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Abstract— The design of a robust controller for a con-
strained SISO' linear system is considered. Initially, the study
of a solution provided by genetic programming (GP) outlined
that the GP search process does not achieve time-optimality.

A genetic algorithm (GA) was chosen and implemented to
confront the performance of the GP solution. The system
presented in this paper tuned a set of elements that form
the controller structure, namely, a PID core, a feed-forward
block, a filter on the derivative and a Butterworth filter on
the feedback. The proposed approach proved to reach time-
optimality thanks to the achievement of bang-bang control.
The control synthesis method also showed versatility when

considering load and feedback disturbances on the system.

GA appears to be preferable for the computational cost and
the quality of the solution obtained.

I. INTRODUCTION

described. No assumptions on the controller structure were
given and the method was free to evolve the most suitable
architecture for the current control problem. The plant used
as benchmark was a second order linear system. An optimal
controller for this plant is proposed in a control engineer
textbook [4].

In this paper, the controller proposed in [15], [16] was
reproduced and verified with respect to performance. It was
found that the GP controller is several times faster than the
time-optimal PID proposed in [4] because of a different
constraints specification. The proposed comparison [15] of
the GP controller with a traditional PID is therefore not
relevant.

A GA application was designed to tune a controller with
he same constraints used for the GP search process. The

) . . . t
With the increase of computational power, evolutionary,,jication, by evolving a 10-dimensional genotype, is able
algorithms (EAs) in control engineering are used to tacklg, y,ne and, to a certain degree, to shape a controller struc-
complex problems hmore effectively thar:] n the pals,t'd'ﬁure to minimize a time domain index. The solution found
recent survey on the present EAs techniques applied fnqveq the performance of the GP controller. Parts of the

control engineering is provided in [6]. _controller are set to filter noise applied to the system. The

In the EAs panorama, GAs are often regarded as tun'rﬂﬂi’tering is automatically increased or decreased depending

tools performing well on fixed controller structures. Hence,, he level of noise. Contrary to the method proposed

as a general rule, GAs are mostly used as alternatiyg 117) which limits itself to tune three PID parameters,
optimisation techniques where the controller and the seargh this experiment, disturbance rejection is achieved by

space are vyeII defined. . the automatic decision of enabling or disabling the filters
Optimisation of parameters by means of GAs was OriGshaped by 7 additional parameters.

inally proposed in [8], [32]. In [32], the genotypavas

composed by the three PID parameters. The method was Il. THE CONTROL PROBLEM

tested for optimisation of nonlinear processes and showed-l-he plant to be controlled, presented in [4], is expressed

robustness and efficiency. Later, several other applicatio% the transfer function

of GAs appeared in [9], [17]-[19], [31]. In most of the

previously cited cases, however, the search was limited to K 1)

the three PID parameters. A more complex optimization is (rs+1)2

proposed in [201, [21] vvhere adaptive control is reached by \ynere K andr vary between the values< K < 2 and

means of genetic algorithms. _ 0.5 < 7 < 1 to obtain robust control. The transfer function
To gain more flexibility, genetic programming (GP) hasgpresents the mathematical model of a set of processes

been used [5], [7], [15], [16]. In [7], @ method for modelyigely spread in control engineering. Detailed descriptions

structure identification has been implemented. With the aifg physical models are present in control textbooks [2], [4],

of making the controller structure and the parameter tuniqgg]' In this paper, the mathematical model is used without
both targets of the search process, in [15], a GP approachj§qressing a particular physical system.

The simulation of the controlled system is carried out
far the four states corresponding to the four combinations
of the valuesK = 1,2 andr = 0.5, 1.

G(s) =

1Single Input, Single Output
2In GAs the genotype is represented by the array of parameters to
optimized.
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For the GP and GA methods, the control problem is
constrained by the presence of an actuator with limitation
of the control variable tat40 Volts. Overshoot within 2%
is also required.

The control problem of equation (1) is followed, in [4,
pages 697-700], by a traditional method of synthesis for
a PID with prefilter. The control variable is unconstrained
and the design is linear and time-optimal with respect to -3¢
the integral of the time-weighted absolute error -40t w w
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In the design, a parameter is used to set the intensity

of the control variable and achieve a time-optimal response

within certain ranges ofi(t), @(t) and overshoot.

Control variable (Volts)

Il. THE GP APPROACH

The genetic programming approach has been used it _,|
[15], [16] to design from scratch a controller for the plant | , ‘ ‘ ‘ ‘ ]
of equation (1). The genotype was a tree-coded controllel 0 0.1 02 s 05 06
mapped into a SPICE code for the simulation of the
electric circuit. The fitness function was composed by a Fig. 1. Control variables for the GP and textbook PID controllers
weighted sum of the ITAE index and additional penalties for
undesired behaviours like overshoot. The controller found
as solution is said to be 2.42 times better than the optimfgedback signal. The roughly tuned controller, compared to
PID with respect to the same ITAE index. The controllethe GP controller, obtained better performance under all the
has been reproduced and simulated in this experime§@nsidered indices. Table | shows the simulation results for

Matlab and Simulink have been used for implementatiok= 1 andr = 0.5.
and simulation. It was observed from the simulations that both the GP

a) Simulation results:The simulation of the GP con- controller and the new PID bring the control variable to
troller, compared to the standard PID, shows that the G¥aturation for the plant parametekS= 1 and = 1; i.e.
controller uses the control variable in a more intensive wayhen the plant has the lowest gain (K) and the highest
than the PID. It makes use of saturated control and highéime constant) and needs a stronger control action. For
varying rate of the control variable. Figure 1 shows théhe other three combinations of the parameters, the system
control variable for both the controllers. response does not change significantly and the control

The use of nonlinear, saturated control helps the Gwariable remains under the saturation limit: the controllers
controller to achieve a faster response. Besides, the GIS€ saturated control only in one fourth of the cases. This
controller as presented in [15], [16], uses a second derivabservation gave the notion that performance in the time
tive that, without the introduction of a proper low-passdomain could be improved by using even stronger control
filter, produces a very high bandwidth. Moreover, the lackvithin the contraints. The following GA was designed to
of a constraint for the derivative of the control vari-explore this possibility.
able and the unlimited bandwidth in the feedback loop
(Y(8)/Yfeedvack(s)) allows a potentially infinite load dis- IV. THE GA APPROACH
turbance suppression but is not implementable on a real Method
system. For the simulation, the derivative was implemented
with an embedded first order low-pass filter in order to The genetic algorithm approach, implemented as part of
obtain a finite bandwidth. the experiment presented in this paper, makes use of Matlab

From the analysis, the controller presented in [15], [16dnd Simulink for running the evolutionary computation
has substantially different characteristics from the PID andnd simulating the system respectively. Figure 2 shows
is therefore not comparable. However, the design methdbde Simulink structure used. The genotype is an array
explained in [4, pages 697-700] allows to tune the PIlzomposed by 10 values, which position can be identified
control variable to any desired value. Hence, in a secorid figure 2 and function is described in table Il. By means
simulation, the standard PID controller was tuned for af 10 parameters, the GA tunes a feed-forward block (or
stronger control action tentatively setting the tuning paranprefilter), the three PID parameters, a first order filter on
eterw from 8 to 16; additionally, a limit on the integral the derivative, a feedback gain and a Butterworth filter on
was imposed to 8 Wlts and a gain of 3 was added to thbe feedback signal. The anti-windup system, identifiable in
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TABLE |
SIMULATION RESULTS FOR THEPID, GPAND NEW PID CONTROLLERS FORK = 1,7 = 0.5

(PID) (GP) (tuned PID) Characteristic

Overshoot 0.3% 0.4% 1% limited to 2%

Rise time (ms) 391 239 210 to minimize

Settling time (ms) 629 417 326 to minimize

ITAE (m\olts - se@) 49.0 198 13.5 to minimize

Load disturbance deviation (m\olts) 6.0 0.64 0.42  to minimize

Maximum u(t) (Volts) 8.6 19.4 36.0 limited to 40Volts

Maximum u(t) (Volts/sec) 460 1927 8761 unspecified/free
BandwidthY/Yceqbacr (rad/sec) 57.6 3070 435  unspecified/free
BandwidthY/Y;..; (rad/sec) 5.4 8.8 10.4  limited to 401rad/sec in [16]
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Fig. 2. Simulink model used by the genetic algorithm

the block diagram, was realized using a standard method laad the same influence. To avoid oscillations and instability,

described in a control textbook [2, pages 423-427]. a penalty was added for an exceeding number of peaks in
The search space was defined by the following range #t€ control variable. To favour a smooth response, a penalty
values was added when, after the first peak, the output variable was
moving away oft 2% from the reference value.
N1 =[0,2000]; D1 = [0,2000]; D2 = [0,2000]; _ iy .
Kp = [0,2000]:  Ki = [0,3000]; Kd = [0,1000]; c) Constraints: An additional constraint was added.

The derivative of the control variable(t), was limited
to 10,000 \olts/sec. Although this is a high value, the
limitation is determinant to constrain the GA search. In

The population was randomly initialized and seeded witfact, preliminary runs showed that the search process is
randomized versions of the solution from the design in [4&pt to exploit an unlimited:(¢) to reach a very high load

b) Fitness function:The fitness was evaluated for thedisturbance suppression until quantization and sampling

system undergoing a step reference signal from 0 to 1 Volt,}pise arises and acts as a hidden constraint.
unitary step load disturbance and feedback noise. The main d) GA setting: The GA ran on a population of 300
performance index considered was the integral of the timénadividuals. Selection was based on a tournament mech-
weighted absolute error (ITAE) between the reference signahism within groups of 10. Mutation and crossover were
and the plant output. Since the plant was simulated in fowapplied to 20% and 70% of the population. The tournament
different parameter configurations, four ITAE values weravinners (10%) were kept unmodified in the population as
added in a weighted sum. The weights were automaticalbfitists. On 25% of mutated individuals, a vector of likely
adjusted during the computation so that each plant resporfeess improvement was added: the vector was calculated

Kf = [0,100]; DerFac = [0,4000];
Bw = [0,4000]; Ord = [1,8].
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TABLE I

BEST INDIVIDUALS OF THE GA CONTROLLER
1+ = -

Noise Level &
Param. | None  Low  High | Function 508 ]
N1 85.72 79.91 60.09 Pre-Filter numerator =
D1 0.079 0.089 0.097 Pre-Filter denominator goer ]
D2 3.679 3.859 3.967| Pre-Filter denominator £ o4l i
Kp 619.7 465.3 240.2| PID proportional action o
Ki 134.4 733.7 847.1 PID integral action oal
Kd 37.82 34.64 43.25 PID derivative action '
Kf 3.34 0.19 0.034| Feedback gain oL ; ; ; ; :
Ord 1 4 2 | Butterworth filter order 0 0.1 0.2 03 0.4 0.5 0.6
DerFac | 3153 1013 906.1| Pole for the derivative-filter Time (sec)
Bw 3145 688.9 157.3 Butterworth Bandwidth (Hz)

Fig. 3. Plant output of the GA controller

taking the difference of two individuals genotypes where th
first one had better fitness than the second one, repeati _
the operation all over the population and computing th
average. This vector is meant to provide an indication of
likely fithess improvement or likely descendent direction ir
the fitness landscape.

e) Simulation runs:In a first set of runs, the system
was simulated without load and feedback disturbance
The search process was monitored and manually stoppt ; - — — o
In a second set of runs, the solutions obtained in th Time (sec)
first run were trained to adapt to load disturbance and
feedback noise at different intensities. Two different levels
of noise were applied. The noise was generated by the
Band-Limited White Noise Simulink block, which was set
to 1ms sampling step and powagpW and1nW for low and
high noise respectively.

Control variable (Volts]

Fig. 4. Control variable of the GA controller

saturation. Hence, the system response gets faster as the
system gets more reactive, see figure 3. The control variable
The process ran on a single AMD 2400+ machine Witr(figure 4) shows that the search process reached a complete
Windows XP as operating system. Given the stochastffd19-Pang control, where the upper and lower saturation
nature of EAs, the GA controller was produced in similatiMmits are reached using the maximum varying rate in order
versions by running the GA program 20 times for eacho obtain the fastest plant response. T_able _III reports the
set of runs. During the first generation, each solution we/€rage performance of solutions obtained in 10 runs for
simulated for an interval of time of 10 seconds. For th&€ free 9f noise system: ] ]
following generations, to optimize the computation, the ) Disturbance appliedWhen noise was applied, the
simulation time was set variable and equal to three timg@mputation adapted the controller to the new working con-

the settling time of the best individual. dition by adjusting its parameters. From table I, comparing
. i the data for different levels of noise, the tuning operated by
B. Simulation Results the GAis evident. The proportional PID parameter (Kp) was

The GA took an average of 30 generations in the firqorogressively lowered as well as the feedback gain (Kf). The
run without noise and approximately the same numbdButterworth filter was tuned by considerably lowering the
of generations for the following two runs with low andbandwidth and increasing the order. Finally, the first order
high noise. The first generation took between 200 and 3(iter on the derivative was significantly tuned.
seconds to be evaluated, depending on the level of noise By monitoring the evolutionary computation, it was ob-
Thanks to the adaptive simulation time, the last generatiosgrved that, for individuals of the first generation, the control
took approximately one tenth of the time to be evaluatedvariable undergoes extreme variations due to the sensitivity

Three solutions chosen from the runs are presented o the feedback signal. The control variable for the best
table 1. individual of the first generation after applying the noise is

f) Free of noise systemin figures 3 and 4, the plant plotted in figure 5. On a real plant, this behaviour of the
output and the control variable for two plant configurationgontrol variable might damage the plant or cause Viaesir
(K=17 =1and K =27 = 0.5) are plotted when the and tear of the mechanical part of the actuator. Hence,
system is not subjected to load and feedback disturbandke first target is to make the control variable as smooth
The nonlinearities imposed by the constraints were usexb possible in spite of a loss in performance. When the
by the genetic algorithm to increase the performance usirapntroller is adapted to noise, the control variable remain
the maximum control action allowed by rate limit andsmooth as shown in figure 6. The sensitivity to the feedback

480



TABLE Il
SIMULATION RESULTS OF THEGA CONTROLLER FOR FREE OF NOISE SYSTEM

(K=27=05) (K=1,=1) Characteristic

Overshoot 2% 1.9% limited

Rise time (ms) 75 181 to minimize
Settling time (ms) 128 298 to minimize
ITAE (m\Volts - se@) 2.8 17.2 to minimize
Load disturbance deviation (m\olts) 2.8 2.6 to minimize
Maximum u(t) (Volts) 40 40 limited
Maximum u(t) (Volts/sec) 10000 10000 limited
BandwidthY/ Y ccapack (rad/sec) 391 77.8 unspecified/free

° of 243 ms using the GP controller decreased to 75 ms using
o the GA controller; the settling time decreased from 419 ms
| to 128 ms. Finally, the ITAE recorded by the GA controller
% o At | | Il is 2.8 m\olts- sed versus 19.9 m\olts seé of the GP
g ‘ I I \ ﬂ controller.

5 -101 I |
§ 2ol | . . V. CONCLUSION
or The initial analysis and simulation of the GP and PID
ok = - >, controllers outlined several different characteristics of the
Time (sec) two controllers. The use of saturated control, not specified

i : ) gs a constraint in [15], [16], allowed the evolutionary
Noise effect on a controller trained for a free of noise feedbac . . .
computation to reach better fithess values and improve

the performance of the standard PID. However, saturated
‘ 7 control can be used only in particular control problems.
The nonlinearity and the heavy use of the actuator make
the controller unsuitable for most industrial applications.
The design cost is a decisive factor. The PID tuning
~ requires few manual calculations as explained in [4, pages
10F ~ i 697-700]. The GP controller was synthesized by a parallel
o0k | computer architecture of sixty six 533MHz elements that
took 44.5 hours [15], [16]. Besides, the setting of suitable
a0l , ‘ | initial parameters of the evolutionary computation and the
0 05 Time (sec) 1 15 design of an effective fitness calculation require additional
Fig. 6. Noise effect after the training of the controller. Noise applied'tlme and skill. On the other hand.' the automatic Symhe.SIS
nw ' for the GP controller, as stated in [16], does not require
knowledge in control theory and it is free to evolve a dif-
ferent structure for each kind of control problem. However,
signal is reduced as well as the performance in the timlack of knowledge in control theory favors the production
domain. Therefore, when the feedback signal is affected f inapplicable controllers because of simulation flaws like
high uncertainty, high performance are abandoned in favounspecified constraints, easily identified by an experienced
of robustness.

Fig. 5.
signal. Noise applied: 1nW
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C. Comparison with the GP Controller 12

The GA controller cannot be compared to the GF i
controller when feedback disturbance is applied. In fact 4
the GP controller was designed for free of noise signal £ *°/
only. Furthermore, the presence of a second derivative als :-o.e—
makes it extremely sensitive to quantization noise durinig
simulation. &%

Considering free of noise systems, figure 7 shows . o,
comparison between the plant responses of the GP ai ,
GA controller for K = 2,7 = 0.5. The GA controller has % o1 oz o0s os Timg‘-?sec) 05 07 o8 03 1
approximately the same performance as the GP controller
forK=1,7 =1 For K=2,7 =05, however, the GA Fig. 7. Comparison of plant outputs for the GP and GA controllers (K
controller showed considerable improvements. The rise tinme2, 7 = 0.5)

P
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control engineer but greedily explored by the evolutionary
computation. 1l

The synthesis of a GA controller requires knowledgﬁlalo]
in control theory in order to set the proper controller
architecture. However, in this experiment, it is proved thafl
the GA computation is not only capable of tuning controller
parameters, but has also the potential of acting in the2]
controller design process. In particular, the Butterworth
filter is designed by the GA on the base of the level of;3
noise present in the system. Also the first order low-pass
filter on the derivative and the feedback gain were tuned
according to the noise. This fact suggests the possibiliﬂl/l]
of using more complex structures, without limiting to PID
control, and allowing the GA to shape the optimal subt®l
structure that better fits the current control problem.

The simulation of the solutions from the run for the
free of noise system outline the effectiveness of the GH®6l
approach compared to GP. Saturation and bang-bang control
were achieved by the evolutionary process. The use @f7]
nonlinear constrained control, which leads to difficulty for
the traditional design, was easily exploited by the GA for thS]
the four plant configurations. The dramatic improvements
recorded qualify the approach to optimize solutions of
control problems with high performance requirements. [19]

The computational aspect makes the GA approach feasi-
ble. The time of magnitude one or a few hours, depending
on the complexity of the fitness calculation and the presenggy
of noise, makes the method attractive for several applica-
tions. Considering a future improvement in this techniqu
and an increase in computational power, the capability (f%l]
adapting to different levels of noise could be used to design
an online adaptive control, as also proposed in [20]. In fact2
if the evolutionary computation speed of adaptation is fastess
than the rise time of noise condition, an online GA coul

guarantee robustness and adaptability. (24]
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