Artificial Immune Systems inIndustrial Applications

Dipankar Dasgupta Stephanie Forrest

Dept. of Mathematical Sciences Dept. of Computer Science

The Universit yof Memphis The Universit yof New Mexico

Memphis, TN 38119 Albuquerque,NM 87131

Abstract

Artificial I mmune System ( AIS) is a new intelligent problem-so lving technique that being used in so me industrial applications. T his paper presents such an immunity-based algorithmfor tool breakage detection.

T he method is inspired bythe negative-selection mechanismo f the immune system, which is able to discriminate between the self (bod yelements) and the non-self (foreign pathogens). Ho wever, in o ur industrial application, the self is defined to be normal cutting operation and the non-self is any deviatio n beyo nd allo wable variation of the cutting force. T he proposed algorithmis illustrated with a simulation stud yo f milling operations and the perfor mance of the algorithm in detecting the occurrence of tool breakage is reported. T he results sho w that the negative-selectio n algorithmdetected tool breakage in all the test cases.

Introduction

Manufacturers are always looking for ways to improve productivity without co mpro mising on quality of manufacturing processes. T o this end, much attention has been directed to wards auto mated manufacturing.

In drilling or high-speed milling industries, on-line mo nitoring of the tool breakage is a keyco mpo nent in unmanned machining operations.

In most milling industries, a reliable and effective tool breakage detection techniq ue is required to respond to unexpected tool failure [ Altintas and Yello wley, 1989]. In particular, such a mo nitoring technique is necessar yto prevent possible damage to the wor kpiece and the machine tool or to avoid production of defective parts and possible overloading o f tools. T he normal operation of a milling cutter is often characterized fro mthe measurements of so me parameter s that are correlated with tool wear. It is essential to detect the occurrence of abnor mal events as q uicklyas possible before anysignificant perfor mance degradation results. T his can be done b ycontinuo us monitoring o f the system for changes fro mthe nor mal behavior patterns.

T hus, a signal maybe sent to the machine controller/operator for triggering an emergencystop of the machine and the tool changed. Several techniques have been suggested in the literature for mo nitoring tool breakage in different machining operations [ Altintas and Yello wley, 1989]. Recent efforts include T ime series analysis [ T ansel and McLaughlin, 1993a], Artificial Intelligence ( AI) techniques [ Chr yssolouris and

Guillot , 1990], pattern recognition methods [ Li and Wu , 1989], fuzzyset theor y[Du et al., 1992], and neural networks [ T ansel and McLaughlin, 1993b] to the problemof recognizing the cutting states and detecting tool breakage. Among these, neural networ k-based techniques have been used to detect detection of tool breakage in milling and mo nitoring manufacturing processes [ Guillot and Ouafi, 1991].

Ho wever, most existing methods require prior kno wledge about various fault conditio ns [ Kozma et al.,

1994] or tool breakage patterns [ Guillot and Ouafi, 1991]. It is difficult to obtain a variety of good tool breakage patterns in an ind ustrial enviro nment. A robust method should detect anyunacceptable (unseen) change rather than looking for specific kno wn activitypatterns. T his paper proposes a newdetectio n algorithm for tool condition monitoring in milling operations. T he algorithm is based on ideas fro mthe immune system. It is a probabilistic method that notices changes in force pattern of tools witho ut requiring prior kno wled ge of what changes it is looking for. In this way it resemb les the approach to novelty detection taken b yART neural architectures [ Caudell and Newman, 1993]. Both neural netwo rks and our immune system-based algorithm are biologicallyinspired techniques that have the capability of identifying patterns of interest. Ho wever, theyuse different mechanisms for recognition and learning.

In the next section, the basic immunity-based detection algorithmis described. T he problem, simulated cutting force d ynamics in a milling process, is discussed in sectio n 3. In section 4, the proposed method is demo nstrated for tool breakage detection bymonitoring (simulated) cutting force patterns. T his includes the preprocessing o f sensor ydata and the implementatio n details of generating detector sets for mo nitoring tool conditions. Section 5 reports the results of different set of experiments and our observatio ns in performance evaluation. Co nclusions are given in section 6.

Immunity-Based Change Detection Algorithm

T his detection algorithm is inspired bythe infor mation-processing properties of the natural immune system

[Forrest et al., 1994]. T he immune system uses learning, memor y, and associative retrieval to solve pattern recognitio n problems. Vertebrate immune systems are capable of distinguishing virtually any foreign cell or molecule fro mthe bod y’s own cells which are created and circulated internally. T his is kno wn as the self- nonself discriminatio n problem[ Percus et al., 1993]. In the immune system, T cells have receptors on their surface that can detect foreign proteins (antigens). During the generation of T cells, receptors are made b ya pseudo-rando mgenetic rearrangement process. T hen theyundergo a censoring process, called negative selection, in the thymus where T cells that react against self-proteins are destro yed, so onlythose that do not bind to self-proteins are allo wed to leave the thymus. T his censoring process is ver yimportant in self- no nself discrimination. Our artificial immune system [Forrest et al., 1994] is a simplificatio n of the complex chemistr yo f antibody/antigen recognition in natural immune systems. T he basic principle of our negative-selection algorithm is as follo ws:

· Define self as a multiset S of strings of length l over a finite alp habet, a collection that we wish to protect or mo nitor. For example, S maybe a segmented file, or a nor mal pattern of activity of so me systemor process.

· Generate a set R of detectors , each of which fails to match any string in S . We use a partial matching rule, in which two strings match if and only if they are identical at least r contiguous positions, where r is a suitablychosen parameter (as described in [Forrest et al., 1994]).

· Monitor S for changes b ycontinually matching the detectors against S . If any detector ever matches, a change (or deviation) must have occurred.

Matching Rule

We adopted a partial-matching rule based on a prespecified degree of similarity. T o measure this similarity, we are currentlyusing an r contiguo us matching rule between two strings of equal length. T hus, for any two strings x and y , match(x, y) is true if x and y agree ( match) on at least r contiguous locations ( r less than equal l ), as illustrated in figure 1.

Figure 1. Illustration o f Matching Rule: x and y are two strings defined over the four-letter alphabet a, b, c, d . X and Y match at three contiguo us locations (underlined). T hus, match(x, y) is true for r £ 3 and false for r > 3 .

A partial-matching rule provides a detector its capabilityof detecting sample strings in its neighborhood according to the threshold value, r . T his is demo nstrated in figur e 2, for the binar ystring. T he graphs in figure 2 illustrate that the co verage of a string of defined length increases exponentiallywith the decrease of r . T hough the maximum coverage can be achieved with r = 1 , but the generated detectors will probably

dcba cab d Y cbad cab b X

:

:

be matched with many self strings resulting in false detectio n. On the other hand, a perfect matching ( for r

= l ) implies that symbols are identical at each locatio n in t wo strings; accordingly, a ver ylar ge number of

detectors are needed to detect patterns in the non-self space. An optimal r value estimates a reasonable size

detector set for the success of this method.

Figure 2. T he figure sho ws (in log scale) ho wthe number of points that can be covered byeach binar y

string (of defined length in its string space) varies with different matching threshold.

When a no n-o verlapping set of detectors is generated with a suitable matching threshold, each detector can

serve as a distinct novelty pattern class in the non-self space. Ho wever, in case of overlapping detectors,

multiple detectors may be activated for a samp le (abnor mal) pattern, and need more detectors to provide

sufficient eno ugh coverage in the no n-self space.

Generating Detectors

T here are many possible ways to generate detectors in the non-self space. T hese approaches generally have

different co mp utational co mp lexities, and their co mplexityis dependent on the choice of matching rule. In

the original description of the negative-selection algorithm [Forrest et al., 1994], candidate detectors are

generated randomly and then tested (censored) to see if theymatch any self string. If a match is fo und, the

candidate is rejected. T his process is repeated until the desired number of detectors is generated. A

probabilistic analysis is used to estimate the number of detectors that are required to provide a given level

of reliability. T he major limitation o f the rando mgeneration approach appears to be computatio nal

difficulty of generating valid detectors, which gro ws exponentiallywith the size o f self. Also for many

choices of l and r , and co mpositions of self, the rando mgeneratio n of strings for detectors may be

prohibitive.

In this paper, we generate detector sets using an improved algorithmproposed by[ Helman and Forrest,

1994] which runs in linear time with the size of self. T he algorithm has two phases; first it emp lo ys a

dynamic programming technique to count recurrences in order to define an enumeratio n of all unmatched

strings (i.e. all feasible detectors). Second, a randomsubset of this enumeration is chosen to generate a

detector set. In other words, given a collectio n of self strings S and matching threshold r , the first phase of

the algorithm deter mines the total number of unmatched strings that exists for the defined self ( S ); then in

the second phase, so me o f them are selected to generate detectors for monitoring self ( nor mal patterns).

Simulation of Cutting Tool Dynamics

T he dynamics of a machining process can generallybe mo nitored when it operating in a defined

enviro nment [ Altintas and Yello wley, 1989]. Usually, the methods for monitoring a milling process utilize

measurements of cutting parameter s correlated with tool breakage [ Elbestawi et al., 1994]. T hese cutting parameter s include temperature [ Palmai, 1987], cutting force [ Elbestawi et al., 1994], vibration [Moore and

Reif, 1992], torque [ T akata et al., 1985], acoustic emission [ Liang and Dornfeld, 1989], etc. Of these parameter s, cutting forces [ Elbestawi et al., 1994][ Tarng and Lee, 1992] [ Li et al., 1992] are widely used for tool breakage detection for several reaso ns:

· Cutting force signals are much less dependent on the str ucture.

· Cutting force signals can be simulated easilyand more accurately than acceleratio n and acoustic emission signals.

· T he cutting force is a ver ygood indicator of the vibration between the tool and wo r kpiece because o f their higher sensitivity and more rapid response to the changes in cutting state.

T he cutting force variation characteristics o f nor mal and broken tools are different. Under nor mal (stable) cutting co nditions, the cutting force periodicallyvaries with the tooth frequency, W t

that depends on the spindle speed:

where N is the spindle speed in rpm and P is the number of teeth on the cutter.

If the tool is broken, it can not remo ve the same amo unt o f material as the other teeth. Accordingly, the number of tooth periods deviates fro mthe stable cutting pattern depends on the number of teeth that are actively involved in the cutting zone.

So me approaches for tool breakage detection are based on the analysis of signal spectra obtained fro mprior

FFT signal preprocessing where signal magnitude at specific freq uencies increases when tool fractures occur. Ho wever, Moore and Reif [Moore and Reif, 1992] demo nstrated that tool breakage can be more reliablymo nitored in the time-do main than in the frequency-do main.

We prepared simulated data for cutting operations using the vibratorymodel described in [ Elbestawi et al.,

1994] [ T lustyand Ismail, 1983]. T his model has been used by manyother investigators for tool breakage detection [ T ansel and McLaughlin, 1993a][ Tarng and Lee, 1992].

T o generate data, the spindle was represented b ya vibrator ysystemwith two degrees o f freedo min the two orthogonal directions X and Y . We considered a four-tooth cutter with unifor mpitch, performing an end - milling, half immersion cut in the X -d irection. In this model, the instantaneous cutting force at angle j is assumed to be proportional to the chip thickness, h . Forces acting on the tooth are the tangential force, F t and radial force, F r

. T he instantaneous tangential force F t

can be approximated b yconsidering the tool displacement as:

F t

= K c

b h (2) subject to the condition that if F t

£ 0 then F t

= 0.

In equation 2, K c

is the d ynamic cutting force coefficient, b is the axial depth of cut, and h is the chip thickness. T he instantaneous chip thickness is obtained fro m:

where f t

is the feed rate per tooth, and z is the displacement of the tool nor mal to the machined sur face which is derived fro mvibratory displacements in the X and Y directions; z min

is the minimum undulatio n left behind in preceding cuts at the angle j .

min

sin z z f h t

+ - =

j

) 1 (

60

NP

t

= W

No wthe displacement, z in the direction nor mal to the cut sur face is given b y:

T he corresponding instantaneous radial co mponent o f the cutting force

In previous studies [ Elbestawi et al., 1994] [ Tlustyand Ismail, 1983], the value o f K

r was assumed as 0.3.

For non-helical teeth, the instantaneo us cutting force in the X and Y directions can be obtained by

decomposing the cutting forces F

t and F

r into the X and Y directions:

In case of multi-tooth milling, the instantaneous cutting forces in the X and Y directions can be expressed

as:

and

In equation 7, j

s

, j

e are the start and exit angle of cut, and j

i is the cutting edge rotation angle o f the i th

tooth.

No w, the instantaneo us resultant cutting force,

At ever yangle j , the vibration amplitude induced b ycutting forces are used where the force co mponents o f

F ( F

x and F

y

) excite vibrations in X and Y directions which can be deter mined fro mthe equatio ns of motion

for the system:

In equation 9, the structural parameters of t wo modes of vibration are m is the mass, c is the damping

coefficient, and k is the stiffness. At time step t , the cutter has rotated bythe angle j

t fro mthe reference

) 3 ( cos sin j j y x z + =

) 4 (

t r r

F K F =

) 5 ( ) cos sin ( cos sin

) sin (cos sin cos

j j j j j j j j

r t r t y r t r t x

K F F F F

K F F F F

+ - = + - =

+ = + =

) 6 ( ) ( ) (

) ( ) (

1

1

i

P

i y i

P

i x

F i FY

F i FX

j d j d

å å

=

=

=

=

) 7 (

. 0

1

) (

otherwise if

i e i s j j j

d

£ £

=

) 9 (

. y k y c y m F x k x c x m F

y y y y x x x x

+ + =

+ + =