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НЕО-РАЗМИТА НЕВРОННА МРЕЖА ЗА
МОДЕЛИРАНЕ НА МНОГОМЕРНИ
НЕЛИНЕЙНИ ДИНАМИЧНИ ПРОЦЕСИ
МАРГАРИТА ТЕРЗИЙСКА, ЯНЧО ТОДОРОВ, ЛЮБКА ДУКОВСКА
Резюме: В този доклад са представени структурата и алгоритъма за обучение на
многомерна нео-размита невронна мрежа за моделиране на нелинейни динамични
преоцеси. Приложеният подход се основава на идеята за нео-размит неврон, чиято
динамика зависи единствено от времевото разпределение на данните на входа му, а
изхода се генерира като сингълтон функция. За да се тества работоспособността
на предложеният модел, са осъществени симулационни експериенти в софтуерната
среда Матлаб за моделиране на нелинейна многомерна система.
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NEO-FUZZY NEURAL NETWORK FOR
MODELLING OF NONLINEAR MIMO
DYNAMICS
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Abstract: This paper presents the structure and the learning algorithm of a multi-input
multi-output (MIMO) Neo-fuzzy neural network for nonlinear system modeling. The applied
approach lies on the idea of Neo-fuzzy neuron whose dynamics depend on its own temporal
behavior, while his output is generated as a singleton function. To demonstrate efficiency of
the proposed modeling structure, a simulation experiments in Matlab environment
modeling a nonlinear MIMO process dynamics are performed.
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1. Introduction
Neural networks, fuzzy logic and their
synergy resulting in neuro-fuzzy structures have
gained much popularity in the recent decades. The
fusion of the fuzzy logic with the neural networks
allows combining the learning and computational
ability of neural networks with the human like IFTHEN thinking and reasoning of fuzzy system. This
makes them a very active subject in many scientific
and engineering areas, so they are widely and
successfully used in nonlinear system modeling,
signal processing and intelligent control.

A lot of architectures have been proposed in
the literature that combines fuzzy logic and neural
networks. Some of the most popular are ANFIS [1]
and DENFIS [2]. They are all composed of a set of
if-then rules. A serious drawback for their
application in purpose of dynamical modeling is the
number of parameters under adaptation at each
sampling period, since it grows with the increasing
level
of
modeled
nonlinearity.
Another
disadvantage of the neuro-fuzzy systems, especially
when they operate in on-line mode is the slow
convergence of the conventional gradient-based
learning procedure and the computational
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complexity of second-order ones [3]. As well, such
structures cannot handle major process uncertainties
in many complex situations.
To overcome the deficiencies of the FNN
networks, it has been introduced the idea for NEOFuzzy Network. According to many authors among
the most important advantages of the NFN are: the
learning rate, the high approximation properties, the
computational simplicity and the possibility of
finding the global minimum of the learning criterion
in real time [4].
NEO-Fuzzy Networks have already been
proven as universal approximators. Such structures
have been used: in prediction of chaotic time series
[5]; for classification [6]; as filter [7-9]; as
dynamics observer [10].
The NEO-Fuzzy Networks have great
potentials as modeling solutions into model based
control strategies. Since, most of the complex
dynamical processes are mostly nonlinear with
many inputs/outputs; this requires the design of
appropriate MIMO modeling solutions.
Therefore, in this paper a design approach
and simple learning algorithm for a proposed
MIMO NEO-Fuzzy neural network are studied in
Section 2. The results from the performed
simulation experiments in modeling a nonlinear
MIMO system are shown in Section 3.
2. Neo-fuzzy network
The idea for a NEO-Fuzzy neuron was
proposed by Yamakawa et al. [11] and its simple
structure is shown on Fig.1.

where x(k) is the input, wj is the weight coefficient
and μj for j=1:m is a defined set of Gaussian
membership functions:
 xi − cij 

 2σ ij 

2

µij ( xi ) = − exp 

where c and σ represent its centre (mean) and width
(standard deviation).
Each nonlinear synapse is expressed by a
fuzzy rule matching to singleton rule consequents:

If xi is A ij then the output is f(xi )

y m (k ) = f ( x(k ))

p

p

m

y m (k ) = ∑ f i ( xi (k )) = ∑∑ µ ij ( xi (k )) wij (k ) (5)
i =1

i =1 j =1

where c and σ represent its centre (mean) and width
(standard deviation).

m

(1)
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where x(k) is an input vector of the states in terms of
different time instants. Thus, the output is
determined by the membership functions μji and the
weight coefficients wji(k):

The NEO-Fuzzy neuron is similar to a zero
order Sugeno fuzzy system where only one input is
included in each fuzzy rule, and to a radial basis
function network (RBFN) with scalar arguments of
basis functions [12]. The NEO-Fuzzy neuron has a
nonlinear synaptic transfer characteristic. The
nonlinear synapse is realized by a set of fuzzy
implication rules [14]. The output of the NEOFuzzy neuron is obtained by the following equation:

j =1

(3)

Using the basic concept for a NEO-Fuzzy
neuron it can be easily designed a network of such
neurons capturing the dynamics of a set of multiple
inputs and outputs. The typical NFN structure is
presented on Fig.2., where the system output is
expressed as:

Fig.1. Single NEO-Fuzzy neuron

f ( x) = ∑ µ j ( x(k )) w j

(2)

Fig.2.NEO-Fuzzy Network

2.1. MIMO neo-fuzzy network
In this section is presented proposed MIMO
NEO-Fuzzy Network. This five-layer structure is
shown on Fig. 3. The first layer accepts the input
variables and then nodes in this layer only transmit
the input values to the next layer directly. The
second layer performs fuzzification using (2). On
the third layer the obtained membership degrees are
multiplied by two different group weight
coefficients wji(k) and vji(k). On the fourth layer are
computed two groups of functions:
m

Fw ( x) = ∑ µ j ( x(k )) w j

(6)

j =1
m

Gw ( x) = ∑ µ j ( x(k ))v j

(7)

j =1

The outputs of the MIMO NEO-Fuzzy
Network are obtained on the last fifth layer:
p

y m1 = ∑ Fwj ( x)

(8)

j =1
p

y m 2 = ∑ Gwj ( x)

(9)

j =1

order to update the two group weights in the
consequent part of the fuzzy rules:

E1 = ε 1 / 2 = y m1 (k ) − yˆ m1 (k )

(10)

E2 = ε 2 / 2 = y m 2 (k ) − yˆ m 2 (k )

(11)

where ym1 and ym2 are the reference outputs
measured form the process and ŷm1 and ŷ m2 are the
outputs being estimated by the model.
As learning approach is used the
conventional gradient descent procedure, resulting
in the following weight update algorithm:

 ∂E (k ) 
wij (k + 1) = wij (k ) + ∆w = wij (k ) + η  1 
 ∂w(k )  (12)
= wij (k ) + ηe(k ) µ ij ( xi (k ))

 ∂E (k ) 

vij ( k + 1) = vij ( k ) + ∆v = vij (k ) + η  2
 ∂v(k )  (13)
= vij (k ) + ηe(k ) µ ij ( xi (k ))
where w and v are vectors of the trained parameters:
the synaptic links in the consequent part of the rules
and η is an adaptive learning rate which optimal
value is obtained by following expression [12]:

η (k ) = 0.1* µ ij ( xi (k ))

2

(14)

3. Simulation experiments
In this section, simulation results with
specific example are provided to demonstrate the
performance of the proposed MIMO neo-fuzzy
network. The following multi-input multi-output
nonlinear system is considered as reference
dynamics [13]:

Fig.3.MIMO NEO-Fuzzy Network
2.1.1. Learning algorithm
To train the proposed MIMO NEO-Fuzzy
Network an supervised learning scheme has been
used. For that purpose, a defined error cost terms
are being minimized at each sampling period in

y1 (k ) =

y12 (k − 1)
+ 0.5 y 2 (k − 1)
y (k − 1) + 1

y 2 (k ) =

y12 (k − 1)
+ u1 (k − 1)
y 22 (k − 1) + y 32 (k − 1) + y 42 (k − 1)

y 3 (k ) =

y 32 (k − 1)
+ 0.3 y 4 (k − 1)
y (k − 1) + 1

y 4 (k ) =

y 32 (k − 1)
+ 0.5u 2 (k − 1)
y (k − 1) + y 22 (k − 1) + y 42 (k − 1)

2
1

(15)

2
3

2
1

where u1(k) and u2(k) are the system inputs, y1(k)
and y3(k) are the outputs.
The above-described nonlinear system (15)
has four inputs and two outputs. Their values for the
current time k and for the previous time k-1 are
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used as inputs to the proposed MIMO neo-fuzzy
model, i.e. the model has 12 inputs and 2 outputs.
As a test signal is used Mackey-Glass chaotic
time series, which is is described by the following
time-delay differential equation:

u1 ( k ) = u 2 ( k ) =

x(i ) + ax(i − s )
(1x c (i − s )) − bx(i )

Table 1 summarizes the values of Mean
Square Error (MSE) and Root Mean Square Error
(RMSE). The value of the MSE in the 50-th time
step is 5.5e-8 for the first output y1 and 3.7e-9 for
the second output y2.
Table 1. Table with MSE and RMSE values in a
case of Mackey-Glass chaotic time series

(16)

wherea=0.2;
b=0.1;
C=10;
initial
conditionsx(0)=0.1ands=17s.The learning rate η has
a fixed value0.05.
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Another test of the proposed MIMO NEOFuzzy model is made with Rossler chaotic time
series. These series is described by three coupled
first-order differential equations:

dx
= -y - z
dt
dy
= x + ay
dt
dz
= b + z ( x - c)
dt

Fig.4. MIMO NEO-Fuzzy model validation with
Mackey-Glass chaotic time series
Results on model validation by using
Mackey-Glass chaotic time series are shown on Fig.
4. As it can be seen, the proposed model structure
predicts accurately the generated time series. On
Fig.5 are presented model errors for the both
outputs which very small values close to zero. It can
be seen that the model error for the second output
y2 is less than first output y1, which is due to the
structure of the considered nonlinear system (14).

(17)

where a=0.2; b=0.4; c=5.7; initial
conditions x0=0.1; y0=0.1; z0=0.1. The results are
given respectively on Fig.6, Fig.7 and Table 2.
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Fig.5. Model predicted errors in a case of
Mackey-Glass chaotic time series

Fig.6. MIMO NEO-Fuzzy model validation with
Rossler chaotic time series
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4. Conclusions
In this paper are presented architecture and
learning procedure of MIMO NEO-Fuzzy network.
The proposed model is similar to a 0-th order
Sugeno fuzzy system and to a radial basis function
network. Two benchmark chaotic systems (MackeyGlass and Rossler chaotic time series) are chosen to
demonstrate the ability of this model.
The obtained results show that the proposed
MIMO NEO-Fuzzy network model predicts
accurately the generated time series, with minimum
prediction error and fast transient response of the
RMSE, reaching values closer to zero. The main
advantages of MIMO NEO-Fuzzy network are its
simplicity and the small number of parameters for
learning (only one parameter for each fuzzy rule).
Another feature of the proposed MIMO NEO-Fuzzy
network is that the fuzzification process is done
only once for the two outputs, which facilitates the
computation procedure. This makes it suitable for
real-time applications such as predictive controllers.
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