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Abstract. In this paper we describe the application of an Ant Colony Optimization (ACO) algorithm to optimize the parameters in the design of PI controller and to find the best optimal intelligent controller. The ACO algorithm is a
bio-inspired optimization method that has proven its success through various
combinatorial optimization problems. The parameters of the PI Controller are
evaluated by an ant colony optimization by using an objective function based
on position tracing error was constructed. The results obtained by the simulations are compared with previous work results obtained by a PI controller.
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1. Introduction
The PI controller is a well known method for industrial control processes because of
its simple structure and robust performance in a wide range of operating conditions
[1]. Although conventional PI is popular, it is difficult to obtain satisfying control
results to use the controller for systems which are nonlinear, time dependent and
coupled. In the tuning process of a PI controller, tow parameters must b selected in
such a way that the closed loop system has to give the desired response. There are
many methods for tuning controller parameters [2-4]. Recently, intelligent systems
such as fuzzy logic controller algorithm and evolutionary algorithms; genetic algorithm [5], particle swarm optimization [6], and ant colony system [7] have been applied to optimization problems, by introducing available information into the control
design.
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In the past decades, fuzzy control algorithms have become an alternative to address
the difficulties of conventional PI controllers [8, 9]. They can deal with complex
processes and combine the advantage of classical controllers and human operator
experience. Suitable choice of control variables is important in fuzzy control design.
The Ant Colony Optimization (ACO) algorithm is a meta-heuristic algorithm for the
approximate solution of optimization problems that has been inspired by the foraging
behavior of real ant colonies [10-13].
This work, describes the application of ACO as optimization methods to find the
best possible intelligent fuzzy PI controllers where the desired response should have
minimal settling time with a small or non overshoot in the step response of the closed
system. In this study the ant colony optimization algorithm is used to obtain the excellent and optimal PI parameters by synthesizing them [14, 15].
This paper is organized as follows: Section 2 presents the modeling of nonlinear
system using Takagi-Sugeno fuzzy model. Section 3 shows the basic concept of ACO
algorithm and in Section 4 the development of the optimization methods is described.
Section 5 includes a discussion of the results obtained and finally the conclusion is
offered in the last section.

2. T-S fuzzy modeling
Consider a single-input single-output (SISO) nonlinear system. The system is decomposed into ‘ r ’ subsystems such that each subsystem demonstrates a linear or nearly
linear behavior. Using the Takagi_Sugeno’s modeling methodology [16, 17], a fuzzy
quasi-linear model, R i or FI, is developed for each subsystem. In such a model, the
cause-effect relationship between control u and output y at sampling time k is
established in a discrete time representation. The subsystems are defined in the fuzzy
regions, R i , i = 1, 2,  , r.
A SISO discrete-time nonlinear system can be described as follows:
x(k + 1) = F ( x(k ), u (k ))
y (k ) = H ( x(k ))

(1)

Where u (k ) ∈ R and y (k ) ∈ R are the system input and output at time k respectively, x(k ) ∈ R n is the state vector of the system, and F ( x(k ), u (k )) ∈ R n and
H ( x(k )) ∈ R are nonlinear functions.
It is assumed that F [0, 0] = 0 and H (0) = 0. for both a controllable and observable
system,
can
be
expressed
as
function
x(k )
of y (k ), , y (k − n + 1), u (k ), , u (k − n + 1) , and n represents the order of the system.
Therefore, when the nonlinear system (1) is investigated around the origin, its equivalent system can be expressed as follows [18]:
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y (k + d ) = a1 y (k ) +  + a na y (k − na − 1) + b0 u (k ) +  + bnb u (k − nb) + l

(2)

= ξ (k ) T θ + l

1 ≤ d < n correspond to the time delay of the system, and
ξ (k ) = [ y (k ), y (k − 1), , y (k − na − 1), u (k ),  , u (k − nb )]T is referred to as the regres-

Where

sion vector θ = [a1 , , a na , b0 ,  , bnb ]T . When the time delay is d = 1 , system (2) can
be rewritten as Controlled Auto-Regressive Integrated Moving Average model
(CARIMA) [19]:
A( z −1 ) y (k ) = B ( z −1 )u (k − 1) +

ζ (t )

(3)

∆( z −1 )

Where A( z −1 ) and B ( z −1 ) are polynomials in the backward shift operator z −1
 A( z −1 ) = 1 + a1 z −1 +  + a na z − na

 B ( z −1 ) = b0 + b1 z −1 +  + bnb z − nb

ζ (t ) is an uncorrelated random sequence and the use of the operator ∆( z −1 ) = 1 − z −1
ensures an integral control law or a closed loop type I system.
FI consists of a set of symbolic antecedents in the IF part (premise) and a linear numerical expression in the THEN part (consequence). Using a CARIMA model structure, the fuzzy implication of the (3) can be written as follows [22]:
i
and u (k ) is
R i : IF y (k ) is M 1i , y (k − 1) is M 2i ,  , y (k − na − 1) is M na

Li0 , u (k − 1)

i
−1
is L1i ,  , u (k − nb) is Linb THEN y i (k + 1) = B ( z ) u (k )
A i ( z −1 )

i = 1, , r

(4)

Where
M ij fuzzy set corresponding to output y (k − j ) in the ith FI;
Lip fuzzy set corresponding to output u (k − p ) in the ith FI;

The system output y (k + 1) is computed as the weighted average of the individual
rules consequents
y (k + 1) =

∑

r

i =1

w i u (k ) B i ( z −1 ) A i ( z −1 )

∑

r

i =1

w

(5)

i

i

The degree of fulfillment of the ith rule, w is obtained as the product of the membership degrees of the antecedent variables in that rule
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na

nb

w i = ∏ µ M i ( y (k − j − 1))∏ µ M i (u (k − p ))
j =1

j

p =0

(6)

j

3. Based Ant Colony Algorithm
Ant colony algorithm is the simulation of cooperation course of real ant group. Each
ant searches the solution independently in the candidate solution space, meanwhile
leaves some information on the found solution. Ants leave more information on the
solution with better performance, which has more possibility to be selected. All the
solutions have the same information on it in the elementary period of the algorithm.
With the progress of the computing, the better solution gets more and more information. Therefore, the algorithm reaches the optimization or approximately optimization
solution.
We illustrate is an algorithmic implementation that adapts the behavior of real ants
to solutions of minimum cost problems on graphs [21]. A number of artificial ants
build solutions for a certain optimization problem and exchange information about the
quality of these solutions making allusion to the communication system of real ants
[22].
Let us define the graph G=(V, E), where V is the set of nodes and E is the matrix of
the links between nodes. G has n=|V| nodes. Let us define Lk as the number of hops in
the path built by the ant k from the origin node to the destiny node. Therefore, it is
necessary to find:
Q = {qa , , q f q1 ∈ C}

(7)

Where Q is the set nodes representing a continuous path with no obstacles; qa,…, qf
are former nodes of the path and C is the set of possible configurations of the free
space. If xk(t) denotes a Q solution in time t, f (xk(t)) expresses the quality of the solution. The ACO algorithm is based on Eqs (8)-(10):

τ ijk
if j ∈ N ik ,
k
(8)

k
(
t
)
τ
pij (t ) =  ∑ j∈Nijk ij

0
if j ∉ N ik ,
(9)
τ ij (t ) ← (1 − ρ )τ ij (t ),

τ ij (t + 1) = τ ij (t ) + ρ . ∆τ ijk

(10)

n

Where

∆τ ijk = ∑τ ij (t ).
k =1

Eq. (8) represents the probability for an ant k located on a node i selects the next node
denoted by j, where, N ik is the set of feasible nodes (in a neighborhood) connected to
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node i with respect to ant k, τij is the total pheromone concentration of link (i, j), and α
is a positive constant used as a gain for the pheromone influence.
Eq. (9) represents the evaporation pheromone update, where ρ ∈ [0, 1] is the evaporation rate value of the pheromone trail. The evaporation is added to the algorithm in
order to force the exploration of the ants, and avoid premature convergence to suboptimal solution [21]. For ρ=1 the search becomes completely random [21].
Eq. (10) represents the concentration pheromone update, where

∆τ ijk is the amount of

pheromone that an ant k deposits in a link (i, j) in a time t.
The general steps of ACO are the following:
1.
2.
3.
-

4.
5.
6.
-

Set a pheromone concentration τij to each link (i, j).
Place a number k=1, 2, …, n in the nest.
iteratively build a path to the food source, using Eq. (8) for every ant.
Remove cycles and compute each route weight f (xk(t)). A cycle could be
generated when there are no feasible candidates nodes, that is for any i and
any k, N ik = Φ ; then the predecessor of that node is included as a former
node of the path.
Apply evaporation using Eq.9.
Update of the pheromone concentration using Eq. (10).
Finally, finish the algorithm in any of the three different ways:
When a maximum number of epochs has been reached.
When it has been found an acceptable solution, with f (xk(t))<ε.
When all ants follow the same path.

4. Optimization of the linear fuzzy PI controller
In this section we consider the problem of tuning the linear fuzzy PI controller. To
each parameter we associate several competing candidates. Fro each parameter we
need the minimum and the maximum possible values. To simplify, the proposed vali
i
and M max
be the bounds
ues are equally distributed between these bounds. Lets M min
of ith element of the parameter vector M. Therefore we can take:
i
i
i
, M = M + M max − M min , , M = M i
M i1 = M min
i2
i1
iN
max
j −1
Thus:
M i ∈ {M i1 , M i 2 ,  , M iN }

(11)

(12)

The problem is to find the best parameter combination that minimizes the cost
function.
The tour of an ant consists of a combination of the fuzzy controller parameters.
Staring from its nest, an ant moves through the KP and KI. Finally, the ant reaches the
food source F which is added here just to match the real world.
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4.1. The rule of selecting parameters by ants
For each set of parameters, the node visited by the ant is selected as the value of the
parameter. Selection of a parameter value is based on pheromone trails between parameter vectors. The size of pheromone matrix τij is 2 *N, i= 1, 2 and j=1, 2, …, N. As
when the ant arrives at vector Mr, selection of the next parameter value Mr+1j among
the candidate list Mr+1 is done using the state transition rule (14) which depends on
pheromone trails τr+1j , the cost function and some heuristic.
arg max y∈J {τ iy (t )} if q ≤ q0
s=
else according to (8)
S

(14)

Where q is an equally distributed random number in region [0, 1], q0 is a parameter (0 ≤ q ≤ 1) , S is a random variable selected according to the possibility form
(8).
The ant finishes one cycle after time. The pheromone intensity change on the route
can be local updated according (9), and can be rewrite as

τ ij (t ) ← (1 − ρ )τ ij (t ) + ρτ 0
Where τ 0 = ( ITAE0 ) −1
t

ITAE = Te ∫ e(t ) dt

(15)

(16)

0

Where Te is the sampling time and ITAE is the fitness value of the system when the
gains KP, and KI of the PI controller are tuned by the Ziegler-Nichols criterion.
When all ants have completed a tour, the best tour needs to be updated using the
global pheromone updating formula according (4), and can be rewrite also as

τ ij (t ) ← (1 − ρ )τ ij (t ) + ρ∆τ ij (t )
∆τ ij (t ) = 1 / ITAE *

(17)
(18)

Where ITAE* is the value of ITAE corresponding to the best path.
However the parameters are fixed based on the available knowledge or by a first
tuning pass of the linear fuzzy controller by the ACO algorithm up presented or by
any other optimization method. The tuning parameters are the conclusion of fuzzy
rules.

5. Simulations results
The objective of this section to test the efficient of the the PI-ACO controller and PI
controller and show the performances of these controllers.
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Example: control of surge tank model
Consider the surge tank model given in Fig. 1. It is fed by a pump driven by a current i (t ) . That can be represented by the following differential equations:
Model of the valve
dQ(t )
(19)
+ k 0 Q(t ) = k1 i (t )
dt
The change in water level in the tank is given by:

dV (t )
dH (t )
=A
= Q(t ) − Qs (t )
dt
dt

(20)

where: Qs (t ) = 0.6a 2 g (H (t ) − H s )

Process variable
Initial value of tank level (H0)
Initial value of the output channel level

Normal operation condition
0.15m
0.015m

Hs
Section of the channel output (a)
Section of the tank (A)
the initial flow q0
Constant (k0)
Constant (k1)

0.0001m²
0.04m²
0.0001 m3/s
1
0.1

Table 1: specification of the surge tank
i(t)

Q(t)

H(t)

Fig. 1. The surge tank system

a

Qs(t)

where Q(t) the feed rate, i(t) is the supply current of the pump, H(t) the liquid level
in the tank, Qs(t) the output Flow, a is the section of the output channel, A is the section of the tank and Hs the water level in the output channel.
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µ (i0 (t ))
1

0

Q1

-0.2e-3

Q2

0.3e-3

i0 (t )

Fig. 2. Definition of fuzzy sets Q1 and Q2 for FIs R1 and R2, respectively

Fuzzy modeling: The fuzzy model was identified using data from the real process,
sampled with the period Ts=0.1s. For a good approximation of the plant, we suppose
that the subsystems are in the third order.
The model consists of two rules of the form
R1: IF i0 is Q1
THEN H1(k+1)=a11H(k-1)+…+ a1na H(k-na)+b11i0(k-1)+…+b1nbi0(k-nb)
R2: IF i0 is Q2
THEN H2(k+1)=a21H(k-1)+…+ a2na H(k-na)+b21i0(k-1)+…+b2nb i0 (k-nb)

(21)
(22)

The fuzzy model is structurally very simple and requires only two FIs, Fig. 9 corresponds to the fuzzy sets Q1 and Q2. The vector of parameters of ith rule is obtained
by using the recursive least squares (RLS) [23].
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Fig.3 . Comparison of the closed-loop dynamic responses by the PI-ACO, and PI controller.

Fig. 4. Control performance of the PI controller
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Fig. 5. Control performance of the PI-ACO controller

PI

PI-PSO

Time(s)

0-15

1530

30-45

45-60

0-15

1530

30-45

45-60

Maximum
overshoot
(%)

14.65

17.1
4

12.17

10.11

11.27

13.0
3

9.14

7.61

Rise
(s)

0.8

0.7

0.7

0.7

0.87

0.85

0.85

0.85

Settling
time(s)

6.18

7.3

5.85

4.7

5.25

5.31

3.65

3.3

Steady state
error

0.002

0.0

0.002

0.003

0.0

0.0

0.0

0.0

time

Table 2: Comparison of performance of the PI-ACO and AFMPC
This table shows the performances obtained by each method. In each time interval, we
have changed the set point for evaluated each method to control a valve of the tank
system.
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The comparison shows some interesting results. The PI controller is not capable of
keeping the level at the desired value. It is important to observe that with PI-ACO the
settling time has been reduced comparing to that obtained from the PI controller without any increase in overshoot. Between 45-60s we can see from the overshot, settling
time and steady state error that obtained by the PI controller are degraded. With PIACO the overshoot is reduced to one third compared to that obtained from PI controller. The same observation can be made for the settling time, where in the PI-ACO case
we notice a reduction of nearly to one quarter compared to that obtained from PI. So,
the PI-ACO is able to keep better stability with less control effort applied.

6. Conclusion
This paper introduce an ACO based tuning method for PI controller to control a given
water level, this ACO algorithmic approach is used for optimizing the parameters of a
PI controller. The ACO algorithm shows great advantages in solving combination
optimization problems, because it is realized easily, and it is adaptable with the
change of the plant parameters. The PI-ACO controller is equivalent to the classical PI
controller, but this controller combines the advantage of classical PI and ACO algorithm, namely; the rapidly attaining the optimal solution, the simplicity and interpretably which make the parameters tuning task easier. The simulation results show that the
proposed method can improve the performances and efficiently of ACO algorithm to
solve difficult optimization problems.
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