
 
 

   
Abstract⎯⎯⎯⎯ Computing the optimal values of Proportional 

Integral derivative (PID) control gains is an important task in 
the design of PID controller. This paper presents the 
application of Sugeno fuzzy model for on-line tuning of PID 
controllers in pH process. The optimal PID controller 
parameters required to develop the Sugeno fuzzy model are 
estimated by genetic algorithm. The developed fuzzy 
controller can give the PID parameters on line for different 
operating conditions. The suitability of the proposed approach 
has been demonstrated through computer simulation using 
MATLAB Simulink.  
 

Index Terms⎯⎯⎯⎯ pH process, PID controller, Genetic 
Algorithm, Sugeno Fuzzy Logic. 

I. INTRODUCTION 

Proportional-Integral-Derivative (PID) controller has been 
widely used in process industries, as they have a simple 
structure and are robust against disturbance. The tuning of 
PID controller parameters is necessary for the satisfactory 
operation of the plant [1, 2]. Generally, the PID controller 
parameters are determined using Ziegler-Nichols (ZN) [3, 
4] and Cohen Coon methods [5]. In both these methods, 
tuning is obtained for an operating point where the model 
can be considered linear. This implies that there is sub-
optimal tuning when a process operates outside the validity 
zone of the model. In general, plant parameters change due 
to ageing of the plant or changes in the load. Hence, the 
retuning of the controller parameters is necessary. To solve 
the above said problems adaptive control approaches have 
been proposed. Adaptive control techniques provide 
robustness over changes in the plant dynamics. However, in 
the case of plant parameters which are unknown or change 
over large ranges, the adaptive control strategies may 
become complex, requiring considerable computation time 
and may lead to instability [6]. Hence, a different approach 
to the tuning of PID controllers is necessary.  

Recently, many artificial intelligence (AI) techniques 
have been employed to improve the controller performance 
for a wide range of plants while retaining their basic 
characteristics. In [7] fuzzy logic has been applied for the 
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tuning of PID controller parameters. Genetic Algorithm 
(GA) based methods have also been used in setting the 
parameters of PID controllers [8, 9]. Mwembeshi et al., 
[10] proposed GA based Internal Model Control (IMC) 
controller for pH process. Tan et al., [11] explored the use 
of GA techniques for designing a wiener model controller 
for the pH process. But GA approach suffers from 
computational burden and memory. Hence these techniques 
are impractical for on-line application. 
 This paper proposes a Sugeno fuzzy model to obtain the 
optimal PID gains during on-line applications. The optimal 
PID gains of the nominal operating condition required to 
develop the fuzzy system are obtained through GA 
approach. 

II. MODELING OF PH PROCESS  

The pH is the measurement of the acidity or alkalinity of 
a solution. The pH process consists of neutralization of two 
monoprotic reagents of a weak acid and a strong base as 
shown in Fig.1. The Continuous Stirred Tank Reactor 
(CSTR) has two inlet streams: the influent process stream, 
and the titrating stream, and one effluent stream at the 
output [12]. The model of the pH neutralization process 
used in this work is suggested by McAvoy et al. [13] and is 
given below.  

 
Fig.1 Block Diagram representation of pH Process 

While developing the model of the pH neutralization 
process, it is assumed that the mixing is perfect. The 
material balances in the reactor can be given by 
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    Where
aF is the flow rate of the influent stream,

bF is the 

flow rate of the titrating stream,
aC is the concentration of 

the influent stream,
bC is the concentration of the titrating 

stream, ax is the concentration of the acid solution, bx  is 
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the concentration of the basic solution and V is the volume 
of the mixture in the CSTR. Invoking the electro neutrality 
condition, the sum of the ionic charges in the solution must 
be zero.     

 ][][][][ −−++ +=+ OHACHNa                          (3) 

The [X] denotes the concentration of the X ion. The 
equilibrium relations also hold for the water and the acetic 
acid 

             
[ ]HAC

HAC
K a
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=                                                   (4) 

Defining, ][][ −+= ACHACX a
, ][ += NaX b

and use of  

Equations (3) and (4) 
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Let ][log10
+−= HpH  and aa KpK 10log−= . The 

titration curve is given by 
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Where aK and wK are dissociation constant of acetic acid. 

III. PID CONTROLLER TUNING  

PID controller is a combination of the proportional, 
integral, and derivative control mechanisms that when used 
together effectively stabilize the manipulated variable at the 
set point. Derivative controller adds a finite zero to the 
open loop system transfer function and improves the 
transient response. Integral controller adds a pole at origin 
and increases the system type by one and reduces the 
steady state error due to a step function to zero. The PID 
controller transfer function is given by  

 ( ) sK
s

K
KsG d

i
p ++=        (7) 

The block diagram of pH process with PID controller is 
shown in Fig.2.   
 

 
 
 
 
 
 

 
Fig.2. Block diagram of pH process with PID controller  

PID controller is used to improve the dynamic response 
as well as to reduce or eliminate the steady state error. It is 
a feedback controller, which makes a plant less sensitive to 
changes in the surrounding environment and small changes 
in the plant. The feedback controller tries to eliminate the 
impact of load changes and to keep the output (Y) to the 
desired response (Yd). The deviation of the process output 
to desired set point value is known as the error (E) and PID 
controller eliminate the error by manipulating the input (U) 
to the process.  

PID controller is capable of exceptional control when 
properly tuned and used. If the PID controller parameters 
are chosen incorrectly, the system can be unstable, i.e. its 
output diverges with or without oscillation. Selecting 
optimal values for controller parameters of a closed loop 
system is usually an iterative process which is called as PID 
tuning. To optimize the PID tuning parameters, the PID 
controller is designed using Mean Square Error (MSE). In 
[9], the following performance criterion in the time domain 

is proposed for evaluating the PID controller. The same 
performance criterion has been taken in this paper. The 
performance criterion F (K) is given by  

 

( )( ) ( )rs tteeKFMin −++−= −− ββ EssOsh1)(      (8) 

The performance criterion can satisfy the designer 
requirements using the weighting factor β  value. We can 

set β  to be larger than 0.7 to reduce the overshoot and 

steady state error. Otherwise, we can set β  to be smaller 

than 1.5 to reduce the rise time and settling time. In this 
paper, β  is set in the range of 0.8 to 1.5. The next section 

presents the details of GA which is used to tune the PID 
controller parameters. 

IV. OVERVIEW OF GENETIC ALGORITHM  

Genetic algorithms (GA) [14] are search algorithms 
based on the mechanics of natural selection and genetics. 
They combine solution evaluation with randomized, 
structured exchanges of information between solutions to 
obtain optimality. Starting with an initial population, the 
genetic algorithm exploits the information contained in the 
present population and explores new individuals by 
generating offspring using the three genetic operators 
namely, reproduction, crossover and mutation which can 
then replace members of the old generation. After several 
generations, the algorithm converges to the best 
chromosome, which hopefully represents the optimum or 
near optimal solution. The details of the three genetic 
operators are given below:  
 A. Reproduction 

The selection of parents to produce successive 
generations plays an important role in the GA. The goal is 
to allow the “fittest” individuals to be selected more often 
to reproduce. There are a number of selection methods 
proposed in the literature: fitness proportionate selection, 
ranking and tournament selection. Tournament selection is 
used in this paper. In tournament selection, ‘n’ individuals 
are selected randomly from the population, and the best of 
the ‘n’ is inserted into the new population for further 
genetic processing. This procedure is repeated until the 
mating pool is filled. Tournaments are often held between 
pairs of individuals, although larger tournaments can be 
used.  

B. Crossover Operation 
The crossover operator is mainly responsible for the 

global search property of the GA. The operator basically 
combines substructures of two parent chromosomes to 
produce new structures, with the chosen probability (PC). 
Crossover can occur at a single position (single crossover), 
or at number of different positions (multiple crossover). In 
this work two point crossovers is employed in which two 
crossover sites are chosen and offspring are created by 
swapping the bits between the chosen crossover sites.  

C. Mutation 
The mutation operator is used to inject new genetic 

material into the population.  Mutation changes randomly 
the new offspring. For binary encoding bit-wise mutation is 
preferred which switches a few randomly chosen bits from 
1 to 0 or from 0 to 1 with a small mutation probability (Pm). 
After mutation, the new generation is complete and the 
procedure begins again with the fitness evaluation of the 
population. 

E Y Yd U PID 
Controller 

pH Process 
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V. IMPLEMENTATION OF GA-PID CONTROLLER  

Genetic Algorithm has been successfully applied to solve 
many complex optimization problems. When applying GA 
to optimize the PID gains, two main issues need to be 
addressed: 
 (A) Representation of the decision variables and 
 (B) Formation of the Fitness function 
 

A. Variable Representation 
Each individual in the genetic population represents a 

candidate solution. In the binary-coded GA, the solution 
variables are represented by a string of binary alphabets. 
For tuning PID controller, the elements of the solution 
consist of Proportional gain (Kp), Integral gain (Ki) and 
Derivative gain (Kd). These variables are represented as 
binary strings in the GA population. With binary 
representation, an individual in the GA population for the 
computing optimal PID gains will look like the following: 

1010100101    1010110011    1011100111 
       Kp                 Ki                    Kd  

B. Fitness Function  
Evaluation of the individuals in the population is 

accomplished by calculating the objective function value 
for the problem using the parameter set. The result of the 
objective function calculation is used to calculate the 
fitness value of the individual. Fitter chromosomes have 
higher probabilities of being selected for the next 
generation. The fitness function is a reciprocal of the 
performance criterion F (K) as in (8). Hence, the 
minimization of objective function given by (8) is 
transformed to a fitness function to be maximized as: 

)(KF

k
Fitness=         (9) 

where k is a constant. This is used to amplify (1/ F), the 
value of which is usually small. So that the fitness value of 
the chromosome will be in a wider range.  

VI. REVIEW OF SUGENO FUZZY MODEL  

Sugeno fuzzy model is a systematic approach for 
generating fuzzy rules from a given input-output data set 
[15].  A typical fuzzy rule in a Sugeno fuzzy model has the 
form, 
  if x is A and y is B then z=f(x,y) 

where A and B are fuzzy sets in the antecedent, while 
z=f(x,y) is a crisp function in the consequent.  Usually f(x,y) 
is  polynomial in the input variables x and y, but it can be 
any function as long as it can appropriately describe the 
output of the system within the fuzzy region specified by 
the antecedent of the rule.  When f(x, y) is first-order 
polynomial, the resulting system is called a first-order 
Sugeno fuzzy model. The inference used in this work is 
‘max min’ method, where ‘min’ operation is used for ‘and’ 
conjunction and ‘max’ is used for ‘or’ conjunction. Thus 
the minimum of the membership functions of the inputs is 
obtained for each of the rules. This value is the firing value 
for a particular rule. The overall output is determined by 
weighted average of single rule [16]. This avoids the time 
consuming process of defuzzification. The final output is 
given by 

 
�
�

=
min

min

μ

μ G
G crisp

     (10) 

where G is the PID controller parameters and minμ is the 

minimum membership value.  
The optimal PID controller parameters are computed by 

proposed GA for nominal values of various inputs for the 
process in terms of overshoot, settling time, and rise time. 
Once the parameters of the consequent part are estimated, 
the Sugeno fuzzy model can be used to estimate the PID 
parameter for any off-nominal values. 

For on-line real time imprecise values of operating 
conditions, first their subsets in which the values lie are 
determined with the help of “IF_THEN” logic and 
correspondingly, membership values are determined from 
the membership functions of the subsets. From Sugeno 
fuzzy rule base table, corresponding input sets and nominal 
PID gains are adopted. Now for each satisfying input set 
number, two membership values like

spμ and 
fbμ  and their 

minimum minμ are determined, along with their 

corresponding PID gains. 

VII. SIMULATION RESULTS 

The combined GA Sugeno fuzzy logic based approach 
was applied to tune the PID controller in pH process. The 
pH process was simulated based on the Equations (1) and 
(2) using MATLAB Simulink. The software for the GA was 
written in MATLAB and executed on a PC with 2.4 MHZ 
and 256 MB RAM. The MATLAB Simulink based block 
diagram of pH process with PID controller is shown in 
Fig.3. Fig.4 shows the open-loop behavior of the pH process 
simulated using MATLAB-Simulink and the descriptions of 
the pH process variables with corresponding symbols and its 
values are given in Table.1. From the figure, it is found that 
the response of the pH process has non linear property.  

TABLE 1 
DESCRIPTION OF THE PH PROCESS 

Symbols Description Value 

V
  

Volume of the Continuous Stirred Tank Reactor 7.4 lit 

aF  Flow rate of the influent stream 0.24 l min-l 

bF

  

Flow rate of the titrating stream 0-0.80 l min-1 

aC  Concentration of the influent stream 0.2 g mol l-1 

bC   Concentration of the titrating stream 0.1 g mol 1-1 
 

 
Fig.3. pH process Simulink model 

 
Fig.4.Open Loop Characteristics of pH process 
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A) Performance characteristics of GA-PID controller: 
The GA based algorithm is applied to find the optimal 

parameters of the PID controller in pH process. The 
objective function in this case is minimization of steady 
state error, over shoot, rise time and settling time. 
Proportional gain (Kp), Integral gain (Ki) and derivative 
gain (Kd) are taken as the optimization variables. The 
optimization variables are represented as binary numbers in 
GA population. The initial population is randomly 
generated between the variables lower and upper limits. 
Tournament selection is applied to select the members of 
the new population. Two point cross over and bitwise 
mutation are applied on the selected individuals. The 
performance of GA for various value of cross over and 
mutation probabilities in the ranges 0.6 – 1.0 and 0.001 – 
0.1 respectively was evaluated. 

The best results of the proposed GA are obtained with the 
following control parameters.  

  Number of generations = 30 
  Population size = 10 
  Crossover probability = 0.8 
  Mutation probability = 0.08 

The GA took 12s to complete the 30 generations. After 
30 generations it is found that all the individuals have 
reached almost the same fitness value. This shows that GA 
has reached the optimal solution. Fig.5 shows the 
convergence of proposed GA algorithm. It is observed that 
the variation of the fitness during the GA run for the best 
case and shows the generation of optimal variables. It can 
be seen that the fitness value increases rapidly in the first 2 
generations of the GA. During this stage, the GA 
concentrates mainly on finding feasible solutions to the 
problem. Then the value increases slowly, and settles down 
near the optimum value with most of the individuals in the 
population reaching that point.  Next for comparison ZN 
tuning, IMC and GA are tuned the PI controller for pH 
process with 20% changes in acid flow rate. The 
performance indices obtained from various tuning methods 
are shown in Table.2. Fig.6 shows the tracking 
performance of GA, ZN and IMC tuned PI controller for 
various set point level. The GA has minimum settling time 
and minimum peak overshoot compared to the other tuning 
methods. ZN method shows the satisfactory response but it 
could not settle at the set point 8. IMC tuning of PI shows 
more oscillation at the set point 10 and not settled at set 
point 8.  

 
Fig.5 Convergence of GA 

 

 
Fig.6. Tracking performance of GA, ZN and IMC tuned PI 

 
TABLE.2 

COMPARISON OF DIFFERENT TUNING METHODS 
Tuning MSE OS Ts Tp Tr SP 

ZN 0.1996 3.97 25 1 1 

IMC 0.1510 4.16 20 1 1 

GA 0.0141 3.95 5 1 1 

 
5 

ZN 2.987 4.13 289 101 1 

IMC 0.4985 14 68 14 1 

GA 0.0762 3.33 372 184 1 

 
7 

ZN 14.47 3.44 513 195 33 

IMC 0.2914 4.5 535 293 33 

GA 0.207 2.70 453 189 17 

 
9 

ZN 48.62 15.6 210 92 86 

IMC 3.2960 10.256 70 25 20 

GA 0.899 5.42 311 24 22 

 
11 

 
B) GA-SFL based online tuning: 
Next SFL system is developed to get online optimal 

parameters of the PID controller. The load dependent 
parameters are set point (SP) and acid flow rate (fa). 
Sugeno fuzzy Logic (SFL) is developed to get on-line 
optimal parameters of the PID controllers. SP and fa are the 
inputs to the SFL and the values of Kp and Ki are the 
outputs. GA was applied to compute the optimal values of 
the PID parameter for different values of SP and fa. In this 
work, SP has been varied from 5 to 11 and fa has been 
varied from 0.192 and 0.288. The results of GA are given 
in Table. 3. Thus Table 3 includes 55 different sets of input 
conditions of pH process.  

TABLE.3 
SUGENO FUZZY RULE BASE TABLE, OPTIMIZED PID GAINS 

AND TRANSIENT RESPONSE PARAMETERS. 
 
SP Fa Kp Ki MSE PO Rt St Ct 

0.192 9.931 8.748 6.66e-2 0.000 1 4 5.62e1 
0.216 9.931 8.748 7.12e-2 0.001 1 4 5.385 
0.24 9.931 8.748 7.50e-2 0.000 1 4 5.07e1 
0.264 9.951 4.995 7.93e-2 0.000 1 4 4.99e1 

5 

0.288 9.931 8.748 8.24e-2 0.000 1 4 4.88e1 
0.192 9.286 9.843 5.46e-3 0.000 1 10 1.95e2 
0.216 9.986 9.843 6.10e-3 0.000 1 4 1.79e2 
0.24 9.540 9.843 6.66e-3 0.000 1 4 1.65e2 
0.264 9.599 9.980 7.31e-3 0.000 1 4 1.48e2 

6 

0.288 9.912 9.824 8.01e-3 0.000 1 18 1.41e2 
0.192 4.965 7.888 3.43e-3 0.101 1 45 3.66e2 
0.216 4.594 7.966 3.80e-3 0.100 1 13 3.33e2 
0.24 4.535 8.201 4.68e-3 0.090 1 20 3.33e2 
0.264 5.728 8.592 5.78e-3 0.099 1 39 3.24e2 

6.5 

0.288 5.024 9.491 5.94e-3 0.100 1 73 2.86e2 
0.192 3.186 8.514 3.51e-3 0.321 1 51 6.78e2 
0.216 3.655 8.924 4.24e-3 0.311 1 45 2.93e3 
0.240 3.949 9.726 4.31e-3 0.412 1 37 5.46e2 
0.264 3.773 8.494 5.54e-3 0.412 1 39 5.73e2 

6.8 

0.288 3.675 7.996 6.82e-3 0.453 1 37 5.47e2 
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0.192 2.521 6.715 5.7 e-3 0.37 1 87 9.56e2 
0.216 2.385 9.139 8.3 e-3 0.341 1 76 8.99e2 
0.24 3.284 8.934 7.1 e-3 0.430 4 92 8.72e2 
0.264 3.362 7.996 6.4 e-3 0.437 1 73 9.20e2 

7 

0.288 3.958 7.262 7.0 e-3 0.477 1 77 8.57e2 
0.192 6.2e-1 9.706 8.0 e-2 0.595 4 38 1.68e2 
0.216 6.6e-1 9.745 5.9 e-2 0.111 4 17 1.7e2 
0.24 6.6e-1 9.745 7.1 e-2 0.121 4 15 1.79e3 
0.264 6.6e-1 9.745 7.9 e-2 0.111 4 14 1.64e3 

8 

0.288 3.1e-1 9.706 8.77e-2 0.266 4 13 4.33e4 
0.192 1.329 9.745 8.71e-3 0.011 14 25 3.07e3 
0.216 1.329 9.745 1.03e-2 0.003 14 26 1.16e6 
0.24 1.348 9.745 1.25e-2 0.002 14 26 5.78e2 
0.264 1.348 9.745 1.52e-2 0.001 13 26 5.79e2 

9 

0.28 1.329 9.745 1.35e-2 0.002 13 27 3.59e2 
0.192 2.501 8.934 6.54e-3 0.001 8 4 1.37e3 
0.216 3.421 9.560 8.63e-3 0.002 7 4 1.37e3 
0.24 2.385 9.726 9.29e-3 0.001 15 10 2.33e3 
0.264 2.052 9.159 1.03e-2 0.001 17 10 1.19e3 

9.5 

0.288 2.424 9.139 1.18e-2 0.000 14 13 2.12e3 
0.192 5.826 9.872 7.3 e-3 0.001 7 4 1.02e3 
0.216 5.610 9.892 8.63e-3 0.003 6 4 1.09e3 
0.24 6.158 9.882 9.59e-3 0.001 7 4 2.50e3 
0.264 5.826 9.912 1.02e-2 0.003 7 4 1.07e3 

9.8 

0.288 5.826 9.872 1.09e-2 0.002 7 4 9.65e2 
0.192 9.873 9.824 6.87e-3 0.002 7 4 6.53e2 
0.216 8.954 10 8.07e-3 0.001 7 4 6.39e2 
0.24 7.781 9.921 8.67e-3 0.002 7 4 6.3e2 
0.264 7.038 10 9.87e-3 0.002 7 4 7.36e2 

10 

0.288 9.306 9.804 1.08e-2 0.001 7 4 7.72e2 
0.192 9.951 2.355 1.31e-1 0.004 9 6 8.13e1 
0.216 9.931 1.241 1.31e-1 0.004 9 6 7.66e1 
0.24 9.540 0.557 1.36e-1 0.006 9 6 8.36e1 
0.264 10 1.221 1.34e-1 0.001 9 6 8.30e1 

11 

0.288 9.99 1.221 1.26e-1 0.004 9 6 7.53e1 

Table.3 will be used by the SFL during on-line application 
to estimate the values of Kp and Ki for off nominal 
operating conditions. The inputs are first fuzzified by 
defining fuzzy subsets. The fuzzy subsets for input (sp) are 
“Very Low (VL)”, “Low1 (L1)”, “Low2 (L2)”, “Low3 
(L3)”, “Medium Low (ML)”, “Medium (M)”, Medium 
High (MH)”, “High1 (H1)”, “High2 (H2)”, “High3 
(H3)”and “Very High (VH)”.  They are associated with 
overlapping triangular membership functions. The 
respective nominal central values of the subsets of sp are 
(5,6,6.5,6.8,7,8,9,10,10.5,10.8,11) at which membership 
values are unities. Similarly, the overlapping fuzzy subsets 
for input (fa) are “Low (L)”, “Medium Low (ML)”, 
“Medium (M)”, Medium High (MH)”, and “High (H)”. 
They are also associated with overlapping triangular 
membership functions. The respective nominal central 
values of the subsets of fa are (0.192, 0.216, 0.24, 0.264 and 
0.288) at which membership values are unities. Sugeno 
fuzzy rule based off nominal, optimal gains and transient 
response parameters is shown in Table.4 and the 
corresponding responses are shown in Figures 7 to 10. 
 

TABLE 4 
SUGENO FUZZY BASED OFF-NOMINAL, ON-LINE OPTIMAL 

GAINS 
Sp Fa Kp Ki OS MSE Tr Ts 
5.8 0.262 9.732 8.440 0.0001 8.2e-3 1 2 

6.2 0.24 7.96 9.32 0.0002 2.6e-3 1 3 

7.3 0.23 1.92 9.33 0.5090 2.2e-2 1 4 

8.2 0.193 0.627 9.71 0.4321 1.9e-2 1 10 

9.9 0.2 7.03 9.78 0.0101 3.1e-3 1 2 

10.9 0.241 9.56 0.585 0.0001 9.2e-3 1 2 

9.1 0.245 2.81 9.74 0.4101 3.23 e-2 1 10 

10.5 0.255 8.73 4.89 0.042 1.5e-2 2 4 

 
Fig.7 SFL based response for intermediate values of SP=6.2 and fa=0.24 

 
Fig.8 SFL based response for intermediate values of SP=7.3 and fa=0.23 

 
Fig.9 SFL based response for intermediate values of SP=8.2 and fa=0.193 

 
Fig.10  SFL based response for intermediate values of SP=9.9 and fa=0.2 
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To validate the results by the SFL system, GA was 
applied for the same values of SP and fa which are given in 
Table 4 and the results are given in Table 5. From these 
tables, it is found that the transient parameters obtained in 
both the cases are almost same. Fig.11 and Fig.12 show the 
response of system using GA and SFL for SP= 8.2, 
fa=0.193 and SP= 6.2, fa=0.24. From the figures it is clear 
that the response given by SFL technique is similar to that 
of GA technique. 

 
Fig.11 Response of GA and SFL for SP= 8.2 and fa=0.193   

 
 

 
Fig.12  Response of GA and SFL for SP= 6.2 and fa=0.24 

 
TABLE.5 

OPTIMIZED TRANSIENT RESPONSE USING GA AND SFL 
TECHNIQUES 

 
 

VIII. SUMMARY  

This paper has proposed a combined Genetic Algorithm 
and Sugeno Fuzzy Logic approach for obtaining the 
optimal gains of PID controller in pH process. The 
performance of the algorithm in obtaining the optimal 
values of PID controller parameters has been analyzed 
through computer simulation. The proposed approach has 
produced better results for nominal and off nominal 
parameters. Further the proposed algorithm is able to 
produce the optimal PID values in a fraction of the second 
and this solves the problems associated with GA in 
applying to on-line application. The application of this 
approach is used for optimizing the PID controller gains 
and transient response with off-line as well as on-line 
optimization of PID controller.   
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Sp Fa Typ
e 

Kp Ki OS MSE T
r 

Ts CT 

GA 9.990 8.08 0.0001 7.1e-3 1 1 120 5.8 0.262 
SFL 9.732 8.44 0.0001 8.2e-3 1 2 - 
GA 8.089 9.530 0.0002 2.9e-3 1 2 175 6.2 0.24 
SFL 7.96 9.32 0.0002 2.6e-3 1 3 - 
GA 1.329 9.912 0.5440 2.2e-2 1 7 180 7.3 0.23 
SFL 1.92 9.33 0.5090 2.2e-2 1 4 - 
GA 0.625 9.765 0.3012 3.8e-2 1 10 174 8.2 0.193 
SFL 0.627 9.71 0.4321 1.9e-2 1 10 - 
GA 7.077 9.794 0.1170 7.0e-3 1 2 122 9.9 0.2 
SFL 7.03 9.78 0.0101 3.1e-3 1 2 - 

GA 9.970 0.361 0.0132 9.4e-3 1 2 121 10.9 0.241 
SFL 9.56 0.585 0.0001 9.2e-3 1 2 - 
GA 2.580 9.315 0.5123 4.2e-2 1 10 190 9.1 0.245 
SFL 2.81 9.74 0.4101 3.2 e-2 1 10 - 
GA 8.989 4.037 0.051 3.0e-2 1 4 120 10.5 0.255 
SFL 8.73 4.89 0.042 1.5e-2 2 4 - 
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