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The work is related to questions of the methodology of using neural networks for the restoration of
inhomogeneities in elastic media, which are primarily considered underground cavities. Such problems
arise when detecting underground caverns in places of underground explosions, searching for various
underground natural voids (grottoes, caves, etc.), man-made underground structures. This also includes
on-site inspection tasks related to locating hidden underground explosions at test sites in the interests
of the Treaty on the General Prohibition of Nuclear Tests (CTBT).

Such studies are relevant from an environmental point of view. In particular, this is due to the need
to monitor the migration paths of environmentally harmful products of radioactive decay in places of
underground nuclear tests.

The proposed work is a comprehensive study on the development of neural network architectures for
solving the problems of reconstructing heterogeneities in a host geophysical environment based on the
results of theoretical and �eld experiments. Variants of two di�erent architectures of neural networks
and their training on the series of results of numerical modeling were developed and investigated.
Thus, the work shows the applicability of neural networks to solving the inverse problem of geophysics
associated with restoring the geometry of cavernous objects in an elastic medium. In this paper, the
cavity is considered as an oval-shaped object with its elastic parameters di�erent from the surrounding
medium. The architecture of the neural network was faced with the task of analyzing the sequence
of two-dimensional images and their segmentation to restore the position and size of the cavity.
Corresponding images of wave �elds were obtained as a result of numerical calculations using the
developed program for modeling seismic �eld on computing clusters of the Siberian Supercomputer
Center SB RAS. In the result of simulation performed we obtain set of models and set of snapshots
for di�erent time intervals showing evolution of seismic waves generated from point source in presence
of cavity inclusion. Such material serves as input data for neural network train process. We developed
neural networks based on LSTM layer and U-Net architecture. To realize the model based on the LSTM
layer, it was necessary develop a unit to encode information from each snapshot into a numerical vector.
Such a vector can be transferred to the input of the recurrent layer. The learning process of such a
model consists of two stages. First is to train image encoder. Second is to train model restorer from a
sequence of numerical vectors obtained by encoder. To obtain encoder with high quality it was trained
on the principle of auto-encoder. The structure of the simplest auto-encoder is presented in the paper.
After autocoder is trained, its part can be used to encode the input data into a vector of smaller
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dimension. Such part of the autocoder is called the encoder. The auto-encoder was assembled from
convolution and pulling operations (encoder, �rst part), sweep and anpuling (decoder, second part).
When working with U-Net architecture based neural net there is a problem of storing data in time from
all input images. This was solved applying one encoder for all images. In the paper we perform a study
to compare results and performance (working time) of neural networks work on models. We perform
tests for a single model and ensemble of models on CPU and GPU computing devices. Experimental
results shows that neural network based on LSMT-layer works faster than U-net based. However, neural
network based on U-net showed results that are more accurate in reconstruction of shape of cavity
inclusion.

Key words: parallel algorithm, neural net, elastic media, LSTM layer, U-Net architecture,
geophysical model, model reconstruction.
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Â ðàáîòå ïðåäñòàâëåíû ðåçóëüòàòû èññëåäîâàíèÿ ïî âîññòàíîâëåíèþ ìîäåëè óïðóãèõ ñðåä ñ
èñïîëüçîâàíèåì íåéðîííîé ñåòè. Ðàçðàáîòàíû äâå íåéðîííûå ñåòè äëÿ èäåíòèôèêàöèè îáúåêòà
òèïà êàâåðíà â ñòðóêòóðå ìîäåëè ãåîôèçè÷åñêîé ñðåäû: íà îñíîâå LSTM-ñëîÿ, íà îñíîâå U-net
àðõèòåêòóðû. Â êà÷åñòâå êàâåðíû ðàññìîòðåí îáúåêò îâàëüíîé ôîðìû, ðàñïîëîæåííûé â ïðÿ-
ìîóãîëüíîé ìîäåëüíîé îáëàñòè. Îáó÷åíèå íåéðîííîé ñåòè ïðîâåäåíî íà ðåçóëüòàòàõ ðåøåíèÿ
ïðÿìîé çàäà÷è ãåîôèçèêè ïî ðàñ÷åòó âîëíîâîãî ïîëÿ îò òî÷å÷íîãî èñòî÷íèêà â èçîòðîïíîé
íåîäíîðîäíîé ñðåäå. Ïðåäñòàâëåíî îïèñàíèå ðåàëèçàöèè íåéðîííûõ ñåòåé. Íà òåñòîâûõ ïðè-
ìåðàõ ïîêàçàíû ðåçóëüòàòû ðàáîòû îáó÷åííûõ ñåòåé ïî îïðåäåëåíèþ ôîðìû è ïîëîæåíèÿ
êàâåðíîçíîãî âêëþ÷åíèÿ, à òàêæå ñðàâíåíèå âðåìåíè îáðàáîòêè íà òåñòîâûõ ïðèìåðàõ. Âûÿâ-
ëåíî, ÷òî íà êàâåðíàõ ïðîèçâîëüíîé ôîðìû íåéðîííàÿ ñåòü âåðíî îïðåäåëÿåò ìåñòîïîëîæåíèå
îáúåêòà. Ôîðìà îáúåêòà ïðè ýòîì îøèáî÷íî îïðåäåëÿåòñÿ îâàëüíîé.

Êëþ÷åâûå ñëîâà: ïàðàëëåëüíûé àëãîðèòì, íåéðîííàÿ ñåòü, LSTM ñëîé, U-Net àðõèòåê-
òóða, ãåîôèçè÷åñêàÿ ñðåäà, âîññòàíîâëåíèå ìîäåëè.

Ââåäåíèå. Ðàáîòà ñâÿçàíà ñ âîïðîñàìè ìåòîäîëîãèè ïðèìåíåíèÿ íåéðîííûõ ñåòåé äëÿ
çàäà÷ âîññòàíîâëåíèÿ íåîäíîðîäíîñòåé â óïðóãèõ ñðåäàõ, â êà÷åñòâå êîòîðûõ, â ïåðâóþ
î÷åðåäü, ðàññìàòðèâàþòñÿ ïîäçåìíûå ïîëîñòè. Òàêèå çàäà÷è âîçíèêàþò ïðè îáíàðóæåíèè
ïîäçåìíûõ êàâåðí â ìåñòàõ ïðîâåäåíèÿ ïîäçåìíûõ âçðûâîâ, ïîèñêå ðàçëè÷íûõ ïîäçåìíûõ
ïðèðîäíûõ ïóñòîò (ãðîòîâ, ïåùåð è äð.), ðóêîòâîðíûõ ïîäçåìíûõ ñîîðóæåíèé. Ñþäà æå
îòíîñÿòñÿ çàäà÷è èíñïåêöèè íà ìåñòå, ñâÿçàííûå ñ îáíàðóæåíèåì ìåñò ïðîâåäåíèÿ ñêðû-
òûõ ïîäçåìíûõ âçðûâîâ íà èñïûòàòåëüíûõ ïîëèãîíàõ â èíòåðåñàõ Äîãîâîðà î âñåîáùåì
çàïðåùåíèè ÿäåðíûõ èñïûòàíèé (ÄÂÇßÈ) [1].

Òàêèå èññëåäîâàíèÿ ÿâëÿþòñÿ àêòóàëüíûìè è ñ òî÷êè çðåíèÿ ýêîëîãèè. Â ÷àñòíîñòè,
ýòî ñâÿçàíî ñ íåîáõîäèìîñòüþ ñëåæåíèÿ çà ïóòÿìè ìèãðàöèè ýêîëîãè÷åñêè âðåäíûõ ïðî-
äóêòîâ ðàäèîàêòèâíîãî ðàñïàäà â ìåñòàõ ïðîâåäåíèÿ ïîäçåìíûõ ÿäåðíûõ èñïûòàíèé.

Ïðåäëàãàåìàÿ ðàáîòà ïðåäñòàâëÿåò êîìïëåêñíîå èññëåäîâàíèå ïî ðàçðàáîòêå àðõèòåê-
òóð íåéðîííûõ ñåòåé äëÿ ðåøåíèÿ çàäà÷ âîññòàíîâëåíèÿ íåîäíîðîäíîñòåé â âìåùàþùåé
ãåîôèçè÷åñêîé ñðåäå ïî ðåçóëüòàòàì òåîðåòè÷åñêèõ è íàòóðíûõ ýêñïåðèìåíòîâ [2, 3]. Ðàç-
ðàáîòàíû è èññëåäîâàíû âàðèàíòû äâóõ ðàçëè÷íûõ àðõèòåêòóð íåéðîííûõ ñåòåé è èõ

Ðàáîòà âûïîëíåíà ïðè ïîääåðæêå ãðàíòîâ ÐÔÔÈ � 19-07-00170, 20-07-00861, ïðîåêòà 0315-2019-0003
ÈÂÌèÌÃ ÑÎ ÐÀÍ.

© Ì.Ñ. Õàéðåòäèíîâ, Ä.À. Êàðàâàåâ, À.À. ßêèìåíêî, À. Å. Ìîðîçîâ, 2020



Ì.Ñ. Õàéðåòäèíîâ, Ä.À. Êàðàâàåâ, À.À. ßêèìåíêî, À. Å. Ìîðîçîâ 63

îáó÷åíèå [4�6] íà ñåðèè ðåçóëüòàòîâ ÷èñëåííîãî ìîäåëèðîâàíèÿ. Òàêèì îáðàçîì, â ðàáîòå
ïîêàçàíà ïðèìåíèìîñòü íåéðîííûõ ñåòåé ê ðåøåíèþ îáðàòíîé çàäà÷è ãåîôèçèêè, ñâÿçàí-
íîé ñ âîññòàíîâëåíèåì ãåîìåòðèè êàâåðíîçíûõ îáúåêòîâ â óïðóãîé ñðåäå. Â äàííîé ðàáîòå
êàâåðíà ðàññìàòðèâàåòñÿ êàê îáúåêò îâàëüíîé ôîðìû ñî ñâîèìè çíà÷åíèÿìè óïðóãèõ ïà-
ðàìåòðîâ, îòëè÷íûõ îò âìåùàþùåé ñðåäû. Ïåðåä àðõèòåêòóðîé íåéðîííîé ñåòè ñòîÿëà
çàäà÷à àíàëèçà ïîñëåäîâàòåëüíîñòè äâóõìåðíûõ èçîáðàæåíèé è èõ ñåãìåíòàöèè äëÿ âîñ-
ñòàíîâëåíèÿ ïîëîæåíèÿ è ðàçìåðîâ êàâåðíû. Ñîîòâåòñòâóþùèå ñíèìêè âîëíîâûõ ïîëåé
ïîëó÷åíû â ðåçóëüòàòå ÷èñëåííûõ ðàñ÷åòîâ ñ èñïîëüçîâàíèåì ðàçðàáîòàííîé ïðîãðàììû
ìîäåëèðîâàíèÿ ñåéñìè÷åñêîãî ïîëÿ íà âû÷èñëèòåëüíûõ êëàñòåðàõ Ñèáèðñêîãî Ñóïåðêîì-
ïüþòåðíîãî Öåíòðà ÑÎ ÐÀÍ [4].

1. Ïîäãîòîâêà äàííûõ äëÿ îáó÷åíèÿ. Äëÿ îáó÷åíèÿ íåéðîííîé ñåòè íåîáõîäèì
íàáîð òåñòîâûõ äàííûõ, êîòîðûå ñîäåðæàò èñõîäíóþ ìîäåëü ãåîôèçè÷åñêîé ñðåäû è êàð-
òèíû âîëíîâîãî ïîëÿ, ïîëó÷àåìûõ â ðåçóëüòàòå ÷èñëåííûõ ýêñïåðèìåíòîâ. Îáó÷àþùèé
ìàòåðèàë ïðåäñòàâëÿåòñÿ êàê ðåçóëüòàò ðåøåíèÿ ïðÿìîé çàäà÷è ìîäåëèðîâàíèÿ ðàñïðî-
ñòðàíåíèÿ óïðóãèõ âîëí îò òî÷å÷íîãî èñòî÷íèêà [2]. Òàêàÿ çàäà÷à ðåøàëàñü â òåðìèíàõ
çàäàíèÿ ñêîðîñòåé ñìåùåíèé è íàïðÿæåíèé. Äëÿ ìîäåëèðîâàíèÿ ïðèìåíÿëñÿ êîíå÷íî-
ðàçíîñòíûé ìåòîä ÷åòâåðòîãî ïîðÿäêà òî÷íîñòè ïî ïðîñòðàíñòâó íà ðàâíîìåðíîé ñåòêå
[1]. Ìîäåëü èçîòðîïíîé óïðóãîé ñðåäû áûëà ïðåäñòàâëåíà ïðÿìîóãîëüíîé îáëàñòüþ â 2D
ñèñòåìå êîîðäèíàò. Êàâåðíîçíîå âêëþ÷åíèå ðàñïîëàãàåòñÿ âíóòðè îáëàñòè ìîäåëèðîâàíèÿ
è ïðåäñòàâëåíî îáúåêòîì îâàëüíîé ôîðìû ñ çàäàííûìè çíà÷åíèÿìè óïðóãèõ ïàðàìåòðîâ.
Äëÿ ÷èñëåííûõ ðàñ÷åòîâ ðàçðàáîòàíà ïàðàëëåëüíàÿ ïðîãðàììà ñ èñïîëüçîâàíèåì ñðåäñòâ
MPI è OpenMP. Â ðåçóëüòàòå ïðîâåäåííîãî ÷èñëåííîãî ìîäåëèðîâàíèÿ ïîëó÷àåì êàðòèíó
èññëåäóåìîé ìîäåëè ñðåäû è íàáîð ìãíîâåííûõ ñíèìêîâ âîëíîâîãî ïîëÿ, îòðàæàþùèõ ýâî-
ëþöèþ ñåéñìè÷åñêèõ âîëí ïî çàäàííîé ãåîìåòðèè ìîäåëè, ðèñ. 1. Íà òàêèõ ñíèìêàõ ìîæíî
âûäåëèòü õàðàêòåðíûå âîëíû, îáóñëîâëåííûå ïðèñóòñòâèåì êàâåðíîçíîãî âêëþ÷åíèÿ.

Ñëåäóåò îòìåòèòü, ÷òî ðåçóëüòàòû ìîäåëèðîâàíèÿ, ïðåäñòàâëåííûå íà ñíèìêàõ, âçàè-
ìîñâÿçàíû. Íàáëþäàåìàÿ êàðòèíà ðàñïðîñòðàíåíèÿ âîëí íà òåêóùåì ñíèìêå çàâèñèò îò
êàðòèíû íà ïðåäûäóùåì ñíèìêå (îïðåäåëÿåòñÿ øàãîì èòåðàöèé ïî âðåìåíè ðàñ÷åòà). Îò-
ñþäà íåéðîííàÿ ñåòü äîëæíà õðàíèòü îïðåäåëåííóþ èíôîðìàöèþ î ïðåäûäóùèõ ñíèìêàõ
äëÿ ôîðìèðîâàíèÿ êà÷åñòâåííîãî ìíåíèÿ î ñòðóêòóðå ìîäåëè óïðóãîé ñðåäû. Òàêèì îá-
ðàçîì, ïåðåä öåëåâîé ìîäåëüþ íåéðîííîé ñåòè ñòîèò çàäà÷à àíàëèçà ïîñëåäîâàòåëüíîñòè
èçîáðàæåíèé äëÿ ðàáîòû ñ âîëíîâûì ïîëåì, à òàêæå çàäà÷à ñåãìåíòàöèè äëÿ âîññòàíîâ-
ëåíèÿ ïîëîæåíèÿ è ðàçìåðîâ êàâåðíû.

2. Íåéðîííàÿ ñåòü íà áàçå LSTM-ñëîÿ. Äëÿ ðåàëèçàöèè ìîäåëè íà îñíîâå LSTM-
ñëîÿ â ïåðâóþ î÷åðåäü íåîáõîäèìî áûëî ñîçäàòü áëîê íåéðîííîé ñåòè äëÿ êîäèðîâàíèÿ
èíôîðìàöèè ñ êàæäîãî ñíèìêà âîëíîâîãî ïîëÿ â ÷èñëîâîé âåêòîð. Ïîòîì âåêòîð ìîæíî
ïåðåäàâàòü íà âõîä ðåêóððåíòíîìó ñëîþ. Îäíîâðåìåííîå îáó÷åíèå òàêîé ìîäåëè çàíèìàåò
ñëèøêîì ìíîãî ïàìÿòè. Èìåþùèåñÿ äëÿ âûïîëíåíèÿ ðàáîòû âû÷èñëèòåëüíûå óñòðîéñòâà
íå îáëàäàþò íåîáõîäèìûìè ðåñóðñàìè. Ïîýòîìó ïðîöåññ îáó÷åíèÿ òàêîé ìîäåëè ñîñòîèò èç
äâóõ ýòàïîâ. Ïåðâûé � îáó÷åíèå êîäèðîâùèêà ñíèìêîâ âîëíîâîãî ïîëÿ. Âòîðîé � îáó÷å-
íèå âîññòàíîâèòåëÿ ìîäåëè ñðåäû èç ïîñëåäîâàòåëüíîñòè ÷èñëîâûõ âåêòîðîâ, ïîëó÷åííûõ
ñ ïîìîùüþ êîäèðîâùèêà.

Îáó÷åíèå íåéðîííîé ñåòè ïðîèçâîäèòñÿ íà îñíîâå àëãîðèòìà îáðàòíîãî ðàñïðîñòðàíå-
íèÿ îøèáêè, â êîòîðîì ðàññ÷èòûâàåòñÿ àíòèãðàäèåíò ìàòðèöû âåñîâ äëÿ êàæäîãî ñëîÿ
íåéðîííîé ñåòè ñ èñïîëüçîâàíèåì öåïíîãî ïðàâèëà [9]. Îáó÷åíèå âûïîëíÿåòñÿ äî òåõ ïîð,
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Ðèñ. 1. Íàáîð ìîäåëåé è ñíèìêîâ âîëíîâîãî ïîëÿ

ïîêà çíà÷åíèå ôóíêöèè ïîòåðü è öåëåâîé ìåòðèêè íå ñîéäåòñÿ ê íåêîòîðîìó óñòàíîâèâ-
øåìóñÿ çíà÷åíèþ.

Äëÿ ïîëó÷åíèÿ êà÷åñòâåííîãî êîäèðîâùèêà ïðîâåäåíî åãî îáó÷åíèå ïî ïðèíöèïó àâ-
òîêîäèðîâùèêà, ïðåäñòàâëÿþùåãî ñîáîé íåéðîííóþ ñåòü, êîòîðàÿ èìååò ñóæåíèå â ñâîåé
àðõèòåêòóðå è îáó÷åíà âîñïðîèçâîäèòü ñîáñòâåííûé âõîä. Àâòîêîäèðîâùèêè äîâîëüíî øè-
ðîêî èñïîëüçóþòñÿ, ê ïðèìåðó, ïðè ðåøåíèè çàäà÷è ãåíåðàöèè ñåìàíòè÷åñêèõ ÷èñëîâûõ
âåêòîðîâ äëÿ ñëîâ (word2vec). Ñòðóêòóðà ïðîñòåéøåãî àâòîêîäèðîâùèêà ïðåäñòàâëåíà íà
ðèñ. 2. Â ìåñòå ñóæåíèÿ àâòîêîäèðîâùèêà (â óçëàõ Z1, Z2) â õîäå îáó÷åíèÿ ôîðìèðóåòñÿ
÷èñëîâîé âåêòîð. Èç òàêîãî âåêòîðà ìîäåëü ñìîæåò çàòåì âîññòàíîâèòü èñõîäíûå äàííûå.
Ïåðâóþ ÷àñòü ïåðåä ñóæåíèåì ïîñëå îáó÷åíèÿ àâòîêîäèðîâùèêà ìîæíî èñïîëüçîâàòü äëÿ
êîäèðîâàíèÿ âõîäíûõ äàííûõ â âåêòîð ìåíüøåé ðàçìåðíîñòè. Îíà íàçûâàåòñÿ êîäèðîâ-
ùèêîì.

Â äàííîé ðàáîòå àâòîêîäèðîâùèê áûë ñîáðàí èç îïåðàöèé ñâåðòêè è ïóëèíãà (êîäèðîâ-
ùèê, ïåðâàÿ ÷àñòü), ðàçâåðòêè è àíïóëèíãà (äåêîäèðîâùèê, âòîðàÿ ÷àñòü). Çäåñü ïóëèíã
� îïåðàöèÿ âûáîðà ìàêñèìàëüíîãî çíà÷åíèÿ èç ïðåäëîæåííûõ. Â ñëó÷àå àðõèòåêòóðû
íåéðîííîé ñåòè â ïóëèíã-ñëîå èç êâàäðàòà ÷åòûðåõ ïèêñåëåé âûáèðàåòñÿ îäíî ìàêñèìàëü-
íîå çíà÷åíèå, òàêèì îáðàçîì, ÷òî íà âûõîäå ïóëèíã-ñëîÿ ïîëó÷àåòñÿ óìåíüøåííîå âäâîå
èçîáðàæåíèå. Àíïóëèíã � îïåðàöèÿ, îáðàòíàÿ ïóëèíãó. Ïîñëå àíïóëèíãà èçîáðàæåíèå óâå-
ëè÷èâàåòñÿ â äâà ðàçà. Íîâûå ïèêñåëè ïðè ýòîì ìîãóò çàïîëíÿòüñÿ íóëÿìè ëèáî æå ñîîò-
âåòñòâóþùèì çíà÷åíèåì èç âõîäíîãî ïèêñåëÿ.

Àðõèòåêòóðà àâòîêîäèðîâùèêà áûëà ïðàêòè÷åñêè ïîëíîñòüþ àíàëîãè÷íà àðõèòåêòóðå
ñåãìåíòèðóþùåé ìîäåëè íåéðîííîé ñåòè èç [7], îäíàêî äàííàÿ òåõíîëîãèÿ áûëà íåïðèìå-
íèìà â äàííîé çàäà÷å èç-çà îòñóòñòâèÿ ïåðåäà÷è äàííûõ âî âðåìåíè âíóòðè ñàìîé ìîäåëè.

Âîññòàíîâèòåëü ìîäåëè ñðåäû ïðèíèìàåò íà âõîä ïîñëåäîâàòåëüíîñòü ÷èñëîâûõ âåê-
òîðîâ, êîòîðàÿ ñîçäàíà êîäèðîâùèêîì è ñèíòåçèðóåò ãåîôèçè÷åñêóþ ìîäåëü ñðåäû, â êî-
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Ðèñ. 2. Àâòîêîäèðîâùèê ñ ñóæåíèåì â öåíòðå íà ïðèìåðå íåéðîííîé ñåòè èç ïîëíîñâÿçíûõ ñëîåâ

Ðèñ. 3. Àðõèòåêòóðà íåéðîííîé ñåòè íà îñíîâå LSTM ñëîÿ

òîðîé ïðîèñõîäèò ïðåäïîëàãàåìîå ðàñïðîñòðàíåíèå âîëíîâîãî ïîëÿ. Î÷åâèäíà íåîáõîäè-
ìîñòü èñïîëüçîâàíèÿ îïåðàöèé àíïóëëèíãà è ðàçâåðòêè äëÿ ðåàëèçàöèè âîçìîæíîñòè ãå-
íåðàöèè èçîáðàæåíèé íà îñíîâå ÷èñëîâûõ äàííûõ, ïðèõîäÿùèõ ñ LSTM-ñëîÿ [7]. Íà ðèñ. 3
ïðåäñòàâëåíà ôèíàëüíàÿ àðõèòåêòóðà ðàçðàáîòàííîé íåéðîííîé ñåòè.

3. Íåéðîííàÿ ñåòü íà áàçå U-Net àðõèòåêòóðû. Äëÿ ïîñòðîåíèÿ ìîäåëè íåéðîí-
íîé ñåòè íà îñíîâå U-Net àðõèòåêòóðû [8] íåîáõîäèìî áûëî ðåøèòü âîïðîñ ñîõðàíåíèÿ
èíôîðìàöèè âî âðåìåíè ñî âñåõ ïðèøåäøèõ íà âõîä ñíèìêîâ âîëíîâîãî ïîëÿ. Äëÿ ðå-
øåíèÿ äàííîé ïðîáëåìû áûëî ðåøåíî îñóùåñòâëÿòü áóôåðèçàöèþ âûõîäíîé èíôîðìàöèè
ñ êàæäîãî óðîâíÿ ìîäåëè ïîñëå ïðîãîíà êàæäîãî ñíèìêà âîëíîâîãî ïîëÿ. Êàæäûé ñíè-
ìîê ïðè ýòîì êîäèðîâàëñÿ ñ íåèçìåííûìè âåñîâûìè êîýôôèöèåíòàìè. Èíà÷å ãîâîðÿ, äëÿ
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Ðèñ. 4. Íåéðîííàÿ ñåòü íà îñíîâå U-Net àðõèòåêòóðû

âñåõ ñíèìêîâ âîëíîâîãî ïîëÿ èñïîëüçîâàëñÿ îäèí êîäèðîâùèê âìåñòî îòäåëüíûõ êîäèðîâ-
ùèêîâ äëÿ êàæäîãî ñíèìêà. Â ïîñëåäóþùåì ñóììà çàêîäèðîâàííûõ ñâîéñòâ ñ êàæäîãî
óðîâíÿ îáðàáàòûâàëàñü ïîñëåäóþùèìè ñëîÿìè ìîäåëè íà òîì æå óðîâíå. Òàêèì îáðàçîì,
èç êàæäîãî ñíèìêà, ïðèøåäøåãî íà âõîä ìîäåëè, èçâëåêàëèñü îñîáåííîñòè ðàçíîãî óðîâíÿ,
êîòîðûå çàòåì èñïîëüçîâàëèñü äåêîäèðóþùåé ÷àñòüþ. Íà ðèñ. 4 ïðèâåäåíà àðõèòåêòóðà
ìîäåëè.

Â äàííîé ìîäåëè èìåþòñÿ
”
êîðîòêèå“ ïóòè ìåæäó ñîîòâåòñòâóþùèìè óðîâíÿìè ñå-

òè äëÿ ïðåäîòâðàùåíèÿ âîçíèêíîâåíèÿ ïðîáëåìû çàòóõàíèÿ ãðàäèåíòà.
”
Êîðîòêèé“ ïóòü

ïðîêëàäûâàåòñÿ çà ñ÷åò ïðîñòîé ïåðåäà÷è âûõîäíûõ ñèãíàëîâ èç íà÷àëüíîãî óðîâíÿ â
êîíå÷íûé. Ýòî óâåëè÷èâàåò êîëè÷åñòâî ïàðàìåòðîâ â ñåòè, îäíàêî, ñîõðàíÿåò âõîäíûå
äàííûå íåòðîíóòûìè.

4. Èññëåäîâàíèå ðàáîòû íåéðîííûõ ñåòåé. Âàæíûì ìîìåíòîì â ðåøåíèè îáðàò-
íîé çàäà÷è âîññòàíîâëåíèÿ ÿâëÿåòñÿ ñðàâíåíèå êà÷åñòâà êàðòèí âîññòàíîâëåííûõ ìîäåëåé
ãåîôèçè÷åñêèõ ñðåä ïî ñðàâíåíèþ ñ èñõîäíûìè. Äëÿ ýòîãî ñ èñïîëüçîâàíèåì ðàçðàáîòàí-
íûõ íåéðîííûõ ñåòåé ïðîâåäåíà ïðÿìàÿ îáðàáîòêà ñíèìêîâ âîëíîâûõ ïîëåé. Ïîëó÷åííûå
ðåçóëüòàòû ïðåäñòàâëåíû íà ðèñ. 5 íà îñíîâå LSTM-ñëîÿ è U-Net àðõèòåêòóðû. Êà÷åñòâåí-
íîå ñðàâíåíèå ðåçóëüòàòîâ ïîêàçûâàåò ïðåèìóùåñòâî èñïîëüçîâàíèÿ U-Net àðõèòåêòóðû
ïåðåä LSTM-ñëîåì.

Ïî ïðåäñòàâëåííûì êàðòèíàì ìîäåëåé âèäíî, ÷òî ïðè èñïîëüçîâàíèè U-Net îâàëü-
íàÿ ôîðìà êàâåðíû âîññòàíîâëåíà â áîëåå ïîëíîé ñòåïåíè. Â êà÷åñòâå ìåðû ïîõîæåñòè
èñïîëüçîâàëàñü ìåòðèêà ïåðåñå÷åíèÿ-íàä-îáúåäèíåíèåì (Intersection-over-Union, IoU), êî-
òîðàÿ ïîêàçûâàåò, ñêîëüêî ïðîöåíòîâ îò ïëîùàäè îáúåäèíåíèÿ ïðåäñêàçàíèé ñåòè è ïðà-
âèëüíîãî îòâåòà çàíèìàåò èõ ïåðåñå÷åíèå.

Âàæíûì ìîìåíòîì íàðàâíå ñ êà÷åñòâîì ïîëó÷àåìûõ ðåçóëüòàòîâ ÿâëÿåòñÿ è áûñòðî-
äåéñòâèå. Äëÿ ñðàâíåíèÿ âðåìåíè ðàáîòû íåéðîííûõ ñåòåé áûëè ïðîâåäåíû ýêñïåðèìåíòû
íà âû÷èñëèòåëüíûõ óñòðîéñòâàõ: CPU è GPU, ðèñ. 6. Äëÿ ðàáîòû èñïîëüçîâàëèñü GPU
Nvidia GTX 850M (ïàìÿòü DDR3 ðàçìåðîì 4 Ãá, ÷àñòîòà ÿäðà ðàâíà 876�936 MHz) è Nvidia
Titan X (ïàìÿòü GDDR5 12 Ãá, ÷àñòîòà ÿäðà ðàâíà 1000�1089 MHz). Äëÿ îöåíêè âðåìåíè
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íà îñíîâå LSTM-ñëîÿ íà îñíîâå U-Net àðõèòåêòóðû

Ðèñ. 5. Ðåçóëüòàò âîññòàíîâëåíèÿ ìîäåëè (ñâåðõó � èñõîäíàÿ ìîäåëü, ñíèçó � âîññòàíîâëåííàÿ)

íà îñíîâå LSTM-ñëîÿ íà îñíîâå U-Net àðõèòåêòóðû

Ðèñ. 6. Îáðàáîòêà ìîäåëåé íà ðàçëè÷íûõ óñòðîéñòâàõ

ðàáîòû ñåòåé èñïîëüçîâàíû îäèíî÷íàÿ ìîäåëü è àíñàìáëü ìîäåëåé. Àíñàìáëü ïðåäñòàâëÿ-
åò íàáîð ìîäåëåé, êîòîðûå âûïîëíÿþò îáðàáîòêó îäíèõ è òåõ æå äàííûõ, ÷üè ïîêàçàíèÿ
çàòåì óñðåäíÿþòñÿ äëÿ óëó÷øåíèÿ êà÷åñòâà èõ ðàáîòû. Ñðàâíåíèå âðåìåíè îáðàáîòêè äëÿ
ðàçðàáîòàííûõ íåéðîííûõ ñåòåé íà ðàçëè÷íûõ óñòðîéñòâàõ ïðåäñòàâëåíî íà ðèñ. 6.

Îáðàáîòêà îäèíî÷íîé ìîäåëè íà îñíîâå LSTM-ñëîÿ ðàáîòàåò ïðèáëèçèòåëüíî â äâà
ðàçà áûñòðåå íà Titan X, ÷åì íà CPU Intel Core i5, ïðèìåðíî â ïîëòîðà ðàçà áûñòðåå, ÷åì
íà GPU GTX 850M. Ïðè îáðàáîòêå àíñàìáëÿ òàêæå âûèãðûâàåò Titan X. Âðåìÿ îáðàáîòêè
àíñàìáëÿ ìîäåëåé íà îñíîâå LSTM-ñëîÿ íà íåì ïðèìåðíî â 2 ðàçà ìåíüøå, ÷åì íà CPU
Intel Core i5, è â ïîëòîðà ðàçà ìåíüøå, ÷åì íà GTX 850M.

Îáðàáîòêà îäèíî÷íîé ìîäåëè íà îñíîâå U-Net àðõèòåêòóðû çàíèìàåò ïðèìåðíî â 15
ðàç áîëüøå âðåìåíè íà CPU Intel Core i5 è â 6 ðàç áîëüøå âðåìåíè íà GTX 850M, ÷åì íà
Titan X. Îáðàáîòêà àíñàìáëÿ òàêèõ ìîäåëåé çàíèìàåò ïðèìåðíî â 22 ðàçà áîëüøå âðåìåíè
íà CPU Intel Core i5 è â 5 ðàç áîëüøå âðåìåíè íà GTX 850M, ÷åì íà Titan X.

Ïðåäñòàâëåííûå ðåçóëüòàòû ïîêàçûâàþò, ÷òî ïðè èñïîëüçîâàíèè U-Net àðõèòåêòóðû
ìîäåëè îáðàáàòûâàþòñÿ äîëüøå, íî ïðè ýòîì ïîëó÷àåòñÿ áîëåå êà÷åñòâåííûé ðåçóëüòàò.
Òåì íå ìåíåå, âðåìÿ îáðàáîòêè îäèíî÷íîé ìîäåëè íå ïðåâûøàåò 800 ìèëëèñåêóíä, à âðåìÿ
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îáðàáîòêè àíñàìáëÿ èç 5 ìîäåëåé íå ïðåâûøàåò 3300 ìèëëèñåêóíä íà îáû÷íîì äâóõúÿäåð-
íîì CPU.

Çàêëþ÷åíèå. Â ðàáîòå ïðåäñòàâëåíî îïèñàíèå àðõèòåêòóðû è ïîêàçàíû ðåçóëüòàòû
ïðàêòè÷åñêîãî ïðèìåíåíèÿ ðàçðàáîòàííûõ íåéðîííûõ ñåòåé íà îñíîâå LSTM ñëîÿ è
U-Net. Ïîëó÷åííûå ðåçóëüòàòû ïîêàçàëè, ÷òî îáðàáîòêà äàííûõ íà îñíîâå LSTM ñëîÿ
ïðîèñõîäèò áûñòðåå, ÷åì íà îñíîâå U-Net àðõèòåêòóðû. Ýòî ñâÿçàíî ñ òåì, ÷òî êîäèðóþ-
ùåé ÷àñòè òàêîé àðõèòåêòóðû íåîáõîäèìî ëèøü îäèí ðàç îáðàáîòàòü ïðèøåäøèå íà âõîä
ñíèìêè âîëíîâîãî ïîëÿ. Ïîñëå ýòîãî ñëåäóåò àíàëèç ïîëó÷èâøèõñÿ ïîñëåäîâàòåëüíîñòåé
âåêòîðîâ ðàçíûìè ìîäåëÿìè âîññòàíîâèòåëÿ, ÷òîáû ïîëó÷èòü ðåçóëüòàò ðàáîòû àíñàìáëÿ.
Ìîäåëè íà îñíîâå U-Net àðõèòåêòóðû íå èìåþò ðàçäåëåíèé ñ îáùèìè ÷àñòÿìè, ïîýòîìó
äëÿ àíàëèçà êàðòèíû âîëíîâîãî ïîëÿ òðåáóåòñÿ ïîëíàÿ îáðàáîòêà êàæäîé U-Net-based
ìîäåëüþ. Õîòÿ íåéðîííàÿ ñåòü íà îñíîâå LSTM ñëîÿ ïîêàçàëà ëó÷øåå âðåìÿ îáðàáîòêè,
U-Net ïîêàçàëà ëó÷øèé ðåçóëüòàò ïî êà÷åñòâó. Íåñìîòðÿ íà ðàçëè÷èå, â ðàáîòå ïîêàçàíà
ïðèìåíèìîñòü îáåèõ àðõèòåêòóð íåéðîííûõ ñåòåé äëÿ âîññòàíîâëåíèÿ ìîäåëè ãåîôèçè-
÷åñêîé ñðåäû (îïðåäåëåíèÿ ïîëîæåíèÿ è ôîðìû îáúåêòà) â êîíòåêñòå ðåøåíèÿ îáðàòíîé
çàäà÷è.
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