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Abstract—A completely new type of fuzzy logic system will be 
developed from the existing fuzzy structure and applied to 
modeling and control of complex processes under incomplete 
dynamics in the manufacturing industry. Using a unique three-
dimensional membership function (fuzz grade, time and 
probability), the probabilistic processing features can be added 
into the existing fuzzy configuration to construct a probabilistic 
fuzzy inference engine. Thus, this developed probabilistic fuzzy 
logic system (PFLS) is able to learn uncertain information in both 
fuzzy and stochastic nature. The proposed PFLS will be very 
suitable to modeling of the complex stochastic process with 
incomplete dynamics. All the existing learning theories and 
methods can be directly applied to the proposed PFLS to enhance 
its learning performance. Integrated into the fuzzy-PID structure, 
it will turn into a probabilistic fuzzy logic controller for the 
stochastic control. Successful application of the proposed PLFS to 
the selected industrial process will have a great impact on both 
academia and industry. 

I. INTRODUCTION 

When the system becomes more and more complex, it will 
be more and more difficult to maintain a consistent 
performance due to increasing uncertainties. These 
uncertainties come from various sources, such as, 
measurement error accumulated, unknown interactions 
between subsystems, and missing dynamics, etc. To model and 
control the uncertain dynamics well, the features of 
uncertainty from the data should be properly captured [1-4]. 
Though uncertainties come from various sources, they share 
some common features, either in fuzzy nature or in stochastic 
nature. 
1) Vagueness - the fuzziness of data and knowledge may result 
from the following reasons:  

For decision making, modeling or control applications, 
the knowledge expressed by words may show 
inconsistent vagueness in information processing, which 
result in the fuzzy difficulties in the processing.  
The vagueness of data comes from the low resolution of 
sensor or poor measurement techniques. A linguistic 
description of vague data will be benefit to the robustness 
of modeling or control system.  

2) Stochastic nature - this is the nature of the universe. A 
proper structure to capture the randomness and attenuate its 
side-effect is an important issue. One important source comes 
from missing dimension of data and makes the system analysis 
more difficult. 

The full dimension of data is infinite and the neglected 
dimension of state variable for modeling and control may 
result in an unknown stochastic dynamic of the systems.  

The full dimension of data is unknown. The missing 
dimension can be seen as stochastic features (such as 
random noise) to the full dimension of dynamics. 

The kernel of uncertainty modeling and learning is to 
construct a nonlinear mapping between the data domain and 
the feature domain. The fuzzy logic system (FLS) is able to 
handle fuzzy uncertainty by mapping uncertain data or 
knowledge to a linguistic domain [6], and further improve its 
performance with neural computation [7-9]. However, its 
linguistic expression cannot handle the stochastic uncertainty, 
and both Mamdani and Takagi-Sugeno (T-S) type inference 
engine may not be suitable to work under stochastic 
environment with incomplete dynamics.  
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Figure 1: Modeling philosophy of uncertainties 

 The stochastic modeling method [14] is to generate the 
mapping to the probability space after analyzing the historical 
data. The Kalman filter has been widely used for state 
estimation with random noises [5]. However, it may not be 
able to process the incomplete information and cognitive 
uncertainties. Stochastic control theory [10] usually work well 
when a standard stochastic model is available, however this 
assumption may not be valid for incomplete or linguistic 
information processing. The robust modeling and control 
theory [11] can strictly guarantee the system performance by 
the assumption of relatively accurate mathematic model of 
uncertainty, but the scarcity of data will make it difficult in 
many real applications.  

In summary, all the existing modeling and control theory 
emphasize one aspect of uncertainties. Mature mathematical 
theory can guarantee the efficiency of the uncertainty 
extraction and expression on one aspect of the system, and 
usually loses other uncertain features due to the limitation of 
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data. It is impossible for the existing approaches to model 
incomplete dynamics with both fuzzy and stochastic 
uncertainty.   

It would be valuable if the statistical analysis method and 
the fuzzy system can be integrated into a unified platform to 
process uncertainties that contain both fuzzy and stochastic 
features. The random set, fuzzy random set and fuzzy random 
variables are important concepts in the fuzzy theory [17-21]. So 
far, most of the previous works were investigating the 
relationships between randomness and fuzziness. It is still 
difficult to apply these concepts to the engineering applications. 
A few research attempted to develop the stochastic fuzzy 
system for modeling and controlling a dynamic system 
perturbed with stochastic uncertainty [15, 16]. Using a Takagi-
Sugeno (T-S) type fuzzy system, the stochastic uncertainty was 
expressed by the state equation only in its consequent part, not 
from the antecedent. This may not properly reflect the 
stochastic and fuzzy nature of the process. 

By the end of last decade, the type-2 FLS [12, 13] was 
proposed, which employs two fuzzy membership functions 
(MFs), to improve the ability of handling the uncertainty of 
linguistic expression. An interval type-2 FLS was developed 
later to reduce its computational complexity. Since two fuzzy 
membership functions (MFs) are used as the primary and 
secondary description of the same variable, the type-2 FLS is 
actually to improve approximation accuracy. This may limit its 
application potential to a multi-domain process that contains 
uncertainties in different physical domains, such as fuzzy and 
stochastic uncertainties.  

Recently, the probabilistic fuzzy logic system (PFLS) [22, 
23] was developed, based on the concept of the type-2 FLS, by 
changing the secondary MF into the probabilistic density 
function (PDF) for describing the stochastic variable. This 
inherent 3-domain (3D) nature system was applied to 
modeling of the process with both fuzzy and stochastic 
uncertainties.  

In this paper, a brief review and simple tutorial is given for 
the development of the PFLS for modeling and learning when 
there exist both fuzzy and stochastic uncertainties. The PFLS 
uses a 3-dimensional MF in the probabilistic fuzzy set, where 
the extra third dimension of the MF is used to express the 
stochastic feature.  The probabilistic fuzzy logic operation is 
introduced to provide a unified framework to inference the 
uncertainty mixed with incompleteness and randomness. The 
PFLS can be further integrated with the neural network to 
improve its performance in time-varying situation. The future 
challenges and unsolved problems are also discussed in the 
paper.

II. PROBABILISTIC FUZZY LOGIC SYSTEM

The objective of the paper is to introduce a 3-dimensional 
(3D) probabilistic fuzzy logic system (PFLS) that is inherently 
capable of processing fuzzy and stochastic information 
simultaneously. The developed 3D-PFLS will be applied to 
modeling and control applications. After that, systematic on-
line design and tuning approaches should be studied for 
modeling and control applications. 

2.1 Configuration design 

Since the well developed traditional FLC provides a basic 
fuzzy processing platform, it is natural to obtain a 3D 
philosophy from the integration of the traditional FLC and 
probabilistic information processing as shown in Figure 2a. 
Based on this 3D philosophy, the 3D-PFLS can be primitively 
obtained to have similar functions to the traditional FLS. A 
potential configuration of 3D-PFLS has probabilistic 
fuzzification, rule base, inference engine and probabilistic 
defuzzification, as shown in Figure 2b.  

Traditional FLS

Stochastic 
information 

3-dimensional 
PFLS

(a) 3-dimensional Philosophy 

 (b) A potential configuration 
Figure 2: A Conceptual development of a 3D-PFLS  

Generally, the knowledge used to construct rules in a FLS 
is uncertain. The PFLS is effective to handle the stochastic 
modeling problem using a proper probabilistic modeling 
method. The possible functional framework of the PFLS is 
given in Figure 3. The jth rule of a PFLS can be obtained from 
human knowledge or data clustering algorithms and expressed 
as follows:  

Rule j: If 1x  is 
jA ,1

~  and … and  ix  is 
jiA ,

~  and … and nx  is 
jnA ,

~

Then y is
jB~

 where ),,2,1)(,,2,1(~
, JjniA ji

and
iB~ are probabilistic 

fuzzy sets. Similar to the ordinary FLS, the PFLS still has 
operations of fuzzification, inference engine and 
defuzzification as shown in Figure 3. Different to the ordinary 
FLS, the PFLS uses the probabilistic fuzzy set (PFS) instead of 
the ordinary fuzzy set, which is described by a three-
dimensional membership function as in Figure 4. The PFS is 
able to express the information with stochastic uncertainties.  
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Figure 3: Functional framework of the PFLS

2.2. Probabilistic fuzzification  

The significant difference of PFLS to FLS is that the 
fuzzification procedure is based on probabilistic fuzzy sets 
instead of ordinary fuzzy sets. Inspired by type-2 FLS, the 
primary MF will be fuzzy and the secondary MF will be 
designed as probabilistic density function (PDF). Formation of 
these two MFs will establish a 3D-MF to express both fuzzy 
and stochastic information. As the fuzzy and stochastic 
features are heavily coupled, the following issues need to 
study. 

It is difficult to extract the fuzzy and stochastic features 
simultaneously because they are strongly coupled. One 
possible mechanism is to extract the stochastic features 
first, and then the fuzzy feature [22]. The other is the 
inverse operation. It is still not clear how these two 
extractions affect the performance. 
Formulation of a 3D MF from the two-dimensional MF 
and PDF needs to study. A possible solution is to develop 
the primary MF in terms of stochastic parameters that are 
described in the secondary PDF, for example, a Gaussian 
type MF with the parameters as center and width 
described in PDF. Three different cases should be 
considered and compared: static center and stochastic 
deviation; static deviation and stochastic center; and 
stochastic center and stochastic deviation.

a) A appearance in three dimensions 
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Figure 4: The three dimensional MF 

2.3. Probabilistic Inference engine  

In the earlier version of PFLS [22], the Mamdani 
inference engine was modified to include the probabilistic 
reasoning using Bayesian inference, which works well under 
complete dynamics. The probabilistic fuzzy relation set is 
computed by the Mamdani reasoning method:  

1 2j jj j n jR BA A A
                      (1) 

where  denotes the t -norm operation, 
,

, ( 1, , )
j i jR A i n

and
jB
is the fuzzy grade. The probabilistic information is 

processed with the Bayesian inference method.  

1 2
( ) ( ) ( ) ( ) ( )

jj j n jjR BA A AP E P E P E P E P E          (2) 

where ( )
jRP E , ( )

i jAP E and )( ~
jBEP  denote the corresponding 

probability of the fuzzy grade 
,

,
j i jR A

 and 
jB
, with 

i jAE and

jBE  as independent events 

Since the secondary PDF is obtained from data learning, 
which always contains incomplete dynamics, the Bayesian 
inference may not be able to provide reliable reasoning under 
incomplete PDF.  

The Dempster-Shafer theory has been a powerful tool for 
the reasoning of incomplete stochastic information [29]. It is 
possible to develop the inference engine by using the 
Dempster-Shafer theory to handle the incomplete stochastic 
information as follows  

1

i j
A B

i , j

i j
A B

m ( A ) m ( B )
m

m ( A ) m ( B )

         

     (3) 
where 

im ( A )   and 
jm ( B )  denotes the probability assignment of 

the ith  and jth fuzzy relations respectively; 
i , jm  denotes the 

combined probability.  
The most critical problem is how to integrate fuzzy 

reasoning and probabilistic reasoning in a more rigorous and 
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logic way. The exponential growth of rules for multi-variables 
is always an important issue to address. 

2.4 Probabilistic Defuzzification 

One task of probabilistic defuzzification is to develop the 
final crisp output of PFLS. The existing work has integrated 
the expectation and centroid computation together for 
stochastic and fuzzy information to develop the crisp output, 
where the probabilistic defuzzification improves the traditional 
defuzzification method with the probabilistic processing 
method. The traditional defuzzification computes the centroid 
output 

Cy  with the inference set 
jR
 as : 

1

1

( )

( )

J

j jR
j

C J

jR
j

y x y
y

x y
                              

(4)

1
( )

j JR R R RMax

where
jy  is the crisp consequent, Cy  and 

R
 are random 

variables. The crisp output y  of the PFLS is the mathematical 
expectation of the traditional defuzzification:  

( )Cy Ex y                                          (5) 
This kind of defuzzification results in a great amount of 

computation [22]. It will be interesting to develop a more 
simple computational structure for probabilistic 
defuzzification.

It would also be a challenge to develop a new defuzzfication 
mechanism that provides a 3D output in probabilistic 
distribution, which will be useful for the decision making 
system to provide rules in probability.  

III. PROBABILISTIC AND FUZZY DESIGN FOR MODELING

After After the basic design of 3D PFLS, it is required to 
generate the rule base and 3D MF for the on-line modeling 
applications. Basically, the modeling design procedure is 
similar to the traditional FLS. The most challenge comes from 
the optimal rule base and 3D MF design for the stochastic 
domain. The modeling procedure includes three procedures: 
the PDF estimation; PDF based probabilistic fuzzy rule 
generation; neural system for learning of 3D MF.  

3.1 PDF estimation 

To extract the stochastic features from limited data, it is 
required to estimate the distribution functions for input data. 
Many statistical analysis methods [24-26] have been proved 
successfully for the distribution estimation, such as maximum 
likelihood methods, parzen window estimation, and SVM. 
These estimations can converge to an arbitrarily-complex PDF. 
However, to guarantee the convergence of estimation, the 
sample size is required increase exponentially with the 
dimensionality of the space. In practice, such a large number 
of samples are not normally available. It is required to use 

different statistical analysis tools to estimate the distribution 
function for each input variable with insufficient sample size. 

3.2 PDF based rule base design 

To study the nominal fuzzy relationship of input-output 
variables, the spatial distance is commonly used as the 
optimization criterion to develop the clustering centers for 
further fuzzy design. The optimization criterion for clustering 
can be given to minimize the weighted distance from the 
original data to clustering centers. The optimization of 
clustering criterions is designed on the deterministic 
computational mode [28] in most existing clustering methods. 
However, the deterministic design is not suitable to express 
the relation of data with stochastic nature. It is very interesting 
to study a PDF based clustering method for the construction of 
rule base when stochastic uncertainties is concerned.  

The stochastic optimization criterion will be studied for 
the clustering processing. A possible solution is to develop a 
clustering center with PDF. Different to the deterministic 
criterion, a stochastic criterion will increase the likelihood 
evidence of clustering results in a stochastic environment  

Furthermore, the stochastic iterative algorithm will be 
studied for the optimization process. It is difficult to explore 
the global optimal point by traditional deterministic iterative 
algorithms due to the stochastic variation in the process, and 
the stochastic nature-based iterative algorithm is superior to 
the deterministic one for the global optimization. 

3.3 Neural system for learning of 3D MF 

After the offline design of rule base, it is still not easy to 
obtain the optimal parameter online due to time-varying 
uncertainties. Thus, it is important to further adjust the 
parameter for the best performance according to the online 
data. Unfortunately, the limited data is suffered with lots of 
incomplete information, which make the optimization 
processing difficult. The traditional deterministic optimization 
(e.g. gradient decent algorithm) focused on the minimization 
of modeling performance index (e.g. mean square error). 
However, it will be difficult to find the proper direction to the 
global optimization points in stochastic environment. The 
reinforcement learning method, which is inherently designed 
with stochastic nature, might be more suitable for the 
optimization problem in unknown dynamic systems [30-32]. It 
is interesting to tune the 3D MF with the stochastic-based 
reinforcement learning method to guarantee the global 
optimization. 

Most existed exploration strategies usually suffer from 
the difficulties to hold good balance between exploration and 
exploitation. The balance problem will be more difficult in a 
stochastic environment. Hence new ideas are necessary to 
explore more effective exploration strategies to achieve better 
performance in stochastic situations. 

It is required to combine the neural construction with 
reinforcement learning mechanism. The neural network (NN) 
has the strength on learning, adaptation and parallelism. If the 
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PFLS can be implemented in NN, it will add the advantages of 
NN for time-varying dynamics learning into the probabilistic 
fuzzy logic [23]. The Functional configuration of this neural 
PLFS is depicted in Figure 5, which clearly shows the 
integration of fuzzy neural network (FNN) with the 
probabilistic processing for uncertainty modeling, where both 
fuzzy and probability information are processed together in a 
neural system. A key technique is how to take the most 
advantage of neural construction in reinforcement learning 
optimization. 

Figure 5:  The structure of a neural PFLS 

IV. SIMULATION RESEARCH

A nonlinear system is used to illustrate the modeling 
performance of a neural PFLS for a time-varying plant 
expressed as:  

)1(
)2()1(1

]5.2)1()[2()1()( 22 ku
kyky

kykykyky

where )(ky  is the output of the nonlinear system, and )(ku  is a 
sine signal with random noise )(t , which is descried by a PDF 

))(,( 2 tN  and ]02.0,01.0[)(t  as in Figure 6. 
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Figure 6: Noise variance: actual (solid) and estimated (dashed) 

 The neural PFLS is used to model the nonlinear system 
and the input variable is defined as Tkukykykx )]1(),2(),1([)( .
The following steps can be followed to design the neural PFLS.  
1) The input-output data is obtained and used to find an initial 

primary MF (center c, width ) for each fuzzy set by the 
fuzzy c-mean method. The primary MF of the PFLS can be 
determined by the clustering algorithm.  

2) A statistical experiment is performed to compute the 
probabilistic feature of the kth sampling data u(k). The 
expectation value and variance can be estimated [23].   

3) Compute the three-dimensional MF. The MF for u(k) can 
be expressed as 2

2

( ( ) )( ( )) exp
2

u k cu k , where  is the 

random membership grade, c and  is the parameter of the 
primary MF. Then, the neural PFLS can be constructed 
accordingly [23].

 In the simulation, the neural PFLS with a hybrid adaptive 

algorithm is compared with the ordinary FNN. The neural 

structure of the PFLS is
3 17 27 560 560 180 1

. The structure of the 

ordinary FNN is
3 17 27 560 560 180 1

. In this simulation, the 

variance )(t  of the random noise is time-varying and 

unavailable, therefore the uncertainty modeling problem 

would be difficult for traditional filter systems. The estimated 

variance in Figure 6 is used to construct the secondary PDF of 

the PFNN. Figure 7 shows that the modeling performance of 

the PFNN is better than that of a FNN in terms of the 

performance index defined as 2)()(ˆ kykyJ  with )(ˆ ky  as 

the prediction of PFNN.
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Figure 7: The performance of neural PFLS (solid) and FNN(dotted) 

V. CONCLUSION

     A probabilistic logic system is discussed in this paper to 
model the complex process with both stochastic and fuzzy 
uncertainties. The PFLS uses a three-dimensional MF to 
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express the mixed stochastic and fuzzy uncertainties in a 
unified structure, and uses probabilistic fuzzy inference logic 
to inference under probabilistic-fuzzy environment. The PFLS 
can be integrated with the neural network for handling time-
varying dynamics. In the future, the Dempster-Shafer theory 
can replace the Bayesian method to improve inference 
performance for the incomplete dynamics. Then PFLS 
developed will be more suitable to work in the complex 
system modeling with strong stochastic and incomplete 
dynamics. 
 One of interesting future work is the integration of PFLS 
with the traditional fuzzy-PID structure [33], which can 
formulate a PID type probabilistic fuzzy logic controller that is 
more suitable to work in the complex environment where both 
fuzzy and stochastic uncertainties exist. 

ACKNOWLEDGMENT 

The work is partially supported by the National Natural 
Science Foundation of China (50775224), and the grant of RGC 
Hong Kong (CityU: 117208).

REFERENCES

[1] Michalewicz, Z.; Schmidt, M.; Michalewicz, M.; Chiriac, C.; “Case 
study: an intelligent decision support system”, IEEE Intelligent Systems,
20:44 - 49, 2005  

[2] Ying, Hao, Feng Lin, Rodger D. MacArthur, Jonathan A. Cohn, Daniel 
C. Barth-Jones, Hong Ye, and Lawrence R. Crane, "A Fuzzy Discrete 
Event System Approach to Determining Optimal HIV/AIDS Treatment 
Regimens," IEEE Trans. on Information Technology in Biomedicine,
10:663-676, 2006. 

[3]   Raja Amirthalingam, Su Whan Sung, Jay H. Lee, “Two-step procedure 
for data-based modeling for inferential control applications”,   AIChE 
Journal, 46:1974 – 1988, 2004. 

[4] Pearson, R.K.; “Outliers in process modeling and identification”, IEEE
Trans. on Control Systems Technology, 10:55 – 63, 2002.  

[5] M.S. Grewal, A. P. Andrews. Kalman filtering : theory and practice
Englewood Cliffs, N.J. : Prentice Hall, 1993. 

[6] Kazuo Tanaka and Hua.O Wang, Fuzzy control systems design and 
analysis, Wiley, 2001. 

[7] M.Brown, C.J. Harris, Neurofuzzy Adapttive Modeling and Control.
Upper Saddle River, NJ: Prenice-Hall, 1994  

[8] Sun-Yuan Kung; Taur, J.; Shang-Hung Lin; Synergistic modeling and 
applications of hierarchical fuzzy neural networks" Proceedings of the 
IEEE, vol. 87 , no. 9 , pp: 1550 - 1574, 1999 

[9] Jang, J.-S.R.; Chuen-Tsai Sun; “Neuro-fuzzy modeling and control”, 
Proceedings of the IEEE, 83:378 – 406, 1995. 

[10] Mitter, S.K.;Filtering and stochastic control: a historical perspective,
IEEE Control Systems Magazine, Volume 16, No.3,  pp:67 – 76, 1996  

[11] Dorato, P.;A historical review of robust control, IEEE Control Systems 
Magazine, Volume 7,No 2, pp:44 – 47, 1987.  

[12] N. N. Karnik, J. M. Mendel and Q. Liang, "Type-2 fuzzy logic systems," 
IEEE Trans. on Fuzzy Systems, vol. 7, no.6, pp: 643–658, 1999.  

[13] C. H Wang, C. S Cheng, T. T Lee, "Dynamical Optimal Training for 
Interval Type-2 Fuzzy Neural Network (T2FNN)", IEEE Trans. on Syst. 
Man. Cybern Part B: vol. 34, no. 3, pp: 1462 - 1477, 2004. 

[14] Li, Q.; Leahy, R. M.; “Statistical Modeling and Reconstruction of 
Randoms Precorrected PET Data”,  IEEE Trans. on Medical Imaging, 
25:1565 - 1572, 2006.  

[15] B. Lee; L. Guo; Fuzzy Systems, “Optimal tracking design for stochastic 
fuzzy systems”, IEEE Trans on Fuzzy Systems, vol. 11, no. 6, pp:796 – 
813, 2003 

[16] Z. Wang; Ho, D.W.C.; X. Liu, “A note on the robust stability of 
uncertain stochastic fuzzy systems with time-delays” IEEE Trans. on 
Syst. Man. Cybern, Part A, vol. 34, no. 4, pp: 570 – 576, 2004  

[17] M. L. Puri and D. A. Ralescu, “Fuzzy random variables,” J. Math. Anal. 
Appl., vol. 114, pp. 409–422, 1986. 

[18] de Cooman, G.; Aeyels, D, “A random set description of a possibility 
measure and its natural extension”, IEEE Trans. on Syst. Man. Cybern, 
Part A, vol. 30, no. 2, pp: 124 – 130, 2000.  

[19] Romer, C.; Kandel, A. “Constraints on belief functions imposed by 
fuzzy random variables”, IEEE Trans. on Syst. Man. Cybern, vol. 25, no. 
1, pp: 86 – 99, 1995. 

[20] Kratschmer, V. “Constraints on belief functions imposed by fuzzy 
random variables: Some technical remarks on Romer-Kandel”, IEEE 
Trans on Syst. Man. Cybern, Part B, vol. 28, no. 6, pp: 881 – 883, 1998 

[21] Colubi, A, Fernandez-Garcia, C, Gil, M.A. "Simulation of random fuzzy 
variables: an empirical approach to statistical/probabilistic studies with 
fuzzy experimental data",  IEEE Trans. on Fuzzy Systems, vol. 10, no. 3, 
pp: 384 - 390, 2003. 

[22] Z. Liu & H.X. Li, "A probabilistic fuzzy logic system for modeling and 
control", IEEE Trans Fuzzy Systems, Volume 13, No 6, pp:848 – 859, 
2005.  

[23] H.X. Li & Zhi Liu; “A Probabilistic Neural-Fuzzy Learning System for 
Stochastic Modeling”, IEEE Trans. on Fuzzy Systems, Volume 16, No 
4, pp:898 – 908, 2008 

[24] Emanuel Parzen, “On Estimation of a Probability Density Function and 
Mode”, The Annals of Mathematical Statistics, vol.33, pp.1066-1076, 
1962. 

[25] Sayan Mukherjee & Vladimir Vapnik, “Support vector method for 
multivariate density estimation”, Technical Report, A.I. Memo No. 1653, 
MIT AI Lab, 1999 

[26] J. Weston, A. Gammerman, M. Stitson, V. Vapnik,  V. Vovk and C. 
Watkins. “Density Estimation using Support Vector Machines”, 
Technical report CSD-TR-97-23, Royal Holloway University of  London, 
UK(1997) 

[27] Ching-Chang Wong; Chia-Chong Chen; A hybrid clustering and 
gradient descent approach for fuzzy modeling. IEEE Trans. on Systems, 
Man, and Cybernetics, Part B, Volume 29, no. 6, pp:686 – 693, 1999.  

[28] Celikyilmaz, A.; Burhan Turksen, I.; Enhanced Fuzzy System Models 
With Improved Fuzzy Clustering Algorithm , IEEE Trans. on Fuzzy 
Systems, Volume 16, no. 3,  pp:779 – 794, 2008. 

[29] Yager, R.R.; Cumulative distribution functions from Dempster-Shafer 
belief structures , IEEE Tran. on Systems, Man, and Cybernetics, Part B,
Vol 34, no. 5,  pp:2080 – 2087,2004  

[30] R. Sutton and A. G. Barto, Reinforcement Learning: An Introduction,
MIT Press, Cambridge, MA, 1998. 

[31] L. P. Kaelbling, M. L. Littman and A. W. Moore, “Reinforcement 
learning: a survey,” Journal of Artificial Intelligence Research, Vol. 4, 
pp. 237-287, 1996. 

[32] N. H. C. Yung and C. Ye, “An intelligent mobile vehicle navigator based 
on fuzzy logic and reinforcement learning,” IEEE Trans. on Systems 
Man and Cybernetics, Part B-Cybernetics, Vol. 29, pp. 314-321, 1999. 

[33] Mann G.K.I., B-G, Hu & R.G. Gosine, (1999), “Analysis of direct action 
fuzzy-PID controller structures”, IEEE Trans. on Systems, Man and 
Cybernetics, 29B(3), 371-388 

394



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


