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There is a trial of optimization for improving accuracy in tracking metal tool wear states discontinuously, when the
states’ finite set has been statistically tied to the set of representative wear influencing factors. Range of wear states is pre-
sumed to be wholly sampled into those factors. The tracker is a static model based on boosting ensemble of two-layer percep-
trons with nonlinear transfer functions. It successfully regards statistical data inaccuracies and shifts in a problem of tracking
24 wear states featured with 16 wear influencing factors. Having increased number of classifiers within the ensemble up to
30, the averaged gain with the optimized ensemble is about 56 % in respect of the best ensemble of three classifiers. Simi-
larly, variance of tracking error rate over 24 wear states is about 53 % lower. Nearly the same results are registered when the
ensemble is composed without training, but just setting every classifier’s weight to one thirtieth. To get the perfected accu-
racy more, such equally-weighted compositions shall be investigated in the sequel.

Key words: wear state, statistical data, data inaccuracies, data shifts, tracking model, accuracy, two-layer perceptron,
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Tracking wear states regarding statistical data inaccuracies and shifts

Metal processing is an inseparable part of heavy industry. For rationalized usage of billets and tools
preventing their underuse and overuse, metal wear states are tracked and forecasted. At this, unavoidable statisti-
cal data inaccuracies and shifts (SDIS) of wear influencing factors (WIF) should be regarded because of the high
stochasticity of the wear process. In tracking wear states regarding SDIS, the tracking accuracy is improved ei-
ther with refinement of continuous models or accumulating additional statistics for discontinuous tracking mod-
els based on statistical correspondence [1, 2]. The statistical correspondence approach [1] looks well-promising
inasmuch as regarding SDIS is possible with manipulating huge statistics anyway. Nonetheless, the high stochas-
ticity of the wear process provoking the spoken SDIS allows using universal classifiers which perform greatly on
Gaussian-noised data (GND). And namely GND are specificity of wear influenced with a great deal of factors
(which, upon the whole, are innumerable). This lets treat those noises as normal.

Approaches to wear state tracking accuracy improvement and the gain

With universal classifiers of GND, there are two major approaches to improve their accuracy. They are
training process optimization and boosting. Based on a boosting technique stated in [3] for ensemble of three
learners, where everyone is two-layer perceptron with nonlinear transfer functions (2LPNLTF), the averaged
gain of the boosting in tracking 24 wear states with 16 WIF exceeded 50 %. This gain is defined with the track-
ing error rate (TER) indicating virtually the percentage of the classifier’s correct responses among the total in-
puts. At the highest level of SDIS in every state, the mean ensemble TER was 6.82 %, and the averaged TER
varied between 0.96 % and 1.12 %. And with the ensemble, moreover, variance of wear states” TER became
more than 50 % lower.

However, the accuracy gains were reached at the raw parameters of the boosting training process
(BTP). The rule for redistributing weights of the training samples was naive as well. Thus, those parameters may
be optimized in order to get the accuracy perfected.

The article goal and tasks

Taken the example of tracking 24 wear states with 16 WIF from [3], the 2LPNLTF-boosting gain is go-
ing to be improved. The improvement is the statistical approximation accuracy increment. For this, two raw pa-
rameters of BTP are swept within their ranges to see the lowest TER. Along with that, the linear function rule for
redistributing weights of the training samples will be adjusted through a set of nonlinear functions. Eventually,
we are to evaluate the new gain after testing the optimized 2LPNLTF-boosting.

Tracking wear states with boosting ensemble of 2LPNLTF

In general, there are Q € N WIF and N € N\ {1} wear states. The forecasted state by 2LPNLTF is
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for PR and SDIS correspondingly, where R e NU {0} and N/ (0, 1) is the infinite set of standard normal vari-
ate’s values. Denoting the o -th 2LPNLTF value v, in (1) as v, (oc) , the boosted classifier output is
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for Be N\ {1} 2LPNLTF in the ensemble, where weights {[_’)(Oc)}z:1 are determined as follows. In training the
ensemble, the set (2) is re-generated for 7' times, forming FSDS of M = (R +H )-N -T training samples.
These samples have the weights in D = [d ]1 ., atthe g -th iteration of BTP by ¢ = 1, g, at some final
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responses, where @, =1 is the correct classification of T-th sample by the o -th 2LPNLTF, otherwise

a,. =0 . The weighted errors are in E(q) = [na (q)]BxM , where the a -th classifier’s weighted error
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Starting from ¢ =1, there are found the best 2LPNLTF o, (q) and the minimal weighted error m. (q) ,
a.(g)eargminn, (¢) and m.(¢)=minn,(q) 5)

respectively, letting learn the coefficient

v(q)=1-n.(q) (6)

and calculate the new distribution D q + 1 of weights
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over M training samples. If T]* <1 N~ then §=¢g and ¢g=§+1, and (4) — (7) are re-found. If
N« (q) >1-N"" then q, =¢ and there are calculated the coefficients

?(q)=v(q)/iv(p) by g=1g, for B(a)= D, ¥(q) Ya=1B. (8)
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For regarding SDIS modeled with 6, =0.25 and p=1.5 for 0 =16, N =24, {xf"“> e[0; 1]} , by

i=1
Sy =45 and B =3 in [3], FSDS (2) for BTP was formed by R=1, H =20, T =100 . Denote the averaged
TER by p(H, T, g) for the power g >0 to form a set of nonlinear functions y(q)zl—[n*(q)]g

instead of (6). Thus, the problem is min min min p(H T, g) and to find H., T., g., which

HeN TeN g>0

{H*: T;a g*}:arg min p(H: T: g) (9)

{HeN, TeN, g>0}

Having swept those three parameters of BTP within their reasonable ranges, there has been exposed
that by H € {1, 40} and T € {1, 200} and g€ (0; 10) TER remains nearly the same. At the most, the aver-

aged value p(H s Ly g*) doesn’t seem to be significantly less than the registered TER in [3]. An important fact
is that by H € {1,_5} and T € {1,_5} the inequality M. (q) >1-N"" is never true for some BTP. Sometimes

this gap can be dealt through setting up a best classifier weighted error tolerance (BCWET) &pcypr > 0. Then
the items (4) — (7) are re-found while T]*(q)<1—N71 —&pewpr - For this, BCWET may be taken as

€pcwET € {0.1, N, 0.01} or other reasonable values. Nonetheless, here H, =7, =6 and g, =1 because the

greater values of H and T the longer BTP is.
However, when assembling much greater number of 2LPNLTF, TER becomes lower. For instance, it is

expected p(20, 100, 1) <0.75 with B =30 classifiers. Amazingly enough, but here TER also isn’t influenced

much when H and T increase. And with /' =7 =30 BTP convergence is ensured even for €p-ypr =0.
Optimization results and discussion

In a problem of 24 wear states tracking with universal GND classifiers, the boosting ensemble of 30
2LPNLTF is trained optimally under parameters H, =30 and 7. =40 and g, =1. This is so because, partially,

by H =T =20 misconvergence was spotted. Although the inequality p(60, 200, 1)< p(30, 40, 1) is ex-
pected, time of BTP is obviously shorter for lower H and T, and the difference between p(60, 200, 1) and
p(30, 40, 1) is too small and unstable. The best ensemble has p(30, 40, 1) <0.63 and it takes about 330 sec-

onds to train it, i. e. to find the distribution {[3(0()}10:1 Moreover, p(30, 40, 1) < 4.8 at the highest level of

SDIS in every state, giving the 56 % gain in respect of the best ensemble with three 2LPNLTF. And variance of
24 wear states’ TER has become 53 % lower when used 10 times greater number of 2LPNLTF.

The astounding event is that without factual training, but just setting B(OL) =30" Va=1230, TER

close to optimal p (30, 40, 1) is revealed. This is explained with that all 2LPNLTF are roughly similarly-trained
GND classifiers, without focusing on specific SDIS. Such fact is a heuristic alternative to optimization of BTP.

Conclusion

Tracking wear states regarding SDIS at low TER is very essential for metal processing. With the opti-
mized boosting 2LPNLTF ensemble as a wear state discontinuous tracking model, the accuracy is reached
higher. In the presented example, just every twentieth state is tracked erroneously at the highest level of SDIS.
On average, just a state from 158 is tracked erroneously. All what is needed is high-precision statistical corre-
spondence of 24 wear states and 24 groups of 16-dimensional points labeled as 24 PR. The rest correspondence
is modeled as FSDS (2) due to that wear is valued as GND. It’s a way of real implementation of rationalized us-
age of billets and tools under controlling their wear. Generally, the optimized 2LPNLTF-boosting shall work in
solving problems having various O and N . A remarkable property of straight boosting under simply

B(a) =B Vo= I,_B is going to be explored to perfect the tracker accuracy further.
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[Moctynuna B penakuito 09.02.2015

Pomanrok B. B. Onrumizanis mapamerpiB HaB4YaHHsI KOMIiTeTy OyCTHHIY JBOIIAPOBHMX NEPCENTPOHIB IS
TMOKPANICHHS] TOYHOCTI Y AMCKPETHil MojeJi BiiCTiIKOBYBaHHS CTaHy 3HOCY 3 YPaxXyBaHHSIM NOXHOOK i 3CcyBiB y cTa-
THCTHYHHX JAHUX.

[pencraBnserscs cnpoba onTUMI3amil ISl MOKPALIEHHS TOYHOCTI JIMCKPETHOTO BiJICIIIIKOBYBAaHHSI CTaHIB 3HOCY
METaJIEBOT0 3ac00y, KOJIM CKIHYEHHa MHOXKHMHA IIUX CTaHIB Oyjla CTaTUCTHYHO IIOB’s13aHa 3 MHOKUHOIO PEIpPEe3CHTaTHBHUX
(axTopiB, IO BIUIMBAIOTh Ha 3HOC. Jliama3oH CTaHIB 3HOCY BBAKAETHCS IOBHICTIO PO3OHMTHM 3a IIMMH (hakTopamu.
BincrexxyBaueM € cTaTH4Ha MOJIEIIb HA OCHOBI KOMiTeTy OYCTHHIY JBOLIAPOBHX I€PCENTPOHIB 3 HEJIIHIHHUMU IepeaBaib-
HUMH (yHKIisIMU. BoHa ycmiiHO BpaxoBye MOXMOKH 1 3CyBH Y CTATUCTMYHMX JIAHMX B 3371aui BiJICJIKOBYBaHHA 24 CTaHIiB
3HOcy 3 16 dakTopamu BIUIMBY Ha 3HOC. 30UIBIIMBIIM KUIBKICTh KIacudikaTopiB y KoMiteri 1o 30, ycepeaHeHui BUrpamn 3
OINTHMI30BaHUM KOMITETOM CKJIaIa€ O1M3bKO 56 % IO BiJHOLIEHHIO 10 HAMKPamoro KOMITETY 3 TPhOX KIachu(iKaTopiB.
AHAIIOT1YHO Jiicniepcist piBHS MOMIJIOK BiJICIIIIKOBYBaHHS 110 24 cTaHaM 3HOCY € Maibke Ha 53 % meHmoro. [Tpubnm3Ho Taki
caMi pe3ynbTaTé 3a(iKCOoBaHi TOJI, KOJM KOMITET CKIAIaecThCs 0e3 HaBUAHHS, a JIMIIE 3 NPHPIBHIOBAHHSIM Baru KOXKHOTO
kiacudikaropa 1o oxHiel TpuansToi. Taki piBHOBAaroBi KOMIo3umii OyayTh JOCIIHKEH] Yy MOAANBIIOMY ISl TOTO, 100 OTpH-
MaTH IIe OUTBII BJIOCKOHAJIEHY TOYHICTb.

KirouoBi ciioBa: cran 3HOCY, CTaTUCTHYHI JJaHI, TOXUOKK Yy JaHUX, 3CYBH y JaHHX, MOJEJb BiJICTIIKOBYBaHHS, TOYHICTD,
JIBOLIAPOBUH IEpCeNTpoH, OYCTHHI, HaBYaHHSA KOMiTeTy OYCTHHIY, ONTHMIi3allis, PIBEHb HOMHIIOK
BiJICJTi IKOBYBaHHSL.
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