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Genetic Algorithm for Identification of Time Delay
Systems from Step Responses
Gang-Wook Shin, Young-Joo Song, Tae-Bong Lee, and Hong-Kyoo Choi
Abstract: In this paper, a real-coded genetic algorithm is proposed for identification of time
delay systems from step responses. FOPDT (First-Order Plus Dead-Time) and SOPDT (SecondOrder Plus Dead-Time) systems, which are the most useful processes in this field, but are
difficult for system identification because of a long dead-time problem and a model mismatch
problem. Genetic algorithms have been successfully applied to a variety of complex optimization
problems where other techniques have often failed. Thus, the modified crossover operator of a
real-code genetic algorithm is proposed to effectively search the system parameters. The
proposed method, using a real-coding genetic algorithm, shows better performance
characteristics when compared to the usual area-based identification method and the directed
identification method that uses step responses.
Keywords: Genetic algorithm, identification, step response, time delay system.

1. INTRODUCTION
A major characteristic of industrial systems is that
there are various constraints, including long dead
times and time constants, multi-variable, nonlinear,
and non-minimum phase systems An effective
measurement method for industrial systems is needed
for system identification of long-range dead-time
systems among system constraints. The performance
and stability of time-delay systems are influenced by
dead time. To solve the constraints, the smith predictor,
which compensates for dead time and a matched
model, was proposed.
In a good model case, the merits of the smith
predictor include the ability of improving the
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performance and of disregarding the dead time caused
by the characteristics of a closed-loop system. But, to
apply the smith predictor effectively, the model must
be matched with a real system. If the model is
mismatched with the system, the smith predictor will
be difficult to apply in the real world. Thus, system
identification is very important in time-delay systems.
[1-4]
The systems for identification could be divided into
linear and nonlinear types. However, this study
considers two types of linear models: FOPDT (First
Order Plus Dead Time) system and SOPDT (Second
Order Plus Dead Time) system which are mainly used
in the process industry.
For system identification methods of real world
industrial systems, the input signal can have
significant influence on identification results.
Generally, test signals include pseudo-random binary
sequences pulses, steps, ramps, and sinusoidal
functions. However, the step test of all these tests is
the simplest, needs little equipment, and can even be
performed manually. Also, because a step test can be
easily implemented on programmable logic
controllers (PLC) or distribute control systems (DCS),
this study used the step test function.
In this paper, we reviewed usual identification
method, which are area-based identification and direct
identification for time-delay systems. As well, we
proposed an identification method using genetic
algorithms that is better than the conventional
identification methods for FOPDT and SOPDT
systems.

2. SYSTEM IDENTIFICATION
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2.1. Area-based identification
The FOPDT model, which describes a linear
monotonic process quite well for most long-range
dead-time systems, has been applied as an
approximation to such systems. This model is
represented as (1) [5,6].

Y (s) =

K − Ls
e U ( s ),
Ts + 1

(1)

where U(s) and Y(s) are control inputs and process
outputs, and K, T, and L are process gains, time
constants, and dead times respectively.
A graphical method is the simplest method of all
the identification methods. The intercept of the
tangent to the step response that has the largest slope
with respect to the horizontal axis gives L. T is
determined from the difference between L and the
time when the step response reaches the value of
0.63K. Further, the times at which the process output
reaches 28% of K and 63% of K, respectively, are
measured, and used to estimate T and L. These two
methods are simple, but quite sensitive to large
measurement noise. Thus, an area-based method has
been proposed as having better estimation robustness
[7].
The process gain K is obtained from the steady
states of the process input and output. The average
residence time is computed from the area in Fig. 1.
Thus, the average residence time Tar can be
expressed as (2).
∞

Tar =

A0
=
K

∫0

[ y (∞) − y (t )]dt
K

(2)

Tar

eA1 e ∫0 y (t )dt
=
K
K
A0 eA1
L = Tar − T =
−
K
K

2.2. Direct identification
In the direct identification of FOPDT and SOPDT
systems [8,9], the parameters of the model are
obtained directly from a set of newly derived linear
regression equations.
The direct identification supposes that a given
system is in a zero initial state, before a step change
with an amplitude of h at t=0 in the system input. Also,
the system input and the resulting output response are
logged until the process enters a new steady state.
For a system described by (1), its transient output after
t=L is described by (5).
y (t ) = hK (1 − e−(t − L ) / T ) + ε (t ),

(5)

where ε (t ) is the white noise in the measurement
noise of y (t ).
Equation (5) is re-written for t ≥ L as

e − (t − L ) / T = 1 −

y (t ) ε (t )
+
.
hK hK

(6)

Integrating output in (5) from t = 0 to t = τ (τ ≥ L)
yields (7).
τ

∫0 y(t )dt = hK (t + Te

− (t − L ) / T

)

τ
L

τ

+ ∫ ε (t )dt
0

τ
y (τ )
τ
∫0 y(t )dt = hK [τ − L − T hK ] + [T ε (t )] L + ∫0 ε (t )dt
(7)
Let A(τ ) and δ (τ ) as (8).
τ

The time constant and the dead time can be obtained
by the area A1 under the step response up to Tar .
T=

The estimated accuracy of this method depends
mainly on the area A0. In order to increase the
accuracy, one needs a testing span that is long enough
for the process to enter a new steady state completely.

(3)
(4)

τ

τ

0

L

A(τ ) = ∫ y (t )dt δ (τ ) = [T ε (t )]

τ

+ ∫ ε (t )dt
0

(8)

Equation (7) can be re-written as (9).
A(τ ) = hK [τ − L − T

y (τ )
] + δ (τ )
hK

or
⎡K ⎤
[ h(τ ) −h − y (τ )] ⎢⎢ LK ⎥⎥ = A(τ ) − δ (τ ).
⎢⎣ T ⎥⎦

K
A0
A1
T ar

Fig. 1. Area-based method from step response.

(9)

By collecting (9) for all sampled y (τ ) after τ ≥ L, a
system of linear equations is obtained as
Ψθ = ΓΔ for τ ≥ L,
where θ = [ K

LK T ] ,
T

(10)

Genetic Algorithm for Identification of Time Delay Systems from Step Responses

⎡ hmTs
⎢ h(m + 1)T
s
⎢
⎢
•
Ψ=
⎢
•
⎢
⎢⎣ h(m + n)Ts

−h
− y[mTs ] ⎤
−h − y[(m + 1)Ts ]⎥⎥
⎥,
•
•
⎥
•
•
⎥
−h − y[(m + n)Ts ⎥⎦

⎡ A[mTs ] ⎤
⎡ −δ [mTs ] ⎤
⎢ A[(m + 1)T ] ⎥
⎢ −δ [(m + 1)T ] ⎥
s ⎥
s ⎥
⎢
⎢
⎥, Δ = ⎢
⎥.
•
•
Γ=⎢
⎢
⎥
⎢
⎥
•
•
⎢
⎥
⎢
⎥
⎢⎣ A[(m + n)Ts ]⎥⎦
⎢⎣ −δ [(m + n)Ts ]⎥⎦
Ts is the sampling interval and mTs ≥ L. The
estimation θˆ of θ in (10) can be obtained using
the least-squares method as

θˆ = (ΨT Ψ )−1 ΨT Γ.

(11)

3. GENETIC ALGORITHMS FOR SYSTEM
IDENTIFICATION
3.1. Genetic algorithms
Genetic algorithms are global, parallel, and random
search algorithms based on evolutionary theory,
natural selection and the survival of the fittest, which
Darwin first published in On the Origin of Species in
1895. In order to design a self-learning decision
making system, John Holland first proposed genetic
algorithms during modeling the biologic process of
natural selection and individual genetics in 1975.
Since genetic algorithms were applied by Goldberg to
plants in 1989, the algorithms have been used as a
new optimization method, replacing conventional
optimization methods.
According to evolutionary theory, among the
organisms living within a group under the same
circumstance, the one having the most suitable genetic
make-up for a given circumstance has the largest
probability of survival and of evolving in a more
suitable direction through crossover and mutation,
while unfit organisms are gradually eliminated over
the course of evolution.
As the evolution process repeats itself, the optimum
organism is the dominant one. Genetic algorithms, a
method that applies evolutionary theory to general
optimization problems, distributes multi search points
to search spaces and vests each search point with
fitness according to the error of constraints and
objective functions.
Larger fitness increases probability of inclusion in
the next round of crossover and mutation, more search
points having better genes form at the next stage, and
the whole search process proceeds in the desired
direction as he calculations continue.
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The main characteristic of genetic algorithms is that
it uses integer or binary coded strings converted from
the actual values of parameters.
It is very simple and convenient to perform the
crossover and the mutation because parameters of
these string forms have the same form as the arrayed
gene within the chromosome. Also, these strings can
be effectively used for a hybrid optimization that uses
integer or discrete parameters, because the strings
have discrete quality.
While most of the optimization methods follow a
local search course by moving from a point to a point,
genetic algorithms simultaneously searches from the
population of several grouped chromosomes. So,
using information from a wider area, the convergence
probability for the total optimal point is relatively
larger than the existing optimization method.
Because a genetic algorithm uses a directed search
method that uses objective functions and constraints
and needs neither differential value nor other
information, it is suitable of optimization under
complex and various environments and is easily
modified by changing the basic model [10,11].
Simple Genetic Algorithm (SGA) generally consists
of individual initialization, fitness evaluation, and new
population as shown in Fig. 2.
The way to represent points on a search space in SGA
uses the binary encoding or the binary coding as most
general methods.
According to this method, initialization methods,
which make initial individual populations for
simulated evolution, include random initialization and
directed initialization based on prior knowledge or
experience.
Individual
Initialization

Fitness Evaluation

Termination
Condition

Yes

END

No
New Population
Selection Operator
Crossover Operator
Mutation Operator

Fig. 2. Flow chart of simple genetic algorithm.
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GA adaptability of changes is based on fitness
evaluation of organisms, such as the adaptability of
each life, is based on the circumstances of the natural
world. Whenever a new population forms, the fitness
of each individual is evaluated using objective
functions.
To create new population we make new offspring
for the next generation by selection, crossover, and
mutation operations based on strings of chromosomes.
The selection operator is a procedure that
reproduces the organism based on the fitness of each
individual. In the natural world, offspring have genes
transmitted from parents but their genetic composition
differs from that of their parents. Imitation of the
above procedure in the genetic algorithm yields the
crossing procedure.
Mutation provides new information that is not
previously in the present population. The optimization
of SGA finishes whenever new organisms, through
these procedures, satisfy proper convergence
conditions or whenever proper iterations are
completed [12].
3.2. Proposed real-coded genetic algorithms
3.2.1 Encoding
Actual industry problems often need high accuracy
solutions, lack preliminary knowledge of solutions,
and have complicated constraints.
A genetic algorithm needs much time to search for a
solution and occasionally fails to find a solution,
because long chromosomes makes for very large
search spaces when one increases accuracy or lacks
preliminary knowledge for the solution in a binary
coded algorithm.
A real-coded algorithm is a typical expression that
can solve the above problems by easily designing
tools to treat constraints and for operators with
knowledge related to the problems, providing a
method that makes the chromosome expression
approach closer to the solution space.
Also, compared to binary-coded, a real-coded
algorithm needs no coding or decoding processes.
Therefore, it can increase search speeds and fix very
large domains in cases having no preliminary
knowledge of the solution.
GA chromosomes could be generally represented as
(12). The forms of each gene are binary in simple
genetic algorithms and the real-number in real-coded
genetic algorithm.
Also, drawbacks to the binary gene could be
complemented by changing the binary to a realnumber.
Si = { xi1

xi 2

xi 3 " xin } ,

In some vector x ∈ R n , the length l of chromosome
Si is as same as vector dimension n.
3.2.2 GA operators
Arithmetic crossover that relaxes discontinuity at
the crossover point is used most frequently in realcoded crossover methods. However, the search space
of the crossover can be reduced by limited ranges of
the multiplier, which the main factor of the first
combination between parent chromosomes.
So, (13) proposes a modified crossover operator to
extend the multiplier range along with the fitness of
parent chromosomes.

xˆ1 = λs x1 + (1 − λs ) x2
xˆ2 = λs x2 + (1 − λs ) x1

(13a)
(13b)

If chromosomes from the two parents are S1 and S2
and the relationship between their fitnesses, f ( S1 )
and f ( S2 ), is f ( S1 ) ≥ f ( S2 ), the range of λs
could be set as (14). The initial search ability to seek
for a global solution is increased by extending the
search range of the chromosome which has a larger
fitness.
−

f ( S2 )
f ( S1 )
≤ λs ≤ 1 +
f ( S1 ) + f ( S2 )
f ( S1 ) + f ( S2 )

The cost function is calculated to minimize the
variance between the step input response and the
reference. Additionally, the fitness f (Si) evaluation is
calculated by the cost function J ( Si ) of each
chromosome Si, and can be calculated by transforming
into the maximization problem shown in (15).
f ( Si ) =

1
,
J ( Si ) + α

(15)

where α is a constant with the fitness values always
positive, α is set at 0.1 so as to not have it divided by
0 in this study.

Y
S2(x2,y2)

S1(x1,y1)

(12)

where Si is i-th chromosome of the population, xin is
n-th gene of i-th chromosome.

(14)

X
Fig. 3. Modified crossover.
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4. SIMULATION
4.1. FOPDT system
The identification parameters of the FOPDT system
are defined as three parameters, which are the genes
of the GA chromosomes: system gain, time constant
and dead time. Individual initialization is a method
where each chromosome randomly takes a point in the
domain to be a point in the proper area. In the FOPDT
system identification, however, individual initializetion randomly takes a point in the domain using the
output response by the initial step input as follows.

Table 2. Comparison of results from identification
methods for FOPDT.
Error ε
System G(s) Identified system Gˆ ( s )
Area method
1− s
( s + 1)

5

Area method

(16)

1 m+ n
∑ [ y(kTs ) − yˆ (kTs )]2 ,
n + 1 k =m

1
( s + 1)8

To identify the FOPDT system, the detail design
parameters of the proposed real-coded GA are
represented in Table 1.
To verify the validity of system identification using
GA, each of the two systems compares relationships
among the results made by the three different
identification methods: area-based identification,
directed identification and proposed GA identification.
The systems considered for simulation are nonminimum phase and multi-lag systems.
To obtain the time-domain identification error of
step input for each system, (17) is used to calculate
the square means of error between the actual system
output and the estimated output.

ε=

Direct method

e −4 s
2.11s + 1

Direct method
Proposed

2.1767e−4

1.01e−3.73s
1.9714e−4
2.45s + 1

Proposed method

0.8 × Y final ≤ Pr ocess _ Gain ≤ 1.2 × Y final
0 ≤ Time _ Cons tan t ≤ Rise _ Time / 2
0 ≤ Dead _ Time ≤ (0.1 × Y final )

83

e−3.6 s
1.2435e−4
2.5s + 1

e −4.3s
4.3s + 1

5.1414e−4

1.06e −4.94 s
3.0000e−3
3.81s + 1

0.99e−4.7 s
3.5s + 1

4.2383e−4

To analysis identification characteristic of step
response with noise for applying to the actual system,
identification validity was examined using system
step input with 30% and 10% noise.
Fig. 4(a) depicts the step response with 10% noise

(17)

where y (kTs ) is the actual system output under a
step change, and yˆ (kTs ) is the response of the
estimated system under the same step change.
Judging from the simulation results concerning
error values for each system, response characteristics
by area-based identification and those by directed
identification were similar, but the results obtained by
proposed identification were better than those by other
methods.

(a) 10% noise.

Table 1. Parameters of real-coded GA.
Population number
String length
Generation number
Crossover probability
Mutation probability
Crossover method
Selection method
Mutation method

40
3
100
0.9
0.05
Modified convex
Tournament
Modified real-number creep

(b) 30% noise.
Fig. 4. Step input reaction curve with noise.
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Parameter Value

1.0
0.8
0.6
0.4
0.2

K value

T value

L value

0.0
0

10

20

30

40

50

60

70

80

90

100

Iteration

Fig. 5. Identification characteristic of FOPDT system.
1

, Fig. 4(b) shows the
( s + 1)8
step response with 30% noise.
For the identification result by proposed GA, the
estimated transfer function of Fig. 4(a) was

about multi-lag system

1.0e−5.5 s
and the error value as
3.55s + 1
3.9157e−4 respectively. The estimated transfer
0.98e −1.5s
and
function of Fig. 4(b) was acquired as
5.55s + 1
the error value as 8.4e−3 respectively. Fig. 5 shows the
convergence characteristics for the parameters of the
system model.
determined to

4.2. SOPDT system
The input parameters for the identification of the
SOPDT system consists of four parameters as seen
in(18). Four input parameters as seen in (19) are
represented as down-to-four-points of real-number.
K
T1s 2 + T2 s + 1

e

− Ls

Si = {Ki , T1i , T2i , Li }

Table 3. Result comparison from identification methods
for SOPDT.
Error ε
System G(s)
Identified Gˆ ( s )
Graphical
-5
1
e −1.35 s 1.5237e
2
4.71s + 3.58s + 1
Direct
1
1
2.0947e-5
e −1.45s
( s + 1)5
4.4s 2 + 3.45s + 1
Proposed
-6
1
e−1.35 s 9.1784e
4.14 s 2 + 3.54s + 1
Graphical
-5
1.08
e−12.17 s 4.9955e
2
11.76 s + 5.64 s + 1
Direct
1.08
-5
e−10 s
1.08
2
3
e−12.06 s 1.9137e
( s + 1) (2s + 1)
11.9s 2 + 5.87 s + 1
Proposed
-5
1.08
e−12.16 s 1.3197e
10.83s 2 + 5.82s + 1
12.0
10.0
Parameter Value

1.2

K value

T1 value

T2 value

L value

8.0
6.0
4.0
2.0

(18)

0.0
0

10

20

30

(19)

To identify a SOPDT system, the detail design
parameters of the proposed real-coded GA were
represented in Table 1.
Table 3, which is an error comparison table
according to identification methods for the two
systems, verified that the validity of system
identification of proposed GA was better than those of
directed identification and graphic identification.
The results of system identification for the two
systems indicated that the model parameters
converged stably at about 30 generation in Fig. 6 and
Fig. 7 respectively. As well, the fitness of the two
system models converged into a maximum value of 10
and showed satisfactory characteristics. Table 3,
which is an error comparison table according to
identification methods for the two systems, verified
that the validity of system identification of the
proposed GA was better than those of directed
identification and graphic identification.

40

50

60

70

80

90

100

Number of Samples

Fig. 6. Convergence curve of model parameters for
1
system.
( s + 1)5
18.0
16.0

K value

T1 value

T2 value

L value

14.0
Parameter Value

84

12.0
10.0
8.0
6.0
4.0
2.0
0.0
0

10

20

30

40

50

60

70

80

90

100

Number of Samples

Fig. 7. Convergence curve of model parameters of
1.08
e−10 s system.
2
3
( s + 1) (2 s + 1)
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5. CONCLUSIONS
In this paper, a new real-coded genetic algorithm
was proposed to identify the parameters of FOPDT
and SOPDT systems. To effectively apply the genetic
algorithm to the identification, a modified crossover
operator was proposed to select optimal parameters of
the system. By varying the multiplier to extend the
search space of the existing crossover operator, the
new method makes a gene with a larger fitness have a
greater chance of crossover. Comparing the proposed
operator with the conventional crossover operator,
excellent crossover characteristics were found from
numerical experiments.
To verify the proposed algorithm numerically, this
study compared the output responses obtained when
step inputs were put into several systems. The
proposed identification shows better results in error
rates of step responses in comparison among areabased identification, directed identification, and
proposed identification.
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