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Abstract

In this paperfuzzy logic and neurahetwork methods were used to model simulated
nonlinearsteady-statelata. Two different cases ofraining andchecking datasets were
generated: ideal data without noisad realistic data with added noisand other
nonidealities. Both techniques weditting the idealcasedata almosperfectly. The fuzzy
logic and neural network models were also able to roughly predict the realistic case data.

1. Introduction

Both neural networks anfilizzy logic inference systems have beeoved to
have capabilities of universapproximators. Thus they can bothuiéized in
modeling of complicated nonlinear processes (Judits¥gng).

Rotating disk filter is a complicated nonlinear process, whereuimeit of the
process isnonlinear function of aet of inputvariables (Kannine). Most
important inputvariablesare feedlensity, filter pressure, slurryevel and
rotating speedDisk and cake flow resistancase also as importamariables:
their can be viewed either as input variables or time-vapangmeters of the
process. Cake resistance dependstime-varying physicaland chemical
properties of the feedwsty and onthe process conditions (pressisiesry
level, rotating speed). Disk resistance depends on diffendimtig phenomena
and thus on the past time history of the operation of the disk filter.

In this work, both neural network and fuzzy logic methods have been tested to
model the rotating disklter process. Feedforward neural networks trained by
Levenberg-Marquard optimization (Demuth @ehl¢) and AdaptiveNeuro-

Fuzzy Inference System, ANFIS, combined with subtractive clustering to
initialize ANFIS (Jang and Gull8ywere used as tested methods.
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1.1 Neural networks

Neural networks are composedrany simpleslement operating iparallel
and the networkunction is determined by the connections betwalements.
The neuron model anithe architecture of a neuratwork describe how a
network transforms its inputs into aatputand place limitations on what a
particular neuralnetwork can compute. Thdraining technique used,
determine how well and fast neural network learn the system behavior.

One of the most important attributes dagered neurahetworkdesign is the
architecture. The number of input nodes amgput nodes aresimply
determined by thedimension ofthe input andutput vectors to be
approximated (Zura@a The size of a hiddefayer is one of the most
important considerations whesolving actual problems. There is not
conclusive answeaavailablefor hidden layer sizing problem only genemnale,
“the bigger thehidden layerthe better the netwoman approximate the
function and if fartoo big hidden layer isised overfitting cawmccur”, can be
applied with trial and error.

Although most activation functions, oftealled transfer functions, sum their
input signaldasically inthe same manner, thegre notidentical interms how
they produce outputresponse. Several different functiomsly beused as
activation function and neural networks wéidime architecture hadgferent
capabilities according transfer function they employ (Boulard

Often the backpropagatidraining algorithmsare based on gradient descent
method togethemwith some improvement techniques, as momentum or
adaptive learningate. However, morgophisticated techniques can be used
for training of neuralnetwork instead of traditional backpropagation
algorithm, e.g. Levenberg-Marquardiptimization method makesetwork
training times shorter compared to simple gradient descdrased
backpropagation (Demuth and Béale

1.2 Fuzzy Logic

Fuzzy logic wagrimary designed toepresent and reasdinguistic form of
knowledge. Design parameters likezification and defuzzification methods
and rule basetogether with membership function consttion and
representation describe how a fuzzy logic system operate (Refnffagk?).

Fuzzification converts a point-wise (crisgyrrentvalue of aprocess state
variable into a fuzzyset, in order tanake it compatible witlthe fuzzy set

representation. The function of tefuzzification is mappinthe set ofuzzy

outputs into a single point-wise value.
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Definition of the fuzzy rulebase includthe choice of the procestate and
control outputvariables andhe content of the rule-antecedent and the rule-
consequent. Anembership function is eurve thatdefineshow each point in
the input space is mapped to a membership value.

One possibility to give fuzzy logic system learning capabilities is to combine
training methods from neuraktwork area tduzzy logic inference systems,

e.g ANFIS (Adaptive Neuro-Fuzawference System) trains a fuzzy inference
system with backpropagation algorithm (Jang

2. GENERATING DATA
2.1 Steady-state rotating disk filter model

Nonlinear steady-state rotating dfgter model wasused to generate the data
(Kanninerd). The basic form of the model is shown in equation (1).
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In this basic formthe model is quite general and can be appliedanamy
different type of vacuum and hyperbaric rotating disk filters.

2.2 Generating data for case 1, ideal case

Two different cases of training and checkiigta sets were generated. Both
cases contain 100 points wéining data and 100 points aheckingdata.
Data for case 1, th&leal case, was generated bjlowing the fourinput
variables,pressure, slurryevel, feed slurry density and druspeed tovary
randomly inside aperating region, and then calculatihg outputvariable,
capacity of the filter, from equation (1). This medhat the data for case 1 is
mathematically "ideal" irthe sense, that there is noise in the input or
outputvariablesthe process (model) structure and parameterstichange,
and the output is affected only by the four known input variables.

2.3 Generating data for case 2, realistic noisy data case

When generating data for case 2, realistic noisy case, firstly white whiske,
amplitude wasbout 10 % of thamplitude ofthe outputvariable, was added
to output of themodel. In addition to thigwo parameers of the modelisk
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and cake resistance, were addedraaslomly variedextra non-measurable
input variables with range ot 5 % (in case 1, those variables were constant).

This second addition affects more seriously to possibilities of achiegogda
model with any modelingechnique, because it mearbat there is no
informationabouttwo important input variablesyhich systematically affects
to output.The purpose adthis was totest how thefuzzy logic and neural
network methods behave in this kind of process modeling situation.

3. MODELING OF IDEAL CASE DATA

3.1 Modeling of ideal case data using neural networks

Feedforward networktilizing Levenberg-Marquard optimization method was
tested bytrainingthe networkwith trainingdata andevaluatingthe network
performance with separately checkidgta. Ideal casedata waseasy to
approximate, because the data doesmitude any noisy or unmeasured
disturbances and most of the networks tested was giving good results.

Many different size ohetwork was evaluated. However, netwaevith one
hidden layer with 5neurons waggiving the best results. In general, by
increasinghesize of hidden layethe training dataapproximation wagiving
better results, butheckingdata wasshowingthat network was starting to
overfit anderror starincrease. Figures 1. show the evaluation ohttevork
performance with the data used for checking.
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Figure 1. Comparing of checking data and the output of neural network model
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3.2 Modeling of ideal case data using fuzzy logic

3.2.1 Building of Sugeno-type fuzzy model using clustering

Subtractive clustering method was used to formulate Sugenduypge
systems (Jang ar@ulley’). The most important parameter of the function is
the cluster radiusyhich determinefiow many clusters and thuiizzy rules
the function generates.

For checking data, the lowest root mean square error, 0.098, was produced by
six fuzzy rules achieved by cluster radiQs8 (thetraining dataroot mean
square error was fdhis system wa®.054). Thus thdéuzzy system with six

rules was selected for further training. Figure 2 showsabemeansquare

error of thecheckingdata as dunction of cluster radius and figure 3 shows

the same error as function of the number of the fuzzy rules.

3.2.2 Further training of fuzzy model by ANFIS

The besfuzzy systemsix rules, achieved ithe clustering phase was further
trained using Adaptive Neuro-Fuzzy Inference System. ANFIS ubkwgisrid
learning algorithm to identifyparameters of Sugeno-tygazzy inference
systems: it applieshe least-squares method for linear parameters and
backpropagation gradient descent method rfonlinear parameters. For
detailed information about ANFIS, the readers are referred to Jang dhd Sun

Checking data error as function of data cluster radius parameter, ideal data
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Figure 2. Error of checking data as function of cluster radius.
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Checking data error as function of number of fuzzy rules, ideal data
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Figure 3. Error of checking data as function of the number of fuzzy rules.

Checking data output compared to model calculated output, ideal case, clustering and anfis training

22 T T SR T T T T T T
™ ©
& =1
Bﬂg o
20 & hegd -
5 5]
& o4
@ g 8 =
1 &
181 & & It T
& 4 3 Q 5 & <] s
§ a 2 -
2 u 8 8 R o o
o) 3 B [
16 « o & 4« s @, = E
5 134 1 ¥ 53 &
2 ! 8 3
S o a w ® =]
I
S1af o @ o« @ Q p
© N @ Q o o
3 . .
53
© [ o ¥ -1
12 & -
-3 @ 2
[
S
101 2 .
o Checking data output
X Fuzzy model output R
8 ! ! ! ! ! ! ! ! !
0 10 20 30 40 50 60 70 80 90 100

Number of data point. Note: this is not time serie data, but a collection of individual steady-state values.

Figure 4. Comparing of checking data and the output of fuzzy model
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The system witlihe lowestheckingdata error waselected thdinal fuzzy
model forideal data caseFigure 4. shows comparing of checkidgta and
output offuzzy model. This figuréogetherwith the lowroot meansquare
error value indicatesthat thefuzzy modelfor theideal data casean fit the
data very well.

4. Modeling of realistic case data
4.1 Modeling of realistic case data using neural networks

Feedforward networktilizing Levenberg-Marquard optimization method was
tested bytrainingthe networkwith trainingdata andevaluatingthe network
performance with separatehecking data. Many different size of neural
networks was tested and the hidden layer sizing was studied more carefully for
this realistic case than for first ideal case.

The networkhaving one hidden layerwas giving best performancavith
checking data. Networkwith two hidden layer or evemore werealso
investigated, but those wemasily leading nto overfitting situation where
evaluation with traininglata wasgiving good results, but the performance
with checking data was poor.
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Figure 5. Hidden layer size affect on Root Mean Square Error.
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The results fromestruns with different number of neurons in hiddayer
were quite close eaabther, but ingeneral thenetwork with three or four
neurons wagiving the best results. Figure 5. shows the results from one of
the testruns where ondidden layernetwork was testeavith one to six
neurons and figures 6 shows evaluationtref network performanaceith
checking data.The performance of network with realistic dasewasiot as
good as in ideal case.
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Figure 6. Checking data and model approximation

4.2 Modeling of realistic case data using fuzzy logic

4.2.1 Building of Sugeno-type fuzzy model using clustering

Figures 7 and 8 show tleeror oftrainingdata and therror ofcheckingdata

as function of the number of the fuzzy rules. From these figures it can be seen,
that as thenumber of fuzzy rules is increastr training data error isll the

time decreased. However, faheckingdata the lowestoot meansquare

error, 1.928, is producegith only one Sugeno-typfizzy rule. This isnot a

real fuzzy systemany more, but just alinear polynomial modelwhich
parameters have been estimated by normal least-squares method.

System with onlyone Sugeno-typkizzy rule cannot be trained further by
ANFIS method (no parameters to further optimize). Because of thizz\a
system with 2 rules have been seled¢tdfurther training, and after this, the
checkingdata errors of one anwvo rules systemsre compared teach
other.
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Training data error as function of number of fuzzy rules, realistic noisy data
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Figure. 7. Error of training data as function of the number of fuzzy rules.

Checking data error as function of number of fuzzy rules, realistic noisy data
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Figure 8. Error of checking data as function of the number of fuzzy rules.
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4.2.2 Further training of fuzzy model by ANFIS

Fuzzy system withiwo rules was further trained usinige ANFIS method
similar way as was explained in section 3.2.2. Figure 9 showdevetopment
of training and checkingata errorgluring thelearning. The system with the
lowest checking data error was selected to be the best two rule system.

Training and checking errors as function of training epochs
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Figure 9. Training and checking data errors during the ANFIS learning

4.2.3 Comparing of model calculations and data

Because the root mean square erroicfa@ckingdata of onduzzy rule model
(linear model),1.928, was lower than theheckingdata error for 2rule
ANFIS trained model,1.940, the one rulemodel i.e. standardinear
polynomial modelwas selected as tfieal model forthe realisticdata case.
Figure10. showsomparing of checkindata andutput of themodel. The
model forthe realistic caselatacanonly roughlyforecast théoehavior of the
data. The reason fahis is,that importaninformation oftwo input variables,
which are difficult to measure in practice, were not used on modeling.
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Checking data output compared to model calculated output, realistic case
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Figure 10. Comparing of checking data and the output of fuzzy model

5. Conclusions

Two different cases of training and checkitgta sets were generated. The
first case wasnathematically ideal ithe sense, that tlwitputwas affected
only known and perfectly measured inpatiables andboth the structure and
parameters of the rotating disk filter process were constant. Testedduizzy
(ANFIS) and neuralnetwork (feedforwardneural network trained by
Levenberg-Marquard optimization) methods were capabiheoitel the ideal
nonlinear data almost perfectly without any difficulties.

The second case data was more closeeab industrialprocess datawhite

noise was added tutput of themodel andwo randomly variedextra non-
measured input variables weaffecting nto output of themodel(or if viewed

in alternative waytwo parameters of the process wérse-varying). Fuzzy
logic and neurahetwork methods gave both quisgmilar results: rough
forecasting wasstill possible bymodels, but the maiding errors were
considerably increased.



@% Transactions on Information and Communications Technologies vol 16, © 1996 WIT Press, www.witpress.com, ISSN 1743-3517

Both tested methodsan be used to modele nonlinearsteady-state rotating
disk filter data. Toachieve better results with real industpabcessdetailed

process knowledge have to be used to make sepa@dels or expert
inference systemi®r taking care abowtarying disk andtake resistance, the
time-varying parameters which are the difficult to measure on-line.
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Notation

c _ mass of solids in slurry Kjg
U™ yolume of water in slurr)[ n"m]

L = level of slurry from axis (downwards = negative)

r.ncake dry= mass flow of dry cake before scrapers

Ap = pressure difference over the cake and ﬁlisk Pa o} kPa
r= radius[ mm orn}

outer — outer radius of dISE mm or}n

I = inner radius of disl[ mm or]n

inner
Rdisk = resistance of disk 1rh]

O = spesific resistance of the ce{ke m /]kg
L = Vviscosity of filtrate Wate{r kg / m /]s

() = angular speed of rotating di{k rady s
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