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Abstract—This paper develops a new model-free control 

scheme based on artificial neural networks (ANN) for 

trajectory tracking applied on industrial manipulators. This 

scheme is developed to control arm robot manipulator without 

calculate the model parameters or dynamics, and use the online 

identification instead. The scheme consists of three parts. These 

parts are inverse identification part, ANN controller and linear 

controller. Inverse dynamics of the manipulator is identified by 

recurrent ANN that gives the identified torque. The ANN 

controller works on controlling the arm robot depends on the 

identifying torque. The linear controller designed for trajectory 

tracking error regulation. The identification and control ANN 

work together to improve the response of the linear controller. 

A simulated two-link arm robot is used to apply the control 

scheme on it. The scheme verified by mass variation. A 

comparison between the response of the manipulator with 

linear controller only and with the fully scheme has been 

carried out. The results show that adding the identification and 

control ANN improve the results of the linear controller. 

 
Index Terms—Industrial robots, ANN, online identification,  

neural control, parametric and payload uncertainty. 

 

I. INTRODUCTION  

Theoretically speaking, for joint trajectory tracking control 

of an industrial robot, dynamic model based control system 

methods can be used. System implementation, however, is 

difficult to perform because of the existence of the 

uncertainties in the parameters in the dynamics and in the 

formulation of the dynamics itself. On the other hand, PID 

controllers are usually built-in in almost all industrial robot 

manipulators. As the significant drawback, however, it is 

well known that PID control cannot guarantee precise 

tracking results for given dynamic trajectories since such the 

control system is essentially driven by trajectory errors 

themselves. Some approaches for approximating part of 

dynamics of a robot by using neural network technology have 

been proposed instead of the dynamic model based control 

[1].   

The feasibility of using an ANN for controlling an 
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unknown dynamical plant is investigated. A layered neural 

network is employed to learn the inverse dynamics of the 

unknown dynamical plant and acts as a feed forward 

controller to control the plant. This inverse dynamics is 

represented by the connection weights between the layers; 

these weights are adjusted based on the difference between 

the actual control input to the plant and the estimated input 

for achieving an actual plant output according to the 

inverse-dynamics model [2], [3]. 

Using ANN direct to control arm robot need calculation of 

the robot matrices in the learning law of the ANN and this 

make the controller depend on the dynamic model of the Arm 

robot [1]. To solve this problem we use another ANN to make 

identification of the inverse dynamics of the robot and use its 

output to learn the ANN of control without using the arm 

robot model. The identification ANN in our model works 

online identification. Then it doesn’t need any previous data 

about the system. So many schemes used to make a robot 

control using ANN with identification [4], [5]. 

In this study we use ANN to learn the inverse dynamics of 

the robot arm and then use the output to train the ANN to 

control it is a solution to make controller independent on the 

model of the arm robot with its uncertainty and noisy. This 

controller is simulated on two-link arm robot and the results 

shown in the paper. 

The paper outlined as follows: in Section II, the robot 

model and nominal value of its parameter are introduced. 

Section III explains the idea of the control scheme. Section 

IV explains in details the using of ANN as identification and 

as a controller with their equations. Section V shows the 

simulated results with a comparison between using linear 

controller only and after adding the ANN. Finally some 

concluding remarks are given in Section VI.   

 

II. ROBOT MODELING 

Without the loss of generality, we take the two-link rigid 

robot shown in Fig. 1, as an example to demonstrate the 

proposed control scheme. The inverse dynamic model is 

expressed as [6]-[8]:  

)(),()(  GCMu                  (1) 

where 
nR  is the joint angular position vector of the 

robot; 
nRu  is the vector of applied joint torques (or 

forces); 
nnRM )(  is the inertia matrix, positive definite; 

nRC  ),(  is the effect of Coriolis and centrifugal 

torques; and 
nRG )(  is the gravitational torques. The 

physical properties of the above model can be found in [9].   
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The dynamic equation for the robot shown in Fig. 1 can be 

rewritten as:  
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where 
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The nominal parameters of the two-link manipulator are 

chosen as follows:  

kgm  51  , kgme  5.2 , ml  0.11  , mlc  5.01  , mlce  5.0 , 

030e , 
2

1  36.0 kgmI  , 
2 24.0 kgmIe  . 

 

Fig. 1. An articulated two-link manipulator. 

Position control, or also the so-called regulation problem is 

one of the most relevant issues in the operation of robot 

manipulators. This is a particular case of the motion control 

or trajectory control. The primary goal of motion control in 

joint space is to make the robot joints track a given 

time-varying desired joint position,
Tddd ],[ 21   . 

Several control architectures related to robot control can be 

found in literature ranging from the simple PD, learning 

based, adaptive, and adaptive/learning hybrid controllers [9], 

[10]. The main advantage of the PD controller is that it can 

easily be implemented on simple microcontroller 

architectures. On the other hand, the performance obtained 

from PD controllers is not satisfying for most of the sensitive 

applications [11]. Most of the other aforementioned types of 

controllers suffer from the complexities and the huge number 

of calculations needed to be carried out online.  

 

III. IDEA AND OBJECTIVES  

Artificial neural network (ANN) is used to get a controller 

of arm robot manipulator independent in the model of the 

robot. That can be made by using ANN to identify the robot 

inverse dynamics and other ANN control the system in 

parallel with a linear controller as shown in Fig. 2. The 

identification ANN gets the estimated input torque and edit 

by the actual input torque from the controllers. The controller 

ANN gets the required torque and edited by the output of the 

inverse dynamics from the ANN of identification. The linear 

control with manifold is used to get higher accurate and 

ensure in the stability of the system. 

Trajectory tracking simulation test has been made for 

verifying the control scheme. The results are compared with 

the results of using the linear controller only. In order to 

observe how the controller behaves in the presence of various 

uncertainties and noisy parameters variation is used [6].   

 
Fig. 2. Block digram of the control scheme. 

 

IV. ANN CONTROL SYSTEM DESIGN 

A. ANN of the Inverse Dynamics Identification 

An online identification of the inverse dynamics of the arm 

robot is made by multilayer ANN shown in Fig. 3. The 

identified torque, id, get from the ANN by the equation: 

𝜏𝑖𝑑 = 𝑉 ∗ 𝑓( 𝑊 ∗ 𝑄𝑛)                          (2) 

where the input is:  

𝑄𝑛 = [ 𝜃1 ; 𝜃2;  ⋯ 𝜃𝑛 ;  𝜃 ∙
1 ; 𝜃∙

2;  ⋯ 𝜃 ∙
𝑛 ]   𝑅2𝑛   (3)    

where n is the number of joints in the arm robot. W is the 

weight matrix for the input layer and V is the weight matrix 

for the output layer. The activation function which used in the 

hidden layers is: 

𝑓(ℎ) = 𝑡𝑎𝑛ℎ(ℎ)                           (4)  

where  

ℎ =  𝑊 ∗ 𝑄𝑛                                (5) 

The back propagation algorithm used for training the ANN 

and the error denote by:  
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𝐸 =
1

2
(𝜏 − 𝜏𝑖𝑑)2                            (6) 

 

Fig. 3. Block diagram of the identification ANN. 

B. ANN of the Control  

This ANN, that shown in Fig. 4, takes online training on 

the estimated torque required to the robot arm. This estimated 

torque comes from the identification ANN and the error now 

is: 

 

𝐸 =
1

2
(𝜏𝑖𝑑 − 𝜏𝑛)2                              (7) 

 

Fig. 4. Block diagram of control ANN. 

And the other details of this ANN are the same as the 

previous one. 

C. Linear Controller  

For tracking planned joint trajectories, we design a 

manifold to describe the desired tracking performance of the 

robot as 

𝑆 = 0                                      (8) 

where 𝑺 =  �̇� +   𝒆  ,   𝒆 =  𝜽 − 𝜽𝒅  , and  �̇� =  �̇� −  �̇�𝒅  

𝜽𝒅  and �̇�𝒅  are the planned joint trajectories,   ∈ 𝑹𝒏×𝒏   

selected positive constant matrix.  

𝜏𝑙  is control input of the linear controller, and can be 

simply described as :- 

𝝉𝒍 =  −𝒌 𝑺                                  (9) 

where  𝒌 ∈ 𝑹𝒏×𝒏 is a positive-definite gain matrix [1]. 

Then the total input torque from the control scheme is:  

𝝉 =  𝝉𝒏 +  𝝉𝒍                                (10) 

V. RESULTS AND DISCUSSIONS 

Simulation is used to show the effect of the ANN scheme 

in control two link arm robot shown in section II. A 

comparison between the results of the linear control only and 

ANN scheme is shown in the figures. Fig. 5 shows the desired 

trajectory for 𝜃1, 𝜃2 respectively and the response of them 

using the linear controller only in Fig. 5 (b, d) and using ANN 

control scheme in Fig. 5 (a, c). Fig. 6 shows more clearly a 

comparison between the trajectory tracking error of the two 

joints 𝑒1, 𝑒2  using the linear controller only Fig. 6(b) and 

using ANN control scheme Fig. 6(a). The error tracking in 

Fig. 6 shows that the linear controller has an oscillatory error 

and after using ANN control scheme the error near to zero. 

Fig. 7 (a) shows the effect of adding ANN controller on the 

torque input compared with the torque input using linear 

controller only showed in Fig. 7(b). These figures show that 

adding the ANN control scheme improve the response of the 

two joint by decreasing the trajectory tracking error appears 

in Fig. 6. 

Another simulation is used to show the effect of the mass 

variation on the results of the system. Fig. 8 shows the mass 

variation of the two masses m1 and me. It is assumed that 

they vary randomly with time every 0.3 s. The mass of the 

base link m1 varies in the range of 5  7 kg (the nominal 

mass is 5 kg) and the mass of the elbow link me varies in the 

range of 2  5 kg (the nominal mass is 2.5 kg). Fig. 9 shows 

the trajectory tracking error in the two joints according to the 

desired trajectories and the response of the joints shown in 

Fig. 10. Fig. 11 (a) shows the effect of adding ANN controller 

on the torque input compared with the torque input using 

linear controller only showed in Fig. 11 (b).  These figures 

show that using the ANN controller in our scheme improved 

the response of the linear controller and it can work within 

mass variation. 
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Fig. 5. The first joint  response and error (a) using ANN controller; (b) 

using linear controller only and the second response and error; (c) using 

ANN controller; (d) using linear controller only. 

 

 
Fig. 6. Tracking error of the two joints (a) using ANN controller; (b) 

using linear controller only. 

 

 
Fig. 7. (a) The total input torque of the linear and ANN controllers; (b) 

The input torque when using the linear controller only. 

 

 

Fig. 8. (a) Mass variation of the two links (m1, me) in the ANN 

controller test; (b) mass variation of the two links (m1, me) in the linear 

controller test. 

 

 
Fig. 9. Tracking error of the two joints in mass variation test (a) using 

ANN controller; (b) using linear controller only. 
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Fig. 10. Joint 1 response and error in the mass variation test  (a) using 

ANN controller; (b) using linear controller only and Joint 2 response 
and error; (c) using ANN controller; (d) using linear controller only. 

 

 
Fig. 11. The total input torque in tha mass variation test using (a) linear 

and ANN controllers; (b) The input torque when using the linear 
controller onlly. 

 

VI. CONCLUSION 

An ANN identification and control scheme is developed 

for a model-free arm robot control. The scheme depends on 

two ANN and linear control to control the arm robot without 

using the model dynamics or parameters. The first ANN 

work as an inverse dynamic identification of the arm robot 

and the second ANN work as a controller for the arm in 

parallel with the linear controller. The identification ANN is 

trained by the total input torque and gives the estimated 

torque required to control it. The control ANN is trained by 

the estimated torque required that given by the identification 

ANN and feed a control signal that add to the linear control 

signal. The linear controller is required to save the stability of 

the arm robot.  

The scheme is applied on a simulated complex model of 

two link arm robot with a payload and the results are 

compared with the results of using linear controller only. The 

results show that adding ANN controller has a clear effect on 

the tracking error. Using the ANN scheme improves the 

linear controller response. Searching in this trend will lead to 

generate a general controller that can control any system 

independent to its model. 
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