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Öåëü èññëåäîâàíèÿ — ðàçðàáîòêà è àïðîáàöèÿ íîâîé ðàñ÷åòíîé ìåòîäèêè äëÿ ðåøåíèÿ çà-

äà÷è àïïðîêñèìàöèè êðèâûõ äåôîðìèðîâàíèÿ ïðè îäíîîñíîì ðàñòÿæåíèè îáðàçöîâ èç ñòà-

ëè è ñèëóìèíà, ïîçâîëÿþùåé ïîâûñèòü êà÷åñòâî ìîäåëèðîâàíèÿ. Ïðåäñòàâëåíà ñõåìà èñ-

ïûòàíèÿ íà îäíîîñíîå ðàñòÿæåíèå îáðàçöîâ èç ñòàëè è ñèëóìèíà. Ýêñïåðèìåíò íà îäíîîñ-

íîå ðàñòÿæåíèå ïîñòàâëåí â ëàáîðàòîðèè ìåõàíè÷åñêèõ èñïûòàíèé êàôåäðû ïðèêëàäíîé

ìàòåìàòèêè è ìåõàíèêè Âîðîíåæñêîãî ãîñóäàðñòâåííîãî òåõíè÷åñêîãî óíèâåðñèòåòà. Ýêñ-

ïåðèìåíòàëüíàÿ êðèâàÿ äåôîðìèðîâàíèÿ îáðàçöà èç ñòàëè àïïðîêñèìèðîâàíà óðàâíåíèåì

Ï. Ëþäâèãà. Îáñóæäàåòñÿ âàðèàíò ïðîãíîçèðîâàíèÿ çàâèñèìîñòè èñòèííîãî íàïðÿæåíèÿ

ïî ëîãàðèôìè÷åñêîé äåôîðìàöèè äëÿ ðàññìàòðèâàåìîé çàäà÷è ñ ïîìîùüþ ïðåäâàðèòåëü-

íî îáó÷åííîé èñêóññòâåííîé íåéðîííîé ñåòè ñ àðõèòåêòóðîé ìíîãîñëîéíîãî ïåðñåïòðîíà.

Îáó÷åíèå íåéðîñåòåâîé ìîäåëè âûïîëíåíî ìåòîäîì RProp (resilient backpropagation). Ïðî-

ãðàììíàÿ ðåàëèçàöèÿ íåéðîñåòåâîãî ñïîñîáà àïïðîêñèìàöèè ïðîâåäåíà â open source

ôðåéìâîðêå äëÿ àíàëèçà äàííûõ — Knime Analytics Platform. Ðàññìîòðåíà ñõåìà ïðîåêòà

äëÿ ðåàëèçàöèè ìíîãîñëîéíîãî ïåðñåïòðîíà, ðåøàþùåãî çàäà÷ó àïïðîêñèìàöèè. Âûïîë-

íåíî ñðàâíåíèå ðåçóëüòàòîâ ìîäåëèðîâàíèÿ ïî çíà÷åíèÿì ñðåäíåêâàäðàòè÷åñêîé îøèáêè

àïïðîêñèìàöèè. Äëÿ îáðàçöà èç ñòàëè íåéðîñåòåâàÿ àïïðîêñèìàöèÿ îêàçàëàñü íà ïîðÿäîê

òî÷íåå, ÷åì àïïðîêñèìàöèÿ óðàâíåíèåì Ï. Ëþäâèãà. Äëÿ îáðàçöà èç ñèëóìèíà íåéðîñåòå-

âàÿ àïïðîêñèìàöèÿ âûïîëíåíà ñ åùå ìåíüøèì çíà÷åíèåì ñðåäíåêâàäðàòè÷åñêîé îøèáêè,

÷åì äëÿ îáðàçöà èç ñòàëè. Âûÿâëåíî, ÷òî èçìåíåíèå àðõèòåêòóðû èñêóññòâåííîé íåéðîí-

íîé ñåòè âëèÿåò íà êà÷åñòâî ìîäåëèðîâàíèÿ. Ïðè óâåëè÷åíèè êîëè÷åñòâà ñêðûòûõ ñëîåâ

òî÷íîñòü àïïðîêñèìàöèè ïîâûøàåòñÿ. Íåéðîñåòåâàÿ àïïðîêñèìàöèÿ ïðåäñòàâëÿåò ñîáîé

ýôôåêòèâíûé ñïîñîá ðåøåíèÿ çàäà÷è àíàëèòè÷åñêîãî îïèñàíèÿ ýêñïåðèìåíòàëüíûõ êðè-

âûõ äåôîðìèðîâàíèÿ è îñòàâëÿåò âîçìîæíîñòü èñïîëüçîâàíèÿ óíèâåðñàëüíîé ìåòîäèêè

äëÿ ðàçíîîáðàçíûõ ìàòåðèàëîâ è âèäîâ èñïûòàíèé.
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The purpose of the study is developing and testing of the new computational technique for approximation

of deformation curves of steel and silumin specimens under uniaxial tension. A scheme of testing steel and

silumin specimens for uniaxial tensile is presented. The experiment was carried out in the mechanical

testing laboratory of the Department of Applied Mathematics and Mechanics of the Voronezh State Tech-

nical University. The experimental deformation curve of a steel specimen was approximated by P. Lud-

wig’s equation. Prediction of the true stress from the logarithmic strain using a pretrained artificial neu-

ral network with a multilayer perceptron architecture is discussed. The neural network model was trained

using the RProp (resilient backpropagation) method. The software implementation of the neural network

approximation was carried out in a framework of the open source for data analysis — Knime Analytics

Platform. A scheme for the implementation of a multilayer perceptron that solves the approximation

«Çàâîäcêàÿ ëàáîpàòîpèÿ. Äèàãíîcòèêà ìàòåpèàëîâ». 2023. Òîì 89. ¹ 4 71



problem is considered. The simulation results are compared by the values of the mean squared error

(MSE) of the approximation. The neural network approximation is turned out to be an order of magnitude

more accurate for the steel specimen than the approximation by the P. Ludwig equation. The neural net-

work approximation provided even a smaller MSE value for a silumin specimen than that or a steel speci-

men. It is revealed that changing the architecture of an artificial neural network affects the quality of

modeling. With an increase in the number of hidden layers, the accuracy of the approximation increases.

Neural network approximation is an effective approach to solving the problem of the analytical descrip-

tion of experimental deformation curves and leaves the possibility of using a universal technique for a va-

riety of materials and different types of tests.

Keywords: approximation of deformation curves; uniaxial tension; multilayer perceptron; artificial neu-

ral network; neural network forecasting.

Ââåäåíèå

Ýôôåêòèâíîñòü ìîäåëèðîâàíèÿ òåõíîëîãè÷å-

ñêèõ îïåðàöèé íå â ïîñëåäíþþ î÷åðåäü çàâèñèò

îò òî÷íîñòè îïðåäåëåíèÿ ìåõàíè÷åñêèõ õàðàêòå-

ðèñòèê. Äëÿ ðåøåíèÿ ýòîé çàäà÷è íåîáõîäèìû

àâòîìàòèçàöèÿ ïðîöåññîâ èçìåðåíèÿ è ñîâåðøåí-

íûå ìåòîäû îáðàáîòêè ðåçóëüòàòîâ èñïûòàíèé ñ

èñïîëüçîâàíèåì ñîâðåìåííûõ êîìïüþòåðíûõ

ñèñòåì è ýëåêòðîííûõ äàò÷èêîâ èçìåðåíèé.

Âàëèäíîñòü íàòóðíîãî ýêñïåðèìåíòà ïðè îä-

íîîñíîì ðàñòÿæåíèè ìîæíî ïðîâåðèòü ïî ñîâïà-

äåíèþ ýêñïåðèìåíòàëüíîé è ðàñ÷åòíîé êðèâûõ

äåôîðìèðîâàíèÿ, ïðåäåëîâ ïðî÷íîñòè è òåêó÷å-

ñòè. Ïî ðåçóëüòàòàì ñðàâíåíèÿ èòîãîâ êîìïüþ-

òåðíîãî ìîäåëèðîâàíèÿ è íàòóðíîãî ýêñïåðèìåí-

òà êîððåêòèðóþò âûáîð ìîäåëè ïëàñòè÷íîñòè ìà-

òåðèàëà.

Â öåëÿõ ìîäåëèðîâàíèÿ ýêñïåðèìåíòàëüíûå

êðèâûå äåôîðìèðîâàíèÿ, ïîëó÷àåìûå â òàáóëè-

ðîâàííîì âèäå, àïïðîêñèìèðóþò. Ýòî íåòðèâè-

àëüíàÿ çàäà÷à, ïîñêîëüêó äëÿ ðàçíûõ ìàòåðèàëîâ

è âèäîâ èñïûòàíèé ïîëó÷àþò êðèâûå ðàçíîîá-

ðàçíîé ôîðìû. Ñòàíäàðòíûõ ìîäåëåé äëÿ âñåõ

ñèòóàöèé íå ñóùåñòâóåò.

Äëÿ àëþìèíèåâûõ ñïëàâîâ è ïðè ôîðìîâêå â

îáëàñòè áîëüøèõ äåôîðìàöèé, íàïðèìåð îáîëî-

÷åê èç ëèñòîâûõ ìåòàëëîâ, ÷àùå èñïîëüçóþò àï-

ïðîêñèìàöèþ Ã. Ñâèôòà. Ôîðìîâêó ïðîôèëåé èç

ìåòàëëîâ â îáëàñòè íåáîëüøèõ äåôîðìàöèé, êàê

ïðàâèëî, îïèñûâàþò óðàâíåíèÿìè Ï. Ëþäâèãà è

Å. Âîêå.

Ëþäâèã Ï. èñïîëüçîâàë äâóõïàðàìåòðè÷å-

ñêóþ àïïðîêñèìàöèþ ñ ïîìîùüþ ñòåïåííûõ

ôóíêöèé:

ó
i
= Ae

i

n , (1)

ãäå n — ïîêàçàòåëü äåôîðìàöèîííîãî óïðî÷íå-

íèÿ; A — êîýôôèöèåíò óïðî÷íåíèÿ; e — ëîãà-

ðèôìè÷åñêàÿ äåôîðìàöèÿ; ó — èñòèííîå íàïðÿ-

æåíèå; i — íîìåð èçìåðåíèÿ.

Íà ðèñ. 1 ïîêàçàíû ýêñïåðèìåíòàëüíàÿ è ðàñ-

÷åòíàÿ, îïèñàííàÿ ôîðìóëîé (1), êðèâûå.

Àïïðîêñèìàöèÿ ïîçâîëÿåò ýêñòðàïîëèðîâàòü

êðèâóþ äåôîðìèðîâàíèÿ â çîíó ðàçâèòûõ ïëà-

ñòè÷åñêèõ äåôîðìàöèé. Îñíîâíàÿ ïðîáëåìà —

ïîÿâëåíèå çíà÷èòåëüíîé îøèáêè ýêñòðàïîëÿ-

öèè. Ïîýòîìó îäíîé èç ñòðàòåãèé ñîâåðøåíñòâî-

âàíèÿ ìåòîäîâ îáðàáîòêè ðåçóëüòàòîâ ìåõàíè÷å-

ñêèõ èñïûòàíèé ÿâëÿåòñÿ ïîâûøåíèå òî÷íîñòè

àïïðîêñèìàöèè ýêñïåðèìåíòàëüíûõ êðèâûõ äå-

ôîðìèðîâàíèÿ.

Èñêóññòâåííûå íåéðîííûå ñåòè — óíè-

âåðñàëüíûé èíñòðóìåíò äëÿ ïðîãíîçèðîâàíèÿ,

óñïåøíî ïðèìåíÿþùèéñÿ äëÿ ðåøåíèÿ ðàçíîîá-

ðàçíûõ çàäà÷ ýêñïåðèìåíòàëüíîé ìåõàíèêè.

Â [1] îïèñàíî íåéðîñåòåâîå ìîäåëèðîâàíèå

ðåîëîãèè ñïëàâà ÀÌÃ6 â óñëîâèÿõ ïðîÿâëåíèÿ

áàðüåðíîãî ýôôåêòà äèñïåðñîèäàìè è çàìåäëå-

íèÿ äèíàìè÷åñêèõ ðåëàêñàöèîííûõ ïðîöåññîâ.

Íåéðîñåòåâîé ìåòîä èäåíòèôèêàöèè è àíàëèçà

ìîäåëè äåôîðìèðîâàíèÿ ìåòàëëè÷åñêèõ êîíñò-

ðóêöèé â óñëîâèÿõ ïîëçó÷åñòè ðàíåå îáñóæäàëñÿ

â [2]. Êîìïëåêñ íåéðîñåòåâûõ ðåøåíèé â êîìáè-

íàöèè ñ ìîäåëüþ ãàóññîâñêîãî ïðîöåññà ðàçðàáî-

òàí àâòîðàìè [3] äëÿ ïðîãíîçèðîâàíèÿ ðàçðûâà

ïðè ïîëçó÷åñòè.

Ìåòîä ìîäåëèðîâàíèÿ ðîñòà óñòàëîñòíîé òðå-

ùèíû, áàçèðóþùèéñÿ íà ïðèìåíåíèè òðåõ ðàç-

ëè÷íûõ àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ, âêëþ-

÷àþùèõ èñêóññòâåííûå íåéðîííûå ñåòè, ïðåä-
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Ðèñ. 1. Ýêñïåðèìåíòàëüíàÿ êðèâàÿ äåôîðìèðîâàíèÿ (ñè-

íèé öâåò), ïîëó÷åííàÿ ïðè ðàñòÿæåíèè îáðàçöà èç ñòàëè,

è åå àïïðîêñèìàöèÿ ïî óðàâíåíèþ Ï. Ëþäâèãà (êðàñíûé

öâåò)

Fig. 1. Experimental deformation curve (blue line) ob-

tained upon tension a steel specimen and approximation by

the Ludwig equation (red line)



ñòàâëåí â [4]. Àâòîðû [5] èñïîëüçîâàëè áàéå-

ñîâñêóþ íåéðîííóþ ñåòü è ìåòîäû ìàøèííîãî

îáó÷åíèÿ äëÿ îïðåäåëåíèÿ çíà÷åíèé ìèêðîìå-

õàíè÷åñêèõ è ìèêðîñòðóêòóðíûõ ïàðàìåòðîâ,

âëèÿþùèõ íà íàïðàâëåíèå è ñêîðîñòü ðàñïðî-

ñòðàíåíèÿ óñòàëîñòíîé òðåùèíû.

Â [6] èññëåäîâàíû ìîäåëè ïðîãíîçèðîâàíèÿ

ïëîùàäè ðàññëàèâàíèÿ êîìïîçèòíûõ ìàòåðèà-

ëîâ, îñíîâàííûå íà ìåòîäàõ ìàøèííîãî îáó÷å-

íèÿ. Ðàññìîòðåíû ëèíåéíàÿ ìîäåëü, ìàøèíû

îïîðíûõ âåêòîðîâ è «ñëó÷àéíûé ëåñ». Â [7] îïè-

ñàíà ðàçðàáîòêà ðåãðåññèîííûõ è íåéðîñåòåâûõ

ìîäåëåé äëÿ ïðîãíîçèðîâàíèÿ øåðîõîâàòîñòè ïî-

âåðõíîñòè ïðè òî÷åíèè ëàòóíè (C23000) ñ èñ-

ïîëüçîâàíèåì èíñòðóìåíòà èç áûñòðîðåæóùåé

ñòàëè. Àâòîðû [8] îïðåäåëÿëè ñ ïîìîùüþ íåéðî-

ñåòåâîãî ìîäåëèðîâàíèÿ è äðóãèõ ìåòîäîâ ìà-

øèííîãî îáó÷åíèÿ çíà÷åíèÿ ìåõàíè÷åñêèõ õà-

ðàêòåðèñòèê ïëîñêèõ àëþìèíèåâûõ îáðàçöîâ, äå-

ôîðìèðóåìûõ â ðåçóëüòàòå âîçäåéñòâèÿ âûñîêèõ

òåìïåðàòóð, ïî ôîòîãðàôèÿì.

Öåëü äàííîãî èññëåäîâàíèÿ — ðàçðàáîòêà

ðàñ÷åòíûõ ìåòîäèê, áàçèðóþùèõñÿ íà ìåòîäàõ

ìàøèííîãî îáó÷åíèÿ, èõ ïðîãðàììíàÿ ðåàëèçà-

öèÿ è ýêñïåðèìåíòàëüíàÿ ïðîâåðêà äëÿ ðåøåíèÿ

çàäà÷è àïïðîêñèìàöèè êðèâûõ äåôîðìèðîâàíèÿ

ïðè îäíîîñíîì ðàñòÿæåíèè îáðàçöîâ èç ñòàëè è

ñèëóìèíà.

Ìàòåðèàëû è ìåòîäû èññëåäîâàíèÿ

Ýêñïåðèìåíò íà îäíîîñíîå ðàñòÿæåíèå â ëà-

áîðàòîðèè ìåõàíè÷åñêèõ èñïûòàíèé êàôåäðû

ïðèêëàäíîé ìàòåìàòèêè è ìåõàíèêè Âîðîíåæ-

ñêîãî ãîñóäàðñòâåííîãî òåõíè÷åñêîãî óíèâåðñèòå-

òà ïðîâîäÿò íà óíèâåðñàëüíîé èñïûòàòåëüíîé

ìàøèíå Ð-20 ñ ãèäðîïðèâîäîì. Ðàñòÿãèâàþùåå

óñèëèå è îñåâîå óäëèíåíèå ôèêñèðóþò ýëåêòðîí-

íûìè àíàëîãîâûìè äàò÷èêàìè, ñèãíàëû ñ êîòî-

ðûõ ïîñòóïàþò íà êàðòó îöèôðîâêè. Äëÿ îáðà-

áîòêè ñèãíàëîâ èñïîëüçóþò àâòîðñêîå ïðîãðàìì-

íîå îáåñïå÷åíèå. Ñõåìà ýêñïåðèìåíòàëüíîé óñòà-

íîâêè ïðèâåäåíà íà ðèñ. 2.

Òàáóëèðîâàííóþ äèàãðàììó ðàñòÿæåíèÿ ïî-

ëó÷àþò â êîîðäèíàòàõ óäëèíåíèå Äl (ìì) — ðàñ-

òÿãèâàþùåå óñèëèå P (Í) è ïåðåñ÷èòûâàþò â öå-

ëÿõ ìîäåëèðîâàíèÿ äëÿ êîîðäèíàò ëîãàðèôìè÷å-

ñêàÿ äåôîðìàöèÿ e – èñòèííîå íàïðÿæåíèå ó:

e

l

l

� ln ,

0

ó =
P

F

e

0

exp( ), (2)

ãäå l0 è F0 — íà÷àëüíûå äëèíà è ïëîùàäü ïîïå-

ðå÷íîãî ñå÷åíèÿ îáðàçöà; l = l0 + Äl.

Ôîðìà è ðàçìåðû îáðàçöà äëÿ ýêñïåðèìåíòà

íà îäíîîñíîå ðàñòÿæåíèå ïîêàçàíû íà ðèñ. 3.

Íàáîð äàííûõ äëÿ ìîäåëèðîâàíèÿ ïðåä-

ñòàâëÿåò ñîáîé òàáëèöó çíà÷åíèé (X, Y), ïîëó÷åí-

íóþ ýêñïåðèìåíòàëüíî. Àðãóìåíòîì (X) ÿâëÿåòñÿ

ëîãàðèôìè÷åñêàÿ äåôîðìàöèÿ (e), à ðåçóëüòàòîì

(Y) — ñîîòâåòñòâóþùåå èñòèííîå íàïðÿæåíèå

(ó).

Ñðàâíèì àïïðîêñèìàöèþ Ï. Ëþäâèãà ñ àï-

ïðîêñèìàöèåé, ïîëó÷åííîé èñêóññòâåííîé íåé-

ðîííîé ñåòüþ ñ àðõèòåêòóðîé ìíîãîñëîéíîãî ïåð-

ñåïòðîíà. Êîìïüþòåðíûå ìîäåëè áóäåì ñòðîèòü â

open source ôðåéìâîðêå äëÿ àíàëèçà äàííûõ —

Knime Analytics Platform (KNIME).

Ïðîãðàììíî ðåàëèçóåì ìíîãîñëîéíûé ïåð-

ñåïòðîí è îáó÷èì åãî ðåøåíèþ çàäà÷è àïïðîêñè-

ìàöèè êðèâîé äåôîðìèðîâàíèÿ, ïðåäñòàâëåííîé

íà ðèñ. 1. Ñõåìà ïðîåêòà â KNIME ïðèâåäåíà íà

ðèñ. 4.

Òàáëèöó èñõîäíûõ äàííûõ (X, Y) ñâÿæåì ñ

ïðîåêòîì ñ ïîìîùüþ óçëà Excel Reader ÷åðåç

ñâîéñòâî Configure. Óçåë Math Formula ñëóæèò

äëÿ äîáàâëåíèÿ â òàáëèöó íîâîãî ñòîëáöà äàííûõ

Prediction (Y), ïðåäîáó÷åííîãî íà ðåçóëüòèðóþ-

ùåì ñòîëáöå Y.

«Çàâîäcêàÿ ëàáîpàòîpèÿ. Äèàãíîcòèêà ìàòåpèàëîâ». 2023. Òîì 89. ¹ 4 73

Ðèñ. 2. Ñõåìà óñòàíîâêè äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòà

íà îäíîîñíîå ðàñòÿæåíèå

Fig. 2. Scheme of the experimental setup for testing for

uniaxial tension

h* òîëùèíà îáðàçöà

Ðèñ. 3. Ãåîìåòðèÿ îáðàçöà íà îäíîîñíîå ðàñòÿæåíèå

Fig. 3. Specimen geometry



Óçåë Normalizer âûïîëíÿåò íîðìàëèçàöèþ

âñåõ ñòîëáöîâ äàííûõ. Èñïîëüçîâàí âàðèàíò

Min-Max Normalization ñ âûõîäíûì äèàïàçîíîì

íîðìàëèçîâàííûõ çíà÷åíèé îò 0 äî 1. Ñ ïîìî-

ùüþ óçëà Column Filter â áëîê îáó÷åíèÿ ñåòè ïî-

äàþòñÿ òîëüêî èñõîäíûå äàííûå èç ñòîëáöîâ (X,

Y).

Îáó÷åíèå íåéðîñåòè ìåòîäîì RProp ïðîèñõî-

äèò â óçëå RProp MLP Learner. RPROP (resilient

backpropagation) — ýòî âàðèàíò ìåòîäà îáðàòíî-

ãî ðàñïðîñòðàíåíèÿ îøèáêè. Ìåòîä ÿâëÿåòñÿ îä-

íèì èç ëó÷øèõ ïî ñêîðîñòè îáó÷åíèÿ â êëàññå ëî-

êàëüíî-àäàïòèâíûõ àëãîðèòìîâ îáó÷åíèÿ. Â íåì

ó÷òåíû èçìåíåíèÿ ëîêàëüíîãî ãðàäèåíòà äëÿ âû-

áîðà ðàçìåðà è íàïðàâëåíèÿ øàãà. Àëãîðèòìû

îáó÷åíèÿ è ôóíêöèîíèðîâàíèÿ îáó÷åííîé èñêóñ-

ñòâåííîé íåéðîííîé ñåòè ñ àðõèòåêòóðîé ìíîãî-

ñëîéíîãî ïåðñåïòðîíà â ðåæèìå ïðîãíîçèðîâà-

íèÿ îïèñàíû â [9]. Ìåòîäû îöåíêè îøèáîê ïðî-

ãíîçèðîâàíèÿ è èíûå ìåòîäû ìàøèííîãî

îáó÷åíèÿ ïðèâåäåíû â [10].

Â íàøåì èññëåäîâàíèè ïîñòðîåíà ñåòü ñ ïÿ-

òüþ ñêðûòûìè ñëîÿìè è 20 íåéðîíàìè â êàæäîì

ñëîå. Ìàêñèìàëüíîå ÷èñëî îáó÷àþùèõ ýïîõ —

100. Íà ðèñ. 5 ïîêàçàí ãðàôèê îøèáîê ñåòè äëÿ

óçëà RProp MLP Learner ïîñëå çàâåðøåíèÿ ïðî-

öåññà îáó÷åíèÿ. Âèäíî, ÷òî ñ ðîñòîì ÷èñëà îáó-

÷àþùèõ èòåðàöèé îøèáêà ñåòè óìåíüøàåòñÿ.

Ñëåäîâàòåëüíî, ïðîöåññ îáó÷åíèÿ ñõîäèòñÿ ê íå-

êîòîðîìó ñòàáèëüíîìó íàáîðó çíà÷åíèé âåñîâûõ

êîýôôèöèåíòîâ ñâÿçè ìåæäó íåéðîíàìè. Ðàññ÷è-

òàííûå çíà÷åíèÿ äîñòóïíû ÷åðåç ñâîéñòâî

Neural Network óçëà RProp MLP Learner. Îáó-

÷åííóþ ìîäåëü ìîæíî ïðèìåíèòü äëÿ àïïðîêñè-

ìàöèè.

Òàáëèöó èñõîäíûõ è ðàñ÷åòíûõ äàííûõ ïîëó-

÷àþò ÷åðåç ìåòîä Classified Data óçëà MultiLayer

Perceptron Predictor, ïðåäíàçíà÷åííîãî äëÿ èñ-

ïîëüçîâàíèÿ îáó÷åííîé íåéðîííîé ñåòè â ðåæèìå

ïðîãíîçèðîâàíèÿ. Â òàáëèöå ïîÿâèòñÿ íîâûé

ñòîëáåö Prediction (Y), ñãåíåðèðîâàííûé íåéðî-

ñåòüþ è çàïîëíåííûé ïðîãíîçíûìè çíà÷åíèÿìè,

òàêæå ëåæàùèìè â äèàïàçîíå îò 0 äî 1.

Äàííûå èç ñòîëáöîâ X, Y, Prediction (Y) ïîñòó-

ïàþò â óçåë Denormalizer äëÿ ïåðåðàñ÷åòà â èñ-

õîäíûé ìàñøòàá. Ñ ïîìîùüþ ìåòîäà Denorma-

lized output ìîæíî âûâåñòè íà ýêðàí èñõîäíûå è

ðàñ÷åòíûå äàííûå. Ôðàãìåíò ðåçóëüòèðóþùåé

òàáëèöû ïîêàçàí íà ðèñ. 6.

Çíà÷åíèÿ ñðåäíåêâàäðàòè÷åñêîé îøèáêè, êî-

ýôôèöèåíòà äåòåðìèíàöèè è äðóãèõ îöåíîê êà-
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Ðèñ. 4. Ñõåìà ïðîåêòà â KNIME äëÿ ðåàëèçàöèè ìíîãîñëîéíîãî ïåðñåïòðîíà

Fig. 4. Scheme of the project in KNIME for the implementation of a multilayer perceptron

Ðèñ. 5. Ãðàôèê îøèáîê îáó÷åíèÿ ìíîãîñëîéíîãî ïåðñåï-

òðîíà

Fig. 5. Graph of the errors of training multilayer percep-

tron



÷åñòâà ìîäåëèðîâàíèÿ äîñòóïíû ÷åðåç ñâîéñòâî

Statistics êîìïîíåíòà Numeric Scorer.

Îáñóæäåíèå ðåçóëüòàòîâ

Äëÿ êðèâîé, ïðåäñòàâëåííîé íà ðèñ. 1, àï-

ïðîêñèìàöèÿ ïî óðàâíåíèþ Ï. Ëþäâèãà èìååò

âèä

Y
predict

= AX
n, (3)

ãäå ïîêàçàòåëü äåôîðìàöèîííîãî óïðî÷íåíèÿ

n = 0,2727 ñî ñðåäíåêâàäðàòè÷åñêèì îòêëîíåíè-

åì 0,0007, à êîýôôèöèåíò óïðî÷íåíèÿ A =

= 1152,4141 ñî ñðåäíåêâàäðàòè÷åñêèì îòêëîíå-

íèåì 5,3510. Äàííûå çíà÷åíèÿ ïîëó÷åíû ìåòî-

äîì íàèìåíüøèõ êâàäðàòîâ ñ ïîìîùüþ ñïåöè-

àëüíî ðàçðàáîòàííîãî äëÿ ýòèõ öåëåé ïðîãðàìì-

íîãî îáåñïå÷åíèÿ.

Ñðàâíèì ðåçóëüòàòû ìîäåëèðîâàíèÿ ïî

çíà÷åíèÿì ñðåäíåêâàäðàòè÷åñêîé îøèáêè MSE

(Mean squared error), îïðåäåëÿåìîé ôîðìóëîé

MSE =
1

2

1n

Y Y
i predict i

i

n

( ) ,�

�

� (4)

ãäå n — êîëè÷åñòâî íàáëþäåíèé; â íàøåì ïðè-

ìåðå n = 4445. Äëÿ àïïðîêñèìàöèè Ï. Ëþäâèãà

MSE = 48,2872.

×åì ìåíüøå çíà÷åíèå MSE, òåì ëó÷øå

àíàëèòè÷åñêàÿ ôîðìóëà îïèñûâàåò èñõîäíûå

äàííûå.

Äëÿ ìíîãîñëîéíîãî ïåðñåïòðîíà, îáó÷åííîãî

íà òîì æå íàáîðå èñõîäíûõ äàííûõ, MSE =

= 4,634, ÷òî íà ïîðÿäîê ìåíüøå çíà÷åíèÿ ñîîò-

âåòñòâóþùåãî ïîêàçàòåëÿ äëÿ àïïðîêñèìàöèè

Ï. Ëþäâèãà.

Ãðàôèê àïïðîêñèìàöèè êðèâîé äåôîðìèðî-

âàíèÿ äëÿ îäíîîñíîãî ðàñòÿæåíèÿ îáðàçöà èç ñòà-

ëè, ïîêàçàííîé íà ðèñ. 1, ñ ïîìîùüþ ìíîãîñëîé-

íîãî ïåðñåïòðîíà ïðèâåäåí íà ðèñ. 7.

Ñðàâíèâàÿ ðàçíûå àïïðîêñèìàöèè îäíîé è

òîé æå êðèâîé äåôîðìèðîâàíèÿ, ïðåäñòàâëåííûå

íà ðèñ. 1 è 7, à òàêæå çíà÷åíèÿ MSE, ìîæíî ñäå-

ëàòü âûâîä î òîì, ÷òî íàèáîëåå òî÷íî ýêñïåðè-

ìåíòàëüíóþ êðèâóþ îïèñûâàåò íåéðîñåòåâàÿ ìî-

äåëü.

Ïðîâåðèì óíèâåðñàëüíîñòü è êà÷åñòâî íåéðî-

ñåòåâîãî ñïîñîáà ìîäåëèðîâàíèÿ, ïðèìåíèâ îïè-

ñàííóþ âûøå ìîäåëü äëÿ àïïðîêñèìàöèè êðèâîé

äåôîðìèðîâàíèÿ, ïîëó÷åííîé ïðè ðàñòÿæåíèè

îáðàçöà (ñì. ðèñ. 3) èç ñèëóìèíà.

Äëÿ îáó÷åíèÿ ìíîãîñëîéíîãî ïåðñåïòðîíà

ñ ïÿòüþ ñêðûòûìè ñëîÿìè è 20 íåéðîíàìè â êàæ-

äîì ñëîå èñïîëüçîâàíà âûáîðêà îáúåìà n = 4313.

Çíà÷åíèå ñðåäíåêâàäðàòè÷åñêîé îøèáêè ïðîãíî-

çèðîâàíèÿ MSE = 0,162.

Èçìåíåíèå àðõèòåêòóðû ñåòè â ñòîðîíó óâå-

ëè÷åíèÿ ÷èñëà ñêðûòûõ ñëîåâ óìåíüøàåò çíà÷å-

íèå MSE. Â ñëó÷àå îáó÷åíèÿ ìíîãîñëîéíîãî ïåð-

ñåïòðîíà ñ ñåìüþ ñêðûòûìè ñëîÿìè è 20 íåéðî-

íàìè â êàæäîì ñëîå çíà÷åíèå MSE = 0,056.

Ãðàôèê àïïðîêñèìàöèè êðèâîé äåôîðìèðî-

âàíèÿ äëÿ îäíîîñíîãî ðàñòÿæåíèÿ îáðàçöà èç ñè-

ëóìèíà ñ ïîìîùüþ ìíîãîñëîéíîãî ïåðñåïòðîíà ñ

ñåìüþ ñêðûòûìè ñëîÿìè ïîêàçàí íà ðèñ. 8.
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Ðèñ. 6. Ôðàãìåíò èñõîäíûõ è ïðîãíîçíûõ äàííûõ, ðàñ-

ñ÷èòàííûõ ïî íåéðîñåòåâîé ìîäåëè

Fig. 6. A fragment of the initial and predictive data calcu-

lated using a neural network model
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Ðèñ. 7. Ýêñïåðèìåíòàëüíàÿ êðèâàÿ äåôîðìèðîâàíèÿ (ñè-

íèé öâåò), ïîëó÷åííàÿ ïðè ðàñòÿæåíèè îáðàçöà èç ñòàëè,

è åå àïïðîêñèìàöèÿ ìíîãîñëîéíûì ïåðñåïòðîíîì (êðàñ-

íûé öâåò)

Fig. 7. Experimental deformation curve (blue line) ob-

tained upon tension for a steel specimen and approximation

by a multilayer perceptron (red line)
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Ðèñ. 8. Ýêñïåðèìåíòàëüíàÿ êðèâàÿ äåôîðìèðîâàíèÿ (ñè-

íèé öâåò), ïîëó÷åííàÿ ïðè ðàñòÿæåíèè îáðàçöà èç ñèëó-

ìèíà, è åå àïïðîêñèìàöèÿ ìíîãîñëîéíûì ïåðñåïòðîíîì

(êðàñíûé öâåò)

Fig. 8. Experimental deformation curve (blue line) ob-

tained upon tension for a silumin specimen and approxima-

tion by a multilayer perceptron (red line)



Çàêëþ÷åíèå

1. Ïðåäñòàâëåíà ñõåìà èñïûòàíèÿ íà îäíîîñ-

íîå ðàñòÿæåíèå îáðàçöîâ èç ñòàëè è ñèëóìèíà.

Ýêñïåðèìåíòàëüíàÿ êðèâàÿ äåôîðìèðîâàíèÿ îá-

ðàçöà èç ñòàëè àïïðîêñèìèðîâàíà óðàâíåíèåì

Ï. Ëþäâèãà ñ MSE = 48,2872 ïðè îáúåìå âûáîð-

êè n = 4445.

2. Ðàçðàáîòàí è ïðîãðàììíî ðåàëèçîâàí â

KNIME ñïîñîá àíàëèòè÷åñêîãî îïèñàíèÿ ýêñïå-

ðèìåíòàëüíîé êðèâîé ðàñòÿæåíèÿ ñ ïîìîùüþ

ïðåäâàðèòåëüíî îáó÷åííîé èñêóññòâåííîé íåé-

ðîííîé ñåòè ñ àðõèòåêòóðîé ìíîãîñëîéíîãî ïåð-

ñåïòðîíà.

3. Óñòàíîâëåíî, ÷òî íåéðîñåòåâàÿ àïïðîêñè-

ìàöèÿ íà ïîðÿäîê òî÷íåå, ÷åì àïïðîêñèìàöèÿ

Ï. Ëþäâèãà. Äëÿ ìíîãîñëîéíîãî ïåðñåïòðîíà ñ

ïÿòüþ ñêðûòûìè ñëîÿìè è 20 íåéðîíàìè â êàæ-

äîì ñëîå çíà÷åíèå MSE = 4,634 äëÿ îáðàçöà èç

ñòàëè ïðè îáúåìå âûáîðêè n = 4445 è MSE =

= 0,162 äëÿ îáðàçöà èç ñèëóìèíà ïðè îáúåìå âû-

áîðêè n = 4313.

4. Âûÿâëåíî, ÷òî èçìåíåíèå àðõèòåêòóðû èñ-

êóññòâåííîé íåéðîííîé ñåòè âëèÿåò íà êà÷åñòâî

ìîäåëèðîâàíèÿ. Ïðè óâåëè÷åíèè êîëè÷åñòâà

ñêðûòûõ ñëîåâ òî÷íîñòü àïïðîêñèìàöèè ïîâû-

øàåòñÿ. Ïðè èçìåíåíèè ÷èñëà ñêðûòûõ ñëîåâ ñ

5 äî 7 äëÿ îáðàçöà èç ñèëóìèíà çíà÷åíèå MSE

óìåíüøèëîñü ñ 0,162 äî 0,056.

5. Íåéðîñåòåâàÿ àïïðîêñèìàöèÿ ïðåäñòàâ-

ëÿåò ñîáîé ýôôåêòèâíûé ñïîñîá ðåøåíèÿ çàäà÷è

àíàëèòè÷åñêîãî îïèñàíèÿ ýêñïåðèìåíòàëüíûõ

êðèâûõ äåôîðìèðîâàíèÿ è îñòàâëÿåò âîçìîæ-

íîñòü èñïîëüçîâàíèÿ óíèâåðñàëüíîé ìåòîäèêè

äëÿ ðàçíîîáðàçíûõ ìàòåðèàëîâ è âèäîâ èñïû-

òàíèé.
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