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Abstract: In proportional-integral-proportional-derivative (PI-
PD) controller design based on extended state space predictive
functional control (ESSPFC), the proper tuning of weighting
matrix of cost function has a direct influence on the controller
performance. However, the analytical method to determine it has
not been unknown. To solve this problem, in this paper, an
improved grasshopper optimization algorithm (GOA) is used to
improve the performance of controller by optimizing the
weighting matrix of cost function. To overcome the drawbacks of
standard GOA, a linear shrinking coefficient is replaced by
nonlinear shrinking coefficient, a mutation operation is adopted,
and position updating formula is modified. The performance of
proposed method is tested and compared with other methods
based on PFC. Simulation results show that the proposed design
method is much superior to other methods in terms of the set-point
tracking, disturbance rejection and robustness.

Keywords: PI-PD control, Predictive functional control,
Grasshopper optimization algorithm, Extended State space model.

1. Introduction

Traditional proportional-integral-derivative (PID)
controllers may not obtain the desired control performance for
large time delay processes [1]-[4].

Meanwhile, PI-PD controller is an improved version of PID
controller, which can effectively improve the control
performance of large time delay process [5]-[7]. However,
while the PI-PD controller has such advantages, it also has some
difficulty in parameter tuning. In some papers, the parameter
tuning methods of PI-PD controller have been proposed.
Reference [8] proposed a graphical parameter calculation
method, in which the estimated values of parameters are only
available and the parameters are fixed, so that they cannot be
adapted to the operating conditions of the system. Reference [9]
proposed a method of obtaining the parameters of PID
controller and then introducing additional parameters to obtain
the parameters of PI-PD controller, but its computational
process is complex. The above facts show that the PI-PD
controller has a wide range of applications but is limited due to
the difficulty in parameter tuning.
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Meanwhile, even if the parameters of PI-PD controller are
determined by the above-mentioned methods, the PI-PD may
not ensure the desired performance because of the large time
delay and uncertainties of processes [10], [11].

Recently, predictive function control (PFC) has been widely
applied in practice since it is suitable for coping with large time
delays and uncertainties effectively [12]-[19]. Moreover, PFC
does not require high computational capability and can be
implemented in real-time conditions using low-cost hardware
[20]. Therefore, combining PFC with PI-PD control may be a
good choice.

Some papers combining PFC with PI-PD control are
available. Reference [21] proposed a PI-PD design method
based on PFC optimization for the case that the process model
is given as first-order plus dead time (FOPDT) model. On the
other hand, Reference [22] proposed a PI-PD design method
based on PFC using an extended state space model. But they
had not mentioned the method of tuning the weighting matrix
Q of cost function which has a great influence on the controller
performance. Some papers introduced methods for optimizing
the weight matrix by using various optimization algorithms.
Reference [23] proposed a weighted matrix optimization
method using GA to improve the performance of PID designed
based on state space PFC. In addition, Reference [24] suggested
a weighted matrix optimization method using extremal
optimization.

Recently, Grasshopper optimization algorithm (GOA) has
been widely applied to optimization problems. Since GOA has
a simple theory foundation, easy implementation and excellent
search performance, many researchers are interested in it [25]-
[30].

In this paper, to design the optimal PI-PD controller, the
weight matrix Q in PI-PD controller design based on ESSPFC
is optimized by using the improved GOA. The proposed
controller simultaneously has a simple structure of the
traditional PID controller with the excellent performance of
PFC.

The rest of paper is organized as follows. Section 2 presents
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the design method of PI-PD controller based on PFC by
representing the plant as the extended state space model.
Section 3 gives the theoretical basis of standard GOA,
introduces some improvements of GOA, and describes the
optimization method of weight matrix Q based on the improved
GOA. The simulation results are presented in Section 4 and the
conclusions is given in Section 5.

2. ESSPFC Based PI-PD Design

A. Extended State Space Model

The controlled process is supposed to be described as follows
[22], [23].

y(k+l)+F1y(k)+F2y(k—1)+---+pr(k—p+1):

=Hu(k)+ Hyu(k—1)+--+ H u(k—q+1) )

where y(k) and u(k) are the output and input of the process at
time instant &, respectively, p and g are the output and input
orders, respectively, and F; (i=1, 2, ..., p) and H;(j=1,2, ..., q)
are the corresponding coefficients of process model.

The process model can be expressed through the back shift
operator A as follows:

Ay(k+1)+ FAy(k)+--+ F,Ap(k—p+1) =

= H,Au(k) + HyAu(k —1)+---+ H Au(k — g +1) )

T
As in [22, 23], a state space vector Ax,, (k) is chosen as:

A)C (k)Tz Ay(k)sAy<k_l)5sAy(k_pJ'_l)?
" Au(k =1), Au(k =2),--, Au(k —q +1) 3)
T
where the dimension of 2% (K" g m=p+q-1.
Then a state space model can be obtained as follows:
Ax, (k+1)=A,Ax, (k)+ B, Au(k)
Ay(k +1)= C, Ax,, (k+1) @
where
-F, -F, - -F, -F, H, - H_ H,
1 0 0 0 0 0 0
0 1 0 0 0 0 0
4,=l 0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0
L0 0 0 0 0 10
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Defining the reference trajectory as r(k), the output error is

obtained as:

e(k) = y(k)—r(k) (5)
From Egs. (4) and (5), e(k + 1) is derived as follows.

e(k+1)=e(k)+C, A Ax, (k)+C, B, Au(k)— Ar(k+1)
(6)

The following extended state variable z(k) is introduced.

Ax,, (k)
z(k)= .
e(k) (7)
Then the extended state space model is as follows:
z(k+1) = Az(k) + BAu(k) + CAr(k +1) )

here 4= " kp=| ke ] andoi
where = CmAm Il = CmBm > & = 1 an 1sa

zero vector with dimension m X 1.

B. ESSPFC Dased PI-PD Design

The future state variable from time instant k is as follows
[22].
z(k + P) = A" z(k) + wAu(k) + 6AR ©)

where 9= [4"'C 4"2C - C|; y=4""B;
AR =[Ar(k+1) Ar(k+2) - Ar(k+P)]
r(k+i) = B y(k) + (1= B (k)
Here P is the prediction horizon, £ is the smoothing factor of

reference trajectory, and c(k) is the set-point at time instant .
The cost function J(k) is defined as

min J(k) = z(k + P)" Qz(k + P) (10)

where Q is the weight matrix.

The following incremental PI-PD controller is used.

(k) =u(k 1)+ K, (k)e, (k) - e, (k — )]+ K, (k)e, (k)
=K (0)[y(k) = y(k=D)]- K, () y(k) = 2y(k 1)+ y(k - 2)]
=u(k-1)+K ,(k)e, (k) - & (k= D)]+ K; (k)e, (k)
— K (k)[y(k) = y(k =)= K, ())y(k) = y(k =1)]
+ K, (0)y(k=1) - y(k-2)]
(11)
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e (k) = c(k) - y(k) (12)

In Eq. (11), K, (k),K,(k),K,(k),K,(k) are the

proportional coefficient and the integral coefficient in the outer
loop, the proportional coefficient and the differential
coefficient in the inner loop at time instant &, respectively.

In Eq. (12), ei(k) is the error between the set-point and the
actual output value at time instant .

Eq. (11) can be simplified as follows:

u(k)=u(k=1)+wk)" E(k) (13)

where
w(k) = [ (0), wy k), wy(k), wy ()]
E() =[E(k), E,(h), Eyk), E,()]
w (k) = K, (k) + K, (k)
w, (k) = -K, (k)
wy(k) = =K, (k) - K , (k)
w, (k) = K, (k)
E, (k) =e,(k)
E,(k) = ¢, (k1)
E, (k) = y(k) - y(k 1)
E, (k)= y(k=1) - y(k -2)

(14)

Taking into account Egs. (4) to (14) and taking a derivative
of the cost function J(k), the following optimal control law is
obtained.

= - v 0(4” (k) + OAR)E(k)

15
v  QWEK)" E(k) 1
Then Kp (k), K, (k), Kf (k), K, (k) are obtained as:
K, (k) =w (k) + w, (k)
K, (k) = =wy (k) (16)

K () = =wy (k) = w, (k)
K (k) = wy (k)

It can be seen that w(k) will be infinite when the control
system is reaching the steady state since e (k)in E(k)" E(k)
will be almost zero. Then K , (k), K; (k), K ;(k), K ; (k) will be
infinite, which is unrealistic for PI-PD controller. So
K, (k), K;(k), K ;(k), K, (k) are calculated according to the

following equation by introducing a small permissible error
limitation 6.
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Kp(k) =K, (k-1

K,()) =K, (k1) <5

K (k)=K, (k-1

K,(k)y=K,(k-1) (17)
K,,(k) =w (k) + w, (k)

K, () = -y (K) o> 5

K, (k) =—w; (k) —w, (k)

K, (k) =w,(k)

As aresult, the control input u(k) at time instant & is obtained
from Eq. (13).

3. Optimal PI-PD Design by GOA

From Eq. (15), it can be seen that the weighting matrix Q has
a great impact on the performance of controller.

The weight matrix Q is a diagonal matrix expressed as follow
[23], [24].

Q:dl’ag{q‘jlan'Z)"')quaquﬂa"')quJrqflaqj'e}a

where 4;1,9;2,"*»4, are the weighting factors associated

with the response of process output and G 4159 jp+2>"""> 4 jpsg-1
are the weighting factors associated with the control input. And
gje 1s the weighting factor on the output error. In general, gj. is
selected as 1 [23].

In this study,
optimized by using the improved GOA to determine the optimal
parameters of PI-PD controller.

9159259 jp> 49 jp+1>9 jp+2>"" "> 4 jp+q-1 ALC

A. Grasshopper Optimization Algorithm (GOA)
Abtraction force —==

Comfort sone

Repulsion force  —a-

Fig. 1. Conceptual model of the interactions between grasshoppers

GOA is a meta-heuristic algorithm that mimics the swarm
behavior of grasshoppers to find food sources in nature [31].
The food search process of the grasshopper’s swarm consists of
two stage: exploration and exploitation. In the exploration,
grasshoppers explore the search area to find promising areas
and in the exploitation, they exploit the promising areas to find
the target area. The exploration and exploitation of
grasshopper’s swarm are controlled by the attraction and
repulsion that are social interaction forces among grasshoppers.
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Attraction forces allow grasshoppers to exploit the promising
areas, while repulsion forces enable grasshoppers to explore the
search area. The zone where the two kinds of forces are equal
is called comfort zone. As the search process preforms, the
comfort zone decreases, and finally the grasshopper swarm
finds the optimal target area. A conceptual model of the
interactions between grasshoppers is illustrated in Fig. 1.

GOA mimics the interaction forces between grasshoppers,
and the position of the grasshopper with the best fitness is
regarded as the closest to the target. The rests will move to the
direction of the target under the social interaction between
grasshoppers. Also with the position update of grasshoppers, to
balance between exploration and exploitation (i.e. the global
search and the local search), the comfort zone will decrease
adaptively. Finally, all grasshoppers converge together and find
the best solution.

The position updating formula of GOA to mimic such a
search process can be modelled mathematically as follows [31],
[32].

12\/: Cub,[z—lbd SQX;(Z‘)*X,-d([)‘)Xj(t)di X; (@) +id

X{t+D=c
=l i i
(19)

where ¢ is thecurrent iteration, N is the swarm size, X/ ()

and X ;i (¢) are the position of the ith and the jth grasshoppers in

t iteration in the d-dimensional search space, respectively, ubq
and /bs represent the upper and lower boundaries in the d-
dimensional search space, respectively, dj is the distance
between the ith and the jth grasshoppers, defined as

d; =|X;(0-X,(0)
position (i.e. the best solution found so far), s is a function to

indicate the strength of interaction forces (attraction and
repulsion forces), define as follows.

, T, indicates the d-dimensional target

=r

s(ry=fe! —e (20)
where f'is the intensity of attraction, / is the attractive length
scale, r represents the distance between grasshoppers.

In Eq. (19), c is the shrinking factor to balance exploration
and exploitation. If ¢ is large, the dominant activity of GOA is
exploration i.e., the global search; if ¢ is small, the dominant
activity is exploitation i.e., the local search. To converge the
GOA according the number of iterations, c is set as follows.
—t Cimax_~ Cmin

c=c¢
max
T

(e2y)

Where ¢ c..  are the maximum and the minimum values

max®> “min
of ¢, respectively, T represents the maximum number of

iterations. Usually, ¢, =1, ¢_. =0.00001[32], [33].

The search process of GOA is similar with PSO. The
difference is that in PSO, each particle updates the position by
its current position, the global best and the personal best, but as
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you can see in Eq. (19), each grasshopper updates the position
not only by its current position and the global best, but also by
the positions of all other grasshoppers. Thus, GOA has a higher
search efficiency since the information of all grasshoppers is
used in the searching process.

B. Improvement of GOA

While GOA has the advantages of simple theoretical basis,
easy implementation and fast convergence speed, it also has
some disadvantages.

The disadvantage is, first, the linear shrinking factor used in
GOA cannot control the search process which consists of the
exploration and the exploitation effectively. Grasshoppers
cannot converge rapidly to the promising area in the exploration
stage and they just wander around the target position in the
exploitation stage. The second disadvantage is that GOA is easy
to fall into the local optimum.

To overcome these drawbacks of GOA, some modifications
of GOA are made. First, instead of the linear shrinking factor,
the following nonlinear shrinking factor is introduced.

Fig. 2 shows the curves of linear and nonlinear shrinking
factors according to the iteration number.

|
0.8
0.6+

0.4

0 50 100 150 200
[teration number

Fig. 2. Curves of linear and nonlinear decreasing factors

By this nonlinear decreasing factor, Grasshoppers can
converge rapidly to the promising area in the exploration stage
and they don’t wander around the target position in the
exploitation stage.

In grey wolf optimizer (GWO), the movement direction of
individuals is decided by the positions of the best three
individuals. The research results show that the algorithm with
such mechanism have more superiorities in avoiding the local
optimum than the algorithm whose direction is only depended
on the best solution [34], [35]. Hence, the position updating
formula in Eq. (19) is modified as follows:

N

Xi(+1)= c[ 3 e, @SQM ) - x* (z))Xf(t){;X’m] +

J=L j# ij

>

g+,
3
(23)
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Input process model, parameters of state space
PFC (P, 8, &), parameters of GOA (N, T £ L R).

Generate mtial population X; (=1, 2, ..., )
randomly and =0,

Call PFC based PI-PD algorithm and calculate the
fitness value for all individuals From Eq. (25)

4
SZelect three individuals fm._ f,s-. vl
with the best fitness.
M|
¥
i=i+1 and update parameter ¢, from Eq. (22). |

L]

Update X from Eq. (23) and generate
X; ... from Eq. (24)

Call PFC based PI-PD algorithm and calculate the
fitness value for X, and X, .. by using Eq. (23}

Update three individuals T, T,. T.
with the best fitness,

es
Output T, and optimal X (&), K (&), K (&), K, (k)

Fig. 3. Flowchart of algorithm to determine the optimal parameters of PI-PD

where fa, fﬂ, T , are the positions of three grasshoppers

with the best fitness values so far

Also, to prevent GOA from falling into local optimum, the
following mutation operation is introduced at each step of the
search process.
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T,+T,+T
3

X, o = " x((0.5-rand (0, 1))* R +1)

i_new

24)

where R is a parameter that limits the range of individuals
generated by the mutation operation. If R is higher, the global
search ability of algorithm is enhanced

In the improved GOA, JX; is replaced by X; e if the fitness
value of X; calculated by Eq. (23) is larger than the X; ., fitness
value calculated by Eq. (24), otherwise X; is retained.

C. Optimal PI-PD design by optimization of weighting
matrix

The fitness function used in GOA is defined as follows:

Tvim / Tt

F(X,)= 3 Key(h)
k=0 (25)

where Tyin is the simulation time period, T is the sampling
X, = [qjl’qj29'“9qu>qu+1’qu+2"“’qu+q—l
search individual (weight factor vector).

The flowchart of algorithm to determine the optimal
parameters of PI-PD by the optimization of the weight matrix
O using the improved GOA is as Fig. 3.

Meanwhile, the flowchart of PFC based PI-PD control
algorithm is given in Fig. 4.

( Start )

| Calculate wik) from Eq. (15) |

time, means the

F

Calculate & (k) K (k) K (%), K, (k) from Eq. (1T)

| Update (k) from Eq.(13)]

| Update (k) from Eq_ (1) |

L 3

Update ¢ (k) from Eq. (12).

Fig. 4. Flowchart of PFC based PI-PD control algorithm

Table 1
Tuning parameters of controllers

Method Tuning parameters
PFC-PIPD P=6, T=0.5, =0, 5=10*
ESSPFC-PIPD P=6, T=0.

=6
GA-ESSPFC-PIPD P=6, T;
GOA-ESSPFC-PIPD  P=6

=0, 6=10", O=diag(0, 0, 0, 0, 0, 0,
0, 0=10*, 0= diag (4.3, 0,0, 0, 0
0, 9=10", 0= diag (1.5,0,0,0,0

(=]
—
~

>
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4. Simulation Results and Discussion

The simulation is carried out for the temperature control
process of crude oil in a fluidized catalytic cracking introduced
in [21].

Fig. 5 shows the controlled process.

To the fractioning tower

Eecvele tank

~,

Fecvele aal

Fig. 5. Process of the temperature control in a fluidized catalytic cracking
unit

The process model is expressed by the following FOPDT
model [21].

1 —2.5s
G(s)=——e
) 4s+1

(26)

To illustrate the advantage of the proposed controller (GOA-
ESSPFC-PIPD), the controller proposed in [21] (PFC-PIPD),
the controller proposed in [22] (ESSPFC-PIPD) and the PI-PD
controller designed by the method mentioned in [23] (GA-
ESSPFC-PIPD) are introduced for comparison.

The set-point is set as 1, and at time instant /=100, a
disturbance with amplitude of -0.05 is added to the output.
Table 1 shows the tuning parameters for different controllers.

Fig. 6 shows the simulation results for the nominal model.

| |— -——

== Set-point

—PFC-PIPD

04 —GOA-ESSPFC-PIPD -

—GA-ESSPFC-PIPD
ESSPFC-PIPD

1] 20 40 60 30 100 120 140 160 180 200
k

—PFC-PIPD

——GOA-ESSPFC-PIPD

—GA-ESSPFC-PIPD
ESSPFC-PIPD

f —

4] 20 40 &0 B0 100 120 140 160 180 200
k

Fig. 6. Closed-loop input and output responses for the nominal model
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From Fig. 6, we can obviously see that GOA-ESSPFC-PIPD
is better than the others in the set-point tracking and disturbance
rejection.

To evaluate the robustness of controllers, the following
models with the maximum of 30% uncertainty from the
nominal model are introduced [21].

0.99 s,

-G —
Case l: Gl)=3775 @7
Case 2: G(s) = —lL_ g2t (28)
: 4465 +1
121 5074
: G(s)=——
Case 3 (s) 148511 e (29)

The simulation results for three cases are given in Figs. 7-9.

= 06 = = Set-point
- —PFC-PIPI}
04+ ——GOA-ESSPFC-PIPD -~
. —G PFC-PIPD
A ESSPFC-PIPD
0 l
] 20 40 60 80 100 120 140 160 180 200
k

Fig. 7. Closed-loop output responses for case 1

| Y/

- = Set-point
—PFC-PIPD
—GOA-ESSPFC-PIPD,
02 —GA-ESSPFC-PIPD
. ESSPFC-PIPD

0 20 40 60 B0 100 120 140 160 180 200

k
1.2
- — __ _
[I%4
'2 0.6} - = Set-point
- —PFC-PIPD
041 —GOA-ESSPFC-PIPD -

——GA-ESSPFC-PIPD
ESSPFC-PIPD

0 20 40 60 80 1040 120 140 160 180 200
k
Fig. 9. Closed-loop output responses for case 8

From Figs. 7-9, we can see that GOA-SPFC-PIPD is better
than the others in the robustness.

5. Conclusion

A noble PI-PD controller design based on the extended state
space PFC and the improved GOA have proposed. The difficult
parameter tuning has solved by combining PI-PD and PFC. To
overcome the drawbacks of standard GOA, some modifications
of GOA have made. And the optimal parameters of PI-PD has
been obtained by the optimization of weighting matrix Q using
the improved GOA. Simulation results show that the proposed
design method is much superior to the others in terms of the set-
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point tracking, disturbance rejection and robustness.
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