IM TC 2003 ˘ Instrumentation and Measurement

Technology Conf erence

Vail,CO,USA,20 - 22 May 2003

A Methodological Approach to Multisensor Classification for Innovative Laser Material Processing Uni ts

Vincenzo Piuri

Depart ment of Informati on Technologi es, Universit yof Mi lan

Vi a Bramant e 65, 26013 Crema (CR), It aly

Phone: +39 - 02 - 503 - 30066, Fax: +39 - 02 - 503 - 30010, Email: piuri@dti .unimi.it

Abstract ˘ O nline quality detection and online laser beam control are im portant research topics to im prove the overall quality of nowadays laser beam m aterial processing units. In both cases innovative units are at study where the state is m onitored by a set of heterogeneous in - process sensors conveying a large am ount of inform ation. However, low experim ent reproducibility, lack of dom inion knowledge and high costs greatly lim it our ability of finding a n optim al solution.

In this paper we propose a m ethodology to guide the engineer’s design choices towards an optim al im plem entation of theinductive classifier.

I. INTRODUCTION

Nowadays an increasing att ention towards material laser material processing is regist ered in those indus trial sectors where narrow process windows and hi gh quali tylevels are mandatory. Wel di ngmetals wit h laser is especial lyatt racti ve for manyaspects: Laser devices can concentrat e enormous amounts of power on verynarrow spots, w it hout needing a complex setup. A correct lyexecuted laser weld wil l have small area, high penetrati on dept h, optimal mechanical properties, oft en even bet ter than those of the base met al, and wi ll be s table wi th ti me. What i s more surpri sing, i ndust rial l aser weldi ng processes have also a degree of flexibili ty incomparable t o that of anyot her weldi ng process: The only requirement for a piece t o be welded is its opt ical vi sibili ty, since no contact between t he welding head and the piece is required. All th ese feat ures wi ll come onlyat the premi um of high capital costs due to t he necessi tyof producing a stable beam, cont rollable in intensi tyand durati on, wi th a veryhi gh output power and a correct wavelengt h. In fact s, met als are verygood light reflect or s, even bet ter at the t ypi cal emi ssion wavelengths of the most common laser devi ces. As t he metal melt s, it s l ight reflect ivitysuddenl yl owers and the laser power i s more promptlytransferred to the workpiece.

At t he present time all t hese issues greatly li mit the industri al fi elds where a laser based process can be applied.

Fine - tuning the process paramet ers over factors li ke refl ectivit yand actual geomet ryof the workpiece is a demandi ngi ssue, which is sti ll unsol ved. Nowadays it is common industrial p racti ce to set the process parameters in an open - loop fashion, us ual lytrus ting on the experience of a human operator t o fine t une t he paramet ers when process drifts exces sivelyincrease the percent age of rej ects.

Improving the overal l economi cityof laser materi al

processing unit s bydetect ing process dri fts as soon as possible (i .e., moving from post - process stat isti c inspection towards online qual itymonitori ng and automat ic process tuning) i s the keywhich would enable moving l aser mat erial processing t o indust rial environments with too hi gh yiel d requisit es for current processes.

Thi s paper wi ll be st ructured as fol lows; In Sect ion 2 we wi ll expose the issues which mot ivate a met hodological approach; In Secti on 3 we wi ll describe our approach, explaini ng each step with meaningful exampl es; In section 4 we wil l show how applyinga methodol ogi cal approach yields meaningful advant ages over an unst ructured approach, for what concerns bot h underst andi ng the problem domi ni on and defining a solution cl ose to t he optimal one.

II. PROBLEM DEFINITION

We can resume al l these i ssues bystat ing that laser beam processes are characterized byscarce a priori i nformation, and that limited experiment al data can be obtained from them in a reproducible way. Different lyfr om what happens, for example, wit h numerical transmi ssion, where l arge amountof real or simulat ed dat a can be obt ained wit h a relati velylow cost, sett ingup for l aser wel di ngand cut ting has hi gh capi tal costs, bot h for the l aser wel di ngdevice and for t he sensors, and perhaps high operati ve costs. Moreover, thoroughly exploring t he space of configurat ions often means the need t o operate beyond the ordinarywel di ngconditi ons. Physical changes in the s ensi bl e parts due to operation st ress alt er t he experi mental condit ion, t hus severelycompromisi ng experimental reproducibili ty.

To limit this i ssue we can avoi d expl oring the zones of the parameter space that maycause more st ress t o t he sensiti ve parts of the setup, trading off pol arizati on against reprodu cibil ity, but the is sue general lyremai ns serious. The sit uat ion is worsened byt he fact that we do not knowwhether the observed vari abl es are related to anyor all the meaningful process parameters , neither how these parameters affect t he fi nal weld qual it y, not even if ^weld qual itỹ can unambiguousl ybe defi ned. Finall y, t he lack of a mathemat ical model for the process makes impossibl e t o obtain more dat a bysimul at ion. All these aspects i mpl ythat we must use t he avail abl e dat a effici ent ly, l ooking for the best trade - off between compl exi tyand performance.

Moreover, understanding what we can (and what we cannot) obtain i sof primaryimportance toret hi nktherequis ites int he

(l ikely) eventuali tyt heywould reveal unat tainable.

A. First alternative

The Bayesi an t heoryof clas sificat ion tells us t hat there exists a lower bound on classifi cation accuracy, whi ch does not depend on the part icular classifi cation al gori thm adopted, or on the number of availabl e sampl es, but onlyon t he dist ribution of samples in t he feat ure space. If we esti mate those dist ributions, we can have an idea on what wil l be t he maximum performance att ainable with t he available dataset.

It is necessaryto extract from the signals produced bythe sensors those features that are rel evan t t o the classification problem, thus maki ng simpler the classifier desi gn and improving cl assifi cation accuracy. Here the probl em is understanding which features descri be the process in a way almost accurat e as the full si gnal s, and which const itute a min imal set, avoiding both t he ^curse of dimensi onal itỹ and incomplete process descript ion.

B. Second al ternative

Our methodol ogyorganizes the work so that ^what can be saved wi ll be saved~. Thi s objecti ve is met byst ructuring t he methodologyso that t he a ssumpti ons whi ch are more l ikely to be removed, or whose removal will more affect the work done, are made lat er in t he methodology, when most of t he work has alreadybeen done.

5 Y + 4z * si n(r) (22)

We mayas sess a l ower bound for confidence over performance byappl yi ngt he results exposed i n [8], whi ch establi sh how the opt imal confidence value the one obtainable with t he opti mal Bayesian classi fier. In our work this step proved veryus eful t o unders tand how ^trustable~ are the performance figures obtained for our classi fiers. In an industri al environment t his st ep would be done ^a priori~ by choosi ngthe number of sampl es during t he experiment design met hodological step.

Table II. Floating - point op erations necessaryto classifya sample.

Model Feature extract ion

Preprocessing Cl assifi ca - ti on

A. KN

N

~200 flops ff NN

>200,000 flops ~10 flops

~10,000 flops

Two cl assifi er st ructures, t wo - layer feedforward neural network with si gmoi d hi dden neurons and t he K NN classi fier, were compared against a performance met ric and a cost metri c. We t rained a high number of networks and assumed t hat t he network which best p erformed over a validat ion set of samples not used to t rain t he network i s als o

the best network. At t his purpose t he sampl e set has been randomlypart iti oned i n a design and a vali dat ion subset, and all the networks have been trai ned/val idated over them. We used t he avail able a pri ori informat ion about the data set struct ure in order to reduce the polarization i nt roduced when parti tioning.

U:=unionof thoseS i where p i >treshold

p i :=performance(S i ) foralli if p i >performance(optimal) thenoptimal:=S i

performance(s) returnsa performanceestimateforthe

Bayesianclassifierwiths as inputset

Onlyoneset

S? STOP n:=n+1

S i :=subsetof Uwithsizen

(for allpossiblesubsets);

U:={allthefeatures};

n:=1;

optimal:=nothing;

YES

NO

Fig. 1. A flow char t of the featur e selection heuristic.

A set of candidates is select ed among the highes t - rank ones, t hen t he procedure i s it erated wi th all (or some of) t he two, three, � input classi fiers that can be built from al l t he possible unions of t he feature sets produced at t he previ ous it eration.

ACKNOWLEDGME NT

The author wi shes to thank the IEEE for providing this templ ace and all col leagues who previous lyprovi ded technical support .

REFERENCES

[1] G. L. Plett and I. Kolár, ^Specification for Common IEEE Styles~.

IEEE Trans. on I nstrum. Meas. , Vol. 46, No. 6, pp. 1056 - 62, Dec.

1997.

[2] G. L. Plett, Formatting IEEE documents in LaTeX2e, http://www - isl.stanford .edu/ieee/

[3] I. Kol ár , Formatting IEEE documents in MSW ord, http://www.mit.bme.hu/ser vices/ieee/wor d/