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Design and Genetic Algorithms Based Optimisation
of Industrial Adaptive PID FLC System of Liquid Level

Abstract

The level control of the precarbonised solution in a soda ash production plant requires intelligent approaches that can tackle
process complexity, nonlinearity and industrial environment impact. Therefore, model-free fuzzy logic controllers (FLC) with empiri-
cal tuning are suggested which are implemented in a general purpose programmable logic controller (PLC) and operate in real time
control. Online adaptation improves the FLC parameters tuning. The aim of the present research is to optimise the adaptation strategy
and the parameters of an adaptive PLC PID FLC using genetic algorithms (GA) and simulations for reducing both the system error
and the control variance. The PID FLC is based on a PD FLC and a parallel integrator of the system error. A Sugeno model is used
for adaptation of the PID FLC tuning parameters. Depending on the level it defines empirically via its input membership functions
three linearisation zones and performs soft blending of the local for each zone PD FLC gains and integrator time-constants. Two
adaptation strategies are suggested for online auto-tuning of the integrator time-constant only, and together with the PD FLC gain.

The local parameters, in turn, are GA optimised. Simulations show that the best system performance is achieved by auto-tuning both
PID FLC parameters with optimised local values.

Keywords: carbonisation, fuzzy logic adaptive control, genetic algorithms optimisation, industrial implementation, system
simulations
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lNMpoekTnpoBaHmne n onTMMMN3aLuua reHeTUY4ECKMMM anropmTMamMmm
NPOMbILINEHHON CUCTEMbI C aAanNTUBHbLIM HEYETKUM
MU0 perynaTtopoM ypoBHSA XUAKOCTU

3adaua peeyaupoéanus ypoeHs npeosapumenbHo KaApOOHU3UPOBAHHO20 PACMEOPA HA MEXHOA02UYeCKOU YCMAHO8Ke HO
npou3e00cmey KarbyuHupoBaHHOU co0bl mpedyem npumeHeHus He mpaouyuoOHHbIX, KAACCUYECKUX, A COBPeMEHHbIX UHMeNleK-
MYanbHbIX N00X0008, NO3GOAAIOUWUX YHUMbBIEAMb CAOICHOCMb NPOUECCA, €20 HeAUHEUHOCMb U 6030elCmEUs NPOMbIULACHHbIX
nomex. Jas pewenus dannou 3adauu 6 pabome npediazaemcs UCn0Ab308ams 6e3M00enbHble KOHMPOALEPbl HeYeMKOU A02UKU
FLC ¢ amnupuueckoii oHaatin-HAcmMpPOUKOl, peaiu308anHble 8 Pelcume peanbHo20 8peMeHU 8 NPO2PAMMUPYEMOM N02UUECKOM
Koumpoanepe obuezco Hasnawenus PLC. Ileavio uccaedosanus seasemcs napamempuueckas ONMUMUSAUUSL 2eHeMUYeCKUM
aneopummom cmpameeuu adanmueroeo PID FLC peeyaasmopa. Ilpu smom das adanmayuu napamempoeé nacmpotiku PID FLC
ucnoavzyemcs modeav Sugeno. 30eco PD FLC peeyasmop, 6 3aeucumocmu om 3HAUeHUs pe2yiupyemoeo ypo8Hs, IMRUPUYECKU
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onpedeasiem ¢ HOMOWbIO COUX YYHKUUL NPUHAOAEICHOCU MPU 30Hbl AUHEAPUZAUUU U BbINOAHAEM 045 KAJNCOOU 30Hbl MS2KOe
cmewuganue Ko3ppuyuenmoé nepedayu ycuiumens u unmeepamopa. Ilpeoroxcenvr dee cmpameeuu adanmayuu 045 OHAQUH-
aA8MOMaAmMu4ecKoi HacmpouKyu NOCMOAHHOU 8peMeHlU UHMe2Pamopa cOBMeCmHO ¢ Kod(hguuyuenmamu nepedauu ycuiumens u
dugppepenyuamopa PD FLC. Jlokaavhbie napamempsl cucmemsl pecyiupo8anis mexHoa02U4ecKoll YCmaHo8Ku, 8 c60H ove-
peds, agmomamuuecKu ONMUMUIUPYIOMCs eeHemuyeckum aseopummom. Komnviomepnoe moderuposanue u npomviiieHHble
KCHepUMEeHMbl NOKA3AAU 8bICOKYIO IPHeKmUSHOCMb CUHME3UPOBAHHOL CUCMEMbL PeYAUPOBAHUS 3 CHEM A8MOMAMUHECKOl
nacmpotiku napamempog PID FLC ¢ onmumu3upo8aHubiMu 10KAAbHBIMU 3HAYEHUAMU.

Karoueente caosa: mexrnonoeuveckuil npouecc Kap6onu3auuu, adanmugHoe ynpaeiernue c Heuemxkou /lOZLlKOIJ, napamempu-
YyecKkdas onmumusauusa eceHemudecKum areopummom, KOMnblomepHoe MO@@/IUpOS(lHMe, NPOMbLULIEHHblE SKCnepUMEeHmbl

1. Introduction and state-of-the-art

Carbonisation is an essential process in the pro-
duction of synthetic soda ash. In a carbonisation
column (CCl) a reversible exothermic reaction of
a precarbonised solution mainly of ammonia brine
solution (a solution of water H,O, salt NaCl and
ammonia NH;) with carbon dioxide (CO,) gases
in counterflow takes place. As a result crystals of
sodium bicarbonate (NaHCO;) are produced taken
away by the cooling water at the output valve on the
CCl bottom. On industrial scale several CCI operate
in parallel with a common supply of precarbonised
solution. Besides, CCIl alternates operation mode
with washing mode keeping a prescribed ratio of
CCl in operation and in washing mode [1].

The control of level in a CCl is important for the
quality of the soda ash produced. It is also a chal-
lenging task because of the plant complex nonlinear
behaviour and the impact of the industrial distur-
bances. The main disturbance is the measured pres-
sure P in the common supply collector, which chang-
es randomly. The reference for level also changes as
it depends on the load of the CCl measured by the
flowrate of the CO, gases and on the distribution of
the produced precarbonised solution among the CCl
in operation mode.

The plant is difficult to be modelled and hence to
be controlled applying classical control techniques.
Model-free fuzzy logic controllers (FLC) ensure
high performance control based on expert empiri-
cal knowledge about the plant instead of a classical
mathematical model [2]. Various FLC are suggested
for level control [3-9]. Adaptation and genetic algo-
rithms (GA) parameter optimisation are the most
often used approaches to FLC tuning [4—6]. In
[7—9] FLC for industrial applications are developed
based on programmable logic controllers (PLC) and
embedded low cost technique, which, however, are
tested only in laboratory environment.

Several model-free FLC for the control of the level
of the solution in the CCI are designed and empiri-
cally tuned in [10—12]. They all are implemented in

the industrial general purpose PLC and applied for
the real time online level control in an operating CCI
of the "Solvay Sodi" AD plant in the town of Devnya,
Bulgaria. First, a PI single-input single-output (SISO)
FLC is developed in [10] with the system error as
input. The SISO FLC avoids the use of the rate of
error as a second input in the classical P FLC which
numerical computation in industrial environment by
the means of the PLC is highly noise sensitive. In
order to reduce the disturbance impact a PI two-input
(2I) FLC is designed in [11] where the deviation of the
pressure from its mean value is introduced as a second
input and a corresponding rule base derived. In [12]
a PID FLC based on a 2ISO PD FLC and a paral-
lel linear integrator of the system error is designed.
The post-processing gain K, of the PD FLC or the
integrator time-constant 7; are online auto-tuned
depending on the degree of belonging of the current
measured level H or its reference H, to three overlap-
ping plant linear operation zones. The linearization
zones are defined by the input membership functions
(MF) of a Sugeno model which performs a soft blend-
ing of the local for each zone empirically determined
gains Ky or integration time-constants 7. The real
time industrial experiments show that the system with
adaptive online tuning of 7; as function of the level H
has the best performance and therefore is accepted as
a basis of the present paper.

The aim of the new investigation is to develop
an approach for design and study via simulations of
an adaptive PID FLC system for the control of the
level of the precarbonised solution in a CCI with
two adaptation strategies for online auto-tuning as
function of H# — only of 7; and of both K, and T;
by PDC soft blending of GA optimised local values
in order to improve the performance of the system.

The GA optimisation of the local gains and in-
tegration time-constants uses for computation of
the fitness function system simulations and data
from the real time level control system with the best
adaptive PID FLC with online auto-tuning of 7;
as function of H for empirically determined K; and
local 7. The derivation of the system simulation
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model and the simulation investigations are based
on MATLAB™/Simulink and its toolboxes for
fuzzy logic and GA [14, 15], on the industrial PLC
completion of the PID FLC [13] and the data from
the real time experiments.

The paper is organized as follows. Chapter 2 pres-
ents the theoretical background and the problem for-
mulation. The derivation and validation of a system
simulation model of the existing real world operating
closed loop system with the PLC adaptive Sugeno
PID FLC from [12] is described in Chapter 3. Chap-
ter 4 is devoted to the off-line GA optimisation of the
local parameters Tj; and K; based on system simula-
tion. It also contains simulation investigations and
comparison of the performance of the systems with
empirically determined and GA optimised local pa-
rameters in the two adaptation strategies. Chapter 5
presents a conclusion and ideas for future research.

2. Theoretical background and problem formulation

The most often used model-free PID FLC are
based on a fuzzy unit (FU) with two normalised in
the range [—1, 1] inputs — the system error ¢” and
the rate of error de" that comprises a 2ISO PD FLC
which operates either with a PI post-processing or
with a linear integrator in parallel as the developed
in [12]. The rate of error is responsible for the D
component which is important for the system stabi-
lity and fast response due its prediction property. The
noise sensitivity of the numerical computation of the
rate of error, however, hinders its wide industrial im-
plementation. Therefore, different numerical and fil-
tering methods are developed to reduce the impact of
noise and disturbances. In [12] the computed rate of
error as a finite difference is smoothed using sliding
average technique. The model-free PID FLC tuning
also is a problem and most often relies on empiri-
cal approaches based on subjective human expertise,
various assumptions, many and slow experiments
which are difficult to control in industrial environ-
ment. To compensate the trial-and-error imprecise
tuning, a simple mechanism for online auto- tuning
is suggested in [12]. The PID FLC adaptation stems
from the principle of parallel distributed compensa-
tion (PDC) [16, 17] for building of nonlinear control
by soft blending of the outputs of local linear con-
trollers. The PDC is designed on the basis of a TSK
model of the nonlinear plant which assumes that
the plant operates in a few overlapping linearisation
zones and in each zone it can be described by a local
linear model. A Sugeno model defines the linearisa-

tion zones via the input MF and performs soft blen-
ding of local linear plant models. In the same way,
the PDC performs soft blending of the outputs of
the local linear controllers in the PDC rules conclu-
sions on the basis of the common with the TSK plant
model predicate in the If-Then rules. Each local for
the linearisation zone linear controller is designed
using the linear control theory methods accounting
for the corresponding local linear plant model.

In [12] in absence of a TSK plant model three
linearization zones around the most often used refe-
rences for the level 40, 50 and 60 % are assumed.
The adaptation comprises soft blending either of the
gains K; = [K; = 40, K, = 50, K;; = 70] % for
a constant integration time-constant 7}, or of 7; =
= [T, = 18, T;, = 84, T;3 = 102] s for a constant
K, The constant and the local values are deter-
mined via experiments. Five different control stra-
tegies are experimented based on PLC PID FLC:

— Strategy 1 with fixed empirically tuned K, =
=50 % and T; = 138s;

— Strategy 2 with soft blending of the local va-
lues of T; for constant K,, = 55 %;

— Strategy 3 with soft blending of the local va-
lues of K, for constant 7;, = 138s.

Strategy 2 and Strategy 3 use two variants of pa-
rameters soft blending — depending on the degree
of belonging of the current measured level H (H is
the Sugeno model input) or of its reference H, (H,
is the Sugeno model input) to all defined lineariza-
tion zones in the Sugeno model input MF. In this
way were done Strategy 4 and Strategy 5. All ex-
periments are performed on the operating CCI with
PLC implementation of the designed PID FLC by
the use of ordinary logic functions for the descrip-
tion of MF, fuzzy rules, aggregation, implication,
accumulation and defuzzyfication. The best system
performance is assessed from the adaptation of 7;
as fuzzy function of H which turns the integrating
component in the adaptive PID FLC from linear
into nonlinear. The empirical tuning of K;, and T}
or K; and T, is rather subjective and slow and it is
not applicable for a great number of tuning para-
meters in case both K, and T); are auto-tuned.

The problem is to apply an objective approach —
optimisation of the local tuning parameters in the
strategies for auto-tuning of 7; and of both K, and
T; in order to improve the performance of the best
empirically tuned adaptive PLC PID FLC system.

GA are selected as a proper technique for opti-
misation of a nonlinear fitness function of many pa-
rameters without analytical expression with respect
to its parameters [18]. They provide parallel random
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search of the parameter space for global optimum
without getting trapped in a local optimum. The GA
are inspired from the Darwin’s theory on the evolu-
tion of the human intelligence. The new better with
respect to the accepted fitness function generation
is raised by mating of properly selected individuals
(parents), exchange of genes within specified areas
between them and small random gene mutations to
escape from the low level of the parents’ generation
and trapping in local optimum. The individual is
viewed upon as a possible solution — a combina-
tion of values for the parameters for which the fitness
function gets an optimal value, usually minimum.
It is an analogue to the chromosome that comprises
an array of genes, each representing a coded value of
the corresponding tuning parameter. The optimisa-
tion starts with the random generation of the initial
population of M individuals. Then the individuals
are rated according to the computed value of the ac-
cepted fitness function. The mating, the genes cross-
over and mutation are based on different methods
and continue till the new generation is completed
with M offsprings with better ratings than their par-
ents. The optimisation ends after a given number of
generations and then the optimal parameters may not
ensure the desired minimum of the fitness function
or after the expected minimum is reached.

In the present investigation the GA are applied
off-line using system simulations to compute the
fitness function which ensures fast and objective re-
sults without interfering of the real world system
that may cause for some generated chromosomes
system instability or unacceptable performance. By
GA two types of optimisation problem are solved in
the present investigation. The first is a modelling
problem. It is expressed in optimisation of the pa-
rameters of a designed model in order to minimise
a fitness function of the modelling er-

specific closed loop control system performance in-
dicators. In both problems the necessary input/out-
put data used are a result of well-designed experi-
ments in order to ensure that the signals cover the
whole range of operation of the real world system
and are rich in magnitudes and frequencies. Then
the data are pre-processed to decrease the length of
the sample and to eliminate noise and correlation.
Usually the data from the real world experiments
are split into data used in the GA optimisation and
data (1/3 of all) used for model validation after the
end of the optimisation.

The functional block diagram of the adaptive
PID FLC to be optimised is presented in Fig. 1.
It integrates two PDC adaptation strategies — the
best for auto-tuning of 7; for constant K, from [12]
(position "1" of the Switch) and a new one with the
additional functionality to auto-tune both K, and
T; (position "2" of the Switch). The measured level
H,, is noise filtered by an exponential filter with
transfer function Wys) = (12s + 1)L, The result is
compared with the reference H, to yield the system
error e = H, — H. The rate of error de is numerically
computed in the block "de/dt" and then smoothed
for 30 points in the block "Sliding average". The
gains K, = K;, = 0.05 for normalisation of e and
de in the range [—1 1] are computed based on the
maximal expected absolute system error of 20 %.

The fuzzy unit represents in a 2ISO Sugeno
model a number of PLC ordinary logic expressions
for the MF, the fuzzy rules and the derivation of the
final defuzzyfied conclusion.

Standard orthogonal triangle and trapezoidal at
the range ends MF for the inputs and singletons for
the output MF and a standard soft rule base with
fuzzy rules R,, p = 1—15 are used. The MF of the
normalised inputs are the following:

ror between the outputs of the model r------------------—————— -

and the modelled real world system,
plant or controller. Both model and
real world system are subjected to the
same input recorded from the real time
operation of real world system. This

a" Switch: 1.Kd=const
2. Kd=var

problem appears in the derivation of

a TSK plant model [16, 17] and a PID
FLC from real time experiments of the
level control with the PLC implemen-
tation of the best Sugeno adaptive PID

Sugeno
model

FLC [12]. The second optimisation
problem is related with the computing
of the optimal controller’s parameters

which minimise a fitness function of the level H

Fig. 1. Functional block diagram of the Sugeno PID FLC with on-line PDC adapta-
tion only of 7; (Switch in "1") and of both K, and 7; (Switch in "2") as function of
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— for the system error ¢” with labels Le = [Le,,| =
= [NG, N, Z. P, PG,], m = 1-5, where NG, =
= [-1 =1 —0.6 —0.2], N, = [-0.6 —0.2 0], Z.
= [—0.2 0 0.2] — Norm, P, = [0 0.2 0.6], PG, =
=10.20.6 11];

— forthe rate of error de” with labels Lde = [Lde,] =
= [N. Z. P.], I = 1-3, where Ny, = [-1 —1 —0.3 0],
Zs = 170.300.3] — Norm, Ng. = [0 0.3 1 1], NG
is Negative Great, N — for Negative, Z — for Zero,
P — for Positive and PG — for Positive Great.

The MF of the output o” are singletons labelled
Lo = [Lo,] = [NG NS N Z P PS PG|, r = 17,
where NG = —1, NS = —0.6, N = —0.2, Z = 0,
P =0.2, PS = 0.6, PG =1 and PS and NS stand
for Positive Small and Negative Small respectively.

The FU final output o" is computed via weighted
average defuzzyfication in the same way as in the
PLC PID FLC implementation:

) 15 15
o" = ZLopwp /pr,
p=1 p=1
th

where Lo, = Lo,—Lo; is the singleton in the pth

rule conclusion and w, = min(Le,,, Lde)) is the p
rule activation degree. The final PID FLC output
uprp is computed as:

Upip(?) = upp (¢) + % [e(n)dt,

where upp () = K, 0"(f) is the PD FLC output and
the PD FLC gain K; and the integration time-
constant 7; are the PID FLC tuning parameters.

The PDC auto-tuning mechanism is based on a
SI30 Sugeno model. The Sugeno model input is the
filtered measured level A with MF labeled LH =
=[LH,;] =[LowH NormH HighH],j= 1—3, LowH =
= [0 0 35 50], NormH = [35 50 65], HighH =
= [50 65 100 100] to describe the empirically ac-
cepted three linearisation zones. The output MF are
the singletons 0 and 1. Specific fuzzy rules R; en-
sure mapping of the three MF in the three outputs
(30), i.e. each output yields the degree of belonging
of the current H to the corresponding linearisation
zone, or output; =

R;: If His LowH
Then output; = 1, output, = 0, output; =

R,: If His NormH
Then output? = 0, output = 1, output? =

R;: If His HighH
Then outputf = 0, output; = 0, output; =

E.g. for current measured level H, = 46 % at
time instant 7, the predicate of R, is fulfilled with
degree p; = 0.3, of R, — with p, = 0.7 and of R; —
with p; = 0, i.e. the degree of belonging of H, to
linearization zone LowH is pu; = 0.3, to NormH is
W, = 0.7 and to HighH is p; = 0. The Sugeno model
outputs are computed applying the weighted average
defuzzyfication and considering that the MF of the

3
inputs are orthogonal (Z ny= lj:
j=1

3 .
output; = Y’ output{p; =
=1
= 1“1 + Ouz + OH3 =H = 03,

3 .
output, = 3 outputju; =
j=1
=0p; +1py +Opy =py, =0.7

outputy = i outputip; =
j=1
=0p; +0py +1py =p;3 =0.

The degree of belonging ; of the level H to the
corresponding linearization zone appears as Sugeno
model output; which scales the respective local gain
Ky and integration time-constant 7j in this zone.
Thus the expression of the smooth nonlinear adap-
tation algorithm for online tuning of the PID FLC
parameters as function of H is the following:

S, (HO)T,.

3
Ka@) = Zp;(HO)Ky, T =%
J= /=

3. Simulation modelling and validation
of adaptive PID FLC system

The derivation and validation of a simulation
model of the existing real world closed loop system
is based on MATLAB™ /Simulink and its toolboxes
Fuzzy Logic and GA [14, 15]. The simulation model
is necessary in the GA optimisation of the parame-
ters of the adaptive PID FLC and in the simula-
tion investigations for assessment and comparison
of the performance of the designed systems with
empirical and optimised local parameters using two
adaptation strategies. The system simulation model
consists of a Simulink model of the adaptive PID
FLC and a TSK plant model. Their derivation and
validation uses data from the real time experiments
of the best PLC PID FLC system from [12].

The modelling and the validation of the adaptive
PID FLC simulation model is based on the block
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diagram in 1 which describes the PLC implemented
PID FLC. The derived Simulink simulation model
of the best adaptive PLC PID FLC is presented in
Fig. 2 (see the third side of the cover) where K; =
=55%, T, =18s, T, =84 sand T = 102 s. It
contains Transport Delay blocks for the inputs and
a Switch at its output to keep zero output for the
time-delay (here 4000 s). This time-delay is needed
for the nonlinear controller to reach initial steady
state, i.e. the initial conditions to settle ensuring
equilibrium. Then the recorded and smoothed sig-
nals from the PLC real time control system are
applied to the inputs of the Simulink PID FLC
model. These signals are the noise filtered level His,
its reference Hrexp, the control action Uis, the on-
line auto-tuned Tiexp and the normalised rate of
error dEns_sh. They are obtained as a result of ex-
periments with successive step changes of the level
reference in the sequence 50—60—50—40—50 %
carried out during the PLC real time control with
the adaptation of 7. The disturbance P changes
randomly in each experiment. The FU and the Sug-
eno model in Fig.l are designed by the help of the
Fuzzy Logic toolbox each to identically represent
in a single block "FLC" of MATLAB™/Simulink
a number of PLC ordinary logic expressions for the
MEF, the fuzzy rules and the derivation of the final
defuzzyfied conclusion. All other Simulink blocks
model precisely the PLC blocks from the adap-
tive PID FLC implementation. The only difference
concludes in the computation of de". Therefore, the
Simulink module "de/dt", shown in Fig. 2 (see the
third side of the cover), is suggested to approximate
the PLC PID FLC blocks for the computation of the
rate of error "de/dt" and "Sliding average" in Fig. 1.
First, the finite difference of the error is computed
de, ~ e, — e;—; using previous time instant signal
from the block "1/7". Then the result is smoothed by
additional exponential filter with transfer function
W,(s) = k(Ts + 1)~!. The filter parameters k and T
are obtained after a GA minimisation of the mean
squared modelling error between the normalised
de" computed by the Simulink PID FLC model
and the processed rate of the error signal computed
by the PLC PID FLC during the real time control
experiments. The optimised values are k = 70 and
T = 30 s. The step responses to H, = 50—60—
50—40—50 % of the normalised system error "
and rates of error of the PID FLC from simulation
de" with input data His, Uis from experiments and
del, = dEns_sh from PLC real time experiments
are shown in Fig. 3 (see the third side of the cover).
The rate of error €” is close to de, which is a proof

of high approximation accuracy. The step responses
of the control actions U and 7; from adaptation of
the PID FLC simulation model and def, = dEns_sh
from experiments and U, and Tis(H) from experi-
ments are also close to Uis and Tiis of the best
adaptive PLC PID FLC as seen in Fig. 4 (see the
third side of the cover). This confirms that the de-
veloped PID FLC simulation model is accurate.
The derivation of the TSK plant model uses the
same Sugeno model from the 7; auto-tuning and a
dynamic part of three parallel local linear models —
one for each linearization zone, shown in Fig. 5. The
local linear models are described by the transfer func-
tions of timelags P(s) = K(Ts + )"'. An additional
common for the three zones timelag Py(s) = (Tys +
)7! is introduced in series to increase the order of
the local plants with a small number of the TSK plant
model parameters qisx= [K; K, K; T, T, Ty T, 0]
to be determined. The initial level y(0) is accepted as
a model parameter since it plays an important role
in the behaviour of the nonlinear plant. This struc-
ture of the TSK plant model is accepted based on
the assumption of three linearization zones around
the most often used references and the expert knowl-
edge about the dynamic behaviour of the plant in
these zones. The unknown parameters qygx are com-
puted in a GA optimisation procedure. For this pur-
pose a closed loop system simulation model is built
of the TSK plant model and the designed model of
the PID FLC with adaptation of 7; from Fig. 2 (see
the third side of the cover) that con/E/rols Y1sk = Hrsk-

The fitness function F = % 3 (Yrskx — Hisp)?

is the mean squared modelling error between the out-
put of the TSK plant model yrgk in the closed loop
system simulation model and the smoothed mea-
sured level His from the closed loop control system
real time experiments for step reference changes Hr
= 50—60—50—40—50 %, where N is the sample
length, i.e. the number of measurements (here N =
5050). Delay blocks and zero output for the same

| |
| u !
I > I
! T1.s+1 :- X !
! Pe) | Produd !
I uJ !
| 1 K2 '
| L L '
>l x
| From = E Tés gl
s s Py(s) Product |
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! model 0,100 :
K3
I - !
I T3s1 :- X - i
I i I
(TS Product Initial
: Psls) level :

Fig. 5. Dynamic part of the accepted TSK plant model in Simulink
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time-delay like in Fig. 2 (see the third side of the
cover) ensure start of the simulation experiments
after a reached initial equilibrium — important for
nonlinear systems. The minimisation of the fitness
function computed by the help of system simula-
tions yields the following optimal parameters for

which F;, = 0.5986:
R = [K, = 0.31; K, = 0.75; K; = 0.99;
T1—24s T,=219s; T, = 481 s;

= 164 s; y0 = 29 %].

The step responses with respect to level, control
action and tuning parameter of the best adaptive PID
FLC closed loop system from simulation (Hisim, Ui-
sim, Tisim) and from PLC real time control without
data smoothing (Hi, Ui, Ti) are presented in Fig. 6
(see the third side of the cover). They show that Hisim
is smooth and very close to Hi (Hism ~ Hi) while Hi
is subjected to the impact of industrial disturbances.
The T7; adaptations are almost identical Tism ~ Ti.
The control actions differ in the final for each step
response values which can be explained by the distur-
bance impact. The closed loop systems step responses
for fixed K; = 50 % and T; = 138 s demonstrate the
same relationship between the simulation and the real
time data which validates the developed simulation
models of the PID FLC and of the plant. The valida-
tion gives grounds to trust all further simulation re-
sults in testing of other adaptation strategies and in
GA optimisation of the PID FLC parameters.

The TSK plant model enables the study of the
plant. Its step responses from simulation are de-
picted in Fig. 7 (see the fourth side of the cover)
where the MF of the Sugeno model are added. The
step responses demostrate the nonlinearity of the
plant since for equal step changes Au of the input u
the step response at settling time of the plant out-
put AHrgk () is different in the different operating
points — it is lowest about Hrgx = 40 % (lineari-
sation zone "LowH"), highest about Hygx = 50 %
(linearisation zone "NormH") and medium about
Hrgx = 60 % (linearisation zone "HighH"). So, the
gains of the local linear plants K; = AHqyg ()/Au
in the three linearisation zones change from low
through high to medium. This serves as informa-
tion for determining of the ranges for the PID FLC
tuning parameters in their further GA optimisation.

4. GA optimisation of PID FLC parameters

The empirical parameters tuning of the PID FLC
is the only approach in case of scanty expert know-

ledge about the control of the plant. It is based on a
lot of trial-and-error experiments with different val-
ues for the parameters during the operation of the
plant. The experiments take a long time, can hardly
be controlled in presence of industrial disturbances
and are not applicable for tuning of many parameters.
Besides, the assessment of the system performance
improvement is difficult and approximate. The PDC
based adaptation of the PID FLC parameters about
empirically determined local values in [12] is intro-
duces as compensation of the subjectivity, the impact
of industrial disturbances and the imprecision in
tuning. Even in this case the approach is applicable
for a small number of tuning parameters and the re-
sult may be still far from the optimal. The empirical
tuning is useful as it provides a new knowledge to
the control of the plant which enables application of
objective optimisation techniques.

The task in this chapter is to use the developed
system simulation model of validated controller’s
model and TSK plant model on the basis of the
empirically tuned best adaptive PLC PID FLC in
order to GA optimise the PID FLC tuning param-
eters and study two adaptation strategies:

— Strategy 1 — PDC online auto-tuning of T7;
with optimised K; and local T This strategy is
used in the best adaptive PLC PID FLC from the
real time level control but with empirically deter-
mined K, and local T};

— Strategy 2 — PDC online auto-tuning of both
T; and K, with optimised local 7 and K. This
strategy is based on online auto-tuning of more
parameters, which have first to be optimised and
explores the possibility for a greater improvement of
the system performance.

The simulation model of the system with the two
adaptation strategies used in the GA parameter op-
timisation is shown in Fig. 8 (see the fourth side
of the cover). In adaptation strategy 1 the tuning
parameters of the block "Kd = var" are reduced to
one by assigning K;; = K, = K;3 = Ky.

The suggested fitness function to be minimized
is F= F, + 0.1F,/F;. It integrates two criteria. The
first criterion aims at increasing of the system dyna-
mic accuracy by miniNmisation of the mean squared

system error £ = % S (H,; - yrski)? = min. The
k=1

F. . .
~2 = min demands a reduction of

second criterion
. 3 . .

the variance of the control action per unit reference

u . . .

F, =var T relative to the variance of the main

p
disturbance F; = var(P) accounting in this way for
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Performance indicators of the investigated systems via simulation

Systems System 1 FoP' = 17.7, F{P' = 10.6 System 2 FOP' = 14.5, F{P' = 8.7 System 3 F°P' = 13.93, F{P' = 10.6
PErIOMMANCe |6 9% | fs | Upea/ U % ||AUnans % | 0.% | 105 | Upea/ Vs % | [AULas % | 0% | 105 | Upeat/Un % | AUl %
H,.=50—60 % 30 | 1100 80/35 48 8 800 85/35 55 0 700 59/35 27
H.=60—50 % 35 | 1500 8/29 25 10 1100 0/29 33 5 900 0/29 31
H, = 50—40 % 33 | 1800 0/25 30 12 1100 0/25 26 7 1100 0/25 25
H.=40-50 % 35 | 1300 75/29 50 20 1300 82/29 50 15 1300 63/29 36
mean 33 | 1425 40.8 38.3 13 1075 41.8 41 7 1000 30.5 29.8

the impact of the random disturbance. The mini-
misation of the control variance responds to the
requirement for prolonging of the lifetime of the
expensive final control elements for the level control
in the CCI.

The GA optimisation yields the following opti-
mal PID FLC parameters:

— for the first strategy ape = [K; = 63 %;

=26s, T, =202s, T; = 186 s], FOP' = 14.5,
FOpt = 8.7,
— for the second strategy qPDCZ [K; = 51 %,
K =32%, Kn=289 %; T, =34 s, T, = 374 s,
=179 s], F°P' = 1393, F Opt = 10.6.

The step responses with respect to level H, con-
trol action U and adapted parameters 7;and K, from
simulation of the investigated PID FLC systems are
shown in Fig. 9 (see the fourth side of the cover),
where the designations are the following:

— (Hi, Ui, Ti) for System 1 with 7; PDC auto-
tuning and empirically determined K, and 7};

— (Hio, Uio, Tiio) for System 2 with 7; PDC
auto-tuning and optimised K, and Tj;

— (Ho, Uo, Tio, Kdo) for System 3 with K, and
T; PDC auto-tuning and optimised K, and T3

The designation "i" corresponds to 7; auto-tun-
ing while "o" stands for optimised parameters. The
systems are compared on the basis of the perfor-
mance indicators:

1) minimal integrated criteria F°P* and mean
squared error FPP; 2) overshoot o, % and settling
time £, s; 3) peak U, and settled U, values for the
control action and its maximal range |AU|,,,x — €s-
timates for smooth and economical control action.

The assessed from the four step responses per-
formance indicators of the three systems and their
mean values are systemised in Table 1. The analysis
of the results rates System 3 as the best for the fol-
lowing reasons:

— System 3 has the minimal F°P* and FP equal
with System 1, which is the second low after Sys-

tem 2. This means that System 3 reaches high dy-
namic accuracy at a control action with small vari-
ance, i.e. economical and smooth;

— The three systems have the same U, for a
given reference and the greater the reference is —
the higher the settled control action is. System 3
has the smallest U, hence the lowest deviation
of Uy from U, and the lowest |[AUl,,,, which are
indicators for economical and smooth control, i.e.
safe for the final control elements valve and pneu-
matic cylinder;

— System 3 is the best with minimal both ¢ and
t, and also with the minimal mean values from all

N
step responses for all performance indicators.

5. Conclusion and future research

The contribution and the novelty of the present
research are the following.

An approach is developed for the improvement of
the performance of a closed loop system with PLC
implemented adaptive PID FLC for the control of
the level of the solution in an industrial carbonisa-
tion column. The adaptive PID FLC consists of a
2ISO PD FLC with parallel integrator of the sys-
tem error. A PDC auto-tuning mechanism ensures
soft blending of the local PD FLC gains and the
integrator time-constants which are empirically de-
termined for three expert defined plant operation
linearisation zones. The suggested approach is based
on off-line GA optimisation of the parameters of
the adaptive PID FLC for two adaptation strategies
and simulation experiments for assessment of the
best strategy.

The off-line GA optimisation is based on system
simulation for the computation of the accepted fit-
ness function. Therefore, a system simulation model
is developed. It consists of a model of the adaptive
PID FLC developed from its PLC implementation
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for the real time level control and a TSK plant mo-
del. The two models are derived via GA optimisa-
tion using data recorded and processed from de-
signed experiments during the real time PLC PID
FLC level control with PID FLC empirically deter-
mined parameters. The optimal parameters of the
adaptive PID FLC result from offline GA mini-
mization using system simulations of a suggested
fitness function which integrates requirements for
minimal mean squared system error and minimal
control variance.

The closed loop PID FLC systems for level con-
trol using the two adaptation strategies with em-
pirically determined and optimised PID FLC pa-
rameters are investigated by simulations. The sys-
tem with PDC auto-tuning of only of the integrator
time-constant and constant post-processing gain of
the PD FLC shows an increased dynamic accuracy
compared with the system with the same strategy
implemented in the PLC PID FLC with empirically
determined parameters for real time level control.
The PDC auto-tuning of both the integrator time-
constant and the PD FLC gain leads to the best
system improvements — the highest dynamic accu-
racy and the lowest control variance which prolongs
the lifetime of the expensive final control elements
for the level control in the carbonisation column.

The future research is related with the real time
experimentation of the system with the PID FLC
with the best adaptive strategy and optimised pa-
rameters for the control of the solution level in an
operating CCI.
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