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adaptive particle swarm optimisation algorithm is proposed, that can track difficult
dynamic search landscapes. The proposed adaptive particle swarm algorithm is applied to
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Abstract: Designing a linear controller that performs satisfactorily within a non-linear FrRCXpE
operating envelope is a difficult control engineering problem. In this paper, a new Particles
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design linear discrete PI regulators to control a classical non-linear concentration system, :?;::lr‘; ar[e
in which the operating point conditions change considerably with the input flow change. ariginal ¢
Simulation results are presented that show the effectiveness of the proposed evolutionary (1998).
based design technique. Copyright © Controlo 2002
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1. INTRODUCTION developing alternative control techniques that can f
automatically compute the controller gains to LS,
It is well known that a great deal of the control different operating conditions. [ V(k
systems design is done by using nominal operating |
point locally linearised plant models. Classical Evolutionary  algorithms constitutes a  sound | Al
control techniques, such as PID control, have been alternative technique in control system design for k=
successfully applied to this problem by using both off-line design and analysis and on-line END E
standard tuning rules (Ziegler and Nichols, 1942; adaptation and tuning. In off-line applications the S
Cohen and Coon, 1953; Lopez et al,, 1969; Luyben evolutionary algorithm can be employed as a search froes
1996), or automatic tuning techniques (Astrom, 1982; and optimisation mechanism to look for optimal Xt
Astrém and Higglund 1984; Nishikawa ef al., 1994). parameter settings for a particular controller structure g
However, when the objective is to design a non- (Porter and Jones, 1992) (Fonseca and Fleming, Xik,
linear control system, performing well not only 1994) (Oliveira and Pires, 1999). On-line adaptation Vik
around a linearised nominal plant operating point, but can be used as a learning mechanism for adaptive | -
in the entire envelope, fixed gains controllers fail. To controller tuning (Salami and Cain, 1992). L co,
avoid the tedious system design in different operating 50.-
conditions of the search space, a gain scheduling Although more classical evolutionary techniques b,
controller (Astrom and Wittenmark, 1995) can be such as genetic algorithms (GAs) (Holland, 1975; il
used in which the gains are scheduled using either a Goldberg, 1989) has been widely referred in the Fig. L. )
function or a table. Gain-scheduling design can be a literature as a suitable tool for optimisation in contral igori

difficult task, depending on the complexity of the
non-linear system. This motivates the research on

system design, there has been considerable research
effort into developing new optimisation algorithms
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on natural concepts like the particle swarm
sation algorithm (PSO) proposed by Kennedy
werhart,  This technique has already been
i to design both lincar and non-linear PID
ts by (Oliveira et al., 2002) and predictive
ters (Coelho et al., 2002). This paper reports
: of 8 new adaptive particle swarm optimisation
um for adaptive design and tune linear PI
rs in the discrete time domain.

!  PARTICLE SWARM OPTIMISATION

Particle Swarm Optimisation Algorithm  for
atic Landscapes

}¢ Swarm Optimisation (PSO) is an algorithm
d on the social behaviour of organisms
snedy and Eberhart 1995). The algorithm
¢her a multidimensional space by adjusting
+ individuals trajectories toward the paositions of
s own previous best performance and the best
wis performance of their neighbours, ie. a
sle change its position using knowledge acquired
y individuals in a neighbourhood and based on its
experience.

ticles change their position until a relatively
ly state has been achieved, or until user defined
15 are exceeded. The PSO algorithm presented in
e | represents an improved version of the
inal one and was proposed by Shi and Eberhart

| X (k) e~Initialise ()

RIEEPEAT until stop criterion=TRUE
X*, X! « Evaluate(X (k)
CO,(k)=¢.[ X; - X,(k-1)]
50,(k)=9,[ X* - X,(k—1)]
V,(k) = o¥,(k—1)+ CO, + SO,

X, (k)= X, (k=1)+V,(k)

k=k+1

k — Epoch counter
X' - Global best position achieved
X," - Individual i best position achieved
Xi(k) — Position of individual i at epoch k
Vi(k) — Velocity of individual i at epach k
w — Inertial weight

“CO;— Cognition only segment of individual i
SO; — Social only segment of individual i
be,0s — Cognitive and Social weights

ap. 1. Improved particle swarm optimisation
algorithm (Shi and Eberhart, 1998).

Particle position is initialised randomly, starting to
move in the search space with a predefined initial
velocity. Velocity and position adjustments are
carried out by simple algebraic equations and usually
they are bounded to prevent the algorithm to prospect
out of the defined search space. The cognitive and
social parameters, ¢ and ¢, are positive constants

defined randomly in the interval [0,1], and the

inertial weight o is usually selected to have a
decrescent linear distribution over the evolution time.
A larger inertia weight has a tendency to promote
global exploration while a smaller one tends to
improve local search leading to a fine-tuning of the
solution.

2.2 Particle Swarm Optimisation Algorithm for
Dynamic Landscapes

The basic PSO algorithm described in the last section
presumes the existence of a static search space, i.e.
the original algorithm is unable to track variations in
global optima. This issue can be a serious drawback
in many engineering optimisation problems in which
the search space is dynamic, meaning that the global
optimum can change with time.

A simple and minor modification that can be done, so
the PSO algorithm can follow changes in the location
of the optima, is to change the velocity update
equation to:

V,(k) = oV, (k~1)+ SO, (k) )
with
S0,(k)=¢,[ X* (k=)= X,(k-1)] @)

The social only equation is different from the one
presented in figure 1. In this case the global best
position is the best particle of the swarm at each
epoch rather than the global best achieved trough all
evolution. Notice that in this case the inertia weights
should be chosen with values close to unity, to
prevent premature convergence. Indeed, this
modification can track dynamic search spaces, but is
limited to cases where there are no local optima with
sufficient energy to elude the swarm. This strategy
has showed a good performance tracking the sphere
objective function (Kennedy and Eberhart, 1995)
with time varying centre, but it was unable to follow
changes of more complex functions as the one
presented in section 4.

To bypass the multimodal constraint, Clerc (2000)
proposes a modification to the original algorithm that
he called Cheap-PSO. This strategy has a high level
of adaptation in the parameters and in the swarm size.
In this algorithm the velocity and position are
governed by equations (3) and (4), respectively.
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V) = (k- +b[ X*-D-X,(k-D] )
X, (k)= X,(k=1)+V,(k) @)

Parameters o. and b are epoch varying and are
evaluated by equations (5) and (6).

e" -1

u:ﬂ.m;n-i‘(o;m —a“ﬁn)gm-l-l (5)
b_—b_. -1
b= bmin +bmax +( max "i“)(e ) (6)
2 2(e™ +1)
in which m is obtained by,
F(X*Ue=-1)-f(X (k-1
i i ) !

f(X*k=-D)+ 1 (X,(k-D)

and: o, 0.5, B > Qe s Cnax ™ ey - Parameter
a is selected to be smaller than but close to 1.

max

Notice that in this method the objective function f

is supposed to be always positive or zero.
Complementary the swarm size can change with
evolutionary time by adding or removing particles.
This decision in taken by evaluating a «gradienty Af

for each element (Clerc, 2000).

3. SPLIT ADAPTIVE PSO ALGORITHM

In this paper a split adaptive particle swarm
optimisation algorithm (SAPSO) is proposed, which
is a new alternative to the original particle swarm
optimisation algorithm. This approach splits the
swarm population in two sub-populations: a social
subset S and a cognition subset C. The recurrent
equations for adjusting particles trajectories are given

by:

V,(k) = oV, (=D +,[ X* (k=D -X,(k=D] (8)

V. (k) =V, (k=) +¢.[ X - X, (k-1 ©)
X, (k)= X, (k-D)+V. (k) (10)
X (k)= X (k-1)+V.(k) (11)

Each swarm subset is adjusted almost independently
except for equation (9) where the sub-velocity 7, isa

function of the «social» velocity V,. Each epoch, the
variables @, ¢, and ¢_ are chosen randomly with

different values for each problem dimension. Inertia
weights are generated randomly and incorporated in a
vector @ with values between 0.9 and 0.4, and ¢,

- I3

and ¢, are random vectors with values between 0
and 2. Additionally, if the previous best individual
position X, is better than the current individual

position X, , solution X is re-evaluated.

4. SAPSO VERSUS CHEAP-PSO

In order to evaluate and compare the performance of
the previously described methods, 2 multimodal
dynamic landscape was established. The function
selected was a variation of the peaks Matlab®
function and it is described by the following
equations:

f(IJ) =|f1 (x,y)+f2 (x,y)+f3(x,y)|, were
fl (x’y) > §(1 _x)z e(':‘-()’ﬂ]z)
fi(x3)= —10[§—x’ - ,;]e(-*‘-f) 12

_L e

fi(xy)=

In which x&[-3,3], y €[-3,3] and & represents a

parameter that is changed to modify the global
maximum. In the first 150 epochs £=3 and for the

remainder 150 epochs & =6 . Figures 2 and 3 show
the landscape generated with this function for £=13
and & =6, respectively. Additionally a dot is plotted

to indicate were the global maximum for each cost
function is located.

Fig. 3. Search space with £=6.

Matlab®is a registered trademark of The MathWorks, Inc.
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ve measurement A of the distance between
was established. This measurement indicates
hard is for the algorithm to escape when the
converges for the first maximum. The relative
c¢ is computed as:

ﬁ.;i*ixloo%zs.m (13)

max

¢ ¢, is the Euclidean distance between optima
«_, is the larger diagonal distance of the search

algorithms were run 100 times for 300 epochs
time. Conceptually only a velocity bound were
porated in both algorithms with a value of half
wrch space for each dimension. Figure 4 shows

Epochs
, 4. Convergence rate of both algorithms.

¢ nbove plot indicates the best convergence
ghicved for both algorithms over 100 test iterations.
As it can be observed, both algorithms were able to
yack optima variations, but the proposed algorithm
. u faster convergence rate. In table I, the
sicentage of successful convergences in 100 tests of
1 algorithms to the solution are showed.

able 1 Convergence percentage for the Cheap-PSO
and SAPSOQ algorithms

Algorithm Convergence (%)
‘heap-PSO 14 %
88 %

As it can be observed, the proposed algorithm out-
petiorms  Cheap-PSO  algorithm  for multimodal
dynnmic objective functions.

5. PROBLEM STATEMENT

1 order to demonstrate the usefulness of the adaptive
particle swarm optimisation algorithm to design
‘proportional-integral (PI) controllers for non-linear
fine varying processes, an example of a two tanks
¢oncentration control system is examined (Astrém
#nd Wittenmark, 1995). In this problem, the process

dynamics change when the production rate changes,
so a well-tuned controller for one production rate will
not necessarily perform well for other rates. Although
this kind of problems can be avoided with a gain
scheduling strategy (Astrom and Wittenmark, 1995),
in this paper is purposed the tuning of a P1 controller
using an adaptive PSO technique. The use of this
algorithm avoids using variable sampling rates for the
different operating conditions.

Consider a concentration control for a fluid that flows
through a pipe to a buffer tank with no blending, and
then to a tank with perfect mixing. A schematic
diagram of the process is shown in figure 5.

Fig. 5. Schematic diagram of a concentration control
System.

Let u be the fluid concentration at the pipe
admission, y the concentration in the mixing tank
and in the pipe output. For this process, a pipe
volume ¥, and a tank volume V¥, is defined.
Moreover it is alsa available a measurement of the
fluid flow g .

Using T, as the sampling period, the discrete process
model is described by the following model.

y(kT,) = ayp(kT, = 1) + (1 — a)u(kT, — 1) (14)

v, o
in which 7= (int -;—, a=¢ " and keO"™.

s

By analysing equation (17) it is possible to conclude
that the model dynamics are dependent of the fluid
flow (g). If the flow changes, then there will be
significant variations reflected in the system
response. The purpose is then to tune an “on-line” P1
controller in order to be able to follow the dynamics
in the variations of the system response caused by
fluctuation on the fluid flow.

The PI controller is governed in the discrete time
domain by the following incremental equation.
Au(KT,) = K, [Ae(kT,) + K, Te(KT,)] (15)

in which, e(kT.) = w(kT,)— y(kT,) is the error signal,
v(kT,) is the reference signal, K, and K, represent
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respectively the proportional and integral gains. In
order to use the PSO algorithm to optimise a control
system with a PI controller it is necessary to encode

the tuning parameters. Thus a vector [K - K,.] using

a real-based coding scheme represents each particle
in the population. For the present problem, the
particles are evolved from randomly initialised
positions.

The PI controller design is accomplished by
optimising the system response to a unit set-point
change by minimising the discrete Integral Time of
the Absolute Error (ITAE) performance criterion.

J(K,.K,) =ik|e{k’!‘,)

(16)

in which N is the simulation horizon.

6. SIMULATION RESULTS

In order to solve the concentration control problem
described in section 5 by means of the SAPSO
algorithm, the test conditions described in table 2 and
the PSO tuning parameters expressed in table 3 were
used.

Table 2 Simulation conditions

Variable Value
Tank Volume (¥,,) 10
Pipe Volume (V) 1
Sampling Time (7,) 0.3
Fluid Flow (g) [0.4,2]

Table 3 SAPSO tuning parameters

Variable Value
Swarm Size 100
Inertia Weight [0.4,0.9]
o, [0,2]
¢, [0,2]

Table 4 shows the experimental set established for
the different flow (g) operating condition and the
results for the PI controller gains at minimum ITAE.

Table 4 Obtained results with SAPSO.

Solution
Flow (g) K, K, J(K,.K;)
0.4 5.3964 0.0420 579.658
0.67 5.0140 0.0673 325.089
0.94 4.8369 0.0844 253.024
124 49129 0.1130 186.725
2 4.5329 0.1709 125.836
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The flow was set to change every 350-evolution
epochs, which was set deliberately to a small number
to evaluate the adaptation capabilities of the proposed
algorithm. For every flow case the algorithm
converged to the global minimum. This can be
observed in Figures 6 and 7 that illustrate the
landscape obtained for the extreme flow cases of
¢g=0.4 and g=2, respectively. '

& : : i :
Ay ; - 015 02
pm c.1

0.05
WG’J:? 29 Integrat Gain
Fig. 6. ITAE for g=0.4.
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Fig. 7. ITAE for g=2.

The unit set-point responses are shown in figure 8,
where it can be seen a good tracking capability to all
the different operating point conditions. It is
important to notice that in this case the sampling time
is constant (T¢=0.3) for all the studied cases, and that
no identification of the changing plant dynamics was
feedback to the design algorithm.
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Fig. 8. Set-Point tracking responses for different

values for the flow (g).
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7. CONCLUSION

i paper, a new adaptive particle swarm
hm was presented in order to track variations
Jobnl optima in dynamic landscapes. The
ed adaptive evolutionary algorithm was

to design PI controllers that can adapt to
¢4 in the operating conditions of a non-linear
tration system. Simulation results indicate that
nverged Pl controller settings provide good set-
wracking. The proposed adaptive algorithm does
_fequire random population re-initialisation to
%! dynamic global optima changes. Despite the
results obtained, further work will be endorsed
gudy the algorithm full potential with dynamic
populations sizes.
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