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Abstract—Delta robots have been successfully researched 

and manufactured in many countries. In this paper, the 

authors will research and compare many different 

controllers to control the delta robot so that it works 

stability when changing the working speed and load. The 

regression fuzzy neural network along with PID controller 

(RFNNC-PID) is used to observe the output error 

parameters of the robot through the identifier to update and 

adjust the optimal input parameters to control the robot, 

contributing error reduction of the closed-loop control 

system. The advantage of this controller is that it does not 

care about the robot's mathematical model and the RFNNC-

PID controller has been successfully simulated by the 

authors in MATLAB/Simulink through the robot's 

trajectory control. The proposed controller will be 

compared to the single neuron PID controller and the 

traditional PID controller in MATLAB/Simulink. The 

simulation results show that the proposed controller is 

better than the single neuron PID controller and the 

traditional one with obtaining response time about 3.8 ± 0.1 

(s) and without steady-state error.  

 

Index Terms—Delta robot, single neural PID, recurrent 

fuzzy neural network, Identifier, trajectory tracking. 

 

Symbol Unit Meaning 

1 2 3
, ,    rad/s Angles the upper leg of the robot 

1 2 3
, ,   rad/s Passive angles determine the position 

of the connection points  

R m Radius of the fixed plate 

r m Radius of the moving plate 

L1 m Length of upper arm 

L2 m Length of upper arm 

m1 kg Mass of upper arm 

m2 kg Mass of lower arm 

mP kg Mass of the moving plate 

O m The center of the fixed plate 

P m The center of the moving plate 

Ai m The connection point of the upper legs 

                                                           
Manuscript received November 16, 2020; revised March 25, 2021. 
(*) Corresponding author: Chi-Ngon Nguyen, Can Tho University, 

Email: ncngon@ctu.edu.vn 

with the fixed plate 

Bi m The connection point of the upper legs 

with the lower legs 

Di m The connection point of the lower legs 

with the moving plate 

 

Abbreviation 

PID Proportional Integral Derivative 

DOF Degrees of freedom 

RFNNC Recurrent Fuzzy Neural Network Controller 

RFNNI Recurrent Fuzzy Neural Network Identifier 

I. INTRODUCTION 

Parallel robot is a kind of closed multi-loop 

mechanism and is widely used in industrial fields thanks 

to its high rigidity, high precision and outstanding weight 

and load ratio [1], [2]. Parallel Delta robot was adopted in 

many complex fields, for example: microelectronics [3], 

[4], medicine [5], [6], logistics intelligence [7], [8], and 

3D printing [9], [10]. In those complex applications, the 

high-precision control of Delta parallel robots has 

become an important issue for researchers. One of these 

studies is the PD and LQR controllers presented by Joao 

Fabian [11]. In this paper, Joao Fabian used embedded NI 

my RIO hardware programmed in LabView software to 

compare the two PD controllers and LQR robot trajectory 

controllers. The nonlinear PID shown by the HAN [12] is 

used to replace increment scheduling with a nonlinear 

gain function by introducing a continuous dynamic 

nonlinear function to achieve better noise cancel-lation 

and better tracking, this is achieved by the synthesis of a 

function consists of a linear function close to zero error 

and a nonlinear function far from zero error. The third 

technique is using a PD controller with intelligent 

compensation that is used to solve the trap trajectory 

tracking for a parallel delta robot with three degrees of 

freedom presented by Ahmed Chemori [13]. Ahmed 

Chemori tested a PID controller that performs the 
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reference trajectory tracking of a real delta robot with 

extremely high acceleration up to 100 G as shown in [14] 

Recently, several controllers are proposed to control 

the parallel robot. In [15], R. Anoop and K. Achu 

designed and verified the performance of the adaptive 

PID driving a parallel Delta controller. In that work, the 

controller was able to track the desired trajectory without 

any discouragement. In [16], Zhang et al. studied the 

problem of dynamic control for redundantly actuated 

planer 2-DOF parallel manipulator. The work proposed 

an augmented PD controller based on the forward 

dynamic compensation control technique, which showed 

better performance when compared to conventional PD 

controls. In [17], Hussein Saied et al. proposed different 

model-based (augmented PD and adaptive feedforward 

with PD) controllers and non-model-based (PD, PID, and 

nonlinear PD) controllers for a 4-DOF parallel VELOCE 

robot. Experimental results indicated that the nonlinear 

control method can achieve a superior performance [18]. 

Su et al. developed a nonlinear proportional integral 

derivative algorithm in link space to achieve high 

precision tracking control for a general 6-DOF parallel 

manipulator. 

The PID controllers have been successfully developed 

for 6-DOF robots. However, when changing robot’s 

parameters such as load, input coupling and friction, the 

PID controllers are difficult to archive control criteria by 

their fixed parameters. So that, the neural networks and 

fuzzy logic are applied to improve controlling of Delta 

robot [19]. The RFNN controllers and identifiers have 

been developed and applied for nonlinear systems [20-24]. 

During control process, the RFNN identifier can estimate 

the object's sensitivity, called Jacobian information. That 

information is used for online training the RFNN 

controller. Therefore, by using RFNN, the control 

technique is flexible to adjust its parameters online 

adapting to the control conditions. 

In this paper, the group of authors makes two main 

contributions. Firstly, the team set up the motion equation 

of the parallel delta robot (including the equations of the 

forward kinetics, the reverse kinetics, the delta robot 

dynamics) and successfully simulated the motion 

equations of the delta robots on MATLAB / Simulink. 

Secondly, the optimal RFNNC-PID is built and 

successfully simulated to control the trajectory of the 

delta robot on an ellipse curve and eight curve in 

MATLAB / Simulink and make sure this trajectory is 

always stable with the changes of control conditions. 

This paper is organized consists of five sections. An 

introduction is Section I; Section II presents the construct 

mathematical models of the 3-DOF delta robot; trajectory 

tracking control of the 3-DOF delta robot is presented in 

Section III; compare the simulation results of the three 

controllers are presented in Section IV and Section V is 

the conclusion. 

II. CONSTRUCT MATHEMATICAL MODELS OF THE 3-

DOF DELTA ROBOT 

A. Kinetic Models of the 3-DOF Delta Robot 

The dynamics of the delta robot are shown in Fig. 1 

which consists of two equal triangles (fixed plate and 

movable plate). 

 

Figure 1. Rotation angle and position of delta robot. 

The common angles are 
1 ,

2 ,
3 , the point P is the 

end point location with coordinates (xP, yP, zP). To 

calculate the inverse kinetics of delta robot, we have to 

know in advance the position of the end point P(xP, yP, 

zP), from there we go back to the opposite angle 
1 ,

2 ,

3 . Conversely, to find the forward dynamics of delta 

robot, we have to know the angles in advance, and then 

we find the endpoint position P (xP, yP, zP) 

1) Reverse kinetics of delta robot 

The reverse kinetics in this paper require to obtain the 

desired angular position of the actuator given the desired 

endpoint of the effect in Cartesian space. This is a 

geometrical method, so weight and moment of inertia are 

not considered during modeling. 

The physical geometry and the real robotic delta model 

are shown in Fig. 2 

 

 
The geometrical shape of the delta 

robot 

 
Realistic delta robot model 

made by authors 

Figure 2. The physical geometry and the real robotic delta model. 

In Fig. 2: R is the radius of the fixed plate, r is the 

radius of the moving plate, f represents the length of the 

equilateral triangle of the upper platform, e is the length 

of the equilateral side of the lower-moving disc, L1 the 

upper leg length, L2 length of the lower leg, 

 , ,P P PP x y z  is the center of the low-moving disc, 

 
1 1 11 , ,D D DD x y z is the midpoint of the equilateral triangle 

of the lower-moving disc, and D1 is the connection point 

of the lower leg to the motion plate, 0 (0,0,0) is the center 

of the top fixed plate, the point A1 is the midpoint of the 

equilateral triangle of the top fixed plate, and A1 is the 

connection point of the upper leg to the fixed plate. The 

P (xP, yP, zP) 
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angles 
1
 ,

2
 ,

3
 , are the driving angles of the three 

mechanical arms, point B1 is the intersection point 

between the upper leg and the lower leg of the delta robot. 

Due to the structure of the delta robot, A1B1 can only 

rotate around the YZ axis to form a circle with the 

center point A1 and radius L1. In contrast to A1B1, point D1 

is seen as a composite joint, meaning that D1B1 can rotate 

freely depending on point D1 forming a sphere with 

center D1 and radius L2. 

The intersections between a sphere and a circle are 

shown in Fig. 3 

 

 

Figure 3. The geometric intersection between a sphere and a circle. 

In the Fig. 3 points D’1 is the projection of point D1 on 

the YZ plane. The point B1 can be found at the 

intersection point of two circles C1 and C2 with the 

centers are A1 and D'1 respectively, and the radius L1 and 

D'1B1 respectively, if we find B1 then we can Calculates 

the rotation angle of the robot and B1 is found the 

following circle formulas 

Equation of the circle C1: 

      
1 1 1 1 1 1

2 2
2

1B A B A B Ax y y y z z L       (1) 

With points 
1 0, ,0

2 3

f
A
 
 
 

 and  
1 11 0, ,B BB y z  are 

found from Fig. 3, then deduced: 

  
1 1

2

2 2

1
2 3

B B

f
y z L

 
   

 
             

Equation of the circle C2: 

       
1 1 1 1

2 2 22 2 '

' ' 1 1 2 1 1'B D B Dy y z z D B L D D       (2) 

With points '

1 x , y ,z
2 3

P P P

e
D
 

 
 

 and 
'

1 1 PD D x  , 

then deduced: 

         
1 1

2
2

2 2

2
2 3

B P B P P

e
y y z z L x

 
      

 
         

We need to find the point  
1 11 0, ,B BB y z  through 

equations (1) and (2), and if we know in advance the 

location of the endpoint  , ,P P PP x y z , then we find the 

angle 
1
  as shown in Fig. 4 

 

Figure 4. The YZ-axis and basic dimensions for finding angle θ1. 

From Fig. 4 we have:   

  

 
1

11

1  arctan ?
B

BA

z

y y


 
 
 
  


  (3) 

Solving equations (1) and (2) and then substituting (3) 

we find the angle
1
 . 

Due to the algebraic simplicity is a good choice of the 

reference frame: A1B1 joint moves in the YZ-axis, so we 

can completely ignore the X axis. To take advantage of 

this for the rest we find the angle 
2

  and 
3

 , and since the 

symmetry of the delta robot is used, let's first rotate the 

system coordinates in the XY plane around the Z-axis 

through an angle of -120 degrees counterclockwise as 

shown in Fig. 5 to get the angle 
2

 , and we continue to 

rotate the system coordinates in the XY plane around the 

Z-axis through an angle of +120 degrees clockwise as 

shown in Fig. 5 so we get the angle 
3

  

 

Figure 5. Symmetrical rotation and coordinates of delta robot. 

Rotate anticlockwise at an angle -120
0
  then 

1
 →

2
  ; 

A1→ A’1 and B1→ B’1 

Rotate clockwise at an angle  +120
0
  then  

1
 →

3
  ; 

A1→ A’’1 and B1→ B’’1 

We have the following axis conversion formula: 

  

   

   

0 0

0 0

cos 120 sin 120

sin 120 cos 120

i

P P P

i

P P P

i

P P

x x y

y y x

z z

   

  



 (4) 
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With i = 2, 3 

From the axis conversion formula we deduce the 

formula of angle 
2

  as follows: 

 

   

   

2 0 0

2 0 0

2

cos 120 sin 120

sin 120 cos 120

P P P

P P P

P P

x x y

y y x

z z

   

   



          (5) 

With i = 2, Similar to finding angle 
1
 , we substitute (5) 

into (1) and (2) and solve the solution for solution, then 

we replace the solution we just found in (6) we find angle 

2
  : 

 
 

1

1 1

'

2

' '

arctan
B

A B

z

y y


 
 
 
 

 (6) 

We have the following formula for changing the axis 

of angle 
3

 : 

 

   

   

3 0 0

3 0 0

3

cos 120 sin 120

sin 120 cos 120

P P P

P P P

P P

x x y

y y x

z z

 

 



 (7) 

With i = 3          

We substitute (7) into (1) and (2) and solve the 

solution for solution, then we replace the solution we just 

found in (8) we find angle 
3

  

 
 

1

1 1

''

3

'' ''

arctan
B

A B

z

y y


 
 
 
 

 (8) 

Constructing the inverse kinetic block of the delta 

robot in Simulink by giving the endpoint position 

 , ,P P PP x y z , we will find the angles 
1
 ,

2
 ,

3
 of the 

delta robot through the formulas (3), (6) and (8). 

2) The forward kinetics of delta robot 

A forward motion is used to reach the end position 

using the upper leg angles. The representative geometry 

of a robot leg is shown in Fig. 6 [25] 

 

Figure 6. Geometrical parameters of a robotic delta leg. 

From Fig. 7, we have a global variable like this: 

i m  ,    eff iD n   

2i iB D L  ,      
1i iB L   

where point i ∈ {1, 2, 3} refers to pins on 1, 2, 3 and Σ is 

the global reference system, Σi is the reference system for 

the above pins, Σeff is the reference system for the end 

points, Bi is the connection point between the upper and 

lower legs, Di is the connection point between the lower 

leg and the fixed plate,
i  are the angles of the upper legs 

and 
i

  are the angles separating each upper leg and the 

XY plane. 

Lower leg length can be calculated using the following 

vector relation: 

                          
i i i iD B D B                             (9) 

Equation (9) can be written in terms of the geometrical 

length of the robot and the position Di with due the 

correlation to reference Σ, as follows: 

 

 

 

 

 
1

1

cos cos

0 sin

sin 0

i

i i

i

Di n i

i i n i D

i D

xL

D B R y

L z

 







    
    

        
    

      

 (10) 

Inside, Δn = m - n and  
i

R is the rotation matrix 

between the Σi and Σ of the reference system 

The 
i

R contained in the equation (10) is bound by the 

following length: 

 
2 2

2i iD B L , with i =1,2,3      (11) 

Equation (11) is rewritten as follows: 

       
2 2 2

2

2i i i i i iD B D B D Bx x y y z z L            (12) 

With i = 1, 2, 3 

Substituting equation (12) for (10) gives the following 

formula: 

 

    

    

 

1

1

1

cos cos

cos sin

sin

i

i

i

B n i i

B n i i

B i

x L

y L

z L

 

 



   

   



            (13) 

From equation (13), if we give the angles 
i

  and 
i  

then we will find the position  
1 1 11 , ,B B BB x y z  of delta 

robot. After finding the point  
1 1 11 , ,B B BB x y z  from 

equation (13), then we replace equation (12) solve 

equation finding for point  
1 1 11 , ,D D DD x y z , we deduce 

the end point location  , ,P P PP x y z  

Constructing the forward kinetic block of the delta 

robot in Simulink by giving the corners 
1
 ,

2
 ,

3
  of the 

delta robot, we will find the endpoint position 

 , ,P P PP x y z  of the delta robot through the formulas (12) 

and (13). 
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B. Dynamic Model of a 3-DOF Delta Robot 

The best model for a 3-DOF delta robot is a system of 

rigid bodies connected by joints. The parallelogram 

mechanisms that connect the driving links to the mobile 

platform are modeled as homogeneous rods with 

universal and spherical joints at two ends. By using this 

model, the robot is seen as a multibody system with seven 

bodies: three legs each leg having two links and the 

mobile platform. The calculating models are shown in Fig. 

7 [21], [27].  

 

 

Figure 7. Calculating models of a 3-DOF delta robot [21]. 

Putting 
i ,  i = 1, 2, 3 be the driving angles of the 

actuated links;
1

 ,  i = 1, 2, 3 be the passive angles that 

determine the position of the connecting rods; and 

 , ,
T

P P PP x y z  be the position of the center of mass of 

the mobile platform. Hence, the position of robot is 

determined by the generalized coordinates: 

  𝑞 = [𝜃1 𝜃2 𝜃3 𝑥𝑃 𝑦𝑃 𝑧𝑃] 

Set the differential equation of motion of the 3-DOF 

delta robot 

The motion equation is established by using the 

Lagrange formula: 

𝑑

𝑑𝑡
(
𝜕𝑇

𝜕�̇�𝑘
) −

𝜕𝑇

𝜕𝑞𝑘
= 𝑄𝑘 −∑ 𝜆𝑖

𝜕𝑓𝑖

𝜕𝑞𝑘
(𝑘 = 1,2, … . ,𝑚)𝑟

𝑖=1  (14)  

where qk is the extrapolation coordinates of the robot, fi is 

the linking equations, Qk is the extrapolation force, i is 

the Lagrange factor. With this model, the vector of 

extrapolation coordinates 6
R  and the number of 

associated equations is three, so m = 6, r = 3. We divide 

the forces acting on the robot into potential forces and 

forces without potential energy, the extrapolation force 

Qk is calculated as follow 

   np

k k

k

Q Q
q


 


 (15) 

In it 
np

kQ are extrapolation forces corresponding to 

forces that are not possible. Virtual power of 

extrapolation is not so: 

 𝛿𝐴 = 𝜏1𝛿𝜃1 + 𝜏2𝛿𝜃2 + 𝜏3𝛿𝜃3 (16) 

So we have: 1 1 2 2 3 3, ,np np npQ Q Q     , cases 0np

kQ 

with k = 4, 5, 6. Substituting kinetic expressions, 

potentials and equations into equation (14), we get the 

motion equation of the robot as the system. The 

differential equation-algebra is as follows: 

 (𝐼𝐼𝑦 +𝑚𝑏𝑙1
2)�̈�1 = 𝑔𝑙1 (

1

2
𝑚1 +𝑚𝑏) 𝑐𝑜𝑠 𝜃1 + 𝜏1  

 −2𝜆1𝑙1 (
𝑠𝑖𝑛 𝜃1 (𝑅 − 𝑟) − 𝑐𝑜𝑠 𝛼1 𝑠𝑖𝑛 𝜃1 𝑥𝑝
−𝑠𝑖𝑛 𝛼1 𝑠𝑖𝑛 𝜃1 𝑦𝑝 − 𝑐𝑜𝑠 𝜃1 𝑧𝑝

)  (17) 

 (𝐼𝐼𝑦 +𝑚𝑏𝑙1
2)�̈�2 = 𝑔𝑙1 (

1

2
𝑚1 +𝑚𝑏) 𝑐𝑜𝑠 𝜃2 + 𝜏2  

 −2𝜆1𝑙1 (
𝑠𝑖𝑛 𝜃2 (𝑅 − 𝑟) − 𝑐𝑜𝑠 𝛼2 𝑠𝑖𝑛 𝜃2 𝑥𝑝
−𝑠𝑖𝑛 𝛼2 𝑠𝑖𝑛 𝜃2 𝑦𝑝 − 𝑐𝑜𝑠 𝜃2 𝑧𝑝

) (18) 

 (𝐼𝐼𝑦 +𝑚𝑏𝑙1
2)�̈�3 = 𝑔𝑙1 (

1

2
𝑚1 +𝑚𝑏) 𝑐𝑜𝑠 𝜃3 + 𝜏3  

 −2𝜆3𝑙1 (
𝑠𝑖𝑛 𝜃3 (𝑅 − 𝑟) − 𝑐𝑜𝑠 𝛼3 𝑠𝑖𝑛 𝜃3 𝑥𝑝
−𝑠𝑖𝑛 𝛼3 𝑠𝑖𝑛 𝜃3 𝑦𝑝 − 𝑐𝑜𝑠 𝜃3 𝑧𝑝

) (19) 

(𝑚𝑝 + 3𝑚𝑏)�̈�𝑝 =  

 −2𝜆1(𝑐𝑜𝑠 𝛼1 (𝑅 − 𝑟) + 𝑙1 𝑐𝑜𝑠 𝛼1 𝑐𝑜𝑠 𝜃1 − 𝑥𝑝)  

 −2𝜆2(𝑐𝑜𝑠 𝛼2 (𝑅 − 𝑟) + 𝑙1 𝑐𝑜𝑠 𝛼2 𝑐𝑜𝑠 𝜃2 − 𝑥𝑝) (20) 

 −2𝜆3(𝑐𝑜𝑠 𝛼3 (𝑅 − 𝑟) + 𝑙1 𝑐𝑜𝑠 𝛼3 𝑐𝑜𝑠 𝜃3 − 𝑥𝑝) 

(𝑚𝑝 + 3𝑚𝑏)�̈�𝑝 =  

 −2𝜆1(𝑠𝑖𝑛 𝛼1 (𝑅 − 𝑟) + 𝑙1 𝑠𝑖𝑛 𝛼1 𝑐𝑜𝑠 𝜃1 − 𝑦𝑝)  

 −2𝜆2(𝑠𝑖𝑛 𝛼2 (𝑅 − 𝑟) + 𝑙1 𝑠𝑖𝑛 𝛼2 𝑐𝑜𝑠 𝜃2 − 𝑦𝑝) (21) 

 −2𝜆3(𝑠𝑖𝑛 𝛼3 (𝑅 − 𝑟) + 𝑙1 𝑠𝑖𝑛 𝛼3 𝑐𝑜𝑠 𝜃3 − 𝑦𝑝) 

(𝑚𝑝 + 3𝑚𝑏)�̈�𝑝 =  

 −(3𝑚𝑏 +𝑚𝑝)𝑔 + 2𝜆1(𝑧𝑝 + 𝑙1 𝑠𝑖𝑛 𝜃1) (22) 

 +2𝜆2(𝑧𝑝 + 𝑙1 𝑠𝑖𝑛 𝜃2) + 2𝜆3(𝑧𝑝 + 𝑙1 𝑠𝑖𝑛 𝜃3) 

  

  

 

2
2

1 1 1 1 1

2

1 1 1 1

2

1 1

cos coscos

sin

sin 0p

p

p

l R r l x

R r l y

zl

  

  



   

 





 

  

 

  

  

 

2
2

2 2 1 2 2

2

2 1 2 2

2

1 2

cos cos

sin cos (24)

cos

sin

sin 0p

p

p

l R r l x

R r l y

zl

  

  



   

 





 

  

  

  

  

 

2
2

3 3 1 3 3

2

3 1 3 3

2

1 3

cos cos

sin cos (25)

cos

sin

sin 0p

p

p

l R r l x

R r l y

zl

  

  



   

 





 

   

From the motion equations of the parallel robot (17) to 

(25), according to the proposal [21], [26], [27] we will 

construct the model of the 3-DOF Delta robot in 

MATLAB/Simulink. 
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III. TRAJECTORY TRACKING CONTROL OF THE 3-DOF 

DELTA ROBOT 

A. Delta Robot Control Using a Single Neuron PID  

The control system for a robot arm is presented in Fig. 

8 

 

Figure 8. Controller structure [21]. 

The reference signal yref is the rotation angle of the 

upper three arms of the robot is sent to three adders 

giving three error signals e1, e2, e3 to three PID controllers 

one neuron, the output of three the controller was inserted 

into Tau1, Tau2, Tau3 of the 3-DOF Delta Robot. At the 

same time, three RFNN identifiers will observe three 

outputs of three single-neuron PID controllers and three 

output signals y (theta1, theta2, theta3) of delta robot, 

each RFNN identifier will train the parameter Jacobian 

returned three single-neuron PID controllers to 

continuously update the KP, KD, and KI parameters of the 

three controllers to control the delta robot following 

the reference signal yref presented by the authors in [21] 

B. The 3-DOF Delta Robot Control Using RFNNC-PID 

1) The 3-DOF delta robot RFNN identifier 

The identifier is shown in Fig. 9 that consists of 4 

layers, with a 2-node input layer, a 10-node fuzzy layer, a 

25-node fuzzy rule, and a 1-node output layer [28]-[32]. 

 

 

Figure 9. Delta robot model in MATLAB/Simulink. 

Layer 1 (Input layer): This layer takes the input 

variables and passes the input values to the next layer. 

Feedback lines are added in this layer to embed time 

relations into the network. The output of layer 1 is 

represented as (26): 

      1 1 1 1 , 1,2k

i i i iO k x k O k i     (26)  

With 
1

i
  is the connection weight at the current time k. 

The input of the corresponding RFNN is the current 

control signal and the past output of the response: 

        1 1

1 2, 1x k u k x k y k     (27) 

 

Figure 10. Structure of four-layer RFNN. 

Layer 2 (Fuzzy layer): This layer consists of (2x5) 

nodes, each node representing a related function of the 

Gaussian form with mean value mij and standard 

deviation σij, and defined as (28). 
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   (28) 

At each node on the fuzzy layer, there are 2 parameters 

that are automatically adjusted during the online training 

of the RFNN identifier, that is mij and σij. 

Layer 3 (Rule layer): This layer provides fuzzy 

inferences. Each node corresponds to a fuzzy rule. The 

link before each node represents the prerequisites of the 

respective rule. The qth the fuzzy law can be described: 

    3 2 , 1,2,...,5; 1,2,...,5q iq i
ii

O k O k i q    (29) 

Layer 4 (Output layer): This layer includes 1 linear 

neuron with the defined output as follows: 

    4 4 3 , 1; 1,2,...,25i ij j
j

O k w O k i j    (30) 

where 4

ijw is the connecting weights from 3rd layer to 4th 

layer. The output of this layer is also the output of the 

RFNN: 

 𝑂1
4(𝑘) = 𝑦𝑚(𝑘) = 𝑓[𝑥1(𝑘), 𝑥2(𝑘)] = 𝑓[𝑢(𝑘), 𝑦(𝑘 − 1)] (31) 

The performance RFNN identifier training is based on 

a cost function in (32) [20]: 

          
22 4

1

1 1

2 2
I m IE k y k y k y k O k             (32) 

The RFNN's weights are adjusted according to (33) [20]: 
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 (33) 

where, I is the learning rate, WI=[I, mI, σI, wI]
T 

is the 

weight vector of RFNN updated during training the 

RFNN. And subscript I presents the RFNN identifier, 

called RFNNI.  
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Given eI(k)=y(k)-ym(k) is the error between plant’s 

output and RFNN’s output, then the gradient EI(.) with 

respect to WI is determined as (34): 

 
 

 
 

 
 4

1I m I

I I

I I I

E k y k O k
e k e k

W W W

  
   

  
  (34) 

The weight of each RFNNI network layer is updated as 

follows [21], [32]: 

      4 4 31
wI

ij iI Iij I I Iw k w k e k O     (35) 
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In addition, to estimate the output of the model ym(k), 

the RFNNI must also estimate Jacobian information 

( )
( )

y k
u k




, determined as follows [21], [31], [32]: 
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 (39) 

2) Building controller of RFNNC-PID 

In this part, for controlling a robot arm, a RFNN 

controller (RFNNC) is combined with a traditional PID 

controller with its structure is shown in Fig. 11 [21]-[23]. 

 

 

Figure 11 Control system based on RFNNs. 

In Fig. 11, the RFNNI is used to identify the model of 

the robot, based on y(k-1) and u(k). That makes the 

RFNN model is simple and decreases number of neurons. 

Through training, the RFNNI estimates the output 

trajectories of the delta robot by (30). 

Training performance criterion is defined as (40) [20]: 
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where u(k) is the s
th

 input of the plant,
rfnnc

u (k) is the s
th

 

output of RFNNC. After the initialization process, a 

gradient-descent-based back-propagation algorithm was 

employed to adjust the controller parameters (40): 
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In which, 
c is the learning rate, WC=[C, mC, σC, wC]

T
 

is the weight vector of the RFNNC updated during 

training. Subscript C presents the RFNNC.  

Given eC(k)=urfnn(k)-u(k), the gradient EC(.) with 

respect to WC is defined as (42): 
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The weight of each RFNNC network layer is updated 

as follows [21], [30]: 
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IV. COMPARE THE SIMULATION RESULTS OF THE 

THREE CONTROLLERS 

A. Simulation Parameters of Three Controllers 

The specifications of the real robot that the authors 

have built are shown in Table I.  
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TABLE I. DELTA ROBOT MECHANICAL SPECIFICATIONS 

Symbol Value Unit 

α1 0 rad/s 

α2 2π/3 rad/s 
α3 4π/3 rad/s 

R 138.9 mm 

r 25 mm 
f 481.07 mm 

e 43.3 mm 

L1 250 mm 
L2 544 mm 

m1 0.258 kg 

m2=2mb 0.088 kg 
mp 0.044 kg 

The parameters of the Single Neural PID Algorithms, 

and Recurrent Fuzzy Neural Network Controller, and 

Recurrent Fuzzy Neural Network Identifier are randomly 

initialized. 

B. Simulation Results 

The MATLAB/Simulink control system for a 3-DOF 

delta robot with the desired trajectory as an ellipse curve 

(47). 

 

x  = 0.19sin( t)+0.3 

y  = 0.12cos( t)+0.2 

z  = -0.8

d

d

d



  (47) 

 

 

Figure 12. The 3-DOF Delta Robot controller in MATLAB/Simulink. 

 

Figure 13. The angles of theta 1. 

 

Figure 14. The angles of theta 2. 

 

Figure 15. The angles of theta 3. 

 

Figure 16. Errors of responses. 

549

International Journal of Mechanical Engineering and Robotics Research Vol. 10, No. 10, October 2021

© 2021 Int. J. Mech. Eng. Rob. Res



Fig. 13, Fig. 14, Fig. 15 and Fig. 16 comparisons 

angles theta of three traditional PID, Single-Neuron PID 

controller and RFNN-PID controller. 

 

 

Figure 17. Trajectory tracking of traditional PID and Single Neuron 
PID and RFNN-PID controller. 

 

Figure 18. Responses when changing load from 4.71 Kg to 7.05 Kg. 

The response of the traditional PID, Single neuron PID 

and the RFNN-PID controllers are presented in Fig. 13 – 

Fig. 18 including load changed. Simulation results show 

that the RFNN-PID controller is better than Single neuron 

PID controller, with the setting time is about 3. 8±0. 1 

seconds, and the steady-state error is eliminated. 

The MATLAB/Simulink control system for a 3-DOF 

delta robot with the desired trajectory as a Fig. 8 is shown 

(48). 

 
x  = 0.15sin(2 t)+0.3

y  = 0.15sin(2 t)*cos(2 t)+0. 2

z  = -0.7

d

d

d



   (48) 

 

Figure 19. Trajectory tracking of the Fig. 8. 

And the control criteria of PID controller, Single 

Neuron PID and RFNNC-PID controller are presented in 

Table II. The results show that the proposed controller 

must be better than the Single Neuron PID controller and 

traditional PID controller. 

TABLE II. SYSTEM CONTROL QUALITY STANDARDS 

Respons

e 

PID Single Neuron PID RFNN-PID 

Rise 

time (s) 

Overshoot 

(%) 

Settling 

time (s) 

Rise 

time (s) 

Overshoot 

(%) 

Settling 

time (s) 

Rise 

time (s) 

Overshoot 

(%) 

Settling 

time (s) 

Theta 1 3.134 1.873 5.6±0.1 3.119 1.799 4.2±0.1 2.942 0.299 3.9±0.1 

Theta 2 2.838 1.882 6.9±0.1 2.889 1.992 3.6±0.1 3.346 1.953 3.8±0.1 

Theta 3 2.698 1.859 4.2±0.1 2.705 1.973 3.9±0.1 2.447 0.409 3.6±0.1 

 

V. CONCLUSION 

In this paper, the RFNN-PID controller is proposed to 

control the 3-DOF delta robot. This controller guarantees 

the real trajectory converges the reference trajectory with 

finite time. The simulation results show that the proposed 

controller is better than the single neuron PID controller 

and the traditional PID controller. The proposed RFNNC-

PID algorithm is stable while changing the control 

conditions such as the speed and load of the delta robot 

increasing. In further work, the proposed controller will 

be experimenting with the real robot model. 
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