Proceedings of the IASTED International Conference

Intelligent Systems and Control 2000

August 14 - 16, 2000 ˘ Honolulu, Haw aii, USA

317 - 083

- 1 -

On Fuzzy Model Identification and the Gas Furnace Data

Wael Farag

Case NewHolland T echnologyCenter

7 South 600 CountyLine Rd.

Burr Ridge, IL 60521 - 6975, USA wael.farag@cnh.com

Ahmed T awfik

Universityof Windsor

School of Computer Science

Windsor, O N N9B 3P4, Canada ahmed.tawfik@computer.org

Keywords: Fuzzymodeling, linear modeling, identification, benchmarks, nonlinear modeling.

ABSTRACT

Benchmarksplayanimportantroleinthevalidationof fuzzyand neural modeling approaches. T his paper pr ovidesnewanalyticalinsightsinto acommonlyused benchmark: the gas furnace data set, and some of the results reported for this benchmark in fuzzysystems literature. T he linearityofthe data setisexamined and linear models, which use the same inputs as fuzzy modelsarepresented.T wohighlynonlinearsystemsare proposed as useful benchmarks in nonlinear modeling and control.

I. INTRODUCTION

T he gas furnace data set is a commonlyused benchmark. T he data set consists of 296 input - output measur ementssampledatafixedintervalof9seconds.

T hemeasuredinputu(k)representstheflowrateofthe methane gas in a gas furnace and the output measurement y(k) represents the concentration of carbon dioxide in the gas mixture flowing out of the furna ceunderasteadyairsupply.T hisdatasethasbeen used extensivelyas a benchmark example for process identification. Box and Jenkins [2] used a time - series based approach to develop a model based on the gas furnace data set. T his model has been referr ed to, repeatedly, as the linear model . T his maybe rather misleading because there are several possible linear models that can model this process depending on the choice of inputs and the fitting criterion. T he data set has since been used bymanyresear chers including

T ong [13], Pedrycz [9], Xu and Lu [15], Sugeno and

T anaka [10], Sugeno and Yasukawa, [11], and Wang

[14]. T able I lists the inputs used and the mean squared error (MSE) reported in these studies.

Most studies have used the inputs y(k - 1) and u(k - 4) which have the highest correlation with the outputy(k).T hesmallestMSEreportedappearsinthe

studybySugeno and T anaka (1991). However, this

MSE seems to be inaccurate.

Study

Inputs

Rules

M SE

T ong

(1978)

y(k - 1), u(k - 4) 19 0.4 69

Pedrycz

(1987)

y(k - 1), u(k - 4) 81 0.320

Xu

(1987)

y(k - 1), u(k - 4) 25 0.328

Sugeno

(1991)

FM

y(k - 1), y(k - 2), y(k - 3), u(k), u(k - 1), u(k - 2)

2 0.068

Sugeno

(1991)

FM´

y(k - 1), u(k - 4) 2 0.359

Sugeno

(1993)

y(k - 1), u(k - 3) 6 0.190

Wa ng

(1996)

y(k - 1), u(k - 4) 5 0.158

Table 1. Reported results.

Implementing the two rules, which are also published in the study, the calculated mean squared errorfromtherulesis0.247thatleadsustobelievethat thereportedMSEhadamisprint.Fo rfurthervalidation, we compared the plots appearing in the studyto those resultingfromourimplementation(seeFigure1).After the publication of these results, studies that used this data set including Sugeno and Yasukawa [11] and

Wang [14] attempte d to explain the impressive performance of the FM algorithmfor this particular dataset.(NotethattheMSEresultreportedinthesame work [10]] for FM´ should read 0.525 (instead of

0.359)).

- 2 -

Figure 1 . The gas furnace data

II - FUZZY PROCESS IDEN TIFICATION

T he knowledge representation in fuzzy modelingcanbeviewedashavingtwoclasses.Thefirst

(classA)assuggested by Takagiand Sugeno [12]can representageneralclassofstaticordynamicnonlinear systems. It is ba sed on "fuzzypartition" ofinput space and it can be viewed as the expansion of piecewise linear partition represented as m m

i i i

i m m

i i i x a x a a y then

A is x and and A is x and A is x If R

+ + + =

�

�

1 1 0

2 2 1 1

:

where R

i

( i=1,2,..., c )denotesthe i th fuzzyrule,and x

j

( j= 1,2, ..., m ) is the input and y i is the ou tput of the

fuzzyrule R

i

. A

1 i ,A

2 i , ..., A

m i (i=1,2,...,c) are fuzzy

membership functions which can be bell - shaped,

trapezoidal, or triangular, � etc., and usuallytheyare

not associated with linguistic terms. Sugeno and

T anaka´s [10] approach approximat es a nonlinear

systemwithacombinationofseverallinearsystemsby

decomposingthewholeinputspaceintoseveralpartial

fuzzyspacesandrepresentingeachoutputspacewitha

linear equation as in (1). A drawback of this type of

knowledge representati on is that it does not allowthe

output variables to be described in linguistic terms.

T hesecondclassofknowledgerepresentation

(classB)infuzzymodelsisdevelopedby Mamdani [7]

andusedby LinandLee [6]and SugenoandYasukawa

[11].T heknowl edgeispresentedinthesemodelsusing

rules of the form:

i i i

m m i i

i

B is y then

A is x and and A is x and A is x If R �

2 2 1 1

:

where A

1 i ,A

2 i , ..., A

m i ,B

i

(i=1,2,...,c) are fuzzy

membership functions which are bell - shaped,

trapezoidal, or triangular, etc., and usuallyassociated

with linguistic ter ms. T his approach has some

advantagesoverthefirstapproach.T helinguisticterms

intheconsequentpartsmakethismodelmoreintuitive,

understandable and give more insight into the model

structure. Also, this modeling approach is easier to

implement t han the first approach [5].

T able2classifiesthestudiesinvolvingthegas

furnace data as a Class A model or Class B model

based on the above definition.

Study

Class

Study

Class

T ong (1978) B Sugeno (1991)

FM´

A

Pedrycz

(1987)

B Sugeno (1993) B

Xu (1987) B Wang (1996) A

Sugeno (1991)

FM

A Farag (1998) B

Table 2. Classification of fuzzy system

identification algorithms.

- 3 -

III. THE GAS FURNACE DATA

T he abilityto model non - linearityis one of

the main reasons for the success o f control systems

using fuzzycontrol systems. T herefore, a highly

nonlinear benchmark would be appropriate for testing

differentfuzzycontrol/modelingapproaches.However,

the gas furnace data set is known to represent an

approximatelylinear input - out put behavior. T he

following quote from[2] indicates that the data set is

linear and that the data were taken at a time when the

systembehaves linearly:

"In an investigation on adaptive optimization,

a gas furnace was employed in which air and

methane com bined to forma mixture of gases

containingCO

2

(carbondioxide).T heairfeedwas

kept constant, but the methane feed rate could be

varied inanydesired mannerand theresultingCO

2

concentration in the off gases measured. T he

continuous data [of Figure 1] were collected to

provide information about the dynamics of the

systemoveraregionofinterestwhereitwasknown

that an approximatelylinear steadystate applied. "

44

46

48

50

52

54

56

58

60

62

Y(k-1)

44 46 48 50 52 54 56 58 60 62

Y(k) y(k)

-3

-2

-1

0

1

2

3

U(k-4)

44 46 48 50 52 54 56 58 60 62

Y(k) y(k)

Figure 2. Linearity of the predictors

Linear trends in the relationships between

the commonlyused predictors: y(k - 1) and u(k - 4), and

the output variable y(k) are apparent fromthe plots in

Figure 2.

Given that the trend underlying the data is

linear, a linear model should performwell. A linear

modelbased onthelinearmodel[2]resulted inaMSE

of 0.202.

y(k) = 0.55 y(k - 1) - 0.52 u(k - 3) - 0.4 u(k - 4) ˘

0.51 u(k - 5) + N(k)

N(k) - 1.53 N(k - 1) + 0.63 N(k - 2) = a (k)

where N(k) is the n oise in sample k and a(k) is white

noise.

However, using the two commonlyused input: y(k - 1)

and u(k - 4), we get the following linear model:

y(k) = 0.67163 y(k - 1) - 1.07163 u(k - 4) + 17.5693.

T his model results in a mean squared error of 0.179.

Another l inear model relating y(k) to y(k - 1), y(k - 2),

y(k - 3), u(k), u(k - 1), u(k - 2), u(k - 3), and u(k - 4):

y(k) = 1.625988 y(k - 1) - 0.90389 y(k - 2) +

0.168927 y(k - 3) - 0.07794 u(k)+

0.225577 u(k - 1) - 0.22026 u(k - 2) -

0.55682 u(k - 3) + 0.2788755 u(k - 4)+5.8154

has a MSE of 0.06051. For all three linear models, the

residuals (difference between model predictions and

observedoutputs)formacompletelyrandomsequence

with respect to the inputs using correlation analysis.

T he linear models are therefore valid models [1 ].

Inputs M SE

y(k - 1) , u(k - 3), u(k - 4), u(k - 5) 0.202

y(k - 1),u(k - 4) 0.179

y(k - 1), y(k - 2),y(k - 3),u(k), u(k - 1),u(k - 2)

u(k - 3), u(k - 4)

0.061

Table 3. Linear models with different inputs

T able3summarizestheMSEresultsobtained

for linear models and the corresponding inputs. Note

that a linear model is restricted enough that the

completedatasetisusedforbothmodelgenerationand

model testing. T o avoid following the noise in the

dataset, nonlinear models usuallyuse half the data for

model generat ion and the other half for testing.

- 4 -

IV - FUZZY M ODELS OF THE GAS FURNACE

Class A and Class B fuzzyidentification

methodshavebothusedthegasfurnacedatafortesting.

While fuzzymodels maynot be the most appropriate

modelsforthisdataset,mode lsfrombothclasseshave

achieved MSE results comparable to linear models.

Realizing the linearityof the data, ideallya Class A

fuzzymodelwouldgenerateasinglerulewithanempty

condition, and a consequence that correspond to the

linear model. A Cl ass A model with a large number of

rules mayindicate a tendencyto followthe data too

closelyinstead of generalizing the real underlying

trends. Such model mayproduce a small MSE despite

this problem.

ForaclassB model,thenumberofrulesdoes

not necessarilyhavethesamesignificance.Ideally,the

classBmodelwoulddeducethelinearityofthedatabut

this maydepend on the choice of membership

functions. However, the main advantage of a Class B

model lies in the linguistic variablecharacteriza tionof

thesystemwhichcanbeeasilyverifiedagainstalinear

model. For example, consider the following rule table

fromFarag [4]:

u(k - 4)

y(k - 1) NL NM NS ZE PS PM PL

NL NS NS NM NL

NM Z E NVS NVS NVS NS NS

NS ZE ZE NVS NVS NVS

ZE PVS ZE ZE NVS NVS

PS PS PVS PVS ZE ZE ZE

PM PS PS PS PVS PVS PVS

PL PL PM PM PM PM

Table 4. Linguistic variab le model for the gas

furnace

T he linguistic model in T able 4 divides the

input and output spaces into 7 each: NL, NM, NS, ZE,

PS, PM, PL corresponding to negative large, negative

medium, negative small, zero, positive small, positive

medium, and positive large. Note that negative here

doesnotnecessarilysignifynegativeinnumericterms,

this is just relative to the zero linguistic variable.

Comparing the table above with the linear model

equation (5) above, we notice that y(k) decreases as

u(k - 4) incre ases for a constant y(k - 1) - suggesting a

negativeu(k - 4)coefficient.However,y(k)increasesas

y(k - 1) increases which indicate that the regression

coefficient is positive.

V. DISCUSSION

A benchmark suite for the evaluation of

nonlinearsystemiden tificationmethodsisneeded.T he

gas furnace data set is widelyused as a benchmark,

whichseemstorequirecarefulconsiderationastowhat

can be concluded fromtesting nonlinear modeling

techniquesonlineardata.Itmaybemoreappropriateto

usehigh lynon - lineardatasetsinadditionto orinstead

of the gas furnace data set. Non - linear data can be

easilygenerated fromequations.

For example, Chen and Billings [3] use the equation

) ( )) 1 ( sin( 1 . 0

) 2 ( 9 . 0 3 . 0 (

) 1 ( ) 5 . 0 8 . 0 ( ) (

)

) 1 ( 2

) 1 ( 2

k n k y k y e k y e k y

k y k y

+ -

+ - +

- -

-

- =

- -

-

p with the initial values set to y( - 1) =0.1,y( - 2)=0.1,and the noise termn(k) = Gaussian(0,0.01).

Another example fromNarendra et al. [8] uses a second order difference equation in the form:

y k

y k y k y k y k y k

u k ( )

( ) ( ) [ ( ) . ]

( ) ( )

( ) =

- - - +

+ - + -

+

1 2 1 2 5

1 1 2 2 2

VI. CONCLUSIONS

Benchmarks are widelyused for empirical validation and verificat ion in intelligent system identification. Inaccurate reporting of benchmark results maycause confusion concerning the suitability of particular systemidentification techniques to given modeling tasks. Results for the gas furnace data had sufferedfrom thisproblemduetotworesults[10].T he revised results are presented here.

In general, linear modeling techniques performwellonlineardata.Itisthereforesurprisingto see nonlinear models outperformlinear models for a linear dataset such as t he gas furnace dataset. T his apparent anomalyis analyzed more closelyhere. By choosing the model inputs to match those used in the more successful nonlinear techniques, a linear model that outperforms such models is presented. T hechoice of input is the refore of great importance.

T he mean squared error minimization should never be the onlyperformance measure for a fuzzy processidentificationbenchmark.Theabilitytocapture theunderlyinglineartrendandtheabilitytogeneralize theactualtrend inthedatainsteadoffollowingclosely the noise are also important performance issues that maybe deduced fromtesting a nonlinear technique on linear data.

- 5 -

REFERENCES

[1] S. Billings and Q. Zhu, Model validation tests for multivariate nonlinear mo dels including neural networks , Int. J. Control , 62(4), 749 - 766, 1995.

[2] G. E. P. Box and G.M. Jenkins, Time Series

Analysis: Forecasting and Control , 2nd ed. San

Francisco: Holden - Day, 1970.

[3] S. Chen and S. Billings, Neural Networks for

Nonlinear Dyn amic SystemModeling and

Identification, Int. J. Control , 56, 1992, 319 - 346.

[4] W. Farag, V. Quintana, and G. Lambert - T orres, A

Genetic - based Neuro - fuzzyApproach for

Modeling and Control of Dynamical Systems,

IEEETrans.onNeuralNets ,9(5),1998,756 - 767.

[5]E.Kim,M.Park,andM.Park,ANewApproachto

FuzzyModeling , IEEE Trans. on Fuzzy Systems ,

5(3), 1997, 328 - 337.

[6] C.T . Lin and C. S. G. Lee, Neural - Network - Based

FuzzyLogic Control and Decision System, IEEE

Trans. on Computers, 40(12), 1991 , 1320 - 36.

[7]E.Mamdani,Advancesinthelinguisticsynthesisof fuzzycontrollers, Int. J. Man - Machine Studies , 8,

1976, 669 - 678.

[8]K.S.Narendra,andK.Parthasarathy,Identification and Control of Dynamical Systems Using Neural

Networks, IEEE Trans. Neural Net .,1(1), 1990.

[9] W. Pedrycz, An identification algorithmin fuzzy relationalsystems, FuzzySetsSyst. .13,1984,153 -

167.

[10] M. Sugeno and K. T anaka, Successive

IdentificationofaFuzzyModelanditsApplication to Prediction of a Complex Sy stem, Fuzzy Sets

Syst ., 42, 1991, 315 - 334.

[11] M. Sugeno, and T . Yasukawa, A Fuzzy - Logic -

Based Approach to Qualitative Modeling, IEEE

Trans. on Fuzzy Systems , 1(1), 1993, 7 - 31.

[12] T . T akagi and M.Sugeno,FuzzyIdentificationof

Systems and Its Applicat ions to Modeling and

Control, IEEETransactionsonSystems,Man,and

Cybernetics , 15(1), 1985.

[13] R. M. T ong, Synthesis of FuzzyModels For

Industrial Processes: Some Recent Results , Int. J.

General Systems , 4, 1978, 143 - 162.

[14] L. Wang and R. Langari, Complex Systems

Modeling via FuzzyLogic , IEEE Trans. on Syst.,

Man, and Cybernetics , 26(1), 1996, 100 - 106.

[15] C.W. Xu and Y.Z. Lu, Fuzzymodel

Identification and self - learning for dynamic systems ,IEEETrans.Syst.Man and Cyber .,17,

198 7, 683 - 689.