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Abstract

The dynamic behavior of cooling rate during gas metal arc welding (GMAW) has been
studied experimentally using an infrared pyrometer which scans the weldment using an
oscillating mirror. The purpose of this study is to learn how the input variables of wire
feed rate and travel speed affect the cooling rate. The experiments show that the wire feed
rate has little effect on the steady-state cooling rate, although a distinct change of the
temperature distribution is observed. By contrast, the travel speed has a strong effect on
the cooling rate.

A comparison between analytical models and the actual measurement is made.
The analytical models are based on Green’s function for the partial differential equations
of the heat transfer. They do not succeed in explaining the small effect of the wire feed
rate on the cooling rate. On the other hand, there is good correspondence between the
analytical model and the actual measurement for the dynamic behavior of the cooling
rate. The analytical model, together with the experiment results, suggests the cooling rate
should be controlled by the travel speed. The control should also accommodate the
nonlinearity and the varying time-delay that are observed.

Two types of control schemes, linear adaptive control and nonlinear control using
neural networks are proposed to achieve high performance. The adaptive control adjusts
the parameters of its linear model to the perturbation caused by the nonlinearity. The
control using neural networks regulates the cooling rate by directly employing a
nonlinear model. Thus, both schemes can accommodate the nonlinear nature of the
process.

A one-step-ahead adaptive control method is used as the adaptive controller.
Some practical considerations, such as a weighing factor, an integrator and a constrained
parameter estimation are discussed. Two types of model structures are proposed to cope
with the varying time-delay. A recursive least-square algorithm is used as the on-line
estimator. The estimation by this algorithm is fast enough to accommodate the
nonlinearity of the process. For the controller using neural networks, first the
characteristics of neural networks are investigated. The investigation suggests control
based on Smith’s principle because of the process delays. The design methods, such as
the parallel identification based on a conjugate gradient algorithm and the controller
design based on a back-propagation method with a distal system, are proposed. Some
limitations that come from the complexity of neural computation and nonlinear
identification are found.

The performances of both control schemes are shown by simulation using the
analytical model. Both control schemes bring about quite satisfactory results, showing
better performance than PI control.

Thesis Supervisor: Dr. David E. Hardt
Title: Professor of Mechanical Engineering



Acknowledgments

I wish to express my deepest gratitude to Professor David E. Hardt, my thesis advisor, for
giving me the opportunity to work on this project and learn from his expertise in process
control. His guidance and suggestions were invaluable throughout my research. I also
thank professor Hardt for his patience and time in reading this thesis.

I would like to thank other members of the faculty at MIT for giving me a chance
to understand and learn theories associated with control. In particular, I would like to
thank Professor Haruhiko Asada for his teaching and advise on the control using neural
networks.

I also wish to thank Professor Toshiyuki Kitamori and Professor Shuji Yoshizawa
at the University of Tokyo for their encouragement and advice for my study at MIT.

I would like to express my appreciation to my colleagues in our laboratory,
Andrew Parris, Benny Budiman, Christopher Ratliff, Dan Walczyk, Robert Bakkestuen,
and Upi Ummethala for their friendship and technical advice.

My special appreciation goes to my friends, Mr. David Mazzola, and Dr. Jang
Boem Seong who offered me invaluable support of my life in the United States. Their
heartwarming hospitality and encouragement kept me going through my career at MIT.

I am very thankful to my parents for their love, support, and encouragement
through out my life. I would like to express my gratitude to my wife, Keiko and my
children, Shun and Reina. Their assistance and love always have cheered me up, and led
me to the goal of completion. I would like to dedicate this thesis to them.

Finally, I would like to gratefully acknowledge Kawasaki Steel Corporation for
giving me the opportunity to study at MIT. Special thanks go to Mr. Kazushi Baba, and
Mr. Tadaaki Iwamura for their encouragement and support.

This project was supported by the U.S. Department of Energy under contract
number DE-FG02-85ER13331.



Table of contents

Page
ADSETACE ...ttt e saaa e 2
Acknowledgments ...........ccccocieviriiiniennieic et 3
Table of contents .............ccocoireiiiiiciincceer e 4
List of FIGUTES .......ccoooiriiiiiiiiiiit et 7
List of Tables ..o 9

Chapter 1 Introduction ................cocoriiiienieere e 10

1.1 Organization of the thesis ........evvvurieeiiiminiiiriiicee e ceere e nnes 13

Chapter 2 Measurement of Cooling Rate during GMAW ................ 14

2.1 Measurement SYSIEIM vuu.veveruessreresnncesersnnsessansnesseernnesssessnesesnssesesnns 14

2.1.1 Specifications of measurement SYStem ........ccveveereereeenennennnes 14

2.1.2 Conversion of intensity of radiation to temperature ............... 16

2.1.3 Fitting by spline function ..........c.ccccceeiiimienninnoninvenieeeennennn, 17

2.1.4 Other issues for measurement SYStEM ........cevevereerennieennennnens 21

2.2 MEASUTEIMENT ..ovvvriunriiieusierinnnsssssnennssseeransnsessensessaeensersensssssssnsnnens 22

2.2.1 Measured variables ......ccceeeveeieiiienniieininnieenennreenen e, 22

2.2.2 Measurement CONAItions ......ccceeeeerevevnnnireeeenennnnriieneresnsnnnes 25

2.2.3 Result Of MEASUICMENL ..ccvvvurenenereereirrnnieiersiereesnnenenseereennnns 26

23 REMATKS ..ot it en e seeeeeeserseee s ba e 34

Chapter 3 Dynamic Model of Temperature Distribution .................. 39

3.1 Analytical MOEILS ......eeeieeeiiiiiiiiiiriiriirerieee e anenees 40

3.2 ChoiCe Of MOMEL ...eeueeeeieieiniirieriitnir s e sesseseessesseesssensnns 48

3.2.1 Effect of thiCkness ......cceeeerririiiireriiririnerienieeieeieeeeeeessnsanenns 48

322 Effect of width ...oooviiiiiiiiiiiniiniiiiiieirire s 48

3.2.3 Effect of Gaussian distributed heat input .........cocoeeervrrvrennnes 49

3.2.4 Effect of heat transfer coefficient .........u.vvereeeeireennreerereennnnn. 50

3.2.5 Choice of MO ...cceerieerecrinnnieereeee et e emeeeevenes 51

3.3 Dynamic behavior of temperature distribution ..........coceeuveevevrvenernenens 52

3.3.1 Parameters of MOdEL ......ceeeveeereriiriieinnnnnnireenieeeireeeesseseennns 52

3.3.2 Simulation .....ccccevveeeireriiriiiiirir e ere e e eas 53

3.3.3 Dynamic behavior for step-wise change of inputs ................. 55

34 REMATKS .evvviiiiiiiciiiieiicce et s s s ee e eeeeeann 58

Chapter 4 Problems in Control of Cooling Rate ................................ 60

4.1 Nonlinearity and time-delay .........c.uvvererereeeireeeenneessnsiereseresaesessens 60

4.2 Results Of PICONLIOL ...cocvviiverieiiiiiiiieeiiiiereenniiseesiseeseeseseeseseeseeessns 62

4.2.1 PI controller deSign ........ceevvrevrnrerreeeeeriieinsiiiisieneeesenenns 62

4.2.2 SIMulation TESULLS ....cceeeeerrierreririinvtenereeesersesseseesssnerassesanes 63

4.2.3 Performance of PI control ........ceeeeveiieiiieiiisesseeseeseennsennenns 65



4.3 CONCIUSIONS tvreuvnrueenenrensssesasssssssssssssssssssasassssssssssssssssssssssssssassncssass 66

Chapter S Control for Nonlinear and Time-Delay Systems .............. 67
5.1 General review of control system design .......ccceeeririreieriieniecnnnnnecennene. 67
S5. 1.1 MOAELS cuuviiiiiiieeeiinieeiieirinee s reieesrrane s s e ranie s e era e s e ae e eaan 68
5.1.2 Objectives Of CONLIOL «..uvveeeeniiiiiineniiiiiiniiriciec e craaaas 69
5.1.3 Stability and Performance ..........ccceveeiiiinceinnnninnniiniennennnnns 69
5.1.4 Control SChemE ...cuvivivrrneiiriierieriieeierrier et s s e eeeans 70
5.1.5 What shall we discuss in this chapter? ........ccceecerevncierrnnnnnnnn 72
5.2 Models for discrete-time SYSIEMS ...uuuevernerrennreereerrrenieensennesiessssesesens 73
5.2.1 Advantages and disadvantages of linear models and nonlinear
MOAELS 1evvvrreiiiirieiitiiiiiiiieniitietritessr e eseeenennsrensssernnennnsseesesens 73
5.2.2 Linear MoOdelS ..c.cuvviririiriimniiiiiiniiiiiiinnnienieninneneeesesennns 74
5.2.3 Nonlinear models ......cceuumecreriiereriereniiceiieeieenncsenennnnnenenns 75
5.3 Neural DEtWOTKS ...ueeiiiiiiiimimiiiiiinrinieeinmmiceeneieeeruenseessseeesnsnerssesenes 77
5.3.1 Multilayer neural networks and back-propagation ................. 77
5.3.2 Recurrent networks and identification .......c..ccccccevnernneriennnne. 79
5.3.3 Radial basis NEIWOIKS ....eeureeireeierinnneeeiiiirenneiiineesnennnennnes 81
5.4 Identification for linear systems and nonlinear systems ...................... 83
5.4.1 Linear system identification .........c.cueuieeriievnnnncsineninnnnninnens 83
5.4.2 Nonlinear system 1dentification .........cceeeecrerieeeinennenreenennnns 87
5.4.3 Some comments on nonlinear identification ..........cccceuvuen...... 93
5.5 Control dealing with time-delay .......cvveereirierreennciierierernisineeseennnnses 96
5.5.1 Smith’s principle ......cceeeeverurniiieriieeieeriiiiierereererns s esenenes 96
5.5.2 Other methods for ime-delay .....ooovvveeirrenneriiiieeneerennnreeeenn. 98
5.6 Feed-back control for nonlinear SYStemS ........eeveerevenrnnseeereereenseeeeeenns 929
5.6.1 Feed-back linearization ............eveeveeereeviiiiisniesssneeneseeensenes 92
5.6.2 One-step-ahead predictive cONtrol .........evveeevrseesreereeeenriennns 103

5.6.3 Modification of nonlinear one-step-ahead predictive control ... 111

5.6.4 Other nonlinear control with fixed parameters ..........c........... 113

5.7 Adaptive CONLIOL ......uvvriiiiiiriiiiiiiiirieeerceraere s craeeeesesssensnneseessens 114
5.7.1 Linear adaptive CONtIOL ........cccevevevinrieeeesirnneereeesssseneneeens 116

5.7.2 Nonlinear adaptive CONtrol .....ceceevevrieiireriiiineneneeeeneereesnennns 119

5.8 Control fOr COOLNG TALE ....cueuererrrereereeeeereiriiirntrrreereteeeeteeressensessesens 121
Chapter 6 Application of linear adaptive control to cooling rate ..... 123
6.1 Choice of adaptive CONTOLIET .......uueueeeiierinriieiiiiceeeeeeeeerseeeeeeeenas 123
6.2 Practical aspect of CONtrol deSign ........ecevvevvssrisiieemrereeeeeeeeesereenennens 127
6.2.1 Modifications of least square algorithm ............ceeervrerenennnnn. 127

6.2.2 Constrained parameter eStHmation ...........oeeveereeenenseneensnnnnnns 128

6.2.3 Weighted one-step-ahead control with an integrator .............. 129

6.2.4 Scaling variables .......coovueeereeieirneeiiiisieeeee e e eeeeaeeeeee s 130

6.2.5 Modified one-step-ahead adaptive controller ...........cue.n........ 131

6.3 MOAE] SIUCLUTE ..c.eveveeeeeiiirieeeeeeentereeeeseraeeseee s s smeeeeesesesennsnnrnees 133



6.3.1 Type 1: Approximation of time-delay ........ccccevveerrreeeinnnncnns 133

6.3.2 Type 2: Multi-model StrUCHULE .......ueveerreerernnrrerennierennnennees 134

6.4 Performance of estimation and control ...........ceeveveeeieriniennnennrereennnen 136

6.4.1 Performance of Type 1 model Structure ........cvvveeerervnennenenns 136

6.4.2 Performance of Type 2 model Structure ...........eeeeeeeervvnnnnnenes 146

6.5 Concluding remarks ......ccocevereemmiiiinniiineiniiniiinsresennssenees 153

Chapter 7 Application of Control Using Neural Networks

to Cooling Rate ..ot 155

7.1 Back-propagation method ........eovvviivinisiieninenrerinsiereeneiereeeneseennnens 156

7.1.1 Algorithm of back-propagation ........cccceeeeverenenrnrnnuennieesennn. 156

7.1.2 Back-propagation with a distal SyStem ...........cceeeeeriererenennnnn. 157

7.2 Identification by neural NEIWOIKS ......ecuveievemrerimmsennnincscssrersneesnenenenns 160

7.2.1 Series-parallel identification and parallel identification .......... 160

7.2.2 Series-parallel estimation and parallel estimation .................. 161

7.2.3 Conjugate gradient method for parallel identification ............ 163

7.3 Approximation and identification by neural networks ........cccceeveeenneeee. 165

7.3.1 Approximation of nonlinear SyStems .........coevverererrnnsreeennne 165

7.3.2 Parameter identification of dynamic Systems .............c.ceee.... 168

7.3.3 Concluding remarks .......cccuueeeriirenieiiiieniirerenniieeenninneesen e 175

7.4 Selection of control using neural NELWOTKS .......oeeeevevereneneeerrennnnnsenns 176

7.4.1 Feed-back control with fixed parameters or adaptive control?.. 176

7.4.2 MOdEL SLIUCLULE ... .uvvriinriieriiiereesiieeseesseeenereeeeseessssennennnns 177

7.4.3 Order of MOdEL ....ocvirviiiriiiiiiiireciiriccree e 177

7.4.4 Treatment of iMe-delay .......eeveveniiiieeciirimneeiseernesieeereseneens 178

7.4.5 Control based on Smith’s prinCiple ......ceveveeererieriiriiesceeenennns 179

7.5 Identification by neural networks for cooling rate ..........ecveereeereeernnnnn. 181

7.5.1 input given for the identification ...........ccceevervvnrnreneeernennnens 181

7.5.2 Result of series-parallel identification ..........ccoovverivieerreneeenes 182

7.5.3 Result of parallel identification ...........cceevereerieerereereevnnnnnnn. 183

7.6 Control using neural networks for COOlNg rate ...........eeeeeeerveereeeerennnn. 186

7.6.1 Selection of control law for inner 100p ........eeevvrevrueenrenenne.. 186

7.6.2 Back-propagation with a distal SyStem ...........eeevuuvurvvevnvnennns 187

7.6.3 Performance of inner 100p CONIOl ....vvveeevreeeeenieeeessereeesnnnnn. 190

7.6.4 Outer 100P CONIOL «..uureriiiirenriiieeieeeeeenniiireereeevreeeeseeennnnns 192

7.6.5 Comparison with other methods .......ccovvvernvereriereeeiereereenenns 195

7.7 ConcCluding rémarks .....oecveeeemrerreeerieeeriiisiisiirneeneeeeeeereesseeseeseasessasas 198
Chapter 8 Comparison between adaptive control and control using

neural NEtWOTKS...........ccovveiiieiicieiceeeeceeee s, 200

Chapter 9 Conclusions ................ccceeeeeeeneceiieieieeeeeee e e e e 207

9.1 FUUIE WOIK ...ovviiiiiiininneiiiircnriieee e creeereessnreeees e ssneeeeeeses s nnnneeas 207

9.2 CONCIUSIONS ..uuuveriiieeireeereiinrinreeeeceeseaneesssssenneseesssesssnsessessssossans 207



Appendix A
References .

No.
Fig. 1.1.1
Fig. 2.1.1
Fig. 2.1.2
Fig. 2.1.3
Fig.2.14
Fig. 2.1.5
Fig.2.1.6
Fig. 2.1.7
Fig.2.2.1
Fig.2.2.2
Fig.2.2.3
Fig.2.2.4
Fig. 2.2.5
Fig. 2.2.6
Fig. 2.2.7
Fig. 2.2.8
Fig. 3.2.1
Fig. 3.2.2
Fig.3.2.3
Fig.3.2.4
Fig. 3.3.1
Fig. 3.3.2
Fig.3.3.3

Fig. 3.3.4
Fig. 3.3.5

Fig. 3.3.6

Fig. 4.1.1
Fig. 4.2.1
Fig. 4.2.2
Fig. 4.2.3
Fig. 4.2.4
Fig. 4.2.5

............................................................................................ 210
............................................................................................. 220
List of figures
Page
GMAW et te et e e sas s e e re s s e saannsasannnsssnnnes 11
Layout of measurement SYSLEIM ....c.euueeeeerennerrerennnerennnseersenseeennens 15
Synchronization of SAMPUNE .......cciveiiiieniiieeiirireeerneeneeeeeeaaes 15
Comparison between measurements by pyrometer and thermocouple.17
Example of temperature distribution ......c.cceeveeveicencerencrniniinenninnenns 18
Fitting by the 3rd order polynomial .......ccceeevrnrvennreeniriveereanseenenes 19
Fitting for transient-state temperature distribution .............ccceeeeeens 20
Fitting by spline function .........ccceeuvrviiiiviniiinicicninineennencereenennne. 21
Result of measurement for case A ........ccceevmmceiienireeninierecernenenes. 27
Result of measurement for case B .....covevevvieeirinvernnnininieeennnninenns 29
Result of measurement for case C .......cccccvvieiieiiirreeneiirienernnnnnen. 31
Result of measurement for case D ....coeveveeivieviiicicivcinreiiee e, 33
Typical pattern of measured variables ..........ccvvvveeerrernennniiernennne. 34
Change in temperature distribution by wire feed rate ............evvveeees 35
Steady-state temperature distribution (Travel speed 4 mm/sec) ....... 37
Change in temperature distribution by travel speed ...........ccceuuuu.... 38
Effect of thiCKNess .......ccuvirieriiiiiiiiiiiinnnininereereeneereeeeecsssssessnsnnns 49
Effect of Width ..cooovviiiiiiiiiiieiinice e 49
Effect of Gaussian heat SOUICe ..........ucuivveevrevereennniiisiiireesserennsnns 50
The effect of heat transfer coefficient .........cccovvvvverrrevreriieerenrnnnn. 51
Shape of O(W’,T) QAA ..covevvverrreiiieieeeeeeeeieresseeeresenseeesesrnnsssens 54
Shift of O(W’,T) dALA ..eeveeeeirrrrieeciiriitrrerieee e enenes 54
Response by step-wise change of wire feed rate ............vvuunun...... 55
Response by step-wise change of travel speed .........cccceeennnnnnvnnanes 57
Change of temperature distribution after the step-wise change of
TrAVEL SPEEA .ottt e ereeen e 57
Change of temperature distribution after the step-wise change of
WITE EEA TALE .uvvvvriiriiiiiriiriiiicinrtreee e eer e ese e e enreseeaneees 58
Step response by travel SPEed .....ceveeevevevieinninenreeeeirieenserseesessenans 61
Values for R and L in the response of cooling rate ............cceuvenne. 62
Step response of a first order SyStem ......ceeeveiirnieieiirennnennsenennens 62
Response of PI control (Ziegler and Nichols method) .................... 64
Response Of PICONIIOL ...uuevviiiiieiiiiiiiiriinnnniennnneneeiereceeseeeeee e enn 64
Responses for stepwise reference signals .........ceeevveeneirvieneereennnnnns 65



Fig.5.1.1
Fig.5.1.2
Fig. 5.3.1
Fig. 5.3.2
Fig.5.3.3

Fig. 5.3.4
Fig. 5.4.1

Fig. 5.5.1
Fig. 5.7.1
Fig. 5.7.2
Fig. 5.7.3
Fig. 5.7.4
Fig. 6.2.1
Fig. 6.2.2
Fig. 6.3.1
Fig. 6.4.1
Fig. 6.4.2
Fig. 6.4.3
Fig. 6.4.4
Fig. 6.4.5
Fig. 6.4.6
Fig. 6.4.7
Fig. 6.4.8

Fig. 6.4.9

Fig. 6.4.10
Fig. 6.4.11
Fig. 6.4.12
Fig. 6.4.13
Fig. 7.1.1
Fig. 7.3.1
Fig. 7.3.2
Fig.7.3.3
Fig. 7.3.4
Fig. 7.3.5
Fig. 7.3.6
Fig. 7.3.7
Fig. 7.3.8
Fig. 7.3.9
Fig. 7.4.1
Fig. 7.5.1

Block diagram of control SYStEM ......ccevevevemniiriniieinsuieniersenennannn 69

Feasible control methods .......ccooviivieciiiiimininininiiien e ceeeaen, 72
Feed-forward multilayer neural network .......ccevmeiiiireieennniininneees 78
Back-Propagation .....c..eviserrenneesiesennssssssnsnsssismnsesssinssssreansssssens 79
Identification of nonlinear plants using neural network .................. 81
Radial basis NEIWOIKS ......c.ceeuririurieiinniirriireenirernnesennesennnrennnenns 82
Comparison between incremental gradient method and recursive least

T8 1D (S 111114 T4 T« PR 94
Smith’s PrinCIPIE cevuveriirririiiiiiiniiiiiierieeeeetnneres e rseesnaneenanns 97
Block diagram of MRAC ......coooceiiiiiiirieiininiiniinineneerennnennenanens 114
Block diagram of STR .....civvniiiieiiiriiiieiineiiciiieerecerenceerenceenes 115
Nonlinear MRAC using neural network ......cceeeivnniinnirinnieinnnnennes 120
Nonlinear STR using neural DEIWOIK .......ceeveennireernenieiienneieennenns 121
Constrained parameter eSmation ......eveueeerreveseiirernsrieirnsnereeenns 128
Adaptive CONMIOL ...ccvvvvireneniiiiiiiiiitisis s rersse s eeesesrnesesesresnes 132
STED TESPONSE «vvvririrerirenennnirierireenntnesiesaeereennseseessesernannsnessesnnnes 133
The result of prediction for varied input magnitude ..........cceuuer...... 137
The result of prediction for PRBS .....c.coooiviviiiiiviiiircinicccreeenes 138
One-step-ahead control without integrator (A4 =0.05) ......cccceeerrennn. 140
One-step-ahead control without integrator (A =0.03) .......ceveeeeennne. 141
One-step-ahead control without integrator (A =0.01) ......coeeeeeeeenen. 142
Weighted one-step-ahead control with integrator (No limit on ;) .. 144
Weighted one-step-ahead control with integrator (3, 2 0) ............. 145
Weighted one-step-ahead control with type 2 structure

(A =0.03, 7=0.7) ceetreeirieeeieirireeecireeee e eesree e e e s snesaseseaeas 148
Weighted one-step-ahead control with type 2 structure

(A =003, 7=0.8) coureerrrriiiniiiriecieeeseeieeeeeesreneeesneee s s sanesseenes 149
Change of model structure (A =0.03, ¥ =0.8) ...ovvrrrrerrrrrerereeinens 150
Comparison between one-step-ahead-control and PI control ........... 151
Change of mOdel SIUCLUTE ......ccceeiriieiiiiiriiiiiiiieieereeeeesi e 152
One-step-ahead-control and PI control (A =0.1, ¥ =0.5)............... 153
Neural network with a distal SYStem .........cccevvvvereniirneerrenessrensens 158

Approximation by neural networks (Single input single output case). 166
Approximation by neural networks (Two inputs single output case) . 167

Response to pure sinusoidal input .......c.eevveneneerereeennnenesreeeeennnnns 170
Response to step input with various magnitude ...........ceevvvueennen.... 170
Mapping created by neural NEtWOIK .......cceiveeieiviiiiriiiiercsensssnnnnns 171
Response to step input with various magnitude ..........eeuvureeereeennn.. 172
Distribution of input-output PAIrs ........eveeeeeremermernirireeenssnereersrenns 173
Response to sinusoidal input with various frequencies ................... 173
Mapping created by neural NEtWOIK .......eeuvveverreveereniiereeeesnnneeeenans 174
Control based on Smith’s prinCiple .........eeveveeeeirireieerereeseesererenenns 179
Sample data for the identification by neural networks ................... 182



Fig. 7.5.2
Fig.7.5.3
Fig. 7.5.4
Fig. 7.6.1
Fig. 7.6.2
Fig. 7.6.3
Fig.7.6.4
Fig. 7.6.5
Fig. 7.6.6
Fig. 7.6.7
Fig. 7.6.8
Fig. 7.6.9
Fig. 7.6 10
Fig. 7.6.11
Fig. 8.1.1
Fig. 8.1.2
Fig. 8.1.3
Fig. 8.1.4
Fig. 8.1.5

No.
Table 2.1

Table 3.1

Series-parallel identification ..........ceueererirreeenniireeeeeirnneceenseennnne. 183

Parallel identifiCation ......ovvveeueiieineeiinieiiinninesiienneerenneecenneeaneseans 184
Mapping y(¢+1) = NN(Y(),4(2)) ceeererrreermniirenererenenereeeeenrnnnnnnens 185
Nonlinear controller u(z) = NN,(Y(£),1) «vevvvevererenireirennierernnennnenas 188
Response of the combined neural networks .........ceeeererreennnneneenns 189
Block diagram of the inner 100p control .....c.ceceuveeererreenneencereeenn.. 190
PrediCtive CONMIOL .ovivveusiiiieiiiiiiinmiiiieineeternennsrinereensnseeesssnnnnnens 191
Feed-back linearization (k=0.5) ......cceeurreerrmrcriiiccrinenseennrennennnns 191
Block diagram of the control based on Smith’s principle ............... 192
Feed-back control by Smith’s prinCiple .......cceeeeiiieeenneniineeiennenens 193
Feed-back control by Smith’s principle for a disturbance of 10 °c/sec. 194
Block diagram of control by modified Smith’s principle ................ 195

Control by modified Smith’s principle for disturbance 10[°¢/sec] .... 196
Comparison between control using neural networks and PI control . 197

Disturbance rejection by three control methods ........ccceeveveeerennnene. 201
Performance for plant perturbation (a) .........eeevvveeveenenncserererinenens 202
Performance for plant perturbation (b) ......c.ceuevvvvereeernvniiererrenene. 203
Performance for plant perturbation (C) .....ccceeerreiririrereneeeiernraneenns 204
Performance for plant perturbation (d) .......cccceeeveveeriireneeeenenennnnn. 205
List of Tables

Page
Specification of measurement system ... 15
Conditions given t0 MOEIS .....ueevveervrereeieiiirireeererieereeeeseeeeenennn 47



Chapter 1

Introduction

Joining is an important and necessary aspect of manufacturing operations. It is achieved
by various methods. Among them the arc welding is thought of as the most fundamental
method for joining metals. The arc welding process involves partial melting and fusion of
the joint between two workpieces, which are achieved by the thermal energy established
between an electrode and materials. Therefore, the modification of both the geometry and
properties of materials always takes place during welding. Weld quality takes
metallurgical and mechanical features such as loading capacity, fracture toughness,
oxidation and corrosion resistance, and geometric tolerance of the joint. The final
objective of the welding control is, therefore, to establish a control system to get
satisfactory results for these weld quality factors.

This thesis deals with the control for gas metal arc welding (GMAW). The control
should have a feed-back form based on an in-process measurement. However, the above-
mentioned weld quality factors are quite hard to measure. Thus, an indirect approach for
controlling the weld quality is used. The key outputs for GMAW, which are associated
with the weld quality, are three geometry features (bead width, height, and depth), and
two thermal features (heat affected zone width and centerline cooling rate). A
multivariable scheme for the control of these features has been presented by Hardt
(1990). The typical inputs of this control are the travel speed of the torch and the wire
feed rate as shown in Fig. 1.1.1. It is quite important to know and understand how such
inputs affect these outputs.

Our research is motivated by the desire to control the mass transfer rate (mass fed
into the workpiece per a unit length) and the centerline cooling rate. A control structure
using fuzzy control and neural networks has been presented by Einerson et al for this
problem (1992). Since the dynamic behavior of the system has not been discussed in this
paper, we have a fundamental question as to the decoupleness of the mass transfer and the
cooling rate. The simplest model describing the temperature geometry in the workpiece,
which was derived by Rosenthal (1946), is given by

L1
T =5 2=+, (1.1.1)
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Fig. 1.1.1 GMAW

where T denotes the temperature, T, is the ambient temperature, Q is the heat input, 4

is the thermal conductivity, and r is the distance from a torch. The equation (1.1.1)
results in the model for the cooling rate:

ae:éz:mm ~T,) (1.1.2)

where CR is the cooling rate at the critical temperature T, and v is the travel speed.

The mass transfer is simply proportional to the ratio of the wire feed rate and the travel
speed. Since almost all heat would be supplied by the molten electrode,

Mass transfer =oc L oc 2 f: Wire feed rate (1.1.3)

v v

is also true for pure arc process as well. Therefore, the mass transfer is closely coupled to
the cooling rate via the term Q/v. From this point of view, Rosenthal’s model shows that

it is impossible to control the centerline cooling rate and the mass transfer at the same
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time. However, as will be shown later, a new careful analysis and experimental data show
that this is not the case.

Therefore, the first objective of this thesis is to depict the steady-state and
dynamic behavior of the centerline cooling rate. Although extensive investigation has
been done by Doumanidis and Hardt (1988, 1989) on the treatment of thermal features
from a view-point of control scheme, little description for the detailed behavior of the
centerline cooling rate has been discussed for these two inputs.

The other purpose of this thesis is to design the control system for the centerline
cooling rate. As Doumanidis and Hardt (1988, 1989) pointed out, the control must deal
with a nonlinearity in the dynamics of the cooling rate. In this thesis two types of
controls, linear adaptive control and control using neural networks, are presented to deal
with the nonlinearity.

The linear adaptive control is used as a system to adjust a linear model to the
nonlinear dynamics of the process and to control it through the linear model. By 1980
considerable theoretical progress had been made in the scheme of adaptive control
(Narendra and Annaswamy (1989), Astrom (1989), Goodwin and Sin (1984) and Landau
(1981)). The applications of the adaptive control to the welding process have been
presented by Suzuki (1988), Song (1992), and Doumanidis (1988). These investigations
show satisfactory results for the control of the welding process. From practical point of
view, the implementation of an adaptive control is rather simple. However, the control
sometimes shows an undesirable behavior such as a saturation and an instability due to
the violation of the strong assumptions of most adaptive schemes. Therefore an
appropriate consideration should be given to the implementation of the algorithm. In this
thesis we focus our interest on the practical implementation of the control for the cooling
rate.

Recently, control using neural networks has been attracting the interest of many
researchers. (White et al. (1992)) The expectation for neural networks is that they will
give us a tool designing a nonlinear controller. Many control schemes using neural
networks have been proposed. However the theoretical treatments are still under research.
Little successful application of control using neural networks has been reported. Neural
networks simply provide a model describing nonlinear systems, therefore various
nonlinear control schemes are applicable. In this thesis first the possible configuration of
the control using neural networks for the cooling rate is studied, considering the
limitations of neural networks and the nature of the process of the cooling rate. Then, the
design methods and the performance of this control are discussed.

12



1.1 Organization of the thesis

Chapter 2 describes the experiment for the cooling rate that was conducted to show the
effect of the inputs of wire feed rate and travel speed. Chapter 3 presents an analytical
model for analyzing the dynamics of the cooling rate. This model is used for designing
the controller for the cooling rate. Chapter 4 discusses the nature of the cooling rate
process based on the results in Chapter 2 and Chapter 3. In this chapter the performance
of conventional PI controller is shown to demonstrate the problems of the control for the
cooling rate. Chapter 5 reviews nonlinear controls to study the feasible nonlinear control
methods for the cooling rate. Chapter 6 deals with adaptive control for the cooling rate. In
this chapter practical implementation issues are discussed. Chapter 7 presents control
using neural networks. In this chapter the drawbacks of the neural networks are first
investigated. Then we discuss the implementation, considering the drawbacks and the
nature of the cooling rate dynamics. Finally conclusions are made in Chapter 8.

13



Chapter 2
Measurement of Cooling Rate during GMAW

It is quite important to know and understand the nature of the process when we design the
controller. This chapter presents the measurement of the center-line cooling rate during GMAW
for this purpose. The objective of the measurement is to learn how the input variables of wire
feed rate and travel speed affect the cooling rate.

2.1 Measurement system

Some measurement systems have been presented for measuring thermal geometry during
welding. (Doumanidis and Hardt (1988, 1989), Lukens and Morris (1982), and Chin, Madsen
and Goodling (1983)) All the systems use an infrared camera, which usually require cooling by
liquid nitrogen, and is a rather expensive sensor.

However, the purpose of our experiment is simply to measure the temperatures along a
line on the weldment surface. Therefore, a simpler configuration of measurement system is
proposed. It is composed of an infrared pyrometer that is widely used in the industry and an
oscillating mirror.

2.1.1 Specifications of measurement system

Figure 2.1.1 shows the measurement system, whose specification is shown in Table 2.1. About
45 output signals proportional to the radiation from the weld surface behind the torch are
acquired by a PC acquisition board every scanning of the mirror. The sampling timing is
synchronized with the oscillation of the mirror by a pulse signal that is given by the step motor.
(Fig. 2.1.2) The signals from the pyrometer are converted to temperatures by the method
discussed in Section 2.1.2. The temperature distributions on the weldment are acquired every 0.5
sec. The acquired temperatures are fit to a spline function composed of piece-wise third-order
polynomials to eliminate noise caused by the arc. The centerline cooling rate is calculated based
on the polynomials.

14
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Fig. 2.1.1 Layout of measurement system
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Fig. 2.1.2 Synchronization of sampling

Tabl tion of measurement system
Pyrometer
Type Accufiber model 100c (Accufiber Division
Luxtron Corp.)
Photocell Silicon cell
Wave length of pyrometer 950 nm
Output Intensity proportional to radiation
Band width of output 10000 Hz
Oscillating mirror

Oscillation cycle of mirror

1 Hz: Temperature distribution is
measured every 500 msec

Location of mirror

Height: About 100 mm, Distance from arc:
About 50 mm

Angle of oscillation

27 degree: Temperature distribution within
about 100 mm from the arc is measured.

Data acquisition

Data acquisition method

Data acquisition board in PC

Data acquisition interval

10 msec: About 45 data are sampled per a
scanning of mirror
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2.1.2 Conversion of intensity of radiation to temperature
(1) Plank equation

The relationship between radiated energy and temperature is given by the Plank equation:

-5
E(T,\)=e—3 A
exp(~2) -1
AT
¢, =3.743*10° [w-um*/ m?] (2.1.1)

¢, =1.4387*10* [um-k]

where A is the wavelength [um], T denotes the temperature [k] and € is the emissivity. The
signal output of a pyrometer is proportional to the radiation energy. Therefore, equation (2.1.1)
yields the following equation to calculate the temperature 7.
c 1
T =
ln(k—-l—— +1) (2.1.2)

k=£'Cl'C3

where I is the signal output [v], c, is the coefficient for the transformation from the radiated

energy to the signal output.

The coefficient k¥ changes by the amplification of the internal circuit in a pyrometer. The
value of k is determined by calibration using a blackbody (Emissivity = 1.0). The choice of the
amplifier depends on the temperature range that we want to measure, considering the voltage that
can be acquired by PC, which is from 0 to 10 v.

We will use the amplifier whose value of k is given as 5.27*10° by the calibration.
Then, the maximum value of the measurable temperature corresponding to the signal of 10 v is
about 1100 °C, when we assume the emissivity is 0.8. The minimum temperature, which depends
on the signal/noise ratio, is about 600 °C. It is noted that the accuracy of the measurement
depends on the emissivity. However, we can not determine the value exactly, because it varies,
depending on the material and the condition of the surface that is measured. We usually take 0.8
as the emissivity that is widely used for the measurement of steel temperature. We also note that
the measurement discussed above is based on the following assumption.

1. The pyrometer has an optical filter with a narrow band around a specified wavelength

950 nm.
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2. The photocell in the pyrometer yields the signal proportional to the radiation energy of
the specified wavelength.

3. The emissivity has an almost constant value and can be predetermined.

(2) Comparison with temperature measured by thermocouple

We can measure temperature by a pyrometer under the assumptions shown above. However, we
can not say whether these assumptions are true or not. It is reported that a pyrometry sensor
brings about a satisfactory measurement for the temperature greater than 1000 °C. We do not
know how it performs for the temperature range of our interest from 600 °C to 1000 °C. We also
have a fundamental question for the emissivity, because it varies by various factors such as the
surface condition and the material. Nobody can determine the value without comparing the
output of the pyrometer with a temperature measured by other methods.

In order to eliminate the uncertainties of these assumptions, a comparison between the
measurement by the pyrometer and that by a thermocouple is made. Figure 2.1.3 shows the
results of the comparison. In the figure we take 0.8 as the emissivity. We can see a big difference
between both measurements. The temperature by the pyrometer shows a higher value than that
by the thermocouple. We can not explain the difference only by the error of assumed emissivity.

1200 T T T
Température ciptenninéd by JEp—
1100 - o PlapleatiGH " -_______,_..-- e

| (Bmissivity=0.8)

Temperature (C)

: '!;'emperature measured by thennoci:ouple

500 L L L . ) L ! :
0 1 2 3 4 5 6 7 8 10

Output of pyrometer (Volt)

Fig. 2.1.3 Comparison between measurements by pyrometer and thermocouple
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(3) Conversion from output signal of pyrometer to temperature

As shown above, the difference between two measurements is quite big. In general the
measurement by a thermocouple is more reliable than that by a pyrometry sensor. Therefore, we
give up using the equation (2.1.2) for the conversion from the output signal of the pyrometer to
the temperature. Instead we will use directly the relation between the temperature by a
thermocouple and the output signal, which is given by the curve in Fig. 2.1.3, as a reference table
for the conversion.

2.1.3 Fitting by spline function

The calculation of cooling rate involves a derivative of the temperature distribution. Therefore a
noisy temperature would give us a fluctuating measurement of the cooling rate. It is vital to
remove as much noise as we can. Figure 2.1.4 shows an example of a measured temperature
distribution of a weldment, where the noise is quite evident.

In order to eliminate the noise, temperatures are fit by a spline function composed of
piece-wise third order polynomials.
The procedures for the fitting are as follows.

1. Temperatures are fit by a third order polynomial.

2. If the error of the fitting by the third order polynomial is greater than a specified value,

the temperatures are fit by a spline function.

In order to reduce over-fitting, a third order polynomial is used as a basic function.

1000 ; . ! ,
900}

: : : e :

Temperature [c]

700 -

3
*
i

) R N ST R P

L] TR S

0
Distance from the arc [mm]

Fig. 2.1.4 Example of temperature distribution
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(1) Fitting by third order polynomial
Figure 2.1.5 shows the fitting by a third order polynomial for the same data as shown in Fig.

2.1.4. In the figure the temperatures less than 600 °C are neglected, because they are so noisy that
the fitting is aggravated. We can see the third order polynomial well fits the data.

1000 T T T

%00f - :
i ¢ :
800} -

750

Temperature [c]

700+

650}

600

500
0

10 20 30 40 50 60 70 80 90 100
Distance from the arc [mm]

Fig. 2.1.5 Fitting by the 3rd order polynomial

(2) Fitting by spline function

The data shown in Fig. 2.1.4 are a typical steady-state temperature distribution. Steady-state
temperatures can be fit well by a third order polynomial. However, if they are in the transient
state it is sometimes hard to describe them as a third order polynomial. Figure 2.1.6 shows the
fitting by a third order polynomial for a transient-state temperature distribution. We can see the
third order polynomial is not enough to fit these data.
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Fig. 2.1.6 Fitting for transient-state temperature distribution

Such a temperature distribution should be fit by a higher order polynomial. However, it is
known that a high order polynomial sometimes causes some fluctuations in its curvature.
Another function which is often used is a spline function. A spline function, a continuous
function that is composed of some piece-wise polynomials, is given by

—f b <x<bh
{f(x) fix) (b, <x<b) (2.1.3)

f®®)=f,P®) (k=0 --- (m-1)) (Continuity on nodes)

where f;(x) is the m-th order polynomial given by Za,.jxj (i=1---n), and b, denotes the nodes,
j=0

and then b, = —o0,b, =0,

It is known that the spline function can be rewritten as:

m n-1

f)=Ycx' +Y d(x-b)r (2.1.4)
i=0 j=1
"(x20

Xl = {(J; Ez - O; (Truncated m-th order polynomial) (2.1.5)

Therefore, the fitting by spline functions results in the estimation of the coefficient ¢;and d;,

which can be determined by the similar manner as the fitting by polynomials. The fitting by
spline functions has the following good points:

1. It does not bring about fluctuations that are sometimes produced by a high order
polynomial.
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2. It is continuously differentiable.

Figure 2.1.7 shows the fitting by a spline function, which is composed of three third order piece-
wise polynomials. We can see that it represents the temperatures well.

1000 + — . o ,
900} - - i -- ;
= s00f - - -
o H
£ :
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5000 10 20 30 40 50 60 70 80 90 100
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Fig. 2.1.7 Fitting by spline function

2.1.4 Other issues for measurement system

As shown in the figures above, the temperature is measured with respect to the location from the
arc. Therefore, we need to know the location. The location is calculated geometrically from the
angle of the mirror and the position where the mirror is situated. Since it is hard exactly to
measure the position of the mirror, the relation between the angle of the mirror and the location
where the pyrometer focuses is calibrated before experiment. To make the calibration, first a
light source of a laser beam is mounted on the tube of the pyrometer. Then, the calibration data
are obtained by observing the beam, and measuring the focused locations for some specified
angles of the mirror.

To achieve a successful measurement of the temperature of the weldment, good
alignment of the mirror and the pyrometer is crucial. In particular, the pyrometer should focus on
the line of the weldment. We need check and adjust these devices by observing the laser beam so
that the focal point will be located exactly on the line.
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2.2 Measurement

Temperature gradient, cooling rate and location of critical temperature were observed during
welding to see how the temperature distribution behaves for the step-wise change of travel speed
and wire feed rate.

2.2.1 Measured variables

This section presents the definition of three variables, temperature gradient, cooling rate and
location of critical temperature, and how to calculate them on-line. Before holding the
discussion, we must keep in mind two types of coordinates for welding system. One is
coordinates fixed to the workpiece, which will be called fixed coordinates. The other is
coordinates fixed to the torch, called moving coordinates. The measurement is taken with respect
to the moving coordinates. However, the definition of the cooling rate is based on the fixed
coordinates. To avoid a confusion w is used as the location on the weldment with respect to the
moving coordinates, and r denotes the location with respect to the fixed coordinates. T(w,t)
implies the temperature of the time ¢ with respect to the moving coordinates, while T7(r,t) is the
temperature with respect of the fixed coordinates

t

Since r = [v(t)dt+r,+w,
)

the relation between two representations of the temperature is given by

T(w,t) =T'([v(e)dt + 7 +w.1) (2.2.1.)

b

or  T(rt)=T(-[v(t)dt—r, +1.1) (2.2.1.b)

to

where r, denotes the location of the torch at the initial time #,, and v(¢) is the velocity of the

torch.

Temperature gradient

Temperature gradient Tg, the change of temperature per unit length at the critical
temperature T, is defined mathematically by
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aT’(r,t) __dT(w,t)

Te(f) = — = 22.2)
8(2) Fea W lour (
In the actual measurement, it is calculated by the following method:
Tg = —21 T(w,1)
dcr (t) - dcr+AT (t) g
d, () =arg{Tw,1) =T, @223) 8.,
w ) T
d,pyg () = atg{T(w,1) = (T, + AT)} & "
” =
where d,,(t) denotes the location of critical temperature. d_ (1) w
The temperature gradient represents the spatial temperature A, iar(t)

change around the critical temperature.

Cooling rate

Cooling rate Cr, the change of temperature per unit time at the critical temperature, is
given by

o7 (r,t)

Cr(t)=— % lror,

(2.2.4)

which is considered one of factors to represent the mechanical and metallurgical
properties of the bead after welding. In steady-state this value is equivalent to the
temperature gradient multiplied by the travel speed, because the temperature distribution
in the moving coordinate is not dependent on time ¢, and the cooling rate is calculated as:

__{ow|  [Tm| _
Cr= [at ]H” [ » LT“ v-Tg 2.2.5)

However, in the transient state it should be calculated as:
Cr=_|:_¢2xy_] '[3T(w,t)] _[aT(w,t)] =v-Tg—-[aT(w’t)]
ot T=T, aw T=T, ot T=T, ot T=T,
(2.2.6)
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The temperature gradient multiplied by travel speed is sometimes used as an alternative
definition of the cooling rate. However, this definition brings about an unrealistic output
in the transient state. For example, if the travel speed is abruptly changed, the cooling rate
would also change abruptly, which is physically not possible.

The difficulty in the calculation of the cooling rate comes from the fact it involves
the time and spatial derivatives, as shown in (2.2.6). Although various methods can be
considered, the following will be used:

T(w,t—iAt) T(w,t)

N
CR(t) = aggminZ(ATi —a-i-At-b*  (22.7) g i Asey

i=0 g

(Line — approximation) 2, . T
2.2.7. g Al or

AT, =T(d,)-T, @278 5 Ns
(=i (2215
d/=d,()=i-At-v 2.2.7.¢) 4, (®)
d,(t)= a&g{T w,t)=T,} (2.2.7.d)

where v denotes the travel speed, and At is the sample interval. # is the time when the
past sample data was taken. In (2.2.7.c), d; implies where the location that presently has
the critical temperature was located in the past temperature distribution T(w,t)).
Therefore, AT, shows how much the temperature drops from the time # to the time ¢ and
reaches the critical temperature at the time ¢.

As shown above, we must use the present and past temperature distributions,
which are usually contaminated by noise even if the temperature distributions are fit by
spline functions to eliminate the noise. Therefore, if we calculate the cooling rate simply
by AT,/At, the resultant data are quite fluctuating. To avoid this, the approximation
shown in (2.2.7) is used.

Since the temperature drop AT; is not proportional to the time difference (i- At),
it is noted the measured cooling rate is not necessarily equal to the measured temperature
gradient multiplied by velocity even in the steady-state due to the difference in the
calculation methods of temperature gradient and cooling rate.
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2.2.2 Measurement conditions
The variables above are measured for the following 4 cases:

Case A: Travel speed is kept constant at 4 mm/sec. Wire feed rate is changed from 18
cm/sec to 25 cm/sec as a step input.

Case B: Travel speed is kept constant at 8§ mm/sec. Wire feed rate is changed from 18
cm/sec to 25 cm/sec as a step input.

Case C: Wire feed rate is kept constant at 18 cm/sec. Travel speed is changed from 4
mm/sec to 8 mm/sec as a step input.

Case D: Wire feed rate is kept constant at 25 cm/sec. Travel speed is changed from 4
mm/sec to 8§ mm/sec as a step input.

The experiments were executed on mild steel, 12.7 mm thick and 60 mm in width under welding
conditions of open-circuit voltage 30 v, Argon-2% oxygen shielding gas flowing at 100 1/min,
and welding wire diameter 0.035 in.. The critical temperature is taken as 720 °C, given that the
austenitization temperature is 727 °C.
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2.2.3. Result of measurement
(1) The case where the travel speed is kept constant
Case A

Figure 2.2.1 shows the temperature gradient, the location of critical temperature, and the cooling
rate for the case A, where the travel speed is 4 mm/sec and the wire feed rate is changed from 18
mm/sec to 25 mm/sec. The following results can be observed from this figure.

Temperature gradient

The temperature gradient gradually goes up form 9 °C/mm to 15 °C/mm after the wire
feed rate changes from 18 mm/sec to 25 mm/sec. After it reaches 15 mm/sec, it gradually
goes down to the original point of 9 "C/mm.

Location of critical temperature

The location of critical temperature gradually moves away from the arc after the step
input is given. It moves from 46 mm to 55 mm. After it reaches 55 mm, it is kept at this
value.

Cooling rate

The cooling rate remains constant at about 40 “C/sec even if the wire feed rate is changed,
although a distinct change in the temperature distribution can be seen from the responses
of the temperature gradient and the location of critical temperature.

Some transient variation of the cooling rate after the step-wise change of the wire
feed rate may take place, but be hidden in the noisy data. However, it is important to see
that there would be no difference in the steady-state cooling rate before and after the step
input. This result is also verified by the figure of the temperature gradient because the
cooling rate in the steady-state is calculated as the temperature gradient multiplied by the
travel speed. As mentioned above, the temperature gradient has the same value of 9
°C/mm in the steady-state before and after the step-wise change of the wire feed rate.
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Fig. 2.2.1 Result of measurement for case A
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Case B

Figure 2.2.2 shows the results for the case B, where the travel speed is 8 mm/sec and the wire
feed rate is changed from 18 mm/sec to 25 mm/sec. The following results similar to the case A
are obtained from the figure.

Temperature gradient

It gradually goes up from 11 °C/mm to 15 °C/mm after the step-wise change of the wire
feed rate. After it reaches the peek, it gradually goes down to the original point of 11
°C/mm.

Location of critical temperature
The location of critical temperatures gradually moves away from the arc after the step
input. It moves from 47 mm to 53 mm. After it reaches 53 mm, it keeps the value.

Cooling rate
There is no distinct change in the cooling rate. It is kept around 130 °C/sec.

Comments on the cases where the travel speed is kept constant

1. It is clear that the heat input per unit time grows by the increase of the wire feed rate
because the location of the critical temperature moves away from the arc after the
increase.

2. The obvious increase of the width and height of the bead after the step input was
observed in the experiments.

3. However, the cooling rate remains at almost same value.

4. Under the assumption that the heat input is proportional to the wire feed rate and the
temperature is subject to the Rosenthal’s model, the cooling rate should show about
38% increase.((25 —18)/18 =38%) However, the experiments show that is not the case.

28



e

Wire feed rate [cm/sec]

30

30

20 s s g e s e

nduy

i S 1g
- Jwn
(9}
L ]
N
- o
-
- . 4m
1

1
(=1 vy (= v [==]
Q — =

[wuyohuarpeid axmereduay,

30

i
S o
<«

.
(=] =] Q [}
73] ©~ O v <t

[wrw]dwa) reonis) Jo nontsod

T

(=4
(=
N

i i
oS ©
2} (=]
i —

[09s/0)erer Suroo)

30

25

20

15

Fig. 2.2.2 Result of measurement for case B

29



(2) The case where the wire feed rate is kept constant
Case C

Figure 2.2.3 shows the results for the case C, where the wire feed rate is 18 cm/sec and the travel
speed is changed from 4 mm/sec to § mm/sec. The results are distinctly different from the case A
and B.

Temperature gradient

The temperature gradient remains almost constant for a while after the stepwise change of
the travel speed. It shows a sharp valley in its plot at almost same time when the location
of the critical temperature shows a significant drop. The temperature gradient in the
steady-state shows a little change from 9 °C/mm to 11 °C/mm. This implies the steady-
state cooling rate is almost proportional to the travel speed.

Location of critical temperature
The location of critical temperature shows a gradual increase from 48 mm to 65 mm after
the change of the travel speed. When it reaches the peak, it suddenly decreases to the
value of 45 mm and keeps the value. This sudden drop is quite different from the case of
stepwise change of wire feed rate.

Cooling rate

The cooling rate does not show any significant variation for a while since we changed the
travel speed. However, it suddenly increases in value from 40 "C/sec to 110 °C/sec 6
seconds later after the stepwise change. It shows a response involving a quite long delay
and then a first order response with a short time constant.
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Case D

Figure 2.2.4 shows the results for the case D, where the wire feed rate is 25 cm/sec and the travel
speed is changed from 4 mm/sec to 8 mm/sec. The similar results to the case C are obtained.

Temperature gradient

Temperature gradient keeps the same value for about 5 seconds after the stepwise change
of the travel speed. It shows a sharp valley in its plot. The temperature gradient in the
steady-state shows a change from 8 °C/mm to 12 "C/mm.

Location of critical temperature

The location of critical temperature shows the gradual increase from 55 mm to 75 mm
after the change of the travel speed. When it reaches the peak, it suddenly drops to the
value of 49 mm and keeps the value.

Cooling rate
The cooling rate suddenly increases its value from 40°C/sec to 120 “C/sec 6 seconds later
after the step input.

Comments on the case where the wire feed rate is kept constant

1. The heat input per unit time would be constant, because the wire feed rate is not
changed.

2. The distinct decrease of the width and height of the weldment after the step input was
observed in the experiments.

3. The step-wise change of the travel speed produces a time-delay and a first order
response with a short time constant for the cooling rate.
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2.3. Remarks

1. Figure 2.2.5 shows the typical patterns of measured variables. First, these patterns show a
distinct difference between the case where the wire feed rate is changed, and the case where the
travel speed is changed. Of particular interest is the observation that the wire feed rate has little
effect on the cooling rate, although a distinct change of the temperature distribution is
observed. By contrast, the travel speed has a strong effect on cooling rate. This result suggests

the cooling rate should be controlled by the travel speed, and can be controlled independently
of mass transfer.

—\

Temperature

crtical temperature Cooling rate gradient

Position of

1
Wire feed rate Travel speed

Step input

Fig. 2.2.5 Typical pattern of measured variables

2. Figure 2.2.6 shows the transient change of every one second in the temperature distribution for

the case shown in Fig. 2.2.1, where the wire feed rate is changed from 18 cm/sec to 25 cm/sec.
It performs as follows

a. After the step-wise change, the gradient of the temperature distribution becomes steeper from
higher temperature. (D —» @)

b. After a while, the gradient is decreasing from lower temperature. (@ — Q)

c. The final shape of temperature distribution, the steady-state shape, is almost same as the
initial. It looks like as if the temperature just shifted about 10 mm farther from the arc. That is

the reason the steady-state cooling rate does not change even if the wire feed rate increases
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3. To see more clearly the results of the steady-state cooling rate, let us consider the condition in
which the cooling rate is not affected by wire feed rate, or heat input.
According to the principle of superposition, the steady-state temperature 7(Q,w) can be
written as

T(Q,w)=0gw)+T, 2.3.1)

where Q is the heat input, and w is the distance from the arc, and 7, are a constant. Then, the
temperature gradient 7g is given by

Tg(Q,w) = ~Qdg(w)/dwl,_, 2.3.2)
Since we are concerned with the critical temperature, T7(Q,w)=T,, (2.3.3)
Then,

(dQ/dw)gW)y_ = —Qdg(w)/dwl,_, (2.3.4)

where dQ/dw shows the ratio between the change of the heat input and the movement of the
location of the critical temperature which is caused by the heat input change.
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We also have

OTg(Q,w)/0Q = ~{dg(w)/dw + Q(d*g(w)/dw* Xdw/dQ)],_,

= —[dg(w)/dw ~(d’g(w)/dw*)gw)(dg(w)faw)], &3

In order that the steady-state cooling rate is not affected by the heat input,

dTg(Q,w)/d2 =0 (2.3.6)
We can, therefore, get the condition:

(dg(w)/dw)" = (d’g(w)/dw’)g(w) 23.7)
, which results in the solution

g(w) = Aexp(aw) (2.3.8)
Therefore,

T(Q,w)=QAexp(aw)+ T, (2.3.9)

More generally, we can write it as
T(Q.w) = f(Q)exp(aw) + T,

by the similar discussion.

In Fig. 2.2.7 the steady-state temperature distributions obtained by the experiments are fit
by an exponential function (2.3.9). It describes well the steady-state temperature distribution for
the measurement range of 600 °C to 900 °C. The condition that the cooling rate is not affected by
the heat input is satisfied.
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Fig. 2.2.7 Steady-state temperature distribution
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4. Figure 2.2.8 shows the change of every 500 msec in the temperature distribution for the case
shown in Fig. 2.2.4, where the travel speed is changed from 4 cm/sec to 8 cm/sec. The figure
shows the following interesting characteristics.

a. After the step-wise change, the temperature distribution is shifting farther from the arc.
@ -Q)

b. After a while, it is decreasing its value from higher temperature. (@ - Q —» @)

c. The change from the state @ to the state @ is quite fast. That yields the sudden
change of the temperature gradient, the location of the critical temperature and the
cooling rate at the critical temperature.
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S. The cooling rate must be determined in accordance with its metallurgical definition. The
temperature gradient multiplied by the travel speed is sometimes used as an alternative.
However, during the transient-state, its value is fairy different from the actual one, which
would badly mislead the control system.
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Chapter 3

Dynamic Model of Temperature Distribution

When we apply control to a process, we always have to evaluate the performance. The
evaluation sometimes requires quite many experiments and adjustments of the parameters
of the control. A model that describes the dynamic behavior of the process is used to
reduce such laborious experiments and tuning of the parameters. It also gives us insight
for designing the controller. In this chapter we study a model for this purpose. In
particular we turn our attention to analytical models based on the heat conduction partial
differential equation.

(Nomenclature)
The following nomenclature will be used throughout the chapter.

T(w,y,2,t) = Temperature [°C]

= Initial temperature, Ambient temperature [*C]

= Thermal diffusivity [ m*/hour]

= Heat conductivity [kcal/(hour m °C)]

= Time [hour]

= Specific heat [kcal/kg]

= Density [kg/m’]

= Scaled heat transfer coefficient [1/m]

= Heat transfer coefficient[kcal/(hour m? °C)] divided by
heat conductivity [kcal/(hour m °C)]

ﬁ‘bﬁ“pkoq

q(7),0 = Heat input [kcal/hour] at time 7, and constant heat input
w(t) = Travel speed [m/hour]

(w,y,2) = Location in the moving coordinate

(%,5,2) = Location in the fixed coordinate

a = Thickness [m]

b = Width [m]
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3.1 Analytical models

The welding is a quite complicated process, which involves various phenomena such as
heat conduction, heat convection, radiation, and mass transfer. The most important factor
in the process is the heat conduction. However, we can not always neglect the other
factors when we analyze the system. (Heiple et al. (1990)) Our concern lies in the cooling
rate, which is a behavior after the solidification. Therefore, we focus our interest on heat
conduction behavior.

Two types of models, an analytical model and a numerical model can be
considered. However, the numerical model requires a large number of computations. That
does not fit our purpose because we would like to evaluate the performance of the
resulting controlled system by combining a controller with the model of the process.
Therefore we use analytical models because they require fewer computations than
numerical models.

The analytical models under various given conditions are shown in the sequel. We
can derive these models by using Green’s function methods (Appendix A). Extensive
derivation of the analytical models was done by Rosenthal (1946). Rosenthal’s models
have assumptions such as a point heat source and the neglect of a heat flux from the
surface. Also these models only deal with a steady-state solution. Therefore, we can not
see how the temperature behaves while the heat input and the travel speed are changing
dynamically. For this problem, a Green’s function method is very helpful. The first
derivation of a model using Green’s functions was by Edgar and Tsai (1983) to get a
more general model under the assumption the heat has a Gaussian distribution. However,
it is still a steady-state model.
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(1) Semi-infinite steady-state model (Rosenthal)

Conditions

(a) Semi-infinite space —
(b) Point heat source 7
(c) No heat flux from the surface >

N

(d) Steady-state model

Model

T(w,y,2)= ! GXP(———-r) GXP(—"—W) +T,

o
27A r 2k (3.1.1)

=W +y' +2°

(2) Model 1: Transient-state model under the same conditions as Rosenthal’s model

Conditions
(a) Semi-infinite space
(b) Point heat source
(c) No heat flux from the surface

Model
I( )= j-dz'[l ( 1 % q(7) _ (w+ J:v(r,)dn)2 + y2 +7
w,¥,3,1) = : 4 .\[E.\/ic— ;\/t -7 cp €Xp 4k(t_ T)

+ T,

(3.1.2)
If the heat input and the travel speed are kept constant at Q and v respectively, then

T(w,y,z,t)=

SR S ¢ JPSVL N PR S DS A SR S

4wk} op Xl 2k)J (We=z) eXp[ PR T)]dHT"

_ 1 y +Z 2 V2 1] 1

= A -Y -

4(%) e )I [ T Tme o e
(3.1.3)

We can see that
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lim T'(w, y, z,t) = Rosenthal' s model
1—yo0

(3) Model 2
.
Conditions yw
(a) Finite thickness, and infinite width and length l
(b) Point heat source a : ;
(c) Heat flux is described by:
[________aT(W,y,Z,t)} =h'(T(W’y90’t)—TO)
aZ z=0
[M] =—h-(T(w,y,a,t)~T,)
oz =a
(3.1.49)

Transient-state model
T(W,y,ZJ) - T() =

o (w+ [v(mdn)® +y*
1 J~ th 1 g(7) exp(— j —ko,’ (= 7))¢,(2)9,(0) (3.1.5)

Amkic t-T cp 4k(t - 7)

If the heat input and the travel speed are kept constant at Q and v, then

T(w, y,z,t)— T, =

t 2 2
)Zj"l_,; [-— ty 1 =+ ko, )(t - r)]dﬂb,, (2)9,(0)

Ak ¢ p kit 4 -t 4k
1 wy 1 y? v oy 1
=_.__ - —tkat)—
wkcp )Z!se p[ At )sz}d@"(Z)@"(O)
7
(3.1.6)

where

42



2 .
D, (z)= \’f - 3005 (B) sin(a,z+f,) (3.1.7.a)

h
a,a+2p,=nxw (3.1.7.b)
(04 (3.1.7.¢c)
tan(f,) =—*
h
Steady-state model
T(W Y:Z;°°) - T =

2 2 v2 2 1 ]
% - (= = lds®, (1)@
2ﬂa'k Cp ( )Z-!I l: § (4k +kan ) 2 ds ,,(Z) n(O)

4 2
- L (——)2 o(“" HO, e, (8, 0)

nk (3.1.8)

K, ().The modified Bessel function of the second kind and zero order
(4) Model 3
Conditions

(a) Finite thickness, and infinite width and length

(b) Gaussian heat source

+
o(x,y,z) =— exp(—= y ———)0(2) (3.1.9)

cp 2mo?
(c) Heat flux is given by the equation (3.1.4).

Transient-state model
Tw,y,z,t)=T, =

j q0 | [ umdn?+y’

- 204
10 4k(t— 1,').}.20- cp P 4k(t—T)+20'2 kan (t-17) dﬂbn(z)@n(())

AN
7:

(3.1.10)
If the heat input and travel speed are kept constant at Q and v, then
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Tw,y,z,t)=T, =

W+v(t—17)* +
ZI 7exp| - ;
ncp 4 104k(t—1:)+20' 4k(t—1)+20

- kan2 (t - T)]d@n (Z)‘I)n (O)

(3.1.11)
Steady-state model
We can not make the equation simpler for the steady-state. We just make time t infinite.

T(w,y,z,0)— T, =

_(wHv(- 7))* +y*
— le 4k(t z‘)+20‘2 eXp[ Ak(—1)+20°

—ka2(t- 1:)]dtd>,, (2)@,(0)

(3.1.12)
(5) Model 4
_’
Conditions
(a) Finite thickness and width, and infinite ] W b
length a *
(b) Point heat source Z

(c) Heat flux is described by :
[ 0T (w,y,2,1)]

——| =h-(Twy0,n)-T,)
L az dz=0

[ 0T (w,y,2,t)]
0z

- -i1Z=a

[ IT(w,y,2,1) ]
L az Jy:k

=-h- (T(W, y,a’t) - TO)
L, 3.1.13)

AT (w,y,2,t) |
4 b

dy=——

Transient-state model
Tw,y,2,t)=T, =

= 1 q(7) _(W+£v(°')dc)2 2 7
rk Ei gdrw/t—r cp exP 4k(t - 7) ~ ke, +(_b_)2)(t—r))

0,(2)6,(0)9, (»)9, (0)

(3.1.14)



where

| 2 .
q)n(z)_\j R aCOSZ(ﬁ,,) Sln(anz-l_ﬁn)
h

o,a+2p, =2nxw

tan(B,) = %i—

2
V572077 (=l
! -
V572 =9

If the heat input and the travel speed are kept constant at Q and v, then

¥, =

T(w, y,z,t) -1, =
1 2

1
4k cp cp s 4k t 4k bi2

D (z)<I> oY, (y)‘P ©0)

)Zj — [———————-(— k(0,2 + (o))t

(3.115.a)
(3.L.15.5)

(3.1.15.¢)

(3.1.15.d)

)]dr

_ 1 _wy L exp| -2 __v_ 1

n=l 15

m—-O'_;]l=
- ®@,(2)2,(0)Y,(»)Y,(0)

Steady-state solution
T(w,y,z,oo) =

<I> (2)D, (O, (»)¥, (0)

expli ’\/—\/——+ k((x +(_b—/—2—) }

\/——— k(a + ( )
bl2
D@, (2)®, ()Y, (»Y,.(0)

(___
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w? 2 1
[——S - (= +k(a,’ +(b/2)) ]ds

(3.1.17)



(6) Model 5§

Conditions
(a) Finite thickness and width, and infinite length

(b) Gaussian heat source
(c) Heat flux is described by (3.1.13)

Transient-state model

T(w,y,z,t)=

———— 5 Jexnl- 92 SV, (6)d
4(\/—5) vk o’ o™

% =0y 1 q(7)
_Ldé’exp( 2k 20'2)£ e cp

oxp| ~ WS L Y e (T
exp[ 1k -1 (4k+]”(an +(b/2) )¢ T)ilq)n(z)q)n(o)lym(y) (3.1.18)

(note) Velocity v is assumed to be constant.

Steady-state solution
T(W,ya Zaoo) - TO =

oo oo 2
1 Q 1 6
P e 2 exp(——= 0)dé
8 kCPO' n=1 J v2 ) ) _{x, P 20‘2)Wm( )
———+k(a +( )
=0 \4k bl2

2
] dgexp- 8 24;2 'Wﬁil\/sz( 2+

@ (), (OF, (¥) (3.1.19)

—00
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Table 3.1 shows the models that we have discussed.

Table 3.1 Conditions given to model
Model Transient/ | Thickness | Width Length Heat Heat flux
steady-state source from surface
Rosenthal’s | Steady-state | Infinite Infinite Infinite Point heat | No
model
Model 1 Transient | Infinite Infinite Infinite Point heat | Yes
Model 2 Transient | Finite Infinite Infinite Point heat | Yes
Steady-state
Model 3 Transient | Finite Infinite Infinite Gaussian | Yes
Steady-state
Model 4 Transient | Finite Finite Infinite Point heat | Yes
Steady-state
Model 5 Transient | Finite Finite Infinite Gaussian | Yes
(Constant
velocity)
Steady-state
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3.2 Choice of model

This section presents how the factors such as thickness, width, heat transfer coefficient,
and heat distribution affect the temperature distribution. The purpose of this analysis is to
select the model suitable for analyzing the cooling rate and designing the controller. If
there are some models that describe well the temperature during welding, the simpler is
better. Obviously, the simplest form is the model given by the equation (3.1.1), which
was derived by Rosenthal. In this model the factors of the thickness, the width, Gaussian
heat source and the heat flux from the surface are not considered. We would like to know
whether they are truly negligible.

3.2.1 Effect of thickness

Figure 3.2.1 shows the effect of thickness on the temperature distribution. The steady-
state solution in Model 2 is used for this simulation. From this figure we can see that the
thickness affects the temperature distribution. When the thickness is less than 20 mm, the
temperature distribution is very sensitive to the change of the thickness. Suppose the
thickness abruptly changes during welding. The behavior of the cooling rate would then
have a big variation by the change. Therefore, we can not ignore the effect of the
thickness. We also see that the infinite space model presented by Rosenthal does not
necessarily describe the temperature distribution well.

3.2.2 Effect of width

Figure 3.2.2 shows the effect of the width of the workpiece. This result is obtained by the
steady-state model in Model 4. If the width is less than 30 mm, the temperature
distribution shows a big difference by the change of the width. However, when the width
is greater than this value, the temperature distribution is not affected by the change. If we
are concerned with the workpiece whose width is bigger than 30 mm, we don’t care about
the width. We can use the model which assumes the width is infinite. We also note the
experiments shown in Chapter 2 were done for the workpieces of 60 mm in width.
Therefore, the experiments meet with this condition.
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3.2.3 Effect of Gaussian distributed heat input

Figure 3.2.3 shows the change of temperature distributions when we change o in
Gaussian heat source. Model 3 is used for this simulation. It seems that the temperature
distribution just shifts toward the arc when ¢ increases. Suppose we attempt to identify
the parameters in a model by using the measured temperatures. Then the position of a
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temperature plays a key role for the identification. Therefore, we could not ignore the
effect of o, even if it has a small effect on the shape of the temperature distribution.
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Fig. 3.2.3 Effect of Gaussian heat source

3.2.4 Effect of heat transfer coefficient

Figure 3.2.4 shows the effect of heat transfer coefficient on the temperature distribution.
The steady-state solution in Model 2 is used for this simulation. As we can see in the
figure, the heat transfer coefficient has an effect on the temperature distribution. Although
a big effect is not observed, we can not assume the heat transfer coefficient zero by the
same reason for the Gaussian heat distribution. Consider the radiation law, which is
written as the fourth power of the surface temperature. There must, therefore, be rather
big radiation from the weldment surface.

50



1200 : T . ;
=5000 ;
: : PN : : 8;.0-16
z B © rmd=23 :
P i Thitknes=12 ;
o : Py : Mol 2 Steady state
PR 1) | SRS ‘\ N T T T
g H . M \ . H N
& ; : : AY 5 H : .
B
700¢- X0 Kealtioiir 2 6) |
500 : : . 1 -

0 10 20 30 40 50 60 70 80 90 100

Distance from the arc [mm}

Fig. 3.2.4 The effect of heat transfer coefficient

3.2.5 Choice of model
Let us summarize the results we have obtained.

1. In case that the width is greater than 30 mm, or the welding of two workpieces whose
width is greater than 15 mm, we can assume that the width is infinite. Therefore, in the
usual case we can ignore the effect of the finite width.

2. The effect of distributed heat source on the temperature distribution would be small.
However, it has an effect on the location of the temperature. The location of
temperature is important information for identifying the parameters of a model.
Therefore, we could not ignore the effect of distributed heat source. By the same
reason, we can not ignore the effect of heat flux from the surface.

3. If the thickness is less than 20 mm, the behavior of the temperature distribution varies
by the change of the thickness. Since we are concerned with the material with the
thickness less than 15 mm, we cannot ignore the effect of the thickness.

From the results mentioned above, Model 3, the model derived under the assumptions:
(1) Finite thickness, (2) Infinite width and length, (3) Heat flux from the surface and (4)

Gaussian distributed heat source, will be used as the model to analyze and design the
control for the cooling rate.
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3.3. Dynamic behavior of temperature distribution

We discuss how the selected analytical model given by (3.1.11) behaves for the inputs of
travel speed and wire feed rate by simulation. We use the same conditions as those used
for the actual measurement in Chapter 2 for the simulation.

3.3.1 Parameters of model

First we have to determine the values of parameters, such as heat transfer coefficient,
thermal diffusivity, the distribution of heat source ¢ and heat input g corresponding to
wire feed rate. These values are determined from the experimental results discussed in
Chapter 2. The determination is basically based on trial and error. Various simulations are
executed, and then the most feasible values of the parameters are selected. The obtained
values are as follows.

a. Distribution of heat source o': 5.0 mm
b. Heat transfer coefficient: 125 kcal/(hour m® °C)
c. Thermal diffusivity: 0.035 m*/h

d. Heat input/Thermal conductivity (g/A):
162 m°C for wire feed rate of 18 cm/sec

178 m°C for wire feed rate of 25 cm/sec
e. Ambient temperature 30°C

Equation (3.1.10) shows we can not independently identify the heat input and the thermal
conductivity (or specific heat with respect to unit volume). we can simply identify the
value for the heat input divided by the thermal conductivity (or specific heat with respect
to unit volume). As mentioned below it was impossible to select the values which
completely describe the experimental results. It must be noted that in analytical models
the following assumptions are taken.

1. The parameters have constant values. It is well known that the physical
parameters such as thermal diffusivity depend on the temperature. Therefore,
the actual parameters vary by the location and time. However, in the model they
are assumed constant.

2. Distribution of heat source is not affected by the wire feed rate and the travel
speed, and has a constant value.
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3.3.2 Simulation

Equation (3.1.10) takes a slightly complicated form. Here we discuss how we can
calculate temperature distribution efficiently.
For the centerline surface temperature, equation (3.1.1) has the form:

T(w,0,0.1) = [ (0)Ow + [ v(m)dn,t - T)de (3.3.1)
0 T
where
1 1 1 w? +y? 5
== —exp| - —ka,X(t - 7) |@,(0)®, (0
oW1 ﬂ,,2=1‘4k(t—z')+20'2 cpexP[ Ak(t— 1)+ 20> o, @ f)] (02, 0)

(3.3.2)
It can be seen that ©(w’,t) does not include any terms associated with the inputs. We can

t
also see the term Iv(n)dn simply shows the distance between the location of the torch at
T

the time ¢ and the past location at the time 7. We also note ®(w’,t) implies the

temperature distribution when an impulse heat input is given to the material, because
q(7) = 6(7) and v(1) =0 then

T(w,0,0,1) = j g(D)Ow + j v(n)dn,t - 1)dt =0(w,1) (3.3.3)
Q T

To simplify the integral in (3.3.1) we can use the approximation:

T(,0,0,8) = Y q(t - mAT)O(w + (mAT,1), mAT)AT (3.3.9)

by taking sufficiently small A7, where I(7,1) = [v(m)dn

(4
Therefore, once we compute the values of @(w’, 7) for various locations w” and time 7,
and store them as a reference table, we can calculate the temperature distribution as a
function of time by a simple summation shown in (3.3.4) with the history of the locations
of the torch and the heat input.
Figure 3.3.1 shows the shape of O(w’,7), where T=3-n (n=1,2,---). When
the temperature distribution during welding is calculated, ®(w’, 7) is shifted as shown in
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Fig. 3.3.2 in accordance with the location of the torch. Then each set of ©(w’,7) data is
multiplied by the corresponding heat input, and the summation of all data gives us the
temperature distribution.
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Fig. 3.3.1 Shape of O(w’, ) data

Distance [mm]

Fig. 3.3.2 Shift of @(w’, 7) data
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3.3.3 Dynamic behavior for step-wise change of inputs

(1) Step-wise change of wire feed rate

Figure 3.3.3 shows the simulation results for the response of temperature gradient,
location of critical temperature, and cooling rate when we change the heat input in term
of g/A from 162 m°C to 178 m°C, which correspond to the change of the wire feed rate
from 18 mm/sec to 25 mm/sec, under the condition same as used in the actual
measurement discussed in Chapter 2.
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Fig. 3.3.3 Response by step-wise change of wire feed rate
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These figures show the following similarity to the actual measurement.

1. The temperature gradient gradually goes up after the step-wise change of the
wire feed rate. After it reaches the peak, it gradually goes down.

2. The location of critical temperatures gradually moves away from the arc after
the step input.

However, we can also observe the following difference from the actual measurement.

3. Unlike the actual measurement, the cooling rate is slightly affected by the wire
feed rate (heat input). In particular, the effect is bigger when the travel speed is
8 mm/sec.

(2) Step-wise change of travel speed

Figure 3.3.4 shows the transient response when the travel speed is changed step-wisely
from 4 mm/sec to 8 mm/sec. These figures also show the following similarity to the
actual measurement discussed in Chapter 2.

a. The temperature gradient shows a sudden drop and returning.

b. The position of critical temperature gradually moves away from the arc after
the step input, and shows an abrupt drop.

c. The cooling rate involves a long time-delay and a first order response

(3) Transient behavior of temperature distribution
Figure 3.3.5 shows the transient change of temperature distribution after the stepwise
change of the travel speed. Figure 3.3.6 shows the case of the stepwise change of the wire

feed rate. In both figures the actual measurements are also added. Similar responses
between the simulations and the experiments are observed in both figures.
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3.4 Remarks

1. The simulation by the analytical model shows similar behavior to the actual
measurement. Therefore we can say that the measurement system works well for
determining how the temperature changes during welding. The equation (3.1.10) could

also be used as the model to describe the behavior.

2. As discussed in Section 2.3, the experiment shows the steady-state temperature
distribution can be described as an exponential function. These experimental results
should permit a simple explanation, however, any interpretation using three-dimensional
space models would not succeed. The analytical models say

(a) If the thickness is infinite, the steady-state temperature is written as

T—-T, 1 /w as shownin (3.1.1).

(b) If the thickness is finite, and the distance from the arc is somewhat greater

than the thickness, the steady-state temperature distribution could be written as
T-T,01 /w/W , since in (3.1.8) the modified Bessel function of the second

kind and zero order is approximated as:

K, (z)= \/-2-7-— exp(-z)
Z
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and higher order terms are almost negligible. In our experiment, the condition in
(b) is satisfied for the location of the critical temperature.

Even if we add the effect of heat transfer coefficient and Gaussian distributed heat input,
the tendency above does not change. Therefore, no analytical models would have a
satisfactory agreement with the experiment results.

3. The differences between the analytical model and the measurement would come from
the following assumptions given to the analytical models.

a. The physical parameters are assumed to be constant. However, the actual
parameters vary their values, depending on the temperature. Temperature
distribution involves a steep change along the weldment. Therefore, the actual
parameters also have a big variation along the weldment. The variation is not
considered in the analytical model.

b. Phenomena in the weld pool, such as convection, are not taken into
consideration. It is reported that the heat transfer in the weld pool is completely
different from that by the heat conduction (Heiple et al. (1990), and Oreper et al.
(1983)). Our interest is in the region after the solidification. However, the
temperature in the solidified region must be affected by that in the weld pool.

¢. In GMAW mass transfer by wire feed takes place simultaneously with the heat
supply. However, it is not considered in the analytical model.

It is quite hard to establish a model to relax these assumptions, even if we resort to
numerical methods. However, we could not say clearly the numerical models give us
more insight than the analytical model. A model will be used for designing the control for
the cooling rate. From this point of view, the derived analytical model would be enough
for this purpose.
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Chapter 4

Problems in Control of Cooling Rate

This chapter looks at the problems for the control of centerline cooling rate. As the
experiments in Chapter 2 suggest, the cooling rate should be controlled by travel speed.
Therefore the control by travel speed will be considered. The purpose of this chapter is
first to observe the nature of the cooling rate dynamics, and second to see how
conventional PI control performs for the process.

4.1 Nonlinearity and time-delay

Figure 4.1.1 shows the step-response of the cooling rate when the travel speed is changed.
The response is obtained by simulation discussed in Chapter 3. The same condition as in
Chapter 3 is also used for the simulation. It is easily seen that the response involves a
time-delay and a nonlinearity. (See the responses when we change the travel speed from 6
mm/sec to 8 mm/sec, and 6 mm/sec to 8 mm/sec. The time-delay and the time constant
differ in both cases.) The nonlinearity and time-delay are characterized as follows.

1. The time-delay varies from 2 sec to 6 sec, depending on the value of the travel
speed and the initial state. In particular, the initial state seems to have a strong
effect on the time-delay.

2. The cooling rate takes a first-order or second-order response after the time-
delay. If it takes a second order response, it is an overdamped response, since it
also does not show any overshoot and undershoot behavior. When we increase
the travel speed, it has a tendency to show a second order response, while it
shows a first order response when the travel speed decreases. The parameters
characterizing the response such as time constant changes by the input and the
state of the system.

3. The steady-state behavior also shows a nonlinearity. The steady-state change of
the cooling rate is not proportional to the change of the input, the travel speed.
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The characteristics above are quite troublesome when we design the control, because any
control design method based on linear systems can not deal with such problems. It is
sometimes suggested to linearize a nonlinear system. However, control based on the
linearized system would be easily degraded by the nonlinearity and the time-delay.
Therefore it is important to design the control to accommodate the time-delay and the
nonlinearity of the system.
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Fig. 4.1.1 Step response by travel speed

We have discussed the difficulty for designing the control, which comes from the
nonlinearity of the system. However, the process is not so highly nonlinear that linear
control does not work. As shown below, conventional PI control works for controlling the
cooling rate, although the performance is not so good. When we increase the travel speed,
the cooling rate always increases. The decrease of the travel speed necessarily decreases
the cooling rate. This simple but essential relation between input and output ensures the
applicability of PI control.
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4.2 Results of PI control

PI control is widely used in process control. The implementation is quite easy. We simply
determine the tuning parameters by an empirical method or by trial and error. It is
applicable to almost all plants, and the above fact still attracts many engineers, although
the idea of PI control was born more than one century ago.

However, the use of PI control for higher order or nonlinear systems sacrifices the
performance. The objective of this section is to show how poor the PI control is for
cooling rate. All discussions are based on the simulations using the analytical model that
is derived in Chapter 3.

4.2.1 PI controller design

Let us design PI controller by the empirical Ziegler and Nichols method. (See Ogata
(1990)) The rough observation of the figure shows

(a) The value of R varies from 1.7 to 5.

(b) The value of L varies from 2.3 to 9.0 [sec].
where R is the steepest slope of the response for unit step input. L denotes a time-delay
when the delay-free part of the response is assumed to be of first order as shown in Fig.
42.1.
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Fig. 4.2.1 Values for R and L in the response of cooling rate
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Using Ziegler and Nichols method, the constants in PI controller K(1+1/7,s) are given
by

k=094, =09£ 5=0.02
T, =56.3=.3=30

taking into consideration the worst case of the approximation by a first order system.

4.2.1)

The PI controller above is written in the pulse transfer function as

(K + -I-{-) -Kz7?

_ T = i 4.2.2
@) = K+ g )e() = — o —el@ 42.2)

where e(t) is output error, u(t) is input to the plant and T is the sampling period.
Therefore, the control is given by

KT
u(t) =t =1)+ K(e(t)~e(t=1)+ e (42.3)

=u(t—1)+0.02(e(r) —e(t—1))+0.02-0.0167¢(z)

4.2.2 Simulation results

Figure 4.2.3 shows the response by simulation when the PI control with the above
constants is used. In the simulation, we use the analytical model discussed in Chapter 3,
assuming the material is same as those used in experiments in Chapter 2. We also take 25
cm/sec as the wire feed rate, and the value of the travel speed is bounded within the
region from 4 mm/sec to 8 mm/sec. The cooling rate shows an oscillation in the response.
Therefore, Ziegler and Nichols method does not succeed in determining the constants of
PI controller.

Since there is no other empirical methods than Ziegler and Nichols method for
designing the PI controller, we will determine the constants of the controller by trial and
error. Figure 4.2.4 shows the responses when we change the gain K, fixing the value of Ti
30. When K is 0.0015, we obtain the best response.
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4.2.3 Performance of PI control

Figure 4.2.5 shows the step response of PI control for some reference signals. The PI
controller takes the parameters determined in Section 4.2.2. The figure shows the
following performance of this control.

1. Due to the presence of a nonlinearity and a varying time-delay, the settling time
depends on the reference input.
2. The settling time is from 30 sec to 50 sec.

The PI control works for our problems. However, the performance is not so satisfactory,
showing the slow response due to the presence of the nonlinearity and the time-delay.
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4.3 Conclusions

The cooling rate dynamics by travel speed shows a nonlinearity and a varying time-delay.
As for the control of the cooling rate, PI control works. However, the performance is not
satisfactory due to the presence of the nonlinearity and the time-delay. In order to get
better performance, we have to design a control that accommodates a nonlinearity and a
varying time-delay.
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Chapter 5

Control for Nonlinear and Time-Delay Systems

In Chapter 4 we discussed the importance of control that copes with a nonlinearity in the
dynamic behavior of the cooling rate. The controller should also accommodate a time-
delay that varies by the input and the state of the system. In what follows, we would like
to discuss how we can deal with such problems. Several methods have been presented by
many researchers to tackle nonlinear control problems. However, they have some
limitations. When we design a control system for the cooling rate, we must, therefore,
understand their limitations, and decide which methods are suitable.

Section 5.1 discusses problems in the design of a control system. Section 5.2
reviews linear and nonlinear models for discrete-time systems. Section 5.3 presents
neural networks, which attract much interest as a tool of nonlinear control. Section 5.4
deals with linear and nonlinear identification methods. Section 5.5 describes controls
which deal with a time-delay. Nonlinear control methods and adaptive controls are
treated in Section 5.6 and Section 5.7 respectively. Finally a feasible control system for
the cooling rate is discussed in Section 5.8, based on the discussions in Section 5.1
through Section 5.7.

5.1 General review of control system design

The design process of a control system involves many steps. A typical textbook on
control theory says the scenario for designing a control system can be described as
follows (Doyle et al. (1992)):

1. Study the system to be controlled and decide which types of sensors and
actuators will be used and where they will be placed.

2. Model the resulting system to be controlled.

3. Simplify the model if necessary so that it is tractable.

4. Analyze the resulting model; determine its properties.

5. Decide on performance specifications.

6. Decide on the type of controller used.
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7. Design a controller to meet the specs, if possible, if not, modify the specs or
generalize the type of controller sought.

8. Simulate the resulting controlled system, either on a computer or in a pilot
plant.

9. Choose hardware and software and implement the controller.

10. Tune the controller on-line if necessary.

For the item 1 we discussed the nature of the cooling rate in Chapter 2 through
Chapter 4. It was shown that the cooling rate should be controlled by the travel speed.
However, the response by the travel speed shows a highly nonlinear dynamics with a
varying time-delay. From the item 2, they require our decisions, on which the
performance of the controller will strongly depend.

In what follows we shall discuss what we should consider for the design of the
controller for the cooling rate. The detailed discussion and review will be found in the
later sections.

5.1.1 Models

When we design a controller, we must always consider what kind model should be used.
As shown in Chapter 3, we derived the analytical model for the temperature distribution
in welding. A control system using this analytical model would be quite difficult to
design. Control is a system which determines appropriate inputs from the measured
outputs via a control law. In a sense, the control law requires an inversion of the plant
model from the output to the input so that we can determine a suitable input that produces
a satisfactory output. Unfortunately such manipulation of the analytical model is quite
difficult.

Therefore, the model should be simple and available to the design of the
controller. Several representations of models have been presented. The discussion and
review of them will be held in Section 5.2.

We need to select the most appropriate representation. Obviously the
representation of a controller is closely related to that of the selected plant model.
Therefore we also have to pay attention to what type of model the control requires.
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5.1.2 Objectives of control

In general, there are two types of control objectives. One is a regulation problem, whose
objective is to maintain the output at a constant value. The other is a tracking problem, or
servo problem, whose objective is to follow the output to a desired trajectory.

In general the objective of the cooling rate control is to maintain the cooling rate
at a specified value. Therefore, it belongs to a regulation problem.

5.1.3 Stability and Performance

Stability is the fundamental issue of control systems. If a plant is not stable, the controller
should stabilize the plant. If the plant is stable, the controller must not cause any unstable
behavior. Obviously the dynamic behavior of the cooling rate is stable since constant heat
yields a bounded cooling rate. Therefore we should think of the latter case.

Next what we should consider is how the controlled system performs. The typical
system configuration that includes the controller is shown in Fig. 5.1.1. In the figure we
have three uncertainties that are not included in the control system:

(1) Unknown plant perturbation

(2) Unknown sensor noise

(3) Unknown disturbance
Plant Disturbance
Reference perturbation
input i
% Controller Plant $ Output
l-> <@—Sensor
, noise

Fig. 5.1.1 Block diagram of control system

We are concerned with the regulation problem of the cooling rate. Therefore the
performance of the control system should be given by the statements:

1. The system rejects the disturbance as fast as it can.
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2. The system is as insensitive to the noise as it can.

3. (Robust stability) Even if the plant dynamics is perturbed from the (nominal)
plant model that is used for the design of the controller, the system must be stable.
4. (Robust performance) Even if the plant dynamics is perturbed from the
nominal plant model, we can have similar performance for the disturbance
rejection and the insensitivity to noise.

In manufacturing systems, the most troublesome uncertainty is the plant
perturbation. Consider the cooling rate control. We can easily see that there are many
factors that change the dynamics. For example, the variation in the thickness and the
properties of the material yields the change of the heat transfer, which in turn changes the
dynamics of the cooling rate.

Also, the measurement of the cooling rate is easily contaminated by noise. (See
the actual measurement result in Chapter 2.) Therefor, it is quite important for the system
to be insensitive to the noise.

The most influential exogenous input, or the disturbance would be the wire feed
rate for the control of the cooling rate by the travel speed. However, the wire feed rate has
a small effect on the cooling rate as we discussed in Chapter 2. Therefore, it seems there
is no significant disturbance in this system. However, we can easily find the factors that
disturb the system. If there is a drift in the welding machine, it would yield an output
error.

5.1.4 Control scheme

We will consider the following three types of control schemes which have a feed-back
structure.

Feed-back control with fixed parameters

In this scheme the controller has a fixed structure with fixed parameters. The dynamic
relation between the inputs of the controller, which are usually connected to the output of
the plan, and the outputs, which are linked to the inputs of the plant, is time-invariant.
Many methods, such as a classical control based on frequency domain, a state feed-back
control and an optimal control, are available for a linear system.

70



Adaptive control

The dynamic relation between the input and the output of the controller is time-variant.
The basic concept of this scheme is that the controller always detects the change of the
plant dynamics, interprets it and continuously adjusts the control. The precise discussion
of adaptation can be found in the book by Narendra and Annaswamy (1989).

Even if the system is assumed linear and the controller has a linear structure, the
adaptive control scheme requires a consideration for the nonlinearity. (Consider the
controller based on the linear control law whose parameters also changes by the
adaptation law. Obviously such a system is nonlinear.)

Some nonlinear adaptive control schemes using neural networks have been
presented. The idea is based on the optimization /minimization of the output error by a
nonlinear minimization algorithm.

Iterative learning control

This method is regarded as a feed-forward control, but it iteratively determines the next
series of inputs fed into the plant from the past operation results so that the plant gives us
desired outputs. This idea is sometimes beneficial in manufacturing processes because of
the repeated operations for the products with the same specifications. Extensive
discussion can be seen in the book by Moore (1992).

Since iterative learning control scheme takes a feed-forward configuration, it can
not cope with uncertainties taking place during operation. This method is suitable for the
process that has strong nonlinearity, complexity caused by a large number of parameters,
and highly time-variant nature, which make it hard to implement the on-line feed-back
loop. The concern of this scheme is to establish a control to achieve the specified output,
allowing the error caused by the disturbance during operation. Therefore, if we can
implement the on-line feed-back configuration, this scheme is out of interest. As shown
in Chapter 4, PI control works for the cooling rate. Therefore, we do not have to resort to
iterative learning control scheme. We will constrain our interest on the two schemes,
feed-back control with fixed parameters and adaptive control.
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5.1.5 What shall we discuss in this chapter?

Figure 5.1.2 shows what we shall discuss in this chapter. The diversity of control theory
is quite confusing when we design the control. In this chapter we pick up methods
feasible for our problem, and hold a concise discussion about them. In particular, we will
pay attention to adaptive control for linear controllers, and neural networks for nonlinear
controllers. A neural network is merely a model describing a nonlinear system. Therefore,
it is important to see how we can design a controller employing neural networks, and that

will be the central issue of our discussion.

Control
Model structure I |
Linear ARMA Nonlinear | NARMA
Control : Control :
Control scheme l ] | |
Feed-back Adaptive Feed-back Adaptive
Control Control Control Control
IdenﬁﬁcaﬁorM /
Projection Recursive Steepest Conjugate Gradient
algorithm least square gradient gradient descent
algorithm algorithm algorithm algorithm

Control methods / Nonli/near

One-step-ahead predictive Neural
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m linearization STR
using NN
MRAC STR Sliding ‘
mode control MRAC
using NN
Gain "
STR: Self-tuning regulator scheduling Smith’s
NN: Neural network principle

MRAC: Model reference adaptive control

Fig. 5.1.2 Feasible control methods
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5.2 Models for discrete-time systems

This section reviews the representations of models which are widely used for control
systems. To simplify the discussion, we will pay attention to discrete-time systems. We
also constraint our interest to a single-input-single-output (SISO) case, since the system
for the cooling rate is SISO.

In Section 5.2.1 we discuss considerations on linear models and nonlinear models. In
Section 5.2.2 the representations of linear systems and nonlinear systems are reviewed.

5.2.1 Advantages and disadvantages of linear models and nonlinear models

Linear control theory has been developed for decades with a variety of well-established
methods and successful industrial applications. Therefore, it is quite attractive to assume
that the system is linear and design the control, using many sophisticated methods.
However, the dynamic system which we want to control is nonlinear, and we also have to
be concerned with an unknown plant perturbation. Therefore, we have to design the
control to be robust against uncertainties caused not only by a nonlinear nature of the
system but also by a plant perturbation if we use a linear model.

The other attempt is to use a nonlinear model and design a nonlinear controller.
However, the treatment of nonlinear systems is less established than that of linear
systems. Limited numbers of methods are available and practical experience is limited.
The analysis of nonlinear systems is quite difficult. It is well known that almost all
control theories for linear systems do not work for nonlinear systéms.

The discussion above shows the characteristics of linear models and nonlinear
models.

1. Linear models: The analysis is established by many theories. However, when
we decide on the control, it should be a system that can hold robustness against
uncertainties that comes from the nonlinear process and variations in the
process.

2. Nonlinear models: The analysis is hard, and the theories concerning it are
limited. However, nonlinear controllers might show better performance than
linear controllers.
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Therefore, we always have to consider the possibility of both models. Even if the system
is nonlinear, we can not discard linear models.

5.2.2 Linear models

Well-known three discrete-time representations that are typically used for the control of
SISO linear systems are shown.

Discrete state space equation

x(t+1)=Ax(t)+bu(r)
yit+ 1) =c'x(®)+du(t)
x(t)e R"

(5.2.1)

where n denotes the order of the system, x(¢#) is the state at the time ¢, u(t) is the input
variable, y(¢) is the output variable, A is the nXn» matrix, and b,c¢, andd are the n-
vectors.

Pulse transfer function

_ 4B
¥Wz2)=z y (Z)u(z)

where (5.2.2)

AR =a,+azaz"
B(z)=b,+bz" b,z "

where m+d<n and n denotes the order of the system, y(z) and x(z) denote the z-
transforms of the output sequence and the input sequence respectively, z™¢ B(z)/A(z)
provides the pulse transfer function of the discrete-time system.

Autoregressive Moving-Average (ARMA) model

y(#)=-ayt-1)--—a,y(t—n)+bu(t—1)---b,y(t —m)
It is also written as (5.2.3)

A(g)y(®) = B(g™"u()
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where g™ is the backward shift operator, and then

Alg)=1+ag™-aq
Blg")=b,+bgq"---b,q"

For the cooling rate we can only have the dynamic relation between the input (transfer
speed) and the output (cooling rate) because we can not precisely define the state by the
physical interpretation of the system. Therefore, when we identify the system, the transfer
function model and ARMA model are available. For the linear system, it is easy to
transform the obtained transfer function to the state space equation, although we may not
measure the states.

5.2.3 Nonlinear models

As an extension of the representations of linear systems, the following two types of
nonlinear representations can be considered.

State space equation

x(t+1) = f(x(0),u(r))
¥t +1) = g(x(2),u(?)) (5.2.4)
x(t)e R" n: Dimension of state

Nonlinear Autoregressive Moving-Average (NARMA) model
y(&) = f(y(t = 1), -, y(t = n)u(t = 1),---, y(t — m)) (5.2.5)

Note that in general the transformation from a NARMA model to the state space
equation is quite difficult. For cooling rate control, since we only know the dynamics
between the output and the input, only NARMA model can be used.

A nonlinear control theory usually assumes a model is given by one of the above
representations. Therefore, if an available control design method is based on state space
equations, we can not avoid giving a constraint to the model structure or giving up the
method.
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Recently many researchers have shown an active interest in nonlinear controls
using neural networks, motivated by the fact any nonlinear mapping can be approximated
by neural networks. It will be found in Section 5.4 that the neural networks have a
suitable configuration describing NARMA. We can also apply neural networks for a
model represented by state space equations. For the model, however, we would need a
physical interpretation for the states. We will discuss the general configuration of neural
networks there.
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5.3 Neural Networks

In this section, we discuss how neural networks behave for nonlinear problems. The
neural networks have attracted much interest of researchers for a decade. Therefore, quite
many literatures have been presented. For the general discussion about neural networks
we can refer to the book by John Hertz et al. (1991). As for control systems using neural
networks, we can refer to the book edited by White and Sofge (1992). The literature
presented by Narendra and Parthasarathy (1990) is quite important from the viewpoint of
control. They presented some structures for identification and control employing neural
networks.

5.3.1 Multilayer neural networks and back-propagation
The concept of neural networks can be described as:

1. Many simple and identical multi-input-single-output elements are connected to
one another, and make a network.

2. If some inputs are given to a part of the network, another part gives us the
outputs.

3. Parameters in the elements are adjusted to reduce the error between the outputs
of the network and desired values.

Such configuration yields an interesting behavior. They are interpreted as a model
of biological neural systems. However, from practical point of view, it is simply regarded
as one of methods describing a nonlinear multi-input-multi-output mapping. Neural
networks widely used have the following configuration as shown in Fig. 5.3.1.

y = NN[u] =T[w’w’TTw'u]]] (5.3.1)

where w' is a weight matrix and T" is a nonlinear operator with identical nonlinear
elements y.
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Fig. 5.3.1 Feed-forward multilayer neural network

A logistic function, a sigmoid function and a hyperbolic tangent function are
usually used as the nonlinear element (7). This configuration is sometimes called a
multilayer feed-forward network. The most important result for neural networks is that
they can approximate any nonlinear function with a hidden layer comprising many
nonlinear elements. (It is proved by Funahashi (1989) and other researchers.)

Connectionists, who deal with the computation of a parallel and distribution
system, suggest that neural networks should iteratively adjust themselves whenever they
detect errors. From this point of view, the parameters should be successively adjusted by
the errors, even though this method does not necessarily ensure the good convergence.

One of the most convenient methods of the adjustment is the error back-
propagation method, which is based on gradient descent minimization discussed in
Section 5.4. It is simply written as:w™**) =w* — 1.V _7J, where k is the number of
iteration, w is the weight vector comprising all weights in a neural network, 7 is a step
size, and J is a cost function determined by the error. The chain rule yields the
architecture for the update as shown in Fig. 5.3.2. The errors seem to be propagated
backward from the final layer to the first layer. This algorithm can be easily implemented.
We shall discuss the detailed algorithm for the error back-propagation in Chapter 7
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Fig. 5.3.2 Back-propagation

Usually the back-propagation requires quite many iterations. Therefore, we can
not always say neural networks are suitable for real-time applications.

Recently many applications using neural networks have been presented. However,
these applications have primarily dealt with a static mapping by neural networks. As
Hopfield presented, neural networks can have a dynamic property. (See the book by
Hertz et al. (1991)) Thus, they expand their capability, used as components in dynamic
systems.

5.3.2 Recurrent networks and identification
Hopfield presented neural networks which have a dynamic system configuration,

recurrent networks. Narendra et al. (1990) extended his idea and presented the following
4 models using neural networks, which can describe nonlinear dynamic system.
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1. Model 1

n—1

yi+1) = g{; o, y(t — i)+ NN[u(t),u(t - 1), u(t —m+1)] (5.3.2)
2. Model 2
¥(t+1) = NN[y(),y(t =1),---,y(t —n+1)] + g Bu(t-i) (5.3.3)
3. Model 3

y(t+1)=NN,[y(®),y(t—1),--, y(t —n+1)]

+ NN, [u(t),u(t 1), u(t —m+1)] (5.3.4)

4. Model 4
(¢ +1) = NNLy(2),y(t = 1),- -, y(t = n+ 1),u(8),u(t - 1),--,u(t —m+1)] (5.3.5)
We can easily see that these configurations represent NARMA model. Model 4 is the

most general model. However, Model 2 is particularly useful for control purposes
because the relation between the output y(z+1) and input u(z) is linear.

Narendra also suggested two types of identification methods. The one is a parallel
identification method, which is written in the following manner for Model 4 shown
above.

y(&+1) = NN[J(2),5(t = 1), -+, 3(t = n+1),u(®),u(t = 1), -, u(t — m+1)] (5.3.6)

where y(z) is a model output, or an estimation by the model. The other method is a
series-parallel identification method. This method can be written as:

J(t+1) = NNLy(@),y(t = 1), -, y(t = n+ 1),u(®),u(t = 1), --,u(t = m + 1] (5.3.7)

Figure 5.3.3 shows the series-parallel identification and the parallel identification.
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Fig. 5.3.3 Identification of nonlinear plants using neural network

The difference between the identification methods is that in the parallel method
the outputs of the model are fed back into the model itself, and in the series-parallel
method, the outputs of the plant are fed into the model. Although the configuration scems
to be identical, the methods for adjusting the parameters are completely different. We can
use the conventional back-propagation for the series-parallel identification. However, we
cannot apply it to the parallel identification, because the adjustment of parameters by an
error between the output and the desired value also causes the change of the previous
outputs of the model, which are fed-back to the model.

For the problem in the parallel identification method, Narendra presented dynamic
back-propagation method. This is a generalized back-propagation, which is applicable to
recurrent networks that have some special configurations. Werbos presented a general
method for adjusting parameters in a recurrent network. (See the book edited by White
and Sofge (1992).)

Although some methods for identifying parameters in a manner of parallel
identification have been proposed, they are fairy complex to implement. Even in the
paper presented by Narendra and Parthasarathy (1990), where they discussed the dynamic
back-propagation method, they used series-parallel identification for all the simulations.
They also commented that if we use a parallel identification, there is no guarantee that the
parameters will converge or that the output error will tend to zero.

5.3.3 Radial basis networks

When we use a multilayer neural network, we always face the problem of very slow
convergence of the back-propagation. For example, the paper given by Narendra shows it
needs more than 10000 iterations to get a satisfactory convergence for any representations
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discussed above by the series-parallel identification. This is an essential drawback of
these neural networks. In order to achieve faster convergence, other types of neural
networks have been proposed. One of them is Radial Basis networks. The structure is
also motivated by biological system. These networks consist of many spatially localized
elements, and is simply described as:

N
y= Y wRu)+w, (5.3.8)
i=1
where R;(u) is localized function, which usually takes a form of Gaussian function:

n —_. 2
R =expl-Y, 4= (5.3.9)

2
= 20;

The weights can be adjusted by a least square approach if ¢; and o are fixed. Hence, we

don’t need a slow learning such as a gradient descent method. However, it needs an
exponentially increased number of elements as the nonlinear system is more complicated.
Therefore, the number of elements is a critical factor for describing a nonlinear system.

U1l R1
wl
U2
U3 w2
R2 z y
Um w
Rn

Fig. 5.3.4 Radial basis networks

82



5.4. Identification for linear systems and nonlinear systems

In this section, we discuss the problem of system identification. A detailed discussion for
linear systems can be found in the books on this problem. (Landau (1990), Ljung (1987)
and Goodwin (1984))

For nonlinear systems we deal with a minimization problem, since the
identification method involves minimization problem of a quadratic cost function of the
error between the outputs of the model and the given data.

The objective of this section is to know the difference between the identification
for linear systems and that for nonlinear systems.

5.4.1 Linear system identification

Let us discuss how we can estimate the parameters ¥, when a linear structure is given by
ARMA model:

Yt +1) = oy(1)- - 0, y(t = n)+ Boau(e) - Bt —m) (5.4.1)
=o(t) U,

where

(1) =[y(®),- -, y(t — n),u(t), - u(t — m)]
By =[5+ 0,805 B, ]

The algorithms for on-line case and off-line case may differ due to the availability of the
data set and the limit on the computation time. We are concerned with on-line algorithms
for the estimation of parameters because of their direct applicability to adaptive control.

On-line estimations require the parameter estimates to be recursively updated by a
small amount of measured data. What is widely used in practice has a form:

B() = Bt - 1)+ Mt - 1)p(t - De(t)

where 1§(t) : Parameter estimate
M(t—1) : Algorithm gain 542
¢ —1) : [y(t-1),---y(t-n)u(t-1),, - u(t-m)]
e(t) : A modeling error

In what follows, the most fundamental algorithms are shown.
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Projection algorithm
The simplest method is projection algorithm, which has a form:

B = Bt - 1)+ M(t - D)o(t - De(?)
1
M@it-1D= 543
== ee-D .4.3)

e(r) = y(1)- (t ~ 1) Dt - 1)

This algorithm looks for the parameters 3, so that the following cost function J is

minimized:
1 ~ ~ 2
7 ==[8()- B(-1)] (5.4.4)
2
To avoid division by zero, the algorithm gain is commonly modified as a form:

M@it-1)=

a
c+o(t—d) ¢(t—d) (5.4.5)
c>0and0<a<2

The projection algorithm has the following properties.

M) [B) - 9| <[B(e -1 - | <|Bc0) - %

(2) lim i ety < (5.4.6)
No=i c+@(t—1) ¢(z 1) o

e(?) = y(t)- p(t = 1) Dt —1)

That implies the boundness of the calculation and the convergence of the parameter

estimates. However, it does not necessarily guarantee their convergence to the actual
values 9,.

Recursive Least squares algorithm

This algorithm has a form:
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(1) =Dt —1)+ Mt -1t - d)e(t) (5.4.7.2)

_ P(t-2) (5.4.7.b)
Ma=D= 1+ ¢t -1 P(t-2)p(t-1)
P(t-2)¢(t — 1)z —1)'P(t-2) (5.4.7.c)

P(t-1)=P(t-2)-

1+ ¢t -1 Pt-2)p(t-1)
p(=D=PF,
where P, is any positive definifte matrix.

It results from the minimization of the following quadratic cost function:

N A A
Jy(8)= —;-):(y(t) — 9t~ BO) + %(19 - HO0)) Py (- D(0)) (5.4.8)

=1

This algorithm also guarantees the boundness of the computation and the convergence of
the parameter estimates, but the estimated parameters do not always converge to the true
values.

Persistent excitation

As mentioned above, the parameters do not necessarily converge to the true values. The
following is a brief discussion of the conditions guaranteeing the convergence to the
actual values.

The condition for the least squares algorithm is given by

1. The system is stable.

2. The input has a spectral distribution function which is non-zero at 2n positions
or more.

3. A(g™") and B(g™") are relatively prime. (There are no common factors between
both polynomials A(g™') and B(q™"))

where the system is given by the DARMA model: A(g™")y(t) = B(g™ )u(t), and n
is the order of A(g™).

Intuitively we can interpret the results above as follows.
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1. Any output signals can be used because they are bounded due to the stable
system, assuming the bounded inputs.

2. In order to identify a n-th order system by sinusoidal input, we need a sine
wave having n different frequencies.

3. If the pole/zero cancellation takes place, the mode corresponding to it is
unobservable or uncontrollable. Therefore, we cannot identify the parameters
which come from unobservable/uncontrollable mode. Thus the system should be
controllable and observable so that we can determine the values of all the
parameters.

The input signals that make it possible to identify the true parameters are called
“persistently exciting” input.

We can relax the condition 1. The discussion about the convergence to the true
parameters of an unstable system was held by Goodwin (1984). However, it is obvious
that the cooling rate system is stable. Therefore we will halt our discussion here.
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5.4.2 Nonlinear system identification

In this section we shall discuss how we can identify the unknown parameters in a
nonlinear model. Suppose the nonlinear system is given by the general form
(Multi-Input-Multi-output-mapping):

y=f(x.w) (5.4.9)

where w are the unknown parameters.
The objective of the identification is to determine the values of the unknown parameters.
It is noted that we assume the structure of the nonlinear model f(,) is known, but the
values of the parameters w are unknown. Obviously neural networks can have this
configuration.

We also note that if the nonlinear system has a special form which has a series of
known nonlinear functions ¢,(x) with unknown coefficients ¢, such that

y=Y,0,8,(x) (5.4.10)

n=1

then, we can use identification algorithms for linear systems as discussed in Section 5.4.1.

The parameters are estimated so that it minimizes a cost function J(w).
Therefore, the identification of nonlinear systems results in the nonlinear minimization
problem. As the cost function, a quadratic cost function is widely used. Some algorithms
are available for minimizing nonlinear functions. However, it is quite difficult to get the
solution efficiently, compared with linear case, and sometimes involves a lot of iterations
to search the optimal point.

In what follows algorithms for searching the optimal points are reviewed. The
detail discussion about the minimization problem is found in the book by Press et al.
(1992).

87



(1) Cost function

The most commonly used cost function is the quadratic error:

Ew)=3 3 @ - oy ok = f(i*.w)

u=1k=1
fi@*,w) #
where f(i*,w) = : , th=|: (5.4.11)

Fe@ W) te

{i*,t"},.,.x are a set of sample data.

The task of nonlinear identification is to look for w such that it minimizes the
cost function E(w).

(2) Batch identification method and incremental identification method

All algorithms involved with the minimization look for the optimal parameters
recursively, therefore all the sample data must be presented many times. There are two
types of presentations, the batch identification method and the incremental identification
method. In the batch identification method, the parameters are updated after all sample
data have been presented. On the other hand, in the incremental identification method,
one sample is presented, and then the parameters are updated before the next pattern is
considered. Error back propagation method belongs to the latter method.

Incremental identification can be used for a nonlinear adaptive control scheme
because it is suitable for on-line nonlinear identification. It can update the unknown
parameters every time it measures the outputs of the plant. For off-line identification, we
can use both methods.

(3) General minimization methods

We shall show some minimization methods that are commonly used. All the methods
require the derivatives of the cost function.
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Gradient descent method

In this method the parameters are updated by the simple rule:

Aw, =-n -—————agv(vw)

1

where w =(w, ---w,---w;) (5.4.12)

where L denotes the number of the unknown parameters.

It is known that the parameters converge to a bounded region which includes a
local minimum if the cost function is Lipschitz continuous. The bound of the
region depends on the step size 77. In order that we get a sufficiently accurate

optimal point, we have to take a small step size, or diminish the step size at each
iteration.

The other methods are based on the expansion of the cost function:

E(W)=E(Wo)+(w—WO)VE(WO)+%(w—wO)H(w—w0)+--- (5.4.13)

where H is the second derivative Hessian Matrix. Differentiating (5.4.13) and ignoring
the higher-order terms in the equation gives the gradient:

VE(w)=VEWw,)+ H(w—-w,) (5.4.14)

Newton’s method

We want to find the minimum of E(w), where the condition VE(w) =0 must be
satisfied. Therefore, (5.4.14) yields a minimization method:

w, =w,—H'VEw,) (5.4.15)

Since we ignore the higher-order terms, w, is used as an estimate for the location

of the minimum. Therefore we look for the optimal location by using (5.4.15)
iteratively, repeatedly taking w, as the new w,. This is Newton’s method.
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Newton’s method requires a large number of computations because we
need to calculate the Hessian matrix at each iteration. If the number of the
parameters is n, then we must invert a nXn matrix. It also requires the
computation of the second derivatives. Therefore, Newton’s method is not
realistic as the actual minimization algorithm.

Most practical minimization methods use only first derivative information,
combined with a line search along a selected direction. Starting from w, with direction d
the search is made on the line:

w=w,+Ad (5.4.16)
and choose A to minimize the cost function. When we reach the point which minimizes
the cost function, we again set up another direction. The line search is repeated until the

cost function no longer decreases.
The following methods have been proposed for giving the direction d .

Steepest descent method

The simplest approach using line search is steepest descent method, where the
direction is given by:

d =-VE(w) (5.4.17)

This method sometimes brings about redundant small steps. (Press et al. (1992))
Therefore the method is not considered as a good algorithm for the line search.

Conjugate gradient method

The idea is based on the approximation of the nonlinear function by a quadratic
form. The vectors d; and d; which satisfy

d.Hd; =0 (5.4.18)
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are said to be conjugate, and we can find n independent and conjugate vectors
when the dimension of H is n. Suppose H is a constant matrix. We would like to
minimize a quadratic form

E(w)=c+(w—w0)b+-;-(w-Wo)H(W"“’o) (5.4.19)

where b and ¢ are constant vectors.

If we use conjugate vectors as the directions of the line search, we can reach the
optimal point which minimizes the quadratic form by n line searches.
The conjugate vectors can be constructed by the successive manipulation

d,=8u+ £ S d,
8:°8; (Fletcher-Reeves method)  (5.4.20)
gH—l - VE (wl)

where w; is the optimal point at the i-th line minimization.
The conjugate gradient method directly applies the algorithm (5.4.20) to
the general minimization problem. By this method we can avoid redundant small

steps, which is seen in the steepest descent method. Instead of (5.4.20), the
algorithm

d, =g, +En"8) 8, ok Ribiere method) (5.4.21)

i i

is sometimes preferred. This algorithm is essentially equal to the steepest descent
method when g,,, = g;.

If the cost function takes the form in (5.4.19), it reaches the minimum in
exactly n steps. However, for the minimization of the general cost function, we
need more iterations because the above method simply approximates the cost
function by the form in (5.4.19).
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Quasi-Newton’s method

Here the idea is to use Newton’s rule (5.4.15) with an approximation to the
inverse Hessian H™'. This is achieved through a rather complicated iterative
scheme

w,,, =w,—AG,,VE(w,)

Wy, W)W, —w,)

Gin =G+ w,,,—w,)-(VEw,,,)—~ VE(w,))
_[G,(VE(w,,,) ~VEwNI®IG,(VEWw,,)— VEW,))]
(VEw,,,)-VEW,))-G, - (VE(w,,,) - VEw,))
(5.4.21)

where ® denotes the outer product of two vectors, A is chosen by line
minimization, and G corresponds to the approximation of the Hessian matrix.

Among the algorithms above, the gradient descent method shows the slowest
convergence, while the conjugate gradient method and the quasi-Newton’s method are
considered to be the fastest algorithm.

(4) Algorithm for the incremental method

As mentioned above, an incremental method updates the parameters every time a sample
of data is presented. The set of sample data may comprise an infinite number of data.
Therefore, we may not precisely define the whole set of sample data. Line minimization
methods are not available for this problem.

The gradient descent method is widely used as the algorithm for the incremental
method. In this case the parameters are updated by:

Aw, =1 oE, (w)

i S (54.22)

where E, (w) is the cost function at the 4 -th sample, which is usually given by:
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K
_ B 12 # o= 1
Eu(w)—g:(tk o) o = [ @".w) (5.4.23)

{i* ,t*} are a sample data.

This method is used as error back-propagation method in the neural network
computation.

Obviously we need make the step-size smaller than the general minimization case
shown in (5.4.12) so that we can get satisfactory convergence.

5.4.3 Some comments on nonlinear identification

(1) Comparison between recursive least square algorithm and incremental gradient
descent method

We have so far discussed the identification methods for linear systems, and for nonlinear
systems. Of course we can apply the nonlinear identification methods to the linear system
case. However, the identification methods for nonlinear systems are slower than those for
linear systems.

Consider the recursive least square algorithm and the incremental gradient descent
method. The objectives of both methods are to minimize the cost function, the square
error of the output. Both methods update the unknown parameters every time a sample is
given. It seems both methods are parallel to each other. However, the performance of the
two methods is quite different. Figure 5.4.1 shows how fast both methods estimate the
parameters. In the figure, y(z+1) =0.5y(¢)+0.5u(z) is used as the plant model, and a
pure sinusoidal wave is given as the persistently exciting input. We also take 0.3 as the
step size of the gradient descent method, which is typically used. We can see the
incremental method is 5 times slower than the recursive least square algorithm.

If we use the neural network as the model describing the linear system, the
problem would be more complicated, and the convergence of the parameter estimation
would be further deteriorated.
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Fig. 5.4.1 Comparison between incremental gradient method
and recursive least square method

(2) Incremental identification method and batch identification method

When we consider the performance of nonlinear minimization, we have to pay attention
to two points:

(1) The speed of convergence

(2) The problem of local minimum
As mentioned above, if we use the incremental gradient descent method, we have to take
a quite small step size to get satisfactory convergence. Therefore, the batch method based
on line minimization generally show quite faster convergence than the incremental
method.

However, we also have to be concerned with the location where the parameters
converge. All the methods discussed above do not necessarily guarantee the convergence
to the global minimum. There is a possibility that the parameters converge to a local
minimum, and are trapped there. In particular, for neural network computations, the
geometry of the cost function is quite complicated, involving a large number of hills and
valleys.
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When we use the batch identification based on line minimization, they are easily
trapped by a local minimum, because these methods try to find the exact minimum
location around the given initial location.

However, by the incremental method, we can sometimes get out of the local
minimum if it is not so deep. Consider how parameters are updated by the incremental
method. The cost of a whole set of sample data would slowly decrease, fluctuating by the
update, because the incremental method updates the parameters by a simple method in
(5.4.22). The update by a pair of sample data does not always reduce the cost of a whole
set of sample data, although the cost would decrease after completing the updates all over
the pairs of sample data. The fluctuation could give an effect of random noise for the
minimization. It is well known the noise sometimes helps it to get out of the valley with a
shallow depth. That is the reason the incremental method reduces the possibly of
unfavorable trapping in local minima. Therefore, we may choose to use the incremental
method even if it shows a slower convergence.
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5.5 Control dealing with time-delay

As mentioned in Chapter 4, we must also cope with the problem of a time-delay
to implement the control system for the cooling rate.

Although a time-delay is common in process control, there is little literature that
deals precisely with a time-delay system. A time-delay 7T is sometimes treated as a
unmodeled factor, or approximated as a first order or a second order transfer function:

1-sT/2 (First order Padé approximate)
1+ T2

_ 2
1-5T/2+(sT) 2/ 12 (Second order Padé approximate)
1+sT/2+(sT)* /12

(5.5.1)

However, such approximation does not work for a large time-delay system.

As a practical method coping with a time-delay, Smith’s principle is discussed in
the sequel (Refer to Marshall (1978)).
5.5.1 Smith’s principle

The Smith’s principle is based on the assumption:

(1) The plant dynamics has a cascade structure comprising a delay-free part G
and a pure time-delay part 7 as shown below.

G—»T

(2) An exact model describing the delay-free part G, and the pure delay system
T, is available.

Note that the term G just shows the input-output dynamic relation, and is not necessarily
a transfer function so that we can accommodate a nonlinear dynamics. We also note the

locations of G and T are exchangeable. That means we do not care about where the
delay takes place.
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Suppose we design a controller C which satisfies a given performance in the

rc »GH2oT

However, it is impossible to make a feed-back loop in the figure due to the
inaccessibility of point A. Therefore, we will use the model G, instead of G. Note that

manner shown below.

we can completely ignore the effect of the time-delay when we design the controller.

C—[:G———’E

Gy

The above method does not include any feed-back from the output of the actual
plant. Therefore, we place a feed-back from the output to eliminate the difference
between the output of the plant and that of the model. That is Smith’s principle. Figure
5.5.1 shows the final configuration of Smith’s principle.

+

C >»G-—NT—¢J_,__
—» G, >1;,_“l

Fig. 5.5.1 Smith’s principle
This idea has some advantages for designing a controller.

1. The principle can be applied any dynamics even if it is nonlinear.
2. We can design the controller, completely ignoring the effect of the time-delay.

The controller controls the plant, based on the model-based prediction after the
time-delay. Therefore, it is essential to get the exact model for the delay-free part and the
time-delay part.

We can raise many questions about the stability, the disturbance rejection, and the
insensitivity to model perturbation and sensor noise. There are, therefore, many critics
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against this principle. However, we can also find many reports about successful
applications by this principle. It deeply depends on the nature of the plant and the good
modeling whether this method works well or not. We can find an extensive discussion of
Smith’s method in the book by Marshal (1978).

5.5.2 Other methods for time-delay

Doyle et al. (1992) discussed how we can accommodate a time-delay by the conventional
design method for continuos-time systems from the view-point of robust control. The
controller design for discrete-time systems can also easily deal with a time-delay. Since
these controllers accommodate simply by a conventional feed-back control, the
performance would not be necessarily satisfactory.

As we shall see in Section 5.7.2, one-step ahead predictive control can
successfully cope with a time-delay system by employing a control law based on a
prediction.
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5.6 Feed-back control for nonlinear systems

This section summarizes nonlinear controllers, which requires‘discussion of mathematical
tools such as Lyapunov function, Lie algebra, etc. However, in this summary we will just
show the concept of the controls, and in particular we pay attention to their applicability
to the cooling rate control. We can refer to the detailed discussion in the book by Slotine
and Li. (1991).

5.6.1 Feed-back linearization

The idea of feed-back linearization is to first transform a nonlinear system into a linear
system, then use the well-known linear design techniques. Note that this method differs
from conventional linearization (Jacobian linearization).

Feed-back linearization has been well investigated for continuous-time systems.
(Isidori (1989), Vidyasagar (1993)) Feed-back linearization for discrete-time systems are
still under research. (See the papers by Grizzle (1986) and Jakubczyk (1987)), therefore,
first we discuss a continuous-time case.

In this method it is assumed that a nonlinear system is given by the state space
equation:

X = f(x)+g(x)u(t)

5.6.1
y = h(x) 66D
Consider the following differentiation of y.
y=Lhx)+ Lh(x)u
y=Lh(x)+ L, Lh(xu

y = Lh(x)+ L LLh(x)u (5.6.2)
¥y = Lh(x)+ LL h(x)u

where L denotes the Lie derivative.
and suppose
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=0 (i<r)

) xeQ,
#0 (i=r) (5.6.3)
where €, is the region of interest.

LgLf,"h(x){

Then if the control law:
1 -
= (=L h(x)+y" -qe - —0,_ et b
u Lger-lh(x)( v ( ) yd 1 1 )
e=y;~y (3.6.4)

where y, is the reference input.

is applied to the system, the closed-loop system is given by:
¥ =y — e —ar,_ eV (5.6.5)

Therefore, we can select the parameters ¢, -, ¢¢,_; so that the closed system is stable and
shows a desirable response. Thus, we can achieve the stable nonlinear control. Note the
system given by (5.6.5) is a linear system. Therefore we can use powerful design methods
for linear systems.

The validity of the above discussion is more complicated and requires more
mathematics. Here we would like to pay attention to the requirements to achieve the feed-
back linearization. From the equation (5.6.4), it requires

1. The full state has to be measured.

2. The internal dynamics, the dynamics that is hidden within the system by the
feed-back linearization, must be stable. (Suppose r is less than the order of the
open loop system. Then there must be an internal dynamics hidden by the feed-
back linearization.)

3. The model should be explicitly presented as a differentiable nonlinear function.

In our problem we only know the dynamic relation between the input and the output.
Furthermore the relationship is given by a parameterized nonlinear mapping when we use

neural networks. Therefore, the applicability to our problem diminishes to the following
simpler case.

If the system is given by a simpler form:
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Xy = Xy
. (5.6.6)
xn—l = xn
X, = f(x)+g(x)u
y=X
the control is simply given by
b= (5 — e =0l " — £(2)) (5.6.7)
g(x)
Since the system in (5.6.6) is equivalent to
Y = £ 3550V + 8 9y )u(e) (5.6.8)
we have only to design the control law:
1 (n) (n-1) (n-1)
u=———r=(yy —oge =0, e = f(yny ")) (5.6.9)
g,y )t :
More generally if the system is given by:
Y7 = f(, ey u) (5.6.10)

then the feed-back linearization leads to the problem we look for the function
h(y, --y"™",v) such that

v=F(@, sy A,y 0)) Yv,y?  (i=0---n-1) (5.6.11)

(n~1)

Using the function h(y,---,¥*"",v), our task results in designing the control law such that
u=h(,y" Py -ae---—a,_ ") (5.6.12)

Obviously the control law above yields
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YO =y _ e gD (5.6.13)

Now let us go back to the feed-back linearization of discrete-time systems.
Considering the discussion above, we assume the system is given by:

y+1) = f(y(@), - y(t —n)u(t) (5.6.14)
Then, first we look for the function A(y(¢),- -+, y(t — n),v) such that

v=fy(e),: - y(t = n),h(y(@), -, y(t = n),v)) (5.6.15)
Next we will design the control law:

u=h(y@), - yt—n),y,(t+1)-o.e(t) - —o,e(t—n)) (5.6.16)

We have so far discussed the concept of the feed-back linearization. From the

discussion we can see the following limitations of this method.

1. It requires a full state feed-back. If it is not available, the plant must be limited

to the system described by (5.6.14).

2. No robustness is guaranteed. As it was seen, the concept of the feed-back
linearization lies in the complete cancellation of the nonlinear dynamics.
Therefore, the model error would lose the stability and degrade the performance.

Feed-back linearization can not treat a plant described as:

y(e+1) = f(y@), -yt —n),u(t), - u(t — m)) (5.6.17)

One may claim we can apply a similar idea by looking for the function

h(y(t),--, y(t — n),u(t - 1),- - -,u(t — m),v) which satisfies

Yy =

f(}’(t), ",)’(t _n)9h(y(t)s" "J’(t—n),u(t‘ 1)9 "u(t— m),v),u(t _1),' ’ "u(t _m))

(5.6.18)

Such concept leads to one-step-ahead predictive control, which will be discussed in the

next section.
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5.6.2 One-step-ahead predictive control

One-step-ahead control scheme for linear systems has been well investigated by Goodwin
and Sin (1984). The summary for linear systems is based on his book. The idea of this
scheme can be extended to nonlinear systems.

First we discuss the linear case, and then we shall consider how we can apply the
concept to nonlinear systems. This predictive control is easily extended to adaptive
control together with estimation algorithms.

(1) One-step-ahead predictive control for SISO linear systems

In this section it is assumed that the system is given by a difference operator
representation, or ARMA model:

A(gy(t) = Blg™ u(®)
where

Algh=1+aqg ' +--+aq™" (5.6.19)
Blg)=q"'(B,+bg" +--+b,q ™) b =0
This ARMA model can be expressed in d step-ahead predictor form as
y(t+d) = olg™)y(2)+ Blg ™ u()
where
~(n-1) (5.6.20)

a(q—l) =0+ alq—l +eta, g
B(q—l) =B, +ﬂlq—1 +eet+ ﬁnl+d—lq—(n‘ i B,#0

The feed-back control law for the system is given by a simple manipulation as shown
below.

Prototype one-step-ahead control law

The feed-back control law which brings the output at time t+d, y(¢+d), to the
desired bounded value y,(# +d) is given by
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)= il d)= (g )y() - B'(g ™ Hu()
By

where (5.6.21)
a(q—l) =0+ axq—l +eeet an-lq—(”-l)

Blg)=Bg” + -+ ﬁn,w—lq—("ﬂd-n B,#0

u(t

That is the prototype one-step-ahead control. The resulting closed-loop system has

dynamics described by
)=y, t2d
() =y,(t) (5.6.22)
B(g™u(t) = A(g)y,(®) t2d+n

Equation (5.6.22) shows the output is bounded, and the input is also bounded
provided that the “inverse” model z* B(z™')/A(z™") is stable. (If a pole /zero cancellation
takes place, the unobservable modes must be stable.) We can find more precise
conditions for the boundness of the input and the output (Goodwin and Sin(1984)).

Note that here we assume that we have the model exactly same as the actual plant.
If the model has an error from the actual process, the above discussion about the

boundness would be degraded. Next, the control law calls for an excessive effort to bring
the output y(z+d) to the desired value y,(¢z+d) in one step. This would result in an

unfavorable saturation of the input and the excitement of unmodeled resonance. Goodwin
also presents other configuration for the control law to avoid the latter drawbacks above.
The prototype one-step-ahead control minimizes the cost function:

J(t+d) =%(y(t+d)—- Vo (t+d)) (5.6.23)

'To make a constraint on the input, we consider the following cost function:
Jit+d)= %{(y(t +d)-y,(t+d))* + Au(t)’} (5.6.24)

The minimization of this cost function leads to the weighted one-step-ahead control.

104



Weighted one-step-ahead control

The control law is given by:

_ Byt +d) - algy@) - Bg )}

t 5.6.25
u(t) ) ( )
Then the closed-loop system has the following dynamics
an L A, _
[Blg™)+ ﬂ—a(q Dyt +d)=q"B(g")y,(t+d)
° (5.6.26)

[ﬁ(q'1)+-g—a<q’1 () = Alq™)ya()
0

The closed system should be stable so that we can get the bounded output and
input.

The above closed loop system can not always be stabilized because the system has

only one degree of freedom. In order to enhance the degrees of freedom we can have the

other control law, which minimizes the cost function:

Jit+d)= %[y(t+ d)y-y,(t+d)+ -;lﬁ(t)z]2

where P(¢ V)i () = R(g™u(t) (5.6.27)
P(g)=1+pg ' +-+pg”’
RgH=14rg" +-+rg"

Then, the control law is given by:

_B{yut+d) - a(g™)y®) - B(gHu@}+ AP (g 7)) - R (g™ u(®)
B:+A
where P(g)=pqg ' +--+pg” andR(g")=rg+--+rg”

u(t)

(5.6.28)
Using this configuration we can stabilize any systems.
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Pole assignment controller

In the method discussed above we cannot say precisely where the closed-loop
poles are located. Here we assign the poles to desired locations while retaining the
predictive control structure. Conceptually the approach differs from the methods
above.

First we consider the general control law:

L(g " u(t)=-P(g " )y(®) + M(g ")y, (t+d) (5.6.29)
for the plant:
A(g™M)y(t) = B(g™ Yu() (5.6.30)

(5.6.29) and (5.6.30) yield the following closed-loop system.

[L(g™)A(g ™) +g B (g™ )P(g™)y(®) = B (g™ )M(g™)y,(t) (563D
where B(g™) = ¢™*B (g™ h

The idea is to make the polynomial L(g™)A(g™)+q “B (¢ )P(g™") in
(5.6.31) be equal to a desired closed-loop polynomial A,(g™"). The method is
supported by the fact we can determine unique polynomials L(g™") and M(¢™), if
A(g™) and B(g™") are relatively prime and A,(g™) is any arbitrary polynomial of
degree (2n—1), where n is the max degree of A(g™") and B(g™). (See the book
by Goodwin.)

The design resorts to the state space representation of the system, and we
use the observer-based state feed-back for the pole assignment. (See, for example,
Franklin and Powell (1990)) Therefore, the control algorithm is rather
complicated.

The procedure for the design of one-step-ahead control is as follows.

1. Convert the ARMA model to the predictor form:
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y(t+d)=alg )y(t)+ Blg  u(t)

where

5.6.32
g =0 +ong kg ( :

Blg™) =B, +Bg” +-+ ﬁn,w—xq—(m D B, #0

2. Specify the cost function.
3. Design the control law based on the cost function, using the predictor form.

(2) One-step-ahead predictive control for SISO nonlinear systems

The concept of one-step-ahead predictive control can be applied to nonlinear systems.
Suppose we have a nonlinear predictor form which is given by:

y(t+d)= f(y(t), - y(t —n),u(t), -, u(t — m)) (5.6.33)
If we can get the function A(y(2),---, y(t —n),u(t —1),y,(t +d)) such that

y,(t+d)=
FO, -y =), hCy(2), -+ (& —n),ult — 1), ult ~ m), y, (¢t + d)),- -, u(t — m))
(5.6.34)
the control law in the prototype one-step-ahead predictive control for nonlinear systems
can be simply given by:

u(t) = h(y(e),: - y(¢ = n),u(t = 1), u(t —m),y,(t + d)) (3.6.35)

although we can not say anything about the stability of the system. The control law must
minimize the cost function

J= -;—(y(t +d) -y, (t+d)) (5.6.36)

This method raises some questions about the stability of the closed system, the
existence of the function A(), and how we can get the function h().
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Intuitively, if the obtained function h() always generates a bounded control
signal, the closed loop system is bounded, supposing the plant is stable. If not, this
method does not work. Obviously if the plant is unstable, the method cannot stabilize the

system.

If we use neural networks for representing the function f() in equation (5.6.31),
we can also approximate the function A() by neural networks. The method to get the
function A() is simply to minimize the cost function in the manner:

i i i i P i i

J= Z[f(y1(t)"",y,,’h(yp""y,puz,' U,V )," U,V )"V ]

i (5.6.37)
where {y}, -+, y.,ul, -, ,v'}._,.yare a set of sample data.

For the weighted one-step-ahead control, similarly we look for the function A()

which minimizes the cost function:

7= SO Yool YotV ) =)

(5.6.38)
+a'h(}’11,' ¢ '9y:,,u;9' ) 'l”,vl )2]
Then, the control law is given by:
u(®) = h(y(t), - y(t —n),u(t -1),y,(t +d)) (5.6.39)

If the minimization of the cost function is executed on-line, it leads to a nonlinear
adaptive scheme. Adaptive control using neural networks will be discussed in Section
5.8.
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(3) Comments on one-step-ahead controller
Predictor form

If the system involves a rather long time-delay, the predictor form would be complicated,
involving a large number of unknown parameters. For example, consider a first order
system with the time-delay of ten times of the sample interval. Then the ARMA model is
given by

(1-og™)y(®)=g"(1-)u(®)
The above equation corresponds to
y(t+10) = oy(t +9) + (1 — o)u(t - 1)
Since y(t+9)=oy(t+8)+(1— a)u(t—2),

y(t+10) = afay(t +8) + (1 - o)u(t —2)} + (1 — o)u(t - 1)
= 0’y(t+8) + (1 — o)u(t = 1) + (1 — o)u(t - 2)

Similar manipulations yield

y(t+10) = ofay(t +8) + (1 — o)u(t — 2)} + (1 — )u(z - 1)

10
=y +(1- )Y a’u(t - j)

j=1

Therefore even if an ARMA model is simple, the predictor form becomes
complicated. Similarly, if it has higher order terms, then the corresponding predictor form
becomes more complicated.

Comparison with Smith’s principle

Control by Smith’s principle is also based on the prediction. We would like to discuss the
difference between both controllers by Smith’s principle and by one-step-ahead control.
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Smith’s method uses only the values of the input given to the plant to predict the
output after the time-delay. That is based on the fact the prediction error converges to
zero, if the system is linear and stable, and the model is exactly same as the actual plant.
Consider the system and the predictor given by

-1 - ~1
A(g ™ )y(t) = B(g " )u(r) (Actaul plant) (5.6.37)
A(g ™)) = Blg ™M )u(t) (Predictor)

Then
A(q'1 de(t)=0 where e(t) = y(t) — y(z) (5.6.38)

Therefore, If the system is stable, the error e(#) converges to zero. That implies that the
error at the initial stage disappears with time. For nonlinear systems, we could say a
similar result, but we would need further analysis and discussion.

The one-step-ahead control is based on the d step-ahead prediction. Therefore, the
predictor has only to predict the future with some accuracy.

The difference between both methods is that Smith’s method requires a model
exactly same as the plant model, while in one-step-ahead control we just need a model
which can predict d-step-ahead plant output with some accuracy. Thus, the model for
Smith’s method should be more accurate than that for one-step-ahead predictive control.

The discussion above shows a disadvantage of Smith’s principle. However it has
the advantage that we don’t need the complicated predictor form. We just need an ARMA
model. Therefore, the choice of the method depends on the complexity of the system, and
how accurate a model we can obtain.
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5.6.3 Modifications of nonlinear one-step-ahead predictive control

In this section let us consider two types of modifications of nonlinear one-step ahead
control:

Feed-back linearization-like control

Generic Model control.

Feed-back linearization-like control

The idea here is to make a controller by the method similar to feed-back linearization.
The objective of this control is to make the output asymptotically converge to the desired
output.

The manipulation is almost identical to the discussion in Section 5.6.1. For linear
systems, we use the control law:

) = Jalt+d) = g )y() = B(g ) - (g De®)

u(t
B,
where
g )=, +oug +-+ o, g " (5.6.39)

ﬁ,(q-l) = ﬁlqsl +oet Bn,+d—1q_(nl+d—1) B,#0

-1 -1 !
k(g =K, +xg" ++x,g""

e(t) = y(t) - y,(2)

instead of (5.6.21). For nonlinear systems, we can apply the control law:

u(t) = h(y(t), -, y(t — n),ut —1),---,u(t — m), y(t))

— 5.6.40
¥y =y,(t+d)—x.e(t) - xe(t-1)---—xe(t-1) ( )
instead of (5.6.32).
Both control laws result in
e(t+d)+ Kk.e(t)+ xe(t—~1)---+Kxe(t—10)=0 (5.6.41)
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If the system (5.6.41) is stable, the error converges to zero with time. For linear
systems the control is stable, if the condition of one-step-ahead control is satisfied.
However, for nonlinear systems, we need further analysis.

Generic Model Control

As a practical nonlinear control method, Lee and his colleagues have proposed Generic
Model Control (1988). The idea is quite similar to feed-back linearization. They first
assume the structure of the system is given by

y=f(y.ud,to) (5.6.42)
for continuos-time multivariable systems. In this equation y is a vector of process

outputs, # is a vector of process inputs, d is a vector of process disturbances, ¢ is time
and ¥ is a vector of model parameters and f() is a nonlinear known function.

They claim the control signal # can be determined by solving the equation:

f(y:uad9t50) = Kl(yd -y)+ KZI(yd -y)dt
0

(5.6.43)
where K, and K, are the gain matrices.
It seems to be PI controller for nonlinear systems.
Let us consider the case for SISO discrete-time system given by:
y+1) = f(y(®), -yt — n),u(t), - u(t — m)) (5.6.44)

then, the control law is determined by the solution #(#) which satisfies:

f()’(t), * ',}’(t - n)’u(t)s' * "u(t - m)) = V(t)
v(t) = vt —1)+ k (e(t)—e(t = 1))+ k,e(z) (5.6.45)
e(t) =y,(6) - y(t)

To get the solution, we can use k() in (5.6.31) again. Then the control law is given by

Ll(t) = h(}’(t), °% )’(t - n), u(t - 1): ° -,u(t - m),v(t)) (5.6.46)
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5.6.4 Other nonlinear control with fixed parameters
In this section other control methods for nonlinear systems are introduced.
Sliding mode

We have discussed feed-back linearization and nonlinear one-step-ahead control (using
neural networks). The control law is designed, based on a nominal nonlinear model of the
plant. We may obtain an exact model for the nominal plant by a neural network, and the
controller can cancel the nonlinearity of the nominal plant. However, it is not clear how
the control behaves in the presence of model uncertainties. From this point of view, it is
crucial to consider robust nonlinear control. As a method of robust nonlinear control,
sliding control has attracted interest recently. We can find the discussion of robust control
using sliding mode methods in the book by Slotine et al. (1991).

Gain Scheduling

Gain scheduling is an approach to apply the well-developed linear control methods to the
control of nonlinear systems. The idea is to select a number of operating points which
cover the range of the system operation. At each operating point a linear controller is
designed, based on an approximated linear model. Between operating points, the
parameters of the controllers are then interpolated.

Fuzzy control

We sometimes encounter the situation where we have no way to acquire a model for a
plant due to the complexity and highly nonlinear nature. However human-beings can
sometimes control such badly-posed plant by the rules acquired empirically. The idea of
fuzzy control is to directly acquire the linguistic rules from the human-beings and embed
them in the control system. It is sometimes regarded as a sort of nonlinear version of gain
scheduling. There is no theory for the stability and the performance of the control. We
can find the concise discussion of fuzzy control in the literature by Yamakawa (1993).
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5.7 Adaptive control

In this section we discuss adaptive control scheme. The basic approach treated in this
thesis is to combine the parameter estimation technique shown in Section 5.4.1 with the
control technique shown in Section 5.6.2.

Many approaches to adaptive control have been proposed. In particular two
schemes have attracted interest: model reference adaptive control (MRAC) and self-
tuning regulator (STR). Practical and theoretical discussions about MRAC can be found
in Narendra and Annaswamy (1989). For STR we can refer to the book by Astrom
(1989). We can also find general views of adaptive control scheme in these books.
Several treatments of adaptive controls for discrete-time linear systems were discussed by
Goodwin and Sin (1984). The discussion in this section is adopted from the book by him.

MRAC was originally proposed to solve a problem in which the specifications are
given in terms of a reference model which specifies how the plant should respond to the
command signal. A block diagram of MRAC system is shown in Fig. 5.7.1. In this
configuration the reference model is situated in parallel with the plant. The controller has
two loops: an inner loop and an outer loop. The inner loop is a feed-back loop which
generates a control signal, based on the control law. The parameters in the control law are
adjusted by the outer loop in such a way that the error between the process output and the
model output becomes small.

' Reference

model *

Regulator / Adjustment
parameters mechanizm
u

L1 Control
—>

law

4

Fig. 5.7.1 Block diagram of MRAC

Plant

STR was originally proposed to deal with a stochastic regulation problem by an
adaptive control scheme. The configuration of STR is shown in Fig. 5.7.2. It also has two
loops, an inner loop, which is a feed-back regulator, and an outer loop, which is
composed of an estimator of the parameters of the plant and an adjustment of the
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parameters in control law. This configuration can cope with not only a stochastic
regulation problem, but also a deterministic servo problem.

Plant
Design parameters
Regulator
parameters .
Estimation
Uy u y
——» Control Plant

b

Fig. 5.7.2 Block diagram of STR

We sometimes use the terms of “direct” adaptive control and “indirect” adaptive
control. In the direct adaptive control the controller parameters are updated directly. If the
controller parameters are obtained indirectly via an estimation of the plant parameters we
call it an indirect controller. The concept of MRAC scheme and STR scheme are very
flexible with respect to the choice of adaptation algorithms. If a MRAC system involves
an estimation of the plant parameters, it is indirect MRAC. If not, it is direct MRAC.
Similar things can be said for STR.

One-step-ahead adaptive control, which was first presented by Goodwin, is a
combination of a one-step-ahead predictive control law with an estimation law. The basic
idea is almost identical to original STR scheme for deterministic servo problems. As
discussed by Goodwin, various algorithms are possible. If we add a reference model, it
becomes model reference one-step-ahead adaptive control. We can also implement both
indirect and direct algorithms. The name “one-step-ahead” is not commonly used, but it
will be called this way in this thesis. Since almost all one-step-ahead controllers that are
discussed in this thesis are direct STR, the terms, “direct” and “STR” will not be used.

As we have seen, neural networks can have a framework which iteratively
acquires a nonlinear property by an incremental identification method such as back-
propagation method. This feature, similar to linear adaptive scheme, has recently attracted
much interest, and brings about many approaches to nonlinear adaptive control schemes.
In this section we shall also discuss the scheme of nonlinear adaptive controls using
neural networks.
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5.7.1 Linear adaptive control
One-step-ahead adaptive control

The idea of one-step-ahead adaptive control is simply to combine a parameter estimation
technique with a one-step-ahead predictive control law.

Let us consider a controller composed of an estimation based on a projection
algorithm, and a prototype one-step-ahead predictive control law.
The plant model is given by ARMA model, which leads to the predictor form:

y(t+d)=¢@) 9,
where

o) = (@), -yt —n+1),u(t), - u(t—m—d-1))
By = (0> g5 Bos > Brusas)

(5.7.1)

Using a projection algorithm, the estimation law is given by

B = 3@ - 1) + Mt - 1)¢(t — d)e(t)

e a(t)
M@-1)= PP Y (5.7.2)

e(®) = y(t)- (¢ — d) Dt - 1)

Then, the input is determined so that it satisfies ¢(¢)’ 1§(t) =y,(t+d)

which results in the control law:

U(t) = Tyt + d) = By (O)Y(0) =B )yt —n+ 1)
3,,.(t) (5.7.3)

=B, (u(t=1)~B,, Oyt ~m—d+1)]

The equations (5.7.2) and (5.7.3) are the adaptive control law. Since we start with
the predictor form, it does not involve the estimation of the plant model. Therefore the
approach is considered a sort of direct adaptive controller. It is noted that the algorithm
requires a desired trajectory at any time. It is also remarked that the adaptive control leads
to a time-varying nonlinear problem.
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We may raise some questions for this control, such as convergence to the desired
trajectory, and the boundness of the input and the output. However, due to the following
theorem, the global convergence and the boundness are guaranteed under some
assumptions.

Theorem 5.7.1 (Goodwin)
Subject to the following assumption:

(1) The time-delay dis known.

(2) An upper bound of the orders of the polynomials describing the system is
known.

(3) The “inverse” model of the system is stable.

the adaptive control law given by (5.7.2) and (5.7.3) yields

(1) The inputs and the outputs are bounded.
(2) The output of the closed loop system converges to the desired trajectory.

This theorem indicates if we know the structure, or the time-delay and the order of the
plant, and the system is a minimum phase in a sense, the adaptive control law above
guarantees the most fundamental performance of the closed system, convergence and
stability.

It is possible to combine the projection algorithm with any control laws which are
discussed in Section 5.6.2. we can also use the least square algorithm. Any combination
guarantees convergence and stability under the conditions similar to those in the above
theorem. We can find detailed discussions in Goodwin and Sin (1984).

Model reference one-step-ahead adaptive control

The methods discussed above are direct STRs. We can also add the concept of MRAC to
this scheme. The idea is to further specify the desired output y,(f) such that it is the

output of a linear dynamic system driven by a reference input r(z).

Suppose the linear dynamic system, or the reference model, is given by

E(g ™)y, ()=q*H(g™")r(@) (5.7.4)
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where the reference model should be stable. The objective of this control is to make
¥(2) = y,(t) without directly calculating the value of y,(z).

First we consider the modification of the predictor form, based on the fact we can
obtain more general predictor form:

E(qg)y(t+d) = alg™)y(t) + B(g ™ u(r) (5.7.5)

where a(g™) and B(g™") can be uniquely determined. (Goodwin)
Since we want to make y(z) = y,(t), (5.7.4) and (5.7.5) yield

a(g™)y(®)+ Blg™Hu(t) =g *H(g )r(z) (5.7.6)

That is the control law of the model reference control. Obviously we need estimate
o(g™) and B(g™") on-line to achieve the adaptive scheme.
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5.7.2 Nonlinear adaptive control

In this section we introduce nonlinear adaptive controls using neural networks centered
on Narendra’s paper (1990). As we mentioned in Section 5.3, neural networks identified
by an incremental minimization, back-propagation, has a configuration suitable for an
adaptive control scheme. Many researchers have raised much interest in this
configuration and have proposed some approaches.

Model reference adaptive control using neural networks
Narendra and other researchers presented two types of control systems using neural
networks. The one is MRAC type control system. Figure 5.4.4 shows the configuration of
this control. Basic structure is as same as linear MRAC. The concept of this control is as
follows.
1. The following reference model is predetermined a priori.
Y, (t+ D)= f(y, @ -y, @=L +1),r(0),-r(t =1, +1)) (5.7.7)
where function f(-) is a nonlinear or liner stable model, and (k) is a reference
input.
2. The neural network describing the plant NN L1 such that

J(+1)= NN, [y(®), -, y(t —n+1),u(@), -u(t - m+1)] (5.7.8)

is identified by an incremental identification method on-line so that it
minimizes the cost function:

J(t)=%(y(t)—§’(t))2 (57.9)

3. The neural network controller NN, [-] such that

u(t) = NN [y(@), - y(t =i+ Dyut =D, - u(t— j+1),,(¢ +1)]
(5.7.10)
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is determined on-line so that it minimizes the cost function:
1 2
J()= E(y(t)—y,(t)) (5.7.11)

When we use an incremental identification method, we need the derivatives of
the actual plant system. Since they are not available, we use the derivatives of
the plant model NN, [-] instead of those of the actual plant.

4. The control signal in (5.7.10) is fed into the plant.

If instead we use Model 2 structure in Section 5.3 for the plant model, we don’t
need such a neural network as NN,[]. We can design the controller by a linear
manipulation. For the lincar MRAC, the global stability is ensured. However, it is not
clear whether the nonlinear MRAC using neural networks yields a stable result.
Furthermore the convergence is not also guaranteed.

Reference
R model
-e
& :
NNe  HC Plant l Y
TDL TDL _€
A 2
NNp Zl
\

Fig. 5.7.3 Nonlinear MRAC using neural network

Self-tuning regulator using neural networks
We can also take STR configuration by similar discussions. (Chen (1990)) The plant

model is identified in a way same as (5.7.8). If we make the control so that it minimizes
the cost function:
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J@) = %(y(t +1) -y, t+ 1)) y,(t +1): a desired trajectory (5.7.12)

then, the control results in a nonlinear self tuning regulator. Figure 5.7.4. shows the
configuration of nonlinear STR. Obviously the configuration is an on-line version of
nonlinear one-step-ahead control discussed in Section 5.6.2.

NNc Plant |
TDL [ L] VY.e

Fig. 5.7.4 Nonlinear STR using neural network

5.8 Control for cooling rate

We have so far discussed some identification and control methods. In this section we
would like to consider what kind of control is applicable to the cooling rate control. The
objective of the design is to get better performance than that of PI control shown in
Chapter 4.

First let us consider a linear controller. In this case we usually use a linearized
model as the nominal plant model around the operating point of interest. Two types of
control schemes, feed-back with fixed parameters and adaptive control scheme are
applicable.

When we design a feed-back controller with fixed parameters, we must focus on
the robustness. We must design the control taking into consideration the whole
discrepancy between the linear model and the actual nonlinear system.

Then, a question arises, how can we design the control? We can not precisely
determine how much the actual plant is perturbed from the linear nominal model by its
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nonlinearity. We could not, therefore, use robust control techniques for linear systems.
Eventually, we have no way other than to resort to the empirical design. That is
essentially equivalent to PI control design shown in Chapter 4.

From the viewpoint above the adaptive scheme is quite attractive, because the
control can accommodate the perturbation automatically. Therefore, we can say one of
feasible methods to improve the performance of the cooling rate control is linear adaptive
control. However, some problems still remain. First can the estimator identify the
parameters as fast as they change due to the nonlinearity? Second, does the linear
adaptive controller show a stable behavior for our problems? The theorem concerning
stability and convergence in adaptive scheme gives us an advantage. However it is
applicable to a slow time-varying system. Therefore it does not necessarily guarantee the
stability for our problem.

Next we will pay attention to a nonlinear controller. We have so far discussed
controllers using neural networks. It is quite interesting to see how the nonlinear control
works for our problem. Therefore, as the second trial, we would like to consider a
controller using neural networks.

In Chapter 6, we will discuss the performance of a linear adaptive control. We
shall see how the control using neural networks work in Chapter 7.
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Chapter 6

Application of linear adaptive control to cooling rate

The scheme of linear adaptive control was reviewed in Section 5.7.1. In this Chapter we
discuss the application of the adaptive scheme to the cooling rate. We also show the
performance by simulating the resulting controlled system.

We will use one-step-ahead adaptive control as the method, since the procedure of
the design is well established, as shown in Section 5.7.1. First we have to choose the
control law and the estimation law. Second, we have to consider some practical
modifications in accordance with the nature of the process. The objective of this chapter
is to show how we can design the one-step-ahead adaptive control for the cooling rate.

Some considerations on the choice of the adaptive controller are discussed in
Section 6.1. Section 6.2 copes with the problems that take place in practice. Two types of
model structures are proposed to deal with a varying time-delay in Section 6.3. The
simulation results are shown to evaluate the performance of the adaptive controller in
Section 6.4. The final comments are made in Section 6.5.

6.1 Choice of adaptive controller

The design of an adaptive controller requires an appropriate choice of the estimation
algorithm and the control law. We must also choose the model structure and the sampling
interval. There are no precise rules for the choice. Basically it depends on the nature of
the system and the objectives of the control. Therefore, it is quite important to observe the
behavior of the system, and have a physical insight into it.

When we hold the discussion about the choice, we must keep in mind the
following features of the cooling rate.

1. The objective of the control is to regulate the cooling rate. Therefore, our
concern lies in the disturbance rejection and the noise suppression. In particular,
we are concerned with how fast the controller gets rid of the disturbances,
compared with the conventional controller, PI control.

2. Goodwin et al (1984) proved one-step-ahead adaptive control is always stable
for a time-invariant linear system under some conditions as discussed in Section
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5.7.1. He also suggests the adaptive control is applicable to a “slow time-
varying system”.

However, we will use the adaptive control as a system to adjust itself to the
nonlinear dynamics of the plant. Therefore, the discussion made by Goodwin et
al for the stability does not necessarily agree with our objective. In this thesis
we just show how the adaptive control performs for this problem. More
theoretical considerations should be discussed.

3. As the problem associated with 2, the dependence of the time-delay on the
input and the state of the system completely violates the conditions that
guarantee the stability of the control.

4. The observations of the cooling rate response by the travel speed show that it
behaves like a first order system. Therefore, it is quite reasonable to
approximate its dynamics as a first order system.

We can also use a higher order model, however, it should be an
overdamped model since the cooling rate dynamics shows such response. A
bigger relative degree of the transfer function gives us a gentler slope of the
rising in the initial response by the step input. We use a higher order model
simply to accommodate such a gentler slope of the response which cannot be
described by a first order model.

5. The response of the cooling rate never shows an undershoot behavior.
Therefore the model should be minimum phase. (It is obvious that the system is
stable.)

6. Unmodeled dynamics, particularly in a higher frequency, sometimes brings
about a big constraint on the design of a controller. However, as for the cooling
rate control, we would not have to be worried about this problem, considering
the characteristics of the heat transfer. We do not have to suspect its dynamics
has a resonance in a high frequency.

In what follows we shall discuss the choice of the control law, the estimation algorithm,

and the sampling period, considering the above features of the system. We shall also
discuss the model structure in Section 6.3.
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Choice of control law

Of the control laws; prototype one-step-ahead adaptive control, weighted one-step-ahead
adaptive control, model reference adaptive control, and pole assignment adaptive control,
discussed in Section 5.7.1, a model reference adaptive controller is typically used for a
tracking problem, and is not of interest here.

The other three control schemes are applicable to a regulation problem. A one-
step-ahead controller determines the input so that the output is exactly same as a desired
output. Therefore, there is a strong possibility that the controller will excite undesirable
dynamics in a high frequency with the presence of a model error, but we are not
concerned with the problem as we discussed above. However, we can not forget the
existence of the time-delay. The estimation error would also yield bad performance with
the presence of the time-delay.

The simplest way to avoid such a bad performance is a weighted one-step-ahead
controller. The weighted one-step-ahead controller simply reduces the size of the input,
which results in the reduction of an unfavorable response.

We can also use a pole assignment controller. However, the plant is a nonlinear
system which sometimes shows a first-order-system-like response, and sometimes shows
a second-order-system-like response. Suppose the actual system is of second order and
the model structure is of first order. Then it is impossible to say how the system behaves
for the assigned poles. Therefore, the significance of the pole assignment method will be
lost. Furthermore the implementation is more complicated than that of the weighted one-
step-ahead control.

From the points discussed above, we will use the weighted one-step-ahead
controller:

Bo{ya(t+d)— (g™ )y(t) - B (g™ Hu(t)}

u(t)= Bi+A

(6.1.1)

as the control law. (See Section 5.6.2) It is known that this control yields a steady-state
error. Therefore, we may need a modification for the control if the error is unfavorably
large. There is not a theory for adjusting the weight. Therefore, we have to determine it
by trial and error until we get satisfactory performance.
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Choice of parameter estimation algorithm

Recursive least square estimation algorithm is much superior to the projection algorithm
in terms of the convergence rate. Therefore we will use the least square algorithm
because the performance of the adaptive control depends strongly on how fast the
estimation keeps up with the change of the parameters caused by the nonlinearity of the
system.

The fundamental drawback of this algorithm is that the gain matrix diminishes to
zeros with time. Once the gain matrix reaches zeros, nothing happens in the estimation.
Therefore we need to modify the algorithm to cope with this problem.

Selection of sampling period

It is recommended that the sampling period be roughly less than one fifth of the fastest
time constant of interest. The minimum sampling period available for measuring the
cooling rate is 0.5 sec due to the computational limitation of the computer. Roughly the
fastest time constant, dependent on the input, is about 3 sec. Therefore, the recommended
condition is satisfied if we use the minimum sampling period of 0.5 sec.

However, the small sampling period would have some drawbacks. First, it
increases the number of parameters that should be estimated because of the presence of
the time-delay. (See the discussion in Section 5.6.2.) Second the parameter would be
rather sensitive to the noise. (In a sense a sampling has an effect of a filtering.)

Basically, the selection of the suitable sampling period is a very hard problem,
because a minimum phase continuous-time system may transform to a discrete-time
system with unstable zeros (non-minimum phase discrete-time system) due to a bad
selection of the sampling period. If the zeros are unstable, one-step-ahead control law
may yield an unbounded input signal to the plant.

The step response of the cooling rate shows that its dynamics should be minimum
phase. Therefore, there should exist a suitable sampling period. However, we have no
clues for the selection of the sampling time due to the nonlinear nature of the system.

Considering the time-delay and time constant of the plant and the discussion
above, we will take 1 sec for the sampling time although we can not say whether it is
actually suitable.
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6.2 Practical aspects of controller design

6.2.1 Modifications of least square algorithm

Various modifications of the recursive least square estimation have been proposed to
tackle the problem that the gain matrix diminishes with time. (Goodwin (1984), Landau
(1990), Ljung (1987)) The choice of the method basically depends on the nature of the
system and the disturbance and noise imposed on the system. The simplest method
among them is forgetting factor method.

Forgetting factor method

This method proposes the recursive algorithm:

B() =B -1)+Me-1)p@t - d)e(t)
P(t-2)
Nt -1+ ¢t —d) P(t-2)¢(t — d)
p(t-1) =L {P (t-2). 2D =) 9t~ d)P(t-2) ] 6.2.1)
ni-1) n(t—-1D+¢(t—d) P(t—2)¢(t - d)
where n(t) = 7, O<n, <1

M(it-1)=

This iteration results from the minimization of the cost function:
J(®) =Y. 1, (@) - PG - )T (6.2.2)
i=1

1, is known as a forgetting factor. It is seen that it has the effect of discarding the old
data.

The constant forgetting factor method has another problem. If the data is not
persistently exciting, the gain matrix P grows exponentially. To avoid this, Fortescue et
al. (1981) proposed the following algorithm:

e(t)?
1+ ¢(t—d) P(t-2)¢(t—d) (6.2.3)
where e(t) is a prediction error.

nw=1-n
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When 7(z) =1 the estimation algorithm is essentially equivalent to the prototype least
square algorithm. Therefore the estimation is turned off when the prediction error is equal
to zero. On the other hand, the presence of the error continues the estimation. Since the
average prediction error is proportional to the term 1+ ¢(z —d)' P(t —2)¢(¢t — d), the size
of the error is normalized by dividing the error by the term 1+ ¢(t —d)' P(t—2)¢(t —d)
in (6.2.3).

In the simulation in Section 6.4 the constant forgetting factor method is used since
we have not seen the behavior of an exponential growth in the gain matrix.

6.2.2 Constrained parameter estimation

Goodwin et al. recommend some allowable range be given
to the parameter estimates if we know the boundary region.
The method to cope with the boundary is called constrained
parameter estimation. The concept of the constrained

parameter estimation is quite simple. It just selects the

point in the region surface closer to the estimates made by

the conventional algorithm discussed above when the Fig. 6.2.1 Constrained

estimate is located outside the region. However, the actual .
parameter estimation

implementation is quite complicated for an arbitrarily
prescribed region.

Consider the one-step-ahead control law. It simply drives the input so that the
future output can follow a desired trajectory. (See the equation (6.1.1).) We can easily see
the sign of the parameter f3, plays a key role to determine whether the input should be
increased or decreased to achieve the desired value. The controller would fail if the
estimate for f, has a wrong sign. Therefore we may need to constrain at least the
parameter f3;.

If we constrain only the parameter f3,, the algorithm for the constrained

estimation can be reduced to the following simple algorithm.

ﬁu (if é() > ﬂu )
By =15, GfB,<B, ) (6.2.4)
Bs (Otherwise)
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where f, is the lower bound, f3, is the upper bound and ﬁo is the estimate by the conventional
estimation algorithm.
In Section 6.4 we shall see how important the boundary limit of the parameter f, is for

the adaptive control.

6.2.3 Weighted one-step-ahead control with an integrator

The weighted one-step-ahead controller yields a steady-state error as mentioned in
Section 6.1. It is a “common sense” of control engineers to put an integrator in the control
so that we can reduce the steady-state error. We would like to discuss how we can
introduce an integrator into the weighted one-step-ahead-controller.
Introduce a new variable #(¢) such as
1-z"

i(z)= e

u(z) O<y<l (6.2.5)

and consider the cost function J(¢) such as
1 1_
JO=Z 00+ d) -y, + d))* + ﬂ,-z—u(t)z}. (6.2.6)

The system (6.2.5) is stable. Therefore the value of #(t) converges to zero if u(t) is
bounded and satisfy

limu(®)=u,_ where u_ is a constant.

=300

Therefore if }gg y,(t) = y.., then the output y(z) becomes gradually closer and closer to

Y., by the control law to minimize the cost function (6.2.6) because the value of #(f)
gradually converges to zero. Thus the control described in (6.2.5) introduces integral
action and eliminates the steady state error.

The control to minimize the cost function (6.2.6) is given by:

_ Boya(t+ ) - alg™)y() = B(g @)} + Au(t = 1) - i (s - 1)}
Bi+2

u(r) 6.2.7)
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If B, # 0 the relation between y(#) and y,(¢) is described by:

{1-Ag™)B(g)+ f}-(l ~g AWy +d)=P(g B (g )y, t+d)  (62.8)
0

We can easily verify the effect of integral action by (6.2.8).
If 3, becomes zero at some time ¢, and remains zero after the time, the discussion

above does not hold. Then the control law (6.2.7) produces such an input sequence as:
u(®)=u(t-1)—ym(-1) (6.2.9)

The equations (6.2.5) and (6.2.9) imply u(z) does not change after the time ¢,. Therefore,
the error caused by B, whose value is zero will remain as a steady-state error.

6.2.4 Scaling variables

It is recommended to scale variables so that they have the same order of magnitude. If the
values of the output variable are much greater than those of the input variable, the
elements of the matrices in the estimation algorithm may include quite large numbers and
quite small numbers. It is well known the manipulation using such matrices sometimes
yield a large numerical error. To avoid this numerical error we should scale the input
variable and the output variable so that they have a same “size”.

We use the following scaling in the simulation:

u=v-6.0

y =(cr—60.0)/20.0 (6.2.10)

where u is the scaled input variable, v is the travel speed, y is the scaled output variale,
and cr is the cooling rate.

The numbers of 6.0 and 60.0 are selected, supposing the regulation around 60 °C/sec.
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6.2.5 Modified one-step-ahead adaptive controller

We have so far discussed the modifications of one-step-ahead adaptive control to cope
with the problems that take place in practice. Figure 6.2.2 shows the control law and
estimation law in the modified one-step-ahead adaptive control.

As shown in Section 5.6.2, any ARMA model with a time-delay can be converted
to d-step-ahead prediction form:

y(t+d)=o(g ™ )y()+ Blg ™ Hu(t) = (1)’ O (6.2.11)

where (g ™) = &y +o4g” + o+ 0, g

Blg™) =B, + Byg™ +- +ﬁn,+d—1q—(nl+d-l)
o) =Ly(@,: - y(t = n)u(t), - u(t —m))
’0=[aoa"'aan7ﬂ0"“’ﬂm] ﬁo #0

Therefore the adaptive control is based on d-step-ahead prediction. Goodwin et al.,
however, call it “one-step-ahead” adaptive controller. Therefore we would like to keep
their convention and call it in this way.
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Estimation law:

(The recursive least square algorithm with a forgetting factor)
B3() = Bt - 1)+ M@t - 1)t — d)e(t)

P(t-2)
M@t -1)=
= Nt -+ —dY P(t-2)¢(t-d) (6.2.12)
P(t-1) = [P(t-Z)- P(t-2)¢(t-d) fb(t—d)P(t-Z) ]
ni-DHi nGe—1)+ ¢t —d) Pt — 2)6( — d)
Control law:

(The weighted one-step-ahead control with an integrator)
Bo{yae+d)- &gy - Bau®)}+ Aute -1 - -1}
B2+2

u(t) =

(6.2.13)
where

(- Ja(e)= (1~ g Jue) 0<y<l
Bah=Ba)-5

L

% Control law

Plant

Estimation law

|

Fig. 6.2.2 Adaptive control
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6.3 Model structure

The step response of the cooling rate is shown again in Fig. 6.3.1. Using the figure, we
would like to discuss how we determine the model structure.
The observation of this figure shows

1. When we decreases the transfer speed, the cooling rate shows a tendency of a
first order response after a time-delay.

2. However, the response shows a tendency of a second or higher order system
with some relative degree when the travel speed increases.

3. The time-delay varies, depending on the input. The figure shows it varies from

2 sec to 6 sec.
The critical problem is the & '
variation of the time-delay. In what %0 T
follows two types of possible ._g" :
model structures are proposed so S 20
that we can accommodate the
change of the time-delay. Note that g 100- Smmect . .. : .
the conditions under which the % 80;7%51__. it N e e e o e s ]
stability and the convergence to a go 6of i‘f:j;]‘ : i
desired output are guaranteed are 8 dof - Smmseef S S
violated. Therefore, both structures »oro0 ¥ Time4(;sec] £owo @
may yield an unfavorable behavior. Fig. 6.3.1 Step response

6.3.1 Type 1: Approximation of time-delay
In this type the following assumptions are made.

1. The time-delay is assumed to be the minimum value, or 2 sec.
2. The delay-free part is assumed to take a third-order transfer function:

1-5T,/2+ (T, 2 &k
1+5T,/2+(GT,)* /2 s/z+1

(6.3.1)
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so that we can accommodate the change of the time-delay.

The first fraction of the transfer function is simply Padé approximation for the
time-delay, and the second fraction is the delay-free part of the plant dynamics,
assuming the plant is a first-order system.

The assumptions above give us the ARMA model:

A(g™)y(t) = B(g™)u(®) (6.3.2)
where

Al =1+ag" +a,q9” +aq”

BlgH)=q7,+bg " +bg?) b, =0

since the z-transform of the transfer function would be written as

1—e* 1-sT,/2+(sT,)* 2 &k o (by+bzt +bz?)

V4 = 6.3.3
¢ s 1+sT,[2+ (T, 2 s/T+1 1+az7" +a,77° +a,27° (6:33)
Therefore, its predictor form is given by:
¥(t+3)=6'¢(t) (6.3.4)

where
9' = (ao""’az’ﬂo””’ﬁ4)
¢(t)t = ()’(t), : ,)’(t - 2),“(t),‘ - '9u(t - 4))

We may need to give a lower bound to the estimate of f,. We can easily
understand the value of f3, should be positive. However, we cannot determine exactly a

lower bound other than zero because the model accommodates the change of the time-
delay.
A possible problem is that the parameter 8, has a quite small value, or essentially equal

to zero. Then, the one-step ahead control law would yield a steady-state error even if the
controller includes an integrator.

6.3.2 Type 2: Multi-model structure

In this type we give the following 5 model structures. In these models the structure of
delay-free part is same, but they have different time-delay.
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A,(g™)y(®)= B,(g" u(t) (6.3.5)
where

A(g=1+a,q" +a,q>

B(g =g "P(b,+byg") b 20 n=1--5

n

In this model structure, we assume the delay-free part of the system is a second order
system.
Under the assumption above, the predictor form is given by:

y(t+d)=6,'¢()

where

d=n+2

ent =(an0’an1’ﬁn0’"°’pnm) m=n+2
¢(t)t = ()’(t)a)’(t - 1),“(1'),' : ',u(t -n-— 2))
n=1---5

(6.3.6)

All the parameters of the models are estimated based on the least square algorithm. The
estimation for a model is independent of that for another model. Therefore it requires 5
estimation cycles every sampling period. The model that provides the best prediction is
used for the one-step-ahead control. The switch-over from one model to another may take
place every control cycle.

One of the good points of this structure is that we can give a lower bound other
than zero to the parameter f3,,. Thus we can avoid a steady-state error.
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6.4 Performance of estimation and control

Some simulations are run to see how the one-step-ahead adaptive control performs for the
cooling rate control. The same step input as PI control case shown in the Chapter 4 is
used in these simulations unless the description of the reference input is mentioned.

6.4.1 Performance of Type 1 model structure

Here we discuss the performance of Type 1 model structure that is given by

y(t+3)=6'¢(t) (6.4.1)
where

@ = (ao,. ., aZ’ﬁO" . .’B4)

@) = (y(1), - y(t = 2),u(2), -, u(t — 4))

(1) Estimation and prediction

The prediction results are shown in Figs. 6.4.1 and 6.4.2. We take 0.95 as the value of the
forgetting factor. All initial values of the parameter estimates are set to zero. No
boundaries are given to the parameter estimates.

In Fig. 6.4.1 the value of the travel speed is changed stepwisely every 30 sec. In
Fig. 6.4.2 it is changed from 4 mm/sec to 6 mm/sec, based on a pseudo random sequence
(PRBS). PRBS is widely used so that we can give a persistently exciting input to the
plant. (See Landau (1990).) In this simulation PRBS is used simply to show how the
estimation performs for the input with a rich spectral in frequency.

It is seen that the prediction follows the change of the output quite well. Even at
the initial stage of the estimation, the almost same value as the actual one of the cooling
rate is predicted.

The value of the estimated parameters changes drastically every time the input is
changed. The changes would come from the nonlinear nature of the process. It is hard to

evaluate the estimated parameters. Some unrealistic estimations are observed. The value
of B, must be positive. However, it is sometimes estimated to be negative. Such

estimation would yield a bad control.
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Fig. 6.4.1 The result of prediction for varied input magnitude
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Fig. 6.4.2 The result of prediction for PRBS
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(2) Adaptive control without integrator

Figure 6.4.3 through 6.4.5 show the results of the weighted one-step-ahead adaptive
controller without an integrator. All initial values of the parameter estimates are set to
zero. No boundaries are given to the parameter estimates. We take 0.05, 0.03, and 0.01 as
the weight A of the controller.

The response involves a large steady-state error. It comes from the nature of the
weighted algorithms as discussed in Section 6.4.3. The steady-state error for the reference
input of 80 °C/sec differs from that for 40 °C/sec. When the reference input is 40 "C/sec,
the estimate of S, approaches zero. That is the reason it has a large steady-state error for
the reference input of 40 °C/sec.

The decrease of the weight A increases the slope of the response. Therefore we
can achieve a faster response by using a small weight. However, quite small weight
produces an instability by the control as shown in Fig. 6.4.5. The prototype one-step-
ahead control is equivalent to the case that the weight A is zero. Therefore the prototype
one-step-ahead-control does not work for this problem.

139



Alpha 0 Travel speed [mm/sec] Cooling rate [deg C/sec]

Beta 0

100

80

60

Actual value ‘/RefZerence input

40

Predicted value

20

50 100 150 200 250
time [sec]

g o 4

: [=7 H
................................................. ] 2

0.5} .

1

0.1

Betan

100 200 (=) 100 200
time [sec] time [sec]

Fig. 6.4.3 One-step-ahead control without integrator (A =0.05)
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Fig. 6.4.4 One-step-ahead control without integrator ( A =0.03)
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Fig. 6.4.5 One-step-ahead control without integrator ( A =0.01)
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(3) Effect of integrator

An integrator is introduced to get rid of the steady-state error in Fig. 6.4.6 and 6.4.7. In
order to see the importance of the lower limit of the parameter f,, no lower limit is given

for the case of Fig. 6.4.6 while the parameter estimate is bounded as f3, is greater than
zero in Fig. 6.4.7. In both figures we take 0.03 as the weight 4 of the controller and 0.09
as the factor yof the integrator.

In Fig. 6.4.6 the cooling rate first follows the reference inputs and reaches the
value of 80 °C/sec and gradually decreases. When 40 °C/sec is given as the reference

input, the cooling rate is driven to the wrong direction and saturates. Such bad
performance takes place due to no lower limit for the parameter f,. We can see that the

estimated value of 3, becomes negative when the reference input is 40 °C/sec. That leads
to a saturation of the control.

In Fig. 6.4.7 zero is given as the lower limit. Therefore the bad behavior shown in
Fig. 6.4.6 is not seen. The steady-state error is reduced by the integrator, but it still
remains because the estimated parameter f3, reaches the lower limit, zero.

As seen above, the integrator plays an important role to eliminate the steady-state
error. We also see that it is crucial to give a reasonable boundary to the parameter f3,.
However, it is hard to determine precisely the lower value of B, in the case of type 1

structure. The control using type 1 model structure may accommodate the variation of the

time-delay. However, if the actual time-delay is much larger than that used in the model,
we simply say B, is essentially equal to zero. Therefore we cannot determine the lower

limit other than zero.
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Fig. 6.4.6 Weighted one-step-ahead control with integrator (No limit on f3,)
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Fig. 6.4.7 Weighted one-step-ahead control with integrator (8, = 0)
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6.4.2 Performance of Type 2 model structure

Figures 6.4.8 and 6.4.9 show the response by the weighted-one-step-ahead adaptive
control which has type 2 model structure. In both cases we take 0.03 as the weight 4. As
the factor of the integrator we use 0.7 in Fig. 6.4.8 and 0.8 in Fig. 6.4.9. The value of 0.01
is given as the lower limit of the estimate of f,. The lower limit is determined by a
simple calculation shown below.

In both figures the cooling rate reaches the given input reference, and there is no
steady-state error. An overshoot takes place when the reference input is 80 °C/sec.
However, it converges to the reference quite fast. The settling time is about 20 sec, which
is about half of that in the PI control case. More comparison for various inputs will be
made later.

The parameter estimates frequently change their values, because the model
structure used for the control switches from one to another as shown in Fig. 6.4.10.
However, the input given to the plant does not change so much as the parameters vary.

The over all performance of this control seems to be better than PI control. The
controller produces a step-wise input signal as soon as the reference input changes. That
results in a faster response.

(1) Lower limit of the parameter j,

In type 2, we assume the delay-free part of the process is a second order system. The
second order system is used simply to accommodate a gentler rising just after the step
input is given. Therefore, the second order system would have the form:

abK

m where a and b is positive real. (6.4.1)

We also assume a << b. Therefore the mode associated with the parameter a is slower
than that associated with the parameter 5.
The z transformation of the transfer function yields
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1-exp(-sT)  abK Az '+ Bz

A s (s+a)(s+ b)) - (1-exp(-aT)z )1 —exp(-bT)z™") (6.4.2)
where
A=k (b - a)-bexp(-aT) + aexp(-bT)
(b-a)
Bk aexp(—aT)(1 - exp(=bT)) — be(—bT)(1 — exp(—aT))

(b-a)

We are concerned with the value of A. Since a << b we could roughly
approximate the value of A as:

A =k(1-exp(—aT)) (6.4.3)

The observation of the step response shows the longest time constant of the
system is about 10 sec and the gain between the scaled input and the scaled output is 0.2.
Therefore we obtain the values:

a=1/10

6.4.4
k=02 ( )

Using the above values, the equation shows A =0.019.
The value of f, is equal to the value of A. Therefore 0.01 can be taken as the lower limit

of B,.
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Fig. 6.4.8 Weighted one-step-ahead control with type 2 structure (A =0.03, ¥y =0.7)
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Fig. 6.4.10 Change of model structure (4 =0.03, y=0.8)

(2) Comparison between weighted-one-step-ahead control and PI control

Figure 6.4.11 shows the comparison between the responses of the weighted-one-step-
ahead control with type 2 structure and PI control. The same values as used in Fig. 6.4.9
are taken for the factors associated with the control. As mentioned above, the weighted-
one-step controller achieves a faster response than PI controller. The settling time is about
half of that of the PI controller.

Although the stability is not guaranteed from a theoretical point of view, any
unstable behavior does not take place. The model structure used for the control switches
over from one to another as shown in Fig. 6.4.12. However, no bad behavior is caused by
such frequent switch-over of the models.
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Fig. 6.4.12 Change of model structure

In Fig. 6.4.11, the oscillatory control action is observed when the reference input
is changed. The frequent oscillation is sometimes unfavorable for the machine. To avoid
this, the weight A needs to be increased. Figure 6.4.13 shows the response when A and
y take 0.1 and 0.5 respectively. The increase of A increases the stead-state error, and
requires more integral action. Therefore, ¥ has smaller value than the case in Fig. 6.4.11.
The figure shows that the oscillation is reduced, but the response is slower that in Fig.
6.4.11. There is the case where the response is even slower than that of PI control. We
can also see some rather big overshoots. Thus, when we use the one-step-ahead control
scheme, there is a trade-off between the performance and the control action.
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Fig. 6.4.13 One-step-ahead-control and PI control (A =0.1, ¥ =0.5)

6.5 Concluding remarks

The objectives of using adaptive control are to deal with the nonlinearity of the system.
Therefore, the rapid adaptation to the change of the system structure and the parameters is
crucial. From the point of view, the recursive least square algorithm is quite satisfactory.

Two types of model structures for the weighted-one-step-ahead adaptive control
are proposed to cope with a varying time-delay. Since the type 1 structure completely
violates the conditions for successful adaptive control, it fails to control the cooling rate.
On the other hand, the type 2 structure succeeds in it and shows a quite good
performance.

The simulation shows the control with the type 2 model structure performs better
than PI controller. The settling time can be reduced to almost a half of that of PI control.
From the theoretical point of view, the stability is not guaranteed. However, we do not
observe any unstable behavior in the simulation.

153



It depends on the nature of the plant whether one step-ahead adaptive control
works. For the cooling rate control its applicability is supported by the fact:

1. The system can be approximated by a first order system or a second order

system with a relative degree 2.

2. Unmodeled dynamics is negligible. The system does not have a resonance in a

higher frequency.

Feature 2 is crucial when we use this control scheme. If not, we would have to degrade
the performance of this control due to a possible excitement of an undesirable high
frequency mode, which may produce an unfavorable behavior. Thus, the merit of the
adaptive control would diminish.

The constraints given to the parameters play a key role for this control scheme.
From the theoretical point of view the convergence of the output to a desired value is
guaranteed if the system is time-invariant and linear. However, the convergence of the
parameter estimates to the actual values is not necessarily guaranteed. (See the
discussions by Slotine et al. (1991).) In our problem the system is nonlinear and more
complicated. Therefore there is a big possibility that the parameter estimates are driven to
undesirable directions, even if the output prediction by these parameters meets with the
sequence of the actual output data. If we use the parameters without any consideration,
the control may result in an unfavorable result. In particular the parameter f3, is quite
important since it determines whether the input should be increased or decreased when
there is an error between the output and the reference input. The only way to avoid a
failure of the control is to place a constraint on the parameter estimation.

It is obvious from the nature of the adaptive control that it can cope with the
problem for the unknown plant perturbation, which is a typical problem in manufacturing
systems. In the simulation only the performance for the step response is shown, although
we are particularly concerned with a disturbance rejection. However, the performance for
the disturbance rejection is closely related to the performance for the command
following. Therefore better step responses result in better rejection of the disturbance in a
low frequency. From the nature of heat transfer we do not have to consider a disturbance
in a higher frequency. Therefore the control must show a good performance for the
disturbance rejection. Further discussion will be found in Chapter 8.

One step-ahead adaptive control sometimes brings about the oscillatory control
action, which may be unfavorable from the view point of maintaining the machine. To
avoid the oscillation, we have to sacrifice the performance of the control. Therefore, there
is a trade-off between the performance and the control action.
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Chapter 7

Application of Control Using Neural Networks
to Cooling Rate

In this chapter we discuss the application of control using neural networks to the cooling
rate. The issues of our discussion are as follows.

1. How accurately can neural networks approximate nonlinear systems?

2. How fast can neural networks identify nonlinear dynamic systems?

3. What is the drawbacks of neural networks?

4. What kind of control scheme can be used for the cooling rate?

5. How can we design the control?

6. How does the control perform?

Neural networks are quite attractive from the viewpoint that we can approximate any
nonlinear system. However they will have limitations like any other methods. Therefore
first we have to know the limitations. Then we design the control, considering the
limitations.

Section 7.1 reviews an error back-propagation method, which is widely used for
the identification of the parameters in multi-layer neural networks. We also present back-
propagation with a distal system, which is used for the design of the control using neural
networks. Section 7.2 deals with nonlinear identification problems. In particular we pay
attention to two identification methods, series-parallel identification and parallel
identification. The parallel identification based on a conjugate gradient method is
proposed. The performance of the approximation and the identification by neural
networks are discussed in Section 7.3. Based on the discussion in Section 7.3, a feasible
control structure using neural networks is discussed in Section 7.4. In particular we pay
attention to Smith’s principle, taking into consideration the limitations of neural
networks. Section 7.5 deals with the identification of the nonlinear model for the cooling
rate. In Section 7.6 we discuss the control using neural networks for the cooling rate. The
performance of the control is also discussed there. The concluding remarks are made in
Section 7.7.

155



7.1 Back-Propagation method

7.1.1 Algorithm of back-propagation

The recent advancement in the computation by neural networks is due to the algorithm of
an error back-propagation method. The basis of the back-propagation is simply an
incremental gradient descent method discussed in Section 5.4.2. As mentioned in Section
5.3, multilayer neural networks have a structure:

ol = p(net™) i=1---numin] (7.1.1a)
num[n-1]
net" = Y wilol"™  i=1-- numln] (7.1.1b)
j=1
0, =0§N] i=1---num[N] (7.1.1¢c)
oi[O] = L i=1---num[0] (7.1.1d)
n=1.--N

where o denotes the output of the i-th cell in the n-th layer, ¢() denotes a nonlinear
function the cell, w}j"] is the weight from the j-th cell in the (n-1)-th layer to the i-th cell in
the n-th layer, O, is the i-th output of the neural network, and 7, is the i-th input of the
neural network, and num[n] denotes the number of the cells in the n-th layer.

The typical cost function is given by:

num[N1] 1

Ew)= 3, ~(T, - 0Dy w={Ww" (7.1.2)

1=1

where {T,1I}, ={T| - T, x> L5 s Luumior}: 18 @ t-th sample data in which 7, denotes a
sample data for the output and I, is a sample data for the input. The rule updating the

parameters is given by the gradient descent method:

JE(w)

[n] _ _
awif

7 Step size (7.1.3)

Therefore, our task is to calculate the derivative dE(w)/dw}"” . Using the chain rule and

assuming @() is differentiable, we can get
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3E(w) _Z BE(w) anet}:n ‘p( t["]) 2 BE(w) [n+1]

[n]
= ¢’ (net™)
aneti[n] - anet,[cnﬂ] a i[”] an [n+1]

(7.1.4)
The introduction of a new parameter 6" (= JE(w)/dnet™) rewrites (7.1.4) as

St = Z Slrihplrs) @' (net™) (7.1.5)

k

Since 8™ in the final layer is given by

OE(W) a
5" = onet™ - Bneti[Nl( ,2; (T 0))=(T,-0)¢’ (nett™)  (7.1.6)

we can calculate 6™ backward from the final layer to the first layer by (7.1.5) since we
know the function @(). Finally we can obtain E(w)/dwl"! b

OE(w)  OE(W) onet™ }
= = 6ol (7.1.7)
WM Onet™ gwir !

Obviously we have to calculate @’(net!™) to get 8™ by (7.1.4). To do so, first

we calculate them forward from the first layer to the final layer by (7.1.1), and then we
calculate 8" backward. The equations (7.1.5) and (7.1.6) show the error looks like to be
back-propagated from the final layer to the first layer. That is the reason the algorithm is
called “Error back-propagation”.

As the function @(), the logistic function 1/(1+4exp(—x)), the sigmoid function
(1 -exp(—x))/(1+exp(—x)) and tanh(x) are widely used. Thus, the calculation of
@’ (net™) is quite easy.

7.1.2 Back-propagation with a distal system

In this section we deal with the minimization problem where we have a distal system as
shown in Fig. 7.1.1. The objective is to find the neural network such that it minimizes the
cost function:
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L
Ew)=Y ~(T,-Y,)’ (7.1.8)

1
= 2

where Y, is the output of the distal system, not the output of the neural network.

We can see the neural network becomes an inverse model of the distal system.

J v

T—9»{Neural network P> Diswlll?g)swm —»O— Error
+

Fig. 7.1.1 Neural network with a distal system

For this minimization problem, we can also apply a back propagation method if
the distal system is differentiable and we also can manipulate explicitly the differentiation
of the distal system.

Instead of (7.1.6) in the back-propagation algorithm, we use the equation:

JE(w) d Ny ou
N] — = 2T
% onet™  onet™ (; 2Ti-1)= Z(T 2 Z du; onet™

wniN]

" (7.1.9
—2<T, 25) l"% (net™)

where h(u) = (b (w)--- h,(u)) is the distal system with the inputu = (u, - -- Upiminy)

It is sometimes the case that we cannot explicitly calculate the derivative of the
distal system. In this case, we can resort to neural networks again. The idea is first to
make the model for the distal system by a neural network, and then to create the second
neural network by the method (7.1.9). Therefore, the function A(x) in (7.1.8) is also a
neural network. In this formation the derivative of the neural network describing the
distal system can be calculated in the similar manner to the back-propagation by the chain
rule.

The design of the nonlinear controller using neural networks is based on the
minimization of the cost function represented by the performance of the resulting
controlled system. The controller optimizes the performance via the plant dynamics.
Therefore, the framework of this problem is essentially parallel to the back-propagation
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problem with a distal system. The back-propagation with a distal system will be used for
the design of the nonlinear controller for the cooling rate in Section 7.6.1.
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7.2 Identification by neural networks

7.2.1 Series-parallel identification and Parallel identification

As discussed in Section 5.3.2, Narendra et al. (1990) proposed two types of identification
methods, parallel identification and series-parallel identification. They are given by the
identification structures:

Parallel identification
$(t+1) = NN[Y(@),y( = 1), -+, 3(t = n+ 1), u(t),u(t = 1), - -,u(t —m+1)] (7.2.1)

Series-parallel identification
y(¢+1) = NN[y(2), y(t — 1), -, y(¢ = n+ 1),u(2), u(t = 1), - -,u(t = m +1)] (1.2.2)

where y(#) is the output of the plant, and y(¢) is the output of the model.
We identify the parameters so that the cost function

E=Y () -5®)) (7.2.3)

is minimized.

The model structures are same for both cases, but how the parameters are identified is
different . The results by both methods seem to be identical. However, there are the
following big differences.

1. We cannot use back-propagation for the parallel identification. Suppose we
change the parameters by back-propagation to reduce the output error. We easily
see the change of the parameters also brings about the change of all the values of
y(k),y(k —=1),---,9(k —n+1) because they are also the estimates by the neural
network. Therefore, back-propagation does not necessarily reduce the output
€rTor.

2. By similar reasoning we can see that back-propagation can be used for the series-
parallel identification.
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7.2.2 Series-parallel estimation and parallel estimation

Two types of identification problems in the previous section also suggests the following
forms of estimation:

Parallel estimation
The parallel estimate §(¢) is calculated by:

y(t+1) = NN[y(@®),¥(t — 1),---, y(t — n+ 1),u(t),u(t - 1),- -, u(t —m+1)] (7.2.1)
given the initial state [y(n —1),---, y(0)]

Series-parallel estimation
The series-parallel estimate y(t) is calculated by:

y(t+1) = NNIy(@®),y(t — 1), -, y(t — n+ 1),u(t),ut — 1), -, u(t —m+1)] (7.2.2)

The parallel identification creates a neural network that produces a good parallel
estimate. The series-parallel identification yields a model with good performance for the
series-parallel estimate. However, we can not say anything about the performance of the
parallel estimate when we take series-parallel identification, because an estimate error at
a time would yield the error of the parallel estimate successively from the time on.

To see the above statement more clearly, consider the following simpler linear
plant:

y(+1)=0.5y(2) + 0.5u(z) O<u(r)<1

Then 0<y(z)<1. Now let us suppose that we want to make a model of the above plant,
which has the square error ((y(¢) — $(¢))*) less than 0.0001, and we get the model that is
given by:

¥(t+1)=0.49y(2) + 0.5u(t)

When we use this model as the series-parallel estimation model:

y(t+1)=0.49y(t) + 0.5u(t)
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the square error is always less than 0.0001 because the output of the plant is within the
range from O to 1.0 and the parameter error is 0.01. Therefore, the model is sufficient for
the series-parallel estimation. However, if we use the model as the parallel estimation:

(¢ +1) =0.49(2) + 0.5u(z)

the square error is not always less than 0.0001. For example, consider the steady-state
response when u(z) = 1. Then the plant output y(¢) is equal to 1.0, but the estimate y(¢) is
equal to 0.98 (=0.5/0.51). Therefore the error is 0.0004, and the model does not satisfy
the given condition. We need a more accurate model for the parallel estimation. If the
system is nonlinear, the nonlinear model would bring about a bigger error for the parallel
estimation, while it would suffice for the series-parallel estimation.

Next we pay attention to the identification. As discussed in Section 5.4.2, the
nonlinear model is identified by minimizing the quadratic error. The small error yields
the small adjustment of the model parameters. Suppose we use the series-parallel
identification, and eventually we get the model that yields a favorably small quadratic
error, which would almost halt the adjustment of the parameters. However it may not
suffice the parallel estimation for the above-mentioned reason. In other words the series-
parallel identification tends to be more insensitive to the adjustment of the parameters
than the parallel identification. Therefore, if we need a model sufficient for the parallel
estimation, it would be better to use the parallel identification.

The difference between the series-parallel identification and the parallel
identification is quite crucial to the design of a controller. If we use one step-ahead
predictive control and an adaptive control scheme, we may use a series-parallel
identification, because the control only requires an accurate prediction at the one step
ahead by using the present and past output of the plant.

However, if we use Smith’s method, the control requires an accurate estimate at
all times without referring to the actual output of the plant. It implies that the model must
show good performance for the parallel estimation, and the series-parallel identification
may not work for this problem.
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7.2.3 Conjugate gradient method for parallel identification

As mentioned above, we cannot apply an incremental identification method for the
parallel identification problem. Therefore we will resort to a batch identification method.
There is no reason we have to use the descent gradient method for the batch
identification, because it is the most inefficient for the minimization problem.

In Section 5.4.2, we discussed some methods for the nonlinear minimization
problem. Above them the conjugate gradient is thought of as the most efficient method.
(See the discussion by Press et al. (1992)) Therefore, we will use the conjugate gradient
method for the parallel identification.

We have already discussed the algorithm of the conjugate gradient method.
Therefore, we will constrain our interest on how to get the derivative of the cost function
because the conjugate gradient method requires it. The manipulation is rather
complicated, as shown below.

Consider SISO system which is given by

5](t+ 1) = NN(&(I‘)’ : "Sl(t— l)’u(t)’° : 'su(t - m),W)

[n]
w={w; Yi<icnuminlis j<mumin-1)1n<N

(7.2.4)

The neural network takes the form (7.1.1), where num[N]=1, and num[0]= [+ m + 2.
The cost function is given by

T
Ew)= Y (3() - 5®))’ (7.2.5)
t=I+1 o

given the initial state $(0) = y(0),--, (1) = y(l)

Therefore the derivative of the cost function can be written as:

E
a;;uf[::]) t_zh,l(y(t) yO)—= ?w([fg (7.2.6)

The notation d5(z)/ ow} is rather confusing, because it has two interpretations:

(1) The ordinal derivative
(2) The derivative including the whole effect of dy(l + 1)/owi

To avoid the confusion, we will use the notation:
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I'5(t)
! (7.2.7)
g

for the latter case.
Therefore we must rewrite the equation (7.2.6) as

ﬁ;) ,él( y(®) = 3(®) aw}:[(,,? (7.2.8)

Considering the model structure (7.2.4), we can easily see 9*5(r)/dwl” is given by

) _ B & H) IIe-A) 5
awl[jn] - aW,!j"] +%3§l(t—l) aW,-[j"] (7.2.9)

Using the chain rule, we can obtain

H@) _ @) o = 5[n]o[_n—l]
aw‘!jn] anet[n] ] j

@) W) B £yl
dH(t—2) o ‘Zanet,[:l ;

&= a,,iﬁfi)(t)-z anat{,(fx)l(t) Wi ! (net(1) = 3 6w (et @)
i k

(7.2.10)
where 0} =$(t—A) A=1--,1+1

Therefore, we can determine 99(r)/dwX” and 35(z)/d5(z — A) in (7.2.9) via the variables
&£ by the algorithm (7.2.10) which is similar to the back-propagation. Thus we can get
3*5(t)/wl by iteratively summing J§(z)/owl” and 35(¢)/d5(t~ A) for all the sample

data as shown in (7.2.9). Finally dE(w)/dw}" can be obtained by (7.2.8).

The computation above is executed every time the conjugate gradient algorithm

searches the line minimum. Therefore it needs a large number of computations. However

there is no better method than this for the parallel identification, and we will see later that

this method is superior to the back-propagation.
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7.3 Approximation and identification by neural networks

In this section we discuss how neural networks behave for nonlinear problems. Section
7.3.1 deals with the approximation of nonlinear systems by neural networks. In Section
7.3.2 we discuss the identification of nonlinear dynamics by neural networks.

7.3.1 Approximation of nonlinear systems

Figures 7.3.1 and 7.3.2 show the approximation of sinusoid functions by neural networks.
In Fig. 7.3.1, y=0.5+0.5sin(x) is used as a nonlinear function and fourteen sample
data are given for the approximation. In Fig. 7.3.2, y =0.5+0.5sin(x, + x,) is used, and
thirty-six sample data are given. The neural network has the configuration of 3 layers
with 10 cells in the hidden layer. The sigmoid function is used as the cell. We use back-
propagation for the identification. Figures 7.3.1 (1) and 7.3.2 (1) show the approximation
results. In these figures the broken lines show the results while the parameters are being
updated by the back-propagation, and the final approximation is given by the solid line.
Figures 7.3.1 (2) and 7.3.2 (2) show the approximation error against the number of
iterations.
From the figures we can see the following characteristics of this approximation.

1. The sample data are well interpolated by the neural network.

2. Although it is natural, we can not say anything about how the neural networks
behave for the extrapolation outside the region where the sample data are given.

3. The back propagation method requires a fairy large number of iterations. For the
given cases, we need at least 5000 iterations. Such large number of iterations
comes from the difficulty of the nonlinear minimization problem and the bad
convergence of the incremental gradient descent method as discussed in Section
54.3.
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Fig. 7.3.1 Approximation by neural networks (Single input single output case)
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s 2 inputs and 1 output case
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Fig. 7.3.2 Approximation by neural networks (Two inputs single output case)
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7.3.2 Parameter identification of dynamic systems

In this section we discuss how neural networks can identify the unknown dynamics. To
simplify the discussion, the plant is assumed to be a simple first order system:

1
=— 3.1
G(s) i1 (7.3.1)

We take 0.5 [sec] as the sample time. Therefore, the corresponding ARMA model is
given by:

t+1)=ay)+ 1 - a)ul(t
y(t+1) = oy(2) + (1 - a)u(r) (73.2)
o =exp(-0.5)
We assume we know the structure of the plant model. Therefore, the corresponding
neural network model is given by

y(t+1) = NN(y(2),u(?)) (7.3.3)

The series-parallel method by the back-propagation is used for the identification.

(1) The case of the sinusoidal input (Persistently exciting in linear system)

In this case a pure sinusoidal input is given to the plant to identify the parameters of the
neural network model. Figure 7.3.3 shows how the identified neural network behaves,
responding to the sinusoidal input used for the identification. The neural network is used
as a parallel model. In this simulation, the neural network has a structure of 3 layers with
10 cells in the hidden layer. We need more than 10000 iterations to get a satisfactory
result. The figure shows that the response by the neural network is almost identical to the
response of the actual plant. Note the series-parallel identification succeeds in getting a
satisfactory parallel performance for this problem.

However, the response is aggravated when we use the input other than that used
for the identification. Figure 7.3.4 shows the response of the neural network when various
step inputs are given to the plant. We can see the response differs from the actual plant.
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Figure 7.3.5 shows how the neural network has created the mapping from the
inputs y(z) and u(t) to the output y(z+1). The mapping should be a flat plan in the three-
dimension space, but the neural network creates a winding plane. That is the reason it
shows a bad response to the inputs other than that used for the identification.

The simulation shows the following results:

1. The neural network can produce a signal well approximated from the sample
signal given by the actual plant.

2. Even if the input is persistently exciting, we can not always get a well-identified
model. Consider the above case. The sinusoidal input is persistently exciting for
the first order linear system. Therefore if we use a linear model the input is
enough to get a satisfactory identification. However, it does not hold for the
identification by neural networks.

Considering the characteristics of neural networks, the above discussion is quite
natural, because the neural networks work well simply for the interpolation of the data.
However, we cannot guarantee anything for the extrapolation as discussed in Section
7.3.1. Therefore, the reasonable selection of a sequence of input is quite important for the
identification of the system by neural networks.

However, a question arises: How can we make a reasonable sequence of input?
Consider the first order system. The system is given by

y(e+1) = f(y(2),u(r))

where the function denotes the mapping from the 2-dimensional space of interest Q_ to
the one-dimensional space ). More precisely the relation can be written as

[:Q, > Q where Q, c R and Q, c R’

The relation above says a set of the input-output pair {y(z),u(z)} should be
sufficiently distributed in the region Q.. As shown below it is realizable, if the system is
of first order. However, if the system is of higher order we can not make such a
statement. We can simply say the input given to the system has to be sufficiently rich not
only in frequency but also in magnitude. Therefore it requires many experiments to get a
satisfactorily identified model.
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Fig. 7.3.5 Mapping created by neural network
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(2) The case of step input with various magnitude

As discussed above, the input given to the plant should be sufficiently rich in frequency
and magnitude. If the system is of first order, it is sufficient to give a step input with
various magnitudes to the plant as shown in Fig. 7.3.6 to get well-distributed input-output
pairs. Fig. 7.3.7 shows the distribution of the sample pairs {y(#),u(#)} of the case in Fig.
7.3.6. We can see the sample data are distributed in the region of interest.

Fig. 7.3.9 shows the mapping created by the neural network. The mapping almost
meets with the actual plant. Thus the neural network produces a satisfactory response for
the input other than that used for the identification, as shown in Fig. 7.3.8, where we can
see a good agreement between the response of the neural network and that of the actual
plant for the sinusoidal input with some frequencies.

Response to sample input

i P " H L - T 1 T
...... Input
—=—=Output of actual plant
—— Output of identified
neural network

LA

output

time

Fig. 7.3.6 Response to step input with various magnitude
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Result of identification by neural network

Fig. 7.3.9 Mapping created by neural network
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7.3.3 Concluding remarks

The simulation above for the linear first order system shows the following results, which
would yield some problems for the actual implementation.

1. Back propagation requires a quite large number of iterations.

2. The interpolation of the data is well established by neural networks. However, we
cannot guarantee anything about the extrapolation. Therefore, if the region of
interest is larger than the region where the sample data are given, the identified
neural network may produce a wrong output.

3. The input given to the plant for the identification should be rich with respect to
frequency and magnitude. However, there is no theory for how we can construct
such an input signal.

4. The discussion 3 implies that the identification requires a large number of
experiments.

S. If the plant is of first order, we have only to give a step input with various
magnitudes to achieve the signal discussed in 3.

6. The visualization as shown in Figs. 7.3.5 and 7.3.9 is helpful for understanding
the nonlinear behavior of the system.

7. If the plant is of higher order, we may have to determine the input signal by trial
and error. Furthermore, we have no way to ensure how the neural network
behaves except through the repetition of laborious simulations because the neural
network just creates a mapping from the inputs to the outputs. The values of
parameters do not give us any suggestion about the properties of the system unlike
the case of linear systems. The visualization shown in Fig. 7.3.5 and 7.3.9 may
not always be applicable.

175



7.4 Selection of control using neural networks

Some nonlinear control methods were discussed in Chapter 5. It is crucial to select the
most feasible method, considering the drawbacks of neural networks. In this section we
discuss the control scheme feasible for our problem.

7.4.1 Feed-back control with fixed parameters or adaptive control?

As discussed in Section 5.1.4, we must consider two types of control, feed-back control
with fixed parameters and adaptive control, as the feasible control schemes using neural
networks.

First let us consider adaptive control. All methods discussed in Section 5.7.2 use a
back-propagation method (an incremental gradient descent method) as a parameter
estimator. However, as mentioned in Section 5.4.3 and Section 7.3.3, the incremental
gradient descent method has a fundamental drawback: quite slow convergence. The
convergence is 100 times or more slower than that of linear estimations such as a
recursive least square algorithm. (See the figures in Section 7.3.1, and the papers by
Narendra (1990, 1991) and Chen (1990). It requires ten thousands of iterations or more to
get a satisfactory result.) Obviously controller adaptation strongly depends on how fast
the controller estimates the parameters. Therefore, it seems to be almost impossible to
apply the adaptive scheme to the control of the actual plant from a practical view point.

From the discussion above, we can not but use a nonlinear feed-back control with
fixed parameters. In general the design of the controller with fixed parameters is simpler
than that of the adaptive scheme. However, we still raise many questions:

(1) How can we design the controller using neural networks?

(2) How can the stability be guaranteed?

(3) How is the robustness?

and so on.

In this thesis we will focus on the design method, and just show how the nonlinear
controller using neural networks performs for the control of the cooling rate.
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7.4.2 Model structure

As discussed in Section 5.3.2, Narendra et al. proposed four types of model structures.
We have to choose the suitable one. However, we have no clue for the choice because we
do not know clearly what properties each model structure has.

As seen in Section 5.6, almost all nonlinear control methods are based on the
cancellation of the nonlinearity of the plant dynamics. Therefore, a better model
necessarily shows better performance because we will use the scheme of feed-back
control with fixed parameters. Therefore, we have no way other than to choose the most
general structure, model 4:

y(t+1) = NN(y(t), y(¢t = 1), - u(t),u(t = 1),--) (7.4.1.3)

If we take an adaptive scheme, we may be able to use a structure which we can treat more
easily such as model 1 and model 2:

n—-1
yr+1) = 2 o y(t — i)+ NN[u(t),u(t - 1), -] (model 1) (7.4.1.b)
i=0
m-1
y(t+1) = NN[y(t),y(t = 1),---]+ Z Bu(t—i) (model 2) (7.4.1¢)
i=0
7.4.3 Order of model

Obviously the model should accommodate all behavior of the plant. However, as
discussed in Section 7.3, the increase of the order of the nonlinear model leads to the
complex design of the experiments for the identification. Simple observation of the
cooling rate response shows that a first order model seems to be enough to accommodate
and approximate the dynamics, ignoring the effect of the time delay. Therefore, we will
use a first order model as the delay-free part of the cooling rate dynamics.

The discussion above does not always hold for other systems. Therefore, control
using neural networks would have severe limitations until we establish the design method
of the experiments for the nonlinear identification.
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7.4.4 Treatment of time-delay

Two types of control methods, Smith’s method and one-step-ahead predictive control,
were discussed in Section 5.5. The predictive control was used as a linear adaptive
control law in Chapter 6.

First let us discuss the applicability of the predictive control. Consider a nonlinear
time-delay system whose delay-free part is of first order. Then, the ARMA model is
given by

Y(t+1)= NN, (y(®),u(t ~d +1)) (7.42)

The predictor form can be written as:

y(t+d)=NN,(y(t+d -1),u(t))
= NN, (NN, (y(t +d — 2),u(z —1),u())

(7.4.3)
= NN, (y(0),u(t),u(t = 1), u(t —d +1))
The predictive control is to look for the function NN, () such that
¥, (t+d) = NN, (y(),u(t),u(t = 1), u(t —d +1)) 44

u(t) = NN (y(@),u(t = 1), u(t —d +1),,(t + d))

Therefore, we encounter again the problem of designing the nonlinear function NN, ()

which has more arguments than two. The design would be difficult for the same reason as
nonlinear identification of a higher order system. Therefore, the concept of predictive
control:

1. Identify the unknown parameters in a predictor form.

2. Design the control based on the predictive form.
could not be applied even if the delay free part of the system is of first order.

To avoid the complexity of the design, we had better use Smith’s method, because
we can ignore the time-delay and design the controller simply for the delay-free part.
The problems for Smith’s principle are

1. We may not use a series-parallel identification as discussed in Section 7.2.

2. Therefore, we may not use a back-propagation method for the identification.
The control system based on Smith’s principle has a structure shown in Fig. 7.4.1.

178



3 y(®
Plant (7
+
Neural network Neural network | A A
+ t
yd(t)—O—r for controller | for plant model Y(+d) o) 74 YO
yr(t) NNc u(t) NNp

Fig. 7.4.1 Control based on Smith’s principle

7.4.5 Control based on Smith’s principle

(1) Feasible control law in inner loop

The control in the inner loop is a nonlinear feed-forward control based on an identified
nonlinecar ARMA model. The following control methods can be considered, based on the

discussion in Section 5.6. The design of the controller is to look for such a neural network
NN, as is given below.

Predictive control
NN, (y(2), NN, (y(2),y,(£))) = y,(2) (7.4.5)

Feed-back linearization
NN, (y(t), NN (y(2),y,())) = y,(£) — k(y,(2) = y(2)) (7.4.6)

Weighted predictive control
u(t) = NN, (y(t),y,(t)) such that minimizes

E = (NN,(y(®),u(t)) = y,(6))* + Au(t)’ (7.4.7)

Generic model control

NN, (y(2), NN, (y(®), y,())) = k,(3,(8) = y®)) + &, >, 0,() - (7)) (7.4.8)
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We can use the back-propagation method with a distal system for generating the
neural network NN, (). The further discussion will be found in Section 7.6.

(2) Other issues associated with Smith’s principle
Outer loop

The inner loop has no feed-back. Therefore, all the plant deviation from the model is
accommodated by the outer loop. The deviation will be caused by some factors such as a
nominal model error, a plant perturbation, and a disturbance.

The outer loop seems to be too simple to accommodate the above deviation, as
shown in Fig. 7.4.1. Therefore, we had better add some functions to this feed-back loop.
However, the modification is quite difficult because both the plant and the controller are
nonlinear, and there are no techniques to analyze the problem.

We can easily see this configuration can not eliminate a steady-state error because
there is no integral effect in the control. Therefore it may be better to add at least an
integrator to this loop.

Varying time delay

If the time-delay in the model has an error, the performance of the control will be
degraded. Therefore we have to know the exact value of the time-delay. However, the
time-delay of the cooling rate varies by the input and the state of the plant. Therefore, we
must estimate it on-line. Unfortunately we have no method to estimate the time-delay in
this way.
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7.5 Identification by neural networks for cooling rate

In this section we discuss the nonlinear identification by neural networks for the cooling
rate. The discussion is held by the simulation based on the analytical model. In
accordance with the discussion in Section 7.4 we use a nonlinear first order system with a
time-delay as the model describing the dynamics of the cooling rate.

7.5.1 Input given for the identification

Figure 7.5.1 shows the travel speed given for the identification of the cooling rate
dynamics. The simulation result of the response of the cooling rate is also shown in the
figure. The condition for the simulation is same as the previous chapters. The travel speed
is selected from the following points based on the discussion in Section 7.2 and 7.3.

1. Since we assume the system is a nonlinear first order system, the step input with
various magnitudes is given for the identification. The step input is also beneficial
to observe the time-delay clearly. If we use other inputs, we can not see the effect
of the time delay precisely due to the phase shift of the system.

2. Since we use Smith’s principle for the control, we have to identify the
dynamics of the delay-free part. Therefore, after we get the response, the data of
the input signals are shifted so that there seems to be no time-delay. The shifted
travel speed is plotted in Fig 7.5.1.

3. The time-delay is dependent on the input. To deal with the varying-time delay,
first the time-delay that takes place every step input is measured, and then each
step input data is shifted by the value corresponding to the measured time-delay.

In the method above, we assume that the time-delay is determined by the initial value and

the final value in the step-wise change of the input. This assumption is not necessarily
true, but there is no way to measure the exact time-delay in the transient response.
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Fig. 7.5.1 Sample data for the identification by neural networks

7.5.2 Result of series-parallel identification

Fig. 7.5.2 shows the result of the series-parallel identification using the sample data
shown in Fig. 7.5.1. In the identification the cooling rate is scaled in the same manner as
adaptive control as shown in (6.2.10). We use a nonlinear model of first order, following
the discussion in Section 7.3. The neural network has 10 cells in the hidden units. The
identification is made by the back-propagation method.

In Fig. 7.5.2 the actual plant output, the series-parallel estimate, and the parallel
estimate are shown. The series-parallel estimate completely follows the actual plant
output. Therefore the neural network has a capacity to make a quite good one-step ahead
prediction. However the performance of the parallel estimate is not always satisfactory as
seen in the figure. This result comes from a presence of the model error, as discussed in
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Section 7.2. The neural network obtained by the series-parallel identification, therefore,
can not be used for Smith’s principle, because Smith’s principle requires good
performance for the parallel estimate.

The identification by back-propagation converges to a minimum with about
300000 iterations. A very small step size was required to get a reasonable result.

Response to sample input
100 ; ) ; TT -
47| RSSO ........................ ................... . 5% .
; Parallel estimate ;
Series-parfallel estimaﬁa '
= : HE |
=3 : i
g i
[0 E——— 1
.................... SRS SRR SR N

time

Fig. 7.5.2 Series-parallel identification

7.5.3 Result of parallel identification

As shown in Section 7.5.2, the series-parallel identification does not produce a
satisfactory result of the parallel estimate y(z).

In this section we use the parallel identification based on the conjugate gradient
algorithm discussed in section 7.2.3. Figure 7.5.3 shows the result by the parallel
identification. Good performance is observed, although there is a small error.
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The conjugate gradient method also required a quite large number of iterations
due to redundant but necessary computations in the line minimization. (In the algorithm,
the line minimization is executed by the algorithm of Brent’s method. This method is
quite reasonable and considered to be the most efficient algorithm. Even if so, it
sometimes shows unavoidable redundancy.) In the case of Fig. 7.5.3 we needed 200
iterations, which corresponds to 120000 iterations in the back-propagation method.

Although the conjugate gradient method needs a quite large number of iterations,
we obtained a satisfactory performance, which has never achieved by the series-parallel
identification. We shall use this neural network as the plant model. Figure 7.5.4 shows
the obtained map f:{y(¢),u(s)} = y(¢+1). We cannot explain anything about why we get
such a mapping. However, we can see the model must be stable by simply observing how
the line y(¢+1)= f(y(¢),u(t)) with a constant u(t) crosses the equilibrium line
y(t+1) =y(@).

Response to sample input

output

700
time

Fig. 7.5.3 Parallel identification
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7.6 Control using neural networks for cooling rate

We use Smith’s principle as the control of the cooling rate in accordance with the
discussion in Section 7.4. In this section we discuss how we can design the control based
on Smith’s principle for the cooling rate.

7.6.1 Selection of control law for inner loop

Some control structures were presented in Section 7.4.3. Let us choose a control law that
is suitable for the inner loop of the control based on Smith’s principle.

First, consider weighted predictive control. The control is tuned by the coefficient
A . Therefore, we always have to look for a neural network every time the coefficient 4
is changed. Since it usually needs a large number of computations to organize neural
networks, the design by the weighted one-step-ahead control is quite laborious. Generic
model control includes an integral. There is no reason we put an integrator in this feed-
forward control. Therefore, we pay attention to feed-back linearization and predictive
control. As seen easily, the predictive control is essentially equivalent to the feed-back
linearization with the coefficient zero. It must be also noted that the design is to find the
nonlinear function NN, () such that NN ,(y(¢), NN, (y(¢),h)) = h. Then, if the input given

to the plant is determined by
u(t) = NN (y(2), y,()) (7.6.1)

the control is predictive control.
If the input given to the plant is determined by

u(t) = NN, (y(2),y,(t+ D)+ k(y(t) — y,(1)) (7.6.2)
the control becomes a feed-back linearization method.

In order to find the nonlinear function NN, () such that NN, (y(2), NN,(y(¢),h)) = h,

we use the back-propagation with a distal system which minimizes the cost function:

E= Z(hk ~NN,(y,,NN,(,,1.)))  {3,.}}, are a set of sample pairs  (7.6.3)
k=1
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7.6.2 Back-propagation with a distal system

Figure 7.6.1 shows the nonlinear controller obtained by minimizing the cost function
(7.6.3). The figure plots the approximated value of the travel speed necessary to change
the cooling rate from the present value y(z) to the target value A.

Due to the nonlinearity of the plant, the controller NN, () also shows a
nonlinearity. A neural network which has 40 cells in the hidden layer is used for NN, ().
900 sample data which comprise 30x30 meshed sample pair {y(t),h} ranging from 30 to
100 are given. The range is determined by the possible value of the cooling rate. The
following techniques are necessary to obtain a satisfactory result.

1. The neural network NN, () describing the plant model is determined by the

sample data in a boundary region. Therefore, we do not know how the neural
network behaves outside the region. Consider the design of the controller NN, (),

which simply minimizes the cost function:
E=Y (b = NN,(3,, NN, (3,,h,)))’
k=1

We can easily see that the design does not take into consideration the presence of
the boundary associated with NN (). Therefore, there is a big possibility that the
cost function is minimized outside the region. Then the generated neural network
would not show any reasonable result.

To avoid such bad generation of the function NN, (), we have to impose a
constraint on the minimization. It is achieved by simply giving the following
additional cost to the cost function:

E=Y ( —NN,(3,,NN,(y,,1,)))* +c

k=1

a(NN,(y,,h) - b,)’ (NN, (y,,h,) < b)) (7.6.4)
c¢={a(NN,(y,,l)~b,) (NN,(y,,)>b,)
0 (Otherwise)

where b, denotes the lower bound, and b, denotes the upper bound. The cost
function gives a penalty if the output of NN_() is deviated from the desirable
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range. By this penalty the minimization outside the specified region can be

avoided.
2. If the model error takes place at the sample pair where y(¢) = h, it results in the

stead-state error. We would like to reduce a steady-state error as much as possible.
It is better to give a big penalty when y(¢) = h by using the cost function:

E=Y d(h,— NN,(3,,NN,(y, b)) +c¢
k= (1.6.5)

d={d‘ G Ge=h)
1 e #h)

We take 3 mm/sec and 9 mm/sec as the lower bound and the upper bound in (7.6.4). We
also take 1.0 and 10.0 as the coefficient a in (7.6.4) and d, in (7.6.5) respectively.
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Fig. 7.6.1 Nonlinear controller u(t) = NN,(y(t),h)
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Figure 7.6.2 shows how the two networks respond to the reference input, when we
combine NN, () with NN (). In the figure, the broken line shows the reference input, and

the solid line shows the response of the combined neural networks. The control signal is
determined by u(z) = NN, (y(t),y,(¢)), where the input signal u(¢) is limited within the
range from 4 mm/sec to 8 mm/sec. The corresponding control is a predictive control. The
figure shows a quite satisfactory response. That verifies the controller which given in Fig.
7.6.1 will bring about a reasonable control.

yd(t) Neural network Neural network P+1)
g u(O=NNe(5(0)yd(®) w07 | 56+ )=NNpGIe) Enne
? ? i0)
(Block diagram)

100 T T T T T

"

20 1; l | i i i i i
20 40 60 80 100 120 140 160 180

Time [sec]

Calcurated cooling rate [deg C/sec

20 40 60 80 100 120 140 160 180
Time (sec)

Calcurated travel speed [mm/sec]

Fig. 7.6.2 Response of the combined neural networks
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7.6.3 Performance of inner loop control

Figures 7.6.4 and 7.6.5 show how the nonlinear controller for the delay-free part (the
inner loop control) performs for the actual plant. The block diagram of the system is
shown in Fig. 7.6.3. In Fig. 7.6.4 the controller has the form:

u(t)=NN,F(t+d-1),y,() o
$(t +d)= NN, (5(t +d - 1),u(t)) (Predictive control) (7.6.6)

while in Fig. 7.6.5 it has the form:

u(t)= NN,(5(t +d ~1),h)
h=y,(O+k(FE+d-1)-y,(t)
$(t+d)= NN, (y(t+d ~1),u(?))
k=0.5

(Feed-back linearization) (7.6.7)

In the equation above, we add a time-delay term d to see the difference from the actual
plant dynamics which would be given by the form:

y(+1) = f(y(e),ut—d+1)), or y(t+d)= f(y(t+d-1),u(r))

Note that J(#+ d) denotes the prediction of y(¢+ d) which is computed at time ¢. In the
figures the solid line shows the actual plant response and the broken lines show the values
of y,(t) and y(t+d).

Some steady-state errors and small overshoots take place due to the model error.
However, the over all response is quite satisfactory. In Fig. 7.6.5 we can see the plot is

like the response of a first order linear system by the effect of the feed-back linearization.
We also see the neural network NN () makes a satisfactory prediction y(z +d)

(t
—g»{ Plant @ -——’Y)

Yd_(tL Neural network | | Neural network 9(t+d)r,H)'|
u(t)=NNc(y(t+d-1),yd(®) | u(t)” |¥(t+d)=NNp(y(t+d-1),u(t))

? ? Y(t+d-1)

Fig. 7.6.3 Block diagram of the inner loop control
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Fig. 7.6.5 Feed-back linearization (k=0.5)
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7.6.4 Outer loop control

The control discussed in Section 7.6.3 is a feed-forward control. Therefore we need to
add a feed-back loop to accommodate a disturbance and a perturbation of plant dynamics
from the model. In Smith’s principle, the error between the model output and the plant
output is simply added onto the reference input as shown Fig. 7.6.6. In this section we
discuss some problems which take place when we apply the Smith’s principle to the
cooling rate control.

Plant @ Yo

L CIN Neural network . Neural r:\etwork (t+d)
+ u(®)=NNc(y(t+d-1),yd®) | u@®) |y(t+d)=NNp(y(t+d-1),u(t))

T 1 y(t+d-1)

Fig. 7.6.6 Block diagram of the control based on Smith’s principle

Treatment of a varying time-delay

In Smith’s principle, the time-delay should be known so that we can establish the feed-
back of the error. However, the time-delay of the cooling rate varies, depending on the
input and the state of the system. Therefore, we have to implement an algorithm which
estimates the time-delay on-line. Since we have no theoretical method to deal with such
problem, we will use the following simple algorithm:

d=t-1 1= arg  min(y(r) - 09)% (7.6.8)

7,563

A series of estimate {j(¢'),y(t" —1),5(¢ —2),-} is available in Smith’s principle where
t'=t+d and the time-delay d is unknown. The idea to estimate the time-delay is simply
to look for the estimate J(7) whose absolute error from the actual measurement y(t) is

minimum, then determine the time-delay. Since the time-delay seems to vary from 2[sec]
to 6[sec] as we discussed in Chapter 4, the bound of 7 is given by 7,=¢—3 and
", =t=1T.
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Figure 7.6.7 shows the response of the control by Smith’s principle using a time-delay
estimate. In this simulation, 0.2 is taken as the gain of the feed-back linearization k. The
figure shows that the input signal becomes noisy due to the effect of the feed-back loop,
compared with the pure feed-forward control shown in Fig. 7.6.6. Next we can see the
steady state error still remains, simply because the Smith’s principle is just concerned
with the error between the plant output and the model output, and does not care about the
error between the plant output and the reference input. To see the problems above more
clearly, the case where the constant disturbance 10 °c/sec is added to the output of the
plant is shown in Fig. 7.6.8. We can see the disturbance is reduced by the control, but is
not completely eliminated. We also see the input signal is rather fluctuated due to the bad
estimate of the time-delay.

100 T T i T ! ! T

80 u e e : ]

Cooling rate [deg C/sec]
3
.

1) NS S— ]
20 P i i i i i i ; ;
50 100 150 200 250 300 350 400 450 500
time [sec]
10 ; ! ; T ; ; ; ; '
S :
§ 2peed :
0 i i i i i i 1 ' i
50 100 150 200 250 300 350 400 450 500

time [sec]

Fig. 7.6.7 Feed-back control by Smith’s principle
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Fig. 7.6.8 Feed-back control by Smith’s principle for a disturbance of 10 °c/sec

Filter of error estimate and integrator

A filtering of an error estimate and an integrator are introduce to deal with problems, a
fluctuating input signal and a steady-state error. The error estimate é(z) is given by

éit) =y - (' - d) (7.6.9)

from (7.6.8).
Then, it is filtered out by a first order filter:

Et)=ke)+(1-k,)e) (7.6.10)

That simply makes an exponentially weighted smoothing to reduce a fluctuation of the
error estimate.

Next, let us consider an integrator to eliminate a steady-state error. The integrator
Ay, (2) is given by:
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Ay, (t+1)= Ay, () +k(y,(t +d) - 5(t + d))

y+d)=y(+d)+é(t)

In the equation y(z+d) implies a prediction of the output after the time-delay, which

takes into consideration the error between the model and the actual plant. Therefore, the

integration is also made by ignoring the time-delay.
The final configuration of the control is shown in Fig. 7.6.9. Fig. 7.6.10 shows the
response of this control. We can see the steady state error and the noisy input signal are

well reduced, compared with the case in Fig. 7.6.8. In this simulation we take 0.2, 0.5,
and 0.02 as the gain of feed-back linearization k, the factor of filter k, and the factor of

integrator k, respectively.

. t -
Ayt Integrator < y(t+f)2<+
y(®) -
Plant @ ‘ Filter
_1 | Estimate of error
yd(t) | LY+ Neural network L Neural network Z_ ‘
+ u(®)=NNe((t+d-1),yd®)| u(®" [J(t+d)=NNp(t+d-1).0(0)] 811 4) D
) y(®
? ? Y(+d-1)

Fig. 7.6.9 Block diagram of control by modified Smith’s principle
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Fig. 7.6 10 Control by modified Smith’s principle for disturbance 10[°c/sec]

7.6.5 Comparison with other methods

Figure 7.6.11 shows the final result of the control using neural networks. In this figure
the result by PI control is also shown. We can see the control using neural networks is
quite satisfactory. The settling time is reduced to about one third of PI control case. This
result is better than the adaptive control result shown in Fig. 6.4.11.

The oscillatory control action is observed. This is the inherent nature of this
control, which is caused by forcibly linearizing the nonlinear plant. Even if we make the
response slower by decreasing the linearization factor k, we can not avoid the oscillation
as shown in Fig. 7.6.5.
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Fig. 7.6.11 Comparison between control using neural networks and PI control
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7.7 Concluding remarks

Neural networks are quite attractive from the view-point that they can approximate any
nonlinear system. However, they have the following limitations:

1. The identification by back-propagation is quite slow.

2. We can not say anything about the extrapolation.

3. To get a satisfactory approximation, the sample data should be well distributed in

the region of interest because of 2.

4. We need a large number of experiments for the identification due to 3.

Many researchers have proposed many structures of controls using neural networks for a
decade. In particular the nonlinear adaptive scheme has raised much interest, because we
can possibly avoid the laborious experiments. However, the slow convergence is fatal for
this adaptive scheme. As far as we study the performance of neural networks, we think
we can not avoid the slow convergence, because the slow convergence seems to be the
inherent nature of neural networks. From this point of view, it would be impossible to
apply the adaptive scheme using neural networks.

The limitations 3 and 4 also give a big constraint on the application of neural
networks. The fundamental problem lies in the fact we do not have any established
methods for the experiments. We do not have a theory like a persistent excitation for
linear systems. Furthermore the increase of the number of the experiments increases the
number of sample data. That results in the increase of the number of computations
necessary to get a satisfactory identification. Therefore, the identification problem would
be further complicated if we consider a high order nonlinear system.

To avoid the problems above we assumed a first order nonlinear system for the
cooling rate. Fortunately, the assumption is not so bad, considering the nature of the
cooling rate. Although the design requires laborious computations by the parallel
identification based on the conjugate gradient minimization method and the back-
propagation with a distal system, it was rather simple because of the simple form of the
model. We can also evaluate the identified system by visualizing the mapping by neural
networks

To deal with a time-delay, we used the control based on Smith’s method. The
strong point of this configuration is that the neural networks are used as a nonlinear feed-
forward controller to linearize the plant dynamics by canceling its nonlinearity. This feed-
forward configuration is quite attractive, because we do not have to be concerned with
any uncertainties that take place in the plant. This control is regarded as a control to
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enhance the capacity of the feed-back control. Although there are some critics against
Smith’s principle, we showed this control scheme works quite well for the cooling rate.
The methods we have used may be applied to other nonlinear systems. The idea of
our methods is as follows.
1. Use neural networks as a nonlinear first order model. If the system is of higher
order, just pay attention to the slowest mode.
2. Identify the neural network by the parallel identification method.
3. Design the controller by the back-propagation with a distal system.
4. Embed the controller as a feed-forward controller which cancels the nonlinearity
of the system.
5. Design the feed-back loop.
What we want to stress in this configuration is the linearization of the plant dynamics by
the feed-forward loop where neural networks are embedded. The success of this method
may depend on the accuracy of the approximation by the nonlinear model and the amount
of the uncertainties given to the system. It is noted again we are not worried about the
uncertainties when we design the feed-forward loop using neural networks. Obviously, it
is difficult to design the feed-back loop, because we can not exactly describe how the
resulting system behaves. However, suppose we simply use a PI controller for the feed-
back loop. Then, the PI controller must show better performance than the conventional PI
control, because the system is almost linearized by a nonlinear feed-forward control.
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Chapter 8

Comparison between adaptive control and
control using neural networks

We have so far discussed two control methods, adaptive control and control using neural
networks, focusing on the design of the controllers. This chapter is more concerned with
the performance of both controls. We also discuss the difference of implementation and
tuning.

Command following

As discussed in Section 6.4.2 for adaptive control and in Section 7.6.5 for control using
neural networks, both control schemes show better performance than PI controller for the
command following. However, they yield the oscillatory control action while the control
action of PI control is quite smooth. Therefore, if the oscillation in the control signal
should be avoided, we have to degrade the performance or we cannot choose but PI
control. Thus, both controls have a trade-off between the performance and the control
action.

Disturbance rejection

Figure 8.1.1 shows the performance of the three control methods, adaptive control,
control using neural networks and PI control, when the artificial disturbance of sinusoidal
signal with the cycle time of 40 sec and the magnitude of 10 °C/sec is added to the
cooling rate. In the adaptive control the control parameters A and ¥ take 0.03 and 0.8

respectively, and the control using neural networks uses 0.2, 0.5, and 0.02 as the control
parameters k, k; and k, respectively.

The adaptive control and the control using neural networks show better
performance for disturbance rejection than PI control. Although the adaptive control
shows a little better performance than the control using neural networks, both controls
make a similar control action.
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Fig. 8.1.1 Disturbance rejection by three control methods

Insensitivity to perturbation of plant

Figures 8.1.2 through 8.1.5 show how the three controllers perform when the plant is
perturbed. In the figures the physical parameters, the thermal diffusivity and the
thickness, are stepwisely changed by £ 10 % at the time of 60 sec. The control using
neural networks and the adaptive control show better performance for all the cases except
the case of the thickness increased by 10 % and the thermal diffusivity decreased by 10
%, where the adaptive control brings about oscillatory response. The overall performance
of the control using neural networks better than the adaptive control. When the effect of
the perturbation increases the cooling rate, the adaptive control and the control using
neural networks perform much better than the PI control. However, when the effect of the
perturbation decreases the cooling rate, there is no significant difference among the three
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controls, although the control using neural networks shows slightly better performance. In

all cases the oscillatory control action is not observed.
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Fig. 8.1.2 Performance for plant perturbation (a)
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Implementation

The implementation of adaptive control is considerably simpler than that of control using
neural networks. Both controller designs require experiments before the design. In the
case of the adaptive control, they are conducted simply to determine the model structure.
However, in the case of the control using neural networks, we have to identify the
nonlinear model by the experiments. As mentioned in Chapter 7, the identification
requires a rather large number of experiments even if the system is of first order.

Once we determine the model structure, we can easily design the algorithm of the
adaptive control in the manner discussed in Chapter 6. In the control using neural
networks, we have to construct a nonlinear model by the obtained experimental data. That
requires a large number of computations, which sometimes gives us a pain in the neck.
Furthermore we also have to construct the nonlinear controller by a neural network.
Again we need a large number of computations.

However, in the case of the control using neural networks, we can estimate how
the nonlinear controller behaves by combining the two neural networks, once we get the
neural network representing the plant and the one representing the nonlinear controller.
We can also ensure the stability by the simulation. In the case of the adaptive control, we
can not estimate anything until we actually apply the control to the process.

Tuning

The tuning of the control using neural networks is simpler than the adaptive control. As
mentioned above we can estimate behavior of the control using neural networks before
the actual application. In other words, we can understand what may happen in the
controller in the actual application. Therefore, when we tune the parameters, we can
easily find what we should do. However, in the case of the adaptive control, it is quite
hard to understand what takes place inside the controller. The control may be unstable
because of the bad selection of the model structure and the control law.
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Chapter 9

Conclusions

9.1 Future work

This thesis mainly focuses on the design issues of the nonlinear control for the cooling
rate. The evaluation of the control is made only by simulation. Therefore, we have not
addressed the performance for noise, which is essential to the process control. The final
evaluation of the performance of control should be made by the actual application of the
designed control.

Final objective of this research is to establishment the control for the cooling rate
and the mass transfer rate. The control of the mass transfer rate is quite simple. It simply
changes the wire feed rate in accordance with the change of the travel speed, which
results from the control of the cooling rate. This configuration is based on the fact the
cooling rate is not affected by the wire feed rate. Therefore, we have to ensure whether
this configuration truly works by the actual application.

9.2 Conclusions

This thesis contributes to the control of the cooling rate in gas metal arc welding. It copes
with the measurement system, the analysis of the steady-state and transient behavior of
the cooling rate, the derivation a model which describes the cooling rate dynamics, and
the selection and design of the nonlinear control system.

The measurement system using an infrared pyrometer which scans the weldment
using an oscillating mirror is established to measure the temperature distribution on the
weldment during GMAW. The measurement reveals that wire feed rate has little effect on
the steady-state cooling rate. By contrast, the travel speed has a strong effect on cooling
rate. This observation implies that cooling rate and mass transfer rate can be
independently controlled in-process.

Extensive derivation of dynamic models for the temperature during welding is
made by the Green’s function method. A comparison between analytical models and the
actual temperatures shows a discrepancy. The experiments indicate the steady-state
temperature distribution can be described as an exponential function of the distance from
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the arc for the temﬁerature range of interest (600 °C to 1000 °C). The analytical models
do not succeed in explaining such behavior. On the other hand, there is good
correspondence between the analytical model and actual measurement for the dynamic
behavior of the cooling rate.

The experimental results and the analytical models suggest the following
strategies for the control of the cooling rate.

1. The cooling rate should be controlled by travel speed.

2. We should design the control to accommodate a nonlinearity and a big time-

delay.
The PI controller works for the control of the cooling rate. However, the performance is
not satisfactory.

Nonlinear controls are extensively reviewed. The review proposes two types of
controls, linear adaptive control and nonlinear control using neural networks. The
adaptive control adjusts the parameters of its linear model to the perturbation caused by
the nonlinearity. Control using neural networks regulates the cooling rate by directly
employing a nonlinear model. Thus, both schemes can accommodate the nonlinear nature
of the process.

A one-step-ahead adaptive control method is used as the adaptive controller.
Practical considerations, such as a forgetting factor, an integrator and a constrained
parameter estimation are discussed. A recursive least-square algorithm is used as the on-
line estimator. The estimation by this algorithm is fast enough to accommodate the
nonlinearity of the process. Two types of model structures are proposed to cope with the
varying time-delay. Type 2 method shows a satisfactory result for the varying time-delay.
This method employs some model structures in accordance with a variation of the time-
delay, and simultaneously estimates all the parameters of these structures on-line. The
model that gives the best prediction is selected as the plant model used for the control
law.

For the controller using neural networks, first the characteristics of neural
networks are investigated. Some limitations that come from the complexity of neural
computation and nonlinear identification are found. The limitations recommend a control
based on a feed-back scheme with fixed parameters. It seems that a control based on an
adaptive scheme is not applicable due to the fundamental drawback, or the slow
estimation of the parameters in neural networks. The investigation also suggests Smith’s
principle to deal with the time-delay. Design methods, such as the parallel identification
based on a conjugate gradient algorithm and the controller design based on a back-
propagation method with a distal system, are proposed. The Smith’s principle brings
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about the configuration composed of two loops, inner loop and outer loop. Two neural
networks, which represent the plant model and the nonlinear controller, are employed in
the inner loop, playing a role of canceling a nonlinearity of the process as a feed-forward
controller. All uncertain factors such as disturbance and perturbation of the plant are
accommodated by the outer loop. Some considerations such as an integrator and a
filtering of an error estimate are proposed based on the performance of the nonlinear
controller.

Both control schemes bring about quite satisfactory results, showing better
performance for command following, disturbance rejection, and insensitivity to plant
perturbation than PI control. However, they often yield oscillatory control action.
Therefore, there is a trade-off between the performance and the control action. We need
further investigation of the performance by the actual application to the process.
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Appendix A

Derivation of temperature distribution model during welding

A.1 Partial differential equation for heat transfer during welding
Conduction heat transfer is described as the partial differential equation! :

aT(x,y,z,t)

E» =q(x,y,2,t)+ M_E' +

cp 822 )T(X,)’, Z, t) (a'l)

ay”

If the heat source is moving at a velocity v(#), (a.1) yields the temperature in the moving
coordinate is given by:

d oT dT  q(w,y,z,0)
T SR AP
L[T]= k( ay2 az2 —) T +v(t)— 50 5 o
/1 (a.2)
where k = —
cp
since
t
xX=w+ J-v(r)dr y W
0 v
P Tw,y,5t) _ 3°T 2
ox? ow?
ITw®),y.50) _ T Wy,51) | ow oTw, 3,50 _ oTWy,58) .y ITW.y,2.1)
ot ot ot ow ot ow

The equation (a.2) is fundamental for describing the temperature distribution during
welding.

A.2 Green’s function
Consider a partial differential equation given by:
Liu]= f(w,y,2,1) (a3)

where L is an operator which is described by

1n this equation, thermal diffusivity is assumed to be constant. In actual process, it is dependent on the
temperature. If we do not ignore the dependence , the equation should be described as:

87’ ) 3%y
cp__.(.xat_“_‘)= Q(x,y,z,t)+[%(,1%§)+%(A%H%m%)]
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Green’s function G(w,y,z,t,&, v, {,7) is the solution for
LIGl=6(w~&)-8(y-y)-6(z—§)-6(t-17) (a.4)

under given boundary conditions. If we can get the Green’s function, the solution for the
equation (a.3) is given by:

uw,y,2,t) = ”j j Gw,y,2,t,&, v, (, D) f(&, v.{, 1)dEdydldr (a.5)

based on the principle of superposition. It is noted that Green's function is not unique,
depending on the boundary conditions. There are some methods to obtain Green's
function as shown below if the coefficients in L are constant.

Green’s function for infinite space
Using Fourier transformation we can get
_ _1_ 4 T T A} r L )
how, 320 = () Hjldwwdwydmzdw, j J' J‘ _j;dw dy dz di h(w',y .7 ,t') @6)
-exp(io,, (w—w'))exp(io, (y— y' D explio, (z-2')) expiio, (1 -1'))
where h(w,y,z,t) is an integrable function. Therefore,
- v)-8G-0)- 8- = [[[ |
8w =8)- 8(y-y)-8-0)-8t-1)=(5-) H f _J; do,do,do,do, -
-exp(io,, (w - &) explin, (y - y))explio, (z - {)) exp(io, (t - 1))
The comparison of (a.4) and (a.7) gives us the following Green's function:
CW,y,2.1,X,y,2,1) = (2—1’;)4 I” J do,dodo dogo,, 0,0, 0,)

(a.8)
-exp(io,, (w - &) exp(in, (y - y))exp(in, (z - {)) exp(in, (- 7))

8(o,,0,,0,,0,)=

exp(io,, (w = &) exp(ia, (y — y))exp(in, (z - {)) exp(in, ( - 7))
L(exp(i,, (w - E) explin, (y - y)exp(io, (z - {))explio, (t - 7))

It is noted that this method should be applied to the infinite space, because (a.6) involves
the infinite integrals.

Green’s function for finite space

Consider the space is limited to a boundary in z direction. If we can describe the solution
as the series of a complete set of orthonormal functions like Fourier series:
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WW,Y,2,8)= Y s (W, 3,0)8,(2)
n
¢, (2): Orthonormal functions that satisfy the boundary conditions

then

8z =Y 6,(2)9,(0) (2.9)

The substitution of (a.9) into (a.7) and the comparison of (a.4) and (a.7) gives us the
Green's function:

1 oo
G(W’ }’, Zst’ 59 ‘l’, C9 T) = (ﬂ)szn“j‘[jdwwdmydwtgn ({, ww’ wy’ wt) (a 10)

-exp(i,, (w — ) exp(in, (y — ) explio, (t — 7))¢, ()
8., 0,,0,,0,)=
exp(io,, (w— &) explin, (y — v)) explin, (t — 7))9,(2)
L{exp(io,, (w — §))exp(in, (y — ) exp(io, (1 — 1))9,(2))

$.(0)

We can apply the similar method to the case the space has boundary limits in other axes.

A.3 The solution for infinite space and point heat source
Green's function

We assume that the transfer speed v is kept constant. From (a.2)

3 3 9 Jd d

L=k('§w—2+gf+-¢9—z‘—2-)+v-a;—‘§ (a.ll)
Therefore, g(®,,0,,®,,0,) in (2.8) is given by
go,,0,,0,,0,)
1 (a.12)

T Tk(w,’ + 0,2 +02)+ive, —io,
The equation (a.8), therefore, yiclds the Green's function:

-1
(@, +0+0)-ivo,+io, (a.13)

it f
Gy, 208 ¥,8 D)= () If] idwwdwydmzdw, -
-exp(io,, (w— &) exp(in, (y — y)) exp(in, (z - {))exp(iw, (t — 7))

Consider the following complex integral:
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T 1 ) _[2mexp(-A)t-1) (t27)
_J;dco, m—t-exp(zw,(t -7)= { 0 (1<) (a.14)
Then, the equation (a.13) yields
G(Wv 2, Z 5? V” C’ T)
=—(—l—)3H Tda) dodo, exp(-k(®,? + 0,% + 0,2)+ ve,, Xt - T) (a.15)
27: k w y F4 w y z w *

-exp(io,, (w - ) exp(in, (y— y))exp(io, (z~§))  (¢>7)

Since J'exp(—axz) = \E

the equation (a.15) gives us

G(W,y,Z,t, 5’ W: Ca T)

1 51 w=E+va-D)’ + -y’ + (- ¢ 16
) (2\/%/?) (\/t—’t) exp(— prro— y¢>1) (a.16)
0@(<1)

Solution for semi-infinite space

Here we are concerned with the conditions: (1) Point heat source, (2) Semi-infinite and
(3) No heat flux from the surface, which let the Green's function satisfy the conditions:

L(GW,y,2.1,E,¢,0, 1) =0(w—-&E)6(y-y)é(z-)é(t—1) (2<0,{<0)

|dG(w,y,z.t,E, v,8,7)|
I oz |z=0

=0
(@.17)

For this problem we can use the following Green's function by the mirror method.
G(Wv )’, Z»t, 5’ v,a é’! T) = Go(W, )’, Z,t: 6; W, 4’, T)+ Go(W,y, Z:ty 5, !{f,—f, T) (a.18)

where G,(w,y,2,t,&, W, £, 7) is the Green's function which is described in the equation

(a.16). We can easily see that the Green's function written as (a.18) satisfies the
conditions (a.17).
Since point heat source is given by:

_gw.y.2,0) _ 4@
fw,y,z,1) = pos o d(w)o(y)(2) (a.19)
the substitution of (a,16), (a.18) and (a.19) into (a.5) yields the temperature distribution:

T(w,y,z, t)=

Idr[Z( 14D o v 457+ 22 (2.20)

2«/_ NkAt-t ¢cp 4Kkt — 1) )
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For the steady-state temperature distribution, where the heat input are kept constant at Q
making time t infinite, we obtain

S D SN ISRV L AWUIVEE SIS
Tw,y,z, )'{)ds[4(ﬁﬁ) cpeXp( 2k)exp( 4k(w +y*+2°%) TR
Q1 L LI 21
=5 rexp( % vr)exp( 5% ) (a.21)

1 2 42 + 2
5= k=Alcp r=yw+y°+z
P P y

% 2
since fexp(—a2s2 - %2-) = —gexp(—Zab)
0

This is Rosenthal’s model.

A.4 The solution for finite thickness with heat flux from surface
Green's function

Here we are concerned with the conditions in which the workpiece has a finite thickness
and heat flux can not be ignored. Then, the boundary conditions can be described as:

[W} =h-(T(,y,0,0)~Tp)

. - (a.22)
[BT(W,)’,ZJ):| =—h-(T(w,y,a,t)-T,)

5’2 z=a

We need look for the orthogonal functions which satisfy the boundary conditions. In a
similar manner as Fourier series, we assume the function can be written as:

¢, (2) = sin(oz + ) (a.23)
From (a.22)

ocos(oa+ B)+ hsin(aa+ B)=0

o.cos(B) — hsin(B) =0 (a.24)

Therefore,
cos(oa + B)sin(B) + sin(oa + B) cos(B) = sin(aa +28) = 0 (a.25)
The equations (a.23) and (a.25) bring about a set of functions:

¢, (2)=sin(ax,z+f,)

a,a+2p,=nxw

(a.26)

We can see these functions are orthogonal in the similar manner as Fourier series, since
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a 1 cos’(B,) _
[ @one={2% 5 =™ @27)
0 0 (nzm)

By normalizing the functions, we obtain the following complete set of orthonormal
functions for the given boundary conditions.

2 .
¢, (2)= TR sin(@,z + B,)
J‘H——h__

2
{a,,a +2B,=nx (a28)
— ﬂ _hr- zﬂn
tan(,) = b ah
The insertion of (a.28) into (a.10) yields
. w
GW,y,2,1,%,,2,0) = (E;)SE":J.I_j do,dw,de,g,($,0,,0,,0,, o)
-exp(io,, (x - £))exp(im, (y — y)) exp(iw, (¢ - 1))$,(2) (a.29)

9, ()

—k(0,* + 0,2 + a,*) + ive,, - i,

2,((,0,,0,,0,0,)=

By the similar integration shown in (a.14), the equation (a.29) can be rewritten as:

Gw,y.2,t,&,v,8,7)

1 = 1 w=-E+v(it-1) +(y-w)’ )
— v _ -k -
) § T TeXp( D) exp(-ka, " (t - ©))9,(2)¢,(5) ¢ > 1)

0 <)

(a.30)

The solution for point heat source
Using the Green's function shown in (a.30), the equations (a.5) and (a.19) yield

T(w,y,z,0) =

1 t-1)° +y* 31
47k ZI q(r) - :(k(t .T)Q -k, - 04,08, -

If the heat input is kept constant at @, the equation (31) can be described as:

T(w, y,z,t) =
(a.32)

2 2 2
p(——)ZJdr exp - (o ke, ) 28,9, 0)

47l'k cp &0 4k(t - 7)

Therefore, the steady-state solution can be obtained by:
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T(w,y,z,)
1 Q wr s =1 wiey? 5 VP s 1

== AL - — et % (- kX, ._dsn nO
27k cpexP( 2k),.{‘1,11§{‘,{ seXp( P (4k " )sz) 9221, 0)

19 WS VW +aka,t __1 (a.33)
= o P B W 0,000 (=)

K,: Modified Bessel function of the second kind and zero order
since j%exp(—azsz b -;lz—)ds — 2K, (2ab)
0

The solation for Gaussian distributed heat input

The Gaussian heat source is described by

2 2
‘16“) L exp(- - 6) (a.34)

f(W,)’,ZJ)=" p 2”0_

The insertion of (a.34) and (a.30) into (a.5) yields

T(w,y,2,t)=
11 JrT o1l g w=E+vie-)’+(-y)l E+y? o,
4k 2nc? Z;J _J; dédwgdrt— T cp expl 4k(t— 1) 20? ko (1= D)l
- 9,(2)9,(0)
(a.35)
o 2
Since J. exp(—ax? +bx+c)= %exp(% +¢)
T(w,y,z,t)=

(a.36)

4(7) exp[_ W+ =)+

o I
1 1 )
x - - @
né-([ ak(t-7)+20° cp Ak - D)+ 207 ko, * (¢ r)}dﬂb,,(z) 2(0)

For the steady-state solution, we can not make the model in (a.35) simpler using a special
function. We don’t have such expressions as Bessel function to simplify the model

A.5 The solution for finite thickness, finite width and heat flux from the surface
We consider the temperature distribution under the conditions:

The workpiece has finite thickness and width, and the heat flux from the surface is
governed by:
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[ oT(w,y,2,0) |
L Bz dz=0
[T (w,y,2,t) |
0z

L -Z=a
T (W,,2,1) ]
oz

=h-(T(w,y,0,6)~T,)

=—h-(T(w,y,a,t)~T,)

(@.37)

Hy=

[ aT(w,y,2,1) |
oz

dy=——

In this case the temperature distribution is assumed to be symmetric with respect to the
weldment in the width direction, or y axis.

In the similar manner to the finite thickness case, we can obtain the following orthogonal
functions.

(Thickness direction)
¢,(z), which is shown in (a.28)

(Width direction)
\/% oos(% y)
Pn(y)=
F
b

Using ¢,(z) and ¢, (y), we can get the Green's function for the point heat source:

(a.38)

) w
G(W’ »e h »e t) - (—2-;)2 ; 'f __'_[ dwxdwtgn (W’ C’ mw’ w:)

-exp(im,, (w - &))exp(in, (t - 1))¢,(2)@,,(») (239)
g.(y.¢,0,,0,)= 9. (D)0 (W)

mr.. . .
k(0,2 +a,?+ (—1)_)2)+ ve,, —io,

The integration in (a.39) yields the following result:

G(w, }’, Z,t, 5’ W’ Cy T)

1 =1 _w=E+ve-) ., mz2
PN N aiG_ gy oRCke” +(F)N-)

_ (a.40)
=) 0,20, MO, (W) (t> 1)

0 t<7)

From (a.40), the temperature can be written as:
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T(W )’,Z,t)=
1 @ wvG- )? s mme

k - 41

,,21:0 Nt-1 cp cxpL= ak(t - 1) (o, +(T) Xt—1) (a.41)

If the heat input is kept constant, the equation (a.41) can be described as:

T(W,)’,Z:t)=
1 d w2 2 ,
Wk op p(———)Zj ’f‘”‘l’(‘m (G + ke + M=)
m 0

“0,(2)0,(0)9,, ()9, (0)
= 1 —_ o2 __2_ 2 mr ., 1 (a"42)
*zmcp p(-— )ZI 2ep[ S (4k+k(a" +(b/2) ) z]ds

m OT

1
@, (2),(0)F 4 =

Therefore, the steady-state solution can be described by:

. _wesfl o [ oW v pma 1]
T(w, y,2,%0) N_cp exp( Zk)g,!sep[ o ( k@, + () ]
m=0
<@, (2)®,(0)¥,,,(N)¥,,(0)
RN a.43
10 [J“ 4k +k(a, +(b/2) )] (2.43)
=17—;—; P(——-)Z ' = -
m—0 JZ_E+k(a +(-b—lé'))

@, (2)2,0)0,, ()9, 0)

For the Gaussian heat source shown in (a.34), we can obtain the following result using
the similar manner to get (a.35).

T(w,y,z,t)=
— | exp(-—=)y,, (8)do
4(«/%)345 0% nel e 202
<w ov 22t 1 g (a.44)
JdCexp( dz)J 7= o
2

_w— C)Z_l__ v ma
exp[ & 17 Cag tHon +(b/2) )t = 7) | Pp (DDA (0)¥ i (y)

iimM3

1
2"
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A.6 The solution for varying velocity

We have so far discussed the case in which the velocity is constant. Here we deal with the
case of a varying velocity. We can see that all temperature models involve the term of

v(t — 7). This term shows the distance between the centers of the heat sources g(7) and
q(?) . Therefore, we can obtain the modified model for the varying velocity by just

replacing v(r-7) by Ltv( n)dn. For example, the equation (31) is modified to the model:

T(w,y,2,0) =

21

This modification can be obtained by directly solving the heat transfer equation (a.1).

s WA +y? (2.45)
1 q( D L ke, (t - )9,(2)6,(0)
4k(t - 7)
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