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Abstract This paper dealswith the modeling of abiotechnological processfrom input-output
data. A simple fuzzy-neural network is utilized to obtain a non-linear model of a wastewater
plant. The fuzzy curves are utilized in order to know the significant input variables, the
number of rulesto model the system and the set of initial weightsin the fuzzy neural network
model. From the point of view of neural networks the model has weights to be trained from
input output data and from the view point of fuzzy logic the model is a set of rulesto explain

the behaviour of the system.
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1. INTRODUCTION

The modeling of nonlinear systems is useful for
model-based control applications, when linear mod-
eling results in unsatisfactory control performance,
while nonlinear modeling can significantly improve
system control.

The non-linear dynamical processes can be modeled
in two basic ways: physica models based on non-
linear differential or difference equations, and black-
box models which make use of general functions ap-
proximators and data-driven construction techniques.
Thefirst approachis only suitable for well understood
processes, while the latter one can be used to approx-
imate processes that are difficult to describe in the
traditional framework based on prior knowledge. Ex-
amples of such systems can be found in various fields
including food industries, biotechnology, combustion
engines, etc.

The choice of a suitable black-box structure is not
simple, as many different possibilities exist. Among
them are the multilayered neura networks (Brouwn
et al., 1994), (Parlos et al., 1994), the fuzzy logic
based model (Takagi and Sugeno, 1985), (Czogaa

and Pedrycz, 1981) and fuzzy-neural networks mod-
els (Jang, 1993), (Lin and Cunningham IlI, 1995),
(Sainz Palmero et al., 2001). This paper concernswith
this last type of modeling. A ssimple neural network
is used to implement a fuzzy-ruled-based model with
appropriate membership functions of a real system
from input-output data.

Theuse of fuzzy curves concept permitsto identify the
number of significant input variables, the estimation
of the number of rules needed in the fuzzy model
and the determination of the initial weights for the
neural network. The net is trained with different op-
timization techniques: an evolutive algorithm, random
search techniques (Solis and Wets, 1981) and a modi-
fication of the delta rule (Pindado, 2001). It can prove
that the best result has been obtained with the delta
rule modification. When the network is trained, it is
possible to see the system as a fuzzy base knowledge
where to gain insight into the plant. The system mod-
eled in this paper is a wastewater treatment plant.

The rest of the paper is organized as follows: section
2 describes the network architecture, section 3 shows
the system under study the wastewater treatment plant.



Section 4 uses the fuzzy curves to determine the
network structure, section 5 discusses the training
algorithm and finally in section 6 are the modeling
results.

2. THEFUZZY NEURAL NETWORK

The architecture of the four layer(input, fuzzification,
inference and defuzzification) fuzzy-neural network is
shown in Figure 1, (Lin and Cunningham 111, 1995).
Thisneural network maps each one of the components
of a fuzzy system into a layer of the net. The first
layer is the input layer that contains N neurons, one
for each input variable into the system. The second is
the fuzzification layer and it has NxR neurons, where
R is the number of rules wished for the system. Each
neuron of this layer represents a fuzzy membership
function for one of the input variables. The output of
thislayer is:

1 (%) = exp(— Wi +wol') (D)

where y; J- is the fuzzy membership function of theith
input variable corresponding to the j'h rule, and | i is
typicaly intherange 0.5 < Iij < 5andinitialy equals
to one or two. This parameter permits to modify the
membership function of each neuron from nearly a
triangular form until a trapezoidal one, asit is shown
in Figure 2. The weights between the input and the
fuzzification layers are labeled asW = {{w;;,, W;, } :
i=1..,N;j=1,...R}.
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Figure 1. The architecture of the fuzzy-neural net-
work.

The third layer or inference one implements a set of
R fuzzy rules rj(j =1,2,...,R) of the form: “if x;
is py; and X, is i,y and ... and Xy is py; theny is
[T The operator “and” represents a T-norm, and it
is implemented as the multiplicative inference, i.e.,
to use the algebraic product to evaluate the premises

of the different rules. The activation function used is
f(net;) = net;, and its output is:

N
IJj(Xl;Xz;---XN) :Hﬂij(xi) )

The connecting weights between the third layer and
the fourth one, called defuzzification layer, are the
central values, v;, of the fuzzy membership functions
of the output variable. The weighted sum defuzzifica-
tion method is used, for this reason the output of this
layer is:

R
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Figure 2. Input fuzzy membership functions generated
by u(x) =e X' xe[-2,2],1 =05,....5.

Finally the total output of the net is in the equation
(4), and it is possible to show that this equation can
represent any continuous function f : Ry, — R over
a compact set as closely as it is desired (Lin and
Cunningham 111, 1995).

R N
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i

3. WASTEWATER TREATMENT PLANT

Wastewater treatment plants are designed to process
effluents and return clean water to the river. In most
industrialised countries, legislation imposes limits on
the quality of water discharged from the plant. Fig.
3 shows a schematic diagram of the plant and its
description is given by (Moreno, 1994). Treatment
comprisesthe following steps:

e A physica-chemical procedure that removes
sand, oil and suspended solids.

e Aerobic treatment activated sludge process. The
effluent and the recycled activated sludge (RAS)
are introduced into six tanks where the aerobic
action of biomass reduces the organic waste ma-
terial in thewater. The dissolved oxygen required
is provided by a set of aeration turbines.



e Clarification. The effluent is fed into clarifica-
tion tanks, where the activated sludge and clean
water are separated. The water is discharged to
the river. Part of the settled activated sludge is
recycled to the reactors.
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Figure 3. Schematic diagram of the wastewater treat-
ment plant

Of interest are the activated sludge and the clarifica-
tion processes (Fig. 4), and this part will be mod-
eled with the neuro-fuzzy system. The variables in
this process are the organic substrate dissolved in the
water, s, and the concentration of microorganismsin
the plant, called biomass, x, which will be the outputs
of the model. The input variables are the substrate and
flow of water at the input of the plant, called s; and
0; respectively that are measurable disturbances and
0, the recycled flow considered as the manipulated
variable.
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Figure 4. Aeration tank and secondary clarifier
scheme.

4. NETWORK STRUCTURE

The network structure, i.e., the number of inputs N,
the number of rules R, and the initial values for the
weights w;; and v;, will be determined with a set
of input-output data from the plant. For the model
of the biomass, X, the system output is denoted y(t),
and the variables considered as candidates to inputs
to the model are: x(t — 1),x(t — 2),...,x(t — 6),s(t —
1)7 ---;S(t - 6),Si(t),S| (t - 1)7 ---;SI(t - 6)7qi (t)aqi (t -
1),...,0,(t—6),0,(t),0,(t — 1),...,0,(t — 6), i.e, the
past inputs and outputs of the process. There are
thirty three candidates, denoted in this work as x; (i =
1,...,n). Although assume that there are m training
data points available and x;, (k = 1,...,m) is the ith
coordinate of each one of the m training points. In
this case as the training set must be a representative

selection of all the ways of system operation, training
data was generated as a step train on ¢;, § and q,
with different amplitudes and frequencies, generating
m = 5000 data pairs.

In order to simplify the model, the fuzzy curves are
used, these curves give an idea of the most significant
system variables:

_ 21 %X)-Yi
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where ¢, is afuzzy membership function of the vari-
able x; with the training pattern x;,, such that, if x; is
X, then ¢, is 1, and it is defined as:

01%) = eXp(—(-)2) k=1,2,...m (©)

Fig. 5 shows the fuzzy curves c;,cC,,...,Cg3, for the
candidates to the system input variables. If the fuzzy
curvefor agiven input is flat, then this input has little
influence in the output data and it is not a significant
input. If the range of a fuzzy curve c; is about the
range of the output data, then the input candidate x; is
important for the output variable. Thefuzzy curvetells
that the output is changing when x; is changing, then
the importance of the input variable x; is according to
therange covered by their fuzzy curvesc,. Asthereare
so many fuzzy curves, it is not possible to see in the
graphic theimportance of the different input variables.
So, in Table 1 arethe fuzzy curvesrangesfor the input
candidates in the biomass model.

Fuzzy Curves for all the inputs candidates for the biomass model
400 T T T T T T

200

Fuzzy curve

-1000
o

Figure 5. Fuzzy curves for al the input candidates to
the biomass model.

Asitispossibleto seein that table the most significant
variables, used as input to the model are x(t —4),x(t —
2),x(t — 6) because they cover al the output range.
But, in order to get the dynamic of the systemiitis nec-
essary to take into account as inputs, other variables
that influence the system output, as the substrate (s;)
and flow (q;) at the input of the plant. By this reason
the most significant of thosevariables, asitisshownin
Table 1, are also chosen asinputs to the system: s; (t —
6)7%0 _5)7S|(t _4)7qi(t - 2)7qi(t - 1) and Qi(t - 3)
The fuzzy curves permit pass from n = 33 candidates
to only N = 9 input variables.



Table 1. Range of fuzzy curves for al in-
puts candidates for the biomass model.

Variable % | Variable %
x(t—4) 10000 | g(t—5) 2297
X(t—2) 99.56 | g(t—6) 2261
x(t—6)  97.96 | gt 22.06
s(t—6) 34.44 LAQ) 19.73
s(t—5) 3383 | gy(t—1) 19.67
s(t—4) 3319 | g(t—2) 19.60
s(t—3) 3241 | gy(t—3) 19.50
s(t—2) 3159 | g(t—4) 19.34
s(t—1) 3066 | g,(t—5) 19.20

5(t) 29.73 | g(t—6) 19.15
X(t—1) 2665 | st—1) 1819
X(t—3) 26.16 | s(t—2) 17.71
X(t—5) 2616 | s(t—3) 1692
g(t—2) 2429 | s(t—4) 16.18
g(t—1) 2409 | s(t—5) 1548
gi(t—3) 2394 | s(t—6) 1481
g(t—4) 2351

The fuzzy curves also are used to estimate the number
of rules, R, needed to model the system. Each fuzzy
curve ¢; of each input will be approximated for a
number of rules, R;, by the maximum and minimum
points on the curve, the fuzzy model will interpolate
between these points. If the maximum and minimum
points are far apart, or the curve is not smooth, it is
possibleto add morerules. Asthe system hasN inputs,
it has N fuzzy curves and will have N number of
rulesRy, ..., Ry, to determinethetotal number of rules,
R = max(R,,...,Ry). For this case, the fuzzy curves
corresponding to the inputs chosen are in Fig.6, and it
is possible to see that the number of rules needed to
model the system are R = 2, because the curves are so
smooth and only the maximum and minimum points
have been considered.

At this point there are R rules, and N inputs variables,
i.e, N is the number of neuronsin the input layer, R
is the number of neurons in the inference layer, and
(NXR) is the number of nodes in the fuzzyfication
layer, then the structure of the network has been de-
termined.
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Figure 6. Fuzzy curves for the variables chosen as
inputs in the biomass model.

Before to train the network, it is necessary to know
theinitial value of the weightsW and V. The weights

500 1000

V arethe centers of output variable fuzzy membership
functions, in order to obtained them, the range of the
training output data are divided into R intervals, and
the initial vj(j =1,2,...,R) are the centra value of
these R intervals in ascending order. In this case the
plant output, biomass, varies from 1200 to 2600, and
using 2 rules, this range is divided into two intervals
with centers at v, = 1550 and v,, = 2250.

Theinitial valuesof theweights (w;;;, W) are calcu-
lated in the same way that v;, i.e., the domain for each
input variableisdividedinto Rintervals corresponding
to the Rintervalsin the output space, and the weights
are such that the centers of the fuzzy membership
functions are the centers of those intervals. x;;(j =
1,...,R) denotes the centers of thoseintervals, ordered
such that x5 correspondsto theinterval containing the
largest value of the fuzzy curve, x;z_; is the center
of the interval which contains the next largest central
point on the same fuzzy curvec; and soonfor j = R—
2R-3,...,1

The length of the interval over which arule appliesin
the domain of ¢; is denoted Ax;. And the initial fuzzy
membership function of x; over therule j is defined as

exp((— | % )'ii), where ais in the range [0.5, 2).

Hence, referring to eq. (1) where is represented the
desired fuzzy membership function for this network,
theinitial weights arew;;; = —aZ—JXI and w; = a%x,

5. TRAINING THE MODEL

At this point, the neural network has to be trained,
three techniques have been probed, the first one has
been an evolution strategy, but this algorithm depends
too much of theinitial value of theweightsinthefuzzy
neural net. This method converges to a global mini-
mum in a compact set, and it is necessary to define
in advance that set, but there is not knowledge about
the final values of the weights, i.e., if the compact
set it is very restrictive, it is not possible to know if
will be another compact set where the weightsreach a
better solution. Also, the compact set hasto be defined
in advanced and is different from each system to be
modeled, and it is a big difficult in order to automate
the training step, and by other hand the time calculus
to obtain the solutionis very big.

The second method used to train the network has been
a random search techniques, the MOAM a gorithm
(Solis and Wets, 1981), which assures the global con-
vergence in a compact set. The problems with this
algorithm are the same as with the evolution one, it is
necessary to know in advance the range of the weights
in the neural network for each application.

The third method used is a modification of the delta
rule. This rule has been defined for feedforward neu-
ral networks, where the input to a neuron is a linear
combination of the output of the neurons in the layer



before, and the neuronsactivation functionsare differ-
entiable. The fuzzy network, used in this paper, does
not satisfy these conditions. In order to use the delta
rule it is necessary to modify the network, only in
the training step, (Pindado, 2001). In the fuzzification
layer, the output of the neuronsisin eq.(1), whereit is
possible to see that the activation function depends of
a parameter to be calculated during the training step,
Iij. Then, this layer is divided into two layers, i.e., a
fictitious layer is defined with output functiony; as:

y1 = 10g(|w;j1% +Wjol) (7
And the fuzzification layer output will be:
15 (%) = exp(—|wij;% +Wij0||”) =

exp(—exp(log(|wij % +Wjol1)) = (8)
exp(—exp(li;yy)).

In the inference layer, the output of the neuronsisin
€g. (2), in order to use the deltarule, amodification is
made;

N

uj= H@(p(—a(p(hjh)) =
N

exp(z _exp(lijyl)) =exp( ), Y,)

i=1 i=1

©)

=2

With these modifications, now it is possible to use
the delta rule for this new network with five layers
(Pindado, 2001), which inputs and outputs, y, are
expressed in the following equation:

netlj =1,Xq,..., Xy
nQZij :Wijl*nalj +\Nle

y2;; = log(|net2;;|)
y3; = —exp(net3;;) (10)
N
1=
R
nets = Zvj *y4; =5
j=1
The performanceindex is defined as:
VR (V= %d)?
Pl — k=1 — Yk (11)

zlylzl | ykd |

where y, 9, (k = 1,2,...,m), are the desired output
vaues and y,, (k= 1,2,...,m), are the outputs from
the net. The training is continuing until, for some
i, S0P — 2N Pl < &, or the number of
iterations reaches its maximum value, | yax, and € > 0
is a chosen small number. If after training the model
performance is not adequate, the number of rules are
increased, or the initial weights are changed and the
network is retrain. Once the network is trained, the
model can be aso reduced, (Lin and Cunningham 111,
1995), and (Pindado, 2001).

6. WASTEWATER PLANT APPLICATIONS

The results to apply this fuzzy neura network to the
wastewater treatment plant can be summarized in this
section. For the first plant output, the biomass, the
fuzzy curves are in Fig. 5, and the number of inputs
and rules considered are N = 9 and R = 2 respectively
as has been explained in Section 4. The network has
been trained with the delta rule and with the follow-
ing parameters. Iy = 5000, and € = 0.0001. The
training procedure concludes in 2134 iterations with
aPl = 0.006915. Asthe system isadynamical model,
in order to know if the neural net has learned the plant
performance, the network needs to be validate with
different data of the training procedure ones. Fig. 7
represents the model behaviour with an input different
to the training data, with an adequate result and a
performance index Pl = 0.007343. The fuzzy mem-
bership functions of the two-rulesmodel are plottedin
Fig.8.
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Figure 7. Network and real output for validation data.
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Figure 8. The two-rules model for the biomass.

The second output of the wastewater treatment plant,
is the substrate, s. The procedure to calculate this
model is the same that the biomass. First, the inputs
candidates are, x(t — 1),...,X(t — 6),s(t — 1),...,s(t —
6)?%(0730 - 1)7"'3%“ _6)7qi(t)vqi(t - 1)="'7qi(t -
6),0,(t),0,(t —1),...,0,(t — 6), Fig 9 and Table 2,
shown the fuzzy curves for the input candidates, and
the range covered for each one. As before, the inputs
chosen either cover all the output range or influence




Table 2. Range of fuzzy curves for al in-
puts candidates for the substrate model.

Variable % | Variable %
st—1) 10000 | s(t—4) 2165
s(t—2) 96.83 | s(t—5) 20.85
s(t—3) 9326 | s(t—6) 2022
s(t—4) 89.89 Op(t) 5.44
s(t—5) 8664 | gy(t—1) 536
s(t—6) 8349 | g,(t—2 5.32

)
(t—2)

(t—1) 3647 | g, (t—3) 5.29
g(t—2) 36.29 | g,(t—4)
( ( ;

5.26

G(t—3) 3540 | g,(t—5 5.23
g;(t) 3490 | g,(t—6 5.22
g(t—4) 3435 | x(t—6) 366
g(t—>5) 3337 | x(t—4) 3.35
g(t—6) 3272 | x(t—2) 298
s(t—1) 24.00 | x(t—5) 247
s(t) 2363 | x(t—1) 231
s(t—2) 2343 | x(t—3) 211

s(t—3) 2253

the behaviour of the plant output, and as it is shown
inTable2 ares(t —1),s(t — 2),s(t — 3),s(t — 4),q;(t -
1),G,(t-2),6(t—3),5(t),5(t—1) ands (t—2). The
rule number considered in this case are R = 3, and
the training procedure concludes in 293 iterations
with Pl = 0.008769. The comparison between the
real substrate and the output of the model with data
different from the training dataisin Fig. 10, obtained
with a Pl = 0.009124.

Fuzzy Curves for all the inputs candidates for the substrate model
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Figure 9. Fuzzy curvesfor the substrate.
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Figure 10. Network and real output for validation data
for the substrate.
7. CONCLUSIONS

A simple and effective fuzzy-neural model of com-
plex systems from input-output data has been used to

model a biotechnological process. The fuzzy curves
are used to identify the input variables, estimated the
number of rules needed, and set the initial weights
for the fuzzy neural network. The network has been
modified in order to use the backpropagation learning
algorithm, and observing the learning rules and mem-
bership functions for the input variables it is possible
to simplify the model. This network has been used
to model a complex system, a wastewater treatment
plant with adequate results. As possible future work
a genetic algorithm will be used to train the neuro-
fuzzy system and to use this model in order to design
abased-model controller.
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