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Abstract—Parallel robot control is a topic that many
researchers are still developing. This paper presents an
application of single neuron PID controllers based on
recurrent fuzzy neural network identifiers, to control the
trajectory tracking for a 3-DOF Delta robot. Each robot
arm needs a controller and an identifier. The proposed
controller is the PID organized as a linear neuron, that the
neuron’s weights corresponding to Kp, Kd and Ki of the
PID can be updated online during control process. That
training algorithm needs an information on the object's
sensitivity, called Jacobian information. The proposed
identifier is a recurrent fuzzy neural network using to
estimate the Jacobian information for updating the weights
of the PID neuron. Simulation results on MATLAB/
Simulink show that the response of the proposed algorithm
is better than using traditional PID controllers, with the
setting time is about 0.3 +£0.1 (s) and the steady-state error
is eliminated.

Index Terms—delta robot, single neural PID, recurrent
fuzzy neural network, trajectory tracking

Symbol  Unit Meaning

0,0,,6, Degrees Angle of the upper leg of robot
R mm upper disc radius

R mm lower disc radius

Ly mm upper arm length

L, mm lower arm length

Abbreviation

DOF Degrees of freedom

PID Proportional Integral Derivative
DC Direct current

RFNN Recurrent fuzzy neural network

I.  INTRODUCTION

With flexible mechanisms, advantages of speed and
force, and precision delta robots have become popular
and widely used in industry [1]. The complex structure of
this robot makes them an interesting in research focus.
Delta robots were proposed in 1939, when Pollard built a
robot to control the position of a spray gun [2]. In this
context, other robots with the same structure have been
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implemented. For example, a robot proposed by Stewart
with two platforms ensures fixed stability in a stationary
facility [3]. In 1985, a delta robot was developed and
built in the Ecole Polytechnique Federale de Lausanne
(EPFL) called delta robots focused on industrial work [4].
Based on this robot, the new architecture is implemented
according to the necessary characteristics in industry and
school. For example, it is a robot with high accuracy but
slow motion is widely used in 3D printers [5]. In the
industrial sector the need to optimize production has been
a major challenge for robotics companies since the 1980.

Delta robots have been successfully researched and
manufactured in many countries. However, the high cost
and operational control of delta robots has always been an
interesting topic for many innovative studies.

So that, the neural networks and fuzzy logic are
applied for improving adaptive PID controllers for Delta
robot [6]. A non-parametric identifier of each robot arm
using recurrent fuzzy neural network is built and trained
online during control to estimate the object's sensitivity to
the input signal, also known as Jacobian information.
Based on the Jacobian information, a single-neuron-
adaptive PID controller will be updated online with three
connected weighs respectively three parameters K, K;
and Ky of the controller. Thus, with this principle, the
PID controller will be automatically adapted due to the
variation of the robot that classical control solutions can
not achieve.

In the process of making efforts for manufacturing
delta robots to meet the industrial needs, this paper aims
to control and conduct analysis, comparison, and
evaluation of different algorithms. The comparison and
evaluation of efficiencies between traditional PID
controllers and fuzzy-neural based PID controllers are
implemented and tested in MATLAB/Simulink which the
absolute error values are used to evaluate the
performances of the closed loop system.

II. DELTA ROBOT

A. Parallel Robot Model

The model of delta robot is presented in Fig. 1 [7]-[9].
In this model, B;D; stitching is modeled into two material
points located at B; and D;. Each of them has a weight m,
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and is connected by rigid, weightless rods. Thus, the
dynamic model of this model consists of 4 solid objects,
in which the AB; (i = 1, 2, 3) stitches move around the
axes perpendicular to the OA;B; plane. At A; with mass
m; and remaining solid objects (including three points
mounted at D;) with mass (m,+3my), can be considered as
a moving table of linear motion. Three points located at
Bi having mass m,, where m, is the operation mass.

Figure 1. Parallel robot model 3RUS [9].

The set of robot actuating includes:

q= [‘919293XP yPZF’] :

B. Establishing the Linking Equations

From Fig. 1, we have the linking equation for points B,
and D; as follows:

2 T
| —(rDl—rBl) (rDl—rBl)zo. @
where 1, , Iy are the positioning vectors of points B; and

D, in the Oxyz coordinate system, calculated according to
the vector equation:

fg, =Ty +UA&31- 2
In which, the coordinates vector My Ups, in the
coordinate system Ox;y1z; have the forms:
r, =[R0OOT
» =[R00] 3)

U,g =[l,cos6,0-1,sin6]

Replace (3) with (2) and get the rg; coordinate in
Ox1Y12; coordinate system

rsy =[R+1,c056,0—1,sin 4 ] (4)

The cosine matrix indicates the direction of the
Ox1y1z; coordinate system with the Oxyz coordinate
system as:

cose; —sing; O
A (a)=|sineg cosey O (5)
0 0 1

Infer the coordinates of the rg; vector in the Oxyz
coordinate system:
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cosa, -sine, 0| R+I cosd
r, =|sine, cose, O 0 =
0 0 1 —I sing,

(6)

Rcosa, +1, cosa, cos g,
Rsing, +1 sina, cosé,

~I sin g,

The coordinates of vector rp; are calculated as follows:

Io-Tp +Upp =
%, | [cosa, -sina, Offr
Yo |+|Sing, cosey 01|0|= )
'z, 0 0 1]/o
[ X, +cosa,r
Yo +Sineyr
ZP

Combining equations (6) and (7) we have:
[ cosa, (R—r)+1,c080,C086, — X,
sing; (R—r)+1,sin,cosg, -y, ©))
—l;sing, -z,

Substituting (8) into (1), we get the equation linked to
the first pin. Similarly, with the second and third legs, we
get the link equation of the robot as follows:

f,= 13- (cosa, (R-r)+1,cosa,cos0, -x, )2

- (sina (R-r)+l,sina,cos, -y, )2 -(1,sind, +z, )* =0

f,= I2-(cosa, (R-r)+,cos0,c050,-x, ) 9)
- (sina,, (R-r)+lsin,cos0,-y, )’ -(1;sin6, +z, )’ =0

f,= 13- (cosa, (R-r) +1,cos0cos0, X, )2

- (sina., (R-r) +l;sino;cos0,-y, )2 -(1,sin6,+z, )2 =0

C. The Kinetic Energy and Potential of the Robot
The kinetic energy of the A;B; stages is calculated as

1 1 .
Tag ) ly@hg 2 L, & (10)

The Kkinetic energy of mass mj is set at B; as follow

T :%mbvé :%mbll2 67 (11)

The kinetic energy of a moving table and m, masses is
71 2 71 22 2, 32 12
T3_2(mp+3mh)vp_2(mp+3mb) X2+ Y2+ 22 (12)

Combining the Kkinetic expressions above, we get the
model kinetic expression of the robot:

1 . .
T :5(|1y+mb|f)(ef+9§+e§j 13)

+%(mp +3mh)[>‘<§+ Vit zéj
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The potential energy of a robot is calculated as follows:

n=—g|1[%ml+me(sin91+sin02+sin93) (14)

+g(3m, +m, )z,

D. Set the Differential Equation of Motion of the Delta
Robot

We use the Lagrange factor to set the differential
equation of motion of this model with helium links with
the following form:

dfar

where qy is the extrapolation coordinates of the robot, f; is
the linking equations, Qy is the extrapolation force, 4; is
the Lagrange factor. With this model, the vector of

extrapolation coordinates @< 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 Qy is
calculated as follows

__9r 16
Q aqk +Q (16)

where Q" are extrapolation forces corresponding to

forces without potential energy. Sum of extrapolation
forces is

OA=1,06, +7,50, +7,00, . an
So, we have
" =7, QF =7, , Q" =z, and
.. =0Wwithk =4,5, 6.

Substituting kinetic and potential energies into (15),
we get the motion equations of the robot as follows:

(1, +myI?)6, = gl( m, +mb]cos¢9 +7,

(18)
R-r)- cos:xlsin@lpr

| sing, (
" —sinaysing,y, —cos6,z,
(1, +ml?)d, = gl, [ m, +m )C0592+72

[sin@2 (R- r)—cosazsinezpr (19)
24l

' ~sina,sing,y, —cosd,z,

(1, +ml?)d, = gl, ( m +mbjcosa +7,

oy [sm@( —r)—c05assin93xp]

' —sinasing,y, —cosé;z,

(20)

(m, +3m, )&, =-24 (cose, (R-r)+lcosercosd, —x, )
24, (cosez, (R—r)+1,c05a,c086, - X, ) (21)
24, (cosa (R—r)+1,cosat;cos6; - X, )
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(m, +3m, )y, =
~22 (sine, (R—r)+1 sina,cos6, -y, ) (22)
~22, (sine, (R-
~2,(sine, (R—

r)+l,sina,cosd, -y, )

r)-+1,sin e,cos6, — yp)

(m, +3m, )z, =—(3m, +m, ) g+ 24z, +Lsing,) (23)
+24, (2, +15in6, )+ 24, (z, +1;sind), )

I? —(cose, (R—r)+1,cosa;cos6), - x, )2

~(sina, (R—r) +1,sinacosd, -y, )’ (24)
~(lsing, +z, )2 =0
2 —(cosar, (R—r) +1,c08z,C086, X, )
sina, (R—r)+1;sina,cosd, - y, ) (25)

~(
~(I,sing, + z ) =0

17 —(cosa; (R—r)+1,cose,c086; — X, )2
~(sina; (R—r)+l,sina,cosd, -y, )2 (26)
~(I,sing, + zp)2 =0

From the parallel motion equations of robots, we get
the model of robot as shown in Fig. 2 and Fig. 3.

P Taul theta1
P Tau2 theta2
P Tau3 theta3

Figure 2. Model of Delta robot in Simulink.
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Figure 3. Inside of Parallel robot model.

I1l.  CONTROLLER DESIGN

Vit e Single neuron PID u 3-DOF Delta y
+ Controller (arm;) Robot (arm;)
)
1 -1
' ==
|
1
! RFNN
! "
1 Jacobian (arm,) Identifier (arm;)

Figure 4. Controller structure.
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The structure of the control system for each robot arm
is presented in Fig. 4.

A. Single Neural Adaptive PID Controller

1) Controller structure

The PID controller is built by a linear neuron with 03
inputs and zero trigger threshold [10] as shown in Fig. 5.
The input of neuron receives 03 corresponding values as
proportional, integral and differential components of the
difference between response and reference signal as (27).

Ael

Ae2

Ae3

Jacobian
(from RFNN arm;)

Figure 5. Structure of a PID controller adapted to a neuron.

Ae1=e(k);AeZ:Iowe(k)dk;Ae3=de(k%( 27)
The PID controller is set as follows:
u(k)=u(k-1)+ K Ael+K;Ae2 + K, Ae3 (28)

where, e(k) is the difference between the reference signal
and the system response.

With the structure of a single neuron PID controller in
Fig. 5, the output of the neuron is also the output of the
PID controller, as shown in (29).

n = (w,Ael+w,Ae2 + w;,Ae3)
du(k)=f(n)=n (29)
u(k) =u(k -1) +du(k)

In which, wy; |, =123 are the weights of the neurons,
which are the parameter sets (Kp, K;, Ky) of the PID
controller and they are updated online during the control
process.

2) Controller training

The goal of training the single neuron PID controller is

to adjust the network's weight set wy; (=123 to minimize
the cost function (30).

E()=2¢" () =3[y ()-y(O] G0

where y,¢(K) is the reference signal and y(K) is the system
response.

To adjust the weight set wy;|i-1,3 the gradient descent
method was applied:

K, =w, (k+1) = w, (k) +Aw, (k)
K; =W, (k+1) = w, (K)+Aw, (k) (1)
Ky =Wy, (k+1) =w (k) +Aw, (k)
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where Awqi(K) jiz123 are gradients defined by (32-34),
successfully verified by Zhang et al. [11]:

Aw, (K) = 7" [_ OE (k) J

ow, (k) 32)
ko OE (k) oy (k) ou(k) e oy (k)
S a7
B ()
A 12(k) n [ &le(k)J (33)
EC () ) _ o (k)
“ S a0 " ag®
o E()
Aw, (k) =7 [_awm(k)J -
G ER YK k) (k)
A TG

With ryk‘k:vaKiM are the learning rate constants; 4el,
Ael and Ae3 determined by (27); Gy(%(k) is the

response sensitivity to the control signal, also known as
Jacobian information, determined through recurrent fuzzy
neural network identifiers, which will presented in next
section.

Three neuron-adaptive PID controllers are set up by
MATLAB's three S-function, fully compatible with
Simulink's standard library, a single-neuron-adapted PID
controller depicted in Fig. 6 and two sets The remaining
is built in the same way as the SingleNeural_PID1.

SingleNeural_PID1

Figure 6. Single neural PID controller.

B. Recurrent Fuzzy Neural Newtwork Identifier
1) Identifier structure

Output layer

Rule layer

Fuzzied layer

Input layer

Figure 7. Diagram of the RFNN identifier.
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The identifier is a recurrent fuzzy neural network
(RFNN - Fig. 7). The RFNN identifier has 4 layers, with
an input layer of 2 nodes, a fuzzy layer of 10 nodes, a
fuzzy rule class of 25 nodes, and an output layer with 1
node. The structure of the RFNN identifier can be
described as follows [12]:

Layer 1 - Input layer: This layer consists of 2 nodes
that convey the input values to the next layer. Here
feedback links are added to increase the responsiveness
of the network. The output of layer 1 is described as (35):

O (k)=x (k)+8'0f (k-1), i=12 (35)

With @' is the connection weight at the current time k.

The input of the corresponding RFNN identifier is the
current control signal and the past output of the response:

£ (k) =u(k)
% (k)=y(k-1)

Layer 2 - Fuzzy layer: This layer consists of (2x5)
nodes, each node representing a related function of the
Gaussian form with mean value m; and standard
deviation gy, and defined as (37).

(0! (k)-m, )2
2
(o)

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 m;; and gj;.

Layer 3 - Law class: This layer consists of (5x5) nodes.
The output of the g node in this class is determined as
follows:

0;(k)=T]0g (k). i=12...5¢,=12..5 (39

1G;

(36)

O (k) =exp{— i=12j=12..5 (37)

Layer 4 - Qutput layer: This layer includes 1 linear
neuron with the defined output as follows:

O (k)= w0} (k). i=Lj=12..25 (39)
]
where wi‘j‘ is the connecting weights from 3™ layer to 4"

layer. The output of this layer is also the output of the
RFNN identifier:

Of (k) =¥, (k)= f [ (K), %, (k)]
= fu(k).y(k-1)]

2) Training the RFNN identitifiers

The goal of an online training algorithm for RFNN
identifier is to adjust the weighting sets of the network
and the parameters of the fuzzy class dependent functions
to achieve the minimum value of cost function (41):

()= [y(K)- v, () =2[y()-0: ()] @)

(40)
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Using back-propagation technique, RFNN's set of
connection weights will be adjusted according to the
following:

w(k+1):w(k)+Aw(k):w(k)+n[_%§J‘)] (42)

In which, 7 is the learning rate constant and W is the
parameter to be adjusted during the training of the RFNN
identifier.

Given e(k)=y(k)-ym(k) and W=[6 m, o, w]" are the
error and the connection weight vector of the RFNN
identifier, then the gradient of E(.) in (41) according to W
is determined as follows:

__e(k)aym_(k)_ Kk GOf(k)

W oW __()aw

With this principle, the weight of each RFNN network
layer is updated as follows [13]:

(k)

(43)

skt w28 |- relor @
m (o2 )
3 j k)_mij:| (45)
:mu(k)+r7mzk:e(k)w,‘;ok ( .
aﬂ(k+1)=ou-(kw[-aj;k)]
” )
=0y (K)+n” X e(k) w0 Z[Oij((:)):m”
=[50
' (47)

)0 (k)=m. |O (k-1
:@l(k)m"Ze(k)w{;Of( )[ i (k) zJ i (k1)
k (o)
where 7°\_, ..o are the corresponding learning rate

constants. In addition, to estimate the output of the object
model y,(k), the RFNN identifier must also estimate

Jacobian information 6y(k) for online training of
ou(k)

the single neuron PID controller. Jacobian information is
determined as follows [14]-[19]:

@(k),ao;‘,i 00" 90§ S o0,

au(k) ou &Sleol au [ & éu
00} 002 (48)

— 4 9 _"®

_Zq:W” {Zs:ao; éu }

. o0, (—2)[O;(k)—mij
= ;\Nij {z 60;5 : (Uij )2 }

S

1415



International Journal of Mechanical Engineering and Robotics Research Vol. 9, No. 10, October 2020

The RFNN identifier for each robot arm is built in TABLE Ill. PARAMETERS OF THREE RFNN IDENTIFIERS
MATLAB's S-function as Fig. 8. Symbol Meaning Value
. o The learnin U
RFNN_Identifiert = [7:m,:7,] factor o thge [0.01 0.01 0.01]
RFNN Jacok neuron network
Bk} C RFNN1 [-1.5 -0.75 0 0.75 15}
Figure 8. The RFNN identifier in Simulink. Cgi\;\g)rrk center -15 -0.75 0 0.75 1.5
Ciy RFNN2 -1.35 -0.675 0 0.675 1.35
9(K) =y, (K) =x, (k)= f [x(k-1),u(k)] (49) net\;vork center -1.35 -0.675 0 0.675 1.35
vector B
Cis RFtNN:IJ,( . -3.05 -1.525 0 1.525 305}
network center - -
IV. SPECIFICATIONS AND SIMULATION RESULTS vector [-3.05 -1.525 0 1.525 3.05
i i b, Activation (0.5 05 005 05]
A Slmulat_lt?n P_arameters _ i threshold 1 05 05 0 05 05
The specifications of the robot are shown in Table I [6]. AcTvation — =
Parameters of the single neuron PID controller are given D threshold 2 8-2 8-? 8 8-2 8-2
in Table 1l. And the parameters of RFNN identifiers are o '1 0'1 -
presented in Table I11. [o10. ]
b, Activation [0.5 050 05 05]
TABLE|. DELTA ROBOT MECHANICAL SPECIFICATIONS i3 threshold 3 105 0.5 0 05 05|
Symbol Value Unit T Weighted T
Ly 03 m [Wl] vector 1 (25x1) [0'1 0.1 0.1 0'1]
L, 0.8 m T Weighted T
R 0.26 m [W,] Vector2(2sa)  [0-15 0.15 -+ 015 0.15]
r 0.04 m T Weighted U
o 0 rad/s [W.]  Vector3@ssay (0101 0.101]
0z 2m3 rad/s W, Weighted (0.1 0.1 0 01 0.1
r(:: 372/3 YT%/S i vector RFNNL | 0.1 0.1 0 0.1 0_1}
1 .
o 00'725 :ﬁg W, Weighted [0.125 0.125 0.125 0.125 0.125
P : vector RFNNZ | 0,125 0.125 0.125 0.125 0.125
TABLE Il. PARAMETERS OF ADAPTIVE NEURAL PID CONTROLLER .
W, Weighted M

Symbol Me.

aning Value

vector RFNN3

=
|:WKPWKI Wy ]

Initial parameters of the
PID neuron

[800 100 150 |

Network inputs

Learning

|:77Kp77K| Mk, T

PID neuron

rates of the

[0.2 01 01]

elk)

ufk}
Jacobian

>

£n

SingleMeuro PIDv

_
.
B>
-
:
k>

RFNN_Identifiert

B B

time
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R

1 ——C

RFMNM_Identifier3

| 1 e |
; E0) an i) Ié
»| elk) (k1)
k) -
Jammanu” :\:.——u—n- u(1)k2 @ '
SingleMourn Plt[: RFNN_ldentifier2 ==
4 |
'
Taul  thetad ,=
e(k) Tau2  theta2 ——— ;I =
) —
+Jamb\ar:'“ :\:- P Taud  thetad
(S\ngleNeumP\DSr Delta Robot 3RUS b ='.
|
i
*{k-1)
> Dl > Utk

Figure 9. Delta parallel robot controller diagram in MATLAB / Simulink.
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B. Simulation Results

The control system for the Delta robot is illustrated in
Fig. 9 with the desired trajectory as (50).

Xy = 0.17sin(27t)+0.3
y, = 0.17cos(27t)+0.2
2y =-0.7(m)

(50)

Response of theta (rad/s)
T T T

— — —thetald
————— theta1-PID
theta1-NNPID

theta1(rad/s)

T
‘N, |— — —theta2d

————— theta2-PID

theta2-NNPID

theta2(rad/s)

— — —theta3d
————— theta3-PID
theta3-NNPID

theta3(rad/s)

Time(s)

Figure 10. Comparison of traditional PID and single neuron PID
controllers.

Trajectory response

= = =desired trajectol
trajectory PID

——trajectory NNPID}

0.05 0.1 0.15 02 0.25 03 0.35 04
Xd(m)

Figure 12. Trajectory tracking of traditional PID and single neural PID
controller.

TABLE IV. SYSTEM QUALITY STANDARDS

Quality indicators PID Neuron PID
Settling time 0.440.001(s) 0.340.001(s)
Overshoot 1.991 (%) 1.97 (%)
Rising time 2.5355s 2.688 s

V. CONCLUSION

This paper has applied single neural PID controllers
based on RFNN identifiers to control a 3-DOF delta robot,
a nonlinear MIMO system. Each robot arm is controlled
by a single neural PID controller that can be online
training with the Jacobian information of that arm given
by a RFNN identifier. Simulation results show that the
controllers and identifiers can be updated online during
control action. The quality standards of improved system

© 2020 Int. J. Mech. Eng. Rob. Res

The response of the traditional PID and the single
neuron PID to the reference trajectory are presented in
Fig. 10, Fig. 11, Fig. 12, and Fig. 13 with changing load.
Simulation results show that single neural PID controllers
are better than traditional PID controllers with the setting
times are about 0.3#0.1 seconds, the steady-state errors
are eliminated.

Error of theta (rad/s)
T T T

T
error1-1PID
error1-1INNPID

error-theta1

error2-2PID
error2-2NNPID

error-theta2

error3-3PID
error3-3NNPID

error-theta3

Time(s)

Figure 11. Errors of responses.

Trajectory response

—_ ! = = =Desired trajectory|
é H Trajectory PID
= L

>

Trajectory NNPIQ|

o] 0.05 01 0.15 02 025 03 035 04
Xd(m)

Figure 13. Responses when changing load from 3.21 Kg to 4.11 Kg.

responses better than using traditional PID controllers
(Table 1V). The proposed algorithm is stable and fast
response when simulating on Delta robot. In next step,
the controllers will be tested on a real robot system.
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