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Although various nonlinear control theories, such as sliding mode control, have proved sound and
successful, there is a serious lack of effective or tractable design methodologies due to difficulties
encountered in the application of traditional analytical and numerical methods. This paper develops a
reusable computing paradigm based on genetic algorithms to transform the “unsolvable problem” of
optimal designs to a practically solvable “nondeterministic polynomial problem”, which results in
computer automated designs directly from nonlinear plants. The design methodology takes into
account practical system constraints and extends the solution space, allowing new control terms to be
included in the controller structure. In addition, the practical implementations using laboratory-scale
systems demonstrate that such “off-the-computer” designs offer a superior performance to manual
designs in terms of transient and steady-state responses and of robustness. Various contributions to the
genetic algorithm technique involving the construction of fitness functions, coding, initial population
formation and reproduction are also presented.

1. Introduction
Classical and modern control theory has been successful for systems that are well defined, both in
terms of deterministic and stochastic descriptions. In many engineering applications, however, it is
impossible or very difficult to obtain an accurate model of the plant to be controlled, due to the lack of
detailed a priori information, complex dynamics, nonlinearity and time-varying characteristics of the
plant. Modelling difficulties like these have forced control engineers to use simplified or linearised
models, which are often inaccurate and vulnerable to parameter inaccuracy (or structured uncertainty)
and unmodelled dynamics (or unstructured uncertainty), with degraded controlled system performance.
Currently, one widely adopted approach in control engineering to combating (or limiting the effect
of) these modelling difficulties involves robust control, such as the nonlinear sliding mode control
(SMC) which is also known as variable structure system (VSS) control. This control strategy makes
use of singular arcs in the state-space, producing control settings based mainly on the observed plant
input/output behaviour (as opposed to model predictions) and on considerations concerning some
characterisation of the modelling uncertainties (Itkis 1976, Utkin 1993). Such an approach to robust
control enables efficient control of high-order nonlinear plants and is easy to implement. Although
existence and convergence conditions for designing such control systems have been studied extensively
and successful applications to control of various industrial processes, power systems, electric drives,
robots, aircraft, spacecraft and space structures, ships, and guidance systems have been widely reported
(Hung et al 1993, Utkin 1993), there is a serious lack of effective or tractable design methods. Reported
designs have been based on trial-and-error simulations, starting from a nominal model and theoretical
sufficient conditions, with subsequent on-line manual adjustments.
The problems in nonlinear control system design arise from difficulties in applying calculus-based
analytical methods to parameter optimisation under constraint conditions, when the design criteria or
performance index may not be differentiable. Existing numerical optimisation methods used with
computer-aided control system design (CACSD) are also inadequate, since they are based on derivative
or gradient guidance and thus have difficulties in finding the global optimum in the multimodal design
space. Further, the objective functions needed in these numerical methods must be “well-behaved”
(Goldberg 1989, Holland 1992, Srinivas and Patnaik 1994) and would not, therefore, reflect practical
system constraints (Ng and Li 1994, Li 1995a, Gray et al 1995). In addition, a modern paradigm of
CACSD should also provide an environment that accepts the following challenges (Barker 1995, Li
1995a):
• Complexity of practical systems;
† Centre for Systems and Control, and Department of Electronics and Electrical Engineering, University
of Glasgow, Glasgow G12 8LT, U.K., E-Mail: Y.Li@elec.gla.ac.uk
‡ Department of Electronics and Electrical Engineering, University of Glasgow, Glasgow G12 8LT, U.K.

2

Y. Li, K. C. Ng, D. J. Murray-Smith, G. J. Gray and K. C. Sharman
•
•
•
•

Required high quality and accuracy of design;
Speed of design;
Competition with available design tools (in terms of ease of use, for example); and
Robustness, reliability and safety arising from the design.

This paper develops a systematic and reusable evolutionary computing paradigm for solving
generic design problems, with a focus on the design automation of sliding mode control systems by a
genetic algorithm (GA). A sliding mode control scheme that is easy for practising engineers to use is
developed in Section 2, also setting the scene for the discussions. To avoid the design optimisation
difficulties mentioned above, it is proposed in Section 3 to transform the design problem into an
analysis problem initially. A genetic algorithm is then developed to intelligently explore the analysed
candidate controllers, leading to the globally optimised control system. It is illustrated that, by trading
off precision slightly for improved tractability, robustness and ease of design (Herrera and Verdegay
1996), such computing paradigm meets the above challenges. Section 4 subsequently illustrates this
methodology through two examples, one being a nonlinear system with relatively slow dynamics and
the other a linear time-varying system with relatively fast dynamics. Conclusions and areas for future
work are outlined in Section 5.

2. The Sliding mode control law and design difficulties
2.1. The control law
Suppose a nonlinear system to be controlled is given by
x& ( t ) = f (x ( t ), t ) + b u( t )

(2.1)

where x∈ℜ
ℜ n is the state vector, u∈ℜ
ℜ m the input vector, n the order of the system, m the number of
inputs and f and b are properly dimensioned. Then the sliding surface hyperplane, S(e), for ndimensional tracking is defined by (Itkis 1976, Utkin and Yang 1978, Hung et al 1993, Utkin 1993)
S(e) = { e | s(e, t) = HT e(t) = 0 }

(2.2)

ℜ n represents the
where e = x - xd is the (negative) tracking error for a desired trajectory xd(t) and H∈ℜ
coefficients, or slope, of the sliding surface. It is shown that (Slotine and Li 1991), using SMC, this ndimensional tracking problem is in effect a first-order stabilisation problem that keeps the error states
on S(e) for all t > ts , where ts is the time at which the sliding mode starts, and the dynamics while in
sliding mode is given by s&( e , t ) = 0 . Note that it is common to use e as the state vector x in SMC
schemes.
Without loss of generality, consider a common second-order single-input and single-output (SISO)
system with nonlinearity given by f ( x , t ) . In SMC, a feedback linearisation term can be included in
the control signal to cancel the nonlinear dynamics and thus to simplify the design. An estimate of this
is given by a nominal model, f$ ( x , t ) , and is used together with a linear combination of error states to
form an equivalent control signal u$ eq ( x, x d , t ) that keeps the states in the sliding mode (Slotine and Li
1991). To satisfy the robust stability condition derived from a Lyapunov function and given by
s( e ) s&( e ) ≤ −η s , ∀s

(2.3)

where η > 0, a switching term must be added in the control signal. This yields the sliding mode control
strategy given by
u = − k sgn( s) + u$ eq
where

(2.4)
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+1, s > 0

sgn( s) =  0, s = 0
−1, s < 0

Here conservatively choosing k ≥ η + f − f$

∞

will satisfy the robustness condition given by (2.3)

(Slotine and Li 1991). In the presence of model imprecision, this switching control law attempts to
drive the system states from an arbitrary initial point onto (or close to) the sliding surface and to keep
them in the sliding mode afterwards.
To simplify the equivalent control and ease the design task for practising engineers, Nandam and
Sen (1992) have proposed an equivalent control action based on the proportional plus derivative control
law. A potential advantage of this strategy, which the authors did not address, is its ability of using the
undistorted nonlinear model of the physical system in a simulation based design process. This paper
further extends this control strategy by incorporating an integration term to form a generic controller
structure given by
u = − φ − ϕ P e − ϕ I ∫ e dt − ϕ D de / dt

(2.5)

with generalised “hard-switching” parameters being
α 1 , s < 0
,
φ=
α 2 , s > 0

 β 1 , es < 0
,
ϕP = 
β 2 , es > 0

γ 1 , s < 0
,
ϕI =
γ 2 , s > 0

& <0
δ 1 , es
ϕD = 
& >0
δ 2 , es

(2.6)

Note again that e is the negative tracking error. The first term in (2.5) represents an asymmetric
switching “voltage” for asymmetric systems, the second a proportional (P) term of the error state, the
third an integral (I) term, and the last a derivative (D) term. The use of the PID terms for equivalent
control in (2.4) gives practising engineers a more tractable implementation. The design of this
simplified SMC system involves the choice of the eight switching parameters in (2.6) and the switching
logic associated with the sliding surface of (2.2) determined by HT= [h 1]. The design task is thus to
find a parameter vector
Pi = [h α 1 α 2 β 1 β 2 γ 1 γ 2 δ 1 δ 2 ]

T

in the solution space

{

P = Pi

Pi

L2

(2.7a)

}

< ∞, ∀i ⊆ ℜ 9

(2.7b)

such that the parameter set yields a sliding mode controller that best meets the design criterion.
2.2. Difficulties in existing design approaches
Although the method proposed by Nandam and Sen (1992) is reported useful and the minimum
switching gain of k in (2.4) may be derived from the robustness condition (2.3), there is no direct design
methods reported for selecting the controller parameters such that they best meet performance
requirements such as a short rise-time, low oscillations and low steady-state errors. A useful design
approach based upon a linearised ideal nominal model, however, exists and has been commonly studied
(Itkis 1976, Utkin and Yang 1978, Dorling 1985, Hung 1983, Utkin 1993). This approach starts with
design considerations in solving the existence and reachability problems using eigenvalue assignment
for equivalent control, and then a calculus based optimisation method is applied to differentiate the
performance index in order to solve for optimised SMC parameters analytically. A cost function for this
quadratic minimisation has been proposed by Utkin and Yang (1978) and used by Dorling (1985) in
the form of
J=
where F∈ℜ
ℜ

n×n

{

}

1 T
1 ∞
x ( ∞ ) F x( ∞ ) + ∫ e T ( t )Q ( t )e ( t ) + u T ( t ) R( t )u( t ) dt
2
2 ts

and Q(t)∈ℜ
ℜ

n×n

should usually be positive semi-definite and R(t)∈ℜ
ℜ

(2.8)
m×m

positive
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definite. This cost function is similar to that used in a linear quadratic regulator or an optimal control
problem. The requirement of a linearised model will, however, result in loss of useful information of the
physical system. The scope of this approach is thus limited in a similar way to linear robust methods,
such as the H∞ and µ-synthesis based methods.
In addition, this approach is too difficult or impossible to apply to practical problems, since the
plant dynamics could be too complex or too nonlinear for the analytical approach. The use of
“gradient-guidance” based numerical optimisations, such as the Newton and the Fibonacci methods,
would not usually result in the global optimum in the multimodal design space and would require the
performance index to be “well-behaved” in practice (Goldberg 1989, Holland 1992, Srinivas and
Patnaik 1994). Further, since the SMC controller parameters and the control signals that an actuator
can provide are usually bounded in practice, it becomes more difficult to apply such traditional
optimisation techniques under these practical constraints. This type of optimal design problem thus
forms an unsolvable problem known in computer science.
Due to the lack of effective optimisation tools, existing CACSD packages have largely been
developed to carry out passive simulation tasks, giving few direct or automated design facilities. Using
such a package for design, a design engineer first needs to input some a priori controller parameters,
such as those obtained from some preliminary analysis, and should then undertake simulations and
evaluations. If the simulated performance of the “designed” control system does not meet the
specification, the designer would then modify the values of the parameters manually and run the
simulations repeatedly until a “satisfactory” design emerges. Clearly, such a design process is neither
automated nor easily carried out, since mutual interactions among parameters are hard to predict. In
addition, the resulting “satisfactory” system may still not necessarily offer the best or near-best
performance. These deficiencies have contributed to the failure of SMC and many other nonlinear
control schemes to be widely accepted by practising engineers.
An alternative approach does, however, exist. A bounded parameter set in (2.7) could be
represented or reasonably “encoded” in some way, for example, by a binary string of length
proportional to the logarithm of the total range. Exhaustive search (or enumerations) for all possible
parameter values could then allow evaluation of every candidate controller by simulating it directly with
the nonlinear system model. Thus the simulated results obtained from an existing CACSD package
could reveal the best candidate. This, in effect, transforms the unsolvable problem into a solvable
problem. If it worked in practice, it would solve almost all design problems. Suppose, however, that in
the context of SMC each simulation of a candidate design on a 120 MHz Pentium processor takes 0.1
second, and that each of the 9 parameters has only 8 candidate values to be studied within their
individual ranges. On the basis of these figures, this method would take 0.1×89 seconds = 5 months to
evaluate all possible designs, which is not practically acceptable. This problem becomes even more
severe if the plant is multivariable in form, since the total simulation time increases exponentially with
the dimension or the number of parameters to be selected, i.e., this is a nonpolynomial problem. In the
next section, a genetic algorithm is developed to transform this problem into a nondeterministic
polynomial (NP) problem (or, precisely, an NP-complete problem), which reduces the exponential
search time to polynomial time and thus makes design automation possible in practice.

3. Automated design using genetic algorithms
3.1 The genetic algorithm
Based on the survival-of-the-fittest Darwinian principle in the natural process for biological
reproduction and mutation, the genetic algorithm (Goldberg 1989, Holland 1992, Srinivas and Patnaik
1994) has been in development for three decades (Li 1995f). This approach has proved to be
particularly effective in searching through poorly understood and irregular spaces. A GA generally uses
coded strings (chromosomes) of binary numbers (genes) in the search process. Such an algorithm is
based on an analogy with the genetic code in our own DNA structure, where the coded chromosome is
composed of many genes having 64 values. This analogy inspired the use of Base-7 coding (Ng and Li
1994) and other integer coding mechanisms, such as decimal coding (Li and Ng 1994) presented in this
paper. Compared with natural evolution, this emulated process is more efficient, controllable and yet
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more flexible for artificial optimisation.
The Schema Theory (Goldberg 1989, Holland 1992, Srinivas and Patnaik 1994) implies that a
genetic algorithm is a (nondeterministic) polynomial algorithm and thus requires an exponentially
reduced search time, compared with the exponential algorithm of exhaustive search. This also means
such a GA can be used to transform the nonpolynomial (exponential) problem discussed in Section 2.2
into an NP-complete problem. The experimental studies on an artificial problem by Keane (1995) have
also shown that a GA, particularly when it is fine-tuned by simulated annealing (SA) (Tan et al 1995,
Li et al 1995e), provides a much higher convergence robustness and rate than conventional optimisation
means, including the linear approximation and the heuristic search algorithms. This technique and the
related genetic programming (GP), evolutionary programming and evolution strategies are referred to
as “evolutionary computing” techniques. The GA based search technique has successfully been applied
to the general area of modern computing and, in particular, control system analysis and design,
including parameter estimation (Sharman and McClurkin 1989), system identification (Kristinsson and
Dumont 1992, Sharman and Esparcia-Alcázar 1993, Li and Tan 1995d), linearisation (Tan et al 1995),
controller order reduction (Caponetto et al 1994), auto-tuning PID (Wang and Kwok 1992),
multiobjective optimisation (Chipperfield et al 1992), optimal control (Kwok et al 1991, Hunt 1992,
Kwok and Sheng 1994), uniform linear controller design (Li et al 1995e) and its parallel realisation (Li
1995a), robust control (Murdock et al 1991, Patton and Liu 1994), fuzzy logic control system design
(Karr 1991, Linkens and Nyongesa 1993, Ng and Li 1994) and its rule base reduction (Li and Ng
1995c), and neural network modelling (Li et al 1995b) and control (Harp and Samad 1992, Häußler et
al 1995).
A schematic of the genetic evolution for a coded design problem is shown in Fig. 1. In the process
of evolution, a population of chromosomes are updated according to the relative individual fitness that
reflects the evaluated performance index. The GA uses four operators, namely, selection, crossover,
mutation and inversion. The crossover operation exchanges information between the parent pair (i.e.,
between two search points) and mutation changes the value of a gene (i.e., self-adjustment) (see
Goldberg 1989 for detail). The fourth operator can be derived from crossover and mutation, and is thus
not commonly used in a GA. More detail on using the GA will be given in the following sections.
Initial/random
designs coded

Final optimised
designs
Selection
f(P3)

f(P1: 1 1 0 1 0 1 1 0)=5%
f(P2: 1 0 0 1 0 1 1 1)=60%
f(P3: 0 1 0 0 1 0 0 1)=35%

Decoding,
simulation,
evaluation

f(P1)
f(P2)
New
generation

Mutation
P2: 1 0 0 1 0 1 1 1
P2’: 1 0 1 1 0 0 0 1
P3’: 0 1 0 0 1 1 1 1

Crossover
P2: 1 0 0 1 0 1 1 1
P2: 1 0 0 1 0 1 1 1
P3: 0 1 0 0 1 0 0 1

Conventional CAD

Figure 1. Evolution of coded designs by fitness evaluations and genetic operations.
3.2 Design automation
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Owing to the exponentially reduced search time compared with exhaustive search, a GA makes an
automated design of control systems possible. Before a GA is employed for the design purposes, it is
necessary to carry out coding, choose an initial population and prepare a fitness function.
Coding
In the preparation phase, all the parameters in (2.7) need to be encoded by an integer string to form
a chromosome. The decimal value of each parameter is mapped as
C = Cmin +

a p −1 b p −1 + .... + a 0 b 0
bp −1

(Cmax − Cmin )

(3.1)

where C∈[Cmin, Cmax] is the real value being coded, b=10 the base value of decimal coding presented in
this paper, ai∈{0, ..., b-1} an unsigned integer code and p the number of digits that dictates the
compromise between accuracy and speed in the search. The decimal and Base-7 coding will reduce the
“Hamming Cliff” effect (Ng and Li 1994) associated with the commonly used binary coding shown in
Fig. 1, and will reduce the convergence time. It should be noted that coding in a GA is not limited to
integer strings and, logarithmic real coding, for example, can also be used.
In this paper, each controller parameter is coded by 2 digits. Different values of Cmax and Cmin can
be used for different parameters, if their ranges are known to be different. If the expected parameter
range is 10 times larger, or a 10 times finer resolution is preferred, 3 digits can be used. In the paper, a
third digit is added to the 2-digit parameter to indicate 5 (or less than 11) discrete choices of the range
for the one hundred quantities coded. These ranges are [0, 0.99], [0, 9.9], [0, 49.5], [-50, 49] or [50,
99.5], coded by the third gene. Alternatively, the ranges of a parameter can be adjusted adaptively to fit
the ±30% range of the fittest parameter found after a large number of generations, since at this stage all
parameters usually converge to a narrow range. Then the search can be conducted by a fine-tuning
mechanism hybrid with, for example, the traditional “hill-climbing” or SA techniques (Keane 1995, Li
et al 1995e, Tan et al 1995, Li 1995f).
Initial population
In the preparation, the second step is to form an initial population of candidate designs as shown in
Fig. 1, where there are three chromosomes, P1, P2 and P3. A typical population size for the SMC design
is chosen as 50 in view of the size and complexity of the design problem under study. The existing
designs (e.g., P3) and the designs that a control engineer would like to start with can first be coded to
form some chromosome strings in the initial population, and the rest of the initial population can be
filled by randomly generated chromosomes (e.g., P1 and P2). This ensures a direct starting point and is
in contrast to the situation in artificial neural network based learning techniques, where the starting
point involves no direct mapping of the SMC parameters. Starting with existing knowledge in this way
will usually result in a more rapid convergence, although it is possible to start from completely random
chromosomes. Evolving an entire population of candidate designs reduces the probability of landing at
a local optimum.
Fitness function
The third step in the preparation is to establish for each candidate controller in the population a
global measure of fitness, which is similar to the inverse of a cost-function in optimisation. A simple
fitness function that reflects small steady-state errors, a short rise-time, low oscillations, low overshoots
and a good relative stability is given by
0

N
f (Pi ) = 
N

 ∑ j =1 e j + w ∆e j

{

if e j > 10 r j

}j

otherwise

(3.2)

where N is the duration of the simulation for evaluating the design, j the time index in simulation, ej the
error at simulation step j and ∆ej the change in error, w (being fixed at 1 in this paper) a bias weighting
between ej and ∆ej, and rj the reference input. Here the time-weighted L1 norm of errors is used as
inverse fitness (Häußler et al 1995). The ∆ei term can be distinctively weighted to further suppress
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oscillations. An L2 or its square (Sharman et al 1995) that weights the error, change of error and
control energy in a similar way to that given by (2.8) or with an exponential amplification (Ng and Li
1994, Ng et al 1995, Tan et al 1995) can also be used. It is worth noting that use of either norm will be
adequate in terms of fitness formation, as both norms are related by Kakutani’s metric equivalence
theorem (Rolewicz 1987). In the time-domain design, however, the L∞ norm alone is often unsuitable to
this application, since it only emphasises one value of error.
In evaluating the performance of a practical controller, an implicit constraint on the parameters
resulting from the voltage limit (e.g., between ±5V) of the control signal can be applied conveniently in
the simulations. This reduces wear of actuators and excessively large signals. The first part of (3.2)
reflects a severe penalty on the fitness if the resulting error is too large. Other terms that reflect explicit
constraints or specifications can also be included (Gray et al 1995). For example, if robustness against
delays or hysteresis needs to be promoted, they can be included in the fitness directly or by a penalty.
Search under these constraints by a GA is much easier than minimising a cost function by a
conventional optimisation technique. When needed, the criteria of reliability and safety of the design
can also be included explicitly in the fitness. Note also that this form of performance evaluation
eliminates the need for inclusion of asymptotic stability, existence, reachability or convergence
conditions, since controllers that do not satisfy these conditions would automatically result in very poor
fitness and would not survive in the evolutionary design process.
The simple roulette-wheel selection scheme is employed in the reproduction process for
demonstration of the GA methodology in this paper. The relative fitness represents a value that is the
probability of the individual in question being selected to replicate itself for generating offspring.
Suppose that Candidate i has a fitness of f i . Then the reproduction rate is calculated by f i / ∑ j f j as
shown in Fig. 1. There are other selection mechanisms, such as the proportionate, rank-based (Ng et al
1995), Boltzmann (Li 1995f), tournament, elitist strategies and steady-state selection schemes. Robust
roulette-wheel pre-mapped from arithmetic or geometric sequences can also be used to provide an
invariant reproduction ratio and avoids linear and nonlinear scaling of fitness (Li 1995f).
Applicability
From the above discussions, it can be inferred that a control system can always be designed by a
GA under the following conditions
•
•
•

The solution space for design is finite (which is unnecessary if GP is used instead) and can
be represented by finite quantisation;
The system is simulatable, i.e., the performance of candidate designs can be evaluated; and
There exists a performance index that has values with more information than a simple
True-or-False answer, as otherwise the reproduction will be completely polarised and the
GA will become a multi-point random search.

4. Illustrated design examples
4.1 A nonlinear and relatively slow system
A laboratory-scale, second order, nonlinear, asymmetric, liquid level control system shown in Fig. 2
is used to demonstrate the design using the genetic algorithm. In this simplified demonstration, only is
the input to Tank 1 used as the input flow, u, in cm3/sec, which maps to an actuator voltage in the
implementations that follow. It is used to control the liquid level of Tank 2, h2 = x + r = e + r (cm).

Here r is the desired level at Tank 2 and [x x& ] the state vector in the form of the (negative) tracking
error and the (negative) change of error, respectively. Another input, d (cm3/sec), to Tank 2 is used as a
disturbance for the robustness test. A simplified nonlinear equation of this system is given by
T

 Ah&1 = u − a1 c1 2 g ( h1 − x − r )

 Ax& = a1 c1 2 g ( h1 − x − r ) − a 2 c2 2 g ( x + r − h0 ) + d

(4.1)

where A = 100 cm2, is the cross-section area of both tanks; a1 = 0.386 cm2 and a2 = 0.976 cm2, the
orifice areas of Tank 1 and Tank 2, respectively; c1 = c2 = 0.58, the discharge constants; h1 (cm), the
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liquid level of Tank 1, being an intermediate variable; h0 = 3cm, the height of the orifices; and g =
gravitational constant = 981 cm/sec2.
The objective of this laboratory control system is to input to Tank 1 and drive the liquid-level at
Tank 2 towards the desired level of 10 cm as fast as possible with minimum overshoots and steady-state
error. If a linearised model is acceptable, the eigenstructure assignment approach reported by Patton
and Liu (1994) may be used. Clearly, using the GA automated method to design a sliding mode
controller of (2.5), it is unnecessary to rewrite the nonlinear model of the physical system given by (4.1)
into the nominal form of (2.1), provided the dimension of the sliding hyperplane to be designed equals
the order of the system. This avoids another difficulty in applying the SMC theory.
Input u(t)

Disturbance d(t)

h1(t)
Tank 1

h2(t)

Tank 2

h0

Figure 2. Laboratory-scale liquid tank test system.
In this example, no a priori knowledge on the design is assumed and all the initial 50 chromosomes
are generated randomly. The crossover rate is fixed at 60% and the mutation rate at 0.5%, which are
typical values used in a GA. Two-point crossover is adopted here, due to the long chromosome length.
Here the adjacent mutation scheme (Ng 1995) is adopted for smaller disruptions in the evolution. The
Adaptive mutation scheme (Ng 1995) is also used, the rate of which is calculated in proportion to the
similarity of genes of two chromosomes in terms of the number of identical digits. This prevents
similarities of the parent pair and also needs no prior determination of the mutation rate.
In this example, 100 generations have been evolved. In average, the Pascal program took a total of
1.5 hours to complete, using an Intel 80486 DX2 processor running at a clock rate of 50 MHz. In
contrast, exhaustive search on 50×100 candidate designs has also been tested, which took about 1.4
hours. This implies that it would take 32 billion years if all the 1009 candidates are exhaustively
evaluated. At the end of this GA process, the highest fitness and the average fitness of every generation
are captured and a typical example of these is shown in Fig. 3. It can be seen that the highest fitness of
each generation converges quickly and stays at the “best” value after the 72nd generation. It is however
appropriate to assess the global convergence by studying the average fitness instead. This also
converges very well after 50 generations and indicates that the parameters then merge towards a narrow
band. The optimal parameters found by the GA at the end of the evolutionary process are
& <0
. , s<0
. , xs
. , s<0
9.51, xs < 0
 0111
0101
0192
h = 0.1, φ = 
, ϕP = 
, ϕI =
, ϕD = 
& >0
. , s>0
10.0, xs > 0
0.201, s > 0
0.918, xs
0161

(4.2)

For comparison, a sliding mode controller has been designed for the model of (4.1) by repeated
manual selections, using trial-and-error techniques starting from a PID controller. In this design, the
experience reported in Nandam and Sen (1992) and Lua (1993) has been taken into consideration to
obtain the best transient and steady-state performance that could be found by manual tuning. This is,
however, a very difficult process, as multiple parameters must be tuned simultaneously and each tuning
must start from repeating the entire input-output process. The final parameters obtained this way are
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& <0
s<0
 1,
 8.5, xs < 0
0.05, s < 0
0.4, xs
, ϕP = 
, ϕI =
, ϕD = 
h = 0.5, φ = 
& >0
0.025, s > 0
10.2, xs > 0
 0.2, s > 0
0.5, xs

9

(4.3)

Simulated results for these two controllers using the model given by (4.1) are shown in Fig. 4. The
command was set at a level of 10.0 cm for the Tank 2 for 500 seconds and was then switched to 5.0 cm
for another 500 seconds. Note here that a step-down command is used to test the performance of the
asymmetric system. An unmodelled disturbance input of 500cm3/min is directly injected into Tank 2
250 seconds after the change of the input level for testing the sensitivity of the system. It is clear from
the simulation results that the performance of the GA designed controller is superior to that of the
manually designed system, in terms of transient response, steady-state error and robustness in rejecting
the disturbance.

Figure 3. The highest and the average fitness functions in every generation.

Figure 4. Simulated responses of the SMC systems optimised by the GA and designed manually.
Following the simulation studies, both controllers were implemented using the laboratory-scale
coupled liquid-tank system described by Fig. 2. The implemented performance of the GA designed
controller is captured and shown in Fig. 5. Again, a disturbance inflow is injected by the two-input
digital control system at 250 second and at 750 second. It can be seen that the performance of the GA
designed system is superior to that of the manually designed system.
In order to further verify the performance of the GA designed control system in terms of robustness
to model uncertainties, additional simulations have been carried out. Firstly, this controller and the
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manually designed controller were applied to the model given by (4.1) with a time delay of 3 seconds
added. The simulated results are shown in Fig. 6. Secondly, a white noise of 20% of the reference
amplitude was added to the feedback signal and the captured responses are shown in Fig. 7. As can be
seen, the GA designed system performs considerably better. Note that these implemented and simulated
results are all based on the controller designed for the non-nominal model given by (4.1) using the
fitness function given by (3.2), without considerations of parameter variations, disturbances or noise in
the design simulations. It can be seen that, however, the SMC scheme is inherently robust.

Figure 5. The implemented performance of the GA optimised and manually designed controllers.

Figure 6. Simulated responses with artificially added time delay.
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Figure 7. Responses to a step input with noisy feedback.
4.2 Equivalent surface control
The GA based design method for (2.6) can also be used in piece-wise SMC schemes. A simple
switching equivalent control replacing (2.6) is given by
β 1 , xs < 0
γ 1 , s < 0
α 1 , s < 0



φ = 0, s = 0 , ϕ P =  K P , xs = 0 , ϕ I =  K I , s = 0 ,
 β 2 , xs > 0
γ 2 , s > 0
α 2 , s > 0

& <0
δ 1 , xs

ϕ D =  K D , xs
& =0
δ 2 , xs
& >0

(4.4)

Here three more parameters need to be found by the GA. With the addition of these parameters, it took
nearly the same amount of time as that in the previous section to evolve 100 generations. The
corresponding parameters obtained by this NP algorithm are
& <0
. , s<0
0.021, s < 0
2.2, xs < 0
015
48.0, xs




h = 0.117, φ = 0,
& =0
s = 0 , ϕ P = 191
. , xs = 0 , ϕ I = 0133
. , s = 0 , ϕ D = 36.0, xs
 0.021, s > 0
83.33, xs > 0
011
 0.0, xs
& >0
. , s>0

(4.5)

The simulated and implemented performances of the GA optimised controller is shown in Fig. 8
and Fig. 9, respectively. It can be seen that they are both superior to those obtained by the controller of
(2.6) with parameters given by (4.2), as shown in Fig. 4 and Fig. 5. More importantly, this example
demonstrates the ability of applying the GA computing paradigm to the design of other nonlinear
control systems, which can be uniformly described by the parameter space given by (2.7).

Figure 8. Simulated response of the GA optimised SMC with PID equivalent control.
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Figure 9. Implemented response of the GA optimised SMC with PID equivalent control.
4.3 A linear time-varying and relatively fast system
In this example, the objective is the real-time speed control of a laboratory-scale DC
servomechanism whose dynamics are significantly faster than the coupled liquid-tank system. The
typical differential equation defining the open-loop servomotor with field control is given by
d 2ω  JR + LB  dω  RB 
K 
+
+
 ω =  T  v in

 LJ 




dt
LJ
dt
LJ

(4.6)

where vin∈[-5V, 5V] is the input control voltage with implicit constraint; KT = 13.5 Nm/A the torque
constant; R = 9.2 Ω the resistance of the motor winding; L = 0.25 H the inductance; B = 2.342x10-3
Nms the friction coefficient of the shaft with an eddy current brake applied to the inertia disk; and J =
1.0x10-3 kgm2 the moment of inertia of the load and the machine. Here the friction coefficient B is
subject to a significant change when the brake is removed. The transient dynamics are dominated by the
mechanical time constant, J/B, which is still significantly smaller than that of the liquid-tank system.
To track a step command, let the error states be e = ω - r and x& = ω& , where r is the reference
signal. The structure of the controller is also governed by equation (2.6). The same design procedure as
that of Section 4.1 is carried out, with a total design time of 40 minutes (for 100 generations). Fig. 10
shows the convergence curves of the design that started from completely random candidates.

Figure 10. Highest and average fitness values in each generation without prior knowledge incorporated.
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Before another GA automated design process was carried out, however, an existing “satisfactory”
manual design (Lua 1993) was investigated and its parameters were further fine-tuned heuristically.
The best set of parameters finally achieved by careful adjustment is given by
& <0
., s<0
0.00, s < 0
2.6, xs < 0
0.07, xs
21
, ϕP = 
, ϕI =
, ϕD = 
h = 0.5, φ = 
& >0
0.03, s > 0
3.2, xs > 0
0.009, xs
2.6, s > 0

(4.7)

This prior knowledge in designs was therefore incorporated in the initial population, with the
remaining 49 chromosomes generated randomly. The GA was then run again, which yielded the highest
and average fitness as shown in Fig. 11. Compared with Fig. 10, it can be seen that the convergence
rates improve substantially. It should also be noted that, although 100 generations are used in the
program, a quarter of the evolution would in fact be adequate, i.e., the design time could be reduced to
10 minutes. The optimised parameters by the genetic algorithm are
& <0
. ,s<0
3.6, xs < 0
12
0.0000, xs
0.0400, s < 0
, ϕP = 
, ϕI =
, ϕD = 
h = 0.476, φ = 
& >0
. ,s>0
3.2, xs > 0
12
0.0929, xs
0.0496, s > 0

(4.8)

Figure 11. Highest and average fitness values in each generation with prior knowledge incorporated.
The real-time implemented response of this GA optimised SMC system to a step command at 18
r.p.s. for 5 seconds and then at 9 r.p.s. for another 5 seconds was captured and is shown in Fig. 12. The
overshoot and undershoot during the steady-state period occurred at the moment when the brake torque
was manually removed and applied, respectively, to vary the friction parameter and thus test for
robustness. To allow comparisons, the implemented performance of the manually designed SMC under
the same operating conditions is also shown in this figure. It is clear from the captured response that, in
addition to the tremendously reduced design time, the performance of the GA designed controller is
superior to that of the manually designed system, in terms of transient response, steady-state error and
robustness.
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Figure 12. The captured responses of the GA optimised and manually designed controllers.

5. Conclusion and further work
This paper has reported the development of a genetic algorithm automated approach to the design
of nonlinear control systems. Owing to the exponentially reduced search time obtained from the
evolutionary NP program, this paradigm provides an “off-the-computer” design for control systems.
The use of such an approach not only avoids the tedious manual trial-and-error process arising from the
lack of analytical and numerical design approaches, but also yields control systems that give a better
performance than manual designs in terms of transient and steady-state performance and of robustness
in suppressing uncertainties, noise and parameter variations. The methodology is particularly useful in
engineering systems, since a practical system always has constraints imposed by physical limitations.
A fast hybrid micro-evolution program (Li 1995f) is being developed for on-line tuning of the
sliding mode controllers. Since coding is required by a GA, the development of an efficient “bytecoding” technique is also involved. This is not, however, necessary for other types of evolution
algorithms. Further work has also been directed towards multivariable designs and towards finding
useful novel SMC structures. This is, however, better achieved by GP techniques, which are the
extension of the genetic model of learning into a space of both predictable and unpredictable solutions.
Such a computing paradigm has currently been applied to the design of signal processors at Glasgow
(Sharman et al 1995).
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