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There is presented a method of improving accuracy in tracking meta tool wear states discontinuoudy, when the
states' finite set has been datistically tied to the set of representative wear influencing factors. Range of wear satesis pre-
sumed to be wholly sampled into those factors. The tracker is a static model based on boosting mini-ensemble of three two-
layer perceptrons with nonlinear transfer functions. It regards statistical data inaccuracies and shifts. For making the ensem-
ble, the AdaBoost technique is used. A distinction of the presented method of boosting from the AdaBoost is in the rule for
finding the decreasing coefficient in order to re-distribute weights over training samples. Another one is tha the ensembleis
aggregated at once. The averaged gain of the boosting mini-ensemble in tracking 24 wear states with 16 influencing factors
exceeds 50 %. The wear state tracking model is going to be perfected on optimizing two parameters of the training set and
the naive rule for finding the decreasing coefficient before re-distributing training samples’ weights.
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Benefits of tracking wear states discontinuoudy

Inindustrial metal processing, rationalized usage of billets and toolsis desired. Thisis partially realized
with tracking metal wear states letting prevent underuse and overuse. Discontinuousness of the tracking benefits
because its reliability and accuracy are far beyond higher than for continuous approach needing corrections of
coefficients in differential and difference equations as time goes by. Besides, decision making on the usage is
always of a discrete set of wear states, whose tracking accuracy is never perfect.

Approachestowear statetracking accuracy improvement

Improvement of the wear state tracking accuracy is predetermined with the way of tracking wear states.
While tracking discontinuously, afinite set of wear statesis controlled by afinite difference method or a method
of dtatistical correspondence [1]. The finite difference method accuracy is increased only with more accurate
sampling. And the accuracy rank of statistical approximation is dependent on theinitia statistical data. With sta-
tistically universal approximators based on two-layer perceptron with nonlinear transfer functions (2LPNLTF), it
is possible to make the rank higher using specific training samples which could regard statistical data inaccura-
cies and shifts [2]. Based on boosting technique [3, 4], ensembles of weak |learners may increase the accuracy
rank additionally. However, when the number of wear influencing factors (WIF) is of the order of tens [5], such
ensembles requiring a few 2LPNLTF haven't been tried on their performance. In particular, AdaBoost technique
(ABT) usesjust learners of small configuration [6, 7], although 2LPNLTF might be tried aswell.

The article goal

Under supposition that there is a few tens of WIF corresponding to each known wear state within a fi-
nite statistical data set (FSDS), we are to increase the wear state 2LPNLTF-tracking accuracy with mini-
ensemble of 2LPNLTF. The ensemble performance is going to be boosted on the basis of ABT. Before boosting,
the 2LPNLTF classifier along with its training routine is formalized. The real gain of the boosting will be dis-
cussed to focus, probably, on wear state tracking problems having different numbers of WIF, wear states, and
engaging various numbers of 2LPNLTF in ensembles.

Tracking wear states with boosting mini-ensemble of 2LPNLTF

The single object input of 2LPNLTF is X =[>§]1,QT X1 i with QT ¥ WIF and the output of
2LPNLTF isthe number [2]
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of the current weer state for thenumber NT ¥\{1} of total states, where Sy, is number of neuronsin the sin-

gle hidden layer of 2LPNLTF, and Sy, (Q+N +1)+ N coefficients
{ladg . luds v n]s,  [R1) @
are to be determined in the training process. FSDS is {XJ.,WJ.}J_L:l by LT ¥\{l N-]} and

P

X, =g>q<j>flul T X corresponding to the wear state w; 1 {l N} . All possible wear states are represented in
'Q

FSDS. {WJ.}J_L:l I{L N} ={L Nt . Henceforward, the s -th state w;_ is reflected with the pure representative
X i Theinput of 2LPNLTF is fed successively with the training set
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by RT ¥U{0 and the infinite st N (0,1) of standard normal variate's values. For making sure that the

pure representatives (3) have not been disassociated from those N wear states, the input of 2LPNLTF isre-fed
. 16

with the set (3). Having got Q=16, N =24, S, =45, {>q<J$>I [0 l]} _ ina problem of 24 wear states
i=

tracking, 2LPNLTF (1) was identified by three methods of determining coefficients (2) — “traingda’ (a =1),

“traingdx” (a =2), “trainscg” (a =3). FSDS for ABT is formed via the s&t (4) by R=1, H =20,

s,=0.25, m=15, whereupon this set P, isre-generated for T =100 times. Thus FSDS for ABT is {P} ")

including

(R+H )N T =(1+20) 400 = 50400

training samples. At the ¢ -th iteration of boosting, these samples have the weights in D(q) = gd, (q)gl,50400
by q =L—qo at some final iteration number @, .
Initially, d, (1)=50400"" " t =1,50400. Matrix A =[a, ], (.00

ers, where @,, =1 isthe correct classification of t -th sample by the a -th 2LPNLTF, otherwise @,, =0. The

is of correct responses of classifi-

weighted errorsarein the matrix E(q) = gh,, (q)g3 oo’ WDETE

g _
h,(a)=Q d.(a)9{1- a,).a=13. (5)
Starting from q =1, there are found each classifier’s weighted error (5), the best 2LPNLTF
a.(q)i argminh, (a), ®)
and the minimal weighted error
h.(q) =minh, (q), (7)
letting learn the coefficient
9(a)=1- h.(a) (®)

and calculate the new distribution D(q+1) of weights
5%400 ; .
d,(a+1)=4, a d, by d =d(q) >eng- g(q)(2>ﬁak(fﬂvt i 1)3 ©
u=1

over samples in {Pt}g If h.(gq)<1- N* then §§=q and q=§+1, and (5) — (9) are refound. If
h. (g)O1- N'* then g, = q and there are cal culated the following coefficients
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g .
8(a)=0()/ @ o(p) by a=lq, for b(a)= g  (a). (19
p=l d {Lw} a=a.(q)
Denoting the & -th 2LPNLTF value V; as v, (a) , the boosted classifier output is
s1 agmaxy, by #, =b(1)v, (1) +b(2)v,(2) +b(3)v,(3). (11)

In the section below we' Il seethereal gain of the boosting mini-ensemble of three 2LPNLTF. The gain
is defined with the tracking error rate (TER) being the percentage of the classifier’s correct responses among the
total inputs. Particularly, ratio between TER of a2LPNLTF and TER of the ensemblein (11) is of interest.

Results and discussion

It has been exposed experimentally that TER of the ensemble in (11) is about 56 % lower than TER of
the best single 2LPNLTF in tracking 24 wear states. At that the worst ensemble TER is no greater than 1.12 %,
and 0.96 % is TER of the best-combined ensemble. At the highest level of jitter inaccuracies and omissionsin
statistical data or measurements and WIF shift in every state, the mean ensemble TER is 6.82 %, although the
gain of the boosting is only 39 %. Ancther side of the boosting mini-ensemble effectiveness is that variance of
wear dates TER is more than 50 % lower. These results are evidence of the noticeable gain of the boosting
based on just three 2LPNLTF. Nearly the same effects were locally registered on some other wear state tracking
problems. Consequently, the boosting gain is expected also in solving problems having different numbers of
WIF or (and) wear states. Very likely, engaging four and more 2LPNLTF in ensembles will force the gain, im-
proving accuracy further.

A distinction of the presented method of boosting from ABT is in the coefficient (8). Ancther oneis
that the ensemble is aggregated at once. It isfully realizable within MATLAB, and its code may be freely edited
for adapting to specified problems of wear state tracking. And as the tracker is ensemble of 2LPNLTF then the
classifier operation speed is high enough. While MATLAB-tracking on Intel Core i3-4150 CPU @ 3.50 GHz
with 4 GB RAM within 64-bit Windows 7, the ensemble tracks over 2300 wear states per second. Importantly,
that the improved averaged accuracy of the ensembleis maintained congtant through the whole range of wear dates.

Conclusion

The boosting mini-ensemble of three 2LPNLTF appears capable to track wear regarding statistical data
inaccuracies and WIF shifts more accurately. By this model, some WIF at the input may be even omitted. Omis-

sions are substituted with elements from N (O, l) . However, the accuracy might be improved more, because
parameters T =100 and H = 20 were assigned empiricaly. They could be optimized. Also the naiverule (8) is
possibly nonoptimal for the decreasing coefficient g(q) in redistributing weights (9). Hence, it is well-
promising that the wear state tracking model is going to be perfected.
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Pomanrok B. B. IlokpaieHHst TOYHOCTI y AMCKPETHIN MoJeJIi BiiCIiIKOBYBaHHS CTaHy 3HOCY 3 YPaXyBaHHIM
MOXHOOK i 3CYBIB y CTATHCTHYHHX JAHHX HA OCHOBi MiHi-KOMiTeTy OyCTHHIY JBOIIAPOBHUX NEPCENTPOHIB.

IpencraBnsersbest METOZ MOKPAILEHHS. TOYHOCT] IMCKPETHOTO BiJICIIIJKOBYBAHHSI CTaHIB 3HOCY METaJICBOI0 3aC00Yy,
KOJIM CKIHY€HHa MHOXKHHA IIMX CTaHiB OyJa CTATUCTMYHO IOB’53aHa 3 MHOKHHOIO PENpPE3eHTaTUBHUX (DAKTOPIB, IO BIUIH-
BalOTh Ha 3HOC. Jliala30H CTaHIB 3HOCY BBAXKAEThCS IOBHICTIO pO30MTUM 3a LuMu (akropamu. BincrexyBaueM € cratuyna
MOJIeJIb HA OCHOBI MiHi-KOMiTeTy OyCTHUHI'Y TPbOX ABOIIAPOBHUX MEPCENTPOHIB 3 HENiHIHHUMU NepejaBaIbHUMU (QYHKLIAMU.
BoHa BpaxoBye MOXHOKHM 1 3CyBH Y CTaTHCTUYHUX JaHWX. [l yTBOPEHHS 3ralaHOro0 KOMITETY BUKOPHCTOBYETBCS TEXHiKa
ajantuBHOro Oycrunry. OzHa 3 BiIMIHHOCTEH MeTOty OyCTHHTY, IO IPEICTaBIAETHCS, BiJl aJaNTHBHOTO OYCTHHTY IIOJSTrae
y IpaBWIi 3HAXO[PKEHHS CHAIHOro KoediuieHTa it TOro, mo0 Mepepo3NopuIsTH Baru HaBualnbHUX 3paskiB. Ille oxHa
[OJISIra€ 'y TOMY, IO KOMITET YTBODIOETBCS Onpa3y. YCEpeIHEHMIl BHIpall TaKOro MiHi-KOMiTeTy OYCTHHTY Yy
BizicniiKOBYBaHHi 24 craHiB 3H0CY 3 16 dakropamu BrumBy nepesuitye 50 %. /lana Mozenp BiJIC/IIIKOBYBaHHS CTaHy 3HOCY
Oyne yIOCKOHaJIeHa 3aB/KU ONTHMi3alil ABOX NapaMeTpiB HaBYaJIbHOI MHOMKMHM 1 HAIBHOTO IpaBHJIa 3HAXODKCHHS Crajl-
Horo koeillieHTa nepe]| Nepepo3No/IiJIoM Bar HaBYaJIbHUX 3pa3KiB.

KurouoBi ciioBa: cra 3HOCY, CTaTHCTH4HI JaHi, GIIyKTyaliiiHi MOXHMOKM y NaHMX, HPOIYCKH Yy JaHHX, 3CYBH Y JIaHHX,
MOJIeNb BiJICNIIIKOBYBAHHS, TOYHICTb, ABOIIAPOBHI IEpCENTPOH, OYCTHHI, KOMiTeT OYyCTHHIY, piBEHb
TIOMHJIOK BiJICJTiIKOBYBaHHSI.
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