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Abstract - Stabilizing water-level of the steam generator 
in nuclear power plant is a very important problem since 
dynamics ofthe system has nonlinear characteristics. Non- 
minimum phase phenomenon known as 'swell and shrink' 
effect in the steam generator is more salient in low operating 
power: The swell and shrink effect is one of main factors for 
frequent shutdown ofthe nuclear power plant. In this paper, 
a riewframeworkfor building an irztelligenr fuzzy controller 
for stabilizing water-level of sfeam generator is proposed. 
111 rlze proposedfraniework, two fuzzy systems are used arid 
those fuzzy sysrems are optimized using evolutionary algo- 
rithm. Thefirstfuzzy systetn is a fuuy  model, which is used to 
approximate the input-output relationship of the real steam 
generato,: After thefuzzy model is obtained, a group offuzzy 
conti-ollers is oprimized by evolutional-) algorithm wlzile yer- 
fomzing control test on tlze obtainedfuzzy model. 

Keywords: Fuzzy modeling, steam generator, evolutionary 
optimization. 

1 Introduction 
Stabilizing water level in the steam generator of nuclear 

power plant is very important in order to secure the suffi- 
cient cooling source of the nuclear reactor and to prevent 
the damage of turbine blades. The water level control prob- 
lem of steam generator has been a main cause of unexpected 
shutdowns of nuclear power plants. Stabilizing the water 
level around the predetermined level is very important for 
the safety and efficient operation of nuclear power plants. It 
becomes more difficult to maintain water level at low power 
since the nonminimum phase effects, known as 'swell and 
shrink', become greater. This reverse dynamic effect pre- 
vents using the automated controller and forces manual op- 
eration. Even for experts in the field, however, it is not so 
easy to react effectively to the reverse dynamics. 

Therefore, there have been many efforts to apply the var- 
ious control techniques to the water level control of steam 
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generators[l][2][31[4]. Among such of advanced control 
techniques, fuzzy control technique receives many atten- 
tion due to its resemblance to human-like characteristics. It 
was demonstrated that fuzzy control technique can be suc- 
cessfully applied to control water level of steam generator 
through several previous works[S][6][7]. However, perfor- 
mance of fuzzy controllers are strongly depends on the ini- 
tial assignment of membership parameters and rule structure 
and so on. To tune such parameters, cumbersome trial-and- 
enor  procedures by a designer are necessary. To get rid of 
this necessity, there has been an approach to apply genetic 
algorithm to tune the fuzzy controller[8]. 

By the way, one of the main properties overlook is that to 
design a certain controller by trial and error procedure tar- 
get system (i.e., steam generator in this paper) is necessary. 
Usual trial and error consists of repeating two steps: the first 
step is to apply current controller to the target system and 
the second step is tune the controller observing the perfor- 
mance of the controller on the target system. However, it 
should be noted that, when applying the first step, it is not 
guaranteed that the current controller is safe enough to ap- 
ply to the target system. When control failure of the target 
system is trivial, this is not a problem. However, if the target 
system is expensive or risky one, one control failure of the 
target system cannot be ignored. This becomes especially 
true when the target system is the nuclear power plant. Usu- 
ally, there are mathematical models or simplified simulator 
for the real nuclear power plant. Still, controllers obtained 
based on the models or simulators cannot be guaranteed to 
exhibit the same characteristics of the real system. 

The objective of this paper is propose a conceptual frame- 
work for building a fuzzy controller for the water level con- 
trol of steam generators in the nuclear power plant. In the 
proposed framework, two fuzzy systems are used. The first 
fuzzy system is a fuzzy model, which approximates the tar- 
get system using the input/output behaviors of the given tar- 
get system. The fuzzy model is optimized by evolutionary 
algorithm. When a fuzzy model is available for a certain 
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target system, a fuzzy controller is being searched through 
evolutionary optimization process since any fuzzy controller 
can be tested on the fuzzy model without taking risk to apply 
a fuzzy controller to the real steam generator. 

2 Evolutionary fuzzy modeling of 

2.1 Fuzzy model 
In this paper, a Takagi-Sugeno (TS) fuzzy model is used 

[91 because the TS-type fuzzy model has a great advantage 
due to its representative power; it is capable of describing 
a highly nonlinear relations, which is suitable for the prob- 
lem of modeling. A TS fuzzy model consists of IF-THEN 
rules where the rule consequents are usually constant values 
(singletons) or linear functions of the inputs as follows: 

steam generator 

Ri : IF XI is Ail and . . . and XN, is  A ~ N ,  (1) 
then yi = C ~ O  + cilzl + . . . + C,N,XN, 

for i  = 1,2;, . ,NE 

where NR is the number of rules, N I  is  input dimension, yi is 
the output of the i-th rule, and ci j  are real-valued consequent 
parameters of the i-th rule for the j-th input. Usually, cij is 
obtained by linear least square methods [ I l l ,  [12]. 

The antecedent fuzzy set A, for the j-th input in the i-th 
rule is characterized by two-sided gaussian MF paii (zj) as 
described by 

where wij is the center of the two-sided gaussian MF. The 
widths of MFs on the left and right sides are U!: and U:,, 

respectively, according to the relative position of the input 
xi to the center wij. Given the input sequence, each fuzzy 
rule produces degree of memberships for the data. This rule 
strength of the i-th rule Ri is denoted by T~ and is calculated 
as follows: 

NI 

7; = A , I ( ~ I )  x . . .  x A~N, (xN , )  = ~ P A ~ ~ ( x ~ )  . ( 3  
i=l 

x operator in (3) represents 'fuzzy and' (T-norm), for which 
algebraic product is adopted in this paper. The fuzzy model 
output 6 is computed by a weighted mean(WM) defuzzifica- 
tion process as follows: 

(4) 

To model the input/output behavior of the steam generator 
using a fuzzy model, inputs and outputs should he deter- 
mined. Feed water flow rate and steam flow rate are adopted 
as inputs for the fuzzy model, while current water level of 
the steam generator is adopted as an output. However, it was 
impossible to model the behaviors of the steam generator us- 
ing only two inputs above. Thus, in this paper, two previous 
water level are also adopted as inputs. Consequently, there 
are four inputs and one output in fuzzy modeling. Thus, the 
fuzzy rule can he described as follows: 

Ri : IF u(t - 1) is U, and v(t - 1) is V, (5) 
y(t - 1) is Y,  and y(t - 2) is W, 
y ( t )  = C ~ O  + ~ u ( t  - 1) 

i = 1,2,... , NR 

and 
then 

+ CWJ(t - 1) + GsY(t - 1) + Ciiy(t - 2) 
for 

where U, and V, represent appropriate MFs for feedwater 
flow rate and steam flow rate, respectively. Y,  and W, rep- 
resent MFs for water level. Parameters for those MFs are 
determined through evolutionary optimization. 

2.2 Evolutionary optimization of fuzzy model 
The general objective of the evolutionary optimization is 

to find a fuzzy model which can approximate a certain U0 
relationship, which is to optimize the structure andor  the pa- 
rameters of the fuzzy model. There are several techniques 
available to optimize the structure of fuzzy models by evolu- 
tionary optimization technique as reported in [ I  I ]  and [13]. 
In this paper, however, the standard partition based approach 
is adopted since simultaneous optimization of rule structure 
and parameters needs much more processing time. In the 
standard partition based approach, rule structure is deter- 
mined by partitioning each i-th input space into A& MFs. 
Then, each rule is defined by sharing MFs in combination. 
Once the number of MFs for each input is determined, the 
number of rules is also determined. When the input dimen- 
sion is N I ,  the resulting fuzzy model has NR = nzl A4, 
fuzzy rules. Three real parameters are necessary to represent 
a two-sided gaussian ME Thus, an individual can be repre- 
sented in a vector form as follows: 

s k ( t )  = [vi1 WIZ ... VIM, ... V N , I  . . .  ~ N ~ M . ~ , ]  (6) 

where vij = [m;j: ufj,,u;:] represents the parameters of the 
j-th membership function for the i-th input variable and the 
number in the parenthesis represents the generation number. 
Subscript k represents a k-th individual in the population. 
Center values of MFs can be located anywhere within the 
input range, which is defined by the minimum and the maxi- 
mum values of each input, during the evolution process. 

One of the most important consideration in application of 
evolutionary optimization algorithm to any kind of problem 
is to define a proper fitness function because the fitness func- 
tion plays an important role in finding a better solution for 
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the given problem. In this paper, as usually the case, the 
first objective is to find a fuzzy model which is capable of 
approximating the given U 0  relationships. However, only 
concentrating on the model error, sometimes the resulting 
fuzzy partitions exhibits much overlap between neighboring 
MFs. To prevent this, a geometric constraint in the pheno- 
typic space is used as follows: 

where Xkj is the length of the h-th ( h  = l;.. , N2J OC- 
currence of overlapping between two MFs in the j-th input 
domain. NjG represents the total number of possible occur- 
rence of overlap among every possible pair of MFs for the 
j-th input universe of discourse for each individual. Thus, 
the proposed fitness function becomes can be written as fol- 
lows: 

Figure 2: Modeling results : Irving's model case 

2.3 Modeling results 
Since the real steam generator in the nuclear power plant 

(1.0 - p(@) is hardly available, We tested the proposed fuzzy modeling 
algorithm using two steam generator models. That is, an as- 
sumption is made that those two models are the 'real' steam 
Eenerator. The first model is well-known Irving's model[lO]. 

= - K .  ~ O g ( ~ ~ s ~ ( s k ) )  + 0. 

where K and f l  are weighting parameters. There are gener- 
ally three main operators in  evolutionary optimization: se- 
lection(or reproduction), crossover, and mutation. In this 
paper, the length of chromosomes is fixed once the num- 
ber of MFs is predefined. After two individuals sp(t) and 
S,(t) are selected by lwo-fold tournament selection, arith- 
metic crossover operation is performed with the predefined 
probability. For the mutation, normal mutation operator is 
adopted[ 141. 

Figure 1: Training data for fuzzy modeling : Irving's model 
case 

- 
The second model is a Kori nuclear plant simulator which is 
used for education of field experts' in Nuclear Power Ed- 
ucation Institute of Korean Hydro & Nuclear Power Co. 
Ltd.[lS] and is expected to have almost the same character- 
istics with the real nuclear power plants used in Korea. 

a 

time (sec) 

Figure 3: Narrow water level indicator value obtained from 
the Kori simulator. 

2.3.1 Case I : Irving's model 
Irving's model is one of the most well-known models 

used in literature. Irving described the model in fourth-order 
Laplace transfer function for steam generators. The model 
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Figure 4: Flow rate value obtained from the Kori simulator. 
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Figure 5 :  Modeling results for the data obtained from the 
Kori simulator. 

function and corresponding parameters can be found in [8]. 
To apply the proposed fuzzy modeling approach, series of 
operating data are generated using PI controller using prede- 
fined operating scenario. Gain of PI controller is obtained by 
trial and error. Figure 1 shows the response of the water level 
and flow rate at 5% power. Training data is normalized into 
[-1.0,1.0] range. Using the sampling time of five seconds, 
480 training data is obtained for 40 minutes operation. Two 
MF are used for each input and ,thus, a fuzzy model consists 
of 16 rules. Population size was 30. The maximum gener- 
ation was 50. Probabilities for crossover and mutation were 
0.4 and 0.7, respectively. Figure 2 shows modeling results 
of the proposed algorithm. It is shown that the proposed al- 
gorithm can find a fuzzy model which can approximated the 
given model efficiently. 

Figure 6 Input membership functions for fuzzy controller 
optimization. 

2.3.2 Case I1 : Kori simulator 
In the Kori simulator, there are three steam generators. 

Since the behaviors of each steam generator are similar, data 
from the first steam generator are adopted for testing the pro- 
posed algorithm. The same setting are used as in the previous 
case. 1600 data were used for 8000 seconds data. Figure 3 
and Fig. 4 shows the water level and flow rate data used for 
training fuzzy model. Figure 5 shows the fuzzy modeling re- 
sults obtained by applying the proposed algorithm. Again, it 
is shown that the proposed algorithm can find a fuzzy model, 
which can approximate the almost the real steam generator 
using inputloutput data of the steam generator. 

3 Evolutionary optimization of fuzzy 
controller 

For building a fuzzy controller using evolutionaq opti- 
mization, unsupervised approach is adopted. Since a fuzzy 
model which approximates the real steam generator is now 
available, any fuzzy controller can he tested on the fuzzy 
model without any risk. After the best fuzzy controller is ob- 
tained through evolutionary optimization, current controller 
being used in the real plant can be replaced with the best 
fuzzy controller. Two inputs are used. The first input is level 
error, that is, the difference between the desired water level 
and actual water level. The second input is flow rate error, 
that is, the difference between the feedwater flow rate and 
steam flow rate. The output is feedwater flow rate. Then, a 
fuzzy rule can he described as follows: 

R, : IF LE(1- 1) is LEi and F E ( t  - 1) is FE,  (9) 
then ut ( t )  = C ~ O  + c,lLE(t - 1) + . . . + c,aFE(t - 1) 

f o r i  = 1 ,2 , .  . . , N R  

where LE represents level error and F E  represents flow rate 
error. 

Since no training data is available, MFs for the antecedant 
parts are fixed a priori as shown in Fig. 6. Since three 
MFs are used for each input, fuzzy controller consists of 
nine rules. Real value encoding as in the modeling was 
adopted. Since three real parameters are necessaq to rep- 
resents a fuzzy rule, 27 real parameters are needed to rep- 
resents a fuzzy controller. The fitness function consists of 
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three terms: tracking error, amount of overshoot, and amount 
of undershoot. This kind of fitness function has been also 
adopted in [SI. The fitness function for fuzzy controller op- 
timization is as follows: 

i=O 

where y(i)  represents the desired water level, y(Z) represents 
the controller water level, and y(i) represents the starting wa- 
ter level. Figure I shows how the amounts of overshoot and 
undershoot are determined. Population size was 20, the max- 
imum generation was 200 while the same value were used 
for the other design parameters as in fuzzy modeling case. 
With the given parameter setting, 20 seconds are needed for 
accomplishing the evolutionary optimization process in 2.4 
Ghz computer with C++ language. Simplified schematic for 
the proposed framework is shown in Fig. 8. After the best 
fuzzy controller among the group of fuzzy controllers is se- 
lected after evolutionary optimization is over, test of both the 
current controller and the obtained fuzzy controller are con- 
ducted on the fuzzy model. If control performance of the 
newly obtained fuzzy controller is better than that of current 
controller, then current controller is replaced with the newly 
obtained controller. Figure 9 shows the control performance 
of the conventional PI controller and the fuzzy controller op- 
timized by the proposed algorithm. In this case, fuzzy con- 
troller will take the place of PI controller since it shows bet- 
ter control performance from the viewpoint of the amount of 
swell and shrink. 

Figure 7: Overshoot and undershoot of water level response. 

4 Conclusion 
In this research, a new systematic method for automatic 

generation of an intelligent fuzzy water level controller for 

~ 

! 
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Replace current controller with 

Figure 8: The proposed framework 

Figure 9: Control performance of PI controller and the fuzzy 
controller obtained by the proposed method. 

the steam generator of nuclear power plants is proposed. The 
proposed method needs a basic assumption that inputloutput 
data from the real steam generator is available, which is usu- 
ally true. In the proposed framework, two fuzzy systems are 
used. It has been shown that the proposed method can find a 
fuzzy model which can approximate the given steam gener- 
ator model based on inputloutput relationship. Based on the 
fuzzy model obtained by the evolutionary optimization, it is 
shown that a better fuzzy controller can be searched with- 
out taking risk to apply a certain controller to the real steam 
generator by evolutionary optimization. However, since not 
all the inputloutput data can be acquired for a certain system 
a priori, it is still a difficult problem to perfectly model the 
steam generator. Thus, tuning the fuzzy model on-line using 
the real-time data produced from the steam generator and 
optimizing a fuzzy controller in more acceptable processing 
time should be researched in future. 
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