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ÀÍÎÒÀÖIß

Òèì÷åíêî Á.I. Íåéðîìåðåæåâi ìåòîäè àíàëiçó ïëàíàðíèõ çîáðàæåíü â

ñèñòåìàõ àâòîìàòèçîâàíîãî ñêðèíiíãó. � Êâàëiôiêàöiéíà íàóêîâà ïðàöÿ íà

ïðàâàõ ðóêîïèñó.

Äèñåðòàöiÿ íà çäîáóòòÿ íàóêîâîãî ñòóïåíÿ äîêòîðà ôiëîñîôi¨ çà ñïåöi-

àëüíiñòþ 122 � Êîìï'þòåðíi íàóêè. � Îäåñüêèé íàöiîíàëüíèé ïîëiòåõíi÷íèé

óíiâåðñèòåò ÌÎÍÓ, Óêðà¨íà, Îäåñà, 2021.

Ó âñòóïi îá ðóíòîâàíî àêòóàëüíiñòü óäîñêîíàëåííÿ ñèñòåì àâòîìàòè-

çîâàíîãî ñêðèíiíãó (âèÿâëåííÿ òà êëàñèôiêàöi¨ íåòèïîâèõ îá'¹êòiâ àáî ïðî-

öåñiâ) øëÿõîì ñòâîðåííÿ ìîäåëåé íàáîðiâ äàíèõ òà ìåòîäiâ ¨õ ãåíåðàöi¨,

à òàêîæ ìîäåëåé íåéðîííèõ ìåðåæ òà ìåòîäiâ áàãàòîçàäà÷íîãî íàâ÷àííÿ

ç ìåòîþ ïiäâèùåííÿ äîñòîâiðíîñòi êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ ïëàíàðíèõ

çîáðàæåíü áåç ïiäâèùåííÿ âèòðàò ÷àñó. Âèçíà÷åíî îá'¹êò, ïðåäìåò, çàäà-

÷i i ìåòîäè äîñëiäæåííÿ; ïîêàçàíî çâ'ÿçîê ç íàóêîâî-äîñëiäíèìè ðîáîòàìè;

íàâåäåíî íàóêîâó íîâèçíó òà ïðàêòè÷íå çíà÷åííÿ îäåðæàíèõ ðåçóëüòàòiâ;

âèñâiòëåíî îñîáèñòèé âíåñîê çäîáóâà÷à.

Â ïåðøîìó ðîçäiëi äèñåðòàöiéíî¨ ðîáîòè ïðîâåäåíî àíàëiç ïðîáëåì

àíàëiçó ïëàíàðíèõ çîáðàæåíü (ÿêi íå ìàþòü âèìiðó ãëèáèíè, òà â ÿêèõ

ìîæíà çíåõòóâàòè ìàñøòàáîì îá'¹êòiâ) â ñèñòåìàõ àâòîìàòèçîâàíîãî ñêðè-

íiíãó íà îñíîâi íåéðîìåðåæåâèõ òåõíîëîãié.

Ïðîàíàëiçîâàíî iñíóþ÷i ñèñòåìè àâòîìàòèçîâàíîãî ñêðèíiíãó â ïðåäìå-

òíèõ îáëàñòÿõ ìåäèöèíè, ìåòåîðîëîãi¨ òà âiääàëåíîãî çîíäóâàííÿ òà îñî-

áëèâîñòi ¨õ ôóíêöiîíóâàííÿ øëÿõîì àíàëiçó ïëàíàðíèõ çîáðàæåíü. Ïîêà-

çàíî, ùî åôåêòèâíiñòü ðîáîòè òàêèõ ñèñòåì áåçïîñåðåäíüî çàëåæèòü âiä äî-

ñòîâiðíîñòi êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ çîáðàæåíü, îñêiëüêè õèáíî-ïîçèòèâíi

ðåçóëüòàòè ìîæóòü ïðèçâåñòè äî ïåðåä÷àñíîãî ðåàãóâàííÿ, à õèáíî-íåãàòèâíi
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ðåçóëüòàòè - äî ïðîïóñêó íàÿâíèõ ïðîáëåì òà ïiçíüîãî ðåàãóâàííÿ.

Êðiì òîãî, íå ìåíø âàæëèâèì ôàêòîðîì, ùî âïëèâà¹ íà åôåêòèâíiñòü

ñêðèíiíãîâèõ ñèñòåì ¹ âèòðàòè ÷àñó íà ðåàëiçàöiþ ïðîöåñó íàâ÷àííÿ, ùî â

ñâîþ ÷åðãó ïîâ'ÿçàíî ç ÿêiñòþ ïîïåðåäíüî ñòâîðåíèõ íàâ÷àëüíèõ âèáiðîê

äàíèõ. Àëå, â çàäà÷àõ ñêðèíiíãó, îòðèìàííÿ äîñòàòíüî¨ êiëüêîñòi äàíèõ òà

ïðîâåäåííÿ ÿêiñíîãî àíîòóâàííÿ ïðîôåñiîíàëàìè ¹, ÿê ïðàâèëî, çàòðàòíèì,

à iíîäi íåìîæëèâèì ÷åðåç ìàëó êiëüêiñòü òà ðiçíèé âèãëÿä íàâ÷àëüíèõ

ïðèêëàäiâ, ñóá'¹êòèâíiñòü ïiä ÷àñ ôîðìóâàííÿ àíîòàöié â íàáîðàõ äàíèõ.

Öi ôàêòîðè íåãàòèâíî âïëèâàþòü íà äîñòîâiðíiñòü êëàñèôiêàöi¨ òà ñåãìåí-

òàöi¨ ïðè íàâ÷àííi ãëèáèííèõ íåéðîííèõ ìåðåæ ñòàíäàðòíèìè ìåòîäàìè.

Äëÿ óñóíåííÿ òàêîãî âïëèâó çàïðîïîíîâàíî ïðè ïîáóäîâi ìîäåëåé êëàñè-

ôiêàöi¨ òà ñåãìåíòàöi¨ âèðiøèòè çàäà÷ó íàâ÷àííÿ ç óðàõóâàííÿì ÷àñòêîâî-

ïîìèëêîâèõ àíîòàöié.

Ïîêàçàíî, ùî â òàêèõ óìîâàõ äîöiëüíå âèêîðèñòàííÿ ãëèáèííèõ íåé-

ðîííèõ ìåðåæ, ÷åðåç ìîæëèâiñòü àâòîìàòèçàöi¨ ïðîöåñó íàâ÷àííÿ òà çàñòî-

ñóâàííÿ ìåòîäiâ áàãàòîçàäà÷íîãî íàâ÷àííÿ, ÿêi ïiäâèùóþòü äîñòîâiðíiñòü

êëàñèôiêàöi¨ òà ñåãìåíòàöi¨.

Ïðîâåäåíèé àíàëiç íàÿâíèõ ìîäåëåé íàáîðiâ äàíèõ òà ìåòîäiâ ¨õ ãåíåðà-

öi¨ ïîêàçàâ îáìåæåíiñòü ìîäåëåé íàáîðiâ äàíèõ, ÿêi á äîçâîëÿëè ôîðìóâàòè

÷àñòêîâî-ïîìèëêîâi àíîòàöi¨, ÿêi õàðàêòåðíi äëÿ ðåàëüíèõ çàäà÷ àâòîìàòè-

çîâàíîãî ñêðèíiíãó.

Òàêèì ÷èíîì, âèðiøåííÿ âàæëèâî¨ íàóêîâî-ïðàêòè÷íî¨ çàäà÷i ïiäâèùå-

ííÿ äîñòîâiðíîñòi êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ â çàäà÷àõ àíàëiçó ïëàíàðíèõ

çîáðàæåíü äëÿ ñèñòåì àâòîìàòèçîâàíîãî ñêðèíiíãó øëÿõîì óäîñêîíàëåííÿ

ìîäåëåé íåéðîííèõ ìåðåæ òà ìåòîäiâ ¨õ áàãàòîçàäà÷íîãî íàâ÷àííÿ, îñîáëè-

âî çà óìîâè ÷àñòêîâî-ïîìèëêîâî àíîòîâàíèõ äàíèõ íàâ÷àëüíî¨ âèáiðêè.

Ó äðóãîìó ðîçäiëi ðîçðîáëåíî ìåòîä ãåíåðàöi¨ íàáîðiâ äàíèõ äëÿ çà-

áåçïå÷åííÿ ìîæëèâîñòi òåñòóâàííÿ íåéðîííèõ ìåðåæ ïðè íàâ÷àííi ç âèêî-

ðèñòàííÿì ÷àñòêîâî-ïîìèëêîâèõ àíîòàöié òà çàïðîïîíîâàíî ïàðàìåòðè÷íó
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ôîðìàëiçàöiþ ìîäåëi íàáîðó äàíèõ iç ÷àñòêîâî-ïîìèëêîâèìè àíîòàöiÿìè,

ÿêi õàðàêòåðíi äëÿ ðåàëüíèõ çàäà÷ àâòîìàòèçîâàíîãî ñêðèíiíãó.

Îñêiëüêè îäåðæàííÿ äîñòîâiðíèõ àíîòàöié êëàñèôiêàöi¨ òà ñåãìåíòàöi¨

äëÿ òåñòóâàëüíèõ âèáiðîê ÷àñòî ¹ íåìîæëèâèì àáî äóæå çàòðàòíèì, çàïðî-

ïîíîâàíî âèêîðèñòàííÿ ìîäåëüíèõ íàáîðiâ äàíèõ äëÿ îöiíêè äîñòîâiðíîñòi

ìîäåëåé òà ìåòîäiâ íàâ÷àííÿ ãëèáèííèõ íåéðîííèõ ìåðåæ. Òàêi íàáîðè äà-

íèõ äàþòü ìîæëèâiñòü ïðîâîäèòè íàâ÷àííÿ òà òåñòóâàííÿ â êîíòðîëüîâà-

íèõ óìîâàõ øëÿõîì øòó÷íîãî äîäàâàííÿ ïîìèëîê äî àíîòàöié íàâ÷àëüíî¨

âèáiðêè äàíèõ (ÿê ïðàâèëî, òåñòîâà âèáiðêà çàëèøà¹òüñÿ ç äîñòîâiðíèìè

àíîòàöiÿìè).

Çàïðîïîíîâàíà ìîäåëü íàáîðó äàíèõM ìà¹ íàñòóïíå ïðåäñòàâëåííÿ:

M∈ {Xb,Xtex, N, Simg, Sobj,∆max, Nobj, Pe, Pd, Se, Sd} (1)

äå Xb - íàáið çîáðàæåíü ôîíó, Xf - íàáið îá'¹êòiâ, Xtex - íàáið çîáðàæåíü

òåêñòóð îá'¹êòiâ, N - êiëüêiñòü çîáðàæåíü â ãåíåðîâàíîìó íàáîði äàíèõ,

Simg - ðîçìið ãåíåðîâàíèõ çîáðàæåíü â ïiêñåëÿõ, Sobj - ñåðåäíié ðîçìið

îá'¹êòà â ïiêñåëÿõ, ∆max - ìàêñèìàëüíå âiäõèëåííÿ ðîçìiðó îá'¹êòà â âiä-

ñîòêàõ, Nobj - ìàêñèìàëüíà êiëüêiñòü îá'¹êòiâ íà çîáðàæåííi, Pe òà Pd -

éìîâiðíîñòi çìåíøåííÿ òà çáiëüøåííÿ ìàñêè êîæíîãî ç îá'¹êòiâ, Se òà Sd -

äîïóñòèìi ìàñøòàáè çáiëüøåííÿ òà çìåíøåííÿ ìàñîê âñiõ îá'¹êòiâ.

Îñòàííi ÷îòèðè ïàðàìåòðè ââåäåíî äëÿ êîíòðîëüîâàíîãî ñòâîðåííÿ ïî-

ìèëîê â àíîòàöiÿõ.

Ñôîðìóëüîâàíî ïåðøèé ïóíêò íàóêîâî¨ íîâèçíè: âïåðøå çàïðî-

ïîíîâàíî ïàðàìåòðè÷íó ôîðìàëiçàöiþ ìîäåëi íàáîðó äàíèõ iç ÷àñòêîâî-

ïîìèëêîâèìè àíîòàöiÿìè, ÿêi õàðàêòåðíi äëÿ ðåàëüíèõ çàäà÷ àâòîìàòè-

çîâàíîãî ñêðèíiíãó, ùî äîçâîëèëî ðîçðîáèòè ìåòîä ãåíåðàöi¨ íàâ÷àëüíèõ,

òåñòîâèõ òà âàëiäàöiéíèõ íàáîðiâ äàíèõ.

Íà îñíîâi çàïðîïîíîâàíî¨ ïàðàìåòðè÷íî¨ ìîäåëi (1) ðîçðîáëåíî ìåòîä

ãåíåðàöi¨ íàáîðiâ äàíèõ iç ÷àñòêîâî-ïîìèëêîâèìè àíîòàöiÿìè, ÿêèé ìiñòèòü
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íàñòóïíi êðîêè:

1. Âèáðàòè âèïàäêîâå çîáðàæåííÿ ôîíó: xbg ∼ Xb

2. Âèáðàòè êiëüêiñòü îá'¹êòiâ íà çîáðàæåííi: Nobj ∼ U(1, Nobj)

3. Ïðîâåñòè iíiöiàëiçàöiþ ìàñêè ñåãìåíòàöi¨:M = 0 òàê ùîM ∈ RC×Simg×Simg

4. Âèêîíàòè íàñòóïíi êðîêè nobj ðàçiâ:

4.1 Âèáðàòè ðîçìiðè îá'¹êòà: s ∼ U(Sobj −∆max, Sobj + ∆max)

4.2 Âèáðàòè êîîðäèíàòè ðîçìiùåííÿ îá'¹êòà:

if ∼ U(0, Simg − s)

jf ∼ U(0, Simg − s)

4.3 Âèáðàòè çîáðàæåííÿ îá'¹êòà xfg ∼ Xf òà âiäïîâiäíèé êëàñ

îá'¹êòà cfg ∼ Yf
4.4 Çìiíèòè ðîçìið çîáðàæåííÿ îá'¹êòà çà äîïîìîãîþ áiëiíiéíî¨ ií-

òåðïîëÿöi¨:

x̂fg = Rbilinear(xfg)

4.5 Âèáðàòè çîáðàæåííÿ òåêñòóðè xtex ∼ Xtex

4.6 Ìîäèôiêóâàòè çîáðàæåííÿ îá'¹êòà çà äîïîìîãîþ òåêñòóðè:

x̂fg = xfg ◦ xtex[if : if + s, jf : jf + s]

4.7 Ðîçìiñòèòè çîáðàæåííÿ îá'¹êòà íà çîáðàæåííi ôîíó:

xbg[if : if + s, jf : jf + s] = (1− xfg) ◦ xbg + x̂fg

4.8 Ñôîðìóâàòè ìàñêó ñåãìåíòàöi¨ îá'¹êòà:

Mseg = xfg > θseg

äå θseg - ïîðiã áiíàðèçàöi¨ âèõiäíîãî çîáðàæåííÿ îá'¹êòà. Äëÿ íàáîðó äàíèõ

MNIST θseg = 0.2, äëÿ íàáîðó äàíèõ FashionMNIST θseg = 0.1.
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4.9 Ìîäèôiêóâàòè ìàñêó ñåãìåíòàöi¨ âiäïîâiäíî äî íåîáõiäíîãî ðiâ-

íÿ ïîìèëîê:

Mseg =

Mseg ⊕KSd×Sd ÿêùî pd ∼ U(0, 1) < Pd

Mseg 	KSe×Se ÿêùî pe ∼ U(0, 1) < Pe

äå KSd×Sd - ìàòðèöÿ ÿäðà KSe×Se - ìàòðèöÿ ÿäðà åðîçi¨.

4.10 Ðîçìiñòèòè ìîäèôiêîâàíó ìàñêó ñåãìåíòàöi¨ îá'¹êòà íà çàãàëü-

íîìó çîáðàæåííi ìàñêè ñåãìåíòàöi¨:

M [cfg, if : if + s, jf : jf + s] = max {M [cfg, if : if + s, jf : jf + s],Mseg}

4.11 Çáåðåãòè çîáðàæåííÿ xbg òà ìàñêó M

5. Çàâåðøèòè ãåíåðàöiþ

Òàêèì ÷èíîì, óäîñêîíàëåíî ìåòîä ãåíåðàöi¨ íàáîðiâ äàíèõ iç ÷àñòêîâî-

ïîìèëêîâèìè àíîòàöiÿìè íà îñíîâi ïàðàìåòðè÷íî¨ ìîäåëi, ùî çà ðàõóíîê

ãåíåðàöi¨ àíîòàöié: ÷àñòêîâî-ïîìèëêîâèõ äëÿ òðåíóâàëüíî¨ âèáiðêè òà äî-

ñòîâiðíèõ - äëÿ òåñòîâî¨, äàëî ìîæëèâiñòü âèêîíóâàòè òåñòóâàííÿ âïëèâó

ðiâíÿ ïîìèëîê àíîòàöié íà ðîáîòó íåéðîìåðåæåâèõ ìåòîäiâ ñåãìåíòàöi¨ òà

êëàñèôiêàöi¨.

Ìåòîä äîçâîëÿ¹ îòðèìàòè áåçëi÷ íàáîðiâ äàíèõ iç ñõîæèìè õàðàêòå-

ðèñòèêàìè òà âèêîðèñòîâóâàòè íåïàðàìåòðè÷íi ñòàòèñòè÷íi ìåòîäè (áóò-

ñòðåïiíã) äëÿ îöiíêè ìîäåëåé â óìîâàõ âiäñóòíîñòi ðåàëüíèõ òðåíóâàëüíèõ

äàíèõ. Ìåòîä ñòàíîâèòü äðóãèé ïóíêò íàóêîâî¨ íîâèçíè.

Â òðåòüîìó ðîçäiëi äèñåðòàöiéíî¨ ðîáîòè ðîçðîáëåíî ìîäåëü íåéðîí-

íî¨ ìåðåæi òà ìåòîä áàãàòîçàäà÷íîãî íàâ÷àííÿ äëÿ îäíî÷àñíîãî ïiäâèùåííÿ

äîñòîâiðíîñòi êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ áåç çíèæåííÿ îïåðàòèâíîñòi.

Äëÿ ðåàëiçàöi¨ ìåòîäiâ áàãàòîçàäà÷íîãî íàâ÷àííÿ, çàïðîïîíîâàíî óäî-

ñêîíàëèòè ìîäåëü ãëèáèííèõ íåéðîííî¨ ìåðåæi ç âèêîðèñòàííÿì àðõiòå-

êòóðè åíêîäåð-äåêîäåð (UNet, LinkNet) ââåäåííÿì äîäàòêîâîãî äåêîäåðà

ç øàðîì íîðìàëiçàöi¨. Òàêèì ÷èíîì, âäîñêîíàëåíà ìîäåëü ñêëàäà¹òüñÿ ç
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åíêîäåðà òà äâîõ äåêîäåðiâ (äëÿ çàäà÷ ñåãìåíòàöi¨ òà êëàñèôiêàöi¨ âiäïî-

âiäíî).

Ìîäåëü ãëèáèííî¨ íåéðîííî¨ ìåðåæi ïðåäñòàâëåíî íàñòóïíèì âèðàçîì:

v1, v2...vn = Fencoder(x, θenc) (2)

Mseg = Fseg((v1, v2...vn), θseg) (3)

Ccls = Fcls((vn), θcls) (4)

äå θenc - íàáið ïàðàìåòðiâ åíêîäåðà, θseg òà θcls - íàáîðè ïàðàìåòðiâ äåêî-

äåðiâ ñåãìåíòàöi¨ òà êëàñèôiêàöi¨ âiäïîâiäíî, Fseg òà Fcls - íåéðîííi ìåðå-

æi äåêîäåðà ñåãìåíòàöi¨ òà êëàñèôiêàöi¨ âiäïîâiäíî. Çàïðîïîíîâàíà ìîäåëü

ñêëàäà¹ òðåòié ïóíêò íàóêîâî¨ íîâèçíè.

Çàâäÿêè ââåäåííþ äîäàòêîâîãî äåêîäåðà êëàñèôiêàöi¨ ç øàðîì íîðìà-

ëiçàöi¨, ç'ÿâèëàñÿ ìîæëèâiñòü ðåàëiçàöi¨ ìåòîäiâ áàãàòîçàäà÷íîãî íàâ÷àííÿ

ãëèáèííèõ íåéðîííèõ ìåðåæ òà ïåðåäáà÷åííÿ ðåçóëüòàòiâ.

Çàïðîïîíîâàíî ìåòîä áàãàòîçàäà÷íîãî íàâ÷àííÿ íåéðîííèõ ìåðåæ â

óìîâàõ ÷àñòêîâî-ïîìèëêîâèõ àíîòàöié íàâ÷àëüíèõ äàíèõ, ÿêèé ñïèðà¹òüñÿ

íà âèêîðèñòàííÿ çàäà÷, ïîâ'ÿçàíèõ ç îðèãiíàëüíîþ. Ïîêàçàíî, ùî äëÿ çà-

äà÷i ñåãìåíòàöi¨ iñíó¹ áëèçüêà çàäà÷à êëàñèôiêàöi¨, äëÿ ÿêî¨ àíîòàöi¨ íà-

â÷àëüíèõ äàíèõ ¹ ÿêiñíiøèìè, íiæ äëÿ âèõiäíî¨ çàäà÷i ñåãìåíòàöi¨.

Ìåòîä áàãàòîçàäà÷íîãî íàâ÷àííÿ ñêëàäà¹òüñÿ ç äâîõ åòàïiâ.

Åòàï 1: ãåíåðàöiÿ ïîõiäíî¨ çàäà÷i. Â êîíòåêñòi áàãàòîçàäà÷íîãî

íàâ÷àííÿ, çàäà÷à êëàñèôiêàöi¨ çâîäèòüñÿ äî âèçíà÷åííÿ íàáîðó ñåãìåíòî-

âàíèõ çðàçêiâ (àíãë. multiple instance learning) íà ïëàíàðíîìó çîáðàæåííi,

çàìiñòü ìàðêóâàííÿ êîæíîãî ç îá'¹êòiâ äëÿ âñiõ êëàñiâ. Ïðè öüîìó àíîòà-

öiÿ âèõiäíîãî ïëàíàðíîãî çîáðàæåííÿ ÿâëÿ¹ ñîáîþ ìíîæèíó ç îäíèì, ÷è

äåêiëüêîìà âèçíà÷åíèìè îá'¹êòàìè.

Äëÿ êîæíî¨ ç çàäà÷ (êëàñèôiêàöiÿ òà ñåãìåíòàöi¨) îêðåìî îá÷èñëþ¹òüñÿ

ôóíêöiÿ âòðàò. Äëÿ íàâ÷àííÿ äåêîäåðà ñåãìåíòàöi¨ âèêîðèñòîâó¹òüñÿ îáìå-
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æåíà çâåðõó ôóíêöiÿ âòðàò Lsege, â òîé ÷àñ ÿê äëÿ äåêîäåðà êëàñèôiêàöi¨ -
çâè÷àéíà Lcls, à çàãàëüíå çíà÷åííÿ ôóíêöi¨ âòðàò âèçíà÷à¹òüñÿ ÿê ñåðåäí¹

àðèôìåòè÷íå ìiæ iíäèâiäóàëüíèìè çíà÷åííÿìè:

Ltotal =
Lsege+ Lcls

2
(5)

Âiäïîâiäíî, çàãàëüíèé ãðàäi¹íò ôóíêöi¨ âòðàò áóäå òàêîæ ñåðåäíiì àðè-

ôìåòè÷íèì ãðàäi¹íòiâ ñêëàäîâèõ ÷àñòèí ∇Lsege i ∇Lcls:

∇Ltotal =
∇Lsege+∇Lcls

2
(6)

Òàêèì ÷èíîì, çàáåçïå÷ó¹òüñÿ íàÿâíiñòü íåíóëüîâèõ ãðàäi¹íòiâ äëÿ îíîâ-

ëåííÿ ïàðàìåòðiâ âiä õî÷à á îäíi¹¨ ôóíêöi¨ âòðàò äëÿ êîæíîãî âõiäíîãî

ïðèêëàäó.

Åòàï 2: Ââåäåííÿ îáìåæåíü. Äëÿ çìåíøåííÿ âïëèâó ïîìèëêîâî¨

÷àñòèíè àíîòàöié çàïðîïîíîâàíî ââåñòè îáìåæåííÿ äðóãîãî ðîäó (çâåðõó)

äî ôóíêöi¨ âòðàò äëÿ çàäà÷i ñåãìåíòàöi¨ ç ìåíø ÿêiñíèìè àíîòàöiÿìè äàíèõ.

Öå äîçâîëèëî ïðè íàâ÷àííi íà äåêiëüêîõ çàäà÷àõ çìåíøèòè âïëèâ ãðàäi¹í-

òiâ ôóíêöi¨ âòðàò íà ïðèêëàäàõ ç ïîìèëêîâèìè àíîòàöiÿìè:

Le = min(L, θ)

äå θ - ïîðiã îáìåæåííÿ ôóíêöi¨ âòðàò.

Ââåäåíi îáìåæåííÿ ïðåäñòàâëåíi íàñòóïíèì âèðàçîì:

∇min(L, θ) =

1, ÿêùî L ∈ (−∞, θ]

0, ÿêùî L ∈ (θ,∞)

Ìåòîä ïðîãíîçóâàííÿ ìiñòèòü íàñòóïíi åòàïè:

Åòàï 1. Íîðìàëiçàöiÿ. Íåõàé Ccls ∈ RC òà Mseg ∈ RC×H×W - ðå-

çóëüòàòè äåêîäåðiâ êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ âiäïîâiäíî, çíà÷åííÿ ÿêèõ

çíàõîäÿòüñÿ íà ïðîìiæêó (−∞,+∞) (ëîãiòè).
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Äëÿ îòðèìàííÿ ðåçóëüòàòiâ íà ïðîìiæêó [0, 1] âèêîðèñòîâó¹òüñÿ ëîãi-

ñòè÷íà ñèãìî¨äíà ôóíêöiÿ àêòèâàöi¨:

σ(x) =
1

1 + e−x

Åòàï 2. Ðåíîðìàëiçàöiÿ. Ðåíîðìàëiçàöiÿ ïîëÿãà¹ ó çâàæóâàííi êàð-

òè ñåãìåíòàöi¨ çà äîïîìîãîþ íîðìîâàíèõ ëîãiòiâ êëàñèôiêàòîðà. Ïåðøèì

êðîêîì ¹ òðàíñôîðìàöiÿ ëîãiòiâ ñåãìåíòàöi¨ òà êëàñèôiêàöi¨ â íåêàëiáðîâàíi

îöiíêè íà ïðîìiæêó [0, 1]:

M̂seg = σ(Mseg)

Ĉcls = σ(Ccls)

Öi îöiíêè ìàþòü òi ñàìi ðîçìiðíîñòi, ùî é îðèãiíàëüíi ìàñêà òà êëà-

ñè, äëÿ çðó÷íîñòi ðåïðåçåíòàöi¨ îïåðàöié äîäàíî äîäàòêîâi ðîçìiðíîñòi äî

âåêòîðó êëàñiâ: M̂seg ∈ RC×H×W òà Ĉcls ∈ RC×1×1

Çâàæóâàííÿ êàðòè ñåãìåíòàöi¨ âiäáóâà¹òüñÿ çà äîïîìîãîþ äîáóòêó Àäà-

ìàðà ìiæ ìàòðèöÿìè M̂seg òà Ĉcls

Mrefined = M̂seg ◦ Ĉcls

Â óìîâàõ âiäñóòíîñòi ðîçìiòêè äëÿ ïðèêëàäiâ â çàäà÷àõ ñåãìåíòàöi¨,

ìîæëèâå iòåðàòèâíå óòî÷íåííÿ öi¹¨ ðîçìiòêè. Äëÿ öüîãî îá÷èñëþ¹òüñÿ óòî-

÷íåíà êàðòà îçíàê êëàñèôiêàöi¨ øëÿõîì äîáóòêó Àäàìàðà ìiæ íîðìîâàíèì

çà äîïîìîãîþ ñèãìî¨äíî¨ ôóíêöi¨ âèõîäîì äåêîäåðà ñåãìåíòàöi¨ òà ëîãiòàìè

êëàñèôiêàöi¨:

Munsup = M̂seg ◦ Ccls (7)

Äàëi, äëÿ îòðèìàííÿ ðåçóëüòàòó êëàñèôiêàöi¨ âèêîíó¹òüñÿ ñóìàöiÿ åëå-

ìåíòiâ Munsup ç íîðìàëiçàöi¹þ çà ñóìîþ åëåìåíòiâ îðèãiíàëüíî¨ íåíîðìà-

ëiçîâàíî¨ êàðòè ëîêàëiçàöi¨:

Cunsup =

∑H
h=0

∑W
w=0Munsup(h,w)∑H

h=0

∑W
w=0Mseg(h,w) + c

(8)
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Íà îñíîâi çàïðîïîíîâàíèõ ìîäåëi íåéðîííî¨ ìåðåæi òà ìåòîäó ¨¨ íàâ÷à-

ííÿ, ðîçðîáëåíî ìåòîä áàãàòîçàäà÷íîãî ïåðåäáà÷åííÿ. Öå äîçâîëèëî ïiäâè-

ùèòè äîñòîâiðíiñòü êëàñèôiêàöi¨ òà ñåãìåíòàöi¨ ïëàíàðíèõ çîáðàæåíü áåç

çíèæåííÿ îïåðàòèâíîñòi.

Çà äîïîìîãîþ ìîäåëi (1) ïðîòåñòîâàíî çàïðîïîíîâàíi ìåòîäè â ðiçíèõ

óìîâàõ, âèêîíàíèé àíàëiç âíåñêó îêðåìèõ êîìïîíåíòiâ òà ïðîâåäåíî àíàëiç

ñòiéêîñòi çàïðîïîíîâàíîãî ìåòîäó äî ðiçíèõ ðiâíiâ ïîìèëîê â àíîòàöiÿõ. Â

ñåðåäíüîìó, ïiäâèùåííÿ êîåôiöi¹íòà Äàéñà âiäíîñíî áàçîâî¨ ìîäåëi ñêëàëî

13%.

Côîðìóëüîâàíî ÷åòâåðòèé ïóíêò íàóêîâî¨ íîâèçíè: óäîñêîíàëåíî

ìåòîäè áàãàòîçàäà÷íîãî íàâ÷àííÿ òà ïåðåäáà÷åííÿ ðåçóëüòàòiâ íà îñíîâi

óäîñêîíàëåíî¨ ìîäåëi çãîðòêîâèõ íåéðîííèõ ìåðåæ øëÿõîì îá'¹äíàííÿ êëà-

ñèôiêàöi¨ òà ñåãìåíòàöi¨ i ââåäåííÿ îáìåæåííÿ äðóãîãî ðîäó (çâåðõó) ïðè

îá÷èñëåííi ôóíêöi¨ âòðàò ñåãìåíòàöi¨, ùî äîçâîëèëî ïiäâèùèòè äîñòîâið-

íiñòü ñåãìåíòàöi¨ òà êëàñèôiêàöi¨ â çàäà÷àõ àâòîìàòèçîâàíîãî ñêðèíiíãó.

Ó ÷åòâåðòîìó ðîçäiëi ðîçðîáëåíi iíñòðóìåíòàëüíi çàñîáè, ùî ðåàëiçó-

þòü çàïðîïîíîâàíi ðiøåííÿ. Ïðîâåäåíî âèïðîáóâàííÿ ðîçðîáëåíîãî ìåòîäó

â ðàìêàõ åêñïåðèìåíòiâ ÿê íà ñèíòåòè÷íèõ äàíèõ, ùî áóëè çãåíåðîâàíi çà

äîïîìîãîþ çàïðîïîíîâàíî¨ ìîäåëi, à òàêîæ åêñïåðèìåíòè â ðåàëüíèõ çà-

äà÷àõ: ñêðèíiíã äiàáåòè÷íî¨ ðåòèíîïàòi¨, ñêðèíiíã ìåëàíîìè, òà ñêðèíiíã

õìàðíèõ óòâîðåíü.

Iíñòðóìåíòàëüíi çàñîáè ðîçðîáëåíî ìîâîþ ïðîãðàìóâàííÿ Python ç âè-

êîðèñòàííÿì ôðåéìâîðêó àâòîìàòè÷íîãî äèôåðåíöiþâàííÿ PyTorch. Íà

îñíîâi ðîçðîáëåíèõ iíñòðóìåíòàëüíèõ çàñîáiâ ñòâîðåíî åôåêòèâíi ïðîãðàì-

íi ìîäóëi, ÿêi iíòåãðîâàíî ç �õìàðíèìè� ñåðâiñàìè äëÿ âèðiøåííÿ ðåñóðñî-

ìiñòêèõ çàäà÷ íàâ÷àííÿ íåéðîííèõ ìåðåæ, ùî çàáåçïå÷ó¹ âèñîêó îá÷èñëþ-

âàëüíó ïîòóæíiñòü òà øâèäêiñòü ïðîãíîçóâàííÿ â çàäà÷àõ àâòîìàòèçîâà-

íîãî ñêðèíiíãó.

Äëÿ çàäà÷i àâòîìàòèçîâàíîãî ñêðèíiíãó ïðè ñåãìåíòàöi¨ ïàòåðíiâ îðãà-
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íiçàöi¨ õìàð íà ñóïóòíèêîâèõ çíiìêàõ (â ðàìêàõ ïðîåêòó �Understanding

Clouds from Satellite Images� íà ïëàòôîðìi äëÿ çìàãàíü ç íàóê ïðî äàíi

Kaggle) áóëî âèêîðèñòàíî çàïðîïîíîâàíi ìîäåëi íåéðîííèõ ìåðåæ, à òàêîæ

ìåòîäè ¨õ íàâ÷àííÿ òà ïðîãíîçóâàííÿ ðåçóëüòàòiâ. Ïiäâèùåííÿ äîñòîâiðíî-

ñòi (ìiðà Äàéñà) âiäíîñíî áàçîâî¨ ìîäåëi ñêëàëî 3.9%.

Äëÿ çàäà÷i àâòîìàòèçîâàíîãî ñêðèíiíãó ïðè êëàñèôiêàöi¨ ñòàäié äiàáå-

òè÷íî¨ ðåòèíîïàòi¨ (â ðàìêàõ ïðîåêòó �APTOS 2019 Blindness Detection� íà

ïëàòôîðìi äëÿ çìàãàíü ç íàóê ïðî äàíi Kaggle) áóëî âèêîðèñòàíî çàïðî-

ïîíîâàíi ìåòîäè áàãàòîçàäà÷íîãî íàâ÷àííÿ òà ïðîãíîçóâàííÿ ðåçóëüòàòiâ.

Ïiäâèùåííÿ äîñòîâiðíîñòi (F1-ìiðà) âiäíîñíî áàçîâî¨ ìîäåëi ñêëàëî 2.1%.

Äëÿ çàäà÷i ðîçïiçíàâàííÿ óðàæåíü øêiðè ïðè ñêðèíiíãó ìåëàíîìè (ó

ðàìêàõ ïðîåêòó SIIM-ISIC Melanoma Classi�cation íà ïëàòôîðìi äëÿ çìà-

ãàíü ç íàóê ïðî äàíi Kaggle) áóëî âèêîðèñòàíî çàïðîïîíîâàíèé ëîêàëiçàöi¨

âàæëèâèõ äëÿ êëàñèôiêàöi¨ îçíàê çîáðàæåííÿ. Âèêîðèñòàííÿ çàïðîïîíî-

âàíîãî ìåòîäó äîçâîëèëî ñïðîñòèòè ïðîöåñ êîíòðîëþ íàâ÷àííÿ íåéðîííèõ

ìåðåæ, ùî äîïîìîãëî ïîïåðåäèòè ïåðåíàâ÷àííÿ i ïiäâèùèòè äîñòîâiðíiñòü

êëàñèôiêàöi¨ íà 3.5%.

Ðîçðîáëåíi â ðîáîòi ìåòîäè òà iíñòðóìåíòàëüíi çàñîáè îòðèìàëè âïðî-

âàäæåííÿ â íàâ÷àëüíèé ïðîöåñ ÎÍÏÓ òà ïðîãðàìíèé ïðîäóêò SafetyRadar

êîìïàíi¨ VITech Lab, îñíîâíèì ïðèçíà÷åííÿì ÿêîãî ¹ ñêðèíiíã íàÿâíîñòi

åëåìåíòiâ çàñîáiâ iíäèâiäóàëüíîãî çàõèñòó íà ëþäÿõ â óìîâàõ áóäiâåëüíèõ

ìàéäàí÷èêiâ, àáî ëiêàðåíü òà ëàáîðàòîðié.

Êëþ÷îâi ñëîâà: àíàëiç çîáðàæåíü, ìîäåëü äàíèõ, ãëèáèííi íåéðîííi ìå-

ðåæi, áàãàòîçàäà÷íå ìàøèííå íàâ÷àííÿ, ñåãìåíòàöiÿ, êëàñèôiêàöiÿ, ôóí-

êöi¨ âòðàò.
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ABSTRACT

Tymchenko B.I. Neural Network Methods for Planar Image Analysis –

Qualification scientific work in the form of the manuscript.

Thesis for the PhD degree in specialty 122 ”Computer science” (12 –

Information Technology). – Odessa National Polytechnic University, Ukraine,

Odessa, 2021.

In introduction, the relevance of improving automated screening sys-

tems (screening is defined as detection and classification of atypical objects

or processes) by creating models of datasets and methods for their genera-

tion, as well as models of neural networks and multi-tasking learning methods

to increase the accuracy of classification and segmentation of planar images

without increasing time. The object, subject, tasks and methods of research

are defined; the connection with research works is shown; the scientific nov-

elty and practical significance of the obtained results are given; the personal

contribution of the applicant is covered.

In the first section of the dissertation the analysis of problems of analysis

of planar images (which do not have depth measurement, and in which it is

possible to discard scale of objects) in automated screening systems on the

basis of neural network technologies is carried out.

The existing systems of automated screening in the subject areas of medicine,

meteorology and remote sensing and features of their functioning by analyzing

planar images are analyzed. It is shown that the effectiveness of such systems

directly depends on the accuracy of image classification and segmentation, as

false-positive results can lead to premature response, and false-negative to the

omission of existing problems and late response. In addition, no less impor-

tant factor influencing the effectiveness of screening systems is the time spent
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on the implementation of the educational process, which, in turn, is associ-

ated with the quality of pre-created samples of training data. However, in the

tasks of verifying the receipt of sufficient data and conducting high-quality

annotations by professionals is usually expensive, and sometimes impossible

due to the small number and variety of training examples, subjectivity in

the formation of annotations in data sets. These factors negatively affect

the accuracy of classification and segmentation in the training of deep neural

networks by standard methods. To eliminate such influence, it is proposed to

solve the problem taking into account partially erroneous annotations when

constructing models of classification and segmentation.

It is shown that in such conditions it is expedient to use deep neural

networks, due to the possibility of automating the learning process and the

use of multi-tasking learning that increase the accuracy of classification and

segmentation.

The analysis of the existing models of datasets and methods of their gen-

eration showed the limitations of these models, which would allow to form

partially erroneous annotations, which have characteristic of real automated

screening tasks.

Thus, solving an important scientific and practical problem of increasing

the accuracy of classification and segmentation in the analysis of planar im-

ages for automated screening systems by improving models of neural networks

and methods of their multitasking, especially in terms of partially erroneously

annotated data samples.

In the second section method for generating datasets to enable test-

ing of neural networks in learning using partially erroneous annotations and

proposed a parametric formalization of the data set model with partially

erroneous annotations, which are characteristic of real automated screening

tasks were developed.

Because obtaining reliable classification and segmentation annotations for
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test samples is often impossible or very costly, it is proposed to use model

datasets to assess the reliability of models and methods of learning deep

neural networks. Such datasets make it possible to conduct training and

testing in controlled conditions by artificially adding errors to the annotations

of the training data sample (test samples remains with precise annotations).

Proposed model of datasets M has the following definition:

M∈ {Xb,Xtex, N, Simg, Sobj,∆max, Nobj, Pe, Pd, Se, Sd} (9)

where Xb - bacground images set, Xf - objects set, Xtex - object texturing

set, N - number of images in the generated dataset, Simg - pixel size of

generated images, Sobj - average size of the objects (pixels), ∆max - maximum

deviation of objects size, Nobj - maximum number of objects in the image, Pe

and Pd - probabilities of mask erosion and dilation for every object, Se and

Sd - kernel sizesfor erosion and dilation.

The last four parameters are introduced for controlled annotation errors.

Formulated first point of scientific novelty: for the first time a para-

metric formalization of the dataset model with partially erroneous annota-

tions, which are characteristic of real problems of automated screening, was

proposed, which allowed the development of a method of generating training,

test and validation data sets.

Based on the proposed parametric model (9), a method for generating

data sets with partly-erroneous annotations has been developed, which con-

tains the following steps:

1. Choose random background: xbg ∼ Xb

2. Choose number of objects in the image: Nobj ∼ U(1, Nobj)

3. Initialize the segmentation mask: M = 0 sos M ∈ RC×Simg×Simg

4. For nobj times:

4.1 Sample object size: s ∼ U(Sobj −∆max, Sobj + ∆max)
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4.2 Sample object coordinates:

if ∼ U(0, Simg − s)

jf ∼ U(0, Simg − s)

4.3 Sample object image xfg ∼ Xf and the corresponding object class

cfg ∼ Yf
4.4 Resample the image with bilinear interpolation:

x̂fg = Rbilinear(xfg)

4.5 Sample the texture image xtex ∼ Xtex

4.6 Modify object image with the object texture:

x̂fg = xfg ◦ xtex[if : if + s, jf : jf + s]

4.7 Place object image into the background image:

xbg[if : if + s, jf : jf + s] = (1− xfg) ◦ xbg + x̂fg

4.8 Form the segmentation mask:

Mseg = xfg > θseg

where θseg - is the source object binarization threshold. For the MNIST

dataset θseg = 0.2, and for FashionMNIST θseg = 0.1.

4.9 Modify the segmentation mask according to the desired error

level:

Mseg =

Mseg ⊕KSd×Sd iff pd ∼ U(0, 1) < Pd

Mseg 	KSe×Se iff pe ∼ U(0, 1) < Pe

where KSd×Sd - dilation kernel matrix and KSe×Se - erosion kernel matrix.

4.10 Place modified object mask into the common mask:

M [cfg, if : if + s, jf : jf + s] = max {M [cfg, if : if + s, jf : jf + s],Mseg}
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4.11 Save image xbg and mask M

5. Finish generation

Thus, the method of generating datasets with partially erroneous annota-

tions based on the parametric model was improved, which due to the genera-

tion of annotations: partially erroneous for the training sample and accurate

- for the test, made it possible to test the impact of annotation errors on

neural networks.

The method allows to obtain many data sets with similar characteristics

and to use non-parametric statistical methods (such as bootstrapping) to

evaluate models in the absence of real training data. The method is the

second point of scientific novelty.

In the third section of the dissertation neural network models and meth-

ods of multi-tasking learning were developed to simultaneous increase in ac-

curacy of classification and segmentation without decrease in efficiency.

To implement multi-task learning methods, it is proposed to improve

the models of deep neural networks using the encoder-decoder architectures

(UNet, LinkNet) by introducing an additional decoder with the normalization

layer. Thus, the advanced model consists of an encoder and two decoders (for

segmentation and classification tasks, respectively).

The model of the deep neural network is represented by the following

expression:

v1, v2...vn = Fencoder(x, θenc) (10)

Mseg = Fseg((v1, v2...vn), θseg) (11)

Ccls = Fcls((vn), θcls) (12)

where θenc - are encoder parameters, θseg and θcls - parameters of encoder

and decoder, respectively, Fseg and Fcls - decoder neural networks.

The proposed model is the third point of scientific novelty.
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With the introduction of an additional classification decoder with a nor-

malization layer, it is possible to implement methods of multi-tasking learning

and inference for deep neural networks.

During the practical use of neural network methods in screening tasks, it

is established that partially erroneous annotations of training data prevent

obtaining high accuracy of classification and segmentation.

The method of multi-task learning in the conditions of partially-erroneous

annotations of training data, which is based on use of tasks that are connected

with original task is offered. It is shown that for the segmentation problem

there is a similar classification problem, for which the annotations of training

data are of better quality than for the original segmentation problem.

The proposed method of multi-task learning consists of two stages.

Stage 1. Generating the derivative task. In the context of multi-

task learning, the task of classification is is defined as a multiple instance

learning task, instead of marking each of the objects for all classes. In this

case, the annotation of the original planar image is a set with one or more

objects.

The loss function is calculated separately for each of the tasks (classifica-

tion and segmentation). The top-limited loss function Lsege is used to train

the segmentation decoder, while the classification decoder uses the normal

Lcls loss function, and the total value of the loss function is defined as the

arithmetic mean between the individual values:

Ltotal =
Lsege+ Lcls

2
(13)

Accordingly, the total gradient of the loss function will also be the arith-

metic mean of the gradients of the components ∇Lsege and ∇Lcls:

∇Ltotal =
∇Lsege+∇Lcls

2
(14)
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Thus, the presence of non-zero gradients is provided to update the pa-

rameters from at least one loss function for each input example.

Stage 2. Loss function bounding. To reduce the impact of the

erroneous part of the annotations, it is proposed to introduce a constraint

to the loss function for the segmentation problem with lower quality data

annotations. That allowed to reduce the influence of gradients of the loss

function on examples with erroneous annotations when learning on several

tasks:

Le = min(L, θ)

where θ - loss function threshold.

Thus, the introduced boundaries are represented by the following expres-

sion:

∇min(L, θ) =

1, iff L ∈ (−∞, θ]

0, iff L ∈ (θ,∞)

In the absence of markup for examples in segmentation problems, iter-

ative refinement of this markup is possible. To do this, a refined map of

classification features is calculated by the Hadamard product between the

output of the segmentation decoder normalized by the sigmoid function and

the classification logs:

Munsup = M̂seg ◦ Ccls (15)

Next, to obtain the classification result, the summation of the elements

Munsup is performed with normalization by the sum of the elements of the

original non-normalized localization map:

Cunsup =

∑H
h=0

∑W
w=0Munsup(h,w)∑H

h=0

∑W
w=0Mseg(h,w) + c

(16)

Based on the proposed model of the neural network and the method of

its training, a method of multi-taski prediction has been developed. This
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allowed to increase the accuracy of classification and segmentation of planar

images without increasing time needed.

Method consistas of the following stages:

Stage 1. Normalization. Let Ccls ∈ RC and Mseg ∈ RC×H×W - logits

of calssification and segmentation decoders, respectively and lie in the interval

(−∞,+∞).

To obtain normalized to the interval [0, 1], sigmoid activation function is

used:

σ(x) =
1

1 + e−x

Stage 2. Renormalization. Renormalization is the weighing of a seg-

mentation map using normalized classifier logits. The first step is the trans-

formation of segmentation and classification logs into uncalibrated estimates

between [0, 1]:

M̂seg = σ(Mseg)

Ĉcls = σ(Ccls)

These estimates have the same dimensions as original segmentation mask

and classification vector, additional dimensions are added for simplicity: M̂seg ∈
RC×H×W and Ĉcls ∈ RC×1×1

Segmentation map is weighted using the Hadamard product: M̂seg and

Ĉcls

Mrefined = M̂seg ◦ Ĉcls

Using the model, the proposed methods were tested in different condi-

tions, ablation studies were was performed and the analysis of the resistance

of the proposed method to different levels of errors in the annotations was

performed. On average, the increase in the Dice coefficient relative to the

base method was 13 %.
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Thus, fourth point of scientific novelty is formulated, namely, im-

proved methods of multi-task learning and inference based on an improved

model of convolutional neural networks by combining classification and seg-

mentation and introducing a constraint when calculating the segmentation

loss function, which allowed to increase the accuracy of segmentation and

classification in automated screening tasks.

In fourth section developed tools that implement the proposed solutions.

The developed method was tested as part of experiments on synthetic data

generated using the proposed model, as well as in experiments in real prob-

lems: screening of diabetic retinopathy, melanoma screening, and screening

of cloud formations.

The tools are developed in the Python programming language using the

PyTorch automatic differentiation framework. Based on the developed tools,

effective software modules have been created, which are integrated with cloud

services for solving resource-intensive learning tasks of neural networks, which

provides high computing power and speed of prediction in automated screen-

ing tasks.

For the task of automated screening in the cloud organization patterns

segmentation in satellite images (within the project ”Understanding Clouds

from Satellite Images” on the platform for competitions in data science Kag-

gle) the proposed models of neural networks were used, as well as methods

for training and inference. The increase in Dice measure relative to the base

model was 3.9%.

For the task of automated screening in the diabetic retinopathy classifica-

tion (within the project ”APTOS 2019 Blindness Detection” on the platform

for competitions in data science Kaggle) used the proposed methods of multi-

tasking and inference. The increase in F1-measure relative to the base model

was 2.1 %.

For the task of recognizing skin lesions in melanoma screening (within
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the SIIM-ISIC Melanoma Classification project on the Kaggle Data Science

Competition Platform), the proposed localization of image-relevant image

features was used. The use of the proposed method simplified the process of

monitoring the learning of neural networks, which helped prevent retraining

and increase the reliability of the classification by 3.5%.

The methods and tools developed in the work were introduced into the ed-

ucational process of ONPU and the SafetyRadar software product of VITech

Lab, the main purpose of which is to screen the presence of elements of per-

sonal protective equipment on people in construction sites, or hospitals and

laboratories.

Key words : image analysis, dataset models, deep neural networks, multi-

tasking machine learning, segmentation, classification, loss functions.


