) Accept 1
ˆ( ) ( )k k    and terminate. 

3.2. The Incremental or Online 

Back-Propagation Algorithm (INCBPA) 

In order to investigate the performance of the 

OWA-MLMA based on AGNA, the so-called incremental 

back-propagation algorithm (INCBPA) is used for this pur-

pose. The INCBPA (or online recursive version of the BPA) 

was originally proposed by [40] which has been modified in 

[17] and used in this paper. The incremental back-propagation 

(INCBP) algorithm is given as: 

1

1

1
[ , ( )]

k

I R k
k

 



   



                (62) 

where   is the step size and I  is an identity matrix of ap-

propriate dimension. Next, the basic back-propagation given 

as [17, 33, 34]: 

( ) ( )

[ ( )]ˆ( ) ( )
( )

k k

dJ k
k k

d k


 

 


  




            (63) 

is used to update the algorithm of (62). Finally, all that is 

required is to specify a suitable step size   and carry out the 

recursive computation of the gradient given by (63). 

4. Formulation of the NAPC Based on 

FNNO-MLMA 

4.1. NAPC Based on FNNO-MLMA 

4.1.1. Formulation of the MPC Control Problem 

and the MPC Strategy 

The block diagram of the NAPC based on FNNO-MLMA 

control with OWA-MLMA based on AGNA is shown in 

Figure 11; where '( ),R k ( ),E k ( ),U k ( ),Y k ˆ( ),Y k

ˆ( | )Y k k , ( )d k  and z 
 are the desired reference signal, 

prediction error, control input, system output, η step-delay 

prediction model output, η step-ahead predicted output, 

noise/input disturbances and ηstep-delay operator respec-

tively and k is the number of samples based on the new 

measurement data sample. 

 
Figure 11. The NAPC-based FNNO-MLMA control scheme for the NXT robot control with the OWA-MLMA based on AGNA for training the 

NNARMAX model predictor. 
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As in basic MBPC scheme [16, 17, 20], the prediction er-

rors E (k) between the process model and the prediction model 

are compensated by filtering the reference signal using a 

first-order low-pass digital filter defined here as: 

( ) '( )m

m

B
R k R k

A
                (64) 

where '( )R k  and ( )R k  are the desired reference and the 

filtered reference signals respectively; Am and Bm are the de-

nominator and numerator polynomials of the filter. In this way, 

the NAPC based on FNNO-MLMA is deigned, in part, based 

on the filter tracking error capability; where Am and Bm serves 

as tuning parameters used to improve the robustness and 

internal stability of the control algorithm respectively. 

Assuming that at Assuming that the identified NNARMAX 

model is stable, proper and deterministic; then the NAPC 

based on FNNO-MLMA uses the linearized model parameters 

of the identified nonlinear NNARMAX model to accurately 

predict the current system output ˆ( )Y k  at that same sample 

time instant k. 

At time 1uk N  , the NAPC based on FNNO-MLMA 

calculates a sequence of control inputs ( 1| )uU k N k   

consisting of the current ( | )U k k  and future inputs 

( 1| )uU N k . The current input ( ) ( | )U k U k k  is held 

constant after uN  control moves; where uN  is the maxi-

mum control horizon. The input ( )U k  is calculated such that 

a set of ˆ( | )Y k k  approaches the desired reference signal 

in an optimal manner over a specified prediction horizon 

[ , ]d pN N ; where dN  and pN  are the minimum and 

maximum prediction horizons respectively. 

The predicted values are used to calculate the control sig-

nals by minimizing an objective function of the form: 

ˆ ˆ ˆ( ( )) ( ) ( ) ( ) ( )

( ) ( )

T

T

J U k R k Y k R k Y k

U k U k





         
 

       (65) 

subject to the constraints 

min max min max

( ) 0,

( ) , ( )

u p dU k N N N

U U k U Y Y k Y

       


       
     (66) 

where 

( ) [ ( ) ( )]

ˆ ˆ ˆ( ) [ ( | ) ( | )]

ˆ( ) ( ) ( )

[ ( | ) ( | )]

( ) [ ( ) ( )]

T
d p

T
d p

T
d p

T
u d

R k R k N R k N

Y k Y k N k Y k N k

E k R k Y k

E k N k E k N k

U k U k U k N N

 

 

    

 

    

        (67) 

where U  is the change in control signal;   and   are 

two weighting matrices penalizing changes on ˆ( )Y k  and 

( )U k  in Equation (65). 

4.1.2. The FNNO-MLMA for Nonlinear Adaptive 

Predictive Control 

This section focuses on the development of the NAPC 

based on the FNNO-MLMA. Here we assume that ( )k  and 

NN model ˆ( )k  approximates the system (37), 1dN d   

and that the system information is available up to time 1k  , 

so that the one step-ahead predictor of (37) at time k  can be 

expressed as: 

ˆ( ) ( ( 1), , ( ), ( ),

, ( ))

Y k J Y k Y k n U k d

U k d m

    


  
    (68) 

So that the η step-ahead model predictor from (68) be-

comes: 

ˆ ˆ ˆ( | ) ( ( 1), , (

min( , )), ( 1),..., ( max( ,0)),

( ), , ( ))

Y k k J Y k Y k

n Y k Y k n

U k d U k d m

  

 

 

     


   
    


  ( 69) 

The η step-ahead predicted output of (69) can be expressed 

in terms of nonlinear NN model parameters from (44) as: 

 , ,0

1

ˆ( | ) ( , )
hn

i j j i

j

Y k k W f a j W 


           (70) 

where ( )jf  is given by (11) but here ( , )a a j  which is 

given as: 
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min( , )

,

1

,

min( , ) 1

, 1 ,0

0

ˆ( , ) ( )

( )

( )

d n

j

n

j

n

m

j n j

a j w Y k

w Y k

w U k d w









 





  

 

 





 

 




  




   




     








    (71) 

4.1.3. Computing the Past and Future Control 

Signals 

The NAPC based on FNNO-MLMA proposed here com-

putes the optimal future control signal based on nonlinear 

optimization using the nonlinear NNARMAX model devel-

oped in the previous section. The minimization of (65) subject 

to the constraints defined by (66) and (67) can be expressed 

as: 

( ) ( )
( ) arg min ( ( ))

U k U k
U k J U k


              (72) 

The NN-based NAPC based on FNNO-MLMA proposed 

for solving (72) is based on the FNNO method [35, 37] and 

the Levenberg-Marquardt method [41, 42] with the following 

dynamic adaptive rule: 

( ) ( )( ) ( ) ( )U k U k k                  (73) 

which is applied for updating the sequence of future optimal 

control signal ( )U k ; where 
( ) ( )U k

 is the current iterate of 

the control sequence; and 
( ) ( )k  the search direction given 

by the following expression: 

( ) ( ) 1 ( )( [ ( )] ) [ ( )]H U k I G U k             (74) 

where   is the adaptation parameter, I is a diagonal matrix; 

( )[ ( )]H U k
 and 

( )[ ( )]G U k
 are the Hessian and Jacobian 

matrices given respectively by (75) and (76) as follows: 

( )

( )

( )

( ) ( )

( )

( ) ( )

( , ( ))
[ ( )]

( )

( )
2 ( )[ ( )] ( ) 2 ( )

( )

U k U k

U k U k

J k U k
G U k

U k

U k
k U k E k U k

U k







 






  

 


 
  




 (75) 

( )

( )

2
( )

2
( ) ( )

( ) ( )

( , ( ))
( )

( )

ˆ ( ) ( ) ( )
( ) 2

( ) ( ) ( ) ( )

U k U k

T T

U k U k

J k U k
H U k

U k

Y k U k U k
E k

U k U k U k U k







 






   
   


     

        

(76) 

where ( )k  in (75) is the partial derivatives of (71). 

To simplify the computation of ( )k  in (75), the control 

signal is decomposed into the past and future control signals 

as ˆ( , )a j  given in (77) as follows: 

min( , )

,

1

min( 2, 1)

,

1

min( , )

, 1

2

min( , )

,

1

,

1

, 1 ,0

1

ˆˆ( , ) ( )

( 1)

( )

ˆ( )

( )

( )

u

u

d n

j

d N m

j n u

d m

j n

d N

n

j

d

n

j

m

j n j

d

a j w Y k

w U k N

w U k d

w Y k

w Y k

w Y k d w

















 





 



 



 

  

 

 

 

 





   







 

   

  

 

 

  


   




  

   



  

  

    

































   (77) 

The first three sums of (77) depend on future control signals 

while the last three sums depend on past control signals. 

Since the past control signals does not contribute to the 

output predictions because new measurements will be avail-

able at the next sample time 1k  . Thus, ( )k  is computed 

here based only on the future control signals 

[ , ]d pN N   and [0,min( 1, 1)]ul N     as: 

1

ˆ( ) ˆˆ( ) '[ ( , )] ( , )
( )

hn

j l

j

Y k
k W f a j b j

U k l


 



 
   

 
  

where ˆ ( , )lb j  given in (78) is computed from the first three 

sum of ˆ( , )a j  in (77). 

min( , )

,

1

min( 2, 1)

,

1

min( , )

, 1

2

ˆ( )ˆ ( , )
( )

( )

( )

( )

( )

u

u

d n

l j

d N m

u
j n

d m

j n

d N

Y k
b j w

U k l

U k N
w

U k l

U k d
w

U k l

















 

 




 





   







 

   

  


  

  

 
  


    

 








 (78) 

The second-order derivative for all [ , ],d pN N  for all 

[0, ]p l , and for all [0,min( 1, 1)]ul N    is calculated 

as follows: 
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2

1 2

1

ˆˆ ( , )( )

( ) ( ) ( )

hn
lp

j

j

b jY k
W b b

U k l U k p U k p





  
  
      
 

  

where ˆ ( , )pb j  given in (79) is again computed from the first 

three sum of ˆ( , )a j  in (77) 

min( , )

,

1

min( 2, 1)

,

1

min( , )

, 1

2

ˆ( )ˆ ( , )
( )

( )

( )

( )

( )

u

u

d n

p j

d N m

u
j n

d m

j n

d N

Y k
b j w

U k p

U k N
w

U k p

U k d
w

U k p

















 

 




 





   







 

   

  


  

  

 
  


    

 








 (79) 

where 

1
ˆ ˆˆ''( ( , )) ( , ) ( , )l pb f a j b j b j     , 

2
ˆ'( ( , ))b f a j , 

min( , ) 2

,

1

ˆ ( , ) ˆ( )

( ) ( ) ( )

d l n
lp

j

b j y k
w

u k p u k l u k p







  
 



   


     
  

and 'f and ''f  are the first and second derivatives of (45). 

4.1.4. Computing the Optimal Control Signal 

The well-known problem with the Newton method is that 

the Hessian is not guaranteed to be positive definite in the 

open neighborhood of a global minimum. Thus, it is necessary 

to check that the Hessian is positive definite before updating 

the optimization. This implies checking for the definiteness of 

the Hessian matrix using: 

( ) ( ) ( )( ) [ ( )]V k H U k I                 (80) 

Table 2. Iterative Algorithm for Selecting   for Guaranteed Positive Definiteness of the Full Gauss-Newton Hessian Matrix. 

Initialize: 0.5,a  1,b  2,c  4,d  6,e  [ , , , , ],km a b c d e     ( ),kl length km 0iter  , 

( )( ( ))sm size V k , ( )
, ( ) 1a aL k   , 1p   to 

2( )uN  in step of ( 1)uN  . Compute (80) 

for 1sn   to sm  

while iter kl  or ( )
, 0a aL  , do 

for 1kn   to kl , do 

for 1a   to p , do 

1/2
1

( ) 2
, , ,

1

( ) ( ) ( )

a

a a a a a j

j

L k V k L k




 
  
 
 

  

if ( )
, 0a aL  , break, end if La,a 

for 1b a   to p , do 

1/2
( )
,

1
,

, , ,

1

( )
1

( )
( ( ) ( ))

b a

b
b a

a a b j a j

j

V k

L k
L L k L k







 
 
 

 
  


 

end for b, end for a 

if ( )
, 0a aL  , (1, )km kn   , Re-compute (80) 

for 1a   to p , do 

1/2
1

( ) 2
, , ,

1

( ) ( ) ( )

a

a a a a a j

j

L k V k L k




 
  
 
 

  

end for a 

else 

for 1a   to p , do 
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1/2
1

( ) 2
, , ,

1

( ) ( ) ( )

a

a a a a a j

j

L k V k L k




 
  
 
 

  

for 1b a   to p , do 

1/2
( )
,

1
,

, , ,

1

( )
1

( )
( ( ) ( ))

b a

b
b a

a a b j a j

j

V k

L k
L L k L k







 
 
 

 
  


 

end for b, end for a, end for a, end if La,a, end for kn 

1iter iter   

if iter kl  and , ( ) 0a aL k  , break, end 

end while iter , end for sn  

 

to obtain a value of   that will satisfy this condition. Again, 

many algorithms have been proposed for this purpose [23, 28, 

29, 36]. 

This paper proposes the adaptive algorithm given in Table 

2 which is based on the Cholesky factorization method which 

ensures that (80) is always positive definite and none 

ill-conditioned. The algorithm first compute (80) and check 

for positive definiteness. If this condition is not satisfied, the 

algorithm iteratively selects new ( )  and re-computes (80) 

and then terminates immediately positive definite of (80) is 

achieved. 

Having satisfied the positive definiteness of (80), it is 

necessary to determine the optimal control signal as a global 

minimum. Again, the widely used method is the trust region 

approach mentioned earlier [37]. Here, we formulate the 

nonlinear minimization problem around the trust region as 

follows: 

( ) ( )

ˆ( ) arg min ( ( ))
U k U k

U k J U k


             (81) 

subject to 

( 1) ( ) ( )( ) ( )U k U k               (82) 

where ( )  is the trust region radius where ( )U k  can be 

trusted. 

The last issue to be addressed is related to how ( )U k  in 

(81) is to be updated and the step size at the next iteration. 

Although, many algorithms have been proposed for this 

purpose [35-37], but here we reuse the ( )  obtained from 

Table 2 for this purpose. Note that 
( )  characterizes a hy-

brid adaptation parameter and has several effects as discussed 

in Section 3.1.3. Unlike in Section 3.1.3 where the approxi-

mated [ ( )]R k  is guaranteed to be positive definite, here 

( )[ ( )]H U k
 is not guaranteed to be non-positive definite or 

ill-conditioned and the algorithm of Table 2 is used. 

Thus, we reuse the ( )  obtained in Table 2 and apply the 

indirect method discussed in Section 3.1.4 to ( ) is adjusted 

according to the ratio   between the actual reduction 

( )aredJ  and theoretical predicted decrease ( )pdecJ  as de-

fined below: 

( ) ( ) ( )
( )

( ) ( ) ( ) ( ) ( )

ˆ ˆ( ( )) ( ( ) )

( ) ( ) ( ) ( ( ))

ared

T T
pdec

J J U k J U k

J G U k

  


    




   

 
 


 (83) 

Thus, we summarize the NAPC algorithm based on 

FNNO-MLMA in the following stepwise procedures: 

1) Specify initial sequence of future control inputs 

(0) ( )U k  and evaluate ˆ( ( ))J U k  using (65) subject to 

(66). Initialize
( ) , ( )  and set 0  . while 1  . 

2) Compute 
( )[ ( )]G U k

 in (75) and 
( )[ ( )]H U k

 in (76). 

3) Compute the Cholesky factorization of the 
( ) ( )V k

in 

(80) using the algorithm of Table 2. 

4) Determine the search direction 
( )  using (77). 

5) Evaluate 
( ) ( )ˆ( , )J k U    and compute   using 

(83). 

6) Update   according to the conditions on  : 

If ( ) 0.75  , then 0.5*   and go to Step 7). 

If ( ) 0.25  , then 2*   and go to Step 7). 

7) If 
( ) 0,   update 

( 1) ( ) ( )( ) ( ) ( ),U k U k k      

and set 1   . 

8) If 
( 1) ( ) ( )( ) ( )U k U k      in (82) 

iteror u or  310  , go to Step 9), else go to Step 

2). 
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9) Accept the sequence 
( )( ) ( )U k U k  in (81) subject to 

the constraints in (66) and terminate the algorithm. 

4.2. Discrete-Time Fixed-Parameter PID 

Controller Design for the NXT Robot 

Control 

4.2.1. The PID Control Strategy 

The constant gain or fixed-parameter proportion-

al-integral-derivative (PID) controllers are widely used in 

many industries because of their simple structure, robust 

performance and the ease of their implementation [43, 44]. 

In the simplest case, the NXT robot affected by the envi-

ronmental disturbances can be controlled by a discrete-time 

fixed parameter PID controller used in a closed-loop config-

uration illustrated in Figure 12. This operation is imitated by 

placing the NXT robot in the PID control loop. 

 
Figure 12. The discrete-time fixed-parameter PID control scheme. 

The mathematical relationship governing the discrete-time 

fixed-parameter PID controller that computes the control 

signal ( ) [ ( ) ( )]U k LWMV k RWMV k  is defined as follows: 

 

 
1

( ) ( ) ( 1) ( )
2

( ) ( 1)

N

P I

k

D

T
U k K E k K E k E k

E k E k
K

T




    




  
 




    (84) 

where ,P IK K  and DK  are the proportional, integral and 

derivative gains respectively, T  is the sampling time and 

ˆ( ) ( ) ( )E k R k Y k   is the error term defined as the difference 

between the process ˆ( )Y k , filtered desired reference ( )R k  

and N is the number of simulation samples (see sub-section 

4.1.1). 

The first, second and third terms in (84) corresponds to 

the present, past and future control sequence respectively. 

The minimum and maximum constraints imposed on the 

PID controller to penalize changes on the NXT robot con-

trol inputs U (k) and NXT robot outputsY (k) are defined 

in (66). 

A major problem with PID controller is the “wind up” of 

the integrator resulting in saturation of the integral term for 

control signal of large magnitude. Rich literatures exist for 

anti wind-up techniques to overcome this problem [43, 44]. 

According to this technique, the integrator switches off when 

the actuator output exceeds a predefined limit (i.e. saturated) 

subject to the constraints defined in (66) and the update of the 

integral term is terminated. 

4.2.2. The PID Control Law for the Servo Control of 

the NXT Robot 

The starting point for the PID controller design for the NXT 

robot begins with the servo controller design. The servo con-

troller is used as the preliminary controller for the 

NXTway-GS robot and where   is selected as the reference 

signal for servo control. It is important to note that we cannot 

use variables other than   as the reference because the sys-

tem may become uncontrollable. The block diagram of the 

preliminary servo controller for NXTway-GS robot is shown 

in Figure 13. 

We can now calculate the feedback (Kf) and integral (Ki) 

gains by the linear quadratic regulator (LQR) method. To 

achieve this, we choose the following weight matrix Q and R 

by experimental trial and error. 

5
3

3

2

1 0 0 0 0

0 6 10 0 0 0
1 10 0

,0 0 1 0 0
0 1 10

0 0 0 1 0

0 0 0 0 4 10

Q R

 
 

       
     
 

 

 (85) 

where Q (2, 2) is a weight for body pitch angle, and Q (5, 5) is 

a weight for time integration of difference between measured 

average angle and referenced one. 

Furthermore, the value of the speed gain after LQR calcu-

lation needs to be adjusted because it fluctuates excessively 

 

 
 NXT Robot 

 ( )U k  

   
   

 ( )E k   ( )R k  First-Order 

Low Pass Filter 

 
 '( )R k  

NXT Robot Constraints Noise and Disturbances 

 
Discrete-Time Fixed-

Parameter PID for NXT 

Robot Control 
 ( )Y k     
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when the NXT robot is in motion. In addition to the gain 

adjustment, the following control handles are added, namely: 

1). Rotate NXTway-GS by giving different value to the left 

and right motor, and 2). Use Proportional (P) control for 

wheel synchronization when NXT runs straightforward be-

cause the rotation angle of DC motors is not same even though 

same PWM is applied. Consequently, the NXT robot con-

troller is derived as shown in the block diagram of Figure 14. 

Here k


, k  and synck  are the tuning parameters. 

 
Figure 13. The Simulink® model of the NXT robot servo controller. 

 
Figure 14. The complete Simulink® model of the NXT robot PID controller incorporating the servo controller of Figure 13. Note that the 

dashed block is a proportional controller for wheel synchronization when NXT robot doe not rotate. 

Servo control is a control technique such that that an output 

of a system tracks an expected behavior of the desired refer-

ence trajectory. PID control and I-PD control in classical 

control theory are a kind of servo control. It is necessary to 

add an integrator in the closed loop since it is necessary to 

track the desired output reference. The block diagram of servo 

control based on the PID scheme is shown in Figure 13. The 

gains (controller parameters) of the servo controller can be 

calculated in the same way as feedback control by considering 

an expansion system. It has new state that is the difference 

between the output and referenced value. The servo control 

gains are derived as the following. The state equation and 

output function are given as the following: 

( ) ( ) u( )

( ) ( )

x t Ax t B t

y t Cx t

  


 
             (86) 

We use a difference e( ) (x( ) x )reft C t  , an integral of 

the difference z( )t , states of the expansion system 

x( ) [x( ), z( )]Tt t t , and the orders of x and u are n and m 

respectively. The state equation of the expansion system is the 

following: 

0 0x( ) x( )
u( ) x

0 0z( ) z( )

n m n m
ref

m m m m m m

A Bt t
t C

C It t

 

  

        
          

        
                             (87) 
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If the expansion system is assumed to be stable, Equation (39) converges to the following expression: 

0 0x( ) x( )
u( ) x

0 0z( ) z( )

n m n m
ref

m m m m m m

A B
C

C I

 

  

         
           

         
                              (88) 

By subtracting (40) from (39), the following state equation is obtained 

x ( ) 0 x ( )
u ( ) x ( )

z ( ) 0 z ( ) 0

x ( ) u ( )

e n m e
e e

e m m e m m

e e

t A t B d
t t

t C t dt

A t B t



 

       
          

       


  

                                (89) 

where x x( ) x( )e t   , z z( ) z( )e t    and

u u( ) u( )e t   . We can use feedback control to make the 

expansion system stable. Thus, the control input is becomes 

u ( ) x ( ) x ( ) z ( )e e f e i et K t K t K t          (90) 

If it is possible that x( ) xref  , z( ) 0   and 

u( ) 0   are assumed, the following input u( )t  can be 

derived as: 

   u( ) x( ) x x( ) xf ref i reft K t K C t dt       (91) 

Several literature on modern control engineering usually 

describe I-PD type expression ( xref  in the first term of (91) 

equals to zero) as servo control input [4-6]. However, we use 

discrete-time fixed-parameter PID type expression as (91) to 

improve the reference tracking performance. 

5. NNARMAX Model Identification 

Using OWA-MLMA Based on AGNA 

and Adaptive Control Using NAPC 

Based on FNNO-MLMA of the NXT 

Robot 

5.1. Performance Comparison of the 

NNARMAX Model Identification of the 

NXT Robot Model Using OWA-MLMA and 

INCBPA, Results and Discussions 

5.1.1. NNARMAX Model Identification of the NXT 

Robot Using OWA-MLMA and INCBPA 

In this study, the inputs to the NXT robot are the left wheel 

motor voltage (LWMV) and right wheel motor voltage 

(RWMV), that is U = [LWMVRWMV]T. The outputs of the 

NXT robot are the left wheel rotation angle (LWRA) and the 

right wheel rotation angle (RWRA), that is 

ˆ [ ]Ty LWRA RWRA . The input vector ( )k  to the 

NNARMAX model predictor consists of the regression vec-

tors ( ) [ ( ) ( )]
b

T
n k LWMV k RWMV k  , ( )

an k 

[ ( ) ( )]TLWRA k RWRA k and ( , ( )) [(
cn LWRAk k y  

ˆ ˆ( , ( )) ( , ( ))) ( ( , ( )) ( , ( )))]T
LWRA RWRA RWRAk k y k k y k k y k k    

ˆ ( , ( )))]TRWRAy k k . The outputs of the NNARMAX model 

predictor are the predicted values of LWRA and RWRA given 

as ˆ ˆ ˆ( ) [ ( ) ( )]TLWRA RWRAy k y k y k . 

As discussed in Section 2.2.3, an open loop simulation of 

the NXT robot MATLAB/Simulink model is performed to 

obtain 250,000 input-output data pair. The data is split into N 

= 1750,000 training and 75,000 validation data. The training 

data is scaled to zero mean and unit variance to prevent sig-

nals of largest magnitudes from dominating the identified 

model [wastewater papers [30-32]. Again, the joint weights 

are rescaled afterwards so that the trained network can work 

with unscaled test data. 

For training and assessing the convergence performance of 

the network, the following parameters are selected: 2p  , 

2q  , 3an  , 3bn  , 3cn  , 18n   for the 

NNARMAX model predictors as well as 10hn  , 2on  , 

1 5h e    and 1 4o e   . The details of these parameters 

are discussed in section 3; where p  and q  are the number of 

inputs and outputs of the system, ,a bn n  and cn  are the 

orders of the regressors, n  is the total number of regressors 

(that is, the total number of inputs to the network), hn  and on  

are the number of hidden and output layers neurons, and h

and o  are the hidden and output layers weight decay terms. 

Also, 1 3e    is selected to initialize the INCBPA while 

0.001  , 0.05s   and 0.01   are arbitrarily selected 

to initialize the OWA-MLMA. The network is trained for τ = 

20 iterations with the just mentioned selected parameters. 

5.1.2. Validation of the Trained Network: Results 

and Discussion 

The convergences of the OWA-MLMA based on AGNA 
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and the INCBPA from NNARMAX model training to capture 

the NXT robot model are shown in Figure 15. It can be seen in 

Figure 15, INCBPA shows faster but poor convergences with 

smaller computation times as shown in the second row of 

Table 3 when compared to OWA-MLMA. The superior 

convergences of the OWA-MLMA compared to the INCBPA 

are shown in Figure 15 with much smaller minimum perfor-

mance index (MPI) at the expense of higher computation 

time. 

 
Figure 15. Convergence and minimum performance index comparison of the OWA-MLMA based on AGNA and INCBPA training algorithms 

for 20 iterations for the NXT robot modeling. 

Table 3. Performance comparison of the INCBPA and OWA-MLMA training results. 

S/N Performance Evaluation Parameters 

Left wheel rotation angle Right wheel rotation angle 

INCBPA 
OWA-MLM

A 
INCBPA 

OWA-ML

MA 

1 Computation time for model identification (sec) 5.8120e+02 1.5109e+03 5.7036e+02 1.3225e+03 

2 Minimum performance index (MPI) 5.2343e-02 4.4952e-05 2.6659e-02 8.0105e-05 

3 Total square error (TSE) 4.1499e+01 9.5898e-03 1.1104e+01 2.6953e-03 

4 Mean error of one step ahead prediction of training data 1.0442e-01 1.1104e-04 7.0847e-01 2.6953e-04 

5 Mean error of one step prediction of test data 3.2832e+01 5.1594e-02 2.8006e+01 1.1955e-03 

6 Mean value of 5-step ahead prediction error 4.8886e+01 5.0041e-02 5.1418e+01 5.0736e-02 

7 Akaike’s final prediction error (AFPE) estimate 3.7989e+01 9.8119e-02 5.1532e+01 1.4494e-02 

 

The total square error (TSE) discussed in Subsection 3.1.1, 

for the network trained with the INCBPA and the 

OWA-MLMA algorithms are given in the fourth row of Table 

3. The OWA-MLMA has a much smaller TSE when com-

pared to the INCBPA algorithm. These much smaller values 

of the TSE and the MPIs indicate that OWA-MLMA performs 
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better than the INCBPA for the same number of iterations. 

These much smaller errors suggest that the model identified 

by the OWA-MLMA approximates the NXT robot much 

better than the INCBPA model. 

1) Validation by the One-Step Ahead Predictions Simula-

tion using Scaled Training Data 

In the one-step ahead prediction method, the errors ob-

tained from one-step ahead output predictions of the trained 

network are assessed. In Figure 16, the graphs for the one-step 

ahead predictions of the scaled training data (blue -) against 

the trained network output predictions (red --*) using the 

NNARMAX models trained by INCBPA and proposed 

OWA-MLMA. 

The mean value of the one-step ahead prediction errors are 

given in the fifth row of Table 3. It can be seen in the figures 

that the network predictions of the training data almost closely 

match the original training data. Although, the scaled training 

data prediction errors by both algorithms are small, the pro-

posed OWA-MLMA appears to have a much smaller error 

when compared to the INCBPA as shown in the fifth row of 

Table 3. These small one-step ahead prediction errors are 

indications that the networks trained using the OWA-MLMA 

captures and approximate the nonlinear dynamics of the NXT 

robot to a high degree of accuracy. This is further justified by 

the small mean values of the TSE obtained for the networks 

trained using the proposed OWA-MLMA for the NXT robot 

as shown in the fourth row of Table 3. 

2) Validation by the One-Step Ahead Predictions Simula-

tion using Unscaled Test Data 

Furthermore, the suitability of the INCBPA and the pro-

posed OWA-MLMA for NNARMAX model identification 

for use with the NXT robot is investigated by validating the 

trained network with the 75,000 unscaled dynamic test data. 

Graphs of the trained network predictions (red --*) of the test 

data with the actual test data (blue -) using the INCBPA and 

the proposed OWA-MLMA are shown in Figure 17(a) and (b) 

for the left and right wheels respectively. The test data pre-

dictions prove the effectiveness of these algorithms. The 

prediction accuracies of the unscaled test data by the networks 

trained using the INCBPA and the proposed OWA-MLMA 

evaluated by the computed mean prediction errors shown in 

the sixth row of Table 3. Again, one can observe that the test 

data predictions errors obtained with the model trained by the 

proposed OWA-MLMA appears much smaller when com-

pared to those obtained by the model trained using the 

INCBPA. The predictions of the unscaled test data given in 

Figure 17 as well as the mean value of the one step ahead test 

data prediction errors in the six row of Table 3 verifies the NN 

ability to model accurately the dynamics of the NXT robot 

using the proposed OWA-MLMA training algorithm. 

  
Figure 16. Comparison of one-step ahead output predictions by the trained network (red --*) with the scaled original training data (blue -) for 

(a) left and (b) right wheel rotation angle angles by OWA-MLMA based on AGNA and INCBPA training algorithms.

3) K-Step Ahead Prediction Simulations using Unscaled 

Training Data 

The third method of validation is the K-step ahead predic-

tions where the outputs of the trained network are compared to 

the unscaled output training data [30-32]. The results of the 

K-step ahead output predictions (red --*) using the K-step 

ahead prediction validation method for 5-step ahead output 

predictions (that is K = 5) compared with the unscaled training 

data (blue -) are shown in Figure 18(a) and 18(b) for the 

networks trained using the INCBPA and the proposed 

OWA-MLMA. The value K = 5 is chosen since it is a typical 

value used in most model predictive control (MPC) applica-

tions [30-32]. The comparison of the 5-step ahead output 

predictions performance by the network trained using the 

INCBPA and the proposed OWA-MLMA algorithms indicate 

the superiority of the proposed OWA-MLMA over the 
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INCBPA. 

  
Figure 17. Comparison of one-step ahead output predictions by the trained network (red --*) with the unscaled test data (blue -) for (a) left and 

(b) right wheel rotation angles by OWA-MLMA based on AGNA and INCBPA training algorithms. 

The computations of the mean value of the K-step ahead 

prediction error (MVPE) are given in the seventh row of Table 

3 by the network trained using INCBP and the proposed 

OWA-MLMA respectively. The smaller MVPE of the 5-step 

ahead predictions are indications that the trained network 

approximates the dynamics of the NXT robot to a high degree 

of accuracy with the networks of both algorithms but with the 

network based on the OWA-MLMA giving much smaller 

distant prediction errors. 

4) Akaike’s Final Prediction Error (AFPE) Estimates 

The implementation of the AFPE algorithm for the regu-

larized criterion [17, 27, 45] for the network trained using the 

INCBP and the proposed OWA-MLMA with multiple weight 

decay gives their respective AFPE estimates which are listed 

in the eighth row of Table 3. These relatively small values of 

the AFPE estimate indicate that the trained networks capture 

the underlying dynamics of the aerobic reactor of the NXT 

robot and that the network is not over-trained [27, 45]. This in 

turn implies that optimal network parameters have been se-

lected including the weight decay parameters. Again, the 

results of the AFPE estimates computed for the networks 

trained using the proposed OWA-MLMA are much smaller 

when compared to those obtained using INCBPA. 

Table 4. The NXT robot constraints for adaptive control. 

Constraint Parameters 

Fixed-Parameter PID Controller NAPC based on FNNO-MLMA 

LWRA RWRA LWRA RWRA 

Minimum control input (umin) -10 -10 -10 -10 

Maximum control input (umax) 10 10 10 10 

Minimum predicted output (ymin) -0.5 -0.5 -0.5 -0.5 

Maximum predicted output (ymax) 10 10 10 10 

Minimum desired reference (Refmin) -100 -100 -100 -100 

Maximum desired reference (Refmax) 100 100 100 100 
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Table 5. The NXT robot controller tuning parameters. 

Tuning Parameters 

Fixed-Parameter PID Controller NAPC based on FNNO-MLMA 

LWRA RWRA LWRA RWRA 

ICI (u) -80 -80 -10 -10 

IPO (y) 0 0 0 0 

Nd - 1 1 1 

Nu - 2 3 2 

Np - 5 7 5 

Κ - 1 1.5 1 

ρ - 0.8 0.08 0.08 

λ - - 0.1 0.7 

Am [1-0.7] [1-0.7] [1-0.7] [1-0.7] 

Bm [00.3] [00.3] [00.3] [00.3] 

Globmin - - 7 5 

δ - - 1e-6 1e-4 

uiter - - 10 8 

KP 30 - - - 

KI 500 - - - 

KD 100 - - - 

*ICI = Initial control input; IPO = Initial predicted output. 

  
Figure 18. Comparison of 5-step ahead output predictions by the trained network (red --*) with the unscaled original training data (blue -) for 

(a) left and (b) right wheel rotation angle by OWA-MLMA based on AGNA and INCBPA training algorithms. 

 

 

 

 

 
 

 
 

 

http://www.sciencepg.com/journal/acis


Automation, Control and Intelligent Systems http://www.sciencepg.com/journal/acis 

 

110 

5.2. Performance Comparison of the Off-Line 

Closed-Loop Model Identification and 

Control of the NXT Robot Using NAPC and 

PID: Results and Discussion 

The main control objective here is to ensure that the NXT 

robot movement closely follows the prescribed designed 

reference trajectory without overshoot, oscillation or pro-

longed time lag. 

Initially, the NNARMAX model of the NXT robot is iden-

tified and validated as in the previous subsection to obtain the 

optimal network parameters. The fixed-parameter PID and the 

NAPC based on FNNO-MLMA controllers are then simu-

lated off-line separately for 400 simulation samples subject to 

the constraints in Table 4 using the NNARMAX model of the 

NXT robot to obtain the optimal tuning parameters given in 

Table 5. The data used for the off-line model identification 

and control is the experimental data obtained from the 

open-loop MATLAB/Simulink simulation. 

The off-line closed-loop PID and the NAPC control per-

formances of the LWRA and RWRA output predictions are 

shown in Figure 19(a) and (b) respectively while the control 

inputs LWMV and RWMV settings are shown in Figure 19(c) 

and (d) respectively. The output prediction errors due to the 

PID and NAPC controllers are shown in Figure 19(e) and (f) 

respectively for quick comparison. In these simulations, we 

allow the constraints on the maximum predicted outputs to be 

+100° for both LWRA and RWRA as shown in Table 5 in order 

to observe any overshoot. As it can be seen in Figure 19(a) 

and (b), the NAPC based on FNNO-MLMA shows good 

control performance over the fixed-parameter PID. The 

fixed-parameter PID exhibits a very large overshoots of 310° 

for both LWRA and RWRA trajectory tracking with all-round 

oscillations and hardly track the desired reference signals as 

evident in Figure 19(a) and (b) as well as significant output 

prediction errors which is shown in Figure 19(e) and (f). The 

very large overshoot exhibited by the fixed-parameter PID of 

Figure 19(a) and (b) results in a serious penalty on the control 

signals with sudden sharp spike on the voltage source as 

shown in Figure 19(c) and (d). In Figure 19(a) and (b), one 

can also observe the extremely difficulty and poor ability of 

the fixed-parameter PID to track the desired reference tra-

jectory at the 11th and 5th sampling time instant for LWRA and 

RWRA respectively. The poor performance of the 

fixed-parameter PID controller is due to the highly nonlinear 

behaviour of the NXT robot couple with the abrupt and sud-

den change of the NXT robot navigations as defined by the 

desired reference trajectory. 

5.3. Online Closed-Loop Identification and 

Control of the NXT Robot Using NAPC 

Based on FNNO-MLMA, Results and 

Discussion 

The online closed-loop NAPC based on the FNNO-MLMA 

control performance for the LWRA and RWRA output predic-

tions for 280 simulation samples are shown in Figure 20(a) 

and (b) while the control inputs, LWMV and RWMV are shown 

in Figure 20(c) and (d). As it can be seen in Figure 20, the 

NAPC based on FNNO-MLMA shows good control perfor-

mance with accurate tracking of the prescribed desired ref-

erence trajectory without any overshoots or oscillations. The 

minimum control efforts of the NAPC based on 

FNNO-MLMA is evident in Figure 20(c) and (d). It can be 

agreed that the excellent performance of the online 

closed-loop implementation of the proposed OWA-MLMA 

neural network training algorithm combined with the NAPC 

based on the FNNO-MLMA indicates their suitability for 

online nonlinear model identification and adoptive control for 

the NXT robot and can be adapted for other nonlinear appli-

cations. 
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Figure 19. Off-line NXT robot output predictions by PID (blue -) and nonlinear APC (black.-) for (a) LWRA and (b) RWRA with the manipu-

lated signals (c) LWMV and (d) RWMV to track the desired reference signal (red -). Output prediction errors by PID (blue -) and NAPC (black.-) 

for (e) LWRA) and (f) RWRA. 

The combined OWA-MLMA based on AGNA for 

NNARMAX model identification and NAPC based on 

FNNO-MLMA for adaptive control were implemented on an 

Intel® Core™2 CPU running at 1.86 GHz under two condi-

tions. The first condition is their direct serial implementation 

using MATLAB and the obtained computation times are 

shown in Figure 21(a). The minimum and maximum compu-

tation times are 17.8351 and 45.2167 seconds with an average 

computation time of 31.5259 seconds. 

The second condition is their parallel implementation using 

the MATLAB “parpool” command available in the 

MATLAB Distributed and Parallel Toolbox [46]. The ob-

tained computation times are shown in Figure 21(b). The 

minimum and maximum computation times are 3.5962 and 

5.2273 seconds with an average computation time of 4.4117 

seconds. 

The “parpool” command implements the loop specified by 

the command in parallel and it uses the four Intel® processors 

available on the computer system. This MATLAB facility 

from the Distributed and Parallel Computing Toolbox allows 

the utilization of the four processors available on the com-

puter for the implementation of the identification and control 

algorithm at each sampling time step. 

  
Figure 20. Output predictions for the Online closed-loop implementation of the OWA-MLMA model identification and nonlinear APC based on 

FNNO-MLMA controller for the NXT robot: reference trajectory (blue o) and NAPC (red.) for (a) LWRA and (b) RWRA with the manipulated 

signals (c) LWMV and (d) RWMV. 

As it can be observed in Figure 21, the parallel implemen-

tation of the online closed-loop identification and NAPC 

control reduces the computation time for NXT robot model 

identification and adaptive control by 7.1460 times when 

compared to the serial implementation. The reduced compu-

tation time is still higher than the sampling time of the NXT 

robot of 0.5 seconds and this may limit the use of NXT robots 

for in real-time applications with strict time constraints in an 
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industrial environment. The online closed-loop identification 

and NAPC control algorithms could be implemented on a 

field programmable gate array (FPGA) which would signifi-

cantly reduce the computation times such that model identi-

fication and adaptive control algorithm can be repeated sev-

erally within a single sampling time instant before updating 

the NXT robot for stable adaptive control under different 

disturbances [47, 48]. 

 
Figure 21. Computation time for the implementation of the 

OWA-MLMA training algorithm and the nonlinear APC based on 

FNNO-MLMA control algorithm: (a) series and (b) parallel imple-

mentation. 

6. Conclusion 

A new and comprehensive neural network-based 

online-window-approach modified Levenberg-Marquardt 

algorithm (OWA-MLMA) based on AGNA for NNARMAX 

model identification and a neural network-based nonlinear 

adaptive predictive control (NAPC) based on full-Newton 

nonlinear optimization modified Levenberg-Marquardt algo-

rithm (FNNO-MLMA) for the adaptive control of a LEGO 

Mindstorms self-balancing two-wheel NXT robot has been 

presented, implemented and demonstrated in this paper with 

proven results. 

The OWA-MLMA based on AGNA is a much more im-

proved version of the batch off-line Levenberg-Marquardt 

algorithm (LMA). The OWA-MLMA based on AGNA is 

updated recursively as new experimental data are acquired 

online while old data are discarded which makes it suitable for 

online neural network training for nonlinear model identifi-

cation that can be used to design adaptive controllers online. 

The NAPC based on FNNO-MLMA ensures the online 

adaptive selection of the search direction for guaranteed sta-

bility and positive definitiveness of the second-order deriva-

tive of the nonlinear optimization for online nonlinear adap-

tive controller design. 

The developed neural network-based OWA-MLMA based 

on AGNA for model identification combined with the NAPC 

based on the FNNO-MLMA have online learning, adaptation, 

and fault tolerant capabilities as demonstrated in this work. 

Thus, the combined algorithms can dynamically adapt to 

changes in time-varying nonlinear systems under different 

operating conditions. 

Furthermore, the sampling time of the NXT robot is 0.5 

second and/or with/without noise and disturbances. The av-

erage computation time for the combined OWA-MLMA 

based on AGNA and NAPC based on FNNO-MLMA for 

serial and parallel implementation are approximately 31.5259 

and 4.4117 seconds respectively at each identification and 

control sampling instant. The combined algorithms are exe-

cuted on an Intel® Core™ 2 Quad CPU running at 2.66 GHz. 

Note that none of the serial or parallel implementation meets 

the sampling time of 0.5 seconds for the NXT robot. Thus, the 

parallel implementation of the combined identification and 

control strategies on real-time embedded multiprocessor 

systems such as field programmable gate array (FPGA) is 

recommended so that the combined algorithms can be com-

puted much under the sampling time of the NXT robot. 

Abbreviations 

AFPE Akaike’s Final Prediction Error 

AGNA Approximate Gauss-Newton Algorithm 

BPA Back-propagation Algorithm 

FNNO Full-Newton Nonlinear Optimization 

INCBP Incremental Back-propagation 

LMA Levenberg-Marquardt Algorithm 

MLMA Modified Levenberg-Marquardt Algorithm 

MBPC Model-base Predictive Control 

MPI Minimum Performance Index 

MRAC Model Reference Adaptive Control 

NAPC Nonlinear Adaptive Predictive Control 

NN Neural Network 

NNARMAX Neural Network Nonlinear Autoregressive 

Moving Average with Exogenous Input 

OWA Open-window-approach 

PID Proportional-integral-derivative 

TSE Total Square Error 
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